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This thesis examines the implementation of data-driven decision-making (DDDM) in Finland’s public social 

and healthcare sector, focusing particularly on the integration of Business Intelligence (BI) and Knowledge 

Management (KM) to improve organizational efficiency and strategic outcomes. The sector is currently facing 

increasing organizational complexity, resource limitations, and rising demands for quality and accountability, 

which traditional decision-making practices struggle to address effectively. Fragmented information systems, 

siloed knowledge, and inconsistent data use have hindered efforts to optimize operations and improve service 

delivery. 

To address these challenges, this study explores DDDM as a systematic approach that replaces intuition-based 

practices with evidence-based insights. In this framework, BI is seen as a critical enabler of timely and 

accessible data, while KM provides the organizational processes needed to capture, share, and use knowledge 

effectively. By combining these elements, the study outlines a coherent framework for improving operational 

efficiency, strategic alignment, and the overall quality of care in the public social and healthcare sector. 

The research applies a qualitative method based on semi-structured interviews conducted with the information 

services team of one of the newly established Finnish wellbeing services counties. Using grounded theory and 

the Gioia method in the data analysis process, the study identifies key drivers and barriers to DDDM 

implementation, such as technological infrastructure, cross-departmental collaboration, and organizational 

culture. The results reveal that while strategic commitment to data-driven models is evident, successful 

implementation requires aligned practices, knowledge-sharing frameworks, and clear communication across 

departments and professional boundaries. 

The study contributes to existing literature by providing current views on DDDM practices in the context of 

the Finnish social and healthcare reform of 2023, as the topic is still relatively unexplored. By combining BI 

and KM within a coherent DDDM framework, this thesis demonstrates how these tools can support better 

decision-making, transparency, and collaboration in public social and healthcare sector. The findings highlight 

that DDDM is not just a technological upgrade, but an organizational and cultural transformation that needs to 

be implemented at all levels of an organization to realize its full potential. 
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Glossary of terms 

Data-Driven Decision-making (DDDM): DDDM can be seen as an ideology, where data is seen as 

a strategic resource rather than an assumption and experience, and where decision-makers and 

managers are required to promote a data-driven culture of innovation and to take information into 

account at all stages of decision-making (Brynjolfsson et al., 2011, 2). 

Business Intelligence (BI): BI is seen as a method that allows an organization to explore, utilize, 

and analyze data from its data warehouse to generate insights that support better decision-making 

(Nylund, 1999). 

Knowledge Management (KM): KM is a systematic process that involves discovering, selecting, 

organizing, refining, and presenting information in a manner that enhances an employee’s 

understanding in a specific area (Herschel & Jones, 2005). 

Artificial Intelligence (AI): AI refers to computer systems capable of learning and making 

decisions based on their own experience. Unlike systems that rely solely on human expertise, 

predefined rules, or decision-support frameworks, AI systems use their learning to improve and 

adapt over time. (Koski & Murphy, 2021.) 

Social and Healthcare reform 2023: A major restructuring of Finland’s healthcare and social 

welfare systems, which came into effect on January 1, 2023. Responsibility shifted from 

municipalities to 21 wellbeing services counties and the City of Helsinki, covering healthcare, 

social services, and emergency services. The reform aims to streamline service delivery and 

promote public health through collaboration with private providers and NGOs. (Sosiaali- ja 

terveysministeriö, 2023.) 
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1 Introduction 

1.1 Background 

We live in a digital age where information is both a tool and a commodity. As a result, data-driven 

decision-making (DDDM) has become a prominent phenomenon in various fields of study, such as 

information systems science, law, or medicine. Today, we see information overload almost 

everywhere. As technology advances, more and more data are being made available to people and 

organizations. Data-driven decision-making refers to the process of analyzing and using the 

information collected to support decision making (Shafiq, 2024; Brynjolfsson et al., 2011; Troisi et 

al., 2020). The core idea behind this approach is that decisions are based on objective, data driven 

analysis, not just intuition or personal experience. (Provost & Fawcett, 2013.)  

The constant and fast-paced development of information and communication technologies means 

that organizations are processing more information, leading to information overload (Yigitbasioglu 

& Velcu, 2012). The expanding volume of data in businesses and the multiple information systems 

they use have made it increasingly difficult to distinguish between essential and irrelevant data. As 

a result, producing timely, sufficient, and reliable data has proven to be quite challenging in many 

industries (Kinnunen et al., 2018). Although information is filtered, enhanced, and analyzed to 

satisfy demands, using it in an organization in a way that adds value is not always simple. 

Information management frequently faces both internal and external problems, and organizations 

usually have either too little or too much data use, both causing issues. It is possible that insufficient 

awareness of the demands, changes, and requirements in the business setting would undermine 

decision-making (Laihonen et al., 2013, 15). To address these challenges and improve decision-

making, organizations are increasingly turning to structured approaches such as knowledge 

management (KM) and business intelligence (BI). 

The general conception of KM is that it is an organized process for producing, obtaining, sharing, 

using, and capitalizing on information to maintain competitive advantage and accomplish 

organizational goals (Rolland, 2004). KM and BI are frequently used synonymously, if not 

interchangeably. The goals of knowledge management and business intelligence are to facilitate 

understanding, learning, and decision-making. KM and BI are two different ideas; KM aims to 

promote understanding and insight inside an organization, while BI focuses primarily on accurate 

and unambiguous data. BI can be seen as part of KM, which covers both explicit and tacit 

knowledge in an organization. (Herschel & Jones, 2005.)  
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Today, a lot of data is being generated through various digital technologies, which can be utilized 

through different data products to improve decision making in an organization. In the social and 

healthcare sector in particular, decision that are traditionally based on experience can be enhanced 

by BI. While significant progress has been made in integrating BI methods into the social and 

health care, current studies have mainly focused on clinical and technical systems. The potential of 

BI from an organizational perspective, particularly in improving the management and coordination 

of healthcare processes, is still relatively unexplored. (Basile et al., 2023.) 

Ratia (2022) highlights that optimizing administrative and managerial processes through data-

driven decision-making can lead to more cost-effective operations. With the increasing competition 

among public and private healthcare operators, there has been a growing interest among managers 

and executives in utilizing advanced methods and data technologies such as KM, BI, and Artificial 

Intelligence (AI) to harness siloed organizational data. These tools allow healthcare organizations to 

unlock value from their existing operational systems. While prior literature offers a framework for 

understanding the value creation potential of business analytics, there is still limited research 

focusing on the public social and healthcare sector. This creates an opportunity to explore how these 

data-driven approaches could benefit public social and healthcare organizations in Finland. 

The number of elderly people is increasing, and there is pressure to reduce costs, which provide 

complicated difficulties for the Finnish healthcare system. More generally, one of the common 

challenges in many nations is the requirement for performance improvements. From the perspective 

of organizational and management practices, this calls for the effective use of knowledge resources 

and proactive sharing of knowledge, among many other things. The knowledge needs for healthcare 

professionals have changed and grown. For example, as they increasingly serve as managers in 

addition to medical specialists, new types of knowledge are needed. (Myllärniemi et al., 2012.) 

To conclude, although the concepts of data-driven decision-making, BI, and KM have received 

increasing scientific attention, there is still a significant gap in understanding of how these practices 

are implemented and developed in Finnish public and social healthcare sector. Furthermore, as the 

wellbeing services counties in Finland were established in 2023, there is limited empirical evidence 

on how these organizations utilize data for strategic and operational decision making. This study 

aims to address this gap by investigating how data-driven decision-making supported by BI and KM 

practices is currently used in one Finnish wellbeing services county, and what organizational and 

technological factors enable or hinder its implementation.   



10 
 

1.2 Research goals and research question 

This study aims to explore how data-driven decision making (DDDM) is utilized in the Finnish 

public social and healthcare sector to improve organizational performance and decision-making. It 

aims to contribute to a deeper understanding of how data can be leveraged not only to optimize 

resource allocation and improve service delivery but also to promote strategic alignment and 

collaboration across complex healthcare systems. Given the rising costs and increasing complexity 

of healthcare, DDDM offers a valuable framework for supporting evidence-based decisions, 

improving patient outcomes, and fostering operational efficiency. Through a combination of 

literature review and empirical findings from one Finnish wellbeing services county, this study 

contributes to the ongoing development of DDDM practices in the public sector. To address the 

objectives of this thesis, the following research question has been formulated: 

RQ1: How do public social and healthcare sector in Finland utilize data-driven decision-making to 

improve operational efficiency? 

The following sub-research questions has been established to compliment the main research 

question: 

RQ2: What roles do knowledge management and business intelligence play in facilitating data-

driven decision-making within Finnish public social and healthcare organizations? 

RQ3: What challenges does the Finnish public social and healthcare sector face in implementing 

data-driven decision-making processes? 

The aim of the study is to provide an improved understanding of how knowledge-based strategy can 

improve management and operational efficiency in such a challenging environment as the public 

social and healthcare sector in Finland. It also aims to provide insights into how structural and 

cultural barriers can be overcome to support the effective use of data to improve health outcomes.  

1.3 Motivation 

The motivation for this research stems from my interest in the digital age and the exponential 

growth of data. With the increasing adoption of business analytics, knowledge management has 

become a critical strategy for improving organizational performance across industries. However, 

despite proven benefits in sectors such as finance and retail, the healthcare sector has been slower to 

embrace these innovations. The reason for this delay is the sector’s hierarchical structures, reliance 

on traditional practices and the complexity of healthcare systems. 
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Furthermore, the 2023 reform of the healthcare sector in Finland also led to extensive changes in 

the way the public sector operates, its organizational structures and the greater utilization of data. 

Finnish Innovation Fund (Sitra) emphasized in their research that the success of this kind of 

healthcare reform is heavily dependent on an open-minded attitude toward embracing new 

technologies and utilizing data effectively (Lehto, 2023). Therefore, exploring the role of data-

driven decision-making in the context of this reform offers a compelling opportunity for this thesis. 

It will allow me to delve deeper into the intersection of organizational structures, data utilization, 

and management in public healthcare, offering a more comprehensive view of how these elements 

collectively drive efficiency and effectiveness in the sector. 

In my previous bachelor’s studies, I explored data-driven methodologies within the field of 

management accounting. Combining this background with my work experience in the social and 

healthcare sector and my current studies in information systems science, it was a natural choice to 

integrate these areas into the focus of this research. Recently, I also had the opportunity to 

participate in a research seminar on work informatics at the University of Turku, where we explored 

topics such as the challenges of management in the public healthcare sector and the impact of 

hierarchical structures. These discussions sparked the idea that this could be a fascinating area for 

further research. This experience provided additional motivation and clarity for pursuing my 

research in data-driven decision-making in healthcare. 

1.4 Thesis structure 

This thesis is divided into six main chapters. The first chapter explains the background to the thesis 

and its importance to the research. This section also explains the author's motivation for the topic, 

formulates the research questions and briefly explains the structure of the thesis.  

In the second chapter, the principles of data-driven decision-making, business intelligence and 

knowledge management within healthcare are explored, highlighting their interrelationship. It also 

examines the current situation and challenges of public social and healthcare sector in Finland. 

Lastly, this section also briefly describes the use of technologies such as artificial intelligence in 

healthcare management. 

In the third chapter, the study presents the research methodology, data collection and analysis. It 

explains why a qualitative approach is suitable for conducting research and how grounded theory 

can be applied in a semi-structured interview method.  
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The fourth chapter reviews the findings of the semi-structured interviews and the factors 

influencing data-driven methods in public social and healthcare sector will be discussed. 

The fifth chapter discusses and reflects the key findings in the light of literature review and 

empirical findings. The section highlights the growing significance of DDDM in wellbeing services 

counties and outlines the cultural and structural barriers that may hinder its successful 

implementation. 

Finally, the sixth chapter summarizes the main findings and presents the theoretical contributions. It 

also presents the managerial implications of the study and discusses the limitations and directions 

for future research.  

   

 

Figure 1 Thesis outline 
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2 Literature review 

This section introduces different aspects of data-driven decision-making (DDDM) and its relevance 

in the public social and healthcare sector. It explores key frameworks, such as the DDDM process, 

BI, and KM as critical enablers for improved decision-making. Secondly, the chapter examines the 

current situation and challenges of the Finnish public social and healthcare sector, and the role of BI 

and KM to addressing these challenges. The literature review also briefly discusses the role of 

digital platforms and AI in transforming healthcare management. 

2.1 Towards Data-Driven Decision-Making 

Rapid technical breakthroughs, heightened competition, and changing customer demands define the 

current business environment and force organizations to always strive for increased performance 

and efficiency. The significance of utilizing data-driven ways to improve organizational 

performance has gained increasing attention, as highlighted in recent research by Prakash (2024). A 

strategic method known as “data-driven decision-making” uses data to guide organizational choices 

and actions. This method’s fundamental steps include gathering, processing, and analyzing huge 

volumes of data to generate relevant insights to improve the functioning of the organization (Shafiq, 

2024). According to Sarioguz & Miser (2024), organizations in this modern digital age are currently 

navigating a vast amount of data, which holds the potential to fundamentally transform how 

decisions are made. This shift is not just a technological advancement but represents a fundamental 

rethinking of how organizations operate and make strategic decisions in an increasingly complex 

environment. Traditional decision-making methods that rely on gut feeling and past performance 

have not been able to fully utilize the enormous amounts of data that are available to us. More 

informed approach involves shifting away from gut feeling in favor of an organized, evidence-based 

approach to managerial decision-making. To put it in simple terms, making informed decisions 

involves gathering, analyzing, and comprehending data to draw conclusions and guide practical and 

strategic decisions. 

Researchers have long recognized that decisions based only on an individual’s knowledge are 

vulnerable to inaccuracies and that data by itself is useless (Lamba & Dubey, 2015; Korherr et al., 

2022). Based on these findings, different analytical methods have emerged over the last decades as 

a distinguishing factor in the competitive environment of organizations (Korherr et al, 2022). 

According to Troisi et al. (2020), the data-driven approach to management studies is a result of the 

acknowledged necessity to develop innovative business models that can identify how to use data in 
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each stage of organization decision-making incrementally and how to turn data into knowledge and 

competitive advantage. 

On the other hand, Brynjolfsson et al. (2011) highlight data-driven decision-making (DDDM) as an 

ideology, where data is seen as a strategic resource rather than an assumption and experience, and 

where decision-makers and managers are required to promote a data-driven culture of innovation 

and to take information into account at all stages of decision-making. Thus, hiring data scientists to 

gain analytical capabilities cannot be the only way to usher in the age of data-driven business. 

Rather, business analytics must be established in the organizational culture and understood by all 

employees, but especially by those who make decisions. (Carillo et al., 2019.)   

   

2.1.1 DDDM Framework 

Nijzink (2020) has developed a causal model for DDDM in his research conducted at the University 

of Twente, aiming to illustrate the key methods and processes involved in DDDM (Figure 1). 

Despite being a Master thesis, Nijzink’s framework is conceptually strong and builds on a solid 

theoretical foundation. The model brings together insights from several well-regarded sources on 

data quality, data management, and decision-making, including Moreno (2017), Kleindienst (2017), 

and Mazurek (2015). Based on this literature, Nijzink has built a comprehensive model that 

illustrates the dynamic relationships between data sources, processing mechanisms, knowledge, and 

their role in organizational decision-making. Therefore, the model serves as a valuable framework 

in this thesis for analyzing the dimensions and enablers of DDDM in public social and healthcare. 

The framework presented in Figure 2 consists of dimensions (blue) and variables that affect these 

dimensions (grey). 
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Figure 2 Causal model of DDDM (Modified from Nijzink, 2020) 

 

The entire process begins with the current reality, which serves as the foundation for decision-

making. This dimension exists within every organization, though the specific circumstances can 

vary. Analyzing the present situation generates new insights, making reality the starting point for 

any new idea or processes. It also presents an opportunity to collect data through various 

measurement methods. (Nijzink, 2020.) 

According to Nijzink (2020), the nature of the data and the way it is collected is important. The 

author mentions three important variables in the process that affect the dimension of the data: 

 Data quality 

 Data collection methods 

 Data volume 

 

With the exponential increase in data generation globally, maintaining high data quality has become 

an increasingly significant challenge for organizations. Data must meet several criteria, including 

being timely, complete, consistent, valid, and accessible. This is particularly crucial for 
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organizations because information and communication technologies have given rise to new data-

driven business models, which significantly increase interaction between businesses and customers 

through data. The criteria mentioned above are essential for improving the quality of these 

interactions, and given these challenges, it is vital to adequately address data errors (Kleindienst, 

2017). According to Redman (2004), the exponential growth of data has made it increasingly 

challenging for organizations to maintain high data quality, which is essential for ensuring cost-

effective operations and reliable decision-making. Insufficient data quality can undermine the 

successful implementation of data-driven approach and destabilize decision-makers’ confidence in 

the data (Schröer et al., 2023, 469). 

In the context of business, data collection is a fundamental process that directly impacts the quality 

and effectiveness of DDDM. Accurate and relevant data collection is essential for enabling 

organizations to make informed decisions that drive strategic outcomes. Primary data collection 

methods, such as customer surveys, interviews with stakeholders, and direct observations of market 

trends, are crucial for gathering first-hand insights that are directly aligned with business objectives. 

These methods provide high-quality, tailored data that can enhance an organization’s ability to 

respond to market demands, optimize operations, and improve customer satisfaction. On the other 

hand, secondary data collection, which involves leveraging existing data sources such as industry 

reports, financial records, and market analyzes, can offer valuable background information and 

benchmarks. As businesses increasingly rely on data to guide decisions, the selection of appropriate 

data collection methods has become a critical determinant of success in data-driven business 

strategies. (Taherdoost, 2021.) 

Volume means the amount of data. What counts as a large amount of data can change over time and 

depends on the type of data. A dataset that seems large today might not be considered as large in the 

future, because advanced storage technologies will make it easier to handle much bigger datasets 

(Gandomi & Haider, 2015). Additionally, the type of data plays a crucial role in defining what 

constitutes a large dataset. For example, video or images produce lot of unstructured data, while 

tabular data is more structured and organized. These may require different data management 

technologies. Consequently, defining a specific threshold for a large volume of data is also difficult 

because it is usually industry specific. (Gandomi & Haider, 2015; Lee, 2017.) 

Once data has been collected from different sources, it is important to store it properly in databases 

(Strong et al, 1997, 103). As Nizjinki (2020) states, Data management is the process of collecting, 

storing, organizing and maintaining collected data. The aim is to ensure that data is accessible, 
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reliable and up to date. In addition, it is important to protect the data so that it cannot be damaged or 

altered by third parties. From this stored data, valuable information is derived as data products to 

support organizational decision-making. (Strong et al, 1997, 103.) 

After data is collected and organized, data products are utilized to create value. Collecting data 

offers limited value to an organization; only when users and applications access the data and use it 

for decision-making. Therefore, extracting and utilizing data becomes the primary focus for 

organizations. This process, often referred to as Business Intelligence (BI), involves business users 

and applications accessing data from the data management systems for reporting and analytics. 

(Watson & Wixom, 2007.) These products process data as input and deliver valuable insights as 

output (Nizijinki, 2020). Business Intelligence (BI) plays a crucial role in helping organizations 

manage vast amounts of data by accessing, cleaning, integrating, and analyzing it to generate 

valuable insights (Foley & Guillemette, 2010). These insights assist in making informed decisions 

and improving business efficiency and productivity. By gathering essential information from a wide 

range of unstructured data sources, BI tools convert raw data into actionable information that 

supports policy decisions and improves overall organizational performance. (Niu et al., 2021.) 

As Nizijinki (2020) also mentions that data is not the sole input for decision-making. Although data 

is fundamental to decision-making, it alone is insufficient for guiding organizational strategies. Data 

merely represents objects or events, and its true value is realized when combined with the 

knowledge and expertise of managers (Intezari & Gressel, 2017). According to Davenport and 

Prusak (2000), knowledge encompasses a blend of experience, values, and contextual insights that 

form the basis for evaluating and incorporating new information. This type of knowledge is 

acquired through years of hands-on experience, reflective thinking, and judgement, making it 

crucial for interpreting data in alignment with the unique demands of an organization. Since 

knowledge is rooted in the minds of managers and evolves over time, it equips them to navigate the 

complexities of a rapidly evolving business landscape. The success of DDDM therefore depends not 

only on the availability of data, but also on the education, experience and insights of managers who 

can interpret and apply information effectively to make rational decisions. Figure 3 conceptualize 

the intersection of data and knowledge: 
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Figure 3 Conceptualizing DDDM (Modified from Shollo & Kautz, 2010) 

 

The conceptual framework starts with gathering and storing the data. This data is analyzed and 

transformed into information. When action is needed in an organization, information and 

knowledge are used together to improve decision-making (Shollo & Kautz, 2010). However, many 

researchers state it is not enough for organizations to simply analyze data, produce knowledge and 

apply it. They must also focus on optimizing their decision-making processes to ensure that the 

knowledge produced is used effectively to support meaningful and strategic decisions (Shollo & 

Kautz, 2010; Davenport & Prusak, 2000; Intezari & Gressel, 2017). To obtain the most useful 

information possible, organizations should look at the structures and methods that influence their 

decision-making. In many examples, the information produced is not utilized right, insufficient for 

decision-making or ambiguous and open to different interpretations depending on the context 

(Shollo & Kautz, 2010; Ross et al., 2013). In conceptualizing DDDM, the decisions are made using 

data and knowledge, supported methods like BI and KM.  

2.1.2 Data utilization challenges 

Despite notable progress in adopting data-driven methods, substantial evidence suggests that many 

organizations have not successfully integrated these approaches into their decision-making 

processes (Tabesh et al., 2019). According to Adesina et al. (2024), many organizations are facing 

difficulties with strategic decision-making due to the lack of reliable data-driven insights. 

Traditional decision-making is heavily relying on past experiences, gut feelings, or incomplete data, 

leading to unfavorable outcomes. In addition, LaValle et al. (2011) states that ensuring data 

accuracy is not the primary challenge organizations encounter when adopting analytics. The most 

significant barriers to adoption are managerial and cultural, rather than issues related to data or 
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technology. The main barrier to the proper use of data analytics is the lack of understanding of how 

to use analytics effectively to improve business performance. 

Bean and Davenport (2019) observed that despite significant investments in data and analytics, 

many organizations struggle to become truly data-driven and often fail to recognize data as a critical 

business asset. Barton and Court (2012) also mention that a lot of skepticism about the data-driven 

approach to decision-making is expressed by managers. Ross et al. (2013) states that the primary 

reason why investments in data utilization often fail to deliver returns is that many organizations 

struggle to effectively manage the information they already possess. They lack the ability to 

properly handle and analyze data in ways that improve their understanding, and they fall short in 

implementing changes based on new insights. Many managers tend to rely more on their past 

experiences rather than adopting evidence-based, data-driven decision-making processes (Tabesh et 

al., 2019). The challenges of data utilization are amplified by the rapidly changing and complex 

organizational landscape, where making timely and precise decisions is essential for success. 

Without adapting DDDM, organizations may miss key opportunities, struggle to predict market 

trends, and find themselves unprepared for disruption. (Adesina et al., 2024.) 

Changing the decision-making culture in an organization is a key enabler for better use of data to 

make decisions, which can improve organizational performance. (McAfee & Brynjolfsson, 2012.) 

Barton & Court (2010) continue that organizational transformation is one of main areas in which 

organizations should develop strengths to fully benefit from data. Since organization culture plays a 

significant role in data-driven decision-making, the successful use of data often requires a broader 

change in the way managers think. As Sarioguz & Miser (2024) point out, building data-driven 

practices into organizational processes demands cultural transformation in addition to technical 

capacity. Managers are expected to develop a more analytical approach and promote a work 

environment where evidence-based decision-making is valued. Carillo et al. (2019) continue that 

managers need to shift away from intuition-based decisions and embrace a culture that prioritizes 

the analysis of data. Understanding how data-driven approaches are transforming management and 

organizational models is essential to realize the long-term impacts and benefits of this change 

(Sarioguz & Miser, 2024). McAfee & Brynjolfsson (2012) states at their research that DDDM has 

been shown to significantly improve organizational performance in companies that adopt these 

approaches. Organizations in the top third of their industry in using data-driven methods were found 

to be 5% more productive and 6% more profitable than their competitors, demonstrating the 

competitive advantage of such approaches. These measurable gains highlight why managers should 

prioritize data-driven strategies to enhance organizational success. 
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Davenport (2006) highlights the significance of cultivating an organization-wide culture that 

supports informed, fact-based decision-making through data-driven methods. To foster such a 

culture, managers must not only be skilled in transforming raw data into meaningful, actionable 

insights but also in effectively communicating and collaborating with business and domain experts 

within the organization to ensure these insights are applied appropriately (Chen et al., 2012). 

Laihonen et al. (2013, 28) also notes that building a data-driven culture within an organization 

fosters transparency and openness in operations. In this context, value is created from knowledge 

when available data is effectively utilized, and decisions are based on more accurate understanding 

of the current situation. Achieving this requires not only data from information systems but also 

human knowledge and intellectual capital. 

2.1.3 Transforming data to insight 

As earlier mentioned, BI plays a crucial role when organizations seek to transform data into 

valuable insights. BI is widely used to refer to various applications that enable more informed, data-

driven decision-making. 

Data scientists and information systems researchers have been developing and working on decision 

support systems (DSS) for approximately 40 years. In the early 1970s, the first model-driven DSS 

systems were created to support financial planning (Power, 2007). Gradually, by the late 1980s, 

data-driven DSS systems, commonly referred to as Business Intelligence (BI), became a widely 

recognized term among data scientists. Today, BI is broadly used to describe the application of 

analytics in real-world contexts (Watson & Wixom, 2007). 

In their research, Eidizadeh et al. (2017) describe that a key characteristic of BI is the collection, 

processing, and storage of data so that all levels of the organization can access it according to their 

needs for future decision-making and to optimize their operational efficiency. Therefore, one of the 

primary objectives of BI is to gather and share information across the organization, ensuring that 

every unit has access to it and can utilize it to improve overall organizational performance. Vugec et 

al. (2020) defines BI as a managerial tool that integrates various applications, technologies, and 

processes within organizations to assist business users in addressing challenges, identifying 

opportunities, monitoring performance, and making more informed decisions. BI systems assist 

decision-makers by gathering, analyzing, and reporting both internal and external data. Various 

disciplines influence BI; some focus on the technical aspects, while others emphasize knowledge 

discovery and integration. (Ghaida, 2018.) Figure 4 illustrates the BI process using the classical 

mode created by Gilad & Gilad (1985): 
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Figure 4 General BI process (Modified from Gilad & Gilad 1985, 70) 

 

As Pirttimäki (2007) points out, collecting vast amounts of data is only valuable if the organization 

possesses the necessary capabilities and expertise to transform that data into actionable insight. 

Figure 4 demonstrates how the intelligence cycle correlates with the information load: as the 

volume of data is reduced through processing, the level of intelligence derived increases, 

highlighting the importance of efficient data management. 

The BI process (Figure 4) developed by Gilad & Gilad (1985) consists of five key stages, each 

crucial for transforming data into actionable insights. The first stage involves collecting relevant 

data from different sources, including internal databases and external data points. External sources 

of information usually consist of specific business environment related technologies, competitors, 

industries, and environment. The identification phase is essential, as it starts the process by defining 

the priorities of the organization and identifying the specific information needed to achieve them. 
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Evaluation focuses on ensuring the quality and the relevance of the data collected. The data are put 

through a quality control process that includes an assessment of the reliability and accuracy of the 

data sources. This stage ensures that only high-quality data will progress to the next stages, which 

helps to optimize the usefulness of the stored data for decision making. Data is also indexed to 

simplify retrieval and analysis later in the process. The stored data is then analyzed using 

frameworks and different analytical models to translate it into actionable insights. These BI 

products can be different industry analysis, management reports, monthly business reviews and 

more. The analysis stage involves interpreting and clarifying ongoing events and signals to provide 

timely and effective insights to decision-makers. Because the quality of analysis is critical to 

effective decision making, this phase is generally considered one of the most essential parts of the 

BI process. Finally, these insights are disseminated to key decision-makers. This is typically 

achieved through reports, dashboards and visualization tools that present the analyzed data in a 

clear, actionable format. The dissemination phase ensures that insights are not only available but 

also ready to be used for strategic planning and operational improvement. (Gilad & Gilad, 1985.) 

According to Nylund (1999) BI encompasses all the methods through which a company can 

explore, utilize, and analyze data from its data warehouse to generate insights that support better 

decision-making. Ghoshal & Kim (1986, 49-58) provided the first scientific definition of the term. 

They view BI as both a management philosophy and a tool that helps organizations manage and 

refine business information to make effective decisions. Lönnqvist & Pirttimäki (2006, 32) linked 

BI to two distinct concepts: 

 Relevant information that provides a comprehensive view of the business environment and 

the organization, including its position relative to markets, customers, and competitors. 

 A structured and systematic process by which organizations gather, analyze, and distribute 

information from both internal and external sources to support their operations and decision-

making. 

BI can be seen as an analytical tool that offers automated decision-making regarding operational 

conditions, resource allocation, service demand, and other key factors related to organizational 

performance. It utilizes a large data warehouse, compiled from multiple sources, and applies past 

organizational dynamics. BI integrates data analysis into decision-making tools to provide essential 

information for supporting strategic and tactical decisions across the organization. (Ghazanfari et 

al., 2011, 1580-1581.) 



23 
 

Organizations that utilize knowledge and analytics in decision-making aim to identify the right 

priorities and people, while promoting a culture of data-driven management. Such a culture 

increases transparency and openness throughout the organization. As information becomes more 

accessible, management practices will change accordingly, allowing decision to be made in a more 

informed way (Davenport, 2006). According to Laihonen et al. (2013, 44), it is essential that 

decision-makers build their situational understanding by interpreting available information in the 

context of experience, as timely and relevant insights help to identify new opportunities. In this 

context, both the knowledge generated by BI systems and the expertise of people are critical 

components of effective decision making (Davenport, 2006). In summary, the primary goal of BI is 

to facilitate the use of data and transform it into valuable insights for the organization. Therefore, 

the development of BI solutions focuses on converting raw data into actionable information. 

(Larson & Chang, 2016.) 

In recent years, the importance of BI has grown with rapid technological development. The 

advanced technology has elevated BI as a key tool for organizations seeking to refine management 

practices, optimize performance, and improve services and outcomes. The ability of BI systems to 

give deeper, more strategic insights has attracted growing interest among organizational managers, 

particularly in sectors such as healthcare, where data-driven practices can significantly improve 

decision making and service quality (Alkhwaldi, 2024). 

2.1.4 Knowledge Management enhances decision-making processes 

Organization leaders recognize that timely and accurate knowledge can significantly enhance 

organizational performance. Paoloni et al. (2023) see knowledge as the main driver for business 

efficiency and value creation. Two methods that have been pivotal in increasing both the 

quantitative and qualitative value of the knowledge available to decision-makers are BI and 

Knowledge Management (KM) practices (Cody et al. 2002). Both BI and KM aim to promote 

learning, decision-making, and understanding within organizations. The key difference between the 

two concepts lies in their focus: KM seeks to promote insight and comprehension within the 

organization, while BI concentrates more on delivering clear and precise information. KM 

encompasses both tacit knowledge, which is often hidden within the organization, and explicit, 

structured information, whereas BI is a component of the broader KM framework. (Herschel & 

Jones, 2005.) 

According to Hicks et al. (2007), explicit knowledge is codified and can be communicated through 

various methods, such as mathematical expressions or formal language. Tacit knowledge, however, 
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is more challenging to articulate in these ways. Kothari et al. (2012) describe tacit knowledge as 

personal knowledge developed through experience and action. It includes skills, intuition, know-

how, and practical knowledge, often context-specific and deeply connected to individual expertise. 

Hicks et al. (2007) has developed the “EITS” metaphor to describe the knowledge hierarchy (Figure 

5). 

 

 

Figure 5 The EITS paradigm (Hicks et al., 2007) 

 

Through different applications, users can access and share data, information, and explicit 

knowledge stored in digital environments. For instance, data is stored in databases and data 

warehouses, information is utilized within decision support systems, and explicit knowledge is 

embedded in expert systems and best practices. These factors are surrounded by tacit knowledge. 

This is essential for creating, using, and sustaining data, information, and explicit knowledge. It also 

helps in choosing the right data sets, processes, and methods of analysis. (Hicks et al., 2007.) 

As Hicks et al. (2007) describes, the knowledge hierarchy is framed with three major environmental 

factors: Behavioral aspects, strategic KM, and organizational learning. Within this framework, 

several fundamental elements of behavioral aspects and organizational learning play a crucial role 

in supporting KM. Figurska (2012) cites cooperation, trust, and continuous learning as important 
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aspects of behavior and organizational learning in KM strategy. Cooperation is essential, as it 

allows knowledge to be shared between employees by fostering collaborative environments. Trust 

further facilitates this exchange by encouraging individual to share their tacit knowledge, knowing 

that it is respected and valued. A commitment to continuous learning promotes the ongoing 

development of knowledge and skills, creating a culture in which growth is supported, and expertise 

is constantly refined (Figurska, 2012). According to Ferreira et al. (2020), strategic KM refers to the 

processes and infrastructures that organization use to acquire, produce, and share knowledge for 

strategic decision-making and strategy development. This is strongly linked to business strategy, 

which is one of the most important factors for successful KM (Yeh et al., 2007). 

Herschel & Jones (2005) define KM as a systematic process that involves finding and shaping 

information so that it can be presented in a manner that enhances an employee’s understanding of a 

particular topic. KM enables organization transform accumulated experience into actionable 

insights. Through systematic collection and organization of knowledge, KM supports key activities 

such as strategic decision-making and continuous improvement in learning. In essence, knowledge-

based value creation focuses on enhancing organizational performance. Activities and processes 

should not only contribute to the achievement of the organization’s goals but also support the 

creation of value for stakeholders. While private sector organizations often prioritize profitability, 

public sector institutions face more complex objectives. These may range from financial 

sustainability to promoting national well-being or fulfilling other goals aligned with a broader 

public agenda. (Laihonen et al., 2013, 26.) 

It is crucial that KM processes are tightly integrated with an organization’s business operations; 

otherwise, the knowledge may not effectively support the organization’s primary mission, and its 

potential value may go unrealized. In practice, successful KM often involves creating the right 

conditions for sharing, applying, and generating knowledge, alongside its systematic use. Effective 

KM is a comprehensive process that includes stages such as creating, collecting, organizing, 

refining, distributing, and maintaining knowledge. This process is further supported by key factors, 

including how personnel are organized, the decision-making practices of management, information 

and communication technology, and, most importantly, the organization’s culture (see Figure 6). 

(Laihonen et al., 2013, 27.) 

The knowledge creation process, according to Abubakar et al. (2019), is a dynamic, complex, and 

multifaceted stage that helps organizations utilize, shape and incorporate knowledge into their 

products, services, and operational processes. Organizational success depends on the efficient and 
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ongoing creation and use of knowledge (Mousavizadeh et al., 2015). Abubakar et al (2019) state 

that equally important is knowledge capture, where organizations not only generate new content but 

also replace outdated or irrelevant knowledge and ensure that both explicit and tacit knowledge is 

captured and used efficiently. Dissemination, or sharing of knowledge between individuals or 

groups, is vital to foster collaboration and innovation in an organization. According to Laihonen et 

al. (2017), the business value of knowledge is realized when knowledge is used to guide action at 

either individual or organizational level. Therefore, knowledge application focuses on ensuring that 

the knowledge is used to support decision making and problem solving, ultimately benefiting the 

organization through improved business processes and improved organizational outcomes 

(Mousavizadeh et al., 2015). As illustrated in Figure 6, this process can be described as a cycle, 

where applying knowledge can eventually lead to knowledge creation. The cycle continues because 

the created knowledge must be captured, shared, and applied (Abubakar et al, 2019; Laihonen et al. 

2017). 

 

 

Figure 6 Knowledge Management process and enablers (Laihonen et al., 2013, 27) 
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Abubakar et al. (2019) describe knowledge enablers as influential factors that can accelerate and 

improve KM activities, such as knowledge capital accumulation and dissemination in an 

organization. Yeh et al. (2006) and Hujala & Laihonen et al. (2023) confirm that these enablers (see 

Figure 6) are systems that organizations use to develop, share and create their knowledge. However, 

it is good to be aware that these enablers can also act as a barrier to knowledge management. For 

example, technological limitations and the complexity involved, poor organizational culture and 

lack of management support have negative effects on employees, technology and other factors that 

lead to the failure to implement the KM process. (Mousavizadeh et al., 2016.) 

According to Abubakar et al. (2019), effective organizational culture can have a positive impact on 

KM activities and sharing between individuals. Mousavizadeh et al. (2016) describes this enabler as 

follows: 

“Organizational culture is defined as a system of meanings associated with behaviors 

and practices that are recognized as a distinct way of life. It is a set of shared beliefs, 

ideologies, rituals, myths and norms that influence organizational activities or 

behavior.” 

Abubakar et al. (2019) confirm that an organization should have a culture where values such as 

sociability and trust promote knowledge sharing and interaction among the employees. This type of 

collaborative environment enables a culture of knowledge management, while allowing individuals 

to openly share their knowledge. 

Information technology (IT) can also be seen as one of the critical enablers in the knowledge 

management process. Abubakar et al. (2019) demonstrate that investing in IT is an essential part of 

increasing the success of knowledge management projects and applications. According to Yeh et al. 

(2006), IT architecture, such as various databases, data platforms, decision support systems and 

other can enable rapid search, access and retrieval of data and support collaboration and 

communicating among employees. However, Laihonen et al. (2013, 44) point out that technologies 

are evolving rapidly and in complex ways. In such cases, organizations need to seek a deep 

understanding of the technologies and their evolution, as well as the organization’s practices and 

cultures. 

Yeh et al (2006) summarize that business strategy is one of the most important factors that guides 

KM. Research by Smith et al. (2010) shows that the effectiveness of an organization is strongly 

influenced by the link between business strategy and KM capabilities. To be most successful, 

knowledge management initiatives should also be linked to organizational performance measures, 
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such as cost efficiency and resource utilization in the public sector. For management, this requires 

an integrative approach that considers the relationships between all these capabilities. (Smith et al., 

2010.) 

The link between strategy and KM also involves management support. Smith et al. (2010) argue 

that support from management is critical for successful KM implementation, as it ensures the 

allocation of necessary resources. This managerial support not only adds organization performance 

but also encourages employees to actively participate in KM initiatives. When employee 

engagement is strong, organizations are more likely to achieve improvements in KM performance, 

leading to increased organizational value. Therefore, the degree of support from management is a 

key factor that can determine whether KM initiatives succeed or fail. (Yeh et al., 2006.)  

Organizational structure is also one of the KM enablers. Abubakar et al. (2019) states that 

organization can suffer from ineffective KM if the organizational structure is unclear. Varzaru & 

Varzaru (2013) describes that in organizations where knowledge management is a priority, the 

structure and division of roles must be designed to facilitate the effective sharing of both tacit and 

explicit knowledge. The organization’s hierarchy, role definitions and responsibilities should 

support the open flow of knowledge through collaborative networks. For effective KM, the role of 

each person should evolve to include knowledge creation and management in addition to their 

current operational tasks. This change requires a flexible structure that promotes knowledge sharing 

while maintaining the core functions of the organization (Varzaru & Varzaru, 2013). The 

relationship between key enablers of KM and organizational effectiveness is illustrated in Figure 7. 

 

 

Figure 7 Relationship between KM enablers and organization effectiveness (Modified from Yeh et al., 2006) 
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To maximize the value of knowledge, organizations must establish effective systems that promote 

the seamless flow of information, supported by well-defined knowledge management initiatives. 

(Mousavizadeh et al., 2015.) 

2.2 Introduction to the Finnish public social and healthcare sector 

Integration of social and healthcare services has been associated with improvements in the 

effectiveness of care (Baxter et al., 2018). Hujala & Laihonen (2023) describes that successful 

service integration relies on the use of enabling information technology, integrated data, and a 

shared knowledge base that facilitates the seamless flow of information across stakeholders. They 

also note that certain barriers like fragmented information systems, diverse organizational cultures, 

and multi-professional collaboration can hinder integration efforts, limiting the development of 

cohesive care systems. Moreover, Hujala & Laihonen (2023) states that the differing objectives 

between the public and private sectors further challenge service integration, which remains a key 

issue in achieving holistic care. 

Finland recently experienced a significant healthcare reform, transferring the responsibility for 

organizing healthcare, social welfare, and emergency services to new autonomous regional entities 

known as wellbeing services counties (Pusenius & Laihonen, 2024). This change aims to streamline 

and enhance service delivery across regions. Since January 1, 2023, 21 welfare regions and the 

Helsinki and Uusimaa Hospital District (HUS) have been responsible for organizing primary care, 

social services, special care, dental care, mental health and addiction services, disability services, 

and elderly housing services. The HUS group has a separate responsibility for organizing special 

healthcare services. The welfare regions serve as the main organizers and providers of social and 

healthcare services, working in collaboration with municipalities to promote well-being and public 

health. Private sector providers, along with organizations and associations, complement the public 

social and healthcare services. (Sosiaali- ja terveysministeriö, 2023.)  

This reform was essential to ensure equal access to services, reduce disparities in health and 

wellbeing, and control the rising costs of healthcare (Ministry of Social Affairs and Health, 2024). 

A wellbeing services county can offer services on its own or in collaboration with other counties. 

Services may also be outsourced to private companies and organizations or offered through 

customer service vouchers. The healthcare services that wellbeing services counties are required to 

provide are specified separately in relevant legislation. However, counties retain some discretion in 
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how they deliver these services, if they comply with legal requirements. As a result, there can be 

regional variations in the availability and delivery of healthcare services (EU-Healthcare, 2024). 

Tynkkynen et al. (2023) note that while the long-anticipated health system reform is being 

implemented, aligning service delivery with population needs, addressing long waiting times, and 

managing relatively high levels of cost-sharing continue to pose significant challenges. 

2.2.1 Current challenges in public social and healthcare management 

In Finnish healthcare, public organizations are often characterized by static and hierarchical 

structures, with management operating at various levels. Leadership is exercised at different tiers 

within the organization: top management, middle management, and frontline management. Top 

management typically refers to the strategic management of the organization. Middle 

management bridges the gap between strategic management and frontline operations, often 

represented by roles such as head nurses. Frontline management refers to the direct relationship 

between managers and employees, focusing on day-to-day leadership. Healthcare management in 

Finland has historically sought to break away from the traditional divisions between political and 

contractual management or specialized and general management. Increasingly, the focus in 

healthcare management is on integrating both task-oriented and people-oriented approaches, 

emphasizing interaction between managers and staff, and taking a more holistic view of 

management. (Rissanen et al., 2017, 82.) 

Healthcare services are one of the most central topics in political decision-making. Management in 

healthcare has also become a critical issue due to the many challenges facing health services. One 

of the key challenges is shifting from a reactive approach to a proactive one. Greater emphasis must 

be placed on preventive measures to control the continuously rising costs. Digitalization is also 

playing a role in transforming traditional practices and will continue to challenge many 

conventional operating models in the future (Syväjärvi & Pietiläinen, 2016, 148). Halonen (2021) 

continues in his research that the motivation and skills of healthcare managers, particularly in the 

use of information systems, are often seen as challenges in healthcare management. The data 

collected should be more aligned with the management needs of healthcare organizations. The 

healthcare environment is perceived as complex, and the information provided by current systems is 

often insufficient to meet the demands of effective healthcare management. 

According to Myllärniemi et al. (2012), Finland's healthcare sector also faces many complex 

challenges around growing elderly population and increasing pressure to reduce costs. Härkönen et 
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al. (2010) notes that the ageing population is putting increasing pressure on the public health sector. 

Alkhwaldi (2024) also mentions that social and healthcare organizations are struggling with limited 

resources to cope with the ongoing demands to improve outcomes. These problems are not unique 

to Finland, as the need to improve performance is a common concern in many countries. From an 

organizational and managerial perspective, meeting these challenges requires the effective use of 

knowledge resources and the promotion of active knowledge sharing. In addition, the knowledge 

requirements of health professionals have evolved as they increasingly act as both managers and 

medical experts, requiring a new level of expertise. (Myllärniemi et al, 2012.) 

2.2.2 Digitalization and data infrastructure in Finnish healthcare  

Digitalization has been viewed as a potential solution, or at least a way to address, many of the 

challenges faced by healthcare systems and societies. According to Parviainen et al. (2022), 

digitalization or digital transformation refers to changes in work processes, roles and service 

offerings that the introduction of digital technology brings about in an organization or its operating 

environment. Saranto et al. (2020) suggest that digitalization focuses on updating organizational 

processes and services by integrating digital technologies to improve efficiency and modernize 

workflows. Payne et al. (2016) also mention that digitalization has had a variety of effects on 

improving efficiency and quality in the health sector. 

The Finnish healthcare sector has undergone significant digital transformation, supported by a 

robust national eHealth and eSocial strategy. Central to this shift are platforms like Kanta Services, 

which enable the collection, storage, and sharing of patient data across healthcare providers (Vehko, 

2022). This digital infrastructure has facilitated better access to real-time data, supporting decision-

making and enhancing the quality of care. According to Pietronudo et al. (2022), digital platforms 

support the operational efficiency of healthcare systems by managing the enormous data generated 

within healthcare ecosystems. However, challenges remain, particularly in ensuring 

the interoperability of systems and optimizing the use of collected data for data-driven decision-

making. As Aula (2019) also states, data-driven approach in healthcare has also intensified the need 

to reform existing data infrastructures. 

Finnish data infrastructure in healthcare sector is shaped by significant institutional and regulatory 

complexities. The Secondary Health Data Initiative was introduced to facilitate the more seamless 

flow of health data between various data-governing institutions, with the aim of improving 

healthcare services using big and open data (Aula, 2019). Secondary health data refers to the use of 



32 
 

personal social and health data, originally collected during health and social service activities, for 

purposes beyond the primary reason for which they were saved. Under Finland’s act on the 

secondary use of health and social data (Saarikko & Niinistö, 2019), this includes scientific 

research, development and innovation activities, and knowledge management among others. 

According to Parikka (2019), the act facilitates the better utilization of health and social data for 

decision-making in healthcare management, supporting initiatives like data-driven innovations and 

knowledge management.  

Vehko et al. (2018) highlight the importance of electronic health record (EHR) systems in the 

digitalization of healthcare in Finland. These systems allow for collection, storage, and sharing of 

patient data across healthcare providers in Finland. Platforms like Kanta enable patients to access 

their health data, fostering transparency and engagement with their healthcare. Jormanainen et al. 

(2019) states that by 2018, nearly 50% of the Finnish population had accessed their EHR data. The 

widespread use of EHR supports real-time decision making and increases operational efficiency in 

healthcare services. 

Currently, the use of artificial intelligence (AI) is also an emerging trend in digitalization in the 

healthcare sector. AI applications have the potential to improve various aspects of healthcare, from 

improving diagnosis and treatment to optimizing hospital management and administrative 

workflows. According to Koski & Murphy (2021), AI systems offer significant value by reducing 

variability in care, improving precision, and empowering both healthcare professionals and patients. 

AI technologies such as machine learning and natural language processing help synthesize large 

volumes of medical data, from EHRs to genetic information, improving decision-making processes. 

However, as Secinaro et al. (2021) highlight, integrating AI into healthcare requires overcoming 

several challenges, including technical limitations and regulatory restrictions, as well as ensuring 

that AI systems are transparent and trustworthy. Saraswat et al. (2022) further emphasize the 

importance of explainability in AI applications, especially in complex healthcare environments, to 

ensure clinicians feel confident in using these tools in their everyday practices.  

2.2.3 The role of BI and KM in addressing challenges 

Digital platforms play a crucial role in supporting healthcare organizations' ability to innovate by 

effectively managing the vast amounts of data generated. Pietronudo et al. (2022) emphasize that 

digital platforms in healthcare facilitate not only data collection but also its analysis and integration, 

enabling healthcare professionals to optimize decision-making processes and improve patient 

outcomes. These platforms enhance capabilities, allowing healthcare systems to transition from 
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traditional reactive approaches to more proactive, data-driven models. Paoloni et al. (2023) address 

that in this domain, public social and healthcare organizations provide a unique subject for study 

because they usual prioritize efficiency and effectiveness rather than competition or profit.  

Healthcare organizations are increasingly recognized as knowledge-based entities rich in data and 

information. As Ayatollahi & Zeraatkar (2020) note, effective KM processes can help these 

organizations manage strategic assets like knowledge, leveraging both tacit and explicit 

information. According to Ashok et al. (2021), KM practices in the public sector contribute to better 

efficiency, more informed decision-making, and the improvement of policy development, service 

delivery, and overall effectiveness. Knowledge serves as a strategic asset in healthcare 

organizations, with KM implemented as an effective approach to addressing challenges such as 

escalating healthcare costs and the growing demand for higher-quality care (Ayatollahi & 

Zeraatkar, 2020). By doing so, healthcare professionals can make more informed decisions, 

ultimately leading to higher quality care, reduced errors, and lower costs. 

Nicolini et al. (2008) states at their research that data-driven approach have become a vital 

component in healthcare, driving both organizational performance and patient care quality by 

enabling knowledge management and sharing. However, they are also aware that implementing KM 

successfully requires addressing several enablers and barriers, which are particularly linked to 

healthcare sector due to its complexity and the interaction between clinical and managerial roles. 

Table 1 Major enablers and barriers of KM success in healthcare organizations (Modified by Nicolini et al., 
2008) 

Enablers Barriers 

Shared common values and culture Over-management and interference from political 
sphere 

Minimizing concerns about power and status 
differences 

Clinical-managerial conflict 

Interdisciplinarity Professional barriers 

Close proximity (operational) Lack of trust 

Salient topics Poor quality relationship 

Political commitment Insufficient technology skills 

 

As illustrated in Table 1, numerous enablers support the successful implementation of KM in 

healthcare organizations. Shared common values and culture are pivotal, as highlighted by Nicolini 

et al. (2008), since a unified vision promotes collaboration across interdisciplinary teams. In 

healthcare, where multiple professional groups often work in different levels and departments, 
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common values that emphasize patient-centered care promote more effective knowledge sharing 

and smoother communication between departments. 

Another significant enabler is minimizing concerns about power and status differences. Edmondson 

(2003) points out that when power dynamics are reduced, team members are more likely to share 

information openly, which is crucial for learning in fast-paced sectors such as healthcare. In 

addition, political commitment and acceptance are essential for promoting KM initiatives in the 

health sector. Nicolini et al. (2008) argue that political support helps embed KM practices into 

organizational culture and ensure their sustainability. 

Finally, interdisciplinarity and close operational proximity are also enabling key factors. Tagliaventi 

& Mattarelli (2006) argue that when professionals from different domains work together and are 

physically close to each other, they exchange information more effectively. This proximity support 

both formal and informal information exchange, which is crucial in healthcare settings based on 

multi-professional collaboration. 

Despite these enablers, significant barriers can hinder the success of KM in healthcare. Over-

management and political interference are common challenges. Addicott et al. (2006) argue that 

excessive political involvement in clinical processes can distract attention from the goals of 

knowledge sharing, with decision-making driven by external goals rather than patient outcomes or 

organizational learning. 

Clinical-managerial conflict is another key barrier, due to the different priorities of clinical staff and 

management. Guven-Uslu (2006) explains that clinicians tend to prioritize patient care, while 

managers often emphasize cost management and operational effectiveness, leading to tension and a 

reluctance to share information across professional boundaries. Additionally, professional barriers 

such as the rigid hierarchical structure of healthcare can complicate knowledge exchange. The 

traditional division between clinical and managerial professionals creates social barriers that limit 

the flow of information. (Ferlie et al., 2005.) 

Insufficient technology skills and lack of trust among professionals are additional obstacles 

(Nicolini et al., 2008).  In many cases, the rapid implementation of new KM related technologies, 

such as electronic health records or BI systems, can overwhelm staff who may lack the necessary 

training or confidence to use them effectively. Mistrust in these systems can lead to reluctance in 

adopting new technologies, which diminishes the potential benefits of KM (Guah & Currie, 2004). 

Guo and Chen (2023) further elaborate on the importance of data technologies by noting how 
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healthcare organizations can leverage these technologies to provide better, more personalized 

patient care. They argue that integrating these technologies into existing healthcare infrastructure 

will enable the use of predictive analytics to improve both operational efficiency and patient 

outcomes. 

There has also been considerable work done in applying BI within healthcare industry, with focus 

on IT and clinical aspects. However, the use of BI for improving the healthcare management and 

operational processes remains an under-explored area (Basile et al., 2023). As Alkhwaldi (2024) 

explains, also in the healthcare industry, BI involves utilizing data and analytical tools to support a 

more informed and efficient decision-making process. Ratia (2018) notes that Finnish private 

healthcare organizations (HCOs) lacked the internal capabilities required for effective BI utilization, 

leading to a reliance on external resources. Adapting Ratia’s (2018) observations to the context of 

the public sector, it is reasonable to infer that the Finnish public social and healthcare sector might 

face similar challenges as private organizations, given that both sectors share some systemic 

characteristics like hierarchical structures and resource limitations. To overcome this, organizations 

must improve internal capabilities and human capital to promote data-driven mindset. Similarly, 

Basile et al. (2023) demonstrates that using BI in decision-making overcomes experience-based 

practices by improving operational efficiency and leading to financial savings. However, they 

emphasize that BI complements human cognitive capabilities rather than mimicking them and 

highlight its importance for management in improving decision outcomes. To success, these 

organizations need to excel at collecting and analyzing both clinical and market data and turning it 

into actionable insights for decision making. Proper management and dissemination of this 

information are critical to ensure the future sustainability and success of organizations and to 

improve their ability to deliver high quality care while improving overall outcomes. (Paoloni et al., 

2023.) 

Although there is still relatively limited research on DDDM in healthcare, particularly in public 

health systems such as Finland’s, recent studies have begun to address some of the key challenges 

and opportunities associated with implementing DDDM in healthcare. Freitas (2024) highlights 

several obstacles, such as concerns around data privacy, the need for robust data infrastructures, and 

the potential of emerging technologies like AI to revolutionize healthcare management. Rehman et 

al. (2022) emphasize the transformative potential of big data analytics, noting its capacity to 

significantly improve healthcare delivery. However, this also brings challenges, including managing 

unstructured data, ensuring data interoperability, and effectively integrating new technologies into 

existing systems. Moreover, data-driven technologies are often mistakenly seen as being the same 
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as AI. Di Nucci (2019) points out that data-driven technologies are designed to improve human 

cognitive and computational abilities, whereas AI is intended to replicate or mimic them. These 

differences are important, as despite their differing objectives, both data-driven technologies and AI 

play complementary roles in healthcare decision-making and can contribute to improved outcomes. 
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3 Methodology and analysis 

One of the most important factors in conducting successful research is choosing the right research 

method. There are different scientific, and research approaches available, and the choice depends 

largely on the research topic, the specific research questions and the overall objectives of the study. 

(Hirsjärvi & Hurme, 2022) 

The research method for this thesis adopts a qualitative study approach, with empirical data 

gathered through semi-structured interviews conducted with employees responsible for the 

development of KM and BI initiatives within one of the wellbeing services counties in Finland. This 

method allows for more in-depth insights to be obtained from each participant, enabling a 

comprehensive exploration of DDDM practices. The interview data was analyzed using grounded 

theory methodology, which facilitates the identification of emerging patterns and themes. The 

specific research methods employed include semi-structured interviews and the Gioia method for 

data analysis. 

3.1 Qualitative approach 

The empirical research conducted for this thesis studies the role of data-driven decision-making 

improving management and operational efficiency in the public social and healthcare sector in 

Finland. A qualitative research method fits well because it allows for in-depth insights into 

participants’ experiences, perspectives, and practices (Agius, 2013). Granero-Molina et al. (2024) 

also cite that due to these insights, qualitative research has found increasing attention as an essential 

tool in contemporary health sciences. Similarly, Adeoye-Olatunde et al. (2021) highlights that 

qualitative research has gained growing recognition for its value and relevance in health and 

pharmacy services research. This approach aligns well with the objectives of this thesis, which 

seeks to understand how public social and healthcare sector engages with DDDM processes. By 

focusing on the experiences and practices of specialists involved in KM and BI development, 

qualitative research provides rich, contextual insights that help to capture the complexities of 

healthcare operations. 

Qualitative research is rooted in the traditions of social sciences and is commonly applied to explore 

social dynamics and cultural contexts. It provides researchers with the opportunity to develop a 

deeper understanding of the environment in which action and decision-making take place and to 

gain insight into the context that shapes these processes. (Agius, 2013). Additionally, qualitative 

methods are especially valuable in situations where sociocultural contexts play a critical role in 
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decision-making and problem-solving. When traditional quantitative approaches may not fully 

address the complexities of human behaviors and organizational dynamics, qualitative research is 

instrumental in uncovering deeper layers of meaning (Granero-Molina et al., 2024). This further 

supports the use of qualitative methods in studying DDDM in public social and healthcare sector, 

where human factors and organizational practices are pivotal to success. 

According to Eriksson & Kovalainen (2008), quantitative research is explained as a structured and 

standardized approach, often used for hypothesis testing and statistical analysis. This method 

typically deals with numerical data and focuses on explaining and quantifying relationships between 

variables (Basias & Pollalis, 2018). Quantitative approaches have been described as dominant in 

business and social sciences due to their ability to provide accuracy through a controlled and 

systematic approach. However, Eriksson & Kovalainen (2008) also recognize that this emphasis 

often overshadows the value of qualitative methods, which seek to interpret and understand social 

realities and complexities that quantitative methods may not fully capture. While quantitative 

methods are valuable for testing hypotheses and producing accurate, measurable results, they are 

less suitable for studying the nuanced and context-specific aspects of public health decision-

making. 

Basias & Pollalis (2018) highlight that qualitative research methods are particularly effective in new 

areas of research because they provide insights into complex, evolving situations that cannot be 

easily quantified. As Eriksson & Kovalainen (2011) point out, qualitative approaches are 

exploratory by nature, aiming to explore ongoing phenomena, identify new patterns and support the 

development of future research directions. In this thesis, the literature review provides a basis for 

understanding how organizations are prepared for DDDM and how organizational characteristics 

influence this awareness. The aim of the empirical study is to explore and refine this framework in 

practice and to understand the subjective experiences, organizational dynamics and human factors 

that influence informed decision-making. These complexities are difficult to measure quantitatively, 

which is why a qualitative approach is more appropriate, as it allows a deeper exploration of the 

experiences and perspectives of healthcare professionals that a quantitative method would likely 

miss. The purpose of this study is not only to identify the factors that influence organizational 

capacity, but also to explore the underlying causal relationships in the context of the public social 

and healthcare sector. 
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3.2 Grounded Theory  

Developed in 1967 by Glaser and Strauss, grounded theory methodology is a systematic, yet 

flexible methodology that allows researchers to generate theory based on empirical data (Charmaz, 

2006). Rather than beginning with a set hypothesis, the researcher collects data and continuously 

engages in a process of coding, categorization, and conceptualization to build theory from the 

beginning (Eriksson & Kovalainen 2011). Charmaz (2014) describes the nature of grounded theory 

methods as following: 

“Stated simply, grounded theory methods consist of systematic, yet flexible guidelines 

for collecting and analyzing qualitative data to construct theories “grounded” in the data 

themselves. […] Grounded theory methods foster seeing your data in fresh ways and 

exploring your ideas about the data through analytical writing.” 

Eriksson & Kovalainen (2011) states that grounded theory is both a research method and the result 

of a research process. It involves a series of steps to develop a theory directly from the data 

collected, so that the theory emerges naturally from the research. This approach uses both inductive 

reasoning, in which conclusions are drawn from observations, and deductive reasoning, in which 

these conclusions are tested and refined. In addition, revising the theory throughout its development 

is considered an essential part of the process to ensure that the emerging theory is based on the data. 

Wiesche and Krcmar (2017) further emphasize that the grounded theory method is highly flexible 

and adaptable to different research contexts. It allows researchers to refine data collection and 

analysis iteratively, which is crucial when dealing with complex and dynamic environments such as 

healthcare. The process involves open coding to identify themes, then selective coding to link these 

themes to a core category, and finally theoretical coding to determine the relationships between 

these categories. This systematic approach ensures that the theory developed is deeply grounded in 

the empirical evidence and is flexible enough to incorporate new findings or categories as the 

research progresses. (Wiesche and Krcmar, 2017.) 

Grounded theory methodology has expanded significantly beyond its origins, finding application in 

various fields such as business management, education, and public health (Tan, 2008). This 

adaptability is due to its suitability for exploring emerging and dynamic social phenomena where 

there is little established theoretical framework (Charmaz 2014). Grounded theory is suitable for 

this thesis because it enables the development of theory directly from the data collected, without 

relying on pre-existing assumptions. This approach is ideal for exploring the complex, evolving 

nature of DDDM in public social and healthcare sector, as it allows for a flexible and iterative 

analysis of the data. This is particularly useful in studies of this kind, where there is little previous 
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research on how public social and healthcare organizations use data to make decisions. By 

continuously refining the data throughout the research process, grounded theory helps uncover 

insights into improving decision-making processes and enhancing operational efficiency.  

3.3 Data collection and analysis 

3.3.1 Semi-structured interview 

This study used semi-structured interviews to collect empirical data, which provide a balance 

between flexibility and structure throughout the interview process. While it provides a framework 

for gathering in-depth information on specific topics, it also enables the interviewer to steer the 

conversation and explore areas that may not be easily accessible through other data collection 

methods. The goal is to foster an open, comfortable atmosphere for the interviewees, encouraging a 

discussion-like interaction rather than a rigid question-and-answer session. This method ensures that 

key themes are covered while allowing room for the interviewee’s experiences and insights to guide 

the flow of conversation. 

According to Hirsjärvi & Hurme (2022), The semi-structured interview method does not have a 

single method, but is characterized by its flexibility in use when a particular aspect is locked in. The 

questions are predetermined, but the answers are not tied to specific response options, allowing the 

interviewees to respond in their own words. The method is based on the work of Merton, Fiske, and 

Kendall (1956) in their publication The Focused Interview, where the authors describe their 

approach as one that specifically targets individuals who have experienced a particular situation. 

The interview process is carefully structured around preliminary analyzes of the phenomenon, 

allowing the interviewer to guide the discussion towards significant aspects and participants’ 

subjective experiences, which the researcher has anticipated through prior content or situational 

analysis. (Merton et al., 1956.) 

Semi-structured interviewing is particularly well suited to qualitative research when the aim is to 

capture the unique perspective of the participant rather than to produce a generalized understanding 

of the phenomenon (Adeoye-Olatunde et al., 2021). One of its main advantages is the balance it 

achieves between structure and flexibility, allowing the researcher to address predefined themes 

while responding to new, relevant ideas that emerge during the conversation. The method 

encourages discovery by providing a guided framework, while leaving room for unplanned themes 

to emerge as the interview progresses (Magaldi & Berger, 2020). By combining a clear focus and 
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openness to exploration, semi-structured interviews allow for a deeper understanding of complex 

issues, making them highly valuable in gathering rich and varied data. 

Hirsjärvi & Hurme (2022) highlight that semi-structured thematic interviews offer the advantage of 

not being strictly tied to either qualitative or quantitative paradigms. Instead, they focus on the flow 

of discussion around central themes, allowing the conversation to evolve naturally based on the 

interviewee’s responses. This method is particularly well-suited to this study on data-driven 

decision-making in the public social and healthcare sector because it allows for capturing the 

nuances and complexities of managerial practices in real-world settings. The semi-structured format 

enables a deep exploration of how healthcare managers engage with data, how they perceive its 

impact on decision-making, and the challenges they face in operational environments. As this 

method allows for both guided questioning and flexibility, it ensures that the interviews provide a 

wide range of insights that reflect participants' different experiences and perspectives, which are 

crucial to understanding the complexity of informed decision-making in a complex and evolving 

field such as public health. (Hirsjärvi & Hurme, 2022.) 

3.3.2 Applying grounded theory to the semi-structured interview method 

According to Airaksinen (2021), Grounded theory can be viewed both broadly as an overall 

research approach or more narrowly as a systematic method for data collection and analysis. It is 

particularly well-suited for studies that lack extensive prior research or where new perspectives are 

sought. This methodology offers a structured framework for gathering and interpreting data, making 

it versatile for various types of qualitative research. Utilizing grounded theory and semi-structured 

interview method to collect and analyze the data allows emerging themes to be explored without 

rigid question structures. The researcher can explore participants' perspectives in depth and adapt 

the questions for the next interviews based on the initial findings (Duffy et al., 2024). Adeoye-

Olatunde et al. (2021) also emphasizes the use of grounded theory as part of semi-structured 

interview process. 

After significant healthcare reform in Finland, KM and BI have become increasingly important in 

managing the healthcare sector (Sosiaali- ja terveysministeriö, 2023). However, there has been a 

lack of research examining how these practices are implemented in public social and healthcare 

sector. By using grounded theory as a systematic method alongside semi-structured interviews, it is 

possible to delve into the unique experiences of interviewees while remaining adaptable to new 

insights that emerge during the research process. 
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3.3.3 Data collection 

Before the interviews started, it was explained to the participants that their interview responses 

would only be used to generate and discuss the empirical evidence for this study. Interviewees were 

also given the opportunity to review their interview responses in writing before the data were 

analyzed and discussed. For a more in-depth description of research data management can be found 

in Appendix 2, which was also sent to the case organization when applying for the research permit. 

The plan contains information on data handling, permissions, rights, documentation and data 

preservation. 

The concepts relevant to the interviews were explained to the participants before the actual 

questioning began. Initially, the interviewees were briefly asked about their job description, 

followed by the main interview questions. The interviews questions started with straightforward 

questions and moved on to more open questions towards the end. At the end, there was also time for 

open discussion in case any additional topics came up.  

The structure of the interviews: 

1. The initialization of the interview 

a. the purpose of the interview explained 

b. the concepts used in the interview explained 

i. Data-Driven Decision-Making 

ii. Business Intelligence 

iii. Knowledge Management 

2. Questions about job description details 

3. Planned interview questions  

4. Open discussion 

The detailed interview questions are presented in the Appendix 1: The interview questions for the 

semi-structured interview. These questions were divided into four thematic sections. Section 1 

(questions 1-2) focused on understanding the current state of DDDM in the case organization and 

aimed to find out how data-driven practices have already been implemented. Section 2 (questions 3-

5) examined how the organization collects and utilizes data, including the technological solutions 

involved, such as BI tools. Section 3 (questions 6-8) addressed the organizational and cultural 

factors that influence data utilization and knowledge management. Finally, section 4 (questions 9-
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10) aimed to assess how DDDM has impacted the organization’s performance and efficiency and to 

gather interviewees views on how DDDM could develop in the future in the Finnish public social 

and healthcare sector. 

All interviews were recorded and transcribed to prevent any bias in interpretation. According to 

Adeoye-Olatunde et al. (2021), recording is recommended to maximize the use of data for analysis. 

It also allows the interviewee to be more present in the interview situation, making the conversation 

feel more natural to the participants. In terms of data collection, interviews were conducted with the 

information services team of a wellbeing services county, as they are responsible for the 

development and implementation of DDDM practices in the organization. Each interview began 

with an introduction, some announcements, and requests for permission. The goal was to maintain 

an informal atmosphere and clarify that there were no wrong answers, encouraging interviewees to 

respond openly and confidently. Additionally, all interviews were conducted in Finnish, the native 

language of the participants, which facilitated a broader range of responses to the questions. 

 

Table 2 The semi-structured interviews overview 

Participants Position and job 
description 

Date of interview language Length of the 
interview 

A Head of 
Information 
Services 

20.12.2024 Finnish 1:06:35 

B Information 
Services Manager 

21.1.2025 Finnish 1:04:19 

C Specialist, 
Information 
Services 

28.1.2025 Finnish 0:40:04 

D Specialist, 
Information 
Services 

31.1.2025 Finnish 0:36:01 

E Specialist, 
Information 
Services 

7.2.2025 Finnish 1:01:58 

F Specialist, 
Information 
Services 

11.2.2025 Finnish 1:03:10 
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3.3.4 Data analysis 

Adeoye-Olatunde et al. (2021) note that qualitative data analysis usually begins with assigning 

codes to the content of transcribed interviews. This thesis uses the Gioia method to analyze the data, 

which provides a structured approach and increases the transparency of the analysis process. The 

method is designed to support the development of grounded theory by identifying theories that 

emerge from the data. It aims to uncover new concepts or reveal relationships between them, thus 

providing deeper insights into the phenomenon under study. (Gioia et al., 2012; Eriksson & 

Kovalainen, 2008.)  

Eriksson and Kovalainen (2008) point out that a key element of grounded theory is the systematic 

classification of data, known as coding. This process takes place in three stages: open, axial, and 

selective coding. Charmaz (2006) explains that coding involves categorizing segments of data with 

short, descriptive labels that simultaneously summarize and explains each data point. Coding allows 

researchers to select, separate and organize data in a systematic way to facilitate analytical 

interpretation. Ultimately, the aim is to identify a small set of core categories that combine the most 

relevant concepts and form a theoretical foundation grounded in the data. (Eriksson and 

Kovalainen, 2008.) 

As described by Gioia et al. (2012), qualitative analysis follows a structured coding process to 

systematically develop theoretical insights. In the first step (often referred to as open coding), the 

data are divided into several first-order categories that closely reflect the language and terms used 

by informants. At this stage, the researcher focuses on identifying a broad set of emergent themes 

without imposing predefined theoretical frameworks. In the second stage (often referred to as axial 

coding), these categories are refined by identifying relationships and patterns between them, 

resulting in the development of second-order themes that represent a more abstract level of 

interpretation. In the last stage (often referred to as selective coding), the second level themes are 

combined into aggregate dimensions that serve as the basis for theory development. 

Table 3 Summary of data analysis 

Analysis steps Description 

First-order analysis (i.e., open 
coding) 

The initial phase involves breaking down the data into distinct first-
order categories based on recordings and transcriptions. 

Second-order analysis (i.e., 
axial coding) 

First-order categories are refined into second-order themes by 
identifying patterns and relationships among them. 

Aggregate dimension analysis 
(i.e., selective coding) 

Second-order themes are integrated into aggregate dimensions, 
forming the basis for theoretical development. 
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This process allows researchers to move systematically from raw data to conceptual insights and 

ultimately build a data structure that visually illustrates the development of the themes and their 

theoretical meaning (Gioia et al., 2012). 
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4 Findings 

This section presents and discusses the empirical findings based on the analysis of semi-structured 

interviews with six employees working in the information services team of a wellbeing services 

county in Finland. The interviews were conducted in Finnish, as it was the interviewees’ native 

language. The citations included in this chapter are translations of the original responses.  

4.1 The current role of DDDM in public social and healthcare 

The first set of interview questions (see questions 1-2 for more detail in Appendix 1) aimed to 

explore the current role of DDDM in public social and health care by asking participants to describe 

their professional status and reflect on the organization’s current focus and progress in developing 

DDDM practices. The aim was to encourage interviewees to think about the role of DDDM 

holistically rather than as a tool for a single function in their organization. Overall, interviewees 

acknowledged that data plays a crucial role in decision-making processes. However, they also 

highlighted various challenges in making effective use of it. The following are selected responses 

that illustrate the common themes that emerged from the interviews: the increasing integration of 

KM into decision-making processes, and the persistent issues of timeliness, availability, and manual 

handling of data. These examples from interviewees C and D were selected since they represent the 

most typical and recurring views expressed by participants on the progress and ongoing difficulties 

in implementing DDDM. 

C: “Knowledge management is already an established part of decision-making, but the 

challenge remains the timeliness and availability of data.” 

D: “We have already made progress in integrating lot of systems, which has improved 

data-driven decision-making. However, a significant amount of data is still processed 

manually. Nevertheless, we are clearly moving in the right direction.” 

The participants generally agreed that DDDM has become an integral part of the public social 

healthcare management. At the same time, they recognized that its implementation remains a work 

in progress and its effectiveness varies across departments. While some units have successfully 

integrated data-driven processes, others still face challenges related to accessibility, interoperability 

and manual data processing. They mentioned that although most information systems are integrated 

on a data platform, data is not always readily available in a usable format, making real-time 

decision-making difficult. Another data related challenge has been the fragmentation of information 

systems. 
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D: “There have been an overwhelming number of client and patient information systems 

in use. Even when the same systems were used, they operated in separate instances, 

preventing seamless data transfer. As a result, data remains fragmented, lacking 

consistency and coherence. Additionally, some systems still lack proper integration, and 

manual data collection is often required, further complicating the process.” 

When the wellbeing services counties were established as part of the social and healthcare reform, 

multiple municipalities were merged under a single organization. The various information systems 

previously used by individual municipalities did not easily synchronize, leading to fragmented data 

and significant challenges in data integration and processing. Interviewee A highlighted that data 

from different systems cannot always be seamlessly combined into a unified format. Even when 

some municipalities used the same systems, the data structures were inconsistent, making 

integration challenging. For example, within the same services, data may not be standardized across 

systems. The same concept may be recorded differently in each system, making it difficult to 

extract relevant information.  

All the six interviewees confirmed also that knowledge management and utilization of data has been 

a long-term strategic priority for the organization even before the establishment of the wellbeing 

services counties. They stressed that DDDM is embraced at all levels of the organization and its 

importance is commonly understood. 

E: “It has been identified as a strategic priority and remains an active area of 

development. We continuously monitor progress in fostering a data-driven culture.” 

Participants F and A agreed strongly with the previous answer and highlighted the organization’s 

long-standing commitment to integrating DDDM:  

F: “Our goal has long been to integrate data-driven decision-making at all levels and to 

exploit its full potential. We have developed a comprehensive action plan for 

knowledge management at the organizational level.” 

A: “Knowledge management is one of the priorities in our organizational strategy. We 

are actively developing the knowledge base and investing in ensuring that everyone 

understands how their work relates to the core mission of the organization, while at the 

same time monitoring the achievement of the objectives set.” 

While knowledge management and data-driven solutions are becoming increasingly important at 

middle management level, their integration into the organization is taking place through a top-down 

approach. The need to enable the use of data stems from the organization’s strategy and financial 

and operational planning. However, in an organization of this scale, fully implementing strategy at 

all levels, or ensuring that what is identified at operational level reaches management, remains a 

challenge. Different levels of management deal with very different types of issues and these 
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perspectives are not always consistent. The basic approach is that DDDM strategy is developed at 

the top and then translated into operational models at different levels of the organization.  

Overall, the results suggest that while DDDM is increasingly recognized as a valuable tool as well 

as a strategic guide, its full implementation is still hampered by challenges related to data quality, 

system integration, organizational culture and analytical maturity. In the following sections, specific 

challenges and organizational factors that affect the effective use of data for decision making will 

be examined in more detail. 

4.2 Factors influencing the collection and use of data for decision-making 

After examining the current role of DDDM in the case organization, the interviews shifted focus to 

how data is collected and utilized for decision-making purposes. Participants were asked to describe 

the tools used to process data, to reflect on data quality and governance practices, and to describe 

the development and use of BI tools (see questions 3-5 for more detail in Appendix 1). The aim was 

to uncover both current practices and possible challenges in data utilization. The data structure for 

factors influencing the utilization of data in decision-making are illustrated in Figure 8 below. The 

analysis identified three aggregate dimensions: 1) Data infrastructure and integration, 2) 

Institutionalizing data-driven decision-making, and 3) Technology adoption and capabilities. The 

dimensions consist of five second-order codes, which are i) Fragmentation of data sources, ii) Data 

quality and standardization issues, iii) Operational barriers to data utilization, iv) Organizational 

readiness and adoption, and v) Advancing BI tools. A detailed analysis of the data structure follows 

in sections 4.2.1, 4.2.2, and 4.2.3.  
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Figure 8 Data structure for factors influencing the collection and use of data for decision-making 

 

4.2.1 Data infrastructure and integration 

Data infrastructure and integration (1) is aggregated from the second order themes which are i) 

Fragmentation of data sources and ii) Data quality and standardization issues. As stated in section 

4.1, fragmented data sources have been a challenge in the target organization due to the mergers of 

municipalities. 

A: “One of the main challenges remains the standardization of data across systems. 

Although we have addressed the integration between patient and client information 

systems, linking this data to financial data is still complex. Financial data is essential for 

cost-effectiveness and productivity monitoring, but it is not directly aligned with the 

technical environment. [...] The lack of coherent core data structure has been a major 

challenge, and we are actively working to address this problem through guidance and 

data management improvements.” 

With the reform of the social and health care system, the information systems used by the 

municipalities were integrated into the new organization. The interviews revealed that the 

integration of these systems has been challenging, as the data is not standardized and the same 

services are recorded in different ways in different systems, leading to inconsistencies. Even with 

individual municipalities, the same data has been entered in different ways across systems, making 
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standardization a complex task. This has required double the effort in data collection, management, 

and analysis. Another major challenge has been ensuring the accuracy of data due to the fragmented 

information systems. The issue is particularly evident in national data collection efforts, such as 

required by institutions like the Finnish Institute for Health and Welfare (THL). Interviewee A 

highlighted that data is regularly transferred to national authorities, but there is limited visibility 

into what information is being sent until it is received back as processed dataset. Ensuring that all 

nationally reported data is accurate and aligned with regulatory requirements has been a key priority 

in the organization. However, due to the complexities of data standardization, ensuring the accuracy 

and consistency of legally mandated reports has required significant effort. 

Although these challenges have been significant following the social and healthcare reform, the 

organization has addressed them through effective and professional knowledge management. 

B: “The goal is to establish a unified data platform that would provide access to 

comprehensive, organization-wide data. This would significantly improve both the 

quality and reliability of the data available. […] We have developed temporary, more 

manual and labor-intensive data management solution as an interim measure. While the 

system is not highly automated, it allows for necessary data processing until the new 

integrated systems are fully deployed.” 

A: “We are already at the point where more efficient data management methods will 

soon be in place, allowing seamless integration of data across platforms.” 

Building a cohesive data platform is a robust and effective solution for improving the mobility and 

reliability of data in an organization. According to the case organization, one of the main strategic 

initiatives has been the integration of different data sources, which is being implemented through 

management pilots at different levels of the organization. From the interviewees’ perspective, the 

information services team is seen as essential function for organizations to ensure that data solutions 

are effectively integrated into both business and financial systems. In addition to strategic 

initiatives, knowledge management projects have also been launched at the unit level, allowing 

active involvement of operational management in knowledge-based initiatives. This alignment is 

crucial to strengthen both operational and strategic decision-making through data-driven insights. 

4.2.2 Institutionalizing data-driven decision-making 

Institutionalizing data-driven decision-making (2) emerged as another aggregate dimension from 

the analysis of the empirical data. This dimension is based on the second-order themes of iii) 

operational barriers to data utilization and iv) organizational readiness and adoption (see Figure 

8). The operational barriers stem from the manual nature of data processing. As noted in section 
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4.2.1, interviewees highlighted that the fragmented data infrastructure has to some extent led to 

manual processing, which in turn has slowed down data-driven decision-making processes. In some 

cases, data had to be extracted from several different systems into Excel files and manually 

converted to ensure compatibility between data platforms. 

F: “Initially, the data had to be manually extracted from several systems and compiled 

into Excel files for reporting. As the data formats were not directly compatible with the 

reporting systems, the standardization and processing of the data required considerable 

manual work, making the workflow very laborious.” 

E: “Although we have been able to produce data to support decision-making, the 

process is still partly manual. As our data warehouse is not yet mature enough to follow 

full automation, data still must be collected manually, which introduces uncertainties 

and potential errors that affect the consistency and accuracy of the data.” 

Fragmented data sources are problematic not only for systems integration but also by increasing the 

need for manual data processing. The case organization has identified that manually extracting 

dozens of reports from different systems and further processing them just to obtain a few key data 

points is inefficient. To address this, it has prioritized the automation of manual data retrieval 

processes with the aim of improving the efficiency and productivity of knowledge management. 

According to the interviews, temporary data warehouses have been created to reduce dependence on 

manual workflows. In addition, interviewee F mentioned having developed automated software 

solutions that have helped streamline data processing and minimize manual steps, which has 

improved the efficiency of DDDM.  

Organizational readiness and adoption of DDDM depend on the organization’s ability to change its 

thinking towards a more data-centric approach. As organizations increasingly generate data to 

support their operations, the effective use of this data will improve efficiency and decision-making 

processes at all levels. In the case organization, Interviewee B illustrated this development process 

by noting that the early stages of KM initiatives were particularly difficult. Although management 

had a strong need for information, they initially struggled to articulate their precise needs. However, 

as more and more data products became available, management was better able to define their 

requirements, which refined the focus of knowledge management efforts. Over time, the adoption of 

DDDM has grown exponentially and has become an integral part of the organization. Currently, 

data is better understood within management and communication between decision-makers and data 

teams has significantly improved, ensuring that data solutions are more closely aligned with 

strategic needs.   
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4.2.3 Technology adoption and capabilities 

Technology adoption and capabilities (3) is the third and final aggregate dimension, derived from 

the second order theme “Advancing BI tools” (v). This dimension is independent, as it focuses on 

the BI environment as one of the enabling tools for DDDM. In the literature review, the DDDM 

causal model framework refers to “data products”, which in this context correspond to BI tools used 

for reporting and analytics in the case organization. 

The adoption of BI tools plays a significant role in the case organization’s DDDM efforts. The 

interviews highlighted that BI development and reporting is managed in-house, which allows for 

greater efficiency and cost-effectiveness compared to outsourcing. The information management 

team is responsible for the production of data products and ensures that reporting is in line with 

strategic performance indicators. The organization has also emphasized user acceptance of BI tools 

and promoted direct engagement with power BI dashboards rather than static reports. To support 

this, training and communication activities have been implemented to encourage independent use of 

BI tools by employees. 

In addition, collaborative BI development processes have been implemented, involving clinicians 

and operational staff in defining reporting needs and ensuring that these data products meet relevant 

requirements. While the current BI environment primarily facilitates descriptive analytics, the case 

organization is currently exploring advanced tools to improve predictive and prescriptive 

capabilities to further integrate data-driven insights into decision-making processes.  

4.3 Organizational factors influencing DDDM 

Organizational factors influencing the use of DDDM, alongside the utilization of the data, were a 

key aspect of the analysis of the empirical data. To explore these themes, participants were asked 

about organizational and cultural barriers, collaboration, and the integration of KM to decision-

making (see questions 6-8 for more detail in Appendix 1). Every interviewee recognized that in a 

large organization like the wellbeing services county, where multiple smaller entities (formerly 

individual municipalities) have merged into a single system, creating a strong culture of DDDM is a 

significant challenge. The empirical data also reveals that the organization considers cross-

departmental collaboration to be essential of effective DDDM. Ensuring organization-wide 

commitment to DDDM and promoting continuous collaboration between departments are key to 

successfully implementing data-driven practices in an organization of more than 20 000 employees. 

Two aggregate dimensions were identified from interview questions 6-8: Transforming 
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organizational practices for DDDM (4) and Cross-departmental collaboration for DDDM (5). A 

detailed analysis of the data structure is presented in sections 4.3.1 and 4.3.2. 

 

 

Figure 9 Data structure for organizational factors influencing the DDDM 

 

4.3.1 Transforming organizational practices for DDDM 

The first of these two aggregate dimensions resulted from the second order theme “Organizational 

adaption to integration” (vi). In the case organization, this refers to the integration of multiple 

municipalities into a single wellbeing services county, which led to significant organizational and 

cultural changes. Interviewee C noted that more than 20 municipalities were merged into a single 

organization, covering hospital services, social services, primary care and special care, among 

others. Each of these entities had its own organizational structures and cultural practices, 

functioning somewhat independently before the integration.  

As noted in sections 4.1 and 4.2, this merger presented challenges not only in integrating different 

information systems but also in harmonizing organizational cultures and decision-making 

processes, particularly in the context of knowledge management. Every interviewee stressed the 
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importance of understanding the wellbeing services county as a whole and promoting a unified 

organizational culture. 

A: “Employee satisfaction and sense of belonging to the organizational culture are 

measured through various surveys. In one survey, employees are asked whether they 

feel like they are part of the organization.” 

B: “In such a large organization, implementing the knowledge management strategy at 

the operational level – or bringing challenges from the operational field to the 

management – remains a challenge. Different management levels deal with different 

matters, and they do not always yet align with each other. […] this is still a young 

organization, and we are still in a transitional phase.” 

One organizational and cultural challenge in advancing DDDM has also been the differences how 

various units within the organization have become accustomed to using data. For example, some 

units have a long-established culture of data utilization and have always had access to mature 

reporting systems. However, with the transition to a new system, the development of the old data 

infrastructure has been put on hold, and the new system is still being implemented. In addition to 

the establishment of the wellbeing services county, the organization has recently gone through 

significant changes. As a result, the reporting and data systems have struggled to keep up with these 

transformations. Due to this, not all units have fully understood the broader complexities, partly due 

to cultural differences in how data is utilized. 

Although these changes have created pressures, such as keeping the data infrastructure aligned with 

organizational transformations, interviewee B emphasized that there is strong willingness across the 

organization to develop DDDM processes. The organization is very positive to knowledge 

management initiatives and is excited to adopt more data products developed by the information 

services team.  All interviewees also stressed that a successful data-driven based culture requires its 

integration into a coherent management model, where data-driven decision-making and 

management of the whole organization are seen in the same framework. In addition, interviewee F 

highlighted the importance of cross-functional communication. The information services team 

considers this as one of the key enablers for successful DDDM, ensuring comprehensive 

communication across the different parts of the organization. 

4.3.2 Cross-departmental collaboration for DDDM 

As mentioned in the last section, communication between different departments is crucial for 

effective DDDM. Such communication is a necessary precondition for cross-departmental 

collaboration, which enhances data-driven approach across the organization. From the empirical 
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data, four second order themes were identified under the aggregate dimension “Cross-departmental 

collaboration for DDDM” (5): Optimized data-driven interaction (vii), cross-organizational 

reporting solutions (viii), tailored insights for knowledge management (ix), and ensuring 

organizational-wide engagement in DDDM (x). 

The case organization’s information services team actively promotes data products and implements 

them across different levels of management to ensure that insights gained through DDDM are 

effectively integrated into both strategic and operational decision-making. 

A: “We are actively developing our database and making sure that everyone 

understands how their work is linked to the core mission of the organization and that the 

achievement of objectives is tracked. […] With data, we can provide the organization 

with opportunities to improve its performance.” 

B: “We aim to be present in the decision-making forums where key decisions are taken 

and to ensure that data is considered in these discussions. But we cannot be sure that the 

data we produce will always be used. […] We are trying actively to promote our data 

products to decision makers.” 

One of the key reasons the organization has its own information services team is to ensure that each 

employee has a specific area of responsibility in developing DDDM. The development of data 

products follows a need-based approach, ensuring that the data provided is relevant and actionable. 

According to the interviewee E, a key priority is to maintain an ongoing communication with 

different units to determine which insights are most valuable for decision-making. While 

management may track long-term trends, operational units need more immediate and responsive 

data to guide their day-to-day operations. 

To ensure consistency while meeting the individual needs of different departments, the organization 

aims to create a structured but flexible data products. Instead of creating separate, highly specialized 

BI reports for each department, the organization develops standardized reporting tools that allow 

users to filter and analyze relevant information according to their specific needs. However, 

interviewee F also stressed that tailored data products for different departments have significantly 

improved the adoption of DDDM. As departments and service areas have become more familiar 

with the use of available data, they have started to integrate it into their daily activities. This has 

also led to a two-way exchange of information, with departments actively requesting specific 

information, which has further improved communication between the information services team and 

operational services. This continuous feedback loop strengthens data-driven decision-making at all 

levels of the organization. 
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One organizational factor influencing DDDM that emerged from the empirical data was the need 

for cross-organizational reporting solutions (ix). As a large organization, the wellbeing services 

county consists of multiple sectors, such as hospital services, social services, and emergency care, 

each with their own roles and responsibilities, as mentioned in section 4.3.1. The treatment path of 

an individual patient may cross several of these sectors. Through cross-departmental data solutions, 

organization can gain insights that support cost-effective decisions and improved resource 

allocation. 

D: “We utilize knowledge management in cross-departmental reporting solutions, which 

provide valuable insights into various aspects, such as patient treatment paths. This 

highlights the need for collaboration and communication between different 

departments.” 

F: “We are increasingly able to examine patients’ treatment paths more 

comprehensively thanks to the improved availability of data. This will allow us to better 

understand the effectiveness of care and evaluate it across organizations.” 

DDDM across departments in the case organization can increase cost-effectiveness and improve 

resource allocation. This approach provides insights on the need for collaboration between 

departments and can help staff better understand treatment effectiveness and patient movement 

between services. Waiting times within the wellbeing services county have at times increased, 

making cross-functional data analysis a valuable tool for identifying the causes of bottlenecks and 

developing strategies to reduce them. By using data, the organization can improve the transparency 

of treatment paths, allowing for more accurate identification of potential challenges. From the 

patient’s perspective, this is crucial to ensure timely access to the necessary care, ultimately 

resulting in cost savings for both the organization and the patient themselves. 

The second order theme “ensuring organization-wide engagement in DDDM” (x) also emerged as 

an important theme from the empirical data. Interviewee D highlighted the importance of 

embedding a data-driven culture across the organization and in particular extending this to the 

frontline of patient and client care.  

D: “It is important to recognize that while a knowledge management strategy is 

established at the top level, its implementation among employees is one of its most 

essential aspects. It is important for employees to understand why patient data is 

recorded in the system in a specific way. […] There must be an understanding that 

knowledge management belongs to all employees, not just a few dozen managers.” 

Proper documentation of data is a crucial part of successful DDDM. Interviewee D highlighted that 

knowledge management should not be limited to management but should be integrated into daily 
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operations across all units. Employees need to recognize how their data entries to the information 

system impact on decision-making, resource allocation, and even organizational funding. By 

increasing awareness of the practical implications of data, the organization can make sure that data 

is not just collected but actively used to improve operations and patient care. Insights stem from 

information, and information comes from data, making accurate data entry into the system essential. 

4.4 Impacts and the next steps 

Towards the end of the interviews, participants were asked about the impact of DDDM on social 

and healthcare outcomes, as well as their perspectives on its future development in Finland’s public 

social and healthcare system, including key opportunities and innovations in the field (see questions 

9-10 for more detail in Appendix 1). Interviewees A and B stated that DDDM has had a positive 

impact on the case organization, both in terms of resource allocation and operational efficiency. 

They pointed out that when an organization improves its ability to generate and use data, it 

improves its capacity to develop more accurate scenarios and analyzes. In the future, as information 

systems and data infrastructures become more integrated, the organization will be able to use data 

more effectively, leading to better decision-making and improved outcomes. Interviewee D 

confirmed this perspective, noting that a data becomes more transparent in the future, it will allow 

for more targeted actions to increase efficiency.  

Knowledge management and data have played a crucial role in ensuring an equitable distribution of 

health services across regions. Continuous data monitoring helps to identify regional differences in 

access to services, allowing targeted action to improve access and efficiency. Addressing these gaps 

is in line with the wider objective of ensuring equal access to health services for all citizens. By 

identifying and addressing service gaps, the organization has been able to make more informed 

decisions on resource allocation, ultimately increasing efficiency and equity of services.  

The case organization viewed the future of knowledge management and data utilization in a positive 

light. All six interviewees believed that AI will, in some form, improve DDDM, particularly by 

automating data processing, improving predictive analytics and enabling more efficient allocation 

of resources. 

B: “AI is developing rapidly, and I see significant opportunities in its ability to 

accelerate data analysis and provide new perspectives for decision making. I am 

genuinely looking forward to working with AI end exploring its potential.” 

C: “AI offers significant opportunities, specifically in the automation of documentation 

processes. For example, AI or robotic automation could streamline data entry by 
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ensuring that information stored in one system is automatically transferred to another. In 

the healthcare sector, where patient and client information systems operate separately, 

AI could identify relevant entries and integrate them across platforms, reducing manual 

work and improving data consistency.” 

The public social and healthcare sector produces huge datasets containing millions of data records, 

providing a significant opportunity for AI to improve data analysis and innovation. The 

organization has recognized that AI could and should be used to analyze patient data, enabling the 

identification of outliers and trends that may not yet be detectable using traditional methods. 

Interviewee D cited an example of how AI-powered speech recognition systems could streamline 

documentation processes and improve data classification, which would significantly reduce manual 

workload. However, all interviewees stressed that AI is not intended to replace human-based work 

in patient encounters, but rather to optimize recourses and improve operational efficiency. 

Beyond the role of AI, interviewees A, C, and F also pointed out that the future of DDDM in public 

social and health care depends on better integration of national data, more benchmarking 

capabilities and standardization of information systems. As Finland’s healthcare landscape 

continues to evolve, participants highlighted the need for a more integrated and structured approach 

to data use, enabling decision-makers to make more informed choices at both regional and national 

levels. 

D: “With the consolidation of municipalities, we now have a better opportunity to 

analyze healthcare effectiveness on a national level and develop more efficient care 

pathways.” 

E: “Now that reform has been implemented, we have a stronger foundation for 

evaluating healthcare impact across different areas and using that data to improve 

services.” 

A key priority for the future is the development of standardized, nationally comparable data, which 

would enable better coordination between wellbeing services counties and more precise evaluation 

of healthcare outcomes. By ensuring data compatibility across different regions and service 

providers, DDDM can facilitate more effective resource planning, reduce inefficiencies, and 

improve patient care. 
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5 Discussion 

This study aimed to explore how DDDM can be utilized in social and health care to improve 

operational efficiency and decision-making. The research specifically examined one of the 

wellbeing services counties in the Finnish public social and healthcare sector, where the increasing 

adoption of data-driven methods is crucial for optimizing resource allocation, improving patient 

outcomes, and supporting evidence-based policy development. To achieve these objectives, the 

research was guided by following research questions: 

RQ1: How do public social and healthcare sector in Finland utilize data-driven decision-making to 

improve operational efficiency? 

RQ2: What roles do knowledge management and business intelligence play in facilitating data-

driven decision-making within Finnish public social and healthcare organizations? 

RQ3: What challenges does the Finnish public social and healthcare sector face in implementing 

data-driven decision-making processes? 

Through a qualitative research approach utilizing semi-structured interviews, this study explored 

how data is currently collected, managed, and applied to decision-making within the case 

organization. The findings from interviews with six participants reveal both the potential of DDDM 

in improving healthcare operations and the structural and cultural barriers that need to be addressed 

for successful implementation. 

5.1 The growing significance of DDDM in public social and healthcare sector 

The findings from the empirical data confirm what has already been noted in previous literature. 

Data has become a vital resource for improving organizational performance and operations 

(Brynjolfsson et al., 2011; Korherr et al., 2022). In the case organization, data is increasingly used 

not only to improve performance monitoring but also support real-time decision making to allocate 

resources more efficiently and improve treatment paths for patients. This change reflects a broader 

organizational approach where data is no longer seen as a by-product of operations, but as a key 

driver of strategic and operational development (Shafiq, 2024). As Davenport (2006) and Laihonen 

et al. (2013) suggest, such a culture increases transparency and supports better matching of 

information systems and employee knowledge. Particularly in healthcare organizations, knowledge 

is a strategic asset, and KM is an effective approach to address challenges such as rising healthcare 

costs and increasing demand for better quality care (Ayatollahi & Zeraatkar, 2020). The case 
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organization demonstrates increasing integration of data into decision making at different levels of 

management, which contributes to both operational improvements and strategic alignment. This is 

consistent with the view that knowledge-based strategies not only increase efficiency but also allow 

for more data-driven and responsible governance in complex health systems (Sarioguz & Miser, 

2024; Myllärniemi et al., 2012). The growing emphasis on data utilization at all levels of the 

organization points to an emerging culture of knowledge management, recognizing the value of 

data-driven insights in decision-making.  

The case organization also sees significant future potential in using AI to enhance DDDM. AI and 

Big data analytics are expected to transform healthcare management by improving predictive 

analytics, automating documentation, and supporting more efficient resource allocation (Freitas, 

2024; Rehman et al., 2022). Empirical findings showed that AI could streamline manual processes 

such as data entry and classification, while improving data accuracy and timing, which are core 

requirements for effective DDDM. The understanding of case organization is in line with Di 

Nucci’s (2019) view that data-driven technologies are not intended to mimic human reasoning, but 

rather to extend cognitive and analytical capabilities. It is essential that an organization doesn’t 

view AI as a substitute for human expertise in patient interactions, but rather as complementary tool 

for knowledge management to support DDDM across the organization. 

While the case organization shows a strong commitment to DDDM and to the increasing integration 

of data into decision-making processes, the empirical findings also highlight areas where further 

development is needed to fully leverage the potential of DDDM. The strategic direction and 

growing awareness of data have laid a strong foundation, but challenges remain, particularly in 

ensuring consistent implementation across all departments and overcoming existing structural and 

technological difficulties. These findings don’t undermine the progress made but rather point to 

important opportunities for further development. The next section will discuss these challenges in 

more detail, focusing on the cultural and structural factors that influence an organization’s path 

towards fully data-driven decision-making. 

5.2 Cultural and structural barriers to DDDM implementation 

Transforming an organization into a data-driven environment requires both a technological 

infrastructure and a change in organizational culture (Abubakar et al., 2019). This was particularly 

evident in case organization, where the merging of several municipalities into a single wellbeing 

services county showed that cultural and structural integration challenges were the primary 

obstacles. The literature suggests that successful DDDM implementation requires a harmonized 
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data culture and common goals across departments (Troisi et al., 2020). In the case organization, 

interviewees highlighted that there were several difficulties in integrating data-driven practices 

between previously independent municipal units. Differences in organizational cultures, decision-

making processes and KM traditions caused friction in developing a coherent approach to DDDM. 

For example, some units were more accustomed to using data for strategic decision-making, while 

others lacked the experience or tools to use it effectively. While management commitment exists, 

transforming strategy into daily operations across such a large and complex organization is still a 

work in progress. Figure 10 illustrates the key barriers, improvement actions, and outcomes 

identified in the empirical data related to the implementation of DDDM in the case organization. 

 

 

Figure 10 Barriers, improvement actions, and resulting outcomes in implementing DDDM in the case 
organization 

 

The figure summarizes the organizational and technological challenges that were identified in the 

interviews, such as fragmented information systems, separate departmental functions and different 

organizational cultures. These barriers have been addressed through targeted improvement actions, 

such as investment in a unified data platform, development of BI tools and an increased focus on 
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cross-departmental collaboration, which together have supported DDDM progress by improving 

reporting, harmonization, and service quality.  

According to the empirical findings, the main areas for development in fostering DDDM in the case 

organization were related to the harmonization of organizational culture, the strengthening of cross-

departmental collaboration, and the systematic implementation of KM practices at all levels of 

organization. These findings reflect key factors also identified in previous literature, particularly the 

importance of aligning organizational practices, management approaches, and organization’s 

culture to support data-driven transformation (Laihonen et al., 2013). 

The establishment of wellbeing services counties brought together diverse organizational cultures, 

decision-making traditions, and levels of digital maturity. This has made it challenging to create a 

coherent data-driven culture where common goals and consistent practices are applied across the 

organization. As Abubakar et al. (2019) point out, organizational culture can either enable or hinder 

knowledge sharing. A culture that promotes openness, sociability, and trust is essential to foster 

collaboration across units and roles. Furthermore, Varzaru et al. (2015) emphasize that in 

organizations where KM is a priority, roles and responsibilities must be structured in a way that 

supports the flow of both tacit and explicit knowledge. 

Strengthening cross-departmental collaboration and communication was also considered essential, 

particularly as patient’s treatment paths often span several departments, including primary care, 

special care, and social services. Without strong collaboration and information sharing between 

these units, information will remain fragmented and its potential for improving care and operational 

efficiency will be missed. According to Nicolini et al. (2008), promoting shared values and a 

collective focus on patient-centered care is crucial to fostering effective collaboration across 

professional and departmental boundaries. Laihonen et al. (2017) argue that the business value of 

knowledge is realized only when it guides action. This highlights the importance of cross-

departmental collaboration to find effective insights and improve decision-making outcomes.  

While there is a major strategic commitment to DDDM, consistent implementation of KM practices 

at all levels of the organization is still a work in progress. Mousavizadeh et al. (2015) state that 

knowledge must be actively used to support problem-solving and performance improvement, which 

requires organizational practices to be aligned with knowledge goals. Smith et al. (2010) also stress 

that managerial support is essential for KM success, as it facilitates resource allocation an 

encourages employee engagement. Empirical findings highlighted the need for a better 

understanding of the purpose and impact of data documentation and utilization across the entire 
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staff, but particularly at the operational level. As Abubakar et al. (2019) and Yeh et al. (2006) point 

out, effective KM requires not only structural readiness but also cultural adaption and management 

support. This cultural shift is essential to ensure that data is not only collected accurately but also 

used meaningfully to guide operational and strategic decisions.  

One major barrier related to the lack of integration across information systems. From the days of the 

municipalities’ own operational activities, the organization was left with many fragmented 

information systems, which have been challenging to integrate into a single, standardized data 

platform. Mousavizadeh et al (2016) stated that technological limitations and its complexity can 

have a negative impact on the effectiveness on KM. The complexity of technology, in this case the 

data contained in many different information systems and their lack of standardization, has led to 

manual work with data and challenges in developing data products, which has slowed down the 

development of DDDM in the organization. Abubakar et al. (2019) and Yeh et al. (2006) emphasize 

that investing in IT infrastructure, such as unified databases, decision support systems and 

collaborative platforms, is critical for effective KM and can improve access, integration and use of 

data across an organization. To address these challenges, the organization has prioritized investment 

in a unified data platform and implemented temporary data warehouse solutions to harmonize 

fragmented data sources. These efforts are designed to reduce manual workload, improve data 

quality and accelerate the development of standardized data products that support more effective 

decision-making. 

While creating a coherent technological infrastructure has been a challenge, the organization has 

managed to deliver valuable data products to different levels of the organization. By developing BI 

tools, the information services team has been able to transform partly fragmented data into 

accessible, user-oriented reports. These tools support both strategic and operational decision-

making by providing relevant metrics and visualizations aligned with the organization’s goals. 

Eidizadeh et al. (2017) describe BI as a process that ensures data is collected, processed, and made 

accessible at all organizational levels to improve operational efficiency and support DDDM. 

Similarly, Lönnqvist and Pirttimäki (2006) view BI both as relevant information and as a systematic 

process of collecting and distributing insights across internal and external sources. The empirical 

findings revealed that tailoring data products to the need of end-users has increased the adoption 

and usefulness of these tools. Increasing number of departments in the case organization are 

becoming more familiar with data use and have started to request specific tailored insights. This has 

strengthened cross-departmental communication and encouraged continuous feedback. This 

collaborative development approach, where end-users such as clinicians are involved in defining 
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reporting needs, ensures that data products are both technically accurate and operationally relevant. 

As Figurska (2012) highlights, open communication, mutual trust, and continuous learning are key 

behavioral aspects that enable effective knowledge sharing and support the broader goals of KM 

strategies. Furthermore, the decision to maintain BI development in-house has improved 

responsiveness and ensured that the information produced is contextual and actionable. While 

technical limitations remain, the proactive use of BI solutions in the organization demonstrates that 

even in limited circumstances, strategic focus and organizational commitment can be effective in 

promoting data-driven capabilities. 

The findings of this study underline that sustainable development of DDDM in the public social and 

healthcare sector requires a transformation that starts at the grassroots level. Although strategic 

commitment and investment in technological infrastructure are necessary requirements for 

successful DDDM implementation, empirical findings suggest that the active involvement of 

employees, such as end users of data products and clinicians, is crucial for making the change into 

everyday practice. Engaging end-users in the development and validation of BI tools and KM 

activities will increase the operational relevance of these tools and strengthen the organization’s 

commitment to a data-driven culture. Without validation and involvement at the operational level, 

strategies derived from management risk remaining disconnected from practical implementation. 

Therefore, it can be concluded that recognizing and prioritizing the grassroots level is essential not 

only as a starting point but also as a key objective in the DDDM transformation process. 

Sustainable change requires a bottom-up approach, where the development of a data-driven culture 

is developed through continuous interaction between strategic management and operational staff.  
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6 Conclusion 

The final chapter concludes the study by summarizing the main findings and theoretical 

contributions. It also explores the managerial implications, addresses the study’s limitations, and 

suggests directions for future research.   

6.1 Main findings 

Over the past decade, the importance of data-driven decision-making (DDDM) has grown 

significantly across sectors, influenced by the development of data technologies and the increasing 

integration of business intelligence (BI) and knowledge management (KM) systems. Particularly in 

public social and healthcare, the growing complexity of service delivery, rising costs, and demand 

for higher quality care have led to a need for more evidence-based decision-making processes. As 

healthcare organizations collect increasing volumes of operational, clinical, and administrative data, 

the ability to use this information effectively has become a strategic necessity. In this evolving 

environment, BI and KM have become key enablers for transforming raw data into actionable 

insights that foster informed decisions, better resource allocation, and improved patient outcomes. 

This study examined the implementation of DDDM in one of Finland’s recently established 

wellbeing services counties. The study focused on understanding how the organization perceive and 

utilize data as a basis for decision-making and what challenges it faces in promoting a data-driven 

organizational culture. Through semi-structured interviews, this thesis explored not only the current 

state of DDDM but also the structural, cultural, and technological dynamics shaping its 

development. The study provided empirical insight into the public sector context, which is still 

underrepresented in the academic literature, particularly in the context of Finland’s 2023 health and 

social services reform. 

The findings show that while the organization made considerable progress in integrating DDDM 

into various level of decision-making, there are still a few challenges that remain. Fragmented 

information systems from previous pre-reform municipal structures have made data integration 

difficult and delayed the development of standardized data products. In response to this challenge, 

the organization has invested in the implementation of a unified data platform and developed BI 

tools to improve access to and use of data. As previously the information systems were often 

closely managed by their user groups, maintaining a sense of ownership and practical usability in 

the new, coherent environment also requires the active involvement of end-users in the development 

of data products. These methods have enabled the transformation of fragmented data into more 
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user-oriented and actionable reports. Collaboration with end-users, such as clinicians, has further 

strengthened the adoption of these data products, which has improved their practical relevance and 

implementation at different levels of the organization. To ensure effective data utilization, it is 

essential that the information services team and end-users have functional and ongoing 

communication channels through which feedback can be shared and applied. Together, these 

actions can also strengthen the organization’s ability to leverage data both strategically and 

operationally. These findings highlight the importance of contextualized BI development and end-

user involvement in promoting successful DDDM adoption. 

Furthermore, another significant finding is that organizational culture and managerial alignment 

play a key role in supporting the systematic implementation of DDDM. While strategic 

commitment to data utilization was evident across the organization, the study revealed in how well 

DDDM practices were adopted at operational levels. However, efforts such as KM training, 

clarifying data responsibilities, and promoting a culture of trust and learning were identified as key 

drivers of transformation. The findings highlight that DDDM is not just a technological upgrade, 

but a broader cultural shift that requires active support from management, consistent 

communication and alignment between strategy, information systems, and human behaviors. 

Ultimately, as the empirical findings also suggest, data-driven decision-making belongs to 

everyone, which means that the true potential of DDDM is realized when it is adopted at all levels 

and roles in the organization. Although the strategic commitment provides direction, the actual 

implementation and effectiveness of the DDDM depends heavily on the involvement and feedback 

of operational staff. The findings highlight that while end-users are the main recipients of data 

products, they are also active participants in their development and refinement. When the 

employees at the grassroots level are involved in shaping DDDM practices, the resulting solutions 

become more relevant, usable, and integrated into everyday work. This bottom-up perspective is 

crucial to ensure that DDDM does not remain only a top-down initiative, but becomes a 

collaborative, evolving practice that is shared and embedded across the organization.   

6.2 Theoretical contributions 

This study contributes to the existing literature on DDDM by offering new insights into its 

implementation in the Finnish public social and healthcare sector. While the theoretical frameworks 

of DDDM and KM have recently been extensively studied in broader organizational contexts, 

empirical research focusing on wellbeing services counties established in 2023 has been limited. By 

exploring how DDDM is practiced in one of these newly established regional organizations, this 
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thesis provides timely empirical evidence on the cultural, structural, and technological challenges of 

building data-driven decision-making model in public health. 

In addition to addressing this geographical and contextual research gap, the study also contributes to 

the theoretical literature by linking KM and BI to the broader DDDM framework. Although KM 

and BI are often studied together, but partially as separate components, this study shows how they 

can be conceptually and practically integrated to enable more effective decision making, 

particularly in complex public sector environments. By highlighting their interdependence, the 

study contributes to the theoretical understanding of how organizations can develop comprehensive 

DDDM practices that are both technically solid and strategically aligned.   

6.3 Managerial implications 

The findings of the study highlight several important managerial insights that can support public 

social and healthcare organizations to develop their DDDM practices. Firstly, building a unified 

data platform and developing a technological infrastructure is a key element for effective 

knowledge management. Fragmented and non-standardized information systems increase manual 

work and slow down the development of data products to support decision-making. Secondly, 

managers should pay attention to building a common culture of knowledge management, 

particularly in situations where the organization is formed by several previously independent units. 

Third, embedding DDDM practices across the organization, up to the operational level and the 

customer interface, is essential to ensure that the reliability of data pipeline remains valid from the 

very beginning, so that it can be used appropriately in decision making. 

The importance of cross-departmental collaboration is also highlighted in the context of public 

social and health care, where patient treatment paths often cross departmental boundaries. Managers 

should support structures and practices that enable information sharing and reporting across these 

boundaries. The findings revealed for example that waiting times are sometimes extended in the 

case organization and that cross-sectional data analysis can provide crucial insights into the causes 

of bottlenecks. Such collaboration allows employees to better understand patient movement 

between different services in the healthcare organization and the effectiveness of care, ultimately 

supporting more timely access to care. From a management perspective, strengthening collaboration 

between departments is about improving efficiency for the organization, which also has a direct 

impact on improving patient-centered care. When departments share information and work towards 

aligned goals, the organization is better equipped to make data-driven decisions, improve 
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transparency of patient treatment paths and achieve cost savings for both the organization and 

patients. 

6.4 Limitations & suggestions for future research 

The limitations of this study can be evaluated through the four criteria of trustworthiness proposed 

by Lincoln and Guba (1985): credibility, transferability, dependability, and confirmability. In terms 

of credibility, although the saturation point was at least partially reached through the six semi-

structured interviews, a larger sample size could have increased the credibility of the empirical 

findings. However, as the study focused on a single wellbeing services county, the expert interviews 

provided comprehensive but different perspectives on the same topic. Increasing the number of 

interviews might have led to too similar responses within the same organization, potentially limiting 

the added value of the empirical findings. The study interviewed different employees from the 

organization’s information services team, which is responsible for developing DDDM practices. It 

is therefore considered that the study provided enough evidence to support the qualitative findings. 

The conclusions from the empirical data align well with previous studies and academic literature, 

which supports the reliability of the study in terms of transferability. However, this study focused 

on a single wellbeing services county out of the total of 22 in Finland (including Helsinki). As each 

wellbeing services county operates as an independent organization, it is reasonable assume that 

applying these results to other regions may present certain challenges, even though their operational 

structures are mostly similar. 

The dependability and confirmability of this study may be limited by the fact that all interpretations 

and conclusions were made by a single researcher. In a study conducted by several researchers, the 

ability to the reflect, question and refine each other’s interpretations often supports consistency and 

a more robust analytical process. While qualitative research allows for an in-depth understanding of 

the subject matter, the interpretive nature of interview analysis introduces a degree of subjectivity 

that can affect the reliability of conclusions. In addition, the researcher’s own preconceptions may 

influence how empirical data are interpreted. However, to strengthen the dependability and 

confirmability of the study, the findings were reviewed and discussed with representatives of the 

case organization before finalizing the thesis, ensuring that the interpretations remained as valid as 

possible and reflective of the reality of the organization. 

Suggestions for future research include incorporating the perspectives of different levels of 

stakeholders and examining DDDM across multiple wellbeing services counties. This study focused 
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on data-driven decision-making in a single wellbeing services county from the perspective of the 

information services team. Including the perspectives of different levels of stakeholders, such as 

operational managers, clinical staff, and representatives from service units, could provide a more 

comprehensive understanding of how data-driven decision-making is implemented in everyday 

practice in the public social and healthcare sector. Furthermore, examining the topic of across 

multiple wellbeing services counties would improve the transferability of the findings. Comparing 

several counties could reveal structural and cultural differences that influence the implementation of 

DDDM. This could lead to national solutions to make the public social and healthcare sector more 

data-driven and thus more efficient.
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Appendices 

Appendix 1 The interview questions for semi-structured interview 

The aim of this interview is to explore the conditions for data-driven decision-making within one of 

the wellbeing services counties in Finland. In this interview, data-driven decision making refers to 

the use of knowledge management and business intelligence to support organizational activities. 

Interviews are conducted with employees of county’s information services team, whose role is to 

develop and support the adoption of DDDM practices across the organization. 

Definitions of concepts used in the interviews: 

Business intelligence: BI is seen as a method that allows an organization to explore, utilize, and 

analyze data from its data warehouse to generate insights that support better decision-making 

(Nylund, 1999). 

Knowledge management: KM is a systematic process that involves discovering, selecting, 

organizing, refining, and presenting information in a manner that enhances an employee’s 

understanding in a specific area (Herschel & Jones, 2005). 

Data-driven decision-making: DDDM can be seen as an ideology, where data is seen as a strategic 

resource rather than an assumption and experience, and where decision-makers and managers are 

required to promote a data-driven culture of innovation and to take information into account at all 

stages of decision-making (Brynjolfsson et al., 2011, 2). 

Questions about the job description: 

1. How long you have been in the current role? 

2. What is the size and structure of your team or department? 

Actual interview questions: 

1. Can you describe your current role and main responsibilities at organization? 

2. Does the organization focus on developing data-driven decision-making (DDDM) and 

knowledge management (KM)? If yes, when did these development initiatives begin, and 

what is the status? 
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3. What methods/systems does the organization use for data collection, management, and 

analysis? Do you encounter any specific challenges in this process? 

4. What measures are in place to ensure the accuracy, reliability, and governance of data used 

in decision-making? 

5. Are you developing a Business Intelligence (BI) environment for data analysis and 

visualization? If so, who is responsible for its development and use? 

6. What challenges or barriers (e.g., organizational or cultural) do you face in advancing 

knowledge management in the organization? 

7. How do leaders and departments/units collaborate to utilize data for improving healthcare 

services? Are there areas where collaboration could be improved? 

8. How do you ensure that insights gained through knowledge management are effectively 

integrated into strategic and operational decision-making? 

9. Based on your experience, how has the implementation of knowledge management impacted 

social and healthcare outcomes, operational efficiency, or resource allocation in your 

region? 

10. How do you see the future development of knowledge management in Finland’s public 

social and healthcare system? What are the most significant opportunities and innovations in 

this area? 

Appendix 2 Research data management plan 

1. Research data 

Research data refers to all the material with which the analysis and results of the research can be verified and 

reproduced. It may be, for example, various measurement results, data from surveys or interviews, 

recordings or videos, notes, software, source codes, biological samples, text samples, or collection data. 

In the table below, list all the research data you use in your research. Note that the data may consist of 

several different types of data, so please remember to list all the different data types. List both digital and 

physical research data. 
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Research data 

type 

Contains personal 

details/information* 

I will 

gather/produce 

the data myself 

Someone else has 

gathered/produced 

the data 

Other notes 

Interviews  x   

* Personal details/information are all information based on which a person can be identified directly or indirectly, for 

example by connecting a specific piece of data to another, which makes identification possible. For more information 

about what data is considered personal go to the Office of the Finnish Data Protection Ombudsman’s website 

2. Processing personal data in research 

If your data contains personal details/information, you are obliged to comply with the EU's General Data 

Protection Regulation (GDPR) and the Finnish Data Protection Act. For data that contains personal details, 

you must prepare a Data Protection Notice for your research participants and determine who is the controller 

for the research data. 

I will prepare a Data Protection Notice** and give it to the research participants before collecting data ☐ 

The controller** for the personal details is the student themself ☐ the university ☐ 

My data does not contain any personal data ☒ 

** More information at the university’s intranet page, Data Protection Guideline for Thesis Research 

3. Permissions and rights related to the use of data 

Find out what permissions and rights are involved in the use of the data. Consult your thesis supervisor, if 

necessary. Describe the use permissions and rights for each data type. You can add more data types to the 

list, if necessary. 

3.1 Self-collected data 

You may need separate permissions to use the data you collect or produce, both in research and in publishing 

the results. If you are archiving your data, remember to ask the research participants for the necessary 

permissions for archiving and further use of the data. Also, find out if the repository/archive you have 

selected requires written permissions from the participants. 

Necessary permissions and how they are acquired 

Data type 1: Interview answers 

3.2 Data collected by someone else 

Do you have the necessary permissions to use the data in your research and to publish the results? Are there 

copyright or licencing issues involved in the use of the data? Note, for example, that you may need 

permission to use the images or graphs you have found in publications. 

Rights and licences related to the data 

https://tietosuoja.fi/en/what-is-personal-data
https://intranet.utu.fi/index/Data-Protection/Pages/data-protection-guideline-for-thesis-research.aspx
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This study does not contain this kind of data. 

4. Storing the data during the research process 

Where will you store your data during the research process? 

In the university’s network drive ☒ 

In the university-provided Seafile Cloud Service ☐ 

Other location, please specify: ☐ 

The university's data storage services will take care of data security and backup files automatically. If you 

choose to store your data somewhere other than in the services provided by the university, please specify 

how you will ensure data security and file backups. Remember to make sure you know every time where you 

are saving the edited/modified data. 

If you are using a smartphone to record anything, please check in advance where the audio or video will be 

saved. If you are using commercial cloud services (iCloud, Dropbox, Google Drive, etc.) and your data 

contains personal data, make sure the information you provide in the Data Protection Notice about data 

migration matches your device settings. The use of commercial cloud services means the data will be 

transferred to third countries outside the EU. 

5. Documenting the data and metadata 

How would you describe your research data so that even an outsider or a person unfamiliar with it will 

understand what the data is? How would you help yourself recall years later what your data consists of?  

5.1 Data documentation 

Can you describe what has happened to your research data during the research process? Data documentation 

is essential when you try to track any changes made to the data.  

To document the data, I will use: 

A field/research journal ☐ 

A separate document where I will record the main points of the data, such as changes made, phases of 

analysis, and significance of variables ☒ 

A readme file linked to the data that describes the main points of the data ☐ 

Other, please specify: ☐  

5.2 Data arrangement and integrity 

How will you keep your data in order and intact, as well as prevent any accidental changes to it? 

I will keep the original data files separate from the data I am using in the research process, so that I can 

always revert back to the original, if need be. ☒ 
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Version control: I will plan before starting the research how I will name the different data versions and I will 

adhere to the plan consistently. ☒ 

I recognise the life span of the data from the beginning of the research and am already prepared for 
situations, where the data can alter unnoticed, for example while recording, transcribing, downloading, or 

in data conversions from one file format to another, etc. ☒ 

5.3 Metadata  

Metadata is a description of you research data. Based on metadata someone unfamiliar with your data will 
understand what it consists of. Metadata should include, among others, the file name, location, file size, 
and information about the producer of the data. Will you require metadata? 

I will save my data into an archive or a repository that will take care of the metadata for me. ☐ 

I will have to create the metadata myself, because the archive/repository where I am uploading the data 

requires it. ☐ 

I will not store my data into a public archive/repository, and therefore I will not need to create any 

metadata. ☒  

6. Data after completing the research 

You are responsible for the data even after the research process has ended. Make sure you will handle the 

data according to the agreements you have made. The university recommends a general retention period of 

five (5) years, with an exception for medical research data, where the retention period is 15 years. Personal 

data can only be stored as long as it is necessary. If you have agreed to destroy the data after a set time 

period, you are responsible for destroying the data, even if you no longer are a student at the university. 

Likewise, when using the university’s online storage services, destroying the data is your responsibility.  

What happens to your research data, when the research is completed? 

I will store all data for 5 years.  

If you will store the data, please identify where:  

In my OneDrive and computer. 
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