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Abstract. The digital transformation underlying the fourth industrial revolution 

– Industry 4.0 – is making headway at an increasing pace. The way we work and 

live is changing fundamentally, and the opportunities that digitalization brings to 

our lives and the ways it reshapes our work at all levels are innumerable. This 

study aimed to explain how the utilization of emerging digital technologies for 

organizational and management controls has been studied and what kind of per-

formance improvements can be achieved. A systematic review of current litera-

ture was conducted to this end. The analysis revealed four main themes in the 

literature and future research directions to fill research gaps. The identified gaps 

were related to (1) the internal and external drivers for utilizing digitalization in 

management and organizational controls, (2) the impacts of digitalization on 

management control systems, and prerequisites for using digital tools in manage-

ment control, (3) the effects of digital tools in decision-making, and related chal-

lenges , and (4) digitalization’s effect on performance. Another possible future 

research direction would be to investigate the possibilities of specific techniques, 

such as artificial intelligence, machine learning, big data, business intelligence, 

and internet of things, in organizational and management control and decision-

making. 

Keywords: Digital Transformation, Digital Tools, Management Control, Man-

agement Control System, Organizational Control, Organizational Control Sys-

tem. 

1 Introduction  

Emerging production techniques and technological operations combined with intelli-

gent management control systems and decision-making support can be collected under 

an umbrella term of “digitalization.” More broadly, they are considered part of the 

fourth industrial revolution – Industry 4.0. The possibilities that emerging digital tech-

nologies can open for developing organizational and management control systems, op-

erations, and decision-making are interminable. However, it is crucial to understand the 

underlying variables that affect the effectiveness of utilizing novel technologies in 
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them. Research done in this area is growing in the Industry 4.0 era. However, the rela-

tionship between using digital technologies and their effects on organizational and man-

agement control systems, as well as the technologies’ impact on decision-making ef-

fectiveness, is less known (Bredmar, 2007; Ukko et al., 2022). There are a few key 

concerns in research on organizational and management control systems. The first is to 

understand how and why they are effective in specific settings and how they could be 

improved to achieve better performance in organizations (Merchant and Otley, 2007). 

Digital transformation changes practices in different industries. At the organizational 

level, companies look for new ways to operate and generate value by utilizing digital 

technology (Matt et al., 2015). This ongoing phenomenon – also named digital trans-

formation – has been defined as “a process that aims to improve an entity by triggering 

significant changes to its properties through combinations of information, computing, 

communication, and connectivity technologies” (Vial, 2019). It is crucial to examine 

more deeply the drivers and underlying factors of implementing novel technologies in 

organizational and management control systems, as well as the principles and ways the 

technologies and tools are used in different types of organizations.  

The speed of development is increasing both in the trend of “Industry 4.0” with full 

automation of the production flow (Zelinski, 2016) and in “artificial intelligence” where 

robots tend to make autonomous decisions and develop self-awareness and self-mainte-

nance (Lee, Kao, and Yang, 2014). Referring to the effects of digitalization on decision-

making, the latter trend will completely change how decisions are made. Flexibility and 

transformability will be key attributes of successful organizations in the future and drive 

them on the road of digitalization (Bauer, Hämmerle, Schlund, and Vocke, 2015). Dig-

italization will have an effect on customer structure, increase the efficiency of opera-

tions, and finally change the entire business model (Westerman, Bonnet, and McAfee, 

2014). Thus, when flexibility and resilience are key factors in the success of organiza-

tions, it should be examined precisely and empirically whether digitally made decisions 

are effective and whether there is room for human factors in decision processes for 

enabling decision-making flexibility, the organization’s transformability, and a positive 

effect on sustainableperformance.  

As presented above, emerging technologies will be widely related to both the control 

and goals of the entire organization, as well as management control and people’s be-

havior. This study presents a systematic literature review that aims to explain how the 

utilization of emerging digital technologies for organizational and management con-

trols has been studied and what kind of performance improvements can be achieved. 

The findings reveal research themes derived from the analysis as well as future research 

directions and questions.  

2 Organizational and management controls and systems  

Before focusing on the research approach and findings, it is necessary to define the 

terms management control (MC), management control system (MCS), organizational 

control (OC) and organizational control system (OCS) and their mutual hierarchy. Re-

ferring to OC, Flamholz et al. (1985) see control as a means to achieving goal 
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uniformity. They defined OCs as “attempts by the organization to increase the proba-

bility that individuals and groups will behave in ways that lead to the attainment of 

organizational goals” (p. 36). OC is also noted to be a term used to refer to built-in 

controls in processes like just-in-time management and statistical quality control (Chen-

hall, 2003, p. 129). Considering OCSs, Flamholz et al. (1985) define these as “tech-

niques and processes to achieve goal congruence which may be designed for all levels 

of behavioral influence: individuals, small groups, formal subunits and the organization 

as a whole” (p. 36). It is worth mentioning that OCs and OCSs differ. An OCS is con-

centrated only in systems that aim for goal uniformity, while OCs include multiple 

types of controls like rules and process descriptions. The same train of thought is shared 

by Abernethy and Chua (1996), who argue that an OCS is “a combination of control 

mechanisms designed and implemented by management to increase the probability that 

organizational actors will behave in ways consistent with the objectives of the dominant 

organizational coalition” (p. 573).  

Regarding MC, Merchant and Van der Stede (2007) separate strategic control from 

MC and state that MC is an instrument that deals with employee behavior. According 

to them, MCs exist to prevent and guard against employees doing something that the 

organization does not want them to do. So, there would be no need for MCSs if em-

ployees could always be relied on to do what is best for the organization. An MCS, in 

turn, has been defined in many ways over the years; definitions contain overlaps and 

differences (Alvesson and Karreman, 2004; Simons, 1995; Langfield-Smith, 1997). A 

broad definition of an MCS includes the notions of management accounting, which is 

defined as a collection of practices (such as budgeting or product costing), and the man-

agement accounting system, which means the systematic use of management account-

ing to achieve a predetermined goal. Chenhall (2003) states that, in this definition, MCS 

is a term that includes management accounting systems and other control elements, 

such as personal control and clan control. An even broader definition for the control 

system is presented by Merchant and Otley (2007), who state that control systems in-

clude elements of learning processes, strategic development, and strategic control. 

Since almost everything in the organization is included in the overall control system in 

this conceptualization, Malmi and Brown (2008) clarify its difference from an MCS. 

They suggest that “to clarify these issues is to start with the managerial problem of 

directing employee behavior”. “Those systems, rules, practices, values and other activ-

ities management put in place in order to direct employee behavior should be called 

management controls” and “If these are complete systems, as opposed to a simple rule 

(for example not to travel in business class), then they should be called MCSs. Account-

ing systems that are designed to support decision-making at any organizational level, 

but leave the use of those systems unmonitored, should not be called MCSs and instead 

termed management accounting systems.” There are many ways to advocate distinc-

tions between these systems, but Zimmermann (1997, 2001) states that one useful way 

to differentiate them is between decision-making and control. Some systems are there 

to provide information to support decision-making, while others function to direct and 

control employee activities. This means that systems can be used for supporting deci-

sion-making at the managerial level, for example, to optimize cash flow or production 

efficiency. Managers can also use the systems to support the decision-making processes 
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of their subordinates. Thus, if there is no process or instrument to monitor manager-

level goal congruence, the system is more a decision-support system or an information 

system than a control system.  

In summary, OC means controls that are built into processes. They can be policies, 

process descriptions, quality management practices, etc. An OCS is focused on achiev-

ing pre-set goals at a more general level. An OCS is for controlling the entirety of con-

trols from the strategic level to the shop floor. The concept of MC is intended to de-

scribe controls that concern direct control of employee behavior and actions. If the con-

trols are more systematic and include formal elements such as preplanned processes for 

completing work tasks, the entirety should be called an MCS. The concepts and their 

hierarchy as well as affected levels are described in Fig. 1. 

 

 

Fig. 1. Concept hierarchy. 

3 Research approach  

3.1 Sample selection 

Keywords were extracted from a preliminary review of literature from the field as pre-

sented in the previous section where the theme was introduced. Search terms were se-

lected to limit the findings to literature that concerns digital technologies used in deci-

sion-making, MC, OC, performance measurement, and performance management. The 

technologies that were included in the search were artificial intelligence (AI), machine 

learning (ML), big data (BD), Internet of things (IoT), and a stand-alone term “virtual”. 

Functions that these technology terms were combined with were “decision-making”, 

“management control”, “organizational control”, and “performance measurement”. 

The search terms applied in query strings are pictured in Table 1. 
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Table 1. Search terms. 

 
 

This makes a total of 4 × 5 = 20 independent search terms that were inserted in the 

Scopus database search engine with limitations by type, language, and subject area. The 

subject areas that the search was limited to were business management and accounting, 

decision sciences, and social sciences. The language was limited to English, and the 

publication type was limited to search only article publications.  

In all, 315 unique hits were identified in the first search round. The first round usu-

ally produces a large number of hits in literature reviews, so this number was brought 

down systematically by restricting the acceptance criteria in three rounds. The process 

of trimming the quantity of articles and extracting irrelevant ones is depicted in Fig. 2.  
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Fig. 2. Process of selecting relevant literature. 

It was clear that a systematic textual analysis of 315 papers was not feasible, so the 

relevant papers were selected by the authors’ judgment by first ranking the papers’ rel-

evance by their titles. This brought the number down to 124 papers. The next step was 

to skim the abstracts of the remaining 124 papers, which reduced the number of relevant 

papers to 74. In the third round, the abstracts were read through thoroughly, and a de-

cision was made whether the contents might match the scope of this study. The final 

number of papers was 63. There was a problem with the on-line availability of full 

versions of some articles; therefore, the final number of articles included is 47. After 

conducting a manual on-line search for suitable material and following reference infor-

mation from originally found papers, six more publications were included. This snow-

balling was done with the same selection criteria previously mentioned. They were read 
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thoroughly, and their potential for meeting the formal criteria was considered before 

including them in the pool of relevant works. The final number of works after snow-

balling was 53. After reading all the selected material and collecting relevant infor-

mation, the number of sources was increased to 87. Only 20 studies from the original 

sample were included. This indicates that the current state of research in this field and 

scope is still imperfect, and gaps exist; propositions for future research directions are 

also needed. 

The selected query string brought hits from 1971 to 2022. The yearly distribution of 

new literature by year started to increase dramatically from 2016, and the amount 

started to increase exponentially in 2017–2018. The number of yearly publications with 

the selected search terms is depicted in Fig. 3.  

  

 

Fig. 3. New articles by year from 1971 to 2022. 

This number includes all the matches. After cleaning the material and selecting relevant 

literature, the yearly numbers followed a similar progression (Fig. 4).  

  

 

Fig. 4. Articles by year after selecting relevant material. 
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The formal criteria for selecting the papers were the following.  

1. Studies that included new theory or good novel insights about the subject were 

selected. Older and proven theory was also accepted in order to be able to 

build as precise an understanding as possible on the current state of using digi-

tal technologies in MC, OC, decision-making in organizations, and perfor-

mance management, as well as the drivers for implementing digital technolo-

gies in this field of topics.  

2. Due to this research topic’s technological nature, papers that were focused on 

using the technologies in settings of, for example, tourism and a service busi-

ness environment were excluded. In other words, works in the contexts of MC, 

OC, performance management, and decision-making were included if the re-

search was done in an environment that focuses on technology or the subject 

of the study was in the context of business and accounting, business manage-

ment, or some other suitable for the study’s scope.  

3. To ensure a sufficient degree of quality among the included papers, they were 

selected from peer-reviewed journals. 

 

In the final step, the 53 works were read through more closely, and recurring themes 

were identified. The recurring themes were quite obvious due to the selected search 

strings, so the focus was on finding themes that were relevant but that had gaps and 

divergences that needed more attention. The following themes were identified; their 

recurrence in the sample of 53 works was as follows.  

- Drivers for utilizing digitalization in MC – 17 papers addressed this topic to 

some extent  

- Implementing and integrating digitalization MC – 16 papers 

- Digitalization in MC – 16 papers  

- Digitalization in OC – 20 papers 

- Digitalization and its effect on decision-making on operational level – 36 pa-

pers  

- Digital decision quality and effectiveness – 30 papers  

- Digitalization’s effect on performance – 26 papers  

  

The following questions and topics were derived from the identified recurring themes 

to describe what has already been studied and how future research could contribute to 

tackling existing gaps.  

1. What are the main drivers for utilizing digital technologies in MCSs, and what 

is the state of understanding of these according to literature on the subject?  

2. What are the most important factors and characteristics in successful imple-

mentation of digital technologies in MCSs at the operational level and in deci-

sion-making according to the selected literature?  

3. What are the main issues and level of understanding of digitalization in MC 

and OC? Technologies and how they can be applied in pursuing better busi-

ness performance are discussed.  

4. What is digitalization’s impact on decision-making mechanisms, and has it 

been identified in the literature?  
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5. What is digitalization’s impact on decision-making performance – its quality 

and effectiveness? The effectiveness of automated digital decision-making has 

also been studied from a sustainability point of view, and the quality and effec-

tiveness of decisions and their impact on operational flexibility are examined 

in the light of the literature.  

6. What are the findings in current literature on the relationship between imple-

menting digital technologies in business operations and business performance?  

 

These six were boiled down to four main topics by combining the themes that have 

content of the same nature. The content of the following chapters follows the previously 

described question setting. By doing this, it was possible to present a review with a 

clear structure. The main topics of the review are the following: 

1. Drivers for utilizing digital tools in MCSs and OCs 

2. Implementation of novel digital tools in MCSs and OCs 

3. Digitalization’s effects on decision-making quality and effectiveness 

4. Digitalization’s effect on performance. 
 

3.2 Overview of technologies 

This review focuses on topics and settings that have both technical and management 

research dimensions. However, the main focus is not on the technological solutions but 

in the ways that novel technologies can change industrial management. Nonetheless, it 

is important to understand the novel technologies and applications at a conceptual level. 

The technologies and applications referred to in this review and their main characteris-

tics are described in Table 2. 

Table 2. Descriptions of technologies and applications. 
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4 Findings 

4.1 Drivers for utilizing digitalization in management and organizational 

controls 

The first topic in research on digitalization’s effects on MC, OC, and decision-making 

at the operational level is in defining the drivers for companies utilizing digital tech-

nologies and tools in their MCSs in the Industry 4.0 era.  

The internal drivers for utilizing digital technologies and tools in current literature 

are derived from company and organization needs to keep up with the competition and 

stay in the markets. Remaining competitive means that products and services and the 

ways they are designed, marketed, produced, and distributed need to be redesigned to 

be able to answer increasing demands from markets and customers and to obtain finan-

cial benefits. The key driver for change in organizations and their business is the phe-

nomenon of digitalization and Industry 4.0. It affects everything from production to the 

supply chain as well as customer behavior and market structure. Digitalization enables 

and drives redesigning product, production, supply chain, and business itself (Hoßfeld, 

2017). To be able to change and evolve along with novel market paradigms, firms must 

push to design and build new competencies quickly. In recent years, digital market in-

telligence tools have gained favor for being seen as sources of significant business value 

(Fan et al., 2015). The world is becoming increasingly quantified, and to survive this 

change companies and organizations must build their business strategies on a new basis 

of BD and business analytics. This new basis and the rise of its challenges and im-

portance is seen as the most important feature of contemporary economies and socie-

ties (Davenport et al., 2017). Customers and markets require more targeted products 

and services, and responding this is a big challenge for companies. The evolving dy-

namic and competitive markets also require more flexibility in processes and better 

coordination of supply chain and cost management. Operational, financial, and strategic 

concerns also need to be integrated with non-financial information to make efficient 

decisions possible (Bhimani and Willcocks, 2014; Mundy, 2010). There are technical 

differences among different digital tools such as AI systems. However, they generally 

serve the same purpose of creating useful outcomes, decisions, and insights by facili-

tating transformation using large volumes of data (Tabesh, 2022).  

 Sustainability performance is another prominent driver for companies to redesign 

their operations and services. Industry 4.0 practices can be seen as an enabler in pursu-

ing more sustainable business, so the main external driver for implementing digital 

technologies in business practices can be condensed to ESG goals. Industry 4.0 is not 

merely a technology roadmap but an enabler for more sustainable business. Alkaraan et 

al. (2022) state that by pursuing more sustainable operations, companies can also 

strengthen the relationship between their financial performance and Industry 4.0 prac-

tices.  

Recognizing the external drivers for companies to invest in digital tools to improve 

their business performance is a multi-dimensional question. According to Venkatesh et 
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al. (2021), the potential drivers for implementing Industry 4.0 practices are collective 

dynamics that set an imperative for corporate governance and sustainability to converge 

by considering stakeholder views and attributes in their standard-setting. Comprehen-

sive understanding of stakeholders’ goals, expectations, and interests is required for 

successful Industry 4.0 practice implementation (Awan et al., 2021). The benefits that 

a supply chains gain from investing and implementing BD analysis technology varies 

in different positions of the supply chain, and coordination of an implementation has a 

crucial role when making changes in tools and technologies. According to Liu et al. 

(2018), the benefits can significantly vary between the component manufacturer, main 

company, and retailer. For the component manufacturer, it can be more beneficial to 

invest the amount that was allocated for implementing digital technologies in other 

productivity and efficiency improvement activities. This can also be beneficial for the 

main company. While the main company gains benefits from component manufacturer 

efforts in increasing its production efficiency, it can also gain more benefits from, for 

example, implementing digital technologies in improving the accuracy of their con-

sumer preference information to enable gaining more revenues. These investments will 

also bring benefits for the retailer downstream in the supply chain. So, utilizing digital-

ization’s possibilities can improve operations in the whole supply chain. Ideally, this 

change should be coordinated from the main company. However, when a supply chain 

member invests in BD alone, it can generate a “spillover effect” because other members 

of the supply chain will benefit from a single part’s improvement (Liu et al., 2018).  

  

4.2 Utilizing novel digital tools in management control systems and 

organizational controls 

The second topic in research on digitalization’s effects on MC, OC, and decision-mak-

ing at the operational level involves defining what digitalization means in MC opera-

tions and OC and identifying the most important factors in the successful implementa-

tion of digital technologies in MC activities. The questions to be answered regarding 

the definition of digitalization in MC and OC are: What are the main issues and level 

of understanding of digitalization in management control and organizational control? 

 Warren et al. (2015) say that digitalization and the tools it brings to our disposal are 

drivers that can change the concept of MCSs drastically. For example, data-driven ap-

proaches and business analytics are currently used in management support systems in 

organizations. These approaches have been defined as business intelligence (BI) sys-

tems, and they can be a good means to familiarize managers and executives with data-

driven approaches and analytics. Even this can be seen as a good base to build a data-

driven organizational culture, but it can also have a disadvantage of “the unlearning 

challenge,” which is one of the most important issues to tackle in moving toward a data-

driven organizational culture (Pugna et al., 2019). However, the terms “data-driven or-

ganizational model” and “data-driven decision-making” have emerged simultaneously 

with the rise of BD (Tabesh, 2022). BD enables using predictive BI that can suggest 

different potential actions for better chances of success in uncertain circumstances 

(Pugna et al., 2019). 
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These tools have various impacts on MCSs. Managerial decision-making processes 

will be affected (and improved) by implementing BD in MCS processes (McAfee and 

Brynjolfsson, 2012) and BD is assumed to have a positive impact on processes regard-

ing operational planning (Wang et al., 2016). According to a study by Vitale et al. 

(2020), the impact was mainly on decision-making processes and operational planning 

activities that BD supported; formal documents and models in the MCS were not no-

ticeably affected. For example, models in budgeting and accounting remained un-

changed. This conclusion is in line with and adds to the findings of Busco and Scapens 

(2011), where they demonstrate that in implementing and utilizing BD practices and 

tools, the significant effects were changes in purely non-financial practices; for exam-

ple, accounting models were not affected at all.  

MCS dimensions can be divided into formal and informal dimensions. According to 

the studies, the impact has been mostly on informal activities by making them more 

rational and structured, or formalized, while formal activities have not changed much 

or at all. According to the conclusions presented in the previous section, the formal 

dimension was only partially affected by BD, since it changed (for example) budgeting, 

but concrete items did not change. The informal dimension of MCS was rationalized 

and strengthened, so it was in some sense formalized (Vitale et al., 2020). 

AI is also one of the key technologies supporting OCs since it is expected to offer 

solutions and support for organizations that constantly deal with large amounts of in-

formation that needs to be processed for making effective strategic decisions that lead 

to desired outcomes (Trunk et al., 2020). Implementing AI will increase the need for 

human responsibility when the needed capabilities are different from those needed for 

traditional tools, which also calls for training and education for employees. (The effects 

of using digital tools in decision-making are described in chapter 4.3 below.) 

The literature also presents various prerequisites for utilizing novel digital tools in 

MCSs and OCs. There is a close link between organizational structures and decision-

making since both are limited to human processing capacity. Challenges in both dimen-

sions can be overcome by systems that can process information and decisions across 

roles and in different settings (Von Krogh, 2018). After all, the quality of an organiza-

tion and its outcomes depend on the decisions it makes. All actions that an organization 

makes precede a point of decision. The decisions in OC can concern almost anything 

imaginable that has a strategic meaning. It can be a decision on hiring a new employee, 

responding to a competitor’s move, investing in a new production line, entering a new 

market, kicking off a new business model, or something else, but it always includes a 

decision (Trunk et al., 2020). Regarding specific technologies, von Krogh (2018), 

Bienhaus and Abubaker (2018), Paschen et al. (2019), and Butner and Ho (2019) argue 

that the reasons for starting to use AI are in relation to an organization’s strategies and 

goals. Trunk et al. (2020) conclude that the foundation for successful organizational 

structuring is AI, and vice versa; an organization needs to have sufficient structures for 

implementing AI and other digital technologies. 

As an example of prerequisites, Asadi et al. (2022) present three dimensions for the 

criteria for successful IoT adoption. The first is the technological dimension, which 

includes factors such as technology infrastructure, complexity, technology integration, 

technology competence, technology compatibility, technology integration, perceived 
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benefits, and security concerns. The second dimension is the organizational dimension, 

which consists of top management support, technical knowledge, organization size, 

perceived cost, organizational readiness, executive support, financial resources, and 

earlier experiences with information technology. The environmental dimension is the 

third, and it includes factors that are not solely environmental attributes but that are 

external to the company itself. These factors are competitive pressure, government pol-

icy, government support, ICT support, and pressure from trading partners. These di-

mensions have reciprocal effects. However, the organizational dimension has the 

strongest influence together with the technological dimension. Factors in the organiza-

tional dimension have higher influence than those of the other two dimensions, and the 

organizational dimension has a strong mutual influence with the technological dimen-

sion.  

Other studies have suggested that the main limiting factors for the adoption of BD 

are the organization’s knowledge and awareness. Fear of change can hinder the adop-

tion of new technologies. Managers struggling with older technologies can be suspi-

cious about new solutions, which can bring more challenges in adopting them (Yousuf 

et al., 2020). Isaksson et al. (2018) state that change in digital systems will be a long 

process as companies are tied to their existing systems, and it will take time to give 

them clear indications of potential benefits that can be gained by modernizing the sys-

tems.  

Perceived personal well-being and development can be seen as preceding factors as 

well. These are the factors that influence the attitude and behavior toward new infor-

mation technologies and systems (Breward et al., 2017). Managerial and leadership 

skills, the soft skills needed for training employees’ capabilities, judgment, and crea-

tivity as well as collaboration skills, become more important while implementing AI in 

organizational decision-making (Kolbjørnsrud et al., 2017). To build trust into the tech-

nology, experience and understanding are needed. Therefore, introduction of the tech-

nology should be done step-by-step to make employees familiar with the technology 

by doing things that were formerly done by more conventional machines 

(Kolbjørnsrud et al., 2017; Watson, 2017). This highlights that employees need guid-

ance from executives throughout the implementing process. Executives need to have 

sufficient understanding and literacy of the technology to do this successfully 

(Kolbjørnsrud et al., 2017; Watson, 2017).  

 

4.3 Digitalization’s effects on decision-making quality and effectiveness 

The third topic pertains to the effects of digitalization on decision-making in the context 

of MC, OC, and business performance management and on the settings of digital deci-

sion quality and effectiveness in MC, OC, and decision-making. The questions to be 

answered are as follows: What is digitalization’s impact on decision-making mecha-

nisms, and has it been identified in literature? and What is digitalization’s impact on 

decision-making performance – its quality and effectiveness – according to current lit-

erature?  

According to Blenko et al. (2010), quality and effectiveness in decision-making are 

building blocks of organizational success, and organizations that make effective 
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decisions and execute them well have a strategic advantage over their competitors. An-

alytical decision-making requires a planned and ordered procedure for the collection of 

internal and external data and analysis for making a choice over different alternatives 

and comparing it to goals and objectives that are defined beforehand, before making 

the actual selection of the course of action (Fredrickson, 1984). An analytic decision-

making approach works best when there is a sufficient amount of data available on the 

phenomenon or task. In case of large and complex data sets, this data collection analysis 

can become onerous for humans due their lack of cognitive capacity (Provost and Faw-

cett, 2013). ML tools have the capabilities to make analytical decision-making faster 

and more accurate. They can enhance decision-making in the future by learning from 

past data. However, they are bound and limited by data quality. The data can be irrele-

vant and inaccurate, and it can be misrepresented. The effectiveness of digital decisions 

made by AI and ML is determined by the quality of available data (Tabesh, 2022). 

Digitalization has a strong connection to decision-making activities in the context of 

MC and OC. Wang et al. (2016) suggest that the following achievements will result 

from implementing BD. First, processing of BD will become more intelligent with tech-

nological development, and this will eventually lead to more intelligent and effective 

decisions, and it will also enrich decision science. Second, in social science, there are 

analytical and computational approaches to decisions, and computational approaches 

in particular will become more effective. 

 The revolutionary tool to transform BI for more efficient decision-making is be-

lieved to be big data analytics (BDA) (Fan et al., 2015). Classifications of AI’s roles 

have been done in multiple ways. Generally, an AI system can be used to replace human 

decision makers or to assist and support them (Edwards et al., 2000). Bader et al. (1988) 

identify six roles for a knowledge-based system in their early paper. The suggested 

roles are tutor, assistant, critic, expert consultant, second opinion, and automation. Ac-

cording to Edwards et al. (2000), the roles and findings of using AI (an expert system) 

in three decision-making levels (strategic, operational, and tactical) in an organization 

were as follows: 

- At all three levels, expert systems helped users make better decisions; how-

ever, the effectiveness was dependent on the users themselves. 

- At tactical and operational levels, expert systems were effective in a replace-

ment role, but at the strategic level they have limitations. 

- An expert system in a replacement role improved decision-making efficiency, 

but when it was in a supportive role it was not likely to save user time in deci-

sion-making. 

- The users of expert systems in a supportive role did not think they learned 

from using the system.  

 

In a more contemporary publication, Mahroof (2019) states that the capabilities of 

AI to undertake tasks that require more cognitive skills and that have seemed impossi-

ble, such as sensing emotion, making tacit judgments and handling processes, will be 

enabled as AI technology progresses and researchers develop more advanced machines. 

According to Złotowski et al. (2017), this will result in increasing jobs where AI is 

performing autonomously without human supervision and control. This might seem 
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rather threatening for our current way of working, but according to Wilson and Daugh-

erty (2018), many benefits of AI in decision-making have been reported because it helps 

an organization’s employees make better decisions, increases creativity, and boost an-

alytic abilities. AI’s better analytical capabilities and greater information processing 

capacity are undeniable, but it can be seen as an aid that extends human cognition when 

handling more complex situations. Humans have the capability for a more holistic and 

intuitive approach when dealing with ambiguity and uncertain settings in organizational 

decision-making. Based on this, Jarrahi et al. (2018) present an idea of designing AI 

systems intended for intelligence augmentation rather than replacing human contribu-

tions. 

As its best, AI develops the best possible strategies and decisions according to rele-

vant algorithms, limited data, and other input. There is, however, uncertainty in the 

technology, and data is often incomplete. The decisions that AI makes lack human emo-

tions and judgment, and therefore, they may significantly alter human decisions. They 

are also subject to ineffectiveness or obvious decision errors. These flaws can result in 

ethical risks such as risk to human life, undermining social justice, and privacy breaches 

(Guan et al., 2022). Also, Yan et al. (2018) state that the two major causes of ethical 

risks in AI decision-making are human limited rationality and uncertainty. According 

to Marabelli et al. (2021), the specific sources of ethical risks are program design, in-

telligent algorithms, and the technologies combined with AI. Data importation and the 

programming in digital decision-making involve human decisions; therefore, the main 

source of risks is human limited rationality (Arkin et al. 2008). From a technological 

perspective, the most significant sources of risks are misuse, the abuse of technology, 

and loss of control (Turing, 2007). Nature, humans, technology, society, and their com-

plicated interaction is the main origin of risks in AI decision-making. 

Clearly, AI can reduce flaws in decision-making since it does not have the cognitive 

constraints of humans in handling large amounts of information. This also works the 

other way around, as humans can consider ethical factors, consider interpersonal ef-

fects, and adjust their actions according to changing situations with limited data through 

intuition. Analytical and intuitive decision-making (human vs. digital) can therefore 

maximize the effectiveness of decisions by minimizing weaknesses reciprocally. 

“Throughout history, human intuition has had an extraordinary impact on innova-

tion and advancement, including too on the creation and development of AI. Therefore, 

rather than attempting to replace this unique human skill with advanced technology, 

organizations will greatly benefit from the integration of intuition and AI to improve 

organizational decision-making” (Vincent, 2021). The same view is supported by Duan 

et al. (2021) in their proposition that even if AI can have many different roles in deci-

sion-making, it will not replace humans entirely. It will rather be a support or augmen-

tation tool. 

Combining human decision-making with AI might reduce the problems that AI has 

with being bound to data and its quality. However, there are a few studies that argue 

the contrary. For example, Hoßfeld (2017) concludes that digitalized decision-making 

will make decision-making more effective because human emotions will not affect the 

process. McAfee and Brynjolfsson (2012) and Arunachalam et al. (2018) have stated a 

similar proposition – that data-driven decisions are better decisions since they reduce 
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uncertainty by better forecasting. This is, however, a somewhat confined view since 

forecasting always relies on historical data and experience. As was noted earlier, the 

flaws in historical data or missing data together with lack of experience are significant 

factors in the poor quality of digital decisions. 

It is likely that AI will be able to, for example, write programming code at some 

point in the future, but, as stated earlier, there will always be room for human abilities 

to cope with uncertainty and risk. For example, programming is a creative process that 

requires significant understanding of the problem at hand. Currently, AI is not capable 

of understanding the complete nature of all problems and applying a process to solve 

them by designing a solution and then implementing it so that the outcome is efficient 

and correct with consideration of external variables that may be linked to the outcome. 

AI may be able to work as an assistant on some tasks where human capabilities are not 

sufficient or not efficient enough, but it is unlikely to replace the human element en-

tirely.  

 

4.4 Digitalization’s effect on performance  

The fourth and last topic in research on digitalization’s effects on MC, OC, and deci-

sion-making at the operational level is business performance. The question to be an-

swered is: What are the findings in current literature on the relationship between im-

plementing digital technologies in business operations and its performance?  

Performance management is said to be probably the most important business process 

in an organization seeking to achieve pre-set goals. The foundation for managing a 

business is making effective and good-quality decisions efficiently. Current literature 

agrees consistently that BD, BDA, and other digital information management tools en-

able better insights for performance management by enabling real-time analysis of data 

and feedback, predicting impacts, and providing a general overview of business perfor-

mance at a given moment in time. “The ability to manage, analyze and act constitutes 

a ‘data-driven’ decision system, characterized as a significant resource for competitive-

ness, performance, and innovation” (Tabesh et al., 2019). Ghasemaghaei and Calic 

(2020) conclude that more than 80% of firms think that the competitive landscape will 

be changed by BD and that it is crucial aid for companies to gain market share. This 

phenomenon’s enablers, such as, service precision, production standardization, and op-

eration network are believed to be revamped by BD and BDA (Wolfert et al., 2017). 

Pham and Stack (2018) state that the phenomenon has led to a growing number of com-

panies deploying BDA to gain more insight for strategic advantage. Despite this, 

Ghasemaghaei and Calic (2019) find that only 25% of companies confirm that using 

BDA has increased their business’s outcomes and that investments in processing BD 

has not provided them unique insights that improve their business performance. Wamba 

et al. (2017) suggest that the reason for this failure is that many organizations still do 

not have sufficient understanding of BDA and are not necessarily aware of the condi-

tions required for generating insights from BDA.  

However, digitalization will affect operations and supply chains now and in the fu-

ture. For example, BD and BDA will make obtaining market information faster, which 

will reduce response time in changes. In addition, BD can be used for managing 
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operational costs from many aspects – for example, monitoring inventory levels to re-

duce them, creating precise marketing strategies to lower marketing costs, and optimiz-

ing distribution routes to minimize transportation costs (Liu and Yi, 2018).  

In their study, Awan et al. (2021) state that decision-making is an important factor 

in performance management. According to their findings, BI and business analytics 

applications enhance data-driven decision-making and performance, especially in cir-

cular economy businesses. Pugna et al. (2019) conclude in their study that one of the 

first areas where BD and BDA can be implemented successfully is performance man-

agement. This conclusion is based on two judgments. First, performance management 

is a familiar activity for business managers, and therefore, they can easily make use of 

new technologies to gain insights in their current performance management activities. 

Second, BD and BDA can be integrated moderately easily in existing system infrastruc-

tures that are based on BI. Brinch (2018) and Barbosa (2018) share the same conclusion 

that using BD in supply chain management enhances its performance by improving 

business processes and decision-making. Other positive effects can be found in price 

breakdowns and decreasing delivery costs (Wang et al., 2016) and in strategic sourcing 

(Jain et al., 2017). In addition, BDA can advance supply chain agility and thereby in-

crease its competitive advantage (Dubey et al. 2019). Lozada et al. (2019) also note that 

beyond the supply chain, BD can create more agile service and product innovations as 

well. 

5  Directions for future research 

Research gaps and possible future research directions are addressed in the following 

and summarized in Table 3.  

Drivers for utilizing digitalization in management and organizational controls. First, 

the internal drivers for utilizing novel technologies in MCSs and OCs should be inves-

tigated more thoroughly because current literature does not cover this subject well. The 

drivers are suspected to be different at different levels since the needs and uses for OCs 

and MCSs are reported to be very different. The difference is (supposedly) in the reso-

lution and nature of measured qualities at different levels. Second, the meaning of im-

plementing novel digital tools at different positions in the supply chain is supposedly 

different, and, therefore, the drivers are different. Companies at different positions in 

the supply chain have different roles and operations. Therefore, it is not certain that all 

roles can gain similar benefits from utilizing novel technologies in their management. 

Utilizing novel digital tools in MCSs and OCs. First, the transition from conventional 

ways of operating with MCSs and OCs to digitizing them is not advancing evenly in 

manufacturing industries. The prerequisites that organizations need to possess in order 

to successfully utilize MC require further investigation. Second, digitalization will af-

fect management roles. For example, the roles of decision makers will change drasti-

cally from making intuitive and experience-based decisions to making digitally assisted 

ones. How will the novel technologies change the roles of management, and how should 

the implementation be commenced and completed to get the best results? Also, the 
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extent to which different types of control mechanisms have different impacts requires 

research. 

Digitalization’s effects on decision-making quality and effectiveness. First, when de-

cision-making mechanisms change when novel tools are utilized, the effects of extend-

ing the amount of digitalization in decision-making at different MCS levels should be 

examined. In particular, operational level decision-making requires more research. Sec-

ond, this question concerns the dimension on examining if novel digital tools should be 

utilized as augmentation tools for human reasoning capabilities rather than for autom-

atization of shop floor-level decisions. This leads to another theme: is the current qual-

ity and effectiveness of digitally made decisions at a level that makes it possible to 

exclude human reasoning from the decision-making process in human-centered pro-

cesses? 

Digitalization’s effect on performance. Finally, using tools more interactively will 

change the entire meaning of the novel digital tools in performance management. More 

research on the effects of specific performance dimensions is needed. For example, 

digital transformation is a phenomenon that can dramatically influence sustainable de-

velopment, so the question is: How have digitalization and novel digital technologies 

affected sustainability performance in industrial companies in different positions and 

roles in the supply chain? 



 

Table 3. Research themes derived from the literature and future research directions. 

 Themes derived from analysis References Future research directions 

Drivers for utilizing digitalization in management and organizational controls 

Internal dri-

vers 

 

Need to handle large volumes of data 

Process improvement 

Need for enhanced sustainability 

e.g., Davenport et 

al., 2017; Alka-

raan et al., 2022; 
Tabesh, 2022 

What are the attributes of decision makers that influence the strategic choices in im-

plementing digital tools? 

What are the most significant internal drivers of SMEs to start implementing digital 
tools and digitizing their management operations? 

How can sustainability information be included in a control system’s scope, with 

unquantifiable factors such as social sustainability?  

External 

drivers 

 

Market and customer demands 

Supply chain coordination 

e.g., Liu et al., 

2018; Awan et al., 

2021; Venkatesh 
et al., 2021  

How do drivers change according to position in the supply chain?  

What is the meaning of digital tools in differently sized companies that have differ-

ent positions and statuses in the supply chain? 

Utilizing novel digital tools in management control systems and organizational controls 

Impacts on 

MCS 

Non-financial practices formalized 

Decision-making processes 
Operational planning activities 

Support the analysis of large amounts of in-

formation 

e.g., McAfee & 

Brynjolfsson, 
2012; Wang et al., 

2016; Trunk et al., 

2020; Vitale et al., 
2020 

Why are financial and/or formal practices not affected to the same extent as infor-

mal practices? 
What are the limiting factors in delaying the use of digital tools in MC? 

What kind of process model would facilitate the implementation of new practices in 

management so that hindering factors can be considered? 

Prerequi-

sites of us-

ing digital 
tools in MC 

System readiness systems (ability to process 

information across different settings)  

Supporting strategy and goals 
Sufficient structures  

Knowledge of and experience with technolo-

gies 
Managerial skills 

e.g., Kolbjørnsrud 

et al. 2017; Von 

Krogh, 2018; But-
ner and Ho, 2019; 

Trunk et al., 2020; 

Asadi et al., 2022 
 

What are the main mechanisms in operational and strategic decision-making pro-

cesses that digitalization will have an effect on? 

What series of micro-mechanisms are required to enable the change? 
What needs for changes in strategy will come with the need for changes as the busi-

ness environment changes? 

How can fear of new systems and unlearning from older systems be overcome? 
How will human resources practices be altered when requirements for capabilities 

in performing work tasks change along the way? 

Digitalization’s effects on decision-making quality and effectiveness 
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Effects of 

digital tools 

Reduce flaws in decision-making  

Faster and more accurate analytical decisions 

More intelligent decisions 
Replacement of human decision makers or 

supporting them  

Increase in decision creativity 
Boost analytic abilities 

e.g., Blenko et al., 

2010; Wang et al., 

2016; Wilson & 
Daugherty, 2018; 

Vincent, 2021 

What effects does digitizing functions have in decision-making at the operational 

level? 

What are the current purposes of AI in human-centered processes as well as the 
possibilities that are expected to be within reach in the near future? 

Which indicators for AI’s impacts on decision quality and effectiveness can be uti-

lized? 

Challenges 

in using 
digital tools 

Irrelevant or inaccurate data 

Misrepresented data causing decision errors 
Lack of human emotions and rationality  

Ethical risks such as risk to human life, un-

dermining social justice, and privacy  
Risks are misuse, abuse of technology, and 

loss of control 

e.g., Turing, 2007; 

Arkin et al., 2008; 
Yan et al., 2018; 

Guan et al., 2022; 

Tabesh, 2022 
 

What are the circumstances and settings where adding digital aids in decision-mak-

ing can be hindering factors for manual workers? 
Is digitalization really enhancing performance at the operational level, and can ben-

efits and disadvantages be quantified? 

 

Digitalization’s effect on performance  

 Strategic advantage 
Decrease in response time 

Improvement of business processes  

Optimization of distribution routes  
Optimization of costs (operational costs, de-

livery costs, price breakdowns) 

Circular economy performance 
Supply chain agility 

e.g., Wang et al., 
2016; Brinch, 

2018; Barbosa, 

2018; Pham & 
Stack, 2018; 

Dubey et al., 

2019; Lozada et 
al., 2019; Awan et 

al., 2021 

What are the trends in the future development of performance management aided 
by digital tools, and what is the need for predicting BI and BDA changes?  

Does using digital tools change the setting to a more interactive use of data and the 

MCS? 
What are the effects of different digital tools on specific performance dimensions? 

What effects do digital tools have on sustainability while new technologies enable 

higher production efficiency? 



 

6 Conclusions 

This study aimed to explain how the utilization of emerging digital technologies for 

organizational and management controls has been studied and what kind of perfor-

mance improvements can be achieved. To do so, an integrated overview of current lit-

erature was carried out. The findings reveal research themes derived from the analysis 

as well as future research directions and questions. The authors’ attempt was to draw 

attention to topics that were recurring in current literature but that still had gaps to be 

filled. 

Four themes were identified: drivers for utilizing digitalization in management and 

organizational controls; utilizing novel digital tools in management control systems and 

organizational controls; digitalization’s effects on decision-making quality and effec-

tiveness; and digitalization’s effect on performance. Key themes and current debate in 

each theme were noted, the current state of research on each theme was compiled, and 

gaps in the research were identified. 

This study’s query string was limited to articles concerning business management 

and accounting, social sciences, and decision sciences, and for this reason the study has 

a limitation that should be noted. The nature of the subject’s foundation is highly tech-

nological, but it was compulsory to stay at a general level to be able to identify the 

topics and the gaps they presumably include. Therefore, this review provides a broad 

overview of the technologies rather than a detailed explanation how they really work 

in this context. After noting this, the authors suggest that one possible future research 

direction would be to see the possibilities of each technology in-depth in the context of 

the topics presented in this study. In addition, the studies have contributed with an ex-

tensive amount of theory and frameworks, but the examples were from very limited 

settings, and, therefore, the results require further backup. This reinforces the authors’ 

opinion that there is a need for more focused research on the effects of implementing 

and integrating digitalization in MC, digitalization in MCSs and OC, digitalization’s 

effects on decision-making, digital decision quality and effectiveness, and digitaliza-

tion’s effect on performance. 
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