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Abstract  
Background: The rapid digitalization of business operations has transformed the decision-
making process, with companies increasingly relying on Data-Driven Decision-Making 
(DDDM) to navigate complex business environments. However, the utilization of DDDM is 
not without challenges, as organizations face obstacles such as data integration issues and a lack 
of technical skills among managers. This study explores the integration of DDDM into 
organizational strategies, focusing on the experience of managers as they navigate the transition 
toward data-driven approaches. 
 
Problem: While the benefits of DDDM, such as enhanced operational efficiency and 
competitive advantage are well-documented, there is a notable gap in understanding how 
managers' practices and the decision-making process are integrated. 
  
Research Purpose: The purpose of the research is to examine how DDDM influences 
managerial practices in the decision-making process and identify the key challenges and 
opportunities. By examining experiences, the study aims to uncover insights that can guide 
organizations in refining their decision-making process and fostering data-driven approaches. 
 
Research Question: How does DDDM influence managerial practices and the decision-

making process within an organization? 

 
Method: This study employs a qualitative research methodology, utilizing semi-structured 
interviews to gather insights from managers across various industries. It adopts a relativistic 
ontological stance and epistemological constructionism through a multiple case study to 
examine managerial practices when utilizing DDDM. 
 
Conclusion: The findings show that DDDM can significantly impact organizational efficiency, 
productivity, and strategic planning. However, successful DDDM requires a balance between 
data-driven insights and intuitive decision-making. While data can inform decisions, managers 
must also rely on intuition and experience, especially in complex scenarios with incomplete 
data.  
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1. Introduction        

This chapter establishes a foundational context for the research, offering a 

comprehensive overview of the transformative impact of data and the crucial role of 

Data-Driven Decision-Making (DDDM) in the contemporary business environment. 

Secondly, the problem is identified by describing the existing gap in the literature 

concerning the managerial practices of utilizing data in the decision-making process. 

Moreover, the research purpose is presented, followed by the research question, the 

delimitations, and definitions of terms and phrases used throughout the paper. 

 

1.1 Background 

Over the years, the landscape of decision-making has undergone a significant 

transformation, primarily due to the rapid changes in the business environment (Buchanan 

& O'Connell, 2006; Pranjić, 2018). Several aspects of our lives and businesses have been 

digitalized such as the way we work, communicate, and socialize (Sabharwal & Miah, 

2021). However, digital transformation encompasses more than just technological 

improvements; it introduces substantial data streams via IT advancements, big data 

analytics, and new methods for data measurement techniques. Companies and decision-

makers are confronted with an extensive amount of data (Elragal & Elgendy, 2024) that 

creates an opportunity to establish a new way of making decisions that are mainly based 

on verified data in a systematic and planned process called Data-Driven Decision-Making 

(DDDM) (Trabucchi & Buganza, 2019; Troisi et al., 2020).  

 

In many organizations, DDDM has become the primary approach to guiding decision-

making, leveraging data and analytics to achieve better business outcomes (Brynjolfsson 

& McElheran, 2016; Elgendy et al., 2022; Provost & Fawcett, 2013). Firms adopting 

DDDM often attain higher profitability, productivity, and market value (Brynjolfsson et 

al., 2011) which has led companies to invest heavily in data analytics for competitive 

advantage and improved financial performance (McAfee & Brynjolfsson, 2012; Provost 

& Fawcett, 2013; Sheng et al., 2017). Despite the advantages of DDDM, it has limitations, 

requiring careful assessment of technical skills, managerial experience, and information 

quality, as these factors significantly impact the decision-making process (Brynjolfsson 

et al., 2011; Gupta et al., 2020; Halper & Stodder, 2017; Sleep et al., 2023). However, if 

the extensive amount of data is used properly by interpreting and analyzing it such as it 
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creates value, it will help a manager to make better decisions (Comuzzi and Patel, 2016; 

Parra et al, 2019). 

 

Therefore, managers have implemented various measures to transition towards a Data-

Driven Organization (DDO) (Halper & Stodder, 2017). DDDM and Data-Driven Culture 

(DDC) are important aspects of DDOs and are essential for organizations to operate 

effectively (Berntsson Svensson & Taghavianfar, 2020). Halper and Stodder (2017), 

define a DDO as an organization that utilizes data and analysis to make informed actions. 

However, organizations that do not embrace DDDM and that are non-data-driven often 

struggle to identify trends and retrieve information efficiently, making the process time-

consuming. Consequently, by the time they are prepared to take an action, the information 

is already outdated (Davenport et al., 2012). Thus, recent literature and industry reports 

increasingly call for research into how businesses can effectively integrate these vast data 

resources into decision-making frameworks.  

 

In practice, DDOs can implement data-driven decisions across various decision-making 

levels, including operational, tactical, and strategical but also all types of analytics 

including descriptive, predictive, and prescriptive (Berndtsson et al., 2020). However, in 

practice and despite the many benefits of DDDM, organizations still face barriers and 

challenges such as “lack of business executive support”, “difficulty accessing and 

integrating all relevant data”, and “lack of skills to build out analytics to support decision-

making or action” (Halper & Stodder, 2017, p. 9). By placing the study within this 

context, this investigation will delve into how businesses are managing their decision-

making processes through data-driven insights, which is vital for driving innovation and 

efficiency in an increasingly data-saturated world. 
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1.2 Research Problem 

The integration of DDDM into business strategies has become increasingly critical for 

enhancing operational efficiency, competitive advantage, and financial performance in 

the contemporary business environment (Davenport & Bean, 2018; Pauleen & Wang, 

2017; Suoniemi et al., 2020). Technological advancements have facilitated the extensive 

use of data, empowering organizations to make more informed decisions (Brynjolfsson 

& McElheran, 2016).  

 

The literature extensively focuses on the positive financial performance that organizations 

can achieve through successfully managing DDDM. Korayim et al., (2024) highlight how 

big data analytics can uncover hidden organizational problems and opportunities, thereby 

enabling the creation of superior value propositions and enhancing innovation (Suoniemi 

et al., 2020). DDDM is associated with improved decision accuracy, operational 

efficiency, and cost reduction, ultimately fostering a competitive edge for businesses (Jia 

et al., 2015; Niebel et al., 2019; Provost & Fawcett, 2013; Zeng & Glaister, 2018). 

Additionally, Niebel et al. (2019) illustrate that DDDM facilitates a deeper understanding 

of customer preferences, which can be leveraged to tailor products and services. These 

studies collectively underscore the transformative potential of adopting data-driven 

approaches in organizational contexts.  

 

Despite the extensive research on the opportunities with DDDM, there remains a gap in 

understanding how managerial practices can be established to enhance the decision-

making process. Furthermore, to fully leverage investments in data processing and 

analytical tools, human competence in using them is essential for efficient data integration 

(Davenport & Bean, 2018; Halper & Stodder, 2017; Watson, 2016). The literature largely 

concentrates on the financial and technical aspects of DDDM, overlooking the managerial 

perspective and the nuanced challenges managers face during its usage (Nguyen et al., 

2024; Rathore et al., 2017). The existing literature therefore fails to explore the 

relationship between managerial practices and the influence of data in the decision-

making process.  

 

Examining this relationship can yield several benefits. First, it can provide insights into 

the effective implementation of DDDM, highlighting potential barriers and problems 



 
 

 
 

4 

within organizational contexts (Merendino et al., 2018; Zhao et al., 2014). Second, 

exploring these experiences can shed light on how transparency and accountability 

concerns are navigated in practice, offering a more holistic view of DDDM's implications 

(Diakopoulos, 2015; Zarsky, 2016). Lastly, gaining a deeper understanding of these 

experiences can inform the development of frameworks and guidelines to support 

managers in leveraging DDDM responsibly and effectively, thereby maximizing its 

benefits while mitigating risks (Ghasemaghaei et al., 2017). 

 

To address this gap, the research will employ a qualitative methodology, specifically 

semi-structured interviews, to delve into the experiences of managers who utilize DDDM. 

This approach will enable the collection of in-depth insights into the practical challenges 

and opportunities managers encounter when utilizing DDDM. By engaging with a diverse 

group of managers across various industries, the study aims to capture a range of 

perspectives and experiences, facilitating a nuanced understanding of DDDM's practical 

implications. This method will allow for the exploration of complex issues such as data 

transparency, data quality, and managerial decision-making dynamics in the context of 

DDDM, contributing valuable knowledge to the field and informing future practice and 

research. 

 

1.3 Research Purpose 

The purpose of the research is to examine how DDDM influences the managerial 

practices in the decision-making process. Through an in-depth investigation into the 

experiences of managers, the study seeks to identify key challenges and opportunities 

inherent in the utilization of DDDM and to clarify how these factors influence the 

decision-making process. This exploration is designed to uncover valuable insights into 

aspects confronted by managers who leverage data-driven approaches. By doing so, the 

research contributes substantial knowledge that holds the potential to refine and enhance 

decision-making processes within the context of contemporary organizational settings. 

This holistic understanding of the managerial landscape in relation to DDDM is essential 

to fostering informed and effective decision-making practices in today’s business 

environment. 
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1.4 Research Question 

How does DDDM influence the managerial practices and the decision-making process 

within an organization?  

 

1.5 Delimitations 

A delimitation of this thesis has been to concentrate on Swedish corporations utilizing 

DDDM, although the need for managing DDDM is a crucial part of many industries and 

organizations globally. This decision was made partly with the reasoning of narrowing 

down the scope of the thesis, as it by nature can become very extensive to make an in-

depth investigation covering several geographical areas.  

 

Additionally, the scope of this research is exclusively focused on firms operating within 

the industries of furniture and retail, manufacturing and logistics, as well as leasing. Thus, 

the findings and conclusions are applicable primarily to these selected sectors and may 

not necessarily reflect trends and challenges prevalent in other industries. 

 

Furthermore, the context of this research is delimited to the current economic 

environment that Banholzer et al. (2023) describes as characterized by high inflation and 

market uncertainty. Especially in this research, it might influence how much risk 

managers are willing to take in a decision or what kind of concerns or challenges they are 

experiencing.  

 

As a result, the delimitations mentioned are necessary for focusing the research but 

because of the relatively small sample of data, it may imply a difficulty in the 

generalizability of the results across a broader range of industrial contexts, time periods, 

or economic climates. 
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1.6 Definitions 

Big Data - “is the exponential growth in the volume, variety, and velocity of information, 

and the development of complex new tools to analyze and create meaning from such data” 

(Lamb, Hair, & McDaniel, 2021, p.157). 

 

Data-Driven Decision-Making (DDDM) - “is the adoption of a real orientation to 

manage big data throughout the entire decision-making cycle. Data-driven managers 

should base business decisions on data-analytic thinking in order to use the data collected 

as a driving force to prescribe actions, predict complexity, and “make” the change” (Troisi 

et al., 2020, p.538) 

 

Frequent exposure bias - “A reliable way to make people believe in falsehoods is 

frequent repetition because familiarity is not easily distinguished from truth.” 

(Kahneman, 2011, p. 62). 

 

Management – “...is described as the process of achieving organizational goals through 

planning, organizing, leading, and controlling the human, physical, financial, and 

information resources of the organization in an effective and efficient manner” (Bovée et 

al., 1993, p. 5). 

 

Organizational Culture - “is defined as a pattern of shared basic assumptions learned 

by a group as it solved its problems of external adaptation and internal integration, which 

has worked well enough to be considered valid and, therefore, to be taught to new 

members as the correct way to perceive, think, and feel in relation to those problems” 

(Schein, 2010, p.18). 

 

Organizational Information Processing Theory (OIPT) - “the gathering, interpreting, 

and synthesis of information in the context of organizational decision-making” (Tushman 

& Nadler, 1978, p. 614). 
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2. Literature Review 

This chapter delves into essential theories and concepts that support DDDM, managerial 

practices, and decision-making processes in organizations. It outlines attributes of Data-

Driven Organizations (DDOs) and the cultural and managerial challenges encountered. 

Key elements of decision theory, including bounded rationality and prospect theory are 

examined to understand how cognitive biases influence decisions. The Organizational 

Information Processing Theory (OIPT) is explored, emphasizing the importance of 

effective information management in reducing uncertainty. Additionally, the model of 

Thinking Fast and Slow is examined, showing the interplay between intuitive and 

deliberate decision-making processes.  

 

2.1 Literature Review Approach 

To comprehend the prevailing knowledge on DDDM, managerial practices, and the 

decision-making process, a literature review was conducted. Collis and Hussey (2014) 

describe a literature review as an examination of existing literature that shapes research. 

Easterby-Smith et al. (2021) further emphasize its purpose to provide an evaluative 

overview of the current knowledge and identify gaps for further exploration. Given the 

vast amount of information available, assessing the quality and relevance of sources is 

crucial.  

 

We ensured the quality of the collected literature by evaluating relevance, publication 

date, and citation count. The primary database used was Web of Science, due to its 

extensive collection of peer-reviewed articles. Saunders et al. (2019) argue that peer 

review ensures a degree of dependability as peers evaluate and suggest improvements 

before the publication of a specific article. 

 

The literature review search began by filtering articles using the phrase “Data-Driven 

Decision-Making” as a primary topic as seen in Table 1. We expanded our search with 

the keyword “Managerial Practice*” and its variations, resulting in 462 articles when 

combined with the initial key phrase. To refine our search, we focused on articles that 

addressed DDDM, Managerial Practices, and the Decision-Making Process, yielding 59 

results. These articles were evaluated based on their abstract to identify the most relevant 

ones for this thesis. In addition, reading the literature provided a comprehensive 
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knowledge base in the field of this study and clarified which theories were most 

appropriate for the research. The chosen theories were the most frequently encountered 

in the reviewed literature, which motivates their use in the study. 

 

Following the evaluation of the literature's relevance, all the articles were compiled into 

an Excel spreadsheet, stating the author, publication date, summary of the main points, 

comments, and reflections of the reviewer. This method provided a comprehensive 

overview of the relevant literature and helped identify patterns and connections for 

structuring the review. Upon identifying the first relevant articles, snowball searching was 

conducted to find additional papers, which involves tracing citations by reviewing the 

reference list of relevant publications (Easterby-Smith et al., 2021). Furthermore, other 

related topics were explored, such as the Organizational Information Processing Theory 

(OIPT), decision theory, bounded rationality, and prospect theory, although these are not 

included in Table 1. In addition to Web of Science Google Scholars was used to search 

for the relevant articles and to compile them into Endnote.  

 

Table 1: Search Parameters  

Source Search Query Output 

Web of Science DDDM OR "Data-Driven Decision-Making" 

OR "Data-Driven Decision*" OR “Data-

Driven Decision-Making Process*” 

1,848 

Web of Science DDDM OR "Data-Driven Decision-Making" 

OR "Data-Driven Decision*" OR “Data-

Driven Decision-Making Process*” AND 

“Managerial Practice*" OR "Managerial” OR 

“Manager*” OR Practice* 

462 

Web of Science 

 

"Decision-Making" AND "Data-Driven 

Decision-Making" AND "Decision-Making 

Process" AND “Managerial Practice*" OR 

"Managerial” OR “Manager*” OR Practices 

AND DDDM OR "Data-Driven Decision-

Making" OR "Data-Driven Decision*" 

59 
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2.2 Managerial Practices 

Management is described as “...the process of achieving organizational goals through 

planning, organizing, leading, and controlling the human, physical, financial, and 

information resources of the organization in an effective and efficient manner” (Bovée et 

al., 1993, p. 5). The managerial practices are different across industries and various 

organizational contexts, but they form the foundation for achieving operational 

excellence and securing a competitive edge (Henríquez-Machado et al., 2021) 

 

Leadership and decision-making are fundamental to managerial practices and entail 

guiding teams toward meeting organizational goals through informed decisions and 

motivational leadership (Yukl & Gardner, 2020). This guidance is intrinsically connected 

to strategic planning. A process that Bryson (2015) describes as involving the 

establishment of long-term objectives and determining the necessary strategies and 

resources by integrating key activities, such as market analysis and forecasting. 

  

There is a significant connection between managerial expertise and the effective 

utilization of DDDM as underscored by Brynjolfsson and McElheran (2016). Data-

analytic skills are important to possess throughout the organization and not just for the 

data scientist (Provost & Fawcett, 2013). As Brynjolfsson and McElheran (2016, p. 583) 

note, “Technology is useless if the manager cannot extract insight and make strategic 

decisions using his or her intellectual skills.”. Extending this concept further, to be able 

to fully exploit the advantages of having data analytical systems it is pivotal for both 

managers and front-line staff in diverse operational areas to have at least some 

fundamental understanding of the underlying principles of data analytics. 

 

Furthermore, without the support of human competencies, the adoption of technology 

alone does not guarantee improved organizational performance (Gupta et al., 2020). 

Gupta et al. (2020) also mentions that there exists a limited understanding of the 

significance of human skills within this context, particularly regarding managerial skills 

and their impact on the firm’s overall performance. Cannella and Holcomb (2005) 

elaborate that a manager’s demographic details such as age, tenure, educational 

background, and functional expertise are key determinants of a firm’s performance. This 

suggests that for a company to benefit from DDDM, it must cultivate a team with the 
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necessary knowledge and skills to turn data into actionable insights. As noted by Gupta 

et al. (2020) managerial abilities evolve as a gradual process occurring over time. 

Understanding machine learning (ML), artificial intelligence (AI), programming 

languages, and statistical analytics are vital examples of technical skills for applying big 

data in operational functions (Gupta et al., 2020).  

 

2.3 Data-Driven Decision-Making (DDDM) 

Information is a critical asset enabling organizations to derive value and achieve success 

(Eroğlu & Çakmak, 2020). According to Provost and Fawcett (2013), DDDM involves 

making decisions by analyzing data rather than purely relying on intuition. Gupta et al. 

(2020) explain that data represents structured information that can enhance decision-

making processes when examined through analytical tools. The evolution from simple 

data collection to strategic data application underscores the transition towards a more 

analytical and evidence-driven management style within organizations. Provost and 

Fawcett (2013) argue that the use of DDDM can significantly outperform decisions that 

are solely based on intuition or experience. 

Brynjolfsson et al. (2011) were among the pioneers to explore the effects DDDM has on 

organizational performance. Their research findings reveal that firms integrating data into 

their decision-making processes show improved business performance concerning higher 

productivity, profitability, and market value. However, an investigation conducted by 

LaValle (2010) indicates that individuals without the required skills or experience might 

be incapable of making the right corrections or adjustments for DDDM. A critical element 

of DDDM is the reliance on quality data. As noted by Kiron et al. (2012), the reliability 

of data-driven decisions is contingent upon the quality of the data used. This includes 

considerations of data accuracy, completeness, and timeliness. Consequently, data 

governance practices are essential to maintain as they ensure the integrity and reliability 

of data throughout its lifecycle. 

The implementation of DDDM involves several methodologies, including predictive 

analytics, business intelligence, and statistical analysis. These methodologies facilitate 

the extraction of meaningful patterns from data, enabling predictive models to inform 

strategic decisions (Sharda et al., 2014). For instance, Sharda et al. (2014) describe how 

predictive analytics can anticipate customer behaviors, market trends, and operational 
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inefficiencies, offering organizations a proactive stance in their strategic planning. 

However, the shift towards DDDM is not without challenges. Organizational culture and 

resistance to change are significant barriers (Davenport & Bean, 2018). The transition 

from intuition-based to DDDM requires a cultural shift that values data literacy and 

analytical thinking. Moreover, the complexity of data analytics tools and the need for 

specialized skills can cause problems in the adoption of DDDM (LaValle, 2010). 

 

2.4 Decision-Making Process 

According to Pranjić (2018) and Verba (1961), there are two main models for decision-

making, which are rational and non-rational. The rational decision-making process can 

be characterized as a multi-stage procedure grounded in logic, utilizing a substantial 

amount of information, relying heavily on analytical processes, and drawing insights from 

data. Individuals who utilize this decision-making model strictly follow the predefined 

stages (Pranjić, 2018). Harrington and Ottenbacher (2009), have identified six steps of 

the rational decision-making model which include identifying the problem, gathering 

information, evaluating and developing alternatives, identifying the optimal solution, 

implementing the chosen solution, and assessing outcomes based on the decision. 

 

The rational decision-making model relies on certain assumptions which include using 

the best available information to achieve benefit maximization, measurability of all 

factors influencing the decision-making process, and having the cognitive capacity, time, 

and resources necessary to evaluate each stage (Pranjić, 2018: Verba, 1961). By using a 

rational decision-making model, it overlooks factors that can affect the decision quality. 

This could for example be personal feelings and preferences, biases, intuition, emotions, 

or unquantifiable variables. However, ignoring these factors can be considered a 

disadvantage of the model (Pranjić, 2018). Moreover, rational decisions will not have any 

psychological impacts on the decision-maker, such as tension or guilt (Verba, 1961).   

Non-rational decisions on the other hand refer to when decisions are influenced by 

emotions, intuitions, personal biases, or other subjective factors. These decisions do not 

always follow a strict logical process and can be affected by external pressures and 

cognitive limitations (Pranjić, 2018). One of the challenges decision-makers face when 

relying heavily on emotions is that fear or anxiety about the outcome of a risky decision 
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can lead to choosing a safer, or less risky option even when the riskier option could 

potentially offer higher returns (Lerner et al., 2015).  

Although DDDM relies on data and analytical tools for support, the final authority to 

make decisions is the manager (Pranjić́, 2018). This underscores the crucial role that 

human judgment plays in the decision-making process. Additionally, Carucci (2016) 

suggests that the best decision-making involves a blend of instinct and analytics. The mix 

shows that while data offers valuable insights, effective decisions often call for some 

intuition or gut instinct. 

2.4.1 Three Levels of Decision-Making   

When it comes to decision-making, DDOs can apply data-driven decisions for all three 

levels including operational, tactical, and strategical (Berndtsson et al., 2020; Pranjić́, 

2018). 

 

2.4.1.1 Operational 

Operational decision-making involves decisions that influence the daily operations within 

a company’s various functional areas (Harrington & Ottenbacher, 2009), where the 

decisions are mainly taken by managers on lower levels (Shahat Osman & Elragal, 2021). 

Some areas of operational decision-making are for example optimizing production, 

resource allocation, managing sales and distribution, which is included when overseeing 

the day-to-day operational systems and processes (Habjan et al., 2014). The decision-

making process can involve direct or indirect approaches. Direct decision-making uses 

information to directly guide choices, while indirect decision-making employs 

information in a more conceptual manner to inform decisions (Habjan et al., 2014). In 

situations with high uncertainty (Citroen, 2011), increased complexity, and time 

constraints (Low & Mohr, 2001), information functions as a catalyst for effective 

decision-making. Specifically, high-quality information derived from real-time data has 

been shown to improve real-time analysis in decision-making (Mithas et al., 2011) and 

facilitate fast responses to market demands (Davis & Golicic, 2010). 

According to Taylor and Purchase (2016), operational decision is commonly automated 

and encompass smaller, repetitive choices. As discussed by Shahat Osman and Elragal 

(2021), managers need the information to make well-informed and rational decisions, 
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therefore information systems should be prioritized assisting the managerial decision-

making process. 

 

2.4.1.2 Tactical 

Tactical decision-making is associated with the methods or “how” an organization 

accomplishes its strategic goals. This decision level is commonly characterized by action 

plans, policies, and procedures (Harrington & Ottenbacher, 2009) as well as organizing 

workflows, setting up distribution channels, and procuring resources, including material, 

manpower, and other essential resources (Shahat Osman & Elragal, 2021). Furthermore, 

the decisions are typically taken by the middle management level (Shahat Osman & 

Elragal, 2021), where the decisions are semi-structured, which require precise, specific, 

and real-time interactive internal information (Pranjić, 2018). 

 

2.4.1.3 Strategic 

Defining strategic decision-making is commonly characterized as shaping the long-term 

direction of the company (Byers & Slack, 2001; Shahat Osman & Elragal, 2021). 

According to Brews and Hunt (1999), strategic-level decisions are those that are related 

to the organization’s strategic ends, encompassing “what” the organization aims to 

achieve. Strategic decisions are usually taken at the high levels of management (Shahat 

Osman & Elragal, 2021) and are closely connected to the missions, goals, and objectives 

of the organization (Brews & Hunt, 1999). Furthermore, numerous studies within the field 

of strategic management suggest that executives often make decisions using a careful and 

structured process (Citroen, 2011). Information about competition, technologies, markets, 

and societal trends is considered to assess the implications of feasible alternatives. This 

use of information helps reduce uncertainty in the decision-making process (Citroen, 

2011). However, strategic decisions have traditionally been considered unstructured, 

which means that managers usually rely on their business judgment, evaluation, and 

intuition to define the problem. These decisions are typically influenced by the manager's 

accumulated experiences and knowledge of environmental factors, even though these 

factors are uncertain and subject to change (Shahat Osman & Elragal, 2021). 
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2.4.2 Three Levels of Analysis 

The term analytics is often utilized in the context of DDOs and data-driven decision 

processes. There are three levels of analysis which are descriptive (what has happened), 

predictive (what will happen), and prescriptive (what should happen) (Berndtsson et al., 

2020; Sarker, 2021). 

 

2.4.2.1 Descriptive 

According to Kozak et al., (2021), descriptive analysis can be used to examine past and 

present data, offering a comprehensive analysis of the datasets. Descriptive analytics 

allows online reporting and in-depth exploration into specific sections of the data by 

utilizing more detailed perspectives. Moreover, Sarker (2021) explains that utilizing 

historical data enables organizations to get a deeper comprehension of the changes within 

a business. Furthermore, descriptive analytics enables managers to analyze patterns, 

trends, and deviations in customers' historical shopping data by summarizing information 

such as sales and operations statistics, marketing strategies, and engagement on social 

media platforms. This analysis helps in predicting the likelihood of a customer making a 

purchase. Therefore, descriptive analytics can play a crucial role in offering an accurate 

overview of past events in businesses and their connection to previous occurrences, 

levering a comprehensive set of relevant business data. Consequently, managers and 

decision-makers can identify both strengths and weaknesses within their business, 

enabling them to adopt more effective management strategies and make informed 

business decisions (Sarker, 2021). 

 

2.4.2.2 Predictive 

The predictive analysis aims to offer accurate forecasts that focus on future trends, events, 

behaviors, and possibilities. This is done by employing statistical techniques, AI, and ML 

methods, to integrate historical and current data, creating models capable of predicting 

the future states of variables relevant to the manager's interests (Kozak et al., (2021). 

Furthermore, Sarker (2021) explains that business uses predictive analytics for diverse 

purposes. This includes evaluating business risks, predicting potential patterns in the 

market, and determining optimal maintenance schedules to improve overall business 

performance. Organizations can for example minimize their costs by forecasting future 

demand and accordingly adjust their production and inventory. Furthermore, retailers can 
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enhance sales and customer satisfaction through comprehending and predicting the 

preferences of the customers (Sarker, 2021). 

 

2.4.2.3 Prescriptive 

Prescriptive analytics has a focus on enhancing decision-making and improvements of 

efficiency (Kozak et al., 2021) The prescriptive analysis does not only predict the future 

but also provides guidance and justification on the action that needs to be taken to achieve 

that future. Through prescriptive analytics, a system can offer recommendations to the 

decision-makers, addressing questions such as “What to do?”, “Why should I do it?” and 

“How to do it?” (Kozak et al., 2021, p. 3). This way of using analytics involves active 

participation from managers, utilizing optimization, simulation, and interactive tools. In 

this process, users can input their preferences and select from a range of potential future 

actions. According to Sarker (2021), prescriptive analytics gathers data from various 

descriptive and predictive sources to inform the decision-making process. Therefore, it 

shares a connection with both descriptive and predictive analytics. However, the focus 

lies on generating actionable insights rather than solely monitoring data. Prescriptive 

analytics uses a combination of big data, ML, and business rules to be able to make well-

informed decisions, resulting in outcomes that drive the most successful business choices 

(Sarker, 2021). 

 

2.5 Data-Driven Organization (DDO) 

According to Anderson (2015), a Data-Driven Organization (DDO) emerges where there 

is a prevalent Data-Driven Culture (DDC), where decisions are informed and shaped by 

the process of data collection, ensuring data quality and leveraging data to secure 

competitive advantages. Berndtsson et al. (2020) provide an additional perspective on 

defining DDOs, where cultural emphasis lies in integrating data into the decision-making 

process rather than relying on subjective opinions. However, Halper and Stodder (2017), 

suggest that an organization is considered data-driven when it utilizes data and analysis 

to guide decision-making, even when decisions involve an intentional choice of inaction. 

 

Considering these various definitions reveals a common process for DDOs, which 

encompasses a collection of data, using analytics to extract insights, and making decisions 

based on these insights. Therefore, both DDDM and DDC are important components of 
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DDO (Anderson, 2015; Berntsson Svensson & Taghavianfar, 2020). Furthermore, 

analytics is another factor closely tied to DDOs, where it could apply data-driven 

decisions across various analytic categories such as descriptive, predictive, and 

prescriptive. It also considers different decision types such as operational, tactical, and 

strategical. However, in practice, the implementation often involves a subset of 

combinations (Berndtsson et al., 2020; Berntsson Svensson & Taghavianfar, 2020) 

 

Berntsson Svensson and Taghavianfar (2020), underscore the primary challenges 

organizations face when shifting towards data-driven approaches, emphasizing cultural 

and managerial obstacles. Additionally, Halper and Stodder (2017) identified three key 

challenges, such as the absence of support and strategic direction from business 

executives, difficulties in accessing relevant data, and a shortage of necessary skills.  

 

The primary obstacles that are preventing organizations from successfully transitioning 

to data-driven approaches include resistance to change at a cultural level and difficulties 

associated with adaptability to change (Berndtsson et al., 2020). Therefore, an essential 

aspect of embracing a data-driven approach might involve empowering decision-makers 

to make decisions irrespective of the data’s recommendations (McAfee & Brynjolfsson, 

2012; Sabharwal & Miah, 2021). However, this could present a cultural challenge, 

leading to a lack of accountability (Anderson, 2015), where the decision-makers are not 

held responsible for their decisions.  

 

2.6 Decision Theory 

Decision-making has a long history of exploring, normative, descriptive, and prescriptive 

perspectives (Chai et al., 2021). Decision theory represents a multifaceted and dynamic 

topic centered on the process of decision-making. Over many years of interdisciplinary 

research, these theories have undergone development or changes to incorporate new 

advancements (Hansson, 2005). It represents a methodological examination of goal-

oriented and systematic behaviors and actions of decision-makers, occurring under 

circumstances or scenarios in which a range of different choices are available (Hansson 

2005). Within the descriptive theory, there are two main concepts which are bounded 

rationality and prospect theory that explain the heuristics and biases that influence 

decision-making processes (Anand & Goyal, 2019).  
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2.6.1 Bounded Rationality 

The bounded rationality concept highlights the constraints individuals and organizations 

face in the decision-making process (Simon, 1957). The concept challenges the 

assumptions of fully rational decision-making prevalent in classical economic theories 

and suggests that real-world decisions are often made under uncertain conditions and with 

imperfect information. Even with relatively simple problems, it is not feasible to secure 

the best possible outcome since it is impossible to assess all possible alternatives (Simon, 

1957). It brings forward that decision-makers usually have limited information, time, and 

cognitive resources. This is crucial in understanding and explaining real-world decision 

processes since it reflects the practical challenges individuals face when making decisions 

(Simon, 1972). As a result, rather than striving for optimal decisions, individuals and 

organizations tend to settle for satisfactory and feasible solutions within their cognitive 

and contextual constraints. 

 

Bounded rationality impacts the decision-making of organizations and research by 

Kahneman and Tversky (2013) built upon Simons's foundational ideas. The research 

aimed to analyze decision-making processes by comparing theoretically rational agents’ 

choices with choices from individuals’ actual beliefs and their tendency toward satisficing 

rather than optimizing outcomes. In contrast to Simon’s (1957) focus, Kahneman and 

Tversky (2013) examined how bounded rationality impacts simple tasks, emphasizing the 

role of cognitive errors beyond specific contexts. Kahneman’s research (2003) further 

revealed that emotional factors, including fear and personal preferences significantly 

influence economic decision-making processes.  

 

2.6.2 Prospect Theory 

In 1979, Kahneman and Tversky challenged the expected utility theory that explains 

rational decision-making under risk. The basic assumption of the expected utility theory 

is that rational decision-making maximizes the utility of the outcome (Kahneman & 

Tversky, 1979). As an alternative to the widely accepted utility theory, the prospect theory 

was introduced which is an explanatory model that is based on the premise that decisions 

are not made on rational grounds. The theory seeks to explain how people make decisions 

under risk and uncertainty by taking the psychological factor into consideration and 

demonstrates that individuals deviate from rationality in systematic ways. Especially, the 
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psychological phenomenon that people tend to assign greater weight to the probabilities 

of negative outcomes than to their actual potential costs. (Kahneman & Tversky, 1979). 

 

There are some key components of the prospect theory which include, the value function, 

weighting function, certainty effect, isolation effect, and reference point. According to 

Baker et al. (2017), the concept of value function, also called risk aversion can be 

explained as rational market participants demanding a higher return on investments that 

have a high expected risk. Individuals subjectively evaluate gains and losses rather than 

final assets. Individuals tend to evaluate outcomes relative to a reference point, such as 

their current situation and perceive gains and losses differently. The reference point is 

dynamic and can be influenced by situational factors, individual experiences, and framing 

effects. Given that decision-makers tend to be risk-averse with gains, the value function 

is concave for these outcomes, while it possesses a convex shape for losses, reflecting the 

individual risk-seeking behavior. The shape of the value function captures the 

psychological asymmetry in how individuals perceive and respond to positive and 

negative changes in outcomes (Kahneman & Tversky, 1979).  

 

In the decision-making process, prospect theory identifies two distinct stages, including 

the editing phase and the evaluation phase (Kahneman & Tversky, 1979). The editing 

phase is the first part of the theory, and in this phase, the problems are structured and 

sorted for decision-making. Based on the decision-maker’s reference point, prospects are 

coded as gains or losses, relative to the change in the value of wealth. The subjective 

reference point is the decision-maker’s current wealth. Then, prospects are linked to 

probabilities for certain and uncertain outcomes. This process aims to simplify decision-

making concerning the existing risk and organizing the options. After that, in the 

evaluation phase, these simplified options are examined, and the best one is chosen based 

on its value. The evaluation is performed by assigning decision weights to the different 

outcomes. It is assumed that decision-makers replace the general utility theory’s 

probability figures with decision weights. These decision weights are distributed 

according to the decision-maker’s subjective preferences (Kahneman & Tversky, 1979). 

 

The weighting function is another crucial part of the prospect theory and represents the 

subjective probabilities that individuals assign to different outcomes. However, the 



 
 

 
 

19 

weighting function may deviate from the actual likelihood of events occurring. 

Individuals tend to overweight low probabilities and underweight high probabilities 

leading to risk-seeking behavior in some situations (Kahneman & Tversky, 1979).  

 

The certainty effect refers to the tendency of individuals to assign higher value to 

outcomes that are certain compared to outcomes that are only probable. This means that 

individuals often prefer a guaranteed outcome over a potentially higher but uncertain 

outcome. This bias results in risk aversion when making choices involving gains and risk-

seeking behavior when making choices involving losses (Kahneman & Tversky, 1979).  

 

The isolation effect describes the tendency of individuals to focus on the unique features 

or differences between alternatives while ignoring similarities. In other words, individuals 

tend to emphasize distinctive elements when evaluating different choices rather than 

considering commonalities. This causes a cognitive bias which can lead to inconsistent 

preferences depending on how the same decision is framed (Kahneman & Tversky, 1979).  

 

2.7 Organizational Information Processing Theory (OIPT) 

The Organizational Information Processing Theory (OIPT) evolved because of the 

escalating awareness among organizational researchers concerning that information is the 

most critical contingency confronting contemporary organizations. The theory describes 

the process of collecting, using, and managing information (Galbraith, 1974). 

Organizations are seen as information-processing systems dealing with uncertainty and 

complexity (Galbraith, 1974; Weick, 2015).  In essence, information processing refers to 

“the gathering, interpreting, and synthesis of information in the context of organizational 

decision-making” (Tushman & Nadler, 1978, p. 614). 

 

One of the main challenges for organizations is the large amount of information and 

knowledge that needs to be managed (Kristina, 2020). The theory is used to understand 

the complex interconnection of data analytics, organizational processes, and the 

effectiveness of decision-making. Recent studies have demonstrated that the capability to 

effectively utilize analytics techniques can significantly enhance a firm’s capacity to 

process information. This enhancement, in turn, has been shown to positively impact the 

decision-making process within organizations, as evidenced in the academic 
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contributions of Cao et al. (2015) and Srinivasan & Swink (2018). This line of reasoning 

establishes OIPT as a robust theoretical framework for examining how data analytics 

impacts organizational structures and processes. 

 

The theory elaborates on the distinct yet interconnected concepts of data’ information, 

and knowledge. Data is depicted as raw, factual elements, like transaction records, which 

alone do not offer insights. This data undergoes cognitive processing to become 

information, which is characterized by its relevance, accuracy, timeliness, and 

conciseness (Zack, 2007). Information functions as a communicative message between a 

sender and receiver, capable of altering the receiver’s existing knowledge. Knowledge is 

then seen as a blend of experience and values at an individual level (Srinivasan & Swink 

(2018). 

 

Facing the contemporary dynamic business environment, ambiguity is frequently 

encountered as organizations navigate through situations characterized by multiple and 

conflicting interpretations. The theory suggests that the more information an organization 

processes, the more effectively it can respond to its environment. It emphasizes the 

importance of information flow within an organization and how the organization's 

structure can be designed to facilitate this flow. (Cao et al., 2015). 

 

In the context of organizational management, uncertainty often emerges from a deficiency 

of information that is sourced from data. Galbraith (1974) posits that to mitigate such 

uncertainty, it is imperative to not only acquire but also effectively process additional 

data. On the other hand, complexity is encountered when an organization is faced with an 

excessive volume of information that necessitates processing. In both instances, the key 

lies in the optimization of the available information, a process underscored by Kowalczyk 

and Buxmann (2014). This optimization is increasingly reliant on sophisticated 

information processing techniques, with information technology playing a pivotal role in 

contemporary corporate settings, as emphasized by Zack (1993). Therefore, information 

technology assumes a vital role in the information processing strategies of firms, aiding 

in the management of both uncertainty and complexity in organizational contexts. 
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2.8 Thinking Fast and Slow 

It has been identified that the human cognitive processes inherently limit our reasoning 

and decision-making abilities (Artinger et al, 2015; Kahneman & Tversky, 1973).  

Therefore, to make reasonable decisions with minimal cognitive effort, humans employ 

cognitive heuristics. These are simple mental strategies that facilitate our handling of 

complex tasks and uncertain situations (Kahneman & Tversky, 1973; Lau & Redlawsk, 

2001). In decision-making contexts, people tend to focus on information that is relevant 

while ignoring irrelevant information (de Grujiter & de Poot, 2019). Although these 

heuristics typically enhance the efficiency and effectiveness of decisions, they can also 

lead to cognitive biases due to severe and systemic errors (Kahneman & Tversky, 1973).  

 

Thinking fast and slow offers an exploration into how the human minds work and presents 

that decisions are governed by two primary systems of thought. The dual-process model 

distinguishes between the intuitive, automatic operations of System 1 and the deliberate, 

reasoned calculations of System 2. System 1 is associated with a fast-thinking process, 

described by Kahneman and Tversky (1973) as intuitive, automatic, emotion-led, and 

often operates below the level of our conscious awareness. Essentially, the process 

includes gut reactions and intuitions impacting the behavior without explicit knowledge. 

The decision-making process is influenced by feelings and perceptions based on past 

experiences and stereotypes which are generated through System 1. On the contrary, 

System 2 corresponds to thinking slowly and is conscious, controlled, deliberate, and 

logical and the operations are performed with full awareness and require a significant 

amount of effort (Kahneman & Tversky, 1973). 

 

However, Kahneman and Tversky's work (1973) extends beyond a collection of 

physiological insights. A critical assessment of the reliance on human judgment, 

including introspection and the propensity to lean on gut feelings in professional 

situations necessitates analytical deliberation. Intuitive thinking systems can easily fool 

humans in decision-making and therefore two different biases are presented below. 

 

2.8.1 The Frequent Exposure Bias 

The frequent exposure bias is described as “A reliable way to make people believe in 

falsehoods is frequent repetition, because familiarity is not easily distinguished from 
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truth.” (Kahneman, 2011, p. 62). This bias indicates that continuous exposure to a 

particular stimulus increases a person's preference for it, regardless of its intrinsic value 

or quality. The more we see something, the more we trust it. In decision-making, frequent 

exposure bias can lead to suboptimal choices. Individuals might prefer a known but 

inferior option over an unfamiliar, potentially superior one, simply due to their recurrent 

exposure to the former (Bornstein, 1989). Understanding and mitigating the frequent 

exposure bias is crucial for fostering an open mind and making informed decisions in 

personal and professional contexts (Pariser, 2011). Managers must, in that aspect, pause 

before making major decisions and questioning whether a choice is based on its 

excellence or simply due to repeated exposure. 

 

2.8.2 The Tunnel Vision 

A second faulty fast-thinking bias is the tunnel vision. The growing amount of data can 

lead to information overload and cause an increased probability of tunnel vision (Cao & 

Nijholt, 2008). It limits individuals’ ability to see the broader context and consider 

alternative perspectives or solutions. This bias can affect decision-making processes and 

problem-solving abilities, leading individuals to concentrate intensely on one specific 

aspect or detail while neglecting other relevant or conflicting information (Eysenck & 

Keane, 2015). Kahneman (2011) calls it “W-Y-S-I-A-T-I", what you see is all there is. 

 

To overcome the tunnel vision requires a conscious effort to broaden the viewpoint of the 

individual and embrace a variety of perspectives and information. Strategies to mitigate 

this bias include seeking input from others, questioning initial assumptions, and actively 

looking for contradictory information (Gilovich, et al., 2002). When a certain scenario or 

decision appears familiar, it is essential to inquire why the opposite might be true. This 

makes the person test all the old assumptions, be prepared for new challenges ahead, and 

prevent underestimating a project and misleading other people (Eysenck & Keane, 2015). 

Essentially, it initiates a reassessment of identifying subconsciously ignored information, 

fostering a more nuanced understanding. 
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3. Methodology 

The purpose of the following chapter is to provide the theoretical background in terms of 

methodological framework and philosophical approach. Firstly, the research philosophy 

is presented to show the most suitable options for this thesis. Secondly, the methodology 

employed for the collection of data and the procedures for analysis are comprehensively 

illustrated. Lastly, the steps taken to uphold the quality of the thesis are described, along 

with a discussion of potential ethical considerations. 

 

3.1 The Tree Metaphor 

The foundational structure of the study's methodology is anchored in the tree metaphor 

developed by Easterby-Smith et al. (2021). This metaphor guides the methodological 

choices and ensures consistency throughout the study. As shown in Figure 1 below, the 

selection of methods and procedures within a research initiative is grounded in the 

foundational decisions related to methodology, epistemology, and ontology. 

 

Figure 1: The Tree Metaphor 

 
Source: Adapted from Easterby-Smith et al. (2021) 

 

3.2 Research Philosophy 

The research philosophy describes the underlying perception of reality and forms the 

basis for choosing the methodology, research strategy, data collection, and analysis. As 

described by Saunders et al. (2019) a comprehensive and consistent set of philosophical 

assumptions enables the researcher to gain a deeper understanding of the world by 
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considering the ontological, epistemological, and methodological aspects of research 

philosophy. Consequently, enhancing the quality of the research and making it possible 

for the researcher to effectively meet the goals of the research.  

 

Easterby-Smith et al. (2021) note that research philosophy encompasses the 

understanding of reality and the creation of knowledge. Traditionally, a distinction is 

made between epistemological and ontological perspectives. Epistemology is focused on 

the foundational assumptions about knowledge and how it is obtained whereas ontology 

relates to the study’s interpretation of reality (Easterby-Smith et al., 2021; Saunders et al., 

2019). Easterby-Smith et al. (2021) emphasize that a comprehensive understanding of 

research methodologies requires familiarity with the four primary ontologies. These 

ontologies include realism, internal realism, relativism, and nominalism, each offering 

distinct perspectives on the nature of “truth” and divergent viewpoints on the concept of 

“facts”.  

 

Realism and relativism are the main concepts within the ontological perspective, where 

realism describes that there is only one single truth, while the relativistic perspective 

underscores the crucial role of human interpretation in defining the nature of reality. 

Relativism acknowledges that the reality we perceive is not a fixed or objective entity, 

instead, it is a construct that results from individuals’ interactions and experiences. By 

recognizing the complexity of people's experiences, this approach encourages the 

researchers to pay more attention to the various context-based realities. (Easterby-Smith 

et al., 2021).  

 

The epistemology consists of different paradigms such as positivism and social 

constructionism. Positivism emphasizes that the world exists independently of our 

perceptions and that research should focus on objective measurements, not subjective 

interpretations. Therefore, the observers should stay separate from what they study, and 

personal or human interests should not influence the research process. Social 

constructionism, on the other hand, is grounded in the notion that reality is not objective 

and external, but rather, it is shaped and assigned meaning through social interactions 

among individuals (Easterby-Smith et al., 2021). Creswell and Poth (2018), describe 

social constructionism as an interpretative lens through which individuals seek to 
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understand the world, forming meanings that align with their unique experiences. In this 

context, the researcher aims to interpret meaning to the diverse ways in which people 

perceive the world. 

 

Easterby-Smith et al. (2021) indicate that relativist ontologies correspond with the 

epistemological framework of social constructionism. Consequently, to create a cohesive 

research design, this study adopts social constructionism as its epistemology and uses 

relativism as its ontology. The reason for using social constructionism is because the 

reality among the different people varies from one another due to how the individual 

perceives the world. Therefore, to capture various perspectives and present multiple 

truths, it was preferable to collect data from different sources. A constructionist believes 

that the truth is personal and shaped by our own experiences and views. Although it may 

not be universally perceived in the same ways, it still holds value and can be considered 

true, even if it is only for the individual who experiences it. With this in mind, we kept 

an open attitude and encouraged the participants to share their experiences, allowing us 

to uncover similarities and differences in the data across different cases. Additionally, the 

study uses a relativistic ontological approach since the aim was focused on asking “how” 

questions to better understand how data influences managers' decision-making process 

and their managerial practices as well as the challenges and opportunities faced when 

utilizing DDDM. 

 

3.3 Research Approach 

According to Creswell (2021), there are common practices within research that adopt 

either a qualitative, quantitative, or mixed-method approach, which shapes the processes 

of data collection, analysis, and interpretation. In relation to the research philosophy, a 

qualitative approach is used for this study. By following a qualitative approach, the goal 

is to collect different perspectives from participants and cases with relevant backgrounds 

to meet the research purpose. This approach empowers the study to explore the 

complexities of the effects of DDDM beyond numerical quantitative data. It enables the 

study to capture nuances perceptions and experiences of managers directly engaged in 

DDDM (Easterby-Smith et al., 2021). 
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Furthermore, Saunders et al. (2019) describe that theory can be applied through 

deduction, induction, or abduction. In quantitative studies, it is common to use a deductive 

approach together with a positivistic approach, which indicates that a theory already exists 

(Azungah, 2018; Walker et al., 2023). In deductive reasoning, the approach proposes a 

broad theory or hypothesis and then tests its validity with empirical observations or data, 

moving from a general level to a more specific focus (Saunders et al., 2019). It seeks to 

obtain empirical findings to either confirm or challenge the hypothesized claim. On the 

contrary, using an inductive approach the study aims to formulate a theory based on the 

collected empirical data and is predominantly employed within qualitative studies since 

it facilitates the exploration of subjective perspectives and the construction of reality 

(Easterby-Smith et al., 2021). Inductive reasoning aims to uncover new insights that 

extend beyond the scope of existing research or literature. An abductive approach 

combines elements of both deduction and induction reasoning by moving back and forth 

between the specific and general (Saunders et al., 2019). 

 

Based on the literature review, there is a gap in research on how the decision-making 

process within organizations is influenced by data and how managers operate within the 

phenomenon of DDDM. Therefore, an inductive approach was used to build a theory 

based on the findings regarding managerial practices and decision-making processes 

when utilizing DDDM. Deductive reasoning was found unsuitable for this study since its 

rigidity and dependency on pre-formulated theories, which potentially hinder the 

discovery of new ideas that are not compatible with existing theories. In addition, an 

abductive approach was not considered feasible because there did not exist enough 

research on how data influence the managerial practices and the decision-making process 

when utilizing DDDM. Therefore, the inductive approach was considered the most 

relevant since the objective of the research is to develop new insights into the processes 

of decision in organizations using DDDM. 

 

3.4 Research Design  

A research design serves as a crucial framework for answering the research questions, 

emphasizing the significance of clearly defining them (Saunders et al., 2019). This 

framework defines specific objectives connected to the research questions, identifies the 
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selected data sources, and explains the methods for collecting and analyzing data 

(Easterby-Smith et al., 2021; Saunders et al., 2019). 

 

Case studies refer to a research design focused on an in-depth and comprehensive analysis 

of one or a few numbers of organizations, individuals, or events, which are typically 

observed over a specific period (Bell et al., 2022; Easterby-Smith et al., 2021). The unit 

of analysis in a case study is the main entity from which data is obtained. It could be 

organizations, individuals, groups, or events (Easterby-Smith et al., 2021).  

 

According to Saunders et al. (2019), the research design can be classified into three 

primary types which are exploratory, descriptive, or explanatory research. Explanatory 

research focuses on determining cause-and-effect relationships among variables, 

addressing questions that delve into the reason behind phenomena and the mechanisms 

that drive them (Saunders et al., 2019; Zikmund, 2000). Descriptive research focuses on 

acquiring a better understanding of individuals, situations, or events (Saunders et al., 

2019). It typically involves questions that ask “where”, “when”, “who”, “what” or “how” 

(Saunders et al., 2019; Zikmund, 2000). Exploratory research is designed to offer insights 

into existing phenomena. This type of research is especially useful for gaining clarity and 

deepening understanding of a specific problem or phenomenon. In exploratory research, 

it is crucial to pay attention to new data to ensure the accurate identification of new 

insights (Saunders et al., 2019). 

 

In this study an exploratory approach is the most suitable approach since it allows us to 

investigate the topic with open-ended questions, facilitating the generation of new 

insights. Furthermore, Saunders et al. (2019) explain that one of the advantages of using 

exploratory research is its flexibility, allowing it to adapt easily to changes and 

modifications as the study evolves. 

 

This thesis also employs a multiple case study approach to develop our research 

methodology, where the unit of analysis is the organization. This method is primarily 

designed to construct a theory through the analysis of multiple cases and systematic 

reasoning. According to the social constructionism paradigm, reality is inherently 

subjective and influenced by its contexts. Therefore, case studies serve as an effective 
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tool to gain insights into the experiences and perspectives of participants, as they examine 

a phenomenon in its natural setting (Collis & Hussey, 2014). The reason why a multiple 

case study has been conducted in this study is because it enables us to facilitate a thorough 

exploration of the topic and encompass diverse perspectives from various managers. 

Furthermore, we can examine several cases to understand both similarities and 

differences between the cases (Baxter & Jack, 2008; Stake, 1995). By grounding the 

suggestions more deeply in several empirical evidence, we can construct a theory that is 

more persuasive. Utilizing multiple cases for research not only broadens the scope of 

inquiry but also facilitates the evolution of theory (Eisenhardt & Graebner, 2007).   

 

3.5 Sampling Strategy 

Based on the qualitative approach, a purposive sampling strategy was chosen. According 

to Easterby-Smith et al. (2021), a purposive approach is commonly used when the 

researcher has a clear understanding of the required size and type of sample units needed 

to address the research question. A criterion for this study was that each participant held 

a managerial position within an organization utilizing DDDM, with the participants 

representing cases selected for the multiple case study. Except for the position of the 

participants, the choice was relatively flexible since the aim was to get a better 

understanding of managerial practices and how the data influences the decision-making 

process. Managers from different organizations were appreciated to get a wider range of 

practices and all the participants and organizations were positioned in Sweden, which 

made the interview and contact process easier.  

 

To find suitable participants, we contacted individuals from our internship and 

acquaintances that used DDDM in their work. But we also searched on the internet for 

companies that utilize DDDM in their practices and contacted individuals on LinkedIn. 

The second step included an e-mail presentation of us, our research, and the purpose of 

the study as well as how the organization would benefit from participating in the study. 

At the end of the e-mail, we included our contact details, to allow participants to reach 

out if they wanted more information. This resulted in ten interviews, with individuals 

from different organizations that fulfilled the criteria of this study. The interviews 

conducted for this study are adequate to address the research question and to fulfill the 

study’s purpose. 
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3.6 Case Selection 

The Eisenhardt method underscores the significance of selecting cases that have 

theoretical relevance rather than relying on statistical sampling methods (Eisenhardt, 

1989). Therefore, we selected six cases that were based on the participant's managerial 

experience within DDDM. The positive aspect of examining several cases across diverse 

industries, that utilizes DDDM is that the researchers gained a thorough understanding of 

the phenomenon, where the outcomes will contribute to the creation of a framework 

applicable to managers in various industries. Following the method, we selected cases 

that are not only representative of the DDDM phenomenon but also diverse in nature. 

Furthermore, our case selection aimed for both literal replication and theoretical 

replication. When it comes to literal replication, cases are chosen with the expectation of 

producing similar outcomes. Conversely, in theoretical replication, cases are chosen to 

anticipate different results based on theory, which is consistent with Eisenhardt's 

approach (1989). By employing both methods, we ensured the relevance and applicability 

of our findings to a broader audience or context. 

 

3.7 Data Collection 

3.7.1 Table of Empirical Data 

Table 2: Table of Participants 

Data Types 
 

Case A Case B Case C Case D Case E Case F 

Online 
Interview 
 

70 min 65 min & 
68 min 

72 min & 63 
min 

65 min & 69 
min 

72 min 80 min & 
56 min 

Participant 
 

1 2 & 3 4 & 5 6 & 7  8 9 & 10 

Industry 
 

Rental and 
Leasing 

Furniture 
and Retail 

Manufacturing Manufacturing  Logistic and 
Transportation 

Furniture 
and Retail 

Market 
Segments 

B2B & 
B2C 

B2B B2C B2B & B2C B2B B2C 

 
3.7.1.1 Case Descriptions 

To maintain anonymity and confidentiality, we have limited the details provided for each 

case, organization, and participant. This precaution is crucial for adhering to the ethical 

considerations of this study and to ensure the privacy of all participants involved. 

Consequently, there will be no specific details such as explicit business description, 

location, or size. 
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Case A 

Case A is a company in the rental and leasing industry that utilizes DDDM in its short-

term and long-term operations. Participant 1 has worked for the company for 

approximately one year and has a position as Accounts Receivable Manager. Participant 

1 is responsible for making daily decisions but also more long-term decisions. The 

participant has a bachelor’s degree in economics and a master’s degree in business and 

administration. 

 

Case B  

Case B represents an enterprise in the furniture sector, adopting a make-to-order business 

model and utilizing DDDM in its daily and long-term operations. Participant 2 is the head 

of business control and has over nine years of tenure at the company, the first six serving 

as a business controller within marketing and sales. Participant 2 mostly makes 

operational decisions but also gathers information and provides analysis for the board of 

directors who make strategic and long-term decisions. The participant has a bachelor's 

degree and many years of experience in data-driven operations.  

 

Participant 3 has been an integral part of the organization for seven years, initially joining 

as a chief controller before advancing to the role of CFO. Before that, the participant had 

positions as project manager and head of financial control within the HVAC industry that 

typically relies on data.  

 

Case C  

Case C is a company in the manufacturing industry that utilizes DDDM in its tactical 

operations as well as daily and long-term operations. Participant 4 has the position of 

Country Manager and has been in that position for approximately two years and before 

that, the participant had a very long experience as a sales manager. The participant also 

has a two-year educational background in market economics. 

 

Participant 5 has the position of digital marketing director and has been in that position 

for approximately two years. The participant has previous experience in the company as 

a Global Social Media Manager where the individual was responsible for the 
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organization's social media strategy. The person has a long educational background in 

communication and has studied data and IT in combination with work. 

 

Case D 

Case D is a company operating in the manufacturing industry and offers technical 

equipment and development services for solar energy. The company is focused on 

developing technology to increase the productivity and profitability of solar energy 

installations. The company has been very technical and data-driven since its foundation 

in the early 2000s. 

 

Participant 6 has served as the CFO of the company for approximately one year. With a 

background in both the civil engineering industry and the furniture business, the person 

brings a wealth of experience to the role. Over the past three decades, the participant has 

held positions as a controller, financial manager, and CFO in various companies, 

spanning both manufacturing and consultancy sectors. Notably, the person has an 

academic background including a degree in business administration. 

 

Participant 7 has been engaged with the company for a period of one and a half years and 

currently holds the position of Accounting Manager. Prior to this role, the individual 

acquired considerable expertise as an Accounting Consultant and Finance Assistant at 

various other companies. Throughout the career, the person has consistently employed 

data-driven methodologies to facilitate informed decision-making processes. 

 

Case E 

Case E is a company in the logistics and transportation industry where DDDM plays a 

crucial part in their daily and long-term operations. Participant 8 has the position of 

Production Manager and has been in that position for approximately one and a half years 

and has previous experience in the logistics industry. The participant also has a logistic 

educational background.  
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Case F 

Case F is a company in the furniture and retail industry where DDDM is utilized in many 

ways. DDDM is utilized both in the daily operations but also at the strategic long-term 

level. Participant 9 has been a Marketing Manager for approximately four and a half years 

and has previous experience as a sales manager, as well as a logistics manager within the 

company. Participant 9 started an education at the university but decided to quit and 

instead started working at the company full-time. 

 

Participant 10 works as a Warehouse Manager and has been in that position for 

approximately two years. The participant has previous managerial positions and 

experience in other companies and an educational background in economics and logistics. 

 

3.7.2 Primary Data 

Primary data is used by researchers “for the specific purpose of addressing the problem 

at hand” (Nunan et al, 2020, p. 86) and it refers to gathering and analyzing original source 

material (Nunan et al., 2020). In the context of qualitative studies, data collection entails 

the gathering and creation of linguistic or visual data, which can include methods ranging 

from interviews and focus groups to observational practices (Eisend & Kuss, 2019; Flick, 

2018). Considering the study's available resources, interviews were identified as the most 

appropriate method.  

 

Conducting individual interviews is a powerful way to explore the inner workings of the 

human mind since it leaves space for thoughtful pauses and allows for reflection.  

Furthermore, utilizing one-on-one interviews can be beneficial as it enables the 

interviewer to extract deeper insights from the participants while respecting their 

sensitives by ensuring anonymity, confidentiality, and flexibility. (Fontana & Frey, 

2005). 

 

3.7.2.1 Design of the Interviews 

Within the framework of qualitative research, interviews can be categorized as structured, 

semi-structured, or unstructured (Mueller & Segal, 2014). In structured interviews, the 

interviewer adheres to a prearranged series of questions delivered in a consistent sequence 

and manner (Mueller & Segal, 2014). Given the approach of this study, a structured 
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method is inappropriate since the questions then should be presented exactly as they are 

written, hindering any chance for more in-depth exploration. Conversely, unstructured 

interviews focus on allowing the interviewee's storytelling and letting the participant 

drive the interview progression. It allows the interviewee to engage in an uncontrolled 

conversation, but it can make the comparison of responses and the detection of data 

patterns both difficult and time-consuming (Saunders et al., 2019).  

 

Semi-structured interviews, however, incorporate a blend of predetermined questions and 

the flexibility to adapt the question's sequence and content (Mueller & Segal, 2014). In 

this study, the primary data was collected through semi-structured interviews since it 

enables a dynamic interaction between the interviewer and the interviewee, allowing for 

an in-depth exploration of both professional experiences and personal reflections (Bell et 

al., 2022) 

 

To ensure the relevance and quality of our research, we initiated the process by 

conducting a pilot interview. This interview enabled us to collectively evaluate the 

questions, interview structure, timing, and overall performance. The pilot interview was 

with Participant 1 and lasted approximately 70 minutes, featuring questions of overall 

good quality. However, to get a more in-depth and informative discussion, we recognized 

the importance of incorporating additional follow-up questions. The aim for the interview 

was to last around an hour, which was something we fulfilled directly and therefore there 

was no need for additional main questions.  

 

3.7.2.2 Conducting the Interviews 

In total, ten interviews were conducted with participants from different organizations and 

industries. The reason why these participants have been selected is to get different 

perspectives on the phenomena.  

 

With a total of 11 hours and 20 minutes of gathered data as seen in Table 2 it resulted in 

268 pages of transcription and with that the researchers assumed to have reached data 

saturation. This denotes that the researchers were convinced of having acquired a 

complete understanding of the cases and the respective participants´ perspectives and 
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were certain that additional information would not contribute to any new insights (Given, 

2008). 

 

Due to the long distance between the researcher and the participants, time constraints, and 

lack of resources, the interviews were conducted online via Microsoft Teams. All 

interviewees were first contacted via email, explaining the purpose of the research and 

why they were asked to participate, with an attached consent form for them to overlook 

before the interview (see Appendix 2). The main interview questions were provided some 

days before the interview was about to take place. Furthermore, consistent with the 

consent form, all interviews were recorded in Teams. As a safety precaution, each 

interview was recorded both in Microsoft Teams and one mobile phone in case of 

technical issues. The interviews were held in Swedish, the native language of both the 

researchers and participants, to ensure clarity and prevent misunderstandings. However, 

the transcript of the interviews was translated into English to align with the language of 

the thesis. The informality of the quotes was maintained to avoid creating any biases.  

 

The interviews were conducted through a predefined format, starting with an introduction 

of the researchers, the purpose of the study, and the interview topic. Subsequently, the 

interviewee was offered a chance to ask any questions they had regarding the study or the 

researcher. After that, the interviewee was questioned about what data-driven decision-

making is and how they would describe it to make sure they had enough knowledge to be 

questioned about it.  

 

Although most participants had signed the consent form prior to the interview, they were 

still provided with a detailed explanation of its implications. They were informed about 

the assurance of anonymity and that the analysis would focus on identifying patterns 

across all interviews, not on individual evaluations. The objective of the recording was to 

prevent interviewer mistakes, especially those related to the inaccurate replication of data 

(Barriball & While, 1994). To establish a conversational structure and initiate the 

interview process (Qu & Dumay, 2011), the interviewee was initially requested to present 

themselves, their job role, and the company. Once the interviewee felt relaxed enough to 

talk freely, the conversation progressed in a structured manner, adhering to the themes 

specified in the interview guide (See Appendix 1). The interview was wrapped up by 
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giving the participants an opportunity to share any additional insights or thoughts they 

had regarding data-driven decision-making. 

 

3.8 Data Analysis 

The essence of qualitative research lies in the data analysis phase, and it predominantly 

shapes the research findings and conclusions (Flick, 2013). The success of qualitative 

research is contingent upon the adoption of a qualitative analysis that aligns with the 

objective of the study (Flick, 2013; Saunders et al., 2019). Therefore, given the study's 

exploratory nature, thematic analysis was selected. Utilized across realist and 

constructionist epistemologies, thematic analysis is an inductive strategy that involves 

identifying, analyzing, and defining themes within the data. Essentially, it implies 

searching within a dataset to detect consistent patterns of meaning. The primary benefit 

of this method is that it offers a structured, accessible, and adaptable way of analyzing 

qualitative data (Braun & Clarke, 2006). 

 

Unlike other analytical strategies that detect patterns in qualitative data, thematic analysis 

offers a distinct approach (Braun & Clarke 2006). By delving into the experiences and 

viewpoints of participants across different cases, thematic analysis helps to reveal the 

personal meanings and interpretations they ascribe to the studied phenomenon (Braun & 

Clarke, 2006; Saunders et al., 2019). In essence, thematic analysis is not intended to 

produce a theoretical foundation for the phenomenon in question. Instead, it focuses on 

uncovering fundamental patterns, themes, and insights that contribute to elucidating and 

making sense of the phenomenon within each case. Hence, with the explorative aim of 

this thesis, thematic analysis was determined to be the most appropriate approach.  

 

According to Braun and Clarke (2006), a thematic analysis involves more than just 

translating interview questions into themes, otherwise, it would indicate that no analysis 

has been conducted. Instead, the identification of themes should occur through a recursive 

process, requiring the researcher to navigate back and forth between different phases. The 

stages identified include becoming familiar with the data, generating initial codes, 

identifying themes, reviewing themes, defining themes, and compiling the report (Braun 

& Clarke, 2006).  
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The data was gathered using the recording and transcription tool of Microsoft Teams. 

Therefore, in line with Braun and Clarke's (2006) outlined phases, the step of becoming 

familiar with the data was particularly crucial when the transcription was automated 

through Teams. The transcript was thus compared to the audio recordings and any errors 

found were justified to ensure accuracy. Following this, each transcript from the 

individual cases was analyzed separately before comparing them. Each transcript was 

closely read by the researcher, making preliminary notes with the research objective in 

mind. After that, the researcher delved deeply into the data by actively and repeatedly 

reviewing it to identify meanings and patterns. 

 

3.8.1 Overview of Data Analysis & Coding Process 

The analysis was conducted inductively, starting with an empty sheet without any 

preconceived categorizations or adherence to the specific theoretical framework. Each 

case’s data was thoroughly examined, following a systematic approach. Significant 

phrases were identified during the data review process and then systematically inserted 

into a Microsoft Excel table.  

 

The next phase involved creating first-level codes, entailing the summarization of 

previously chosen sentences into a single word or phrase that resonates with the research 

question. The codes were entered into a separate column in the Excel spreadsheet to 

facilitate a comprehensive overview, enabling an easier comparison of codes and the 

elimination of any with different labels but identical meanings. A total of 45 first-level 

codes were formulated, facilitating a comprehensive overview and enabling easy 

comparison across the cases. In progressing with the data analysis, the first-level codes 

were examined to identify similarities that allowed for aggregation into categories. From 

this analysis, patterns emerged, leading to the grouping of the initial codes into 21 distinct 

categories across all the cases. In the final stage of the analysis, the investigation focused 

on identifying meanings and patterns across the categories, subsequently grouping these 

into distinct themes. 
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Figure 2: Coding Process of the Decision-Making Process 
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Figure 3: Coding Process of Managerial Skills and Organizational Culture 
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Figure 4: Coding Process of Challenges and Opportunities 
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3.9 Research Quality 

To ensure high quality in the study, various aspects have been taken into consideration, 

including Credibility, Transferability, Dependability, and Confirmability.  

 

3.9.1 Credibility 

According to Guba (1981), credibility involves the researcher’s ability to interpret and 

present the respondent's perspective in a trustworthy and convincing manner. We 

maintain the credibility of this study by dedicating ourselves to ensuring the accuracy and 

trustworthiness of the findings (Lincoln & Guba, 1985). One measure of this commitment 

is outlined in the methodology chapter, where we explain our qualitative techniques and 

the reason behind the decisions made. Additionally, our active involvement and in-depth 

understanding of the researched environment related to the phenomena of the study 

allowed us to analyze the data and ensure the chosen theories were connected and relevant 

to one another (Guba, 1981). During the interview process, we presented our purpose and 

research question to every participant. By ensuring that all participants understood our 

questions and the thesis purpose it enhanced credibility. Furthermore, after the interviews 

were completed and all the data were gathered, we offered the participants the option to 

receive our summarized data and analysis, providing reassurance that our findings aligned 

with their responses (Guba, 1981).  

 

3.9.2 Transferability 

Transferability can according to Guba (1981), be achieved by evaluating the applicability 

of the findings and analysis in different scenarios or contexts. To confirm applicability, it 

is necessary to offer a detailed description of all the methodological steps that have been 

taken during the study. This process is for others to comprehend and utilize our findings. 

Easterby-Smith et al. (2021), emphasize that offering a thorough study description 

enables readers to develop informed insights and apply theories and data in their own 

context. Moreover, one way to ensure transferability is by using purposive sampling. That 

means selecting specific cases or individuals that can provide a wide range of information 

seeking diverse perspectives for varied viewpoints and broadening the answers (Guba, 

1981).  
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To establish transferability in this study a purposive sampling has been followed by 

selecting cases and participant with managerial positions that utilize DDDM in their 

work. The selected participants work in different companies across various industries, 

which enriches this study by including various perspectives and viewpoints. Furthermore, 

a detailed process of how the data was collected as well as the analysis process has been 

provided, which makes it easy for others to follow each step of the process.  

 

3.9.3 Dependability 

Dependability refers to the consistency of the study, where the aim is to ensure that the 

collected data remain stable and unbiased over time (Guba, 1981). Moreover, Shenton 

(2004) explains that dependability encompasses the aspect of replicability, which is a vital 

component of research quality. This implies that our study must be replicable by other 

researchers using the same methodology. Consequently, the findings of this research are 

presented with as much precision and detail as possible. Furthermore, to ensure 

dependability the study emphasizes clear and relevant methods, providing a stepwise 

explanation, which should make it easier to trace the paths of information (Guba,1981). 

Another measure that was established to increase the dependability of the study was by 

implementing constant comparisons between the researchers. For example, the 

researchers analyzed the collected data independently and then compared their 

interpretations to avoid misinterpretations and identify similarities and differences, 

ensuring both consistency and reliability of the findings. If the researchers’ findings did 

not align, steps such as revisiting the collected data and codes as well as engaging in 

discussions until consensus was reached were taken to ensure the dependability of the 

study.  

 

3.9.4 Confirmability 

Confirmability focuses on the neutrality and accuracy of the data that has been selected 

and used (Lincoln & Guba, 1985). To achieve confirmability in this study, we adopted 

various measures to maintain objectivity and validate our findings. Firstly, we compared 

data from multiple perspectives, relying on different assumptions and sources to identify 

any inconsistencies or biases. This triangulation process helps to validate our findings by 

checking for common themes and reducing the influence of individual viewpoints. 

Secondly, to stay neutral during the whole process we did cross-checking and reviewed 
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each other’s work to minimize subjectivity. By critically evaluating each other’s analyses, 

the aim was to avoid personal bias and ensure the integrity of the research process. 

Additionally, to achieve accurate answers in our interviews, we took some measures to 

avoid influencing the participants. For example, we adopted an open-ended question 

approach, where the participants were encouraged to share their views freely without 

imposing our assumptions. This allowed us to capture accurate and honest data, 

contributing to the study’s confirmability. 

 

3.10 Ethical Considerations 

To maintain ethical considerations throughout the entire research process, it is crucial to 

ensure the accuracy and trustworthiness of the results. To uphold these standards, we 

implemented various measures to maintain the integrity of the study and protect the 

participant’s interests. In doing so, we followed the research ethics principles within 

management as outlined by Bell and Bryman (2007). 

 

One of the key principles by Bell and Bryman (2007) is about avoiding harm to the 

participants. When we first contacted the participants, we provided a clear explanation of 

the research’s key aspects and what we wanted to explore together with the company. We 

also provided the interview topics in advance, giving the participants a chance to decline 

or ask for clarification on any questions. Throughout the interviews, we aimed to create 

a secure and open atmosphere that encouraged engaging conversations where participants 

could provide high-quality and honest answers and information. Ensuring a secure and 

open atmosphere during all interviews was crucial for collecting answers and information 

that were as transparent as possible. 

 

Another important principle discussed by Bell and Bryman (2007) is the anonymity and 

privacy of the participants. Therefore, it is essential to verify whether the participants 

agree or disagree to be included in the research publication. However, from the first 

contact we had with the participants, we made it clear to them that both the individual and 

the organization were going to be anonymous. Furthermore, all participants were assured 

that their data would only be utilized for the thesis process and immediately removed 

from all storage platforms afterward. The information obtained from the interviews was 

securely stored through password protection measures, which were only accessible to us. 
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4. Empirical Findings 

In this chapter, we present the empirical findings derived from coded data analysis, 

organized around themes and categories. Exploring the real-world application of DDDM 

across diverse organizational settings, we delve into distinct managerial practices 

observed. Through rich data from semi-structured interviews, we offer detailed insights 

into the decision-making process, highlighting key differences and similarities among 

cases. Situating our research within data-driven business environments, we underscore 

the transformative potential of DDDM in enhancing the decision-making process. 

Additionally, we offer a summary table encapsulating the most significant insights from 

the data. 

 

4.1 Decision-Making Process 

4.1.1 Identify Problems and Opportunities  

Between the cases, there are different strategies to identify the first step of the decision-

making process. Some cases focus on the problems in the organization while others focus 

on the opportunities that can be seen in the market, trying to meet the organizational 

objectives or long-term strategy.  

 

4.1.1.1 Market Analysis of Opportunities 

Case B and F align with each other by focusing on opportunities. Both participants 

mentioned that they seek to understand and identify market opportunities by looking at 

the data in different stages and recognizing needs: 

 

"We have project cycles with different phases, where you first identify a need to 

develop a new product, or there is an opening in the market. You look at different 

data at different stages, but you try to come in early to identify the need in the 

market." – Participant 3, Case B  

 

"[...] and then we check the need, what effect and positive impact this has. And 

we made this decision based on the data we have, then we see that an expansion 

and a need already exist today.” – Participant 9, Case F 
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Case D also considered the identification of opportunities in the market but through 

observing trends as the first step in the decision-making process: 

 

"[...]which is a factor where we can see what the market looks like and how it 

moves." – Participant 6, Case D 

 

4.1.1.2 Market Analysis of Problems in the Organization 

The three cases, A, C, and E noted that they seek to identify problems within processes 

or related to specific customers as their initial phase of the decision-making process. 

Essentially, they try to discover where they fall behind and where action is needed to 

develop the business: 

 

"Where do we see, in which country, in which process do we see that there are 

problems? Based on this data that we collect, we discuss where we need to act, 

what we need to develop." – Participant 1, Case A 

 

"If it is some area or a specific customer that is falling behind, then you initiate 

activities to correct the deviations that exist." – Participant 4, Case C 

 

"Where in our warehouse do we see that we will encounter concerns in the near 

future if we don't take action on it."  – Participant 8, Case E 

 

Additionally, Case B and C emphasize the importance of recognizing patterns in the 

organization's direction and ensuring they align with its overall and long-term strategy: 

 

“That is, to follow up and understand where and how the business is going and 

how different parts move.” – Participant 2, Case B 

 

"After all, it is about looking at the challenges that are coming. Where are we 

going and what goal, and how are we going to get there? So having a plan on that 

we make more long-term decisions." – Participant 5, Case C 
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4.1.2 Collection of Data 

All the cases mentioned that they use a system to gather data whereas most use a CRM 

system and tools like Power BI. However, it can also be self-developed systems that 

gather information and systems like Google Analytics. There is a difference between the 

cases regarding what industry they are in and what kind of data is collected. For example, 

Case F collects data about the municipality and customers while Case E collects data 

about the productivity in the warehouse. 

 

4.1.2.1 Data Collection Tools and Sources 

In Cases A, B, and D, all participants mentioned that they are using CRM systems and 

Power BI:  

 

"Then we have a CRM system where we enter a lot of data ourselves so that we 

can control a deal over the entire process. [...] And then we work a lot with Power 

BI to produce slightly clearer reports and present them." – Participant 1, Case A 

 

"CRM system, in that system we collect order entry data. Then a connection to 

databases in Excel is made, and someone is then sitting in a more static system 

such as Power BI." – Participant 3, Case B 

 

"We then run Power BI where we actually retrieve all the data and analyses, 

information about the report and build them from there." – Participant 6, Case D 

 

In Case C both Participants 4 and 5 explained how they use Google Analytics, META, 

and their own apps to collect data: 

 

"First there is the collection of data and then we use the sources we have access 

to, such as Google Analytics, META, and our own apps." – Participant 4, Case C 

 

Case D corresponds with Case C, as Participant 6 mentioned that they also use their own 

system for data collection: 
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“All the data that the decisions are based on and what we have is a lot, a large 

part of that data is in our self-developed system, called KALK.” – Participant 6, 

Case D 

 

In Case E Participant 8 mentioned that different kinds of systems are used to collect data 

used in the operational decision-making process: 

 

"We have systems that give us daily reports on, how it looks in our occupancy rate 

through the respective areas. We also have systems that follow picking averages 

down to person level and hourly." – Participant 8, Case E 

 

In addition, Case F explained that they have different systems as well as Case E, but they 

instead collect a lot of external data concerning customers and changes in the 

municipality: 

 

“After all, we have a database that collects all this data from different authorities 

and municipalities and county councils” – Participant 10, Case F 

 

4.1.2.2 Consolidation of Data 

Participants 2, 6, and 9 in Cases B, D, and F, explained how data is consolidated from 

various business systems into a single data warehouse:  

 

"All the internal information, the data, is essentially taken from our business 

systems. [...] we extract information from the business systems and then package 

it into a data warehouse." – Participant 2, Case B 

 

"Try to make them as centralized as possible so that we work with the same type 

of data. So, we try as much as possible to consolidate all data in our Data 

Warehouse." – Participant 6, Case D 

 

" [...] when it comes to data-driven ones, I would say it's probably about fifteen 

systems that we integrate. And put into a data warehouse where we can essentially 

connect the data as we want." – Participant 9, Case F 
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In Case B, Participant 3 consolidated both historical data and predictive data: 

 

"Looking at it from a sales company perspective, it's a mix of historical data and 

forward-looking order intake and invoicing." – Participant 3, Case B 

 

Another aspect concerning the consolidation of data is discussed by both participants in 

Case F, the use of different systems tailored to manage various aspects of a business 

operation: 

 

"There are different systems based on which part of the operation we need to keep 

track of." – Participant 9, Case F 

 

"Different systems based on whether it concerns the commercial parts, or if it's 

about people, or about property. We have a lot of data related to our employees, 

what we call I-share." – Participant 10, Case F 

 

4.1.2.3 External vs Internal Data 

Participants 1 and 8, in Case A and E respectively, described the utilization of both 

internal and external data within the DDDM process. However, Case F predominantly 

relies on internal data to inform the decisions, while Case A incorporates external data as 

well to enhance the analysis: 

 

"We collect data from customers as well as portfolios and risks. We also observe 

various interest flows from the banks." – Participant 1, Case A 

 

"We measure picks per hour. We measure our departure times, we measure all 

our incoming deliveries against contracts, how long they can stay in certain areas 

before they are sellable." – Participant 8, Case E 

 

Furthermore, Case B through D and F integrate both internal and external data, ensuring 

a balanced reliance and do not predominantly or exclusively use one of them:  
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"Most of the data we work with is the one that is in our business systems. It does 

happen to some extent that we collect data from external parties. We combine 

internal data with external data.” – Participant 2, Case B 

 

"It's mostly internal in our systems today. Then we have KPIs from which we 

gather data. For example, we collect data from energy values, we gather sunny 

days, and we collect connections, like to the power grids, where we can see what 

the market looks like, how it is moving." – Participant 7, Case D 

 

"We have customer data, especially considering our catchment area which is 

relatively large. [...] we have a large amount of data on living situations, ethnicity, 

migration in and out, plans for the different municipalities and counties in urban 

development." – Participant 10, Case F 

 

4.1.3 Data Preparing 

One of the most important steps for all the cases is the data preparation phase, this means 

looking at which parts of the collected data are relevant to include in the analysis. This 

process involves filtering and determining what data is relevant to the organization before 

making a decision.  

 

4.1.3.1 Ensuring Data Accuracy and Sufficiency 

All the cases mentioned the importance of having accurate and sufficient data before 

moving to the next part of the decision-making process. In Case A, Participant 1 

mentioned the importance of basing decisions on accurate information:  

 

"We want to make decisions based on accurate information and that we have 

enough basis to feel that we can make this decision.” – Participant 1, Case A 

 

Case A continued to explain that sometimes you need to correct the collected data before 

starting the analysis process: 
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"And then you see perhaps a little more easily what is wrong and then you can 

correct it and there is a little more than the data shows errors." – Participant 1, 

Case A 

 

In addition, Case B and D discussed the relevancy of the data where Case D also 

expressed that going back and forth and filtering it until the data is relevant to analyze 

further is essential: 

 

"And you have to be a bit systematic, you have to try to capture everything you 

can think of, i.e. everything that can be thought of as being relevant for some kind 

of decision. " – Participant 3, Case B 

 

"[...]then I guess I can simply go back with the data. And fine-tune it until you feel 

you have that understanding and feel secure with it as well." – Participant 6, Case 

D 

 

Case B continued describing that you need to structure the collected data to make it easier 

to interpret:  

 

"We have a lot of fields and systems and things like that, and slightly different 

structures in the data so that it can be more or less difficult to interpret it. " – 

Participant 2, Case B 

 

Furthermore, in Case C, it is also mentioned that it is important to include only relevant 

data by clearing and categorizing it:  

 

"You always have to check and wash the data." – Participant 4, Case C 

 

"[...]clean up the data and sort of categorize, sort of find ways to put it in one 

place and then be able to make tools to sort of dive into it." – Participant 5, Case 

C 
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4.1.3.2 Rational vs Non-Rational Data  
Each approach reflects different strategies for managing data for decision-making, 

showcasing a range from flexible to structured data utilization. While Case B leans more 

towards a non-rational, flexible approach to data relevance and usage, both Case C and 

Case D illustrate a rational methodology focused on hypothesis testing and systematic 

data integration:  

  

"Well, you could say that we collect what we have found to be relevant for running 

the business and making good decisions. It does happen that we remove 

information and then add something because we think it becomes more relevant 

that way. Of course, there are no such specific goals, most information is 

included." – Participant 2, Case B 

  

"We collect as much data as we can and then we have models for how we use it. 

It's very much because we gather data and have a hypothesis. Then we test this 

hypothesis and if it works as we anticipated, we implement it." – Participant 5, 

Case C 

   

"DDDM for me is about gathering as much data as possible, and being able to 

integrate, analyze, and combine the data across our systems." – Participant 6, 

Case D   

 

4.1.4 Analysis of Data 

All the cases used different tools to analyze their data. However, one similarity between 

the cases is that they all identify patterns and trends in their data to make decisions. 

Although the analysis is used to achieve different goals. For example, some use analysis 

to predict the future, while others examine the data to explore the current problems and 

demands. 

 

4.1.4.1 Identifying Patterns and Trends 

Case A expressed that over the course of time a trend in the behavior of the customer base 

is identified: 
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"We undertake a detailed scrutiny and interpretation of the data relating to 

customers that have been problematic in the past. What is the current situation? 

How were affairs last year? What was the situation four months ago?" – 

Participant 1, Case A 

 

Case B also looks at the correlations that emerge to spot trends:  

 

"Looking at the connections, are there other correlations too? Like, what sort of 

patterns can we observe?" – Participant 2, Case B 

 

Case C highlighted how the behavior of the customers shows patterns that visualize the 

customer journey: 

 

"We're always spotting things that we use to try and make improvements on. 

Maybe the customers have acted one way but, we have had a totally different idea 

from the start, so we've got to follow the data. Alright, here we might need to 

change how we've designed the customer journey. " – Participant 5, Case C 

 

4.1.4.2 Utilizing Data for Forecasting and Projections 

Between the cases, there are both similarities and differences regarding the use of 

descriptive, predictive, or prescriptive analysis. In some cases, it can also be seen that 

they use a combination of different approaches. Case A described employing descriptive 

analytics to review historical data and identify trends alongside using predictive analytics 

to project the company's future growth necessities: 

 

"What does it look like? What did it look like last year? What did it look like four 

months ago? And then, we do an analysis. Is there something we need to act on? 

[...] and from that, we can analyze or make a forecast for how we believe the 

company will grow, to avoid hiring and growing too quickly, while still meeting 

the demands that our new business, our new portfolios, impose on us." – 

Participant 1, Case A 

 



 
 

 
 

52 

Case B described using descriptive analytics by focusing on historical data on sales 

statistics to evaluate current business relationships:  

 

"But of course, to assess businesses and how well they match our potential, one 

takes sales statistics and looks at existing customers. It is an important analysis 

to understand what this customer means to us." – Participant 2, Case B 

 

However, in contrast to Case A, Case B did not engage in predictive analytics since the 

business primarily operates on a make-to-order business model:  

 

"But we don't really make forward-looking forecasts [...] Given that we mostly 

work with production to order, we don't build up inventory. We don't have a great 

need to predict the future in terms of what we will sell." – Participant 3, Case B 

 

Case C used both predictive and prescriptive data analytics. Predictive in the sense of 

using macroeconomic data to forecast future trends and prescriptive by also determining 

the best course of action to maximize future gains: 

 

"There is a lot of macro data, and then future decisions are made based on this 

macro data. It's not certain that I have guessed right about the future; if we look 

in the fall, it might turn out that I guessed completely wrong. [...] So, should I 

reallocate my choice of resources to start working more structured and try to 

capture this potential that lies within this topic and customer segment? " – 

Participant 4, Case C 

 

Case C incorporated mostly descriptive analytics by understanding past trends and 

behaviors to guide the decision-making and prescriptive analytics by using real-time data 

to personalize interactions:  

 

"We're dealing with both historical and real-time data, but it's mostly historical 

data. However, real-time data is also used, such as how customers are acting 

today. It's also used to personalize something. If we know you're very interested 
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in a certain product, it might be shown the next time you visit the site. So that's a 

very typical way to use real-time data, stored in cookies." – Participant 5, Case C 

 

Case D, Participant 6 uses descriptive by examining data from the past 3 to 12 months 

and predictive analytics by combining past data with forecasts to set future projections:  

 

"It somewhat depends on what you want. But a major part of the data, we look 

back 3 to 6 months, and then you also combine that with forecasts and 

comparisons so that you get projections and targets for the future. " – Participant 

6, Case D 

 

Participant 8 in Case E is concerned with all three types of data analysis, descriptive by 

using data to observe trends, predictive analytics by the AI system automatically reacting 

to sales trends, and prescriptive analytics by the immediate use of data:  

 

"When we look at the delivery, we input all the information we receive from the 

customer beforehand about a purchase order, and then our system or this data 

indicates that it should be unloaded at this dock because then you will have the 

shortest driving routes. Yes, and then we also have longer analyses that look more 

on an annual basis, noting that during a certain period [...] When autumn arrives, 

then our AI engine will tell us that this product should no longer be placed in a 

prime location because it won't sell anymore." – Participant 8, Case E 

 

Participant 10 in Case F, focuses on descriptive analytics using SWOT analysis to 

describe and organize the information for the decision-making: 

 

"[...] where we then incorporate them into a SWOT analysis. We also look at the 

effort and impact aspects of what would happen if we did this. What would it take 

for us to achieve this? What effort is required and what effect would it have? We 

include this in our long-term plans." – Participant 10, Case F 
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4.1.5 Make Decisions 

4.1.5.1 Type of Decisions 

In the realm of business operations, decision-making spans from immediate operational 

choices focusing on quick problem solving, tactical decisions bridging the daily 

operations with broader strategic goals, and strategic decisions shaping the long-term 

objectives. These decisions often involve input from various levels of management. 

 

Case A discussed being involved in both daily operational decisions and strategic long-

term operations as well as tactical decisions focusing on “how” by procuring resources: 

 

"I’m involved in both, I’d say. I mean, I make daily decisions all the time, and 

that’s in direct contact with customers and maybe with other organizations 

depending on the situation. But then, as I said, we have processes that we plan to 

have completed by 2025 – 2026. [...] Then I have projects. A colleague and I 

figured out what we think will happen during the year, how much we'll grow, how 

our system works today, and how we think the system could impact and simplify 

our processes." – Participant 1, Case A 

 

Both Case B and C are involved in day-to-day operational decisions. Case C discussed 

making both simpler operational decisions alone and strategic decisions collectively: 

 

"No, but obviously, I make a lot of decisions on a daily basis. " – Participant 2, 

Case B 

 

"It’s more like simpler decisions that I make myself, right away. And with more 

long-term strategic decisions, that’s where I never decide on my own." – 

Participant 3, Case B 

 

Participant 7 in Case D indicated working with strategic decisions but also tactical in the 

sense of setting up a plan to reach the strategic goals:  

 

"My job really revolves around strategy. Like, where are we going, what’s our 

goal, and how do we get there? So, setting up a plan is about making long-term 
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decisions. It’s about what direction are we heading in for the next three years?" 

– Participant 7, Case D 

 

In Case F, Participant 9 expresses working with tactical decisions in the sense of 

investments in people and training following the long-term goals and strategic decisions 

with long-term planning: 

 

"All the decisions that we make, we set up a plan together in the management team 

for our ambitions for the coming business year or years. Everything from 

investments in our properties, our people, training, etcetera." – Participant 9, 

Case F 

 

4.1.5.2 The Balance of Data and Intuition in the Decision-Making Process 

While data is crucial for decision-making, there is acknowledgment of the importance of 

intuition and experience. Balancing between data-driven insights and intuition helps in 

making well-informed decisions, especially in situations where data may be insufficient 

or inconclusive. 

 

Case A underlined the importance of not relying on data and taking emotional intelligence 

into account as well: 

 

"Emotions can play a huge part. I don't think you should shut off your emotions. 

You got to be human, right? And of course, I want to help all our customers." – 

Participant 1, Case A 

 

Case B suggests that a more data-driven approach is typically more straightforward as it 

minimizes the potential disruptions caused by personal feelings: 

 

"It’s more about being data-driven than emotional. Feelings are always a bit of a 

hassle because they can make you throw in stuff that might not be the best for the 

decision." – Participant 2, Case B 
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Participant 5 in Case C discussed the balance of blending analytical approaches with 

human judgment, particularly in complex situations where data alone may not be 

sufficient to guide actions: 

  

"[...] if you do the job right, then you have enough data points. It's rare that the 

data is off, but still, I can find myself in a situation where I've got data telling me 

one thing, and it seems all clear, but then, okay, I still have to make a decision 

based on my gut feelings. Data will never give you everything." – Participant 5, 

Case C 

 

Case D further reflected on the balance of data and intuition by expressing:  

 

"So, we try out what the data says, and then we try out what I feel. And sometimes 

it has actually turned out that the feeling was right. So, feelings are definitely 

involved, and sometimes they guide us." – Participant 7, Case D 

 

In Case F, Participants 9 and 10 discussed the importance of finding a balance between 

relying solely on historical data and intuition:  

 

"[...] but it could also be that someone blindly relies 100% on historical data or 

100% on intuition or a gut feeling. Then you sometimes need to stop and create 

that balance. But what am I basing this argument or feeling on? The feeling could 

be based on old data, but things change." – Participant 9, Case F 

 

"So, I think a good balance between data and common sense is important." – 

Participant 10, Case F 

 

4.1.5.3 Experience-Influenced Decisions 

All the cases have mentioned that past experiences, both positive and negative, play a 

significant role in decision-making. Accumulated knowledge and lessons learned over 

the years contribute to better judgment and decision outcomes.  

 

Case A expressed that confidence in the decision-making is created from experience: 
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" [...] So I’d say that past experience kind of creates a sense of confidence, and 

confidence leads to efficiency, and efficiency leads to productivity, and see how 

everything escalates into something better." – Participant 1, Case A 

 

Case B corresponds with the response in Case A, as Participant 2 noted that repeated 

exposure to a scenario builds confidence over time:  

 

"After working with something for a few years, you tend to see patterns and 

tendencies much quicker. This is partly because you've seen the same example 

hundreds of times before. It gives you an instinctive feeling that this might be the 

case, and as you grow more confident, that feeling often aligns well with the data, 

even if you understand it intuitively." – Participant 2, Case B 

 

Case B adds that experience is a way of verifying the data: 

 

"[...] An experience means questioning the data you see. It's primarily about the 

data, but experience also means verifying the data." – Participant 3, Case B 

  

Case E expressed that experience occasionally influence the decisions: 

 

"I mainly base my decisions on data rather than feelings, although experience can 

sometimes play a role, we still try to stick to the data." – Participant 8, Case E 

 

4.1.5.4 Emotional Driven Decision-Making 

All cases expressed that ethical considerations and emotions are considered when making 

decisions, especially those involving individual customers and personnel rather than 

businesses. Balancing the corporations' goals and data with ethical principles ensures 

responsible decision-making. 

 

Case A particularly emphasized their approach to handling private customers versus 

corporate clients:  
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"I would say it mostly happens with the private customers, that emotions get 

involved. But on the business side, it is not a person behind it that will be affected 

individually and then it is easier to make decisions." – Participant 1,  Case A 

 

In addition, Case D highlighted the ethical challenges they face in dealing with individual 

customers struggling to pay:  

 

"[...] but I think the ethical aspect becomes more personal when an actual person 

calls in and says that they feel awful, or something has happened so they can't 

pay." – Participant 7, Case D 

 

Case C expressed the importance of a balance of considering quantitative data, like sales 

performance, with qualitative data such as intuitive judgments about employees to 

influence the decision-making regarding personnel: 

 

"So definitely, you don't always have a huge amount of information for every 

decision you make, but it's also about sometimes making decisions about people, 

and those decisions aren't always super data-driven." – Participant 4, Case C 

 

Participant 10 in Case F also discusses the emotional impact of making tough decisions, 

particularly when it comes to employment:  

 

"Well, of course, emotions come into play, especially if it's a decision to terminate 

someone's employment. That’s very emotional for me too." – Participant 10, Case 

F 

 

In addition to Case C and F, Participant 7 in Case D expresses their approach to decision-

making in the context of team management, where emotional intelligence and personal 

judgment play a crucial role:  

 

"We mostly use the data. Then, of course, my feelings matter, but they play a 

bigger role in how I manage a team." – Participant 7, Case D 
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Furthermore, Case E also aligns with all the other cases concerning that the process of 

staffing is more influenced by intuition and personal impressions than by data:   

 

"When you look at staffing for different roles and stuff, you really go more on 

feelings. There, you still rely a lot on your gut and the impressions you get from 

people and your experiences with them rather than data." – Participant 8, Case E 

 

4.1.5.5 Adaptability and Flexibility 

Decisions are subject to change based on evolving circumstances and new information. 

Being adaptable and flexible allows for adjustments in decision-making processes to align 

with current needs and conditions. 

 

Case A emphasized the need for adaptability in the management of their customer 

relationships:  

 

"So, things are progressing very quickly for us, and we are struggling to keep up, 

and to ensure that we do not have too many problematic customers. We must be 

very adaptable" – Participant 1, Case A 

 

Case F discussed the necessity of adapting company policies and approaches to assist 

customers who are struggling due to external economic shifts:  

 

"Many problem customers, especially now during the economic downturn, make 

it quite challenging for many companies. [...] they are struggling and need help, 

and we must adapt to what we can do because we cannot just drive them into 

bankruptcy." – Participant 9, Case F 

 

Participant 2 in Case B and Participant 8 in Case F, discussed how various external 

factors, like the evolving socio-economic conditions create difficulties: 

 

"Nobody knows, so right now data is very difficult, as difficult as during the 

pandemic I would say, but now there are more socio-economic aspects. What 
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happened to the labor market? What is happening with the housing market?" – 

Participant 8, Case E 

 

Participant 3 in Case B and Participant 4 in Case C focus on speed and note that the ability 

to perform tests and be proactive is essential in a fast-paced environment:  

 

"So, absolutely, it is much, much faster. It goes back to timing as well. Everything 

moves faster, the wheels turn faster, and you also have better tools today, so you 

can perform tests much more quickly." – Participant 3, Case B 

 

"Now it's important to be quick, quick on the draw here and to seize these 

opportunities before competitors come in before other players come in and 

disrupt." – Participant 4, Case C 

 

Case C addressed the rapid pace of change in technology and how it impacts the need to 

quickly be adaptable:  

 

"So, there is the time coefficient that plays a role. When we may have test-driven 

something, it turns out that by tomorrow the whole algorithm has changed, and 

this is probably the biggest challenge—that everything changes much faster than 

it ever has before, not just legislation, but the entire technology changes 

everything." – Participant 5, Case C 

 

4.1.5.6 Risk Management in Decision-Making 

The cases discussed different attitudes towards decision-making, where some show a 

greater willingness to take risks while others employ a more cautious approach. The 

participants varied in how they perceived and weighed risk, influenced by factors such as 

context, market conditions, stakeholder benefits, and potential gains.  

 

Case A showed a risk-seeking behavior concerning decisions involving losses:  

 

"But obviously, we try to weigh things. Is there a bigger chance for a good 

outcome or a bad one? But sometimes you have to make a decision that might 



 
 

 
 

61 

result in a loss. But there's a risk it could turn into a big plus." – Participant 1, 

Case A 

 

Case B showed adaptability and careful evaluation of alternatives, adjusting the risk 

tolerance based on the situation:  

 

"A formula in one context gives the green light, but in another context, it might 

not be green after all. That's kind of how the risks and challenges are." – 

Participant 2, Case B 

 

Participant 4 in Case C exhibits a risk-seeking behavior, especially in scenarios involving 

high stakes or substantial potential gains:  

 

"Maybe not extreme risks that could lead to disaster and cost a lot of money, but 

I'm definitely ready to take significant risks if the potential reward is substantial." 

– Participant 4, Case C 

 

The mindset of Participant 5 in Case C also reflects a willingness to engage in somewhat 

riskier behaviors that could potentially lead to greater rewards:  

 

"But to test things out and dare to drive the car a bit faster and take tighter turns. 

That's part of it, that's what we need to do." – Participant 5, Case C 

 

Participant 6 in Case D reflects the idea that individuals may adjust the subjective 

probability they assign to successful outcomes based on external conditions, a favorable 

market might lead them to overweight the probability of success:  

 

"And when you see that it’s a very positive market to enter, then you also dare to 

make quicker decisions with bigger risks. [...] that can vary depending on what 

type of decision it is, just based on how the market looks, whether the short-term 

or long-term gains are worth it compared to what you might lose, either in the 

short or long run." – Participant 6, Case D 
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The decisions in Case F, are influenced by how options are framed, or which aspects that 

are highlighted: 

 

"If we see that this won't make any difference for the customer, but it could 

potentially jeopardize our business, then we're much more cautious." – Participant 

9, Case F 

 

Case E may overweight the likelihood of positive outcomes when the potential gains are 

significant:  

 

"Depending on who benefits from a decision, it affects how much risk I'm willing 

to take. If it's going to really benefit the customer in the end, then we go for it." –  

Participant 8, Case E 

 

4.1.6 Evaluation of Decisions 

Regular reflection and evaluation of decision-making processes are essential for 

identifying strengths, weaknesses, and areas for improvement, which is highlighted in 

some cases. Feedback loops help refine decision-making approaches and enhance overall 

effectiveness. 

 

Participant 1 in Case A describes how the company identifies strengths, weaknesses, and 

areas for improvement through consistent evaluation, however, the focus of the analysis 

in Case A, B, and D respectively was predominantly on the operational aspects rather 

than evaluating the decision-making process:  

 

"Risk Committee meeting. And there it is everyone with some kind of responsibility 

at the company who every Thursday has about a one-hour meeting where we 

review the entire company's risks at that time, and there we use a lot of data that 

we collect throughout the year. It's more of an internal meeting where we see, but 

what risks do we have?" – Participant 1, Case A 

 

Case B focused on evaluating key financial metrics such as sales volume and profit 

margins:   
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"There is an analysis to see, essentially, how we are doing compared to last year 

and the budget. And it involves both volume and margin. It's about the region, the 

country. I first look at the entire corporation and then I drill down to the country 

level." – Participant 3, Case B 

 

Case D addressed an evaluation of how the company manages its workforce, ensuring 

that staffing levels are appropriately aligned with operational needs: 

 

"And then we also have a lot of follow-ups regarding our picking rates and so on, 

which we also use as a basis for staffing decisions, now and going forward." – 

Participant 7, Case D 

 

In Case D, Participant 6 emphasized that there is always a need for self-analysis after 

decisions are made, suggesting that this reflective process is crucial for evaluating the 

effectiveness of decision-making and for learning from past actions: 

 

"When making major decisions and some time has passed, one might feel that if I 

had gathered more data or if I had relied less on it, it could have led to a better 

outcome. So, absolutely, there is always an element of self-analysis after making 

a decision." – Participant 6, Case D 

 

Participant 9 in Case F, addressed evaluating and adapting strategies to ensure the 

organization can still meet its objectives despite unforeseen circumstances: 

 

"And it's the same thing in my case: a plan is a plan, but we know stuff will happen, 

and then we in the management team need to make decisions about deviations 

that occur if we don't deliver according to the plan and what we've agreed upon 

with our board." – Participant 9, Case F 

 

4.2 Managerial Skills 

All cases pointed out some similar but also different aspects of managerial skills that are 

necessary to make good decisions that are based on data. Some key skills mentioned were 

an analytic mindset, critical thinking, creativity, and curiosity. Furthermore, problem-
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solving, strategic thinking, teamwork, and continuous learning were also mentioned as 

key aspects. 

 

4.2.1 Analytic and Critical Thinking 

Both Case A and D emphasized the importance of being analytical and the necessity of 

being able to interpret the data: 

 

"Yes, but you need to be a little analytical. You should not only see the data for 

what the data is. Numbers can say one thing, but you must be able to interpret the 

data in different ways." – Participant 1, Case A 

 

"First of all, of course, an analytical ability that you can see, as well as that it is 

correct and connected quite well, this with trends and that the data, analyze those 

parts, what is happening." – Participant 6, Case D 

 

Cases B and D further described that the most important skill is understanding and 

connecting the data: 

 

"The most important thing really is that you have some connection and understand 

what you are looking at." – Participant 2, Case B 

 

"Understand and clarify the data you obtain. Be able to see the connections 

between them." – Participant 7, Case D 

 

However, Case D continued to describe that it is important to approach the analytical 

process without preconceived notions: 

 

"You should not have too many preconceived notions beforehand, as it can easily 

bias the analysis towards what you yourself think and believe it should be like. It's 

especially important to have trust in these systems. That what you actually come 

up with is relevant, and you can rely on it." – Participant 7, Case D 
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In addition, Case B noted that it is important to question the data during the analytical 

process: 

 

"[...] to question the data, so that you don't make a decision on a data that you 

don't know, or you know what I mean, that skill, it's important." – Participant 3, 

Case B 

 

This is something Case D also agreed with by describing that it is important to criticize 

the data that have been collected and analyzed: 

 

"Yes, so it is even more important to be critical of sources." – Participant 7, Case 

D 

 

4.2.2 Creativity and Curiosity 

All the cases mentioned that curiosity and creativity are important when working with 

DDDM and that sometimes you need to have the courage to test different approaches to 

move forward.  

 

Case A highlighted creativity as a strength even though it can be hard for some to utilize 

it while at the same time strictly following the data: 

 

"You have to be a little creative too. And there I can see a rather big problem for 

many. [...] But as I said, you have to constantly analyze and dare to think outside 

the data as well. Everyone thinks okay the data says this. But what is actually the 

reality? – Participant 1, Case A 

 

In Case C, Participant 5 also emphasized curiosity as a key competence for a manager 

since there are new things that emerge all the time: 

 

"[...] and be curious about all the new things that come all the time as well." – 

Participant 5, Case C 
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Case F also agreed that you need to have courage when working with data and test things: 

 

"It is about daring to test and do things that are still blank paper when it comes 

to the data." – Participant 10, Case F 

 

However, Case E described that sometimes you need to separate your feelings and trust 

the data that is provided:  

 

"It also applies that in many cases you start to separate your own feelings from 

how you think it should be." – Participant 8, Case E 

 

4.2.3 Problem-solving and Strategic Thinking 

In Case B, the Participants talk about problem-solving and having a strategic mindset 

when working with data. Participant 2, compares the work they are doing with a puzzle, 

where it is important to be able to find the missing pieces or put the pieces together: 

 

"Yes, you have to try to find the missing pieces of the puzzle somewhere, and then 

it's a good idea to find other sources." – Participant 2, Case B 

 

Furthermore, in Case F, Participant 9 mentioned the competencies of a strategic mindset 

but also an operative one is important to see what the effects of the action will be: 

 

"If you could be both strategic and operative to both act here and now, but what 

you have to see what the domino effect of this will be." – Participant 9, Case F 

 

4.2.4 Teamwork and Continuous Learning 

Case C highlighted the importance of the need to continuously learn new things since 

there are new concepts all the time and the world is constantly changing: 

 

"Now you have to learn continuously, what you knew yesterday is almost obsolete, 

to constantly learn new things is important." – Participant 5, Case C 
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Furthermore, Participant 5 mentioned that the focus now is on being able to coach and be 

able to trust the data and that today the leader is not always the person with the best 

knowledge, so leadership skills are crucial: 

 

"Today you need to coach and be able to trust the data and build teams, it has 

moved so I have developed in that direction as well and I hire people who can do 

much more than what I can do myself." – Participant 5, Case C 

 

In Case F, Participant 10 also mentioned continuously learning as an important part of 

the development of managerial skills:  

 

"The more detailed you are, the better picture you will get of things like this, so 

you start to practice, the more you get to know systems and data then you develop 

that part." – Participant 10, Case F 

 

This is something Case A 1 aligns with since experience makes it easier to understand the 

process and what the common errors are: 

  

"But when you have done the report for 7 or 8 months. Then you know roughly 

where the common errors are, you know what you need to check, you know how 

it should look, what it should show." – Participant 1, Case A 

 

4.3 Organizational Culture 

All cases demonstrate how data-driven approaches are integrated into organizational 

cultures, the varying levels of adoption across different organizational levels, and the 

importance of fostering collaborative decision-making processes. 

 

4.3.1 Organizational Alignment 

In Case A, Participant 1 mentioned that the organization is very data-driven and utilizes 

data in its decision-making process: 

 

"Yes, we use data quite frequently, the company as a whole." – Participant 1, Case 

A 
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In Case D, Participant 7, mentioned that the organization is very data-driven regarding its 

analysis process: 

 

"It is a company; I would like to say a culture that is very externally driven and 

uses a data-driven analysis." – Participant 7, Case D 

 

Participant 10 in Case F, also explained the organization is data-driven but still uses 

feelings in some situations to make the best decisions: 

 

"Data and statistics are a large part of the truth, but to be able to do what the 

company has done over the years, from when we were the first with the flat 

package. So, it is important not only to blind yourself to the data but also to look 

at what is between the lines." – Participant 10, Case F 

 

4.3.2 Varied Adaption Across Organizational Levels 

In Case B, the participants discuss that it depends on which level in the organization you 

are in and that it might not be data-driven through the whole organization. Participant 2 

especially mentioned this: 

 

"At certain levels at a high level, it is probably very data-driven, as well, but it 

may not always permeate the entire organization in all directions." – Participant 

2, Case B 

 

Participant 7 in Case D, however, mentioned as well as Case B that it differs based on 

what level in the organization you are on:  

 

"But it is very varied, one might say. It depends on what level in the organization 

you are at." – Participant 7, Case D 

 

4.3.3 Cultural Transformation 

In Case C the participants differed with each other where Participant 4 explained that the 

organization is leaning towards more a traditional way of working by, only using data to 

a limited amount in the decision-making: 
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"I would say that the company is very forward-leaning, but we still haven't started 

making a lot of decisions based on the data we get, so we actually run our business 

in a more old, traditional way, rather than using our available data for to make 

active decisions." – Participant 4, Case C 

 

Participant 4 continued by describing that they have just started the implementation and 

learning of new digital tools to utilize data in their decision-making process: 

 

"Because we have just started the implementation and internal training of this 

new digital tool." – Participant 4, Case C 

 

However, Participant 5, explained that the organization is very technology-driven and 

utilizes data to large extents:  

 

"This is a technology-led company. Sure, it's teeming with techies and stuff. So, 

when you are data-driven in this company as a marketer then you get a little more 

respect." – Participant 5, Case C 

 

Despite this, Participant 5 also pointed out that there are still a lot of gut feelings left in 

the organization: 

 

"But of course, there is still a lot of gut feeling left." – Participant 5, Case C 

 

4.3.4 Collaborative Decision-Making 

All the cases mentioned that some decisions are made collectively. For example, Case F 

described that sometimes you need to have different perspectives to make a well-

grounded decision: 

 

"[...]and then it is that we look at these possibilities together. So, I would say that 

there are different positions, but I need the entire warehouse with me to be able 

to make the right decision." – Participant 10, Case F 
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Furthermore, Participant 2 in Case B explained that it is important to see the whole picture 

and sometimes other people have different information or complementing information 

that is necessary when making a decision: 

 

"[...] it felt quite obvious that we were going that way, but now we went this way 

instead. And then you simply don't have the whole picture." – Participant 2, Case 

B 

 

4.4 Challenges 

All cases highlight the diverse challenges faced in dealing with data and decision-making 

processes within organizations. Four of the main categories that all the cases discussed 

were the challenges regarding external factors, trust, understanding data, and time factors 

that affect the utilization of DDDM. 

 

4.4.1 External Factors 

One of the main challenges when utilizing DDDM is the external factors that can affect 

the analysis process and the decision-making process. Some of the examples the 

participants gave were that the trend showed that the organization was moving one way 

while when the external factors hit, the data could not predict what was happening and 

therefore had a negative impact on the organization. 

 

In Case B, Participant 3 mentioned that external factors such as the pandemic and a 

recession affected their organization in an opposite way to what the data suggested: 

 

"[...] the pandemic and recession and such things can, indeed, upset such a thing." 

– Participant 3, Case B 

 

Furthermore, Case A also mentioned recession as a problem since a customer who 

previously was able to pay cannot afford to pay anymore which contradicts the predicted 

data they have received from their systems: 

 

"A lot of problems customers are especially now when there is quite a recession. 

It is quite tough for many companies." – Participant 1, Case A 
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In Case F, Participant 9 has also experienced that the data shows that the trends are going 

one way, but the opposite is happening, and that the pandemic made it hard to predict 

how the market developed:  

 

"But there was nothing to point towards that direction, so, no one knows if this is 

temporary. Or is this here to stay? [...] No one knows, so right now data is very 

difficult, as difficult as during the pandemic I would say, but now there are more 

socioeconomic aspects. What happened to the labor market? What is happening 

to the housing market?" – Participant 9, Case F 

 

4.4.2 Trust 

Another aspect that was mentioned by all the participants was how trustworthy the data 

you collect and analyze is. Participant 1 in Case A explained that the data is not always 

100% correct: 

 

"[...] the data does not always say 100% correct for your company in that 

situation where what you are going to do, that is, you still have to keep that in 

mind when you make your decisions." – Participant 1, Case A 

 

Furthermore, Participant 1 continued by explaining that it is a disadvantage to lock 

yourself in too much on the data provided: 

 

"Disadvantages are, just like I said, you might lock yourself in too much on the 

data." – Participant 1, Case A 

 

Case B continued by emphasizing that the data can have different qualities that affect the 

trustworthiness of:  

 

"[...] then it is up to us to pick out the data that is available and then it can be of 

different quality. This one we might trust 50% and this one we trust 100%, treating 

the risk like a plus and minus factor." – Participant 3, Case B 
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Furthermore, Case B and C mentioned that the context matters, and that data can be true 

in some contexts but in others, it can be hard to trust:  

 

"So that's the challenge then, can you trust the data you're presented with? And 

then it can be true but still not in that environment?" – Participant 2, Case B 

 

"[...]so it is not always that you can rely 100% on the data you get." – Participant 

4, Case C 

 

4.4.3 Understanding the Data 

Moreover, understanding the data was another aspect the participants mentioned as a 

challenge. Participant 2 in Case B described that it is easy to collect the data but once it 

is collected, it can be hard to understand what the data is saying: 

 

"It is easy to get a lot of data, but what kind of data is it? What does it actually 

say?" – Participant 2, Case B 

 

Participant 3 in Case B continued by explaining that it is easy to misinterpret the data 

when doing the analysis: 

 

"It is very easy to misinterpret." – Participant 3, Case B 

 

Case F explained that it can be hard to understand the data by themselves but also to get 

others to understand the data as well as trust the data: 

 

"The big challenge is, after all, understanding the data. [...] it can be a bit difficult 

to explain and convey the data in the right way [...] it has been a huge change and 

getting people to understand and trust the data." – Participant 9, Case F 

 

4.4.4 Time Constraints 

All the cases mentioned the time factor as a challenge for their organization, where they 

highlighted challenges like outdated data or old data which can cause problems. This is 

explicitly mentioned by Participant 4 in Case C: 
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"That data can also be old or out of date." – Participant 4, Case C 

 

Furthermore, Participant 5 in Case C mentioned time as a challenging factor for the 

organization: 

 

"The big challenge is that everything is changing much faster than it has ever 

done before, not just legislation, that whole, technology is changing everything. 

AI is changing everything, so today, we have to be faster than ever before." – 

Participant 5, Case C 

 

Participant 5, continued by explaining that the algorithms change all the time which 

causes problems for the organization: 

 

"[...] that is the biggest challenge because algorithms are constantly changing." 

– Participant 5, Case C 

 

4.5 Opportunities 

All cases illustrate various opportunities presented by DDDM and the utilization of data 

for strategic planning, process improvement, and enhanced organizational efficiency. 

 

4.5.1 Prove Your Point 

One aspect that was mentioned by all the participants was that by utilizing data it is easier 

to prove their point and argue for a standpoint, on why something should be done. In Case 

A, Participant 1 expressed this by explaining that it is easier to motivate why something 

is needed: 

 

"[...] be able to give a give a reason why we need it. So, then I and a colleague, 

for example, sat down and came up with this, we think this will happen during the 

year, this is how much we will grow, and this is how our system works today, this 

system could have influenced and simplified our processes." – Participant 1, Case 

A 
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Case C aligns with Case A, describing that it is easier to prove their point by utilizing 

DDDM in the organization and that it helps to make well-informed decisions but also to 

prove how they create value: 

 

"And if we can prove that, then suddenly, I can go up to the management team 

and actually feel like I'm delivering not just guessing at things. [...] We use the 

data to the end customer and the collection of data very much internally to prove 

that what we do actually creates value." – Participant 5, Case C 

 

Case E explained that it is easier to argue when you have the data rather than argue about 

a feeling you have:  

 

"[...] it will be easier to argue when I have the data rather than to say if my gut 

tells us we should do this." – Participant 8, Case E 

 

Furthermore, Case C mentioned that it is important to have a good decision-making basis 

and today you cannot solely rely on gut feeling, and with a good basis it is easier to argue 

for a standpoint: 

 

"No, but it is very important to have a good decision-making basis. It is not enough 

in today's changing world to make decisions on gut feeling."[...] good to then have 

data to make decisions on and for example when you present a business case to 

managers, then it is extremely important to have a well-founded decision basis 

that helps you gather the resources you think you need" – Participant 4, Case C 

 

4.5.2 Operational Efficiency and Productivity 

Case B explained that by utilizing DDDM it is possible to take away some emotions and 

feelings which can be an element that takes too much focus thereby making the process 

more efficient: 

 

"[...] You can take away, for example, our emotions, or other parameters that 

might take up too much focus." – Participant 2, Case B 
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In Case C, Participant 5, further explained that something that previously took 3 years 

can now be done in 3 weeks, all because of the data they collect and analyze, and that the 

decision process is much shorter: 

 

"[...] There will be a short decision-making path. So absolutely it is much, much 

faster. [...] Above all, it is the time coefficient that plays a role. What used to take 

3 years now takes like 3 weeks." – Participant 5, Case C 

 

In Case E it was mentioned that productivity and efficiency have increased a lot since 

they implemented DDDM in their organization:  

 

"We see in our productivity, and we see in our business plan that what we are 

doing right now is much more precise [...]thanks to the fact that we have quite a 

lot of data then we have the products in the right place. We book our departures 

at the right intervals so that we are always on time. [...] And then automation 

could create safety, but also efficiency. I would also say that for efficiency, it is a 

lot about predicting what will happen in the future." – Participant 8, Case E 

 

4.5.3 Strategic Planning and Forecasting 

Strategic planning and forecasting were also a subject that was highlighted by some of 

the participants. Case C for example used data to see an upcoming trend and then planned 

and changed due to the potential they saw: 

 

"We knew exactly the potential. Then I thought if what I see now is the beginning 

of a long-term trend." – Participant 4, Case C 

 

Participant 9 in Case F mentioned that utilizing DDDM and analyzing data creates 

security for the organization and how they can plan their future: 

 

"[...] it can create security in that it is based on trends, i.e. history that has been 

if you then go back." – Participant 9, Case F 
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4.6 Table of Empirical Summary 

Table 3: Key Takeaways from the Collected Empirical Findings 

  
 

  

Key Takeaways from the Collected Empirical Findings
Managerial Skills Decision-Making Process Organizational Culture Challenges Opportunities

Analytic and Critical 
Thinking
- Making sense of data
- Criticize data
- Technical proficiency 

and data interpretation

Creativity and Curiosity
- Explore new things 

and look beyond data
- Dare to test new concepts
- Willingness to experiment

Problem-solving and 
Strategic Thinking
- Find solutions 

and connecting data 
points

- Ability to foresee 
the impact of actions

Teamwork and 
Continuous Learning
- Coaching and guide 

teams
- Adaptability to 

new technologies

1. Identify problems and 
opportunities in the 
organization or market

2. Collection of data using 
different tools

3. Data preparing to 
ensure relevance

4. Analyze data to identify 
patterns and forecast

5. Make decision based on 
analysis and intuition 
(balance)

6. Evaluate the decision

Organizational Alignment
- Data-driven culture (DDC)
- Data-driven in the analytic 

processes
- Balance between data-driven 

approaches and intuitions

Adoption Across 
Organizational Levels
- Different usage of data-

driven approaches based on 
the level

Cultural Transformation
- Adoption of data-driven 

approaches, some have 
traditional mindset

- Still gut feeling left in the 
organization

Collaborative Decision-
Making
- Need different perspectives
- See the whole picture

External Factors
- Pandemics and 
recession affect the 
ability to predict and 
forecast

Trust
- Not always accurate 

data, impacting data 
trustworthiness

- Data in different 
contexts and the 
environments impact 
trustworthiness

Understanding Data
- Difficulties in 

understanding the data
- Easy to misinterpret 

the data

Time Constraints
- Data can be outdated 

or old
- The environment and 

algorithms are 
constantly changing

Proving Your Points
- Using data to motivate 

certain actions
- Easier to argue on 

data rather than gut 
feeling

Operational Efficiency 
and Productivity
- Shorter decision-

making paths
- Increased productivity 

and efficiency, data 
make it possible to 
operate quicker

Strategic Planning and 
Forecasting
- Use data to see 

upcoming trend and 
plan based on the 
potential

- Analyzing data 
creates a security for 
organizations and how 
they can plan their 
future
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5. Analysis 

In this chapter, we consolidate and analyze our findings regarding DDDM, managerial 

practices, and the decision-making process, where we later compare the findings with 

existing theories and frameworks. Subsequently, a practical framework is introduced and 

proposed tailored for managers aiming to utilize DDDM in their organization. 

 

5.1 Analysis of Empirical Data 

In Chapter 4 “Empirical Findings”, we outlined the similarities and differences between 

the managerial practices within organizations, where the participants shared their insight 

into the decision-making process and what challenges and opportunities they experience 

when utilizing DDDM. To utilize the information effectively, it is necessary to synthesize 

and analyze all findings. In this section, we revisit each topic with the aim of summarizing 

and concluding only the key information from each case and then comparing it to previous 

literature. 

 

5.2 Analysis of Managerial Practices 

Leadership and decision-making are highlighted as central in managerial practices to 

guide teams toward organizational goals through informed decisions (Yukl & Gardner, 

2020). A crucial aspect is strategic planning, which involves establishing long-term 

objectives and determining necessary strategies (Bryson, 2015). Each case aligns with 

these concepts, emphasizing the role of DDDM in achieving organizational objectives. 

However, there is not only a focus on the long-term objectives but also on the operational 

and tactical decisions managers need to make. Furthermore, the empirical findings focus 

more on the specific observations from practical experiences, providing insights into how 

these practices are implemented in various contexts. For example, it examines skills like 

critical thinking, creativity, and teamwork, offering practical examples of how these are 

applied in different cases. 

 

Analytical skills are necessary throughout the whole organization to utilize DDDM 

(Provost & Fawcett, 2013). Another crucial skill is critical thinking for DDDM which can 

be seen in both the literature and empirical findings. Brynjolfsson and McElheran (2016) 

argue that technology is useless without managers who can extract insights and make 

strategic decisions. Furthermore, the literature points out the need for managers to 
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understand and connect data and question it to avoid flawed conclusions. Understanding 

the data is something expressed by Case B and F, as a challenge for the organizations, 

which is one of the reasons the cases underscore the importance of analytical skills in the 

decision-making process. While all cases emphasize the significance of comprehending 

data, Cases A, B, and D highlight the importance of questioning and critically assessing 

data. This suggests that managers must be able to understand and connect different data 

points. Critical thinking ensures that managers do not solely rely on data without 

understanding its context and limitations.  

 

One aspect that has received relatively less attention in previous literature is the 

significance of creativity and curiosity skills for managers to effectively utilize DDDM. 

While all cases highlighted this aspect, Cases A, C, and F particularly emphasized it. 

These cases discuss that managers should not solely depend on data but also embrace new 

ideas and have a willingness to experiment with various approaches. For instance, Case 

F underscored the need for managers to possess skills such as courage to test new ideas.  

 

Testing new concepts is essential for adapting to changing circumstances and evolving 

trends, as expressed in Case C. This reinforces the idea that strategic planning should 

incorporate flexibility and adaptability. However, Case A highlights that creativity can be 

challenging for managers who strictly follow data while Case E means that sometimes it 

is necessary to separate the feelings and intuitions to make the best decisions. This 

underscores the necessity for organizations to have a balance between intuition and 

analytics, aligning with Carucci´s (2016) findings. 

 

The literature emphasizes that enhanced organizational performance relies not only on 

the adoption of technology but also on complementing it with human competencies. 

However, there is a limited understanding of the specific human skills necessary within 

the context of DDDM, despite acknowledging that managerial abilities evolve gradually 

over time (Gupta et al., 2020). Cases A, C, and F, align with this idea and highlight the 

need for teamwork and collaboration in managerial practices. Continuous learning is 

essential to keep pace with new technologies and industry developments. This shared 

emphasis on learning and teamwork indicates that effective managerial skills are built 

through experience and a commitment to ongoing development. 
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5.3 Analysis of DDDM Challenges and Opportunities 

DDDM is a crucial concept in modern management and offers a structured approach to 

making informed decisions based on analysis. Provost and Fawcett (2013), emphasize the 

advantages of utilizing DDDM over intuition-based decisions, where the method is more 

reliable to drive organizational success. Even if the empirical findings align with the 

literature, they also highlight the practical realities and challenges that come with using 

DDDM. This means that in some situations it is not possible to be rational and experience 

and feelings become an important part, especially when managers need to make fast 

decisions and when external factors impact the organization in an unexpected way. 

 

Both the literature and the cases highlight common challenges with being able to rely on 

data for making rational decisions. Kiron et al. (2012) emphasize that the reliability of 

data-driven decisions depends on data quality, considering factors such as accuracy 

completeness, and timeliness. Empirical findings support this concern, as all cases 

mentioned that data may not always be 100% accurate, leading to inconsistency in 

decision-making and rising doubts about data trustworthiness. Another challenge noted 

by LaValle (2010) is the organization's ability to effectively analyze data, with lacking 

skills posing difficulties in utilizing DDDM. This is something all the cases expressed as 

a challenge since it can be hard to interpret and understand the data correctly.  

 

The literature suggests that rational decision-making overlooks factors that influence 

decision quality. However, it is common that experiences, emotions, and personal 

feelings can impact decisions (Pranjić, 2018). Cases A, B, and F mentioned that external 

factors and time constraints sometimes force managers to make non-rational decisions. 

Furthermore, Cases A, B, C, D, and F highlight that non-rational decision-making is often 

observed in situations involving close interpersonal interactions, such as hiring 

employees or within B2C market segments. Conversely, decision-making tends to be 

more rational in B2B contexts since an individual is not directly affected by the decision. 

This can be seen in Case B, which only has a B2B relationship, aligning with Verba 

(1961), who explains that rational decisions will not have psychological effects on the 

decision-maker. 
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The main opportunities discussed in the literature are the positive effects of productivity 

and efficiency in organizations (Brynjolfsson et al., 2011), which is something Case B, 

C, and E align with. Case C highlights the increased operational efficiency, with shorter 

decision-making time, which can be one of the factors improving productivity. However, 

the main benefit that the cases addressed was the ability to prove their point, and how 

utilization of data makes it easier to argue for their standpoint. This could for example be 

to hire more people or buy new machines that would be beneficial in the long run. This 

aligns with Gupta et al. (2020) who explain that organization has transitioned toward a 

more evidence-driven management style. 

 

5.4 Analysis of Decision-Making Process 

Harrington and Ottenbacher (2009) identified a six-step decision-making process for 

rational decision-making, where the cases align with some of the steps. However, the 

cases identified new aspects and steps that had higher relevance to their decision-making 

approach.  

 

5.4.1 Analysis of Identifying Problems and Opportunities  

The initial phase of the decision-making process, as outlined by Harrington and 

Ottenbacher (2009), involves the identification of problems, a finding supported by Cases 

A, C, and E. However, Cases B, D, and F identified that organizations instead tend to 

look for opportunities in the first stage of the decision-making process. Organizations try 

to identify patterns in the market and seize out business opportunities. In addition, Case 

B and C try to align with their goals and find procedures in need of development to 

efficiently achieve the long-term objectives.  

 

5.4.2 Analysis of Data Collection and Data Preparation 

Harrington and Ottenbacher (2009) explained the next step in the rational decision-

making process is to gather information. Even if almost all the cases gather as much data 

as they can an additional step has been identified. This step includes data preparation, 

which is where the organization decides which data is relevant for them concerning both 

internal and external data before going to the analysis step. For example, all the cases 

highlight the importance of having accurate and sufficient data, which is done by 

structuring, filtering, correcting, clearing, and categorizing the data.  
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5.4.3 Analysis of Data Analysis 

According to Harrington and Ottenbacher (2009), the third and fourth steps involve 

evaluating and developing alternatives as well as identifying the optimal solution. 

However, the cases primarily focus on analyzing collected data using a three-level 

analysis approach, without explicitly addressing the third and fourth steps. 

 

5.4.3.1 Three Levels of Analysis 

The findings align with the previous literature by emphasizing the importance of three 

primary levels of data analytics including descriptive, predictive, and prescriptive - in 

enhancing organizational decision-making (Kozak et al., 2021; Sarker, 2021). Descriptive 

analytics is used to analyze historical data to identify trends, as seen in some cases where 

the manager evaluates past sale statistics or conducts a SWOT analysis. Predictive 

analytics involves forecasting future trends and market behaviors, whereas Case C and D 

use macroeconomic data to set future targets. Prescriptive analytics goes a step further by 

not only predicting future scenarios but also suggesting actionable steps to achieve 

desired outcomes as explained by Kozak et al. (2021) and demonstrated by the findings 

showing managers who adjust operational strategies based on data-driven insights. 

 

The findings also reveal how businesses adapt these analytics based on their operational 

models and strategic goals. While Case B focuses solely on descriptive analytics due to 

its make-to-order business model, Case C and E incorporate a combination of predictive 

and prescriptive analytics to dynamically respond to market conditions and optimize 

operations. This variation highlights the flexible and tailored application of data analytics, 

enriching the understanding of its strategic utility across different business needs and 

contexts. 

 

5.4.4 Analysis of Decision-Making 

Harrington and Ottenbacher (2009) describe the fifth step of the decision-making process 

as implementing the chosen solution which aligns with the findings of decision-making 

and the three levels operational, tactical, and strategic.  
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5.4.4.1 Three Levels of Decision-Making 

At the operational level, decisions are influencing daily operations within functional areas 

of the firms as described by Shahat Osman & Elragal (2021) and Habjan et al. (2014). 

The findings show that the cases managing sales, resource allocation, or production 

optimizations reflect this operational focus, aligning with the literature that emphasizes 

direct or indirect use of data to enhance real-time decision-making capabilities. 

  

Tactical decisions, which involve implementing strategies through action plans and 

resource procurement, as noted in the literature, are evident in how the different cases 

discuss managing workflows and resources. This middle-management level decision-

making involves semi-structured decisions that require specific and real-time internal 

information, mirroring the descriptions by Pranjić (2018). For instance, Case C balances 

operational management with strategic resource allocation, highlighting a tactical 

approach to ensure that short-term actions are aligned with long-term goals. 

 

At the strategic decision-making level, decisions shape the long-term objectives of the 

organization, often influenced by external market conditions and internal company goals, 

as described by Brews and Hunt (1999). Shahat Osman & Elragal (2021) also 

acknowledge that these decisions often incorporate unstructured elements, using 

managerial judgment, intuition, and experience due to the uncertainties inherent in 

predicting long-term outcomes. Participants like those in Case C discussing long-term 

planning and market analysis demonstrate the use of strategic decision-making that 

includes both structured rational processes and unstructured intuitive judgments. 

Furthermore, the necessity of involving multiple levels of management in strategic 

decisions, as strategic planning affects and integrates various organizational facets, is 

recognized in both theoretical and practical contexts. 

 

5.4.4.2 Analysis of the Balance of Data and Intuition in the Decision-Making Process 

The empirical data highlights a nuanced approach to decision-making where data and 

intuition coexist. This reflects the balance discussed in the literature, where integration of 

DDDM does not eliminate intuition but complements it, as Gupta et al. (2020) explains. 

Several cases noted the effectiveness of combining data-driven insights with personal 

experience and intuition to form a more holistic decision-making process. 
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5.4.4.3 Analysis of Experience-Influenced Decisions 

The findings show that experience plays a crucial role in shaping decision-making 

confidence and effectiveness. This aligns with the literature, which emphasizes the value 

of data quality and accumulated knowledge (Srinivasan & Swink, 2018). Experienced 

managers use their past interactions to inform and sometimes even question data-driven 

insights, leading to more grounded and reliable decisions. This practical application 

supports the observations made by Kiron et al. (2012), who emphasize that the 

trustworthiness of data-driven decisions is closely linked to the quality of the data used. 

 

However, these experienced-based decisions can be influenced by cognitive biases such 

as frequent exposure bias and tunnel vision. Kahneman (2011) explains that frequent 

exposure bias causes people to favor familiar information, as illustrated in Cases A and 

B. Both cases support Bornstein’s (1989) view that this bias can lead individuals to trust 

and prefer known but inferior options. This can make experienced individuals skeptical 

of new data-driven insights, even when they are valid. Additionally, tunnel vision, 

described by Eysenck and Keane (2015), can limit individuals' ability to see broader 

contexts or consider alternative perspectives due to information overload (Cao & Nijholt, 

2008). 

 

5.4.4.4 Analysis of Emotional Driven Decision-Making 

Ethical considerations and emotional intelligence are crucial in decisions involving 

personnel and customer interactions. The findings align with the literature's depiction of 

DDDM's limitations, where human judgment remains vital, especially in ethically 

charged situations (Pranjić, 2018). This highlights the need for a balance between cold 

data and human empathy, ensuring decisions are both ethical and effective, resonating 

with the concerns raised by Davenport & Bean (2018) regarding organizational culture 

and resistance to change in the adoption of DDDM. 

 

5.4.4.5 Analysis of Rational vs. Non-Rational Decision-Making 

The empirical findings resonate with the theoretical distinctions between rational and 

non-rational decision-making processes. Participants across the cases demonstrate 

rational decision-making by systematically analyzing data to inform their decisions, 

consistent with the multi-stage rational decision-making model characterized by 
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information gathering, evaluation, and implementing solutions as described by 

Harrington and Ottenbacher (2009). However, as in Case A and Case D, there's also a 

significant reliance on intuition and personal experience, indicating an interplay between 

rational and non-rational elements as they navigate daily operational and strategic 

decisions. 

 

5.4.4.6 Analysis of Adaptability and Flexibility in Decision-Making 

The findings show that managers must constantly adapt their strategies and processes to 

effectively address new challenges and opportunities. Adaptability, as introduced in the 

literature and demonstrated in the findings, closely aligns with bounded rationality and 

prospect theory. These theories emphasize the dynamic complexity of decision-making, 

especially under conditions of uncertainty and limited information (Galbraith, 1974; 

Weick, 2015).  

 

Bounded rationality implies that decisions are made within the constraints of available 

information and cognitive limitations (Simon, 1957; Kahneman & Tversky, 2013). This 

concept helps to explain why the different cases in the study frequently adjust their 

strategies based on evolving scenarios, recognizing the reality of operating under 

uncertain conditions and with incomplete information. Additionally, prospect theory 

offers insights into how decision-makers handle risk and uncertainty, weighing potential 

losses more heavily than equivalent gains (Kahneman & Tversky, 1979). This is evident 

in the cases' cautious approach to rapidly changing market conditions and efforts to 

minimize disruptions. 

 

While decision theory and related frameworks suggest a structured approach to decision-

making, the empirical findings reveal a more adaptable and reactive process. 

Organizations frequently base decisions on real-time data and immediate needs rather 

than predefined models. This contrast underscores the relevance of prospect theory by 

illustrating how real-world decisions diverge from purely rational models due to 

psychological biases and personal evaluations of risks and results.  

 

Furthermore, the findings underscore the need for adaptability, aligning with OIPT, which 

emphasizes that organizations must effectively manage information to handle 
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environmental complexity and uncertainty (Galbraith, 1974; Weick, 2015). Organizations 

strategies to dynamically adjust to market conditions and internal challenges show how 

businesses act as information processors, interpreting and reacting to new data.  

 

5.4.4.7 Analysis of Risk Management in Decision-Making 

The literature discusses the role of risk in decision-making, where the prospect theory 

highlights the influence of risk-seeking behavior and reference points (Kahneman & 

Tversky, 1979). The empirical findings reveal that Case A and C particularly clarify the 

risk-seeking behavior when potentially high rewards are at stake. This aligns with 

prospect theory, which suggests individuals are likely to accept higher risks when the 

perceived potential rewards are significant (Kahneman & Tversky, 1979). However, the 

willingness to engage in risk despite potential losses, as expressed by the cases, challenges 

the conventional boundaries of prospect theory which often assumes a general risk 

aversion in the face of losses. This suggests a more complex interplay of risk assessment 

that may be influenced by individual or organizational culture, an area not extensively 

covered in traditional models. 

 

Case B reflects the bounded rationality concept (Simon, 1957), demonstrating 

adaptability in decision-making based on contextual shifts. This adaptability is crucial as 

it shows how decision-makers do not always follow a linear, rational process but modify 

their risk assessments and decisions based on changing circumstances and information 

availability. The findings suggest that the existing theoretical frameworks might benefit 

from incorporating a broader spectrum of risk behaviors, particularly the variability in 

risk tolerance among different decision-makers and across different contexts. 

 

5.4.5 Analysis of Evaluating Decisions 

In the findings from Case A, B, and D, there is a pronounced focus on operational aspects 

within the organizations, a theme that correlates with the identification phase of the 

decision-making process as discussed by Harrington and Ottenbacher (2009). Moreover, 

while the sixth step of the decision-making process involves assessing the outcome based 

on the decision, the empirical data reveals a limited focus on evaluating the decision-

making process itself.  
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Contrary to the structured approach to identifying problems outlined in the literature, our 

findings show that these organizations mainly focus on operational metrics and the 

immediate impacts of their actions, while little attention is given to critically evaluating 

the decisions themselves. This suggests there might be a gap in how thoroughly the 

rational decision-making model is applied, pointing to an area where organizational 

decision-making practices could be improved. 

 

Case D and F discuss the importance of self-analysis and flexibility after decisions are 

made, which aligns with the rational models concluding steps, implementing the chosen 

solution, and assessing outcomes. However, their insights reveal a dimension not fully 

addressed by standard models: the importance of continually adapting to new challenges 

and consistently reflecting on decisions beyond the structured evaluation phases. 

 

5.5 Analysis of Organizational Culture 

According to Anderson (2015), a DDC lays the foundation for a DDO, where decisions 

are informed by data collection and analytics. This is something the cases align with, 

where the cases describe their organization as a data-driven culture, where there is a 

significant reliance on data in the decision-making process. The literature further suggests 

that a DDO integrates data-driven practices across various levels of the organization 

(Berndtsson et al., 2020), which has also been identified in the cases. While Case A, D 

and F highlighted their organizations data-driven nature, emphasizing the utilization of 

data in decision-making process. Case B and C noted differences in data-driven 

approaches across different levels of the organization. Despite these variances, all cases 

underscore the importance of collaborative decision-making processes, recognizing the 

value of diverse perspectives and complementary information. For instance, Case B 

acknowledge the challenge of comprehending the entire picture alone due to the different 

levels, aligning with the decision theory’s emphasis on heuristics in decision-making 

(Anand & Goyal, 2019). However, the organization tries to mitigate this through 

collaborative decision-making, which also align with the aspects of how to overcome the 

tunnel vision (Gilovich, et al., 2002). 

 

In addition, transitioning towards data-driven approaches present various challenges, 

including cultural and managerial obstacles (Berntsson Svensson & Taghavianfar, 2020). 
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Challenges identified by Halper and Stodder (2017) include absence of executive support 

and difficulties in accessing relevant data as well as shortage of necessary skills. Although 

Halper and Stodder (2017) emphasizes these challenges, the empirical findings primarily 

highlight challenges related to accessing relevant data. However, the cases discussed the 

necessary managerial skills for analyzing collected data and the difficulty in 

understanding the data, aligning with the shortage of necessary skills. 

 

Overall, the literature and empirical findings underscores the importance of fostering a 

DDC within organizations, overcoming challenges associated with cultural resistance and 

managerial obstacles to effectively leverage data in decision-making processes.  

Figure 5: The Managerial Practices When Utilizing DDDM 

 
Source: Framework by Gustafsson & Östlund 
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6. Conclusion 

In this chapter the most important results will be outlined, and the key findings presented 

in this thesis. Furthermore, it will address the research question, and summarize the 

outcomes derived from the new framework.  

 

6.1 Answers to the Research Question 

The purpose of this research was to examine how DDDM influences managerial practices 

in the decision-making process. Therefore, our research question was: 

  

How does DDDM influence managerial practices and the decision-making process within 

an organization? 

 

To address this question, we applied a multiple case study, where our methodology 

allowed us to gather comprehensive insights from various organizations, leading to an 

understanding of how DDDM shapes managerial practices and decision-making 

processes. Through our research, we found that DDDM can significantly impact 

organizational efficiency, productivity, and strategic planning. However, the adoption of 

DDDM presents several challenges such as cultural resistance, data quality issues and the 

need for continuous adaptation.  

 

Our findings suggest that successful DDDM requires a balance between data-driven 

insights and intuitive decision-making. While data can inform strategic decisions, 

intuition and experience play a crucial role in navigating complex scenarios where data 

may be inconclusive or incomplete. Moreover, our research emphasizes the importance 

of fostering a DDC and ensuring organizational alignment in the decision-making 

process.  

 

6.2 The New Framework 

Based on our analysis, we developed a framework to guide managers in utilizing DDDM 

effectively. This framework encompasses stages of data collection, analysis, and 

decision-making, while also addressing the human and cultural aspects that are crucial 

for a successful transition to DDDM. The framework represents a comprehensive 

framework for utilizing data-driven practices in organizational decision-making. It 
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consists of two key components, which are Managerial Practices in DDDM and the 

Decision-Making Process. It integrates managerial practices and a structured decision-

making approach, highlighting key elements essential for fostering a DDO and improving 

decision-making processes.  

 

The first section encompasses four core areas, including Leadership & Strategy, Critical 

Thinking & Analytic Skills, Creativity & Curiosity, and Teamwork & Learning. These 

areas are emphasized as the foundational practices for driving data-driven approaches and 

underscores the importance of strategic planning, flexibility, adaptability, critical analysis 

of data, and continuous learning to ensure that DDDM is both effective as well as 

sustainable. These practices encourage managers to question data assumptions, balance 

data with intuitions, and foster collaborative teamwork, creating a culture where data is 

at the core of decision-making. 

 

The second section, the Decision-Making Process. Outlines the stages involved in making 

data-driven decisions. From identifying problems and opportunities, collecting data, data 

preparing, analyzing data, and making informed decisions based on data as well as 

evaluating the decisions. This approach allows organizations to tackle both operational, 

tactical, and strategic decisions with a focus on data accuracy and relevance. By 

incorporating various analytical techniques, such as descriptive, predictive, and 

prescriptive analytics, the framework guide managers in extracting meaningful insights 

to support their decisions. The evaluation stage in this process ensures continued 

improvement by encouraging self-analysis and flexibility, helping organizations stay 

adaptable in a constantly evolving business landscape.  

 

To conclude, together these components create a holistic framework that supports 

organizations in their journey towards becoming truly data-driven, ensuring that decisions 

are made on reliable information, collaborative input, and critical analysis. 
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7. Discussion 

This chapter will delve deeper into the findings, highlighting their contributions to 

academic research and practical applications in management. To achieve this, we will 

revisit the significant results discussed earlier and relate them to the literature review. 

Our newly proposed framework will build upon the theoretical understanding of 

managerial practices in the context of DDDM and proposes a structured framework for 

implementation. 

 

As explained in the problem discussion there is a gap in the research regarding the 

relationship between managerial practices and the influence of data in the decision-

making process. Existing research on DDDM primarily emphasizes opportunities in 

operational efficiency, competitive advantage, and financial performance (Davenport & 

Bean, 2018; Pauleen & Wang, 2017). However, the literature also identifies some 

challenges associated with DDDM, such as information quality, outdated data, and 

inefficient processes (Brynjolfsson et al., 2011; Davenport et al., 2012).  Despite the 

existing research, there remains a significant gap in understanding the perspectives and 

challenges managers face when utilizing data-driven approaches (Brynjolfsson & 

McAfee, 2014; Korayim et al., 2024). Our study seeks to address this gap by exploring 

the implications of DDDM on managerial practices and providing a framework to help 

other managers successfully navigate through the decision-making process with greater 

confidence and ethical awareness.  

 

Our findings indicate that while DDDM enhances the understanding of organizational 

dynamics and customer preferences, managers often face challenges integrating complex 

data insights into strategic decision-making. Therefore, this study also addresses the gap 

in understanding the human elements involved in DDDM. Although technology plays a 

crucial role in enabling data-driven strategies, our findings indicate that human skills, like 

critical thinking, creativity and teamwork are equally important. These elements are not 

always emphasized in the existing literature but are crucial in ensuring the successful 

utilization of DDDM. Moreover, the challenges are compounded by the lack of structured 

frameworks that guide the ethical, transparent, and accountable use of data in managerial 

practices, highlighting the need for a comprehensive approach that incorporates both 

technological tools and human capabilities. 
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7.1 Theoretical Implications 

The prevailing literature on managerial practices and DDDM has extensively documented 

the potential of big data and analytics to transform decision-making (Brynjolfsson & 

McElheran, 2016; Provost & Fawcett, 2013). However, it often overlooks the detailed 

interaction between DDDM and managerial practices across various levels of decision-

making. This gap is particularly evident in how managerial practices adapt to the 

incorporation of data insights into strategic decision frameworks. While the existing 

research underscores the role of DDDM in boosting financial performance (Sharda et al., 

2014; Kiron et al., 2012), our findings contribute nuanced insights into how these tools 

are integrated into daily management practices.  

 

Our research addresses the gap by providing a deeper understanding of the human 

elements necessary to leveraging DDDM. We propose a new framework that captures 

these insights, providing a more comprehensive view of the decision-making process that 

includes the stages of identifying problems and opportunities, data collecting, preparing, 

analysis, decision-making and evaluation, as illustrated in Figure 5. The proposed 

framework builds on the works of Provost and Fawcett (2013) by emphasizing not only 

the analytical capabilities needed to implement DDDM but also the managerial skills 

required to leverage these capabilities effectively. We found that managerial expertise, 

encompassing skills such as critical thinking, creativity, and teamwork within our 

framework addresses the softer skills often underrepresented in technical discussions of 

DDDM. This finding is in line with Gupta et al. (2020), who noted the limited recognition 

of human skills in data-driven contexts, yet our research further specifies the types of 

competencies that enhance DDDM effectiveness. 

 

Moreover, our findings challenge the notion that DDDM primarily supports operational 

efficiency and decision accuracy. We illustrate that DDDM also significantly affects 

organizational culture and managerial behavior, a dimension less explored in the literature 

(Davenport & Bean, 2018; LaValle, 2010). By doing so, we provide a nuanced view of 

the challenges and opportunities in DDDM adoption, including the need for frameworks 

that support transparent, and accountable data usage, which is critical in the current socio-

technical business environment (Barocas & Selbst, 2016; Lepri et al., n.d). 
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7.2 Practical Implications 

To effectively manage a data-driven process, an organization must have a deep 

understanding of both data analytics capabilities and how the evolving nature of data 

influences decision-making. The presented comprehensive approach goes beyond the 

initial setup to encompass the entire lifecycle of data utilization in DDDM processes.  

 

7.2.1 Practical Suggestions 

7.2.1.1 Initiating a Data-Driven Organization 

The first step towards becoming a DDO involves developing a culture that actively 

employs and values data at all decision-making levels. During the early phase, managers 

play an important role in emphasizing the value of data-driven insights and incorporating 

these methods into daily decision processes. This requires training the team on both the 

tools and techniques of data analytics and the strategic importance of data to the 

employee's specific roles and the organization's overall objectives. To deeply establish a 

DDO, managers must lead by example, making data-driven, transparent decisions and 

promoting the use of data solutions for everyday challenges. 

 

7.2.1.2 Enhancing Decision-Making with Data 

As the organization develops its data-driven approaches, managers are responsible for 

ensuring a seamless integration of data analytics into the strategic planning and 

operational decision-making processes. Managers must essentially maintain a balance 

between data-driven information and insights gained from experience. In practice, this 

means not only following what the data indicates but also applying managerial judgment 

to address areas where the data may be incomplete or ambiguous. Managers should foster 

an environment where questioning the data is encouraged, promoting a critical thinking 

approach that evaluates the data quality and relevance. 

 

7.2.1.3 Sustaining and Optimizing Data-Driven Processes 

To keep a DDO functioning effectively, it is crucial to focus on continuous improvement 

and adaptability. Managers should regularly review and assess the effectiveness of data-

driven strategies, adjusting based on feedback from all organizational levels. This 

repeated process helps refine data practices, ensuring they remain aligned with changing 

business needs and technological advancements. Essential to sustaining a DDO is to stay 
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adaptable and reactive to new data, technologies, and analytical techniques. Managers 

should stay proactive and be informed about the latest developments in data science and 

analytics, incorporating innovative practices that can enhance decision-making and 

organizational performance. This approach not only improves the data-driven processes 

but also helps in building a resilient organization that can adapt to both internal and 

external changes effectively. 

 

7.2.2 Recommendations for Using the Framework 

For organizations aiming to implement or enhance their use of DDDM, our framework 

serves as a practical guide. It outlines a clear path from the identification of decision-

making opportunities through to the evaluation of decisions, emphasizing the iterative 

nature of this process. Managers are advised to foster an environment where data and 

intuition complement each other, enhancing decision-making quality while 

accommodating organizational dynamics. 

 

7.3 Societal and Ethical Implications 

Utilizing DDDM has significant societal and ethical implications that need to be carefully 

considered, particularly in the context of managerial practices and decision-making 

process. Firstly, utilizing DDDM can lead to more efficient and agile decision-making 

processes. Managers who leverage data can respond more rapidly and accurately which 

can contribute to both economic growth and sustainability. Furthermore, it can lead to 

more efficient resource allocation and improved organizational performance. By 

leveraging data, companies can optimize their processes, reduce waste and enhance 

productivity, contributing to environmental sustainability. For example, better data 

analysis can minimize inventory by predicting future demand.  

 

However, the rise of DDDM also poses challenges for employment and the workforce. 

As organizations increasingly rely on data analytics, there might be challenges such as 

cultural resistance or struggle to incorporate the new technology in the workforce. 

Furthermore, utilizing DDDM might cause a shift in the job market potentially leading to 

job displacement for roles that are automated. This in turn could have profound economic 

and social consequences, requiring proactive measures to retrain and upskill workers. 
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Companies must invest in education and training programs to equip their employees with 

the necessary skills to survive in a data-driven environment. 

 

Moreover, the ethical use of DDDM is of great importance. Managers must ensure that 

data collection and analysis are conducted with transparency and respect for privacy. 

Additionally, organizations must be aware that DDDM can unintentionally reinforce 

biases already present in the data. If not carefully managed, algorithms may reinforce 

existing inequalities and lead to discriminatory outcomes. Therefore, it is crucial for 

managers to critically evaluate their data sources and analytical models, implementing 

measures to detect and mitigate biases. 
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8. Limitations & Future Research 

In this chapter, we will discuss the limitations of this thesis. We will identify various 

research areas that have not been addressed previously in this thesis, highlighting gaps, 

and suggesting directions for future exploration. We will also suggest future research 

topics that could deepen the understanding of managerial practices related to the 

utilization of DDDM. These recommendations are designed to broaden the knowledge 

base and uncover additional insights for effectively utilizing DDDM across various 

industries.  

 
8.1 Limitations  

There were several limitations that emerged in this research, particularly regarding the 

findings, the research methods employed and their relevance to specific managers.  

 

The first limitation of this study is the fact that it is conducted by two students at 

Jönköping University. As a result, the research had to adhere to formalities such as 

stringent timeframes, academic recommendations, and university requirements. The 

research employed a multiple case study approach, where the sample size gathered was 

adequate to ensure the accuracy and reliability of the findings. However, the scope of the 

thesis limited the data collection to six organizations, involving only ten participants. 

 

Secondly, the inability to interview additional individuals in some companies presented 

a challenge, as some cases relied on a single participant to represent the entire case, which 

is a notable limitation. A broader set of interviews would have enriched our understanding 

of the varied managerial approaches to utilizing DDDM. Moreover, all the participants 

held managerial positions within Swedish companies. Therefore, any generalization or 

conclusion should be made with this context in mind, as each finding reflects the 

perspectives of a limited sample. 

 

Thirdly, all the interviews were conducted virtually through Microsoft Teams.  Thunberg 

and Arnell (2022) outline that digital interviews can potentially limit the interpretation of 

body language and other non-verbal cues that could have been present if in-person 

interviews were conducted. Lobe et al. (2022) further note that in-person interactions 

make it easier to recognize and react to participant distress. However, both the researchers 
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and the participants kept the cameras on during the entire interview, allowing us to capture 

and interpret body language and non-verbal cues effectively. 

 

Fourthly, the interviews were conducted in Swedish, which is the native language of both 

the authors and the participants. This required translating the transcripts form Swedish to 

English, which could lead to minor error or variations in interpretation during the 

translation process. 

 

Lastly, the participants came from a variety of industries and held different types of 

managerial positions. As a result, some of the data findings could be influenced by 

industry-specific contexts or the specific responsibilities associated with different 

managerial positions. 

 

8.2 Suggestion for Future Research 

Our research aimed to contribute to the existing literature on managerial practices when 

utilizing DDDM in organizations. By presenting valuable data, our study provides a basis 

for further exploration and discussion on these topics. 

 

Firstly, since our data was limited to Swedish managers at Swedish companies, future 

research could consider expanding the focus to include managers from other countries to 

gain a broader perspective and understand cross-cultural differences in managerial 

practices.  

 
Secondly, further investigation into the factors influencing DDDM and its effectiveness 

within organizations is necessary. Factors such as organizational culture, employee 

personality attributes, and their level of education could provide insights into DDDM 

beyond the managerial perspective. Furthermore, this exploration may uncover other 

critical variables that need to be considered for successful DDDM applications.  

 

Thirdly, an area that was outside the scope of this study is the Upper Echelons theory. 

The theory, proposed by Hambrick and Mason (1984) suggests that to understand the 

behavior and performance of an organization, one must examine the backgrounds, 

experiences, and personalities of its top executives. Exploring this theory could provide 
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deep insights into how leadership traits impact decisions and organizational outcomes, 

during times of technological disruption or economic uncertainty. Thus, suggesting the 

Upper Echelons Theory as a topic for future research is not only a way to acknowledge 

the limitations of the current study’s scope but also an opportunity to build on the current 

research by examining aspects of leadership that could significantly influence theoretical 

and practical understandings of organizational behavior. 

 

Lastly, the findings reveal a gap in the literature regarding how decision-makers 

accommodate the tension between potentially high rewards and the risks of significant 

losses. This gap presents an opportunity for future research to explore how different 

organizational cultures and individual traits influence the valuation of risk and reward in 

decision-making processes. 
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10. List of Appendices 

Appendix 1: Interview Guide 

Introduction from our side 

Welcome and a short introduction of us. 

Present the approximate length of the interview.  

Ask for consent of the interviewees to participate in this study. 

Ask for consent to let Teams record and transcribe the interview. 

Let the participant know when the interviewer starts the recording and taking notes. 

 

Introduction of interviewee 

Can you please introduce yourself? 

Where do you work? 

Can you briefly explain a little bit about the company? 

Can you tell us about your current position? 

- How long have you been in that position? 

- What have you done prior to what you are currently doing? 

Data-Driven Decision-Making 

1. How would you describe data-driven decision-making? 

2. How would you describe the organizational culture around data-driven decision-

making? 

 

Decision-Making Process 

3. What does your decision-making process look like? Are there any specific steps 

that you follow? 

4. What kind of decisions do you make? 

 

Gathering 

5. What kind of data do you collect and how is it collected? 

 

Analysis 

6. How do you analyze the data? 
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Managerial Practices 

7. What skills do you believe are necessary to effectively utilize data in your 

decision-making? 

  

Rational/non-rational 

8. Which role do your emotions and experience play in your decision-making? 

 

Challenges/Opportunities 

9. What do you see as the benefits of using a data-driven decision-making process 

in your work? 

10. What challenges do you see with using data in decision-making processes? 

  

Decision Theory 

11. How do you weigh the potential gains and losses in a decision?  

 

Thinking Fast and Slow 

12. Do you find that your past experiences and decision-making affect new decisions?  

If Yes: How? 

13. Do you often make the same decision in similar situations?  

If Yes: Why? 

If, No: do you consider all the options each time and then make a decision?  
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Appendix 2: Consent Form 

Informed Consent Form 

  
The purpose of this consent form is to specify the terms of your participation in the master 

thesis project conducted by Ellen Gustafsson and Maja Östlund from Jönköping University. 

  
Participation in this research is voluntary and by signing this consent form the participant 

declares that they have understood and agreed to the following statements: 

  

1. I understand what this project is about, and the purpose of my participation is clear to 

me. 

  
2. I know that the conversation will last approximately 1 hour, and I have the right to 

decline to answer any questions if they cause me any discomfort. I am also aware that 

I have the right to end the meeting whenever I want. 

  
3. I am aware that the conversation will be recorded and transcribed using Microsoft 

Team’s function for this. 

  
4. I allow all data to be stored on Jönköping University’s cloud. The data is password-

protected and only accessible by the researcher and their supervisor upon request. Once 

the study has been completed all data will be deleted. 

  
5. I am aware that I have the right to remain anonymous in the report and all personal 

data will be handled in accordance with current data protection legislation.  

  
  

_____________________                          _________________________ 
                 Date                                                             Signature 

 


