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Background: In the past decades, big data (BD) has become a buzzword which is associated 

with the opportunities of gaining competitive advantage and enhanced business performance. 

However, data in a vacuum is not valuable, but its value can be harnessed when used to drive 

decision-making. Consequently, big data analytics (BDA) is required to generate insights from 

BD. Nevertheless, many companies are struggling in adopting BDA and creating value. 

Namely, organizations need to deal with the hard work necessary to benefit from the analytics 

initiatives. Therefore, businesses need to understand how they can effectively manage the 

adoption of BDA to reach decision-making quality. The study answers the following research 

questions: 

1. What factors could influence the adoption of BDA in decision-making? 

2. How can the adoption of BDA affect the quality of decision-making? 

Purpose: The purpose of this study is to explore the opportunities and challenges of adopting 

big data analytics in organizational decision-making. 

  

Method: Data is collected through interviews based on a theoretical framework. The empirical 

findings are deductively and inductively analysed to answer the research questions. 

 

Conclusion: To harness value from BDA, companies need to deal with several challenges and 

develop capabilities, leading to decision-maker quality. The major challenges of BDA adoption 

are talent management, leadership focus, organizational culture, technology management, 

regulation compliance and strategy alignment. Companies should aim to develop capabilities 

regarding: knowledge exchange, collaboration, process integration, routinization, flexible 

infrastructure, big data source quality and decision maker quality. Potential opportunities 

generated from the adoption of BDA, leading to improved decision-making quality, are: 

automated decision-making, predictive analytics and more confident decision makers.  
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1 Introduction 

This chapter explores the background of the study, the objectives and purpose of the 

study. Moreover, it discusses the research problem and its delimitations, the research 

questions and the definitions of key terms. 

1.1 Background 

During the past decades, Big Data Analytics (BDA) has become an increasingly 

emphasized topic for both academics and businesses (Chen, Chiang, & Storey, 2012) and 

is not showing any sign of decelerating (Davenport & Patil, 2012). The research about 

Big Data (BD) has thrived since 2011 when the term is claimed to be coined (Liang & 

Liu, 2018) by Berry (2011) and Manyika et al. (2011). Reports are anticipating the 

organizations which are successful in utilizing BD to be the future’s winners (Economist 

Intelligence Unit, 2012). The hype of BD mainly emerge because of the opportunities for 

companies to generate information which can lead to enhanced business performance 

(Gandomi & Haider, 2015; Raguseo, 2018). Companies are used to analyzing internal 

data, but “they are increasingly analysing external data too, gaining new insights into 

customers, markets, supply chains and operations…” (Economist Intelligence Unit, 2012, 

p.2). BDA makes it possible for managers to receive a better understanding of their 

businesses (McAfee & Brynjolfsson, 2012) and provides opportunities for them to 

develop new high-value products and services for customers (Davenport, 2014).  

 

As organizations are deriving insights from BDA and are becoming more data-driven, 

managers have started asking “what do we know” instead of “what do we think” (McAfee 

& Brynjolfsson, 2012). Consequently, this can change the traditional way of decision-

making in organizations, also referred to as the “HiPPO approach”, which has been driven 

by intuition and expertise of decision makers (Anderson, 2015). Specifically, HiPPO is 

an acronym for “Highest Paid Person’s Opinion”. Instead, companies can now 

incorporate data in their decision-making which enables managers to make decisions 

based on evidence (McAfee & Brynjolfsson, 2012). Ransbotham et al. (2016) claim that 

the blend of analytics and intuition generates more effective outcomes than either alone. 

Accordingly, Davenport (2014) argues that new management approaches for making 

decisions are needed for organizations to successfully manage the adoption of BDA. 
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McAfee & Brynjolfsson (2012) consider this being a new culture of decision-making, 

anticipated to revolutionize the management in companies.  

1.2 Problem 

 

Despite this hype around BDA, many organizations struggle to work out how to utilize 

and adopt analytics in their processes to benefit from their data. Specifically, the hard 

work behind leveraging the power of BDA is often disguised by the hype (Ransbotham 

et al., 2016). As Gandomi and Haider (2015) state, “Big data are worthless in a vacuum. 

Its potential value is unlocked only when leveraged to drive decision making” (p.140).  

Consequently, for companies to maximize their value from BDA, companies need to deal 

with the hard work of effectively adopting it in their organizations. This is what 

Ransbotham et al. (2016) refer to as “the unsexy side of analytics”, the hard work 

necessary to benefit from the analytics initiatives. 

 

Since 2011, when the term BD is claimed to be coined, several studies have been focused 

on BD and BDA in organizations, for example, McAfee and Brynjolfsson (2012); 

Davenport and Patil (2012); Chen, Chiang and Storey (2012); Gandomi and Haider 

(2015); Davenport (2014). Even though these studies are discussing opportunities and 

challenges of adopting BDA in organizations, how to create value from BD continues to 

be the major challenge for businesses (Sheng, Amankwah-Amoah,  & Wang, 2017). 

Therefore, pressure is put on academics and businesses to understand the technical and 

managerial impacts BDA adoption entails (Baesens, Bapna, Marsden, Vanthienen & 

Leon Zhao, 2016). Akter and Fosso Wamba (2016) further emphasize that in order for 

businesses to reap the benefits from BDA, there are various challenges which need to be 

addressed. However, McAfee & Brynjolfsson (2012) argue that the managerial 

challenges of this transformation are greater than the technical ones. 

 

Barton and Court (2012) claim that BDA implementations often fail because companies’ 

decision-making processes are not aligned with the new approach to manage analytics. 

Utilizing BD for decision-making is increasingly difficult because there are several actors 

and steps in the collection, processing and use of data (Janssen & Kuk, 2016). 

Accordingly, Ghasemaghaei, Hassanein and Turel (2017) argue that companies adopting 

data analytics may not automatically improve their decision making, and firm resources 
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could be critical to successfully utilize analytic tools. Moreover, Janssen, Van der Voort  

and  Wahyudi (2017) indicate the limited research on the utilization of BD for decision-

making and that it is too naive to believe utilization of BDA results in better decisions, 

but many interrelated factors are affecting it. 

 

Furthermore, Sheng, Amankwah-Amoah and Wang (2017) state that “the overall 

performance of operation, marketing, and other business activities principally depend on 

the quality of strategic decision-making, which also determines the realization of profits 

and gaining competitive advantages” (p.107). Subsequently, as the quality of decisions 

determines the overall performance of the business, and companies increasingly utilize 

BDA to guide their decision-making, it is crucial for businesses to understand the 

opportunities and challenges of adopting BDA. Specifically, there is limited research 

about how to effectively manage the adoption of BDA to reach decision-making quality. 

This could be recognized as a theoretical knowledge gap in the literature. 

1.3 Purpose 

The purpose of this thesis is to explore the opportunities and challenges of adopting big 

data analytics in organizational decision-making. Specifically, this study aims to 

contribute knowledge towards the adoption of big data analytics in decision-making and 

achieving decision-making quality. 

1.4 Research Questions 

1. What factors could influence the adoption of BDA in decision-making? 

2. How can the adoption of BDA affect the quality of decision-making? 

1.5 Delimitations of the study 

The adoption of BDA imply managerial and technical opportunities and challenges. 

However, this study focuses mostly on the managerial ones. Moreover, the study will 

investigate the factors influencing big data decision-making in organizations, however, 

the quality of the decision-making will not be measured. Neither the influence of the 

factors will be measured. 
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1.6 Definitions 

Big Data: In this thesis, Baesens et al. (2016) definition was chosen, which defines big 

data by 5 v’s: volume, velocity, variety, veracity and value. A detailed explanation of the 

different dimensions (V’s) are provided in the literature review. Big data is abbreviated 

to BD throughout this thesis. 

 

Big Data Analytics: Big data analytics is described as a holistic approach to managing, 

processing and analyzing the 5 V data-related characteristics (volume, variety, velocity, 

veracity and value) to generate ideas for continuously delivering value, measuring 

performance and gaining competitive advantages (Fosso, Akter, Edwards, Chopin, & 

Gnanzou, 2015). In this thesis BDA is utilized as an abbreviation of big data analytics. 

 

Big data management challenges: In this thesis, big data management challenges are 

referred to as the hinders faced by companies when adopting BDA. Specifically, these 

challenges are encountered when managing the change in organizations, which the 

adoption of BDA implies. 

 

Big data decision-making capabilities: Big data decision-making capabilities refer to 

companies’ ability to make quality decisions based on BD, by effectively managing a big 

data chain (Janssen et al., 2017; Shamim, Zeng, Shariq & Khan, 2018).  

 

Big data chain: The big data chain refers to the involvement of various actors in 

analysing the hidden relationships in data, which results in a chain of activities. This chain 

includes the steps of data collection, data preparation, data analysis and decision making 

(Janssen et al, 2017). 

 

Decision-making quality: Decision-making quality in this study is based on 

effectiveness and efficiency (Clark, Jones and Armstrong, 2007). The effectiveness is 

evaluated grounded on the decision makers’ satisfaction of realizing the desired outcomes 

while the efficiency refers to the resources involved in decision-making – i.e. time, cost 

and human resources. 
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HiPPO: “HiPPO” is an acronym for “Highest-Paid Person’s Opinion” (McAfee, & 

Brynjolfsson, 2012). This type of decision-making is labeled as intuitive decision-

making, made on the basis of intuition and past experience. Moreover, the HiPPO 

approach is associated with traditional decision-making and demonstrated to hinder data-

driven decision-making (Anderson, 2015). 
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2 Literature Review  

This chapter examines previous literature developed by other researchers on big data, 

big data analytics and decision-making. Moreover, it provides a theoretical background 

on methods for big data analytics and different types of decision-making. 

2.1 Big Data 

Massive amounts of data are produced by a range of data generating sources every day. 

In fact, 90 % of the existing data in the world, was generated only over the two last years 

(Marr, 2018). Nowadays, data is commonly created from various sources such as other 

organizations, users on social media platforms or from devices connected to Internet of 

Things (IoT) (Janssen, Van der Voort, & Wahyudi, 2017). IoT - internet-enabled devices 

exchanging data without human intervention – connects mobile communications such as 

cellphones and tablets, contributing to the proliferation of data (Kimble & Milolidakis, 

2015).  

 

This expanding amounts of data, structured and unstructured, is referred to as Big Data 

(BD) and frequently defined in terms of four V’s: Volume, Velocity, Variety and Veracity 

(Goes, 2014).  However, people have deviating definitions of BD. Some researchers argue 

that 4 V’s is only a starting point, and that a fifth V, illustrating Value, should be added 

for the definition to fit in a business perspective (Baesens et al., 2016). The table below 

describes the 5 V’s in more detail. 

Table 1 - Big Data characteristics 

Number Characteristic 

(V) 

Description 

1 Volume This characteristic refers to the amount of data 

organizations or individuals collect and/or creates 

(Lee, 2017). Currently, the minimum size to qualify as 

BD is 1 terabyte. Each day, at the current pace, 2.5 

quintillion bytes of data are generated (Marr, 2018). 

However, Gandomi and Haider (2015) indicate “What 

may be deemed BD today may not meet the threshold 
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in the future because storage capacities will increase, 

allowing even bigger data sets to be captured” (p. 138). 

2 Velocity Velocity signifies the speed of data generation and 

processing (McAfee & Brynjolfsson, 2012). Over 

time, Lee (2017) state that velocity of data has 

increased and “as the speed of data generation and 

processing increased, real time processing became a 

norm for computing applications” (p. 294). Due to 

growth of Internet of Things (IoT), the pace of data 

generation is only accelerating (Marr, 2018). 

3 Variety Variety refers to the various types and formats of data, 

but also the ways of analysing the data (Gandomi & 

Haider, 2015). Organizations generate different types 

of structured, semi-structured and unstructured data. 

Structured data is stored in spreadsheets or relational 

databases (Gandomi & Haider, 2015). On the contrary, 

unstructured data, which refers to such as texts, images 

and audio, cannot be organized in a traditional database 

(McAfee & Brynjolfsson, 2012). 

4 Veracity Veracity was invented by IBM and symbolizes the 

unreliability and uncertainty that some sources of data 

contain (Gandomi & Haider, 2015; Lee, 2017). For 

example, customer sentiments are not reliable or 

certain because of the subjectivity of human views 

(Lee, 2017). To deal with this characteristic of BD, 

techniques and analytics have been developed for 

management of uncertain and unreliable data 

(Gandomi & Haider, 2015). 

5 Value Oracle added value as an attribute of BD since they 

claimed companies need to comprehend the 

importance of utilizing BD to increase revenue, 

decrease their operational costs, improve customer 

service and examine the big data project’s investment 



 

 8 

cost (Lee, 2017). Moreover, Oracle argued that data 

generated in its original form normally has low value, 

but data analytics can transform the large volumes of 

data into high value (Gandomi & Haider, 2015). 

 

2.2 Big Data Analytics 

Organizations are utilizing BDA to analyse big data sets and gain insights to make 

informed decisions (McAfee & Brynjolfsson, 2012). Namely, BD is meaningless in its 

original form (Gandomi & Haider, 2015). BDA is needed to generate value from BD as 

the features of BD (size, variety and rapid change) make it difficult to analyze and manage 

the data through traditional tools and techniques (Elgendy & Elragal, 2014; Davenport, 

Barth, & Bean, 2012). Kubick (2012) explains that “Big data has attracted big vendors 

who have developed powerful new systems that combine massively parallel hardware and 

software to quickly process and retrieve information from such immense databases”(p. 

26). Specifically, for organizations to create value, they need to efficiently and effectively 

combine the large data sets from heterogenous data sources (Janssen, Estevez, & 

Janowski, 2014). 

 

It is crucial for organizations to properly analyse data to successfully extract the 

pertaining information (Elgendy & Elragal, 2014). Similarly, LaValle, Lesser, Shockley, 

Hopkins & Kruschwitz (2011) argue that top-performing organizations utilize analytics 

more than lower performing ones and that the insights received from analytics are utilized 

for both day-to-day activities and future strategies. However, Sharma, Mithas and 

Kankanhalli (2014) debate that regardless of the evidence supporting that adopting 

business analytics can generate value, deeper analysis of that theory that “business 

analytics leads to value” is needed. Specifically, Sharma et al. (2014) claim that 

organizations need to better understand their decision-making processes, in order to 

realize how value can be created from the utilization of business analytics, since 

organizational performance tend to be a consequence of improved decision-making 

processes.  



 

 9 

2.2.1 Big Data Analytics in organizations 

BDA makes it possible for companies to assemble, analyze and utilize BD to develop 

different  strategic options (Fosso Wamba et al., 2017; Fosso Wamba, Akter & De 

Bourmont, 2018). Compared to traditional small data analytics, which provide support 

regarding internal business decision making, BDA also makes it possible for businesses 

to realize new opportunities to provide customers with high-value products and services 

(Davenport, 2014). For example, LinkedIn’s cofounder and chairman, Reid Hoffman, 

together with his data scientists have established products such as People You May Know 

and Who’s Viewed My Profile (Barton & Court, 2012). Several companies have become 

more efficient and competitive due to their successful analytics systems such as Amazon 

(recommendation systems) and Netflix (consumer choice modeling) (Fosso Wamba et 

al., 2018). 

 

As BDA is expected to transform the world, it is crucial for organizations to understand 

the technical and managerial impacts (Baesens et al., 2016). In other words, businesses 

need to find out how to harness and analyze BD to embrace the transformation with its 

challenges and gain competitive advantage (Goes, 2014). BD makes it possible for 

managers to increase their knowledge about their businesses (McAfee & Brynjolfsson, 

2012). Consequently, this increased knowledge can lead to enhanced decision making 

and performance (Raguseo, 2018).  

 

Even though more and more companies are adopting BD (Amankwah-Amoah & 

Adomako, 2019), most companies are facing the challenge of how to utilize the data 

(Akter & Wamba, 2016). As demonstrated by Amankwah-Amoah and Adomako (2019, 

p.210) “the mere possession of or access to BD is unlikely to yield success or competitive 

advantage, rather it is the ability to mine and utilise big data that can better equip firms to 

mitigate business failure and improve their competitiveness”. Similarly, Ransbotham, 

Kiron, and Prentice (2016) argue that even though more organizations adopt analytics 

many struggle to produce quality insights to maintain their competitive edge. In other 

words, the mere adoption of BDA is not enough, but there might be several factors 

influencing organizations’ success in harnessing value and competitiveness from BDA. 
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McAfee & Brynjolfsson (2012) argue that in order to improve the organization’s 

performance by exploiting BD, its decision-making culture has to be transformed. Others 

claim that the most crucial step for organizations when launching BD initiatives is to have 

a clear plan and understanding of how the adoption of BD can solve some of the top 

business issues (Kiron, 2013). In particular, consider whom would benefit from data-

driven decision-making. Moreover, Fosso Wamba et al. (2018) demonstrate the 

importance of big data analytics quality (BDAQ) for firm performance, where BDAQ is 

moderated by technology, talent and information quality. Similarly, Janssen et al. (2017) 

report that value from BDA is created by improving decision-making quality and that 

there are many interrelated factors influencing this. 

2.2.2 Types of Big Data Analytics methods  

As BD in its unprocessed form does not offer a lot of value, businesses need effective 

processes and methods for transforming the large data sets of structured and unstructured 

data to analyze the high volumes (Sivarajah, Kamal, Irani, & Weerakkody, 2017). 

Sivarajah et al. (2017) argue that there are different types of BDA methods and processes 

which can be used to analyze and gain intelligence from BD. Gandomi and Haider (2015) 

present a subset of relevant BDA methods and processes: text analytics, audio analytics, 

video analytics, social media analytics and predictive analysis of data. Each of these are 

presented in more detail below. 

 

Text analytics, also referred to as text mining, is a technique which obtains information 

from textual data such as social network feeds, emails, news and blogs (Gandomi & 

Haider, 2015). Audio analytics implies extracting information from unstructured audio 

data. However, speech analytics and audio analytics are generally used interchangeably, 

as these techniques are usually applied to spoken audio data generated from customer call 

centers and healthcare. Video analytics comprises several techniques to monitor, analyze 

and extract valuable information from video streams. However, a challenge of video 

analysis is the pure size of data from videos. Specifically, Manyika et al. (2011) state that 

only one second of a high-quality video is equivalent to over 2000 pages of text. Social 

media analytics represents the analysis of unstructured and structured data generated from 

social media platforms, which refers to online platforms allowing user to produce and 

exchange content (Gandomi & Haider, 2015).  



 

 11 

 

Predictive analytics refer to several techniques that can predict future outcome based on 

current and historical data (Gandomi & Haider, 2015). Predictive analytics can be utilized 

in nearly every discipline. Gandomi and Haider (2015) state that it can be applied in all 

areas “from predicting the failure of jet engines based on the stream of data from several 

thousand sensors, to predicting customers’ next moves based on what they buy, when 

they buy, and even what they say on social media” (p. 143). According to Martens, 

Provost, Clark and Junqué de Fortuny (2016) companies which have bigger data can 

generate better predictive results. Namely,  Martens et al. (2016) suggest that larger banks 

have more valuable data assets than smaller banks and thus can generate better 

predictions. Similarly, Bradlow, Gangwar, Kopalle, and Voleti (2017) argue that 

companies were previously “data under-supplied” and therefore the sophisticated 

predictive models as utilized today, were unavailable.   

2.3 Decision-making 

One of the most famous contributors to enhance the understanding of decision-making in 

organizations and the field of decision support systems was Herbert Simon. He claimed 

that the decision-making process consists of distinct phases: intelligence, design and 

choice. The first phase, intelligence, characterizes the gathering of relevant data and 

information for the decision-making. Design, which is the second step, implies exploring 

the alternatives to establish possible outcomes and consider how these would meet the 

objectives. The third stage refers to making a choice between the possible alternatives. 

The two first steps in the decision-making process are crucial in order to increase the 

likelihood of making good choices (Shim et al., 2002; Frisk & Bannister, 2017).  

 

Furthermore, Simon (1969, 1989) is famous for presenting the “theory of bounded 

rationality”, which implies that humans are unable to make purely rational decisions since 

they are influenced by various factors such as information overload and time constraints. 

People should follow a rational process in order to make the best decisions. However, 

humans tend to choose something that is influenced by her own perspective and not 

rationally. Namely, Simon argues that it is impossible for humans to not be biased when 

analyzing all possible alternatives. Therefore, Simon criticizes managers who believe the 

decision-making process is entirely logical.  
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Similarly, Stanovich and West (2000) separate decision-making into two categories, 

System 1 thinking and System 2 thinking. System 1 thinking refers to decision-making 

grounded on intuition. In other words, fast, automatic, effortless and emotional decisions 

are categorized as System 1 thinking. System 2 thinking decisions, on the contrary, are 

rational decisions. These are classified as decisions made by consciousness, effort and 

logic. Furthermore, Stanovich and West (2000) have a similar opinion as Simon 

(1969,1989) regarding rational decision-making (System 2 thinking) mostly generate 

better decisions. Nevertheless, peoples’ decisions are generally based on System 1 

thinking. 

2.3.1 Traditional decision-making 

Traditionally, System 1 thinking decisions have been the type of decisions normally made 

by organizations. Many companies making important decisions today still depend solely 

on “HiPPO”, which refers to “Highest-Paid Person’s Opinion” (McAfee, & Brynjolfsson, 

2012). This type of decision-making is labeled as intuitive decision-making, made on the 

basis of feelings and past experience. For example, Accenture (2013) report that intuition 

and personal experience are the most common factors used in management decision 

making. Ransbotham et al. (2016) report that organizations which are analytically 

challenged are mostly reluctant to rely on data analytics and senior managers need to be 

equipped with skills and attitude to realize the benefit of analytics in decision-making. 

 

Anderson (2015) points out that an organization could generate masterful reports from 

their data analytics efforts and present insights and recommendations, but if the decision 

maker is a HiPPO and decides not to use it, all hard work would be for nothing. 

Consequently, a HiPPO is a person who hinders data-driven decisions (rational decisions) 

if they are not consistent with his/her own intuition (Anderson, 2015). Researchers argue 

that traditional decision-making, which is grounded on expertise and intuition, tends to 

generate less informed decisions than those based on data (McAfee, & Brynjolfsson, 

2012).  

2.3.2 Data-driven decision-making 

On the one hand, the importance for organizations’ decision makers not to be HiPPOs 

and rather let data drive decisions, is emphasized. On the other hand, there are situations 
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in which intuition works well, such as for well-trained firefighters knowing when to leave 

a building on fire, before it gets too dangerous (Anderson, 2015). While decisions based 

on intuition work best in settings where signals are consistent and reliable, this type of 

decision-making is not working as well in volatile environments. Moreover, it takes time 

to develop intuition and organizational decision makers rarely have much time to become 

experts (McAfee, 2010). 

 

Anderson (2015) argues that even though firms should not rely on intuition alone, it 

should be considered in data-driven decision-making processes since data can never have 

a singular interpretation. Accordingly, Ransbotham et al. (2016) claim “blending 

analytics with intuition in decision making can produce more effective results than either 

alone, especially when making strategic decisions.” (p.14). In other words, the decisions 

based on a blend of intuition and analytics, is what can be referred to as data-driven 

decision-making and could be considered rational decisions (System 2 thinking). 

However, according to some researchers, businesses have always sought to obtain 

intelligence from data and utilized it to make decisions to consequently gain competitive 

advantage (Kimble & Milolidakis, 2015). 

2.3.3 Business intelligence and decision-making 

Businesses’ ability to make use of their available data can be termed Business Intelligence 

(BI) (Kimble & Milolidakis, 2015). Nowadays, BI refers to a wide range of activities 

which leaders in companies undertake to comprehend their internal and external 

environment. The term BI today is utilized to cover a variety of intelligence concerning 

such as competitors, customers, markets, products, strategy and technology. Therefore, 

Gartner (2019) describes BI as “an umbrella term that includes the applications, 

infrastructure and tools, and best practices that enable access to and analysis of 

information to improve and optimize decisions and performance”. Chen et al. (2012) 

utilize BI and analytics (BI&A) as a unified term and consider BDA as a related field 

which propose new directions for BI&A. Specifically, Kimble and Milolidakis (2015) 

state that BI generated from BD could be of immense value. 
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2.3.4 Big Data Analytics and decision-making 

Díaz et al. (2018) argue that businesses must remember that the goal of analytics should 

be to make better decisions. However, Kimble and Milolidakis (2015) claim “although 

analytics and business intelligence are clearly related, extracting business intelligence 

from big data is not as straightforward as it might seem” (p. 27). As traditional BI&A 

tools are no longer sufficient to deal with the complexity of BD to reach optimized 

decisions, businesses must adopt BDA to reach decision-making quality. BI and reporting 

are classified as traditional analytics, and BD is associated with advanced analytics, 

including powerful predictive and prescriptive tools such as machine learning (Díaz et 

al., 2018). 

Similarly, Gartner (2019) describes advanced analytics as “the autonomous or semi-

autonomous examination of data or content using sophisticated techniques and tools, 

typically beyond those of traditional business intelligence (BI), to discover deeper 

insights, make predictions, or generate recommendations. Advanced analytic techniques 

include those such as data/text mining, machine learning, pattern matching, forecasting, 

visualization, semantic analysis, sentiment analysis, network and cluster analysis, 

multivariate statistics, graph analysis, simulation, complex event processing, neural 

networks”. 

Moreover, Newell and Marabelli (2015) refer to data-driven decision-making based on 

BD as “algorithmic decision-making”, as organizations are now able to rely on 

algorithmic intelligence to analyze BD. Consequently, algorithmic intelligence has 

gained popularity along the hype of BD. Specifically, Van Der Vlist (2016) state that 

artificial intelligence and machine learning algorithms has become popular in decision-

making as those can improve over time. Examples of algorithmic intelligence are self-

driving cars (Newell & Marabelli, 2015) and fraud detection algorithms (Sharma et al., 

2014). Furthermore, algorithms based on BDA allow for increased automation of 

decision-making (Markus, 2015).  

Davenport (2014) states that new management approaches are needed to manage the 

continuous flow of BD for companies adopting BDA, and those need to consider new 

ways of making decisions. McAfee and Brynjolfsson (2012) argue utilizing BD in 

decision-making will spell the end for HiPPOs. Similarly, Kimble and Milolidakis (2015) 
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argue that “Thanks to big data, business leaders can now make predictions that are faster 

and more accurate than before and possibly use that information to make better-informed 

decisions” (p. 33). However, BDA wizardry alone will not solve the challenges associated 

with capturing the value from the data. Namely, human knowledge and technological 

skills have to be combined to face the issues in reaching BD-driven decisions (Kimble & 

Milolidakis, 2015). 
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3 Theoretical Framework 

This chapter starts by discussing big data theoretical frameworks and continues by 

explaining the theoretical framework to be applied in the study. 

3.1 Big data frameworks 

As creating value from BD continues to be the major challenge for businesses (Sheng et 

al., 2017), several researchers have aimed to understand how to manage BD resources to 

create value and developed theoretical frameworks for this. For example, Zeng and 

Glaister (2018) developed a theoretical framework for how firms can manage BD to 

create value and explain why they differ in their abilities to perform. Zeng and Glaister’s 

(2018) study identifies management capabilities which are needed to create value from 

internal data and external data network. However, their framework is focused on value 

creation from BD in general, and not linked to the context of BD decision-making. 

Therefore, Zeng and Glaister’s (2018) framework is not suitable for this study. 

 

Moreover, other researchers have focused on addressing the big data analytics capabilities 

(BDAC) (Gupta & George, 2016; Fosso Wamba et al., 2017). Fosso Wamba et al. (2017) 

proposed a BDAC model which illustrates the influence of the capabilities on firm 

performance. Gupta and George (2016) identified resources that build BDAC and 

proposed a framework demonstrating that BDAC lead to higher firm performance. In 

other words, these frameworks are focused on firm performance and BDAC. However, 

little attention is given to big data decision-making capabilities, and developing a 

comprehensive construct of these, which also make those framework unsuitable for this 

study.  

 

Neither are Gupta and George’s (2018) and Fosso Wamba et al.’s (2017) frameworks 

giving significant attention to decision-making quality. Namely, Fosso Wamba et al. 

(2018) study identifies determinants of big data analytics quality and its influence on firm 

performance, however it is not observing decision-making quality in particular. On the 

contrary, Janssen et al. (2017) study focused on factors influencing decision-making 

quality, for example BDAC and knowledge exchange, and how these can be improved in 

companies. However, Janssen et al. (2017) research is not particularly focused on big data 
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management challenges. Therefore, that study’s findings are not completely matching the 

focus of this thesis’s purpose either. 

 

On the contrary, Shamim et al.’s (2018) conceptual framework focuses on a broader 

concept than BDA, namely big data decision-making. The framework highlights 

organizational mechanisms that have an impact on a firm’s big data decision-making 

capabilities, which ultimately lead to decision-making quality. The authors argue that 

companies can create value from the use of BD for decision-making, if they address the 

related big data management challenges and succeed to achieve decision-making quality. 

In other words, their framework addresses big data management practices, big data 

decision-making capabilities and big data decision-making quality. Therefore, Shamim 

et al.’s (2018) theoretical framework is suitable for this thesis and will be adopted. 

3.2 Conceptual framework 

Following the dynamic capabilities view, Shamim et al. (2018) conducted a study which 

investigated the influence of big data management challenges (leadership, talent 

management, technology and company culture) on big data decision-making capabilities. 

Additionally, they examined the effect of big data decision-making capabilities on 

decision-making quality. The management challenges were based on McAfee and 

Brynjolfsson’s (2012). Moreover, Shamim et al. (2018) obtained insights from Zeng and 

Glaister’s (2018) study to develop the construct of the big data decision-making 

capabilities. However, as their report was mainly relevant to the value creation from BD, 

the authors also used Janssen et al.’s (2017) work which identified factors affecting 

decision-making quality.  

 

Fig 1 illustrates the conceptual framework developed by Shamim et al. (2018) and its 

three parts. They show how big data management challenges are issues in the context of 

big data decision-making. Specifically, “through the development of appropriate 

leadership, talent management, technology, and organisational culture, firms can enhance 

their big data decision-making capabilities, which would lead to decision-making quality” 

(Shamim et al., 2018, p.9). 
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Figure 1 - Conceptual Framework 

 

Source 1 - Adapted from Shamim et al. (2018) 

 

As stated by Janssen et al. (2017), “Value from BD and BDA is generated by improving 

decision-making quality” (p.344), and the conceptual framework developed by Shamim 

et al. (2018) describes how companies could improve their decision-making. Namely, it 

shows how firms can transform their managerial practices and which big data decision-

making capabilities are needed to reach decision-making quality. Consequently, this 

framework can be used to guide companies on how they could achieve value from 

adopting BDA. 

 

Specifically, for companies to harness value from BDA, they need to address the 

managerial challenges faced in the adoption in order to enhance their big data decision-

making capabilities. For example, when it comes to the talent management challenge, 

businesses should address this by investing in employees with the right knowledge and 

skills. These skills are needed to develop capabilities for such as routinization and 

integration of processes. Another example is regarding the technology management 

challenge. Namely, companies need to acquire appropriate technologies and technical 

tools needed to manage the data, which can influence the capability of making the 

infrastructure flexible. In turn, the big data decision-making capabilities are proved to 

influence the efficiency and effectiveness of decision-making, leading to decision-making 

quality. Consequently, as companies succeed to improve their big data decision-making 
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capabilities, they ultimately improve their decision-making quality which results in value 

creation for the business (Shamim et al., 2018).  

 

This framework will be used to make assumptions about what management challenges 

Swedish companies face when adopting BDA in their decision-making process and what 

managerial practices and capabilities that are influencing decision-making quality. In 

other words, this framework will be empirically validated in the Swedish context. 

Furthermore, the conceptual framework was developed from a quantitative study in 

China, which makes it significant to generalize the findings in other contexts and explore 

the phenomenon in more depth through a qualitative mode of enquiry. Consequently, it 

will be utilized as a guideline for constructing the interview questions. 

 

The parts of the framework will be elaborated in the following sections. As the framework 

follows the dynamic capabilities view, more detail about the theory will be presented first 

(section 3.2.1). Thereafter, section 3.2.2 - 3.2.4, discusses the parts of the framework in 

more detail. 

3.2.1 Dynamic Capabilities view 

The dynamic capabilities view implies that companies should be capable of integrating, 

reconfiguring and building the capabilities needed to successfully adapt to the changing 

business environments (Linden & Teece, 2018). To create competitive advantage, it is 

not enough for organizations to invest in BD initiatives, but they need to develop 

capabilities which are not easily imitated by competitors (Gupta & George, 2016; Pisano, 

2017). Moreover, as organizations strive to harness the power of BD to make better 

decisions (Janssen et al., 2017), they need to develop the appropriate capabilities needed 

to exploit this power (Fosso Wamba et al., 2017). In the dynamic capabilities view, the 

word capabilities highlights the crucial role played by management and leadership in 

adapting, integrating and reconfiguring of organizational skills, functional competencies 

and resources to stay competitive in the business environment (Schoemaker, Heaton, & 

Teece, 2018). Moreover, Teece, Pisano & Shuen (1997) argue that companies’ 

managerial and organizational processes influence the creation of their dynamic 

capabilities. This view, the dynamic capabilities view, urges researchers to pay attention 
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to how organizations create and renew their capabilities to respond to the changing 

environment (Schoemaker et al., 2018). 

3.2.2 Big data management challenges 

As emphasized before, BD in a vacuum is not valuable (Gandomi & Haider, 2015), and 

the maximum benefits cannot be harnessed until the organization overcome the related 

managerial challenges (McAfee & Brynjolfsson, 2012).  As illustrated in the framework 

(Fig 1), the major managerial challenges are identified to be leadership focus, talent 

management, technology management and company culture (McAfee & Brynjolfsson, 

2012). Similarly, Gupta and George (2016), argue that human and technological resources 

and organizational culture are needed to reap the benefits from BD. Moreover, the 

conceptual framework shows how big data management challenges are the key 

antecedents of big data decision-making capability, which is essential for big data 

decision-making quality (Shamim et al., 2018). Consequently, it is crucial to understand 

the challenges in order to achieve decision-making quality and reap the benefits from BD. 

The following sections will describe these challenges in more detail. 

3.2.2.1 Leadership 

In the development and reconfigurations of dynamic capabilities, leadership is vital since 

it provides an aligned direction for the members of the company  (Schoemaker et al., 

2018). The use of resources and decision-making are affected by leaders’ focus on 

strategic problems and the manner in which those are communicated (Kor & Mesko, 

2013). Consequently, leaders need to devote time, attention and resources to the 

development of dynamic capabilities (Bingham, Eisenhardt & Furr, 2007).  When 

addressing the managerial challenges associated with the utilization of BD, it is showed 

that it begins with leadership (McAfee & Brynjolfsson, 2012). Companies succeed in 

adopting BDA mainly because they develop leadership teams possessing a clear vision 

and who establish clear goals. Moreover, the utilization of BD in decision-making, does 

not eliminate the need for leadership vision and human insights (McAfee & Brynjolfsson, 

2012). As argued previously, the mix of analytics and intuition in decision-making is 

considered as the best way of making decisions (Ransbotham et al., 2016; Anderson, 

2015). Shamim et al. (2018) empirically demonstrate that leadership focus on BD 

contributes to the big data decision-making capabilities, which was previously considered 

as a gap in the existing literature. Similarly, there is empirical evidence of leaders 
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succeeding to reach their desired goals by changing their leadership style according to the 

requirements of the situations (Shamim, Cang, & Yu, 2017). 

 

Other studies demonstrate that leadership can contribute to innovation, if encouraging an 

appropriate working environment (Kavanagh, & Ashkanasy, 2006). Moreover, big data 

decision-making capabilities can be cultivated if leadership provide a favourable climate 

for it (Sarros, Cooper, & Santora, 2008). Shamim et al. (2018) concluded that “In order 

to enhance their firms’ big data decision-making capabilities, leaders should provide clear 

visions and goals, and encourage big data decision making” (“Managerial implications”, 

para. 2). Moreover, leaders should act as role models and show great interest in the BDA, 

and thereby utilize BD for decision making. 

3.2.2.2 Talent management 

Talent management is perceived as crucial in most companies (Collings & Mellahi, 2009; 

Scullion, Vaiman & Collings, 2016; Collings, Mellahi, & Cascio, 2019) and is considered 

as a major organizational challenge. The expansion of BDA is urging companies to 

reconsider their human resource needs (De Mauro, Greco, Grimaldi & Ritala, 2018). 

McAfee & Brynjolfsson (2012) emphasize the vital role of harnessing appropriate talent 

management as they argue that the utilization of BD can be improved by this. Data 

scientists are the complements for conducting data analysis, which are considered the 

most crucial ones (Davenport & Patil, 2012; McAfee & Brynjolfsson, 2012). Data 

scientist has even been classified as the “sexiest job of the 21st century” (Davenport & 

Patil, 2012). Accordingly, it becomes increasingly important for companies to retain their 

BD experts (Tambe, 2014). 

 

However, this expertise, which a data scientist should possess, is not as common as 

companies might hope. As Davenport and Patil (2012) state it; “There simply aren’t a lot 

of people with their combination of scientific background and computational and 

analytical skills” (p.13). While statistical knowledge is crucial, traditional statistical skills 

are not enough for the use of BD. Specifically, big data management includes skills and 

techniques which are not always accessible everywhere, but the new generation of 

computer scientists are generally in possession of these required skills and techniques 

(McAfee & Brynjolfsson, 2012). Additionally, speaking the language of business and 

assisting leaders in formulating suggestions for how to tackle BD, are skills which the 



 

 22 

best data scientists have (Angrave, Charlwood, Kirkpatrick, Lawrence, & Stuart, 2016; 

McAfee & Brynjolfsson, 2012). 

 

Conversely, De Mauro et al. (2018) argue that while data scientist might be perceived as 

the protagonists for companies in the big data revolution, for firms to acquire the right 

skills and expertise, they need to go beyond hiring data scientists. Specifically, data 

scientists are not sufficient  for companies in order to gain competitive advantage (Miller, 

2014; De Mauro et al., 2018). However, there is no common view of exactly what 

professionals and skills are needed. Moreover, there is a race for acquiring the right talent 

and this trend does not seem like slowing down (Davenport & Patil, 2012; De Mauro et 

al., 2018).  

 

From the perspective of the dynamics capabilities view, literature indicate that talent 

management enhance the capabilities in the organization (Gutierrez-Gutierrez, Barrales-

Molina, & Kaynak, 2018). Companies’ most important strategic asset is argued to be 

knowledge, which is connected to the employees (Shamim, Cang, & Yu, 2017). 

Researchers have concluded that firms need to employ appropriate talent management 

practices to reap the maximum benefit from employee knowledge and talent (McAfee & 

Brynjolfsson, 2012; Glaister, Karacay, Demirbag & Tatoglu, 2018). 

 

A shortage of dedicated talent has been observed as a major challenge to succeed in 

capturing value from BD (Tambe, 2014). From a report conducted in Sweden 2017, a 

shortage in IT skills in Sweden is described (Von Essen, 2017). Specifically, advanced 

data analytics (BD) skills are argued to be one of the seven most important competence 

areas to prioritize for companies. Effective talent management also has the opportunity to 

enhance the capabilities of the organization (Collings & Mellahi, 2009; Joyce & Slocum, 

2012). According to Shamim et al. (2018), “Talent management activities should focus 

on skill enhancement aimed at big data decision making and on the hiring and retaining 

of big data experts” (“Managerial implications”, para. 2). 

3.2.2.3 Technology 

Technology management is considered to be an essential influencer of the dynamics 

capabilities in companies (Cetindamar, Phaal & Probert, 2009). Moreover, competence 

in technology is necessary in the adoption of BDA and facilitates the utilization (Lawson 
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et al., 2014). Due to the increased velocity, volume, variety of BD, new and improved 

tools have been developed in recent years. Hadoop is one of the most well-established 

software platforms and commonly used tools, which combines hardware with open source 

software (McAfee & Brynjolfsson, 2012).  

 

BD is gathered by various technological sources such as ubiquitous information-sensing 

mobile devices, aerial sensory technologies, cameras and microphones. In other words, 

as data sets are increasingly gathered by different sources, the world’s technological 

capacity to store information has nearly doubled every three year (Chen & Zhang, 2014). 

Consequently, since companies need larger storage and higher speed to gather, store and 

access data nowadays, BD has changed the way organizations handle their data. 

Moreover, additional tools which are popular for managing BD are for example Tableau, 

Dryad and Apache Mahout (Chen & Zhang, 2014). 

 

Moreover, McAfee & Brynjolfsson (2012) claim that the use of the most effective 

technologies to collect, store, analyse and visualize data are required for big data decision 

making. If technology is effectively utilized it can facilitate collaborations, knowledge 

exchange and BDA, which can generate big data decision-making capabilities (Shamim 

et al., 2018). As Lawson et al. (2014) argued that technological competency facilitates 

the use of BD, Shamim et al. (2018) reasoned that suitable technologies for big data 

management could improve the associated decision-making capabilities in the 

organization. However, “The use of a variety of cutting edge technologies for big data 

management would also be important”( Shamim et al., 2018, “Managerial implications”, 

para. 2). 

3.2.2.4 Organizational Culture 

Organizational culture signifies the core organizational identity, namely the set of norms, 

values, attitudes and behaviours in the organization (Denison, 1984). Leadership styles, 

working climates, strategy designs, management processes and organizational behaviours 

are all affected by the organizational culture (Laforet, 2017). According to McAfee and 

Brynjolfsson (2012), data-driven organizations need to develop a culture in which “what 

we think” is substituted for “what we know”, since the dependency on intuition and 

instincts should be discouraged. Additionally, some organizations are still just pretending 

to be data-driven. In such situations, managers make their decisions using the traditional 
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HiPPO method and afterwards spicing up those decisions by finding numbers which 

supports them. Consequently, this type of organizational culture could damage the quality 

of big data decision-making (Shamim et al., 2018).  

 

In the context of dynamic capabilities theory, organizational culture is claimed to have 

the potential to affect an organization’s dynamic capabilities (Gnizy, Baker, & Grinstein, 

2014). Shamim, Cang and Yu (2016) sate that employees are reluctant to do things that 

are not part of the organizational culture. Moreover, Gupta and George (2016) recognizes 

that the organizational culture play a crucial role in the success of adopting BD in 

companies. Accordingly, LaValle et al. (2011) acknowledge that the reasons for failures 

of BD initiatives are generally not linked to technological factors  and data characteristics, 

but more likely to the organizational culture. 

 

Similarly, Díaz, Rowshankish, and Saleh (2018) argue that “Organizational culture can 

accelerate the application of analytics, amplify its power, and steer companies away from 

risky outcomes” (p.37).  Fundamentally, the culture of an organization could possibly 

enhance its ability to harness the power from BD (Shamim et al., 2018). Díaz et al. (2018) 

state that excitement about data analytics should infuse the entire organization, since then 

it can become a source of energy. A data-driven culture could affect data-driven decision-

making at all different levels of a business and an appropriate culture is required to make 

decision makers motivated to participate in BD initiatives (Gupta & George, 2016).  

 

Organizational culture is acknowledged as an important influencer of dynamic 

capabilities in existing literature (Chirico & Nordqvist, 2010). Specifically, the processes 

intended to acquire, exchange, transform and shed internal and external resources are 

influenced by the organizational culture. Researchers state that a strong change-oriented 

organizational culture is required for dynamic capabilities (Schoemaker et al., 2018). 

Shamim et al. (2018) conclude “that the promotion of a culture of collaboration, 

knowledge exchange and data science can stimulate the related executive interest and, 

thus, enhance big data decision-making capabilities”(“Organisational culture of big data”, 

para. 3). Furthermore, Shamim et al. (2018) identified organizational culture to have the 

strongest relationship with big data decision-making capabilities. “The development of a 
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big data decision-making culture would be crucial, as organisational cultures influence 

behavioural outcomes” (Shamim et al., 2018, Managerial implications, para. 2). 

3.2.3 Big data decision-making capabilities 

Big data decision-making capabilities are defined as a company’s ability to make quality 

big data-driven decisions by effectively managing a big data chain (Janssen et al., 2017; 

Shamim et al., 2018). The big data chain refers to the involvement of various actors in 

analysing the hidden relationships in data, which results in a chain of activities. This chain 

includes the steps of data collection, data preparation, data analysis and decision making. 

Shamim et al. (2018) and Janssen et al. (2017) have empirically demonstrated that 

organizations require knowledge exchange, collaboration, process integration, 

routinising, flexible infrastructure, quality of big data sources and decision maker quality, 

in order to effectively manage a big data chain and make quality decisions. These 

capabilities are further elaborated in the table below, based on Janssen et al.’s (2018) 

definitions and findings. 

 

Table 2 - Big data decision-making capabilities 

Big data decision-making capability Description 

Big data knowledge exchange Knowledge exchange refers to that 

knowledge about the data should be 

transferred among the organizational entities. 

Specifically, knowledge about how to collect 

and process data  are required for interpreting 

and understanding of how the data can be 

utilized. Consequently, this could contribute 

to facilitating the use of BDA and the 

identification of insights for decision-

making. For example, Janssen et al. (2017) 

demonstrated the importance of knowledge 

exchange between departments in 

organizations to be able to understand the 

data and utilize it. 
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Big data collaboration Collaboration is needed among various 

actors, such as big data providers, BDA 

analysts and decision makers, to create a big 

data chain and overcome fragmentation. 

Janssen et al. (2017) state that it is 

advantageous if organizations are not 

working in silos, but rather collaborate with 

various departments to create a flow of the 

activities and value. Often, different 

departments have strategies and are unaware 

of possible utilization of BD (Janssen et al., 

2017). 

Process integration Firms can reduce their cost and efforts of 

using BD and BDA by their ability to 

integrate processes and standardize tasks and 

data. To integrate the processes is essential 

for routinizing and standardizing the 

utilization of BD. Janssen et al. (2017) 

emphasize that the long term goal should be 

to automate the handling of BD and to do so, 

the disparate processes of the BD chain must 

be integrated. Moreover, the data need to be 

standardized – meaning various formats of 

data are transformed to a common one 

(Janssen et al., 2017). 

Routinizing Organizations should routinize the activities 

in the big data chain, since this improves the 

big data velocity and accordingly facilitates 

making decisions in real-time. Janssen et al. 

(2017) state that the big data chain (data 

collection, data preparation, data analysis and 

decision making) should be a routine matter 

as it is crucial for making automated 
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decisions (real-time decisions) (Janssen et 

al., 2017). 

Flexible infrastructure for big data If having a flexible infrastructure, it 

facilitates firms’ handling and processing of 

data. Thus, the ability of having an 

infrastructure which makes it possible to 

integrate systems, enhance the handling of 

BD. The more manual work, the longer lead 

times for arriving at results. Moreover, a 

flexible infrastructure is anticipated to 

contribute to quicker decision-making 

(Janssen et al., 2017). 

Quality of big data source People are not able to understand the 

decisions if BD is not accurate and thereby 

provides little value. In other words, it is 

important that the data from big data 

providers is accurate (quality of big data 

sources), to avoid making wrong decisions, 

which could be costly. Therefore, it is crucial 

for companies to be satisfied with the quality 

of the data (Janssen et al., 2017). 

Big data decision maker quality To improve the data-driven decision-making 

capabilities, decision makers should be able 

to interpret the outcomes of BDA and 

comprehend their implications. In Janssen et 

al.’s (2018) study, they found that better and 

faster decisions could be made if the decision 

maker was more experienced and understood 

the relationship between different variables.  
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3.2.4 Decision-making quality 

This study defines decision-making quality based on Shamim et al.’s (2018) chosen 

definition in their study. Namely, Shamim et al. (2018) evaluated decision-making quality 

based on its effectiveness and efficiency, which have been suggested by Clark et al. 

(2007). The effectiveness was evaluated based on the decision makers’ satisfaction of 

realizing accurate outcomes while the efficiency referred to the resources involved in the 

decision-making – i.e. time, cost and human resources. 

 

Today, organizations are struggling to determine how to best utilize data for decision-

making (Visinescu, Jones, & Sidorova, 2017). Seddon, Constantinidis, Tamm,  and Dod 

(2017) argue that the experience of managers together with business intelligence tools 

can improve the decision-making quality. Decision makers are empowered with data, 

information and useful knowledge for decision-making from business intelligence, for 

example through big data management (Clark et al., 2007; Visinescu et al. 2017).  

 

The renewal and creation of new capabilities can make companies gain sustainable 

competitive advantages, according to the theory of dynamic capabilities (Linden & Teece, 

2018). Therefore, an organization’s performance depend on making correct 

organizational decisions by utilizing dynamic capabilities. Mithas, Ramasubbu 

and Sambamurthy (2011) demonstrate that an organization’s information management 

capability influence its performance, customer and process capabilities, which 

consequently control its effectiveness . In other words, it can be perceived as this 

effectiveness is the result of quality decision making , which has been facilitated by 

information management capabilities. Shamim et al. (2018) argue that BD in a similar 

way enable companies to make decisions based on accurate information. Accordingly, 

Chen et al. (2012) indicate that big data decision-making capabilities can influence its 

decision-making quality. 

 

Janssen et al. (2017) clearly demonstrated that quality decision-making requires big data 

capabilities throughout the big data chain. Specifically, the Dutch tax organization, which 

was the empirical case studied,  utilized big data capabilities to enhance their tax filling 

by detecting pattern leading to incorrect and fraudulent tax filling (Janssen et al., 2018). 

Moreover, the tax organization succeeded to reduce their costs and enhance their 
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decision-making quality by utilizing big data-based decision making. Similarly, Shamim 

et al. (2018) demonstrated from their data collected from 108 Chinese firms, how 

improved big data decision-making capabilities lead to decision-making quality. Díaz et 

al. (2018) argue “The fundamental objective in collecting, analyzing, and deploying data 

is to make better decisions” (p.38). Consequently, achieving decision-making quality 

could be perceived as a proof of successfully utilizing and adopting BD in decision-

making.  

  



 

 30 

4 Research Methodology 

This chapter outlines how the research was conducted and provides a motivation for the 

selected methodology. Moreover, in section 4.3.3, a description of each company and 

participant is provided in chronological order. 

4.1 Research philosophy 

This study was guided by an interpretivism research philosophy to comply with the 

exploratory research purpose. As this research was focused on exploring the challenges 

and opportunities of managing the adoption of BDA in organizational decision-making, 

there was a social complexity which needed to be understood (Saunders, Lewis & 

Thornhill, 2012). Specifically, this study aimed to obtain more in-depth knowledge about 

managing BDA and improving big data decision-making. Due to the social complexity 

and strive for generating in-depth knowledge, a qualitative method was required 

(Saunders et al., 2012). By interviewing employees in Swedish IT-consultancy firms, the 

author strived to explore the experiences and perceptions regarding BDA and decision-

making. Consequently, this allowed the author to identify patterns and themes in the 

valuable data collected (Saunders et al., 2012). 

4.2 Research approach 

In order to follow the interpretivist research philosophy and gain an in-depth 

understanding of big data experts’ perceived challenges and opportunities, a qualitative 

research approach was adopted (Saunders et al., 2012). Specifically, this study followed 

a qualitative analytic induction approach, which started with deduction and ended with 

induction (Patton, 2015). Previous literature and theoretical frameworks were examined 

to generate a deductive research framework. Specifically, the author found a theoretical 

framework developed by previous researchers (Shamim et al., 2018), which was suitable 

for this paper. However, the existing theoretical framework about BDA and decision-

making had only been empirically validated quantitatively in China. Furthermore, the 

research regarding BDA is scarce in general. 

 

Therefore, the author sought to qualitatively validate the theoretical framework in the 

context of Sweden. Consequently, empirical data was collected from qualitative 

interviews to explore the challenges and opportunities of adopting BDA in Sweden. The 
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theoretical framework was utilized to create a guide for the interview questions. The 

findings regarding BDA in decision-making in Swedish consultancy firms were 

compared to the existing literature and theoretical framework. The deductive analysis of 

the thesis was guided by the structure of the interview guide. Moreover, the empirical 

data was inductively analysed to identify new patterns and perspectives (Patton, 2015). 

4.3 Methods of data collection 

4.3.1 Qualitative interviews 

Qualitative methods for data collection were followed in this study, as the research has 

an exploratory purpose (Saunders et al., 2012). Specifically, qualitative methods were 

required in this study to deal with the complexity of the research questions (Saunders et 

al., 2012). Specifically, as the aim of the research was to understand the challenges and 

opportunities of adopting BDA in decision-making, non-numerical answers could 

contribute to an in-depth understanding of the interviewees views.  

 

Moreover, previous research (Shamim et al., 2018) mention that the theoretical 

framework applied in this study has not been explored in depth, due to its quantitative 

research method and deductive approach. Consequently, this study aimed to gain new 

observations about the phenomenon, and address the limitations mentioned in previous 

research. Richer information and a deeper understanding of what challenges and 

opportunities of adopting BDA for decision-making in Sweden could be obtained by 

qualitative methods through interviews with professionals from IT consultancy firms. 

4.3.2 Sampling process 

In order to conduct a purposive sampling, as Saunders et al. (2012) named it, researchers 

should select their cases wisely to obtain valuable insights and contribute to answer the 

research questions. Therefore, the author chose to interview people with knowledge in 

adopting BDA and data-driven decision-making. As this study focus mainly on the 

managerial perspective the author sought to interview people possessing the knowledge 

of managing adoption of BDA in organizational decision-making. Initially, by searching 

on LinkedIn and Google search for companies utilizing BD in their decision-making, 

limited results were found. Consequently, a supposition was made by the author, that 

most large companies in Sweden should have been adopting BDA in their organizations.  
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Therefore, an attempt to contact IT divisions of large private companies in Sweden was 

made. Five companies were contacted through email and/or phone. Disappointingly, only 

three companies responded, two of them explained they did not have enough resources 

and one did not want to reveal information about the company. However, as Janssen et 

al. (2017) reported similar results regarding data collection in their study and finally 

succeeded to observe the Dutch tax organization, the author made an attempt of 

contacting public companies instead. However, the result was similar in that situation. 

Only three responded, two felt they did not have substantial knowledge and one 

forwarded the request to a colleague.   

Consequently, the scope was broadened to IT consultancy firms, as many of those are 

assisting companies in adopting big data technologies and transforming their businesses 

to become data-driven and reach better decisions. Again, LinkedIn and Google search 

were utilized to find consultancy firms working with BD. 15 organizations which met the 

criteria were contacted via mail or phone, depending on the contact information displayed 

on their websites and LinkedIn accounts. The contacted companies were provided with 

an explanation of the study and a request to be interviewed. 

12 companies responded, four of them were willing to participate in the study, five 

explained they would forward the request to a colleague, two answered they did not have 

time for it and one did not feel he had substantial knowledge to participate. Out of the 

five people forwarding the request, three people answered that they could participate.  

Consequently, seven interviews were conducted in total. The interviews lasted for 33 to 

53 minutes. An overview of the interviews is provided in Table 3 below. As seen in table, 

the companies’ names were substituted for letters and the interviewees’ names were 

replaced with numbers. Consequently, throughout this paper, the interviewees will be 

addressed according to their number, where Participant 1 will be abbreviated to P1. 

Similarly, the participants’ companies will be addressed according to their letter, where 

Company A will be shortened to CA. 
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Table 3 - Overview of the interviews 

P Position Company Duration 

(min) 

Date 

1 CEO A 41 18/3/2019 

2 Head of Strategy B 47 21/3/2019 

3 Analytics & Data Scientist consultant C 33 22/3/2019 

4 Senior consultant of Data Insights D 38 26/3/2019 

5 Digital designer & Partner E 42 26/3/2019 

6 Data Science Manager F 53 8/4/2019 

7 Business Manager & Partner G 43 10/4/2019 

4.3.3 Description of companies and participants 

Company A 

This IT consultancy company has offices in over 10 locations in Sweden and in four other 

countries in Europe. They are offering digital solutions in different business areas and 

one of those are business insights, which is focusing on creating value from data. They 

are mainly assisting companies in the banking and retail industry, but are also supporting 

other firms in industries such as telecom and the public sector. The P1 is the CEO of CA. 

Company B 

Company B has four offices, one in Sweden and three in other cities in Europe. This 

company is assisting their customers in turning data into business results, from strategy 

to execution. P2 has two responsibilities at his company, he is Head of Strategy and sales 

responsible for their analytics offering. Company B is mainly assisting firms with their 

marketing initiatives and customer relationships, not as much regarding the operative 

part. They have customers in industries such as banking, insurance, Telcom, hotel, retail 

and manufacturing. 

Company C 

P3 is an Analytics and Data scientist consultant at CC. This company has two offices, one 

in Sweden and another in Scandinavia. P3 explained that his role could be divided into 

three parts. The first part is associated to organizational and business development when 

it comes to data-driven businesses. The second part is focused on data science analysis 

and explorative analysis. The data science part usually refers to predictive modelling and 

optimization. The third dimension of P3’s role is more technical, which refers to being 

able to collect the right data. However, P3 stated he lacked in-depth knowledge in this 
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technical field. Most of CC’s customers are operating in banking, insurance and real estate 

industries. 

Company D 

P4 is a senior consultant of Data Insights at CD. This company has offices in over 15 

cities in Sweden and at three different locations in other countries in Europe. CD is 

helping companies in various industries in their digital transformation. P4 explained what 

his role in the company implicated as following: “Data insights is a term for analyzing 

data in some way, it could be business intelligence or AI for example. Everything 

regrading data and information that lead to insights and consequently actions”. 

Industries which P4 usually have customers in are the military industry, banking and 

finance and the public sector. 

Company E 

P5 is a digital designer and partner in CE. The company has one office in Sweden and are 

mainly having business-to-business (B2B) customers. His role as a digital designer is 

about designing and developing websites. CE is helping their customers to advance or 

start the process of creating digital businesses. The industries which CE have customers 

from varies, for example health industry and logistics companies. 

Company F 

CF has offices in four cities in Sweden and in two other locations in Sweden. It is 

described as a traditional BI company which is focused on helping their customers make 

better decisions at all levels of the organization. P6 is the manager of data science at CF, 

and data science is the company’s major focus area. Primarily, CF is concentrated on BI 

and data warehousing, and concepts related to this. P6 also has experience in AI and 

machine learning. When it comes to industries, P6 explained that they do not have any 

strategy for this at CF, as they believed BI and analysis are needed in every division and 

industry. Some examples of sectors CF are working with are retail, automotive and 

manufacturing. 

Company G 

CG has offices in four locations in Sweden and two in different locations in Europe. CG 

helps their customers in their digital transformation journey, what kind of ERP systems 
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they should utilize and how they make sure to get value from it. P7’s role at the company 

is within sales, and he is also one of the partners. Their primary customers are large global 

companies in Sweden. P7 explained that they are having customers operating in almost 

every industry as data is important for every company. Specifically, some examples 

are: automotive, retail, banking, and pharmaceutical industries. 

4.3.4 Primary data collection 

The collection of primary data was conducted through semi-structured interviews, which 

implied that the questions were prepared beforehand and some were developed during the 

interviews (Collis & Hussey, 2014). The semi-structured interviews created a discussion 

environment in which follow-up questions could be asked (Saunders et al. 2012). In other 

words, this type of structure for the interviews allowed the author to have questions 

guiding the interviews but at the same time being able to reorder the questions and adopt 

it after the responses from the interviewees. This made it possible for the respondents to 

lead the discussions in a direction which was not expected or intended initially, but which 

could be of significance (Saunders et al., 2012). 

 

Due to the given exploratory purpose of the study, semi-structured interviews facilitated 

the exploration of the phenomenon as respondents had the possibility to expound their 

answers regarding challenges and factors affecting the adoption of BDA in decision-

making. Consequently, the flexibility of semi-structured and in-depth interviews was 

effective in obtaining the interviewees’ opinions and knowledge regarding challenges and 

opportunities of BDA and its utilization in improving decision-making. Interpretations 

from those perspectives were utilized in the data analysis (Saunders et al. 2012). 

 

In order to answer the research questions, the author developed an interview guide listing 

the topics and questions to be explored based on the theoretical framework (Patton, 2015). 

The topics were challenges, capabilities and quality decision-making. Specifically, as big 

data decision-making capabilities are described as influencing the decision-making 

quality, these can also be perceived as factors influencing the big data decision-making. 

Therefore, this part of the framework (the big data decision-making capabilities part) was 

utilized in order to build a guide for questions which could be asked to the interviewees 

to identify factors influencing the adoption of BDA in decision-making. 
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In other words, the capabilities identified in the framework was asked about during the 

interviews in order to collect data for answering the second research question. Similarly, 

the big data management challenges part of the framework, helped the author to construct 

questions for answering the first research question. The last part of the framework, 

decision-making quality, was also utilized as a base for asking questions about how the 

consultancy firms believed it could be improved. In other words, the author utilized the 

theoretical framework as a base for challenges and factors which the interviewees might 

have encountered. 

 

Additionally, the author asked some general questions about the interviewees’ roles, the 

industries they operated in, reasons for adopting BDA and types of decisions. These 

questions were asked in order to obtain a better overview of the participants situations, as 

the author perceived this could possibly affect the outcome. Moreover, the guide assisted 

the author to make sure to carefully use the limited time for the interviews (Patton, 2015). 

 

To encourage the interviewees to give extensive answers, both open-ended and probing 

questions were developed (Saunders et al., 2012).  For example, instead of asking about 

the specific challenges depicted in the theoretical framework, the author asked about 

challenges in general at first. As the interviews were semi-structured, not all prepared 

questions were always asked exactly as stated in the guide, and probing questions and 

follow-up questions were added when necessary (Saunders et al., 2012). Specifically, if 

a challenge apart from the ones from the theoretical framework was mentioned, the author 

asked follow-up questions to obtain a better understanding. In other words, the questions 

were adapted depending on the answers the respondents gave. 

All interviews were conducted through telephone and recorded via a voice app, for the 

author to be able to transcribe the speech to text (Saunders et al, 2012). However, it is 

important to note that conducting telephone interviews instead of face-to-face interviews 

are commonly depicted as less attractive in qualitative research (Novick, 2008). Namely, 

when interviewing respondents through phone, the interviewer might miss important 

qualitative aspects such as body language and facial expressions which is claimed to 

compromise the responses. On the other hand, telephone interviews are demonstrated to 
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generate quality data, make participants more relaxed and willing to disclose sensitive 

information (Novick, 2008). 

Conducting telephone interviews instead of face-to-face interviews allowed the author to 

offer more possible occasions for the participants to have the interviews, which 

contributed to a larger number of respondents participating in the study. Specifically, 

several interviewees indicated their hectic schedule and limited amount of time that could 

be set off for an interview. Consequently, as telephone interviews were offered, 

participants were able to plan the interview while commuting for example. On the one 

hand, distraction from the environment during telephone interviews could be perceived 

as a disadvantage. On the other hand, disturbance is likely to occur during face-to-face 

interviews as well (Novick, 2008). Moreover, to minimize the risk of distraction for 

interviewees, the author sought to only book the interviews at occasions when the 

interviewees perceived were most convenient for them. 

The recording of the interviews was started after obtaining permission from the 

interviewees. All interviews except one were conducted in Swedish, therefore the 

questions were constructed both in Swedish and English as seen in Appendix 1 and 2. In 

other words, the author gave the interviewees the possibility of choosing what language 

(English or Swedish) to have the interview in. Specifically, the interviews were conducted 

in the language which the participants preferred and felt more comfortable with, which 

contributed to a better discussion and insights from the interviews. Moreover, due to the 

importance of transparency in qualitative research, the interview transcripts had to be 

translated into English. However, translating the transcripts from the Swedish interviews 

into English implied the risk of losing meaningful information. Namely, the author is not 

a native English speaker, which could result in incorrect translations. Therefore, 

significant caution was taken when translating the transcripts. Moreover, most BD terms 

are utilized also in the Swedish language, which was beneficial, as no misunderstandings 

occurred regarding the most important concepts of the thesis. Furthermore, some 

interviewees asked to be anonymous, therefore, the author decided to not disclose any 

participants’ or companies’ identities.  



 

 38 

4.3.5 Secondary data collection 

The secondary data was collected to create a literature review and theoretical framework 

which could guide the exploration of the phenomenon and contribute to answer the 

research questions (Saunders et al., 2012). Moreover, the secondary data provided 

comparative information which could be utilized in the research analysis phase (Saunders 

et al., 2012). Articles and books from sources such as Primo, Science direct and Google 

Scholar were utilized to provide the author with insights about BDA and decision-

making, as well as aspects of the studied issue overall. From the literature found in this 

initial search, the author utilized the reference lists in the most relevant publications to 

expand it. The key words utilized during the process were: Big Data, Big Data Analytics, 

Decision-making, Decision-making quality, Data-driven decisions, Big Data Analytics 

challenges. 

 

Moreover, in accordance with the research purpose, temporal and contextual boundaries 

were set to find relevant literature (Saunders et al., 2012). However, initially, the focus 

was not set on a specific time period, but rather on finding relevant concepts and 

information about BDA in general. Thereafter, the author attempted to strengthen the 

research credibility by mainly concentrating on the period 2000-2019. In all searches, 

only peer-reviewed articles and books were selected to assure the validity and quality of 

the data collection. Additionally, the search was limited to publications only in English.  

4.4 Data analysis 

All audio recordings of the interviews were manually transcribed to text, for the author 

to easier analyze the data. Moreover, the separate transcripts were sent to the respective 

interviewee for proof-reading to attain data accuracy (Saunders et al., 2012). In order to 

transform the data into findings, analytic induction was utilized as a guidance for the data 

analysis (Patton, 2015). All interviews were deductively analyzed against the theoretical 

framework developed by Shamim et al. (2018). Specifically, the empirical data was 

examined in terms of the categories and subcategories from the framework. The 

categories were: big data management challenges, big data decision-making capabilities 

and decision-making quality. The subcategories refers to the different challenges and big 

data decision-making capabilities depicted by the theoretical framework. The author 

analyzed the transcripts to discover indicators of these categories and subcategories. 
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Particularly, the task of assigning relevant units of data to an applicable category was 

manually done by the author (Saunders et al., 2012). 

Thereafter, all interviews were inductively analyzed to find out undiscovered and 

emerging patterns and perspectives. Namely, to discover challenges, apart from those 

described in the theoretical framework, as well as opportunities of adopting BDA. In this 

phase, the author made use of the conventional content analysis approach as previous 

literature and theory were limited (Hsieh & Shannon, 2005). Specifically, notes were 

made about impressions received from reading all transcripts, then labels for codes 

emerged, which were sorted into categories and finally clustered in broad themes (Hsieh 

& Shannon, 2005). Six new themes emerged, three in terms of challenges and three 

concerning opportunities, which were discussed and analyzed compared to the existing 

literature about big data analytics and decision-making. 

4.5 Qualitative validity 

In order to ensure the generalizability, validity and reliability of the research, different 

factors had to be taken into account to minimize the risk of receiving incorrect 

information from the participants and guarantee trustworthiness (Saunders et al., 2012). 

To obtain reliable results, the author decided to treat all interviewees as anonymous to 

avoid biased answers during the data collection. Consequently, this ensured the 

participants to answer the questions without having to worry about answering in a way 

that the organization would anticipate them to. Moreover, the author ensured that the 

interview questions were objective by formulating them in a general manner with loose 

association to the theoretical framework’s constructs. 

To ensure that the results were valid, the trustworthiness had to be kept in mind all the 

time (Saunders et al., 2012). Especially, as most interviews were conducted in Swedish, 

the author had to translate the transcriptions to English appropriately. Accordingly, to 

ensure that all participants had the possibility to correct eventual misunderstandings in 

their transcripts, after the author had transcribed the interviews, those were sent to the 

respective interviewees for proof-reading.  

Furthermore, the generalizability of the research was a fundamental aspect for achieving 

trustworthiness (Saunders et al., 2012). For the results to be generalizable, the author 
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chose to conduct in depth interviews with seven different companies possessing similar 

characteristics, with one interviewee from each company. Particularly, this contributed to 

a detailed understanding of each of the interviewed companies. Primarily, it was planned 

to interview several people within the same company or in less companies, however the 

author decided that it would affect the generalizability and objectivity of the study. 

Therefore, the author decided to interview companies in the IT-consultancy industry, 

which are operating in Sweden and are specializing in helping their customers manage 

BD to some extent. 

As the empirical data was collected in Sweden, the findings reflect the current situation 

in this context. Consequently, the findings are mainly generalizable to the context of 

Sweden. However, it could be argued that the results could be transferable to other 

settings as well. Namely, as the interviewed IT consultancy firms have offices in several 

locations in Europe and assist international customers, the findings slightly reflect 

situations in other contexts apart from Sweden. Nevertheless, future studies should 

ascertain the generalizability of the results to other contexts. Specifically, the sample of 

interviewees were primarily operating in Sweden, which implies cultural biasness of the 

findings. On the one hand, the interviewees assisted customers in various industries, 

indicating that the results reflect a mix of firms’ situations regarding the adoption of BDA. 

On the other hand, no separation of these findings based on industries was made, which 

further demonstrates the need of conducting comparative analyses of various types of 

companies to increase the generalizability. 
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5 Empirical Findings 

This chapter presents the findings from each of the conducted interviews. The findings 

from the interviews are presented following the same structure as the interview guide: 

general findings, big data management challenges, big data decision-making capabilities 

and decision-making quality. Moreover, these sections are divided into subsections for a 

better structure and readability. 

5.1 General findings 

5.1.1 Definition of Big Data Analytics 

P1 defined BDA as having access to a large amount of data which could be analyzed fast 

and being able to generate insights in real time to act quicker. On the contrary, P2 

explained that he usually does not make a distinction between BD and “small data”, since 

there is typically an ambiguous to put boundaries for it.  Moreover, P2 argued that there 

are so many definitions for BD. “Spontaneously, I would say that big data is so large 

volumes that it is impossible utilizing the traditional tools for analyzing it. This is driven 

by the digitalization, IoT and that all our devices are online and sends data”. 

Furthermore, P3 emphasized that there are several definitions of BDA and he believed 

the definition of BDA should not be complicated. “I would say big data is linked to the 

huge amount of data, in other words structured and unstructured data. BDA is about 

making this data accessible for an analytical perspective, in which the focus is to 

understand the information from it”. Similarly, P4 defined BDA as converting data into 

information and insights, which can be utilized to take actions and make improvement in 

the organization. Accordingly, P5 defined BDA as something showing what direction to 

take and a way for businesses to make decisions, a decision support in other words. 

 

In contrast, P6 was not a supporter of the term BD and explained that it got popular around 

2011 because companies were not able to manage the volume, variety and velocity of 

data because they did not have the right tools and machines for it. Moreover, P6 referred 

to the various formats of data and velocity of data as a difficulty, while the volume is 

rarely an issue anymore. However, P6 explained that even though they did not refer to 

the term BD anymore, their customers are still referring to it, which makes it important 

to understand their definition.  Moreover, P6 said it is difficult to set a specific limit, but 
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petabytes is generally referred to as a large amount. Nevertheless, it was also explained 

that customers believe they have a lot of data, while they rarely do. Lastly, P7’s definition 

of BDA was divided in two perspectives, business’ and customers’ point of view. “From 

the customers’ point, a 360 degree view is needed. They need to analyze the data and 

predict the data and predict what could be a trend. From a business point of view, you 

take the data from all different angles, you analyze the data and make a decision based 

on that, a business decision”. 

5.1.2 Reasons for adopting Big Data Analytics 

The P1 stated that he believed most companies are adopting BDA to get a “second 

opinion”, to minimize the decision makers’ personal views and intuition in decision-

making. Historically, P1 argued that there were economic decisions which were based on 

data. While today, it was explained that companies commonly use it in production and 

many other situations because of all sources generating data, such as social media and 

IoT sensors. Moreover, P2 believed common reasons for adopting BDA are to make better 

decisions and create better customer experience. P3 argued that there are various reasons 

for companies to adopt BDA. Firstly, he believed many businesses have understood that 

it is trendy now and a huge buzzword. Secondly, he explained that businesses understand 

that it has a positive impact on their business, as it can improve their decision-making. 

Similarly, P4 believed a common reasons for companies to adopt BDA is to improve the 

quality in their decision-making, decrease costs and to gain new insights and 

opportunities which are hidden in BD. Therefore, BDA was explained to be crucial in 

extracting this value. Thanks to BDA, P5 meant companies no longer have to guess and 

have more to base their decisions on. “To take actions based on reality, companies can 

interpret their data to receive a representation of the reality. Many companies try to 

collect as much data as possible to obtain as good depiction of it as possible”. 

 

Furthermore, P6 believed the reasons for adopting BDA differ from sector to sector and 

gave many examples: predict demand, reduce inventories, make processes more effective, 

segmenting the customer market, make better product recommendations or transforming 

the business and move from selling products to selling services. Moreover, P6 believed 

that exciting things are happening in this field and that people are understanding the 

benefits of BDA more nowadays. P6 emphasized that being able to make proactive 
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decisions and transforming the business, were common reasons for adopting BDA. 

Additionally, P7 explained that companies adopt BDA as it is important to adapt to the 

changing environment, indicating that BDA is becoming crucial for businesses to stay 

relevant. P7 continued the discussion of staying relevant by referring to competitive 

advantage, meaning that companies are staying competitive thanks to utilizing data.  

Moreover, P7 explained that companies are adopting it to improve their customer services 

as well, by making it faster and personalized. “Basically, it is consumer focus that 

companies need to focus on”. 

5.1.3 Type of decisions based on Big Data Analytics  

According to P1 there is a trend for companies regarding the type of decisions they are 

utilizing BDA in. Specifically, he explained that predictive maintenance has become 

popular, which means that faults in production or other threatening situations can be 

predicted. “Basically, it is popular for companies to adopt predictive analytics to be able 

to respond faster to changes than before”. Moreover, P2 emphasized the importance of 

dividing decision-making into two categories: “One category is about humans making 

decisions. But what is becoming usual now is to automate decisions. In other words, there 

are analysis models making decisions without human intervention”. Additionally, P2 

argued that one could think of different maturity levels of decision-making. Companies 

might be more mature in some decisions of the company, where some decisions are 

automated and some decision are still based on intuition and experience. Furthermore, P2 

meant that most companies do not have access to data in a way which allows them to 

make adequate decisions based on data. “Completely automated decisions almost does 

not exist, it is maturing but in general, this market is very immature”. According to P2, 

almost any type of decision can make use of BDA and he usually divided decisions in 

three parts; strategical, tactical and operational. 

 

Moreover, P3 believed companies can utilize BDA in all of their decisions, regardless if 

there are operational, tactical or strategical. Namely, he believed it is dependent on how 

their business model and organization look like. Investment decisions and decision-

making in terms of improving customer experience were mentioned as common 

examples. Similarly, P4 said that the kind of decisions which BDA are utilized for 

depends on what type of company it is and what goals they have. P4 explained that he 



 

 44 

perceived IoT solutions as the most common application area for BDA in decision-

making. However, he argued that most companies do not possess BD. On the contrary, 

every decision made in a company can be based on BDA according to P5. According to 

P6, all decisions can be based on BDA, but it is important that companies understand that 

data must be the key. P6 also argued that predictive maintenance has become a popular 

term, which is valuable for the company as it helps them to avoid wasting money and 

time. BDA is utilized in strategic, tactical and operational decisions according to P7. 

Moreover, P7 referred to the 360 degrees view, focusing on decisions internally and 

externally. “Like what kind of training is needed for their employees, what services and 

products, what customers, and how it can be personalized for customers”. However, P7 

stated that it should be perceived as a maturity question when it comes to BDA, regarding 

what kind of decisions are made. 

5.2 Big data management challenges 

5.2.1 Leadership focus 

P1 indicated that the leadership challenge is apparent and stated: “In Sweden, many 

companies are still mainly applying the old way of making decisions, basing them on 

intuition and experience”. Rather than relying on data, it is people with a certain vision 

or power in the company who makes the decisions. P1 further argued that companies need 

to perceive data as “the gold of the company” and that it has to do with maturity, and it is 

a generation change. Moreover, P2 acknowledged the importance of leadership focus in 

implementations in general in companies. At the same time, he believed that leadership 

focus is not a major challenge. “Today, BD is a hyped topic, a buzzword, with machine 

learning, AI and analytics. Therefore, most leaders are positive about it”.  

 

Moreover, P3 explained that the leadership competence and focus are important and 

emphasized the way leaders should treat the junior job market: “In general when working 

with millennials, which is the strong force on the job market, it is important that the 

leaders prioritize the soft values. If looking at the trend, traditional hierarchical 

organizations are transforming to more flat and decentralized ones. This implicates more 

freedom and responsibility, which are factors which most millennials requests and are 

attracted to. I have noticed, when there is younger leadership, companies are more open 

towards working in a more data-driven manner”. P4 also pointed out the need for a 
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suitable leadership focus, emphasizing that companies face a huge challenge if not 

possessing it. “Leaders must be positive regarding BD, to even be able to start an 

implementation. They are the ones controlling and affecting the organizational culture”. 

 

On the contrary, P5 said he had not experienced leaders who rather based their decisions 

on intuition and experience, rather than on data. Moreover, he believed the data can never 

show a complete picture of reality, but should act as a guide. However, leadership focus 

was not experienced as a challenge by P5: “I haven’t met any pig-head though, but it is 

possible it might happen. If people do not believe in data, and rather make guesses, it is 

difficult to implement big data decisions. I think I haven’t experienced any resistance in 

utilizing data in decision-making as they are contacting us to get help with it, they already 

have a positive attitude. It is rather about not having the knowledge and skills in how to 

work with it. It is also about insecurity”. 

 

In contrast, P6 explained the leadership focus as a driving factor in the success of BDA, 

but that management rarely “gets it”, thinking it is mostly about making the investment 

and then move from reactive to proactive decision-making. P6 meant that the leadership 

need to understand that there are organizational and cultural changes as well, since they 

are the ones who should lead the change. Moreover, P7 argued that leadership focus plays 

a role in the change management, which BDA adoption in decision-making implies. 

Additionally, P7 stated that leaders need to look forward and added this statement as a 

final thought: “If you look at it in a strategic way, you are in a good place”. 

5.2.2 Organizational culture 

P1 believed that the culture of the company needs to be changed in order to make use of 

more data in decision-making, especially, that everyone needs to be interested. It was 

emphasized that the organization has to change to become data-driven, before new 

technological tools are considered. “A more data-driven culture also makes it possible to 

automate more processes in the company, which removes boring jobs, as they are 

replaced by automated decisions”. Moreover, P1 explained that companies that are at a 

higher maturity level when it comes to being data-driven, considers data as the most 

important resource within their company. “For example, Google and Facebook consider 

data to be decisive and it is said that solely algorithms are controlling their actions”. 
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Furthermore, P1 meant that it is difficult for companies to change their culture today 

compared to companies which have been data-driven from start, like Tesla and Facebook. 

 

Additionally, P2 implicated that changing the culture is more challenging for companies 

which have existed for a long time compared to newer companies, which have built their 

business models on data and are more technology oriented. “Innovative, smaller, newly 

created companies are handling this change much better. It is already in their DNA from 

the start”. P2 gave examples of UBER, Airbnb, Spotify and Klarna as such successful 

companies while “traditional companies have a long way to go”. Similarly, P3 believed 

organizational culture was a huge part of the implementation of BDA, namely indicating 

that it might be the most important part to focus on. Moreover, P3 explained that larger 

traditional companies are struggling with this more than newly created ones. “Those have 

usually had a data-driven culture from start”. He explained that the fintech industry is a 

good example, in which all companies are data-driven and supporting a more agile and 

“trial and error” culture, which is needed in harnessing maximum value from BDA. 

 

Accordingly, P4 emphasized the importance of making the culture proactive of BDA. 

Some sectors were said to be in the leading edge when it comes to BDA. “The companies 

who belong to the IoT segment are very receptive since it is about survival. Many 

companies move from selling products to selling services based on data. It is a 

requirement to mature in this and find new business opportunities. Data can also be sold 

to generate money”. On the contrary, P5 had not experienced organizational culture as a 

hinder. “Our customers are already prepared to utilize BDA. The importance for us is to 

teach them more about how to utilize tools, therefore it is not much changes needed in 

the company as a whole. It is the knowledge that is the major change”. 

 

Moreover, P6 explained that the culture in the organizations need to change and that this 

is a challenge for companies. Specifically, he implied it involves hierarchical changes as 

the hierarchical structures should be eliminated since the culture should encourage 

openness. “This might create a feeling of chaos, but it creates opportunities for freedom 

and to create fun things”. Furthermore, he explained that large traditional companies are 

not as adjusted for modern businesses and are having more troubles with this. 

Additionally, daring to fail sometimes was perceived as crucial according to P6. 
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“Businesses who want to change, need to start over in a sense. Modern companies should 

work more towards encouragement, trial and experiments than traditional companies 

do”. Organizational culture is also argued to be an important factor and that the view 

about transformation has changed. “Now, the challenge is not that much about why we 

need it anymore, but rather about when do we need it? And how? How can we get benefits 

from it?”. Similarly, P7 stated that culture is connected to the change management and 

that companies need to focus on the people side, making sure employees have the ability, 

desire and knowledge matching this required change.  

5.2.3 Talent management 

P1 explained that statistical, mathematical and economical skills and knowledge are 

needed when working with BDA. Specifically, data scientists and data analysts are 

needed to build algorithms and the capability to monitor the data from collection to the 

decision is required. “A mix of mathematical and technical competences is needed. This 

can be seen when looking at graduates, they are more likely to have this competence with 

them than older generations who grew up before this era”. On the one hand, P1 believed 

it is relatively easy hiring people with this knowledge as the field of BDA is not that 

developed yet in Sweden. On the other hand, P1 experienced that it is somewhat difficult 

retaining the employees with this competence today, as some companies seem to be more 

attractive to work for, like Tesla and Spotify. 

 

Moreover, P2 explained that talent management was one of the major challenges faced. 

“Organizations have people who have been working for a long time with a certain 

competence profile, it is not like they can become data scientists over one night”. 

Additionally, P2 believed various positions and competences are needed in order to 

harness the value from BDA. For example, data engineers, data scientists and front-end 

people who make sure the outcomes are understood. P2 also argued that business 

competences are crucial: “As there is usually the business units which are exploiting the 

information, it is seldom beneficial for the IT division to build things on their own. It is 

always the business oriented units which creates the requirements for what is needed and 

identifies where the potential exists”. The input from people who will become the users 

of the systems were also suggested as important. 
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The challenge that P3 perceived as the major one, is regarding talent management as it is 

rarely possessed in the company and relatively difficult to recruit. Additionally, P3 

explained that it has to do with the maturity of the job market and that this creates 

competition for employees. “It is a junior job market. Senior competence in this is 

relatively nonexistent. Because of how the market looks like, head hunting for this 

competence is very usual. In turn, this pushes up the salaries. To keep the competence 

within the company, they need to offer good salaries, but it also has to do with the soft 

values and opportunities for development”. P3 specifically described data scientist as an 

important position for organizations to succeed in their BDA initiatives. Additionally, P3 

mentioned that the skills of communicating the outcomes to the business and stakeholders 

in an understandable way are crucial. 

 

Furthermore, competence in BDA is scarce in today’s labor market and there is mostly 

technical knowledge which is needed according to P4. Moreover, people who can 

implement cloud solutions and programming skills are examples of the skills P4 said were 

needed. Furthermore, P5 explained that the competences which are needed for 

implementing BDA and utilize it for decision-making can be taught within the company 

or bought from IT-consultancy firms, but few companies have it. Namely, P5 stated: 

“There are many roles that are needed, digital strategist, digital marketer, SEO optimist 

and so on. It requires a mix of business roles and technical roles, but there are not really 

purely business roles or vice versa. Leaders are not as likely to possess this knowledge, 

but they need to understand what knowledge is needed”. 

 

Moreover, P6 argued that talent management was a challenge as there is a shortage in the 

knowledge and skills needed for data modelling and building algorithms, especially a lack 

of data scientists. Apart from data scientists, P6 argued that data engineers who can ensure 

quality in the data, and competent people who can create an understanding of data, usually 

referred to as data literacy, are needed. Furthermore, P6 explained: “Data literacy means 

that employees should be able to learn to understand and analyze large amount of data 

to create value”. Additionally, P6 stated that data literacy concerns managers, since for 

them to make decisions, the outcomes from BDA must be visualized with the help of BI 

tools so that decision makers and regular users understand it, and why it is valuable. 

Furthermore, P7 stated that both IT and business skills and knowledge are needed to 
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succeed in adopting BDA. Data scientists and business analysts were indicated to be 

positions needed in this, and that all of them need to collaborate with their leaders. 

5.2.4 Technology management 

According to P1, technological tools are perceived as crucial in adopting BDA. He 

explained that even though many new tools are continuously developed to handle BDA 

today, it is still complicated. It was explained that the different formats and sources, as 

well as the speed of data, makes it difficult to reach data quality. P1 further explained the 

possibility to utilize the cloud today has facilitated the utilization of BD, due to the 

scalability and possibilities to do more complicated calculations. Moreover, P2 stated that 

technological tools for managing BDA are continuously developed and that companies 

need to change from traditional tools in order to succeed in their adoption of BDA and 

harnessing the benefits from it. Namely, P2 stated: “It is possible to update old legacy 

systems, however, it is very costly. Consequently, most companies are implementing or 

planning on implementing new systems. Nowadays, cloud based systems are popular”. 

 

Furthermore, P3 acknowledged that the technological aspect of adopting BDA is 

challenging for companies as they have to change their past ways of working. He further 

explained that traditional tools need to be substituted for newer tools such as Python, R, 

Qlik sense and Tableau. Moreover, he emphasized that these tools make it easier for 

employees to make better decisions. Similarly, the technology management was 

mentioned as one of the major challenges by P4. “Companies are forced to adopt cloud 

solutions. Traditional infrastructures and tools are not capable of handling big data. They 

need to implement new technologies and solutions, and often, companies are not capable 

of this”. 

 

Additionally, P5 explained that there are new technical tools developed frequently and 

that they are generally hired as additional workforce for their crucial knowledge regarding 

tools required to manage BDA. Similarly, P6 explained that the technology needs to be 

updated to be able to work with BDA, and that CF is one of those companies which are 

helping companies with the latest technologies. “We are one of the companies which have 

realized the strong combination of AI and BI. For example, machine learning can be 

applied to analyze unstructured text, and the outcomes can then be visualized by utilizing 
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BI tools. Then you don’t have to be a data scientist to understand the results, but an 

assistant or whomever could interpret it”. Moreover, cloud solutions were explained to 

be the “way to go” to succeed with BDA initiatives. 

 

Furthermore, P7 explained that the technology management could be a challenge as most 

companies are not able to initiate their adoption since they do not have the platform 

needed to provide them with streamlined data. “They should be able to have structured, 

unstructured and semi-structured data”. Moreover, P7 said that the tools which 

companies are utilizing differ, but it is important to stay up to date about the latest 

technologies. He gave an example of what is popular now and what CG are focusing on: 

“Having a platform which supports the real time analysis of data coming from the 

different sources like IoT is valuable”. Additionally, P7 explained that machine learning 

is regarded as the latest technology which can contribute value to companies since BDA 

is not only about analyzing the data, but also about automating it. “You can make 

machines learn by themselves and remove the need of human interference”. Similarly, P7 

stressed the benefits of utilizing BDA to make automated decisions: “If you automate 

processes, less time from employees has to be spent on certain processes and they can 

spend their time on other things and contribute to more value for the business”. 

5.2.5 Other challenges 

The biggest challenge which P1 perceived companies are facing in adopting BDA was to 

make sure that the data has the right quality. Additionally, P1 emphasized: “One need to 

be open to data and the complexity it entails, one must trust what the data is showing 

you”. Thereafter, P1 explained that employees tend to overrule the decisions based on 

data sometimes, and not accepting the outcomes of BDA. P2 also stated that 

implementing something, is not automatically generating the value which one might 

expect from the beginning and continued with this statement: “Sometimes, a challenge 

can be that the business side and IT side of the company do not work in complete 

alignment”. Moreover, P2 explained an issue of owning much customer data due to the 

strict regulations with General Data Protection Regulation (GDPR), which makes 

companies delimited when it comes to how they can utilize their customer data. 
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Furthermore, the first challenge P3 mentioned was about starting the BDA initiative “too 

big” and perceive it as a data issue instead of a business issue originally. “Instead of 

determine the business value it should create from the start, one start to look at the data 

quality, which is also a challenge”. Moreover, P3 indicated that he perceived data quality 

as a challenge which many companies are facing. According to P5, the major hinder for 

companies who wants to adopt BDA is the fact that they are not working with BDA daily, 

indicating that CE is there to help those companies. Another major challenge mentioned 

by P5 was regarding resources, namely that businesses only have a certain amount of 

money to invest and of course want to spend them well. Additionally, old habits of making 

decisions were mentioned as a challenge by P5. 

 

On the contrary, P6 stressed that data availability and transparency could be challenges 

faced by many companies. Specifically, he explained that data is siloed in various systems 

today and continued:“If data from these different divisions can be reached on a higher 

level at the company, smart and cool things can be created. It is the overall picture that 

should be accessible”. Moreover, P6 indicated that there is a common problem for 

companies in choosing the right use cases for conducting AI pilot projects, without a clear 

goal of making it work in reality and hence few of them are put in production. 

Additionally, P6 mentioned: “To move from pilot to production is a major challenge”. 

 

Another challenge mentioned by P7 was regarding use cases and return on investment 

(ROI). Specifically, he explained that the ROI needs to be justified by the use case, but 

that the use cases and strategies are not always clear. He meant that it is also a problem 

of BDA initiatives being justified only from the IT side of the company. Furthermore, P7 

meant that the challenges faced depend on the maturity level of the company, different 

challenges are faced depending on where the companies are on the journey. P7 also stated 

that the alignment between IT and business might be lacking in companies, since they are 

mostly focusing on the IT side. 

5.3 Big data decision-making capabilities 

5.3.1 Knowledge exchange 

P1 explained that different areas of the company are exchanging knowledge but that it 

depends on the positions and divisions. “Sometimes, some divisions of the company want 
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to have their own data or at least look at it in different ways”. Moreover, P2 stressed the 

problematic situation which can arise if companies are not exchanging knowledge among 

the divisions. Additionally, he explained that it is common that the divisions are working 

in silos and building their own solutions, resulting in different views of reality. On the 

other hand, P2 explained that some synchronized functions in companies might exist, but 

companies are struggling with it. Additionally, P3 argued that it would be optimal if 

information about BD is transferred among different divisions in companies. P3 also 

stated that employees should have a mutual focus towards the strategy of the company, 

and that everyone should know how to communicate it within the organization. However, 

P3 also said that this is not always the case, as a siloed way of working might be present. 

“In those situations, it is important that the analyses reaches the actual business 

decisions”. 

 

Furthermore, P4 explained: “when silos are connected, when knowledge is exchanged 

between them, that’s when you can reach the really good insights”. He also stated that 

people sometimes consider their data as top-secret and do not want to give others access 

to it. Moreover, P6 explained that companies need to make the data more available for 

everyone, exchange knowledge throughout the company, in order to make better 

decisions. P6 also stated that IT and the business divisions need to exchange knowledge. 

Additionally, P7 indicated that knowledge exchange is affected by different levels of 

maturity, as companies have worked in silos for the past decades. P7 also stated that the 

better the knowledge exchange the better decisions can be made, since more information 

can be compared and combined.  

5.3.2 Collaboration 

P1 said that the degree of collaboration depends on what kind of decision it is. 

Nevertheless, collaboration was explained to be needed among the different positions 

usually, to reach a decision based on data, and some data from one decision might be 

useful to share with others. Similarly, P2 explained that the siloed way in which 

companies tend to work in, is affecting the degree of collaboration negatively. 

Accordingly, P3 stated that companies’ divisions are sometimes working in siloes, but 

collaboration between them is needed in order to harness the maximum benefit from 

BDA. Additionally, P4 highlighted that it is crucial to collaborate, but that regulations 
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like GDPR are hindering companies to share knowledge as they want. Furthermore, P4 

stated: “It is important that there is collaboration between the people knowing the 

business side of the organization and the people with more technical expertise in BDA 

solutions, to generate good insights”. 

 

According to P5, the smaller the company, the easier the collaboration and knowledge 

exchange are managed, which makes the decision-making more effective. Similarly, P6 

stated that collaboration among different divisions and people in companies are needed 

in order to reach the best insights. Additionally, P6 indicated that machine learning 

requires data from various sources and knowledge from various divisions, which implies 

better collaboration is built. Furthermore, P7 explained that the collaboration in 

companies are hindered if companies continue working in silos, and that it is a maturity 

issue. P7 also said that having collaboration between the divisions, implies gaining more 

value from BDA, as different views and insights are connected. 

5.3.3 Process integration 

P1 believed integrating processes can increase the value of the data as decision-making 

can be automated. P1 also argued that most decisions are made manually today, but 

decision-making is becoming more automatized as: “It is more convenient and faster to 

make decisions then”. Moreover, P2 stated that integrating the processes of the big data 

chain is something companies are striving for, however, most are not succeeding with it 

today. Furthermore, P2 explained that this implies huge investments, but that operational 

decisions are better to automate (integrate processes in) while decisions regarding 

business strategies might not be valuable to automate. According to P3, integrating the 

processes involved in the big data chain is perceived as the process of making automated 

decisions. Additionally, P3 explained that not all decisions are suitable to automate and 

that most companies do not know how. Specifically, P3 said that some decisions are 

always changing and need ad-hoc analyses and the collection, preparation, analysis and 

decision-making are rather managed manually. Moreover, P4 stated he wanted to separate 

the processes of the big data chain, namely the collection of data, as he believed it can 

occur in many different ways from various sources such as CRM systems, HR systems 

and sensors. Furthermore, P4 indicated that this implies it is important that the various 

formats can be combined and analysed to reach insights. 
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P5 pointed out their iterative procedure of working with the big data chain and that the 

processes are integrated, but that the collection of data is repeated if necessary. 

Additionally, P6 stated that the processes of the big data chain (collection, processing, 

analysis and decision-making) should be integrated to reach the best solutions and 

generate value from their decisions, which is contributing to the ability of making real-

time decisions. Moreover, P6 explained that real-time decisions are made when 

algorithms make automated decisions without human interference, which are then faster. 

According to P7, the maturity level of integrating the processes involved in the big data 

chain, differed among companies: “When succeeding to integrate the processes, you 

automate the process of decision-making. This contribute to more time saved for other 

things, quicker decisions and hence better decision-making quality”. 

5.3.4 Routinization 

According to P1 routinizing the big data chain is the same as automating the decision-

making. P1 continued his statement by highlighting the benefits of automated decision-

making: “This is usually made faster than you would have done it yourself, and with less 

errors than if you would have done it manually”. Moreover, P2 claimed it is difficult for 

companies to routinize their activities but that all steps in the big data chain must exist in 

order to harness value. Additionally, P2 said that most companies have a process for how 

these steps should be managed. However, he would not call it a routine, and emphasized 

that there is a long way to go before this could be implemented. On the contrary, P3 said 

that the big data chain should be a routine: “If the company we are helping is following 

best practice, there is always a business routine for BDA”. Accordingly, P4 explained 

that there are usually routines for processing of data and how to analyse it. 

 

Similarly, P5 explained that they follow a routine, but that: “It is not standards that cannot 

be deviated from, but rather a guide that can be adjusted”. Moreover, P6 explained that 

the big data chain processes are perceived as steps that are taken to reach decisions based 

on BDA. Similarly, P7 stated that the routine for the big data chain depends on what 

business processes that are utilizing the data: “It is different case by case. In other 

words, depending on what business process is using data, the routine of the activities 

looks different”.   
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5.3.5 Flexible infrastructure 

P1 argued that automated decisions require a flexible infrastructure. Accordingly, P2 said 

that flexible cloud platforms are the most suitable infrastructures for managing BDA. 

Namely, he also stated that the old source systems make it difficult to analyze the data, 

as the data is spread among different systems and not structured. Moreover, P2 claimed 

that companies should bring all data together in a data lake in order to create a 360 degrees 

view, which makes it possible to process, clean, and analyze the data to make decisions. 

Furthermore, P3 stated that the infrastructure has to be changed and that the traditional 

infrastructures are different from the ones needed to manage BDA. Similarly, P4 

discussed the changes that have to be made in the infrastructure to manage BDA: 

“Companies are changing from on-premise to cloud solutions. This has also affected the 

price setting, as cloud solutions often are based on pay-per-use, implicating paying for 

the storage capacity needed. It is cloud first, that’s it! Companies need to move away 

from old technology and legacy systems”. 

 

On the contrary, P5 explained that most companies they are helping have already adopted 

the tool, Google analytics, which they will assist them with while data management 

infrastructure is not. Moreover, P6 said that other types of infrastructure and various 

technological tools are required to make better decisions based on BDA: “BD puts more 

requirements on the platform. You need to save everything, process the data fast, and it 

should be relatively cheap to generate insights from it. It is not only what happened 

yesterday that is interesting, but also about what is happening tomorrow. Cloud is needed 

to make this possible”. Lastly, P7 claimed cloud infrastructures are needed, as those can 

scale up and down and support all kinds of data. Specifically, he explained that this is 

crucial in order to enable data scientists, or other users, to make decisions based on all the 

data. 

5.3.6 Quality of big data source 

P1 explained that data can be both bought and collected. However, he explained that: 

“The quality of the data you buy varies, for example the resolution of it differs. This might 

limit the usage of it”. Another point P1 made regarding big data sources was that valuable 

data might not always be possible to obtain, explaining that: ”This is usually the case of 

personal data, which is not willingly shared, for many different reasons”. Moreover, P2 
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had experienced that most companies own their data and are not buying BD from 

providers. He stated that companies’ strategic goal is to collect their own data as it should 

be perceived as a valuable asset, which makes data expensive to buy from others. 

Furthermore, P2 explained that companies process and clean their data to makes sure it is 

accurate and that the formats of the data are matching each other. Additionally, P3 argued 

that companies are both buying and collecting their data from various sources, and it is a 

necessity for providers to sell quality data as it is their product. Moreover, P3 explained 

that companies should collect their own data if they can, but that there are circumstances 

when it is of value to buy data. “Big data providers might collaborate with parties owning 

data which is not public”. According to P3, for analysts to succeed with their analyses, it 

is important that the data with the right quality exists. 

 

Furthermore, P4 described buying data from big data providers as a maturity issue, as 

companies usually start by collecting their own data as they can control the quality and 

move on to buying data, when they have been in the market for a time. Moreover, P5 had 

never experienced any of their customers buying data from a big data provider. On the 

contrary, P6 explained that the data is both bought and collected by CF’s customers, 

depending on what kind of analyses the company wants to conduct. “If companies would 

like to work with predictive maintenance, only your own data matters. For customer 

analyses, it might be interesting to buy data from a provider”. Moreover, P6 said it should 

not be difficult to obtain quality data from providers as they can give it in various formats 

and as it is paid for, even though it might be expensive. According to P7, big data 

providers are not a new concept and determining quality of the data being sold is 

subjective. Additionally, P7 meant that buying data from a provider results in benefits. 

5.3.7 Decision maker quality 

P1 argued that the quality of decision makers depends on if the person making the 

decisions have enough knowledge to do so and that the people who make the decisions 

are not always the same as the people who interpret the outcomes of BDA. P1 further 

stated: “Often, the decision maker can interpret the outcomes of BDA, however, to 

generate the outcomes from data usually requires more technical competence”. 

According to P2, decision maker quality is crucial, as nearly every person in a company 

makes decisions. He said it is difficult for some people to understand the data driven-
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decisions, as data in itself is complicated, no matter if it is small or BD. Moreover, P2 

explained that the data needs to be simplified and “easy to use” tools created to visualize 

insights, called prescriptive tools, which are expensive. Additionally, P3 explained that 

various people are making the decisions in the company and that communication between 

various people is usually happening in order to make a decision. P3 also stated that in the 

best scenarios, decision makers can interpret the outcomes on their own. 

 

Furthermore, P4 believed that the people making decisions in companies are usually the 

specialists in those areas, and the leaders are seldom capable of making the decisions 

without some guidance from the people implementing BDA. Moreover, P4 also 

concluded that it would be faster and better if everyone in a company could interpret the 

outcomes of BDA. However, he believed that employees generally do not have enough 

knowledge and tools to make decisions based on BDA on their own. Additionally, P5 

explained that there are situations in which employees are capable of making decisions 

on their own by interpreting the data, but generally assistance and collaboration are 

needed. P5 also stated that visual presentations of key insights are needed to make it 

possible for everyone in a company to make decisions. 

 

Moreover, P6 stated that the BI tools makes it possible for principally anyone to make 

decisions based on BDA outcomes. However, P6 claimed that it is beneficial if the 

decision maker has some kind of competence in the area he/she is in charge of. 

Specifically, P6 declared: “The people who have been insecure in making decisions 

before, are usually becoming more secure in doing so when having data to support them. 

It is also possible to make people who didn’t see the benefits in analyzing data before, to 

change their mind because they can better understand how it helps them and how fun it 

is”.  Furthermore, P7 explained that it would be beneficial if most people in a company 

could interpret and understand the outcomes of BDA, but it is still a limited group who 

understands it. 

5.4 Decision-making quality 

5.4.1 Definition of decision-making quality 

P1 believed decision-making quality is about being satisfied with the result and that data 

and computers are helping people to make better and faster decisions. Moreover, P1 
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argued that decisions might be less costly when based on data when letting algorithms do 

the work. Moreover, he emphasized the value of machine-learning in making quality 

decisions. According to P2, the quality of the decisions depends on what the result is and 

if it is in line with the goal or better than the goal. Additionally, P3 explained that the 

quality of decision-making can be defined as the accuracy of the result in the decisions. 

On the contrary, P4 emphasized that the quality of decision-making is dependent on data 

quality, since this affects the insights generated. Moreover, P5 stated that decision-

making quality is reached if the decisions made help the company to reach its goals. 

Similarly, P6 believed that a decision is of good quality if it is accurate and that it is 

mostly dependent on data quality. Furthermore, P7 argued that decision-making quality 

mainly depends on data quality. Specifically, what kind of data that is captured, processed 

and if it is reliable. 

5.4.2 Companies’ understanding of improved quality in decision-making 

P1 perceived that their customers are reaching faster decisions by utilizing BDA, but if 

the quality of them are better, is not always established. On the contrary, P2 stated that 

most companies understand that they are increasing their quality of their decisions when 

receiving CB’s services in their BDA initiatives. P2 also explained that when they are 

helping customers to make automated decisions, customers can see the improvement right 

away, in the form of faster decisions. P2 continued his statement: “Or more old school, 

we can make reports and measure things to show our customers”. Additionally, P3 

claimed that companies can only realize the value from BDA when they feel confident 

and comfortable in making decisions based on data. 

 

Moreover, P4 explained they put effort in making sure that their customers understand 

what value BDA can create for them and how they can reach decision-making quality 

from the adoption. Specifically, P4 explained they start by making small projects and 

work in an agile way with the most important parts first, building the so called “minimal 

viable product”. Furthermore, P4 stated that this implies cheap investments and that a 

cloud environment can be built to make it possible for customers to get a sense of how it 

will turn out, which also makes it easier to develop the solution. Finally, P4 indicated that 

it is obvious that people are satisfied since they always come back for more. 

 



 

 59 

Moreover, P5 stated that the split testing help in demonstrating that companies succeed 

in reaching quality in their decision-making as they are generating measures from it. 

According to P6, the customers to CF generally understand that their decision-making 

quality improves by adopting BDA, as they understand the benefits and want to continue 

working with it. “However, they need to have come far enough to have the budget to 

continue with the initiative after a pilot project”. Additionally, P7 explained that 

simulations are applied, which help companies to realize the value from BDA and 

improvement in performance. “This let users in the company utilize the application before 

it is fully implemented. You do the simulation to see if the data captured and insights are 

of good quality. We usually talk about POC, proof-of-concept”. P7 further explained: 

”They need to trust this, as an operative human being, we want to see what the outcome 

is of it. We like to see what we predicted, planned and analyzed are the right”. 

5.4.3 Actions for improving decision-making quality 

P1 stated companies could increase the quality of  decision-making by collecting detailed 

data from more sources. Moreover, P2’s best suggestion for improving their quality in 

their decision-making is to take a step in the right direction, towards data-driven decision-

making: “Companies must start with the processes in the big data chain”. Specifically, 

P2 meant that companies which have already succeeded in reaching that step, should 

move on to the next step, predict future events, or even further and build self-learning 

models (machine learning) and make automated decisions as this is showed to increase 

the quality. Additionally, P3 stated that in order to overcome the challenges mentioned 

and to foster the capabilities needed, he believed culture is the first step in working 

towards decision-making quality. P3 ended the interview by emphasizing that a mix of 

intuition and data is the most successful decisions. Moreover, P4 believed data quality 

and the understanding of the companies data are important factors for increasing decision-

making quality. 

 

Furthermore, P5 established that companies should put more energy, resources and 

money on their BDA initiatives in order to succeed in improving their quality of decisions. 

Moreover, the purpose of collecting data should be understood across the company, which 

contributes to a better focus on the data and collect data with good quality. Additionally, 

P5 stated that decision-making quality is improved if decisions are based on data and that 
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companies must have clear goals for what they would like to accomplish. “It is important 

to acknowledge that data in a vacuum is valueless, it is what you could do with it that is 

of importance”. 

 

Moreover, P6 explained that the data scientists have an important role in ensuring good 

quality in decision-making, as they need to be critical when building the machine learning 

models and be able to validate them. Furthermore, P6 had other suggestions for increasing 

the quality in BD decision-making were: “Start by making sure that the data is available. 

Identify use cases which are adding value to the company, and prioritize the ones that 

gives best buy according to management. And start working with cultural change, 

including communication and transparency”. Additionally, P7 had three suggestions for 

improving decision-making quality. First, having a strategy and use case in place for why 

they need BDA. Secondly, having the right people with right skills and desire. Thirdly, 

the need for companies to invest in a flexible infrastructure in order to meet the demand. 

Particularly, P7 referred to this as focusing on the business side, platform side and people 

side, to increase the quality. 
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6 Analysis 

This chapter starts by a deductive analysis of the interviews based on the theoretical 

framework to establish indicators for each of the categories and subcategories. 

Thereafter, the interviews were inductively analysed to identify further challenges and 

opportunities of adopting big data analytics in decision-making. Moreover, secondary 

data is referred to in the analysis.  

6.1 Deductive analysis 

Big data management challenges and big data decision-making capabilities recognized 

from the empirical findings have been discussed based on Shamim et al.’s (2018) 

theoretical framework. Moreover, opinions and perspectives regarding decision-making 

quality from the data collection have been analyzed based on secondary data.  

6.1.1 Big data management challenges 

According to McAfee and Brynjolfsson (2012), the maximum benefits from BD cannot 

be harnessed until the organization overcome the related managerial challenges. The 

major managerial challenges are argued to be leadership focus, talent management, 

technology management and company culture (McAfee & Brynjolfsson, 2012; Shamim 

et al.). This was in alignment with the findings from the interviews. All participants, 

except P2 and P5, indicated that these challenges are commonly faced by companies 

adopting BDA in decision-making. P5 had not experienced cultural and leadership focus 

challenges. However, P5 said he had not experienced it due to their customers’ positive 

attitude. Similarly, P2 also explained their customers had a positive attitude towards it. 

Moreover, the fact that cultural challenges in P5’s company had not been experienced 

could be explained by their customers already being prepared to utilize BDA. 

Additionally, P5’s customers rather had problems with how the technological tools 

worked. 

6.1.1.1 Leadership focus 

All participants, apart from P2 and P5, indicated that the leadership focus was one of the 

major challenges. P1 argued that many leaders in Sweden are still applying the old way 

of making decisions, basing them on intuition and experience. This is in accordance with 
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Accenture’s (2013) report, indicating that intuition and personal experience are the most 

common factors used in decision making. Additionally, this is in alignment with the 

description of the HiPPO phenomenon demonstrated by McAfee and Brynjolfsson (2012) 

and Anderson (2015). However, it is contradicting Shamim et al.’s (2018) statement about 

that leaders should be role models and utilize big data decision-making in order to 

successfully adopt BDA.  

P3 argued that it is important for leaders to treat their employees in a good way and focus 

on soft values and training. This could be perceived as leaders devoting time and 

resources to their employees’ development of capabilities (Bingham et al., 2007). 

Additionally, it can be argued that it would contribute to a favorable climate (Sarros et 

al., 2008). Similarly to McAfee and Brynjolfsson (2012) statement about leaders being 

the starting point of the change and that they set the vision, P4 stated that leaders need to 

be positive since they are the ones controlling and affecting the organizational culture. 

Accordingly, P6 argued that leaders cannot just pay people to make it happen, but that 

they are the ones leading the change, and be ready to make cultural and leader style 

changes. Shamim et al. (2017) support this statement, as they argued that leaders are more 

likely to reach their goals if they are able to change their leadership style in alignment 

with the environmental change. Specifically, P6 argued that leaders must allow for more 

trial and experimentation in their organizational cultures. P7 stated that leaders need to 

look at the change management BDA adoption implicates in a strategic manner, which is 

corresponding to that leaders need to have clear visions (Shamim et al., 2018). 

Consequently,  as the leadership is in control of the change which the adoption of BDA 

implies, this challenge is important to address in order to develop and enhance big data 

decision-making capabilities. Specifically, if the leadership is not positive towards this 

change and rather rely on the HiPPO approach, no resources are devoted to the 

reconfiguration and development of the needed capabilities to reach decision-making 

quality. In other words, this indicates that the leadership challenge can influence all big 

data decision-making capabilities described in previous literature and the conceptual 

framework. 
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6.1.1.2 Organizational culture 

Organizational culture was argued to be a major challenge by all participants except P5. 

P3 even argued that this is the largest challenge, which is corresponding to Shamim et 

al.’s (2018) article demonstrating that organizational culture has the strongest relationship 

with big data decision-making capabilities. P7 implied that the cultural challenge is about 

change management, and that companies need to understand it has to happen now. This 

is in accordance with Schoemaker et al.’s (2018) study which indicated that a strong 

change-oriented culture is needed to reconfigure the processes to successfully harness the 

opportunities emerging from BD. P6 meant that modern companies are better at 

encouraging openness in their culture, which can contribute to more freedom and 

creativity, and in turn this fosters the ability to change and find new opportunities. This 

corresponds to Kavanagh and Ashkanasy (2006) opinion about contributing to an 

innovative working environment. P4 who explained that companies which have a culture 

that strongly supports BDA, are successful in making better decisions and find new 

opportunities. Moreover, P1 stated that it is easier for companies who have been data-

driven from start, as the culture of making decisions based on data is already present. 

Similarly, P2 indicated that organizations which are building their business models on 

data, incorporating it in their DNA, are more likely to have a culture supporting BDA 

initiatives. 

Consequently, as the cultural challenge is strongly associated with change management 

and the leadership is in charge of leading this change, also this challenge is affecting all 

big data decision-making capabilities. Specifically, a data-driven culture is required in 

order to make employees positive towards the adoption and development of capabilities. 

If employees are not willing to invest time and effort in exchanging knowledge and 

collaboration for example, this would hinder the adoption. Particularly, this applies for 

all of the capabilities as the employees need to have the desire to change, which is fostered 

by the organizational culture. Moreover, if the culture is following the traditional 

approach (HiPPO approach), it can be understood that employees would rarely put time 

and effort in developing capabilities which they would not be encouraged to. Therefore, 

it is demonstrated that the organizational culture challenge is related to all of the big data 

decision-making capabilities. 
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6.1.1.3 Talent management 

All interviewees specified that the right knowledge, skills and competences are needed in 

order to adopt BDA in decision-making. According to the majority of the interviewees 

(P2, P3, P5 and P7) the competence challenge is the absolute major one. It is obvious that 

the participants believed companies have to reconsider their HR requirements as also 

suggested by De Mauro et al. (2018). The findings seem to be in accordance with 

Davenport and Patil’s (2012) statement about the data scientist being the “sexist job of 

the 21st century”, as most interviewees (P1, P2, P3, P6 and P7) mentioned this role as a 

crucial one in order to adopt BDA initiatives successfully. However, companies seem to 

be aware of the importance of other roles as well, as De Mauro et al. (2018) suggests. 

Namely, all companies are indicating that a mix of business and technical knowledge is 

needed. Moreover, the need for various types of knowledge and positions could be 

confirmed by the different roles mentioned as crucial in BDA initiatives. For example, 

positions like data engineers, data analysts and digital strategist. 

In conformity with previous literature (McAfee & Brynjolfsson, 2012), the newer 

generations were claimed to be in possession of the required skills. Specifically, P1 

argued that graduates usually possess these skills, P2 explained the challenge of not being 

able to teach seniors to become data scientist over one night and P3 stated that millennials 

are the ones companies should aim for. The shortage of talent in this field observed by 

other researchers (Tambe, 2014; Von Essen, 2017), was also indicated from the empirical 

findings. For example, P1 argued that it is difficult retaining this competence as there is 

competition when the talent is limited and P3 mentioned that head hunting is usual 

because of the shortage which pushes up salaries. 

As talent management is responsible for hiring and training people in the organization, it 

is important that they focus on the required skills, which contributes to the development 

of big data decision-making capabilities. Accordingly, as it is indicated that the 

combination of business and technical roles and skills are required in the utilization and 

adoption of BDA, this illustrates the importance of the capabilities knowledge exchange 

and collaboration among employees. Specifically, the talent management need to focus 

on hiring employees which are positive towards sharing knowledge of BDA and 

collaborate in reaching data-driven decisions. Moreover, the empirical findings 
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demonstrated the need of having both business skills and technical skills to improve 

decision maker quality. Furthermore, in order to enhance process integration, 

routinization, flexible infrastructure and big data source quality, the appropriate technical 

roles and skills need to be hired or trained. Consequently, the talent management 

challenge is affecting the development and enhancement of all big data decision-making 

capabilities. 

6.1.1.4 Technology management 

According to Shamim et al. (2018) cutting edge technology is important in order to 

effectively adopting BDA in decision-making. Similarly, all participant indicated that 

moving from old traditional technologies to newly developed ones, and continuously 

update as new better technologies emerge, was crucial. Technical tools from the empirical 

findings are Python, Qlik sense, R, Hadoop, Tableau and Google analytics. Moreover, all 

participants except P5 mentioned implementing cloud computing as a requirement for 

managing BDA as effective as possible. This is in accordance with Chen and Zhang’s 

(2014) findings regarding companies’ need of larger storage and higher speed to collect, 

store and access data. Understandably, P5 stated that he did not know about their 

customers transformations regarding infrastructure, as his company is not part of such 

changes. 

Moreover, the importance of staying updated about new technologies can be associated 

to the enhancement of big data decision-making capabilities. Specifically, adopting 

effective technologies for exchanging knowledge between departments and collaboration 

among employees can be improved. In other words, it is indicated that organizations’ 

technology management should prioritize moving from old technologies to cutting edge 

technologies. Similarly, without the appropriate technologies, developing the capabilities 

of process integration and routinization would not be possible. Furthermore, cloud 

computing is described as a requirement for companies in order to adapt to a flexible 

infrastructure. Regarding big data source quality, which is about maintaining quality in 

their data, technologies are commonly utilized to enhance the data quality. Finally, 

empirical findings indicated that for example BI technologies are used to visualize 

outcomes from BDA to assist decision makers, contributing to increased decision maker 
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quality. Consequently, technology management can affect the development and 

reconfiguration of all big data decision-making capabilities. 

6.1.2 Big data decision-making capabilities 

6.1.2.1 Knowledge exchange/Collaboration 

The findings from the empirical data clearly shows how knowledge exchange and 

collaboration goes hand in hand. As collaboration was referred to continuously during the 

interviews when discussing knowledge exchange, the author chose to discuss them as one 

category. According to Janssen et al. (2017) and Shamim et al. (2018), knowledge 

exchange can facilitate the use of BDA and generation of insights for decision-making. 

Janssen et al. (2017) state that it is beneficial if organizations are not working in silos, but 

rather collaborate with various departments to create a flow of the activities and value. 

 

All participants showed signs of having encountered problems with divisions working in 

silos. For example, P4 explained some peoples’ reluctance in sharing knowledge with 

others since they perceive their information as top-secret. On the contrary, P5 perceived 

the ability to exchange knowledge and collaborate in terms of BDA was easier in terms 

of smaller companies. Namely, he had encountered effective knowledge sharing and 

collaboration in smaller firms. Moreover, P4 indicated that GDPR was hindering the 

collaboration and knowledge exchange since personal information was not possible to 

share to the extent divisions, employees and big data providers would like to. 

 

However, all participants argued that the ability to exchange knowledge and collaborate 

clearly improves the utilization of BDA in decision-making. Participants also mentioned 

different positions in companies usually had to assist each other to reach insights and 

consequently decisions, which indicate the importance of collaboration and knowledge 

exchange. 

 

Consequently, enhanced knowledge exchange and collaboration can be perceived as 

combining crucial knowledge about how to effectively collect and process appropriate 

data, leading to satisfaction in decision-making. Increased collaboration also contributes 

to a less siloed way of working, which indicates making decision-making more efficient 

as “barriers” are not hindering the process of BDA. Specifically, if silos exists, it can be 
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anticipated that it takes more time to exchange knowledge and collaborate. Moreover, 

more time is often associated with more costs. Therefore, enhanced knowledge exchange 

and collaboration demonstrate increased effectiveness and efficiency in decision-making, 

which can be referred to as improved decision-making quality. 

6.1.2.2 Process integration/routinizing 

According to Janssen et al. (2017), companies can reduce their cost and effort of using 

BDA by their ability to integrate and standardize tasks. It is also essential to routinize and 

standardize the utilization of BD in order to succeed with that. Noticeably, process 

integration and routinizing are related. This was also indicated by the participants who 

continuously discussed the concepts as one. Namely, several participants referred to 

process integration and routinizing activities as the equivalent to automating decisions. 

The value in being able to integrate and routinize the processes and activities of the 

company was realized as generating value from BDA. Specifically, automating decisions 

were explained to result in faster decisions and the possibility of making real-time 

decisions. P1 gave the example of self-driving cars as a popular topic for automated 

decision-making. Moreover, P7 raised that automated decisions imply that employees can 

spend more time on other things, which reduces costs and contribute to business value. 

However, participants stated that most companies have not automated decisions yet, but 

that it is still a journey. 

Consequently, developing the capabilities of process integration and routinization can 

contribute increased effectiveness and efficiency in decision-making. Namely, these 

capabilities are referred to as succeeding in automating decision-making, which implies 

faster decisions with less human interference. In other words, automated decisions 

involve less time and human resources and can be classified as more efficient decision-

making. Additionally, empirical findings indicated that decision-making with human 

interference tend to result in more errors. Therefore, as automated decision-making 

removes human interference, those decisions could be associated with more accuracy and 

satisfaction, referring to increased effectiveness in decision-making. Accordingly, 

developing and enhancing the process integration and routinization could be perceived as 

contributing to increased decision-making quality. 
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6.1.2.3 Flexible infrastructure 

Janssen et al., (2017) state that a flexible infrastructure, facilitates firms’ handling and 

processing of data. This is also supported by the empirical data, as all interviewees except 

P5 emphasized the importance of cloud computing. In other words, cloud is associated 

with the benefit of being able to scale up and down the storage capacity of data. The 

participants stated that this is the way to go for companies if they want to be able to 

succeed with their BDA adoption. P1 also indicated that a flexible infrastructure is needed 

in order to manage automated decision-making, which is in accordance with Janssen et 

al. (2017) study. 

Because the development of a flexible infrastructure implies facilitating the processing 

and handling of data, this could be perceived as making the decision-making less time 

consuming and costly. Reduced time and cost in decision-making is referred to as more 

efficient decisions. Moreover, as a flexible infrastructure is required for managing 

automated decision-making, which is linked to making more effective decisions, this 

capability contributes to increased effectiveness in the decision process. Consequently, a 

flexible infrastructure can provide more effective and efficient decisions, implying 

improved decision-making quality. 

6.1.2.4 Quality of big data source 

It is important that the data provided from big data providers is accurate (quality of big 

data sources), to avoid making wrong decisions, which could be costly (Janssen et al., 

2017). Therefore, it is crucial for companies to be satisfied with the quality of the data 

(Janssen et al., 2017). Majority of the participants were indicating the importance of data 

quality and referred to it as a challenge, which can be associated to this capability and the 

crucialness of ensuring good quality in the data from various sources. 

 

Moreover, all participants indicated that companies are both buying and collecting their 

own data. However, it was argued that it is preferable to collect their own data, as this is 

seen as a key asset. P2 argued that companies mostly collect their own BD, while P3 

implied it was 50/50. P5 was the only participant stating he never hear anyone buying 

data in his field, namely within marketing. P6 argued that companies’ choice of buying 

data depends on what kind of analyses they are going to utilize it for. It was mentioned 

that the data sold by so called big data providers is expensive. Moreover, P3 explained 
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that the quality is good as it is the providers products they are selling, therefore it must 

maintain a certain quality in order to be attractive. Additionally, the resolution and format 

of the data can usually be chosen by the party buying it, which is beneficial. 

Accordingly, big data source quality refers to data quality, which is implying that 

companies should make sure their data is accurate in order to make decisions with 

accuracy. Therefore, improving this capability could be associated with making more 

effective decisions. Moreover, ensuring data quality helps in avoiding incorrect decisions, 

which can be costly for the organization. Additionally, incorrect decision-making would 

imply the organization need to devote more human resources, costs and time to correct 

the faulty decision. Particularly, enhancing this capability tend to indicate less money, 

time and human resources allocated to their decision-making. Consequently, the 

development and improvement of big data source quality can contribute to increased 

effectiveness and efficiency in decision-making, leading to improved decision-making 

quality. 

6.1.2.5 Decision maker quality 

To improve the data-driven decision-making capabilities, decision makers should be able 

to interpret the outcomes of BDA and comprehend their implications. In Janssen et al.’s 

(2018) study, they found that better and faster decisions could be made if the decision 

maker was more experienced and understood the relationship between different variables. 

The empirical findings indicated that it is preferable if all people in companies are able to 

interpret the outcomes of BDA and make decisions based on it. However, that is seldom 

the case. The interviewees indicated that certain knowledge and collaboration between 

various position usually is needed for interpreting BDA and consequently making 

decisions. Nevertheless, P6 stated that BI tools make it possible for almost anyone to 

interpret the outcomes. Similarly, P2, P4, and P5 stated that visual and graphical 

representation of the results generated from BDA could facilitate and support decision-

making. 

As decision maker quality implies faster decisions with better accuracy, this capability 

could be referred to as contributing to more effective and efficient decision-making. 

Namely, less time required for making decisions is related to efficient decisions while 

accuracy in decision-making can be associated to effective decisions. Moreover, due to 
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BI technologies visualizing the outcomes for decision makers, more people are capable 

of making decisions which was argued to increase the decision maker quality. Thereby, 

it can be anticipated that decision makers are less likely to ask colleagues for a second 

opinion. Consequently, that decreases the cost, time and human resources involved in the 

decision-making, which can be referred to as more efficient decisions. In other words, 

developing or improving this capability can contribute to improved efficiency and 

effectiveness in decision-making, demonstrating enhanced decision-making quality. 

6.1.3 Decision-making quality 

Shamim et al. (2018) evaluated decision-making based on its effectiveness and efficiency, 

based on Clark et al.’s (2007) definition. As argued previously, achieving decision-

making quality could be perceived as a proof of successfully utilizing and adopting BD 

for decision-making. Most participants referred to accurateness, cost and time when asked 

to define decision-making quality, which is in accordance with Clark et al. (2007) 

definition based on effectiveness and efficiency. On the one hand, some interviewees 

argued that data-quality is the major factor affecting decision-making, even though they 

had discussed all challenges and capabilities previously. On the other hand, P3 and P6 

believed the cultural transformation should be the first step, in improving decision-

making quality when adopting BDA. The majority of the participants claimed that their 

customers’ understood that the consultants had assisted them to improve their decision-

making. This was indicated by customers returning to the IT-consultancy firms to 

continue and update their initiatives in BDA. Moreover, several participants explained 

that they always started the implementation at a small scale by simulations, pilot projects 

and minimal viable product cases to make sure their customers were satisfied and realized 

the improvement. 

6.2 Inductive analysis 

Primary data from the interviews have also been inductively analysed. Three areas in 

terms of opportunities of adopting BDA and reaching decision-making quality were 

identified, which are presented in section 6.2.1. Specifically, BDA opportunities refer to 

the possibilities that the adoption of BDA implies for decision-making quality, which can 

contribute to value creation for the company. Additionally, three categories of challenges 
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hindering the adoption of BDA to reach decision-making quality emerged, apart from 

those already discussed in the theoretical framework, which are presented in section 6.2.1.  

6.2.1 Possible opportunities of adopting big data analytics in decision-making 

6.2.1.1 Confident decision makers 

As both previous literature and the empirical findings demonstrate that companies are still 

relying on intuition and experience in their decision-making (McAfee & Brynjolfsson, 

2012; Anderson, 2015), it can be considered that businesses are still grounding their 

decisions on System 1 thinking (Stanovich & West, 2000). Empirical results also indicate 

that organizations’ decision-making are still depending on HiPPOs (Highest-Paid 

Person’s Opinion), which is corresponding to previous literature’s findings (McAfee, & 

Brynjolfsson, 2012; Accenture, 2013; Anderson, 2015). The System 1 thinking and the 

HiPPOs approach in making decisions, based on experience and intuition rather than data, 

are considered as less informed decision-making (McAfee & Brynjolfsson, 2012), which 

can then be perceived as decision-making with lower quality.  

 

On the contrary, as argued by the interviewees and previous literature, System 2 thinking 

is generating better decisions (Stanovich & West, 2000), which refers to rational decision-

making guided by a blend of intuition and data (Anderson, 2015; Ransbotham et al., 

2016). As data-driven decision-making is argued to produce more effective results by 

both empirical findings and previous literature (Ransbotham et al., 2016), adopting BDA 

in the organizational decision-making can be considered as improving the quality of 

decisions. 

 

Moreover, participants indicated that employees become more secure in making decisions 

when having access to data, compared to when having to rely on their own experience 

and intuition. Consequently, it can be argued that people are not always trusting their own 

perception when making decisions. Furthermore, as the traditional culture of decision-

making implies decision makers are the people with highest salary and most experience, 

people at other levels of the organizational hierarchy might feel they are not suitable to 

make decisions. Accordingly, McAfee (2010) argued that it takes time for decision 

makers to develop intuition and experience, which makes it difficult to become experts. 

In other words, there are generally few “expert decision makers” in companies, as it takes 
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time to develop those capabilities, and decision makers therefore tend to have less 

informed insights resulting in poor quality decision-making. 

 

Therefore, the adoption of BDA along with suitable tools and techniques for managing it, 

can positively affect decision-making quality. For example, one participant specifically 

argued that the strong combination of AI and BI can contribute to better analyses of BD 

and visualization of the outcomes, which helps practically every employee to confidently 

make decisions. As decision makers feel more confident, it could be argued that less time 

is spent on considering their decisions, less people would be asked for a second opinion 

and consequently the cost of making decisions would be reduced. In other words, BDA 

adoption involves the opportunity of making every employee in the company a decision 

maker, as they can become more confident and informed regarding decision-making. 

Accordingly, less resources (time, money and human resources) can be spent on decision-

making. Thus, contributing to more effective and efficient decision-making, which is 

perceived as making quality decisions (Clark et al., 2007). 

Specifically, confident decision makers in itself might not increase the quality of 

decision-making. However, as people traditionally make decisions based on intuition and 

experience (HiPPO approach), there are generally few people in a company having 

enough experience in decision-making. Namely, people with experience could be 

perceived as confident decision-makers as they have something to base their decisions on 

and to rely on. Similarly, it can be argued that thanks to BDA everyone in a company, 

regardless of the amount of experience, have data to rely on in their decision-making. 

Particularly, BDA makes it possible to receive a view of reality which helps decision 

makers to become more confident as they have something to guide their decision-making.  

On the contrary, when basing decisions on the HiPPO approach, it is one person’s view 

of reality which is guiding the decision-making. Therefore, letting BDA guide decision 

makers rather provides a better and more reliable view of reality, which could make 

people without the highest salary and most experience confident enough to make 

decisions. In turn, as more people in a company are confident and capable of making 

decisions, less resources are spent implying more efficient decision-making. 

Additionally, decisions based on a better view of reality could be perceived as more 
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accurate, referring to more effective decision-making. In other words, more effective and 

efficient decisions indicate improved decision-making quality. 

6.2.1.2 Automated decision-making 

Participants indicated that companies appreciate that BDA makes it possible for them to 

make decisions in real-time and automate their decision-making, which is becoming more 

usual nowadays. Namely, it was argued that process integration and routinization of 

processes and activities were crucial in order to reach automated decision-making. 

Similarly to Janssen et al. (2017), companies indicated that the long-term goal was to 

automate their decision-making. On the one hand, some participants argued that many 

organizations are immature when it comes to automating decision-making, while others 

indicated that it is a journey which companies have started. On the other hand, some gave 

examples of algorithmic intelligence and automated decision-making such as self-driving 

cars, as also suggested as an upcoming trend by Newell and Marabelli (2015). 

 

Moreover, interviewees explained that BD makes it possible to let algorithms do the work 

for them, which result in faster decisions. Accordingly, participants divided decision-

making in two categories, humans making decisions and automated decisions, referring 

to the latter category as absent of human intervention. Moreover, interviewees 

emphasized the benefit of machine learning removing human interference as the 

machines can learn by themselves, contributing to faster decisions. Participants were also 

claiming that manual decisions made by humans generally result in more errors than 

automated decision-making. Additionally, empirical findings indicated that automated 

decision-making can remove the human subjectivity which is generally involved in 

decisions. 

 

It was also argued that it is less costly to let algorithms make decisions as boring jobs are 

removed and employees can spend time on other things which reduces costs and they can 

contribute to the business value in other ways. Moreover, interviewees argued that 

machine-learning algorithms contribute to more business value and decision-making 

quality. Similarly, Markus (2015) stated that algorithms which are based on BDA 

contribute to increased automation of decision-making and Van Der Vlist (2016) claimed 
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AI and machine learning algorithms are popular due to the possibility of improvement 

over time.  

 

In other words, when companies are adopting BDA, automating their decision-making 

becomes a greater opportunity and it can result in improved decision-making quality. 

Namely, participants indicated that automated decision-making implies faster, less costly 

decisions made with little human intervention. This description is in accordance with 

Clark et al. (2007) and Shamim et al.’s (2018) definition of decision-making quality, 

referring to effectiveness and efficiency. Consequently, it can be argued that the better 

companies succeed in automating their decision-making based on BDA, which also 

removes human subjectivity, the better quality of their decisions. 

6.2.1.3 Predictive analytics 

In this study, interviewees continuously referred to the benefit of predictive analytics 

when adopting BDA. As stated by Gartner (2019), BDA is associated with advanced 

analytics, which includes predictive tools and techniques beyond those of traditional BI. 

According to Gandomi and Haider (2015), predictive analytics can be utilized in most 

situations and refers to techniques which can predict future outcomes based on historical 

and current data. Predictive maintenance were explained to be a popular use case for BDA 

according to empirical findings. Interviewees were referring to predicting faults in 

production or other threatening situations, such as potential risky groups on social media. 

Moreover, Sharma et al. (2014) stated that fraud detection algorithms have become 

common in companies, while Gandomi and Haider (2015) gave the example of 

“predicting customers’ moves based on what they buy, when they buy and what they say 

on social media” (p.143). 

 

Interviewees explained predictive analytics had become popular as it helps companies 

respond faster to change. Moreover, participants stated that predictive analytics is 

valuable as it helps companies avoid wasting money and time. Accordingly, Kimble and 

Milolidakis (2015) argued that “Thanks to big data, business leaders can now make 

predictions that are faster and more accurate than before and possibly use that information 

to make better-informed decisions” (p. 33). Moreover, a participant explained that 

predictive analytics was not a new concept, but that BDA made it possible to make more 

accurate predictions. Similarly, Martens et al. (2016) suggested that companies 
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possessing BD, can generate better predictions than those who have “small data”. 

Additionally, Bradlow et al. (2017) argued that sophisticated predictive algorithms were 

previously unobtainable, as  companies were previously “data under-supplied”. 

 

Consequently, the adoption of BDA can positively affect the quality of decision-making, 

as better predictive models can be developed to guide decisions. These models are 

demonstrated to contribute to more accurate decisions, faster decisions, reduced costs and 

risk avoidance. In other words, this is corresponding to the definition of decision-making 

quality based of efficiency and effectiveness (Clark et al., 2007). Therefore, it can be 

reasoned that companies which are adopting BDA have the opportunity to succeed in 

developing predictive algorithms, which can improve their quality of their decision-

making. 

6.2.2 Challenges of adopting big data analytics in decision-making 

6.2.2.1 Levels of big data analytics maturity 

A recurrent indication from the empirical findings was that companies are in different 

maturity levels when it comes to BDA adoption. For example, some participants argued 

that the kind of decision-making companies are utilizing, depends on the maturity levels 

of their BDA initiative. Some explained that the market in Sweden is generally immature 

when it comes to automated decision-making. Others were stating that it is a maturity 

issue regarding talent management, knowledge exchange, collaboration, process 

integration and culture. Additionally, interviewees argued that the companies which are 

in the highest level of maturity have succeeded to perceive data as “the gold of the 

company” and their most important resource. Examples of such companies were Tesla, 

Spotify, Klarna, Facebook and Uber. Some interviewees specifically pointed out that 

different challenges are faced depending on companies’ maturity level of BDA adoption. 

 

Specifically, this can be observed from the interviewees stating that they had not 

experienced leadership focus and organizational culture as major challenges. Namely, 

those interviewees explained that the companies they are consulting for, are already 

having a positive attitude towards it and had invested in the technologies needed. In other 

words, it is argued that the challenge of leadership focus can be addressed by having 

leaders providing an aligned direction (Schoemaker et al., 2018) and providing a clear 
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vision for the company (McAfee & Brynjolfsson, 2012). Consequently, this can be 

perceived as leaders should have a positive attitude towards BDA in order to effectively 

adopt it, which was indicated by interviewees not experiencing leadership challenges. 

 

Moreover, organizational culture is associated with attitudes (Denison, 1984) and 

leadership styles are demonstrated to be affected by the culture (Laforet, 2017). This 

indicates the need for a culture influenced by the right attitudes towards BDA adoption. 

The interviewees which had not experienced cultural challenges also specified that the 

companies they were consulting for did have a positive attitude towards BDA adoption. 

Consequently, as leadership focus and organizational culture were not challenges faced, 

it can be argued that these companies are on a higher level of maturity than companies 

just starting with a BDA initiative. 

 

On contrary, it was stated that the companies not experiencing cultural and leadership 

challenges, rather struggled with the talent management and how to utilize the 

technologies. Consequently, it can be perceived as talent management and technology 

management might be challenges faced for companies which are on a higher maturity 

level of the adoption. On the one hand, the fact that most participants indicated that 

companies were reaching out to consultancy firms due to the reason of starting there BDA 

initiatives, might be perceived as most companies are in the lower level of maturity. On 

the other hand, almost all interviewees continuously referred to the maturity level of BDA 

adoption affecting different parts of the organization, which indicate that different levels 

generally exist and thus determine the challenges faced. 

6.2.2.2 General Data Protection Regulation - GDPR 

The empirical results demonstrated that another challenge faced when implementing 

BDA in organizational decision-making can be regarding the General Data Protection 

Regulation (GDPR). As GDPR is an European data protection and privacy law, pressure 

is put on companies to make sure they are adapting their businesses in accordance to it. 

However, this might be a dilemma for companies, as they would prefer to collect as much 

data as possible about their customers in order to gain an accurate view of the reality and 

how to serve them in the best way. Namely, it is not possible for companies to collect or 

utilize whatever customer data as they might wish, but they always need to be sure they 
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are obeying the law. This influences companies in how they are managing their data and 

BDA. 

 

Specifically, participants were indicating that GDPR is hindering the collaboration and 

knowledge exchange since personal information about customers might not be possible 

to share with all divisions, employees and big data providers. In other words, the ability 

of collaborating and exchanging knowledge in terms of BDA, can be impeded because of 

the regulation. Moreover, the empirical findings pointed out that some data, specifically 

personal data, is not willingly shared and therefore not always possible to buy from big 

data providers either. Additionally, interviewees explained that predicting customers’ 

next moves is dependent on collecting data on what they buy, when they buy, and even 

what they say on social media. Consequently, in order to harness this valuable 

information, companies need to be careful in how they are collecting and managing 

personal data to gain insights from customers. Accordingly, dealing with GDPR can be 

perceived as a managerial challenge in adopting BDA in organizational decision-making. 

6.2.2.3 Lack of aligned strategy 

Interviewees pointed out the importance of having a clear strategy and use case for the 

BDA initiative, in order to effectively manage the adoption. Some examples provided 

from interviewees of BDA use cases were: predict demand, reduce inventories, make 

processes more effective, segmenting the customer market, make better product 

recommendations, improve production identify new opportunities and enhance customer 

experience.  It was indicated that a mutual focus throughout the business could be absent. 

This is in conformity with Janssen et al.’s (2017) study, indicating that different 

departments tend to have various strategies and are unaware of possible use cases for 

BDA. 

Specifically, it was explained by participants that there were situations in which all 

employees and divisions were not aware of why and for what use cases BDA would be 

utilized. Participants argued that this could be because of the siloed way of working in 

some companies. Moreover, it could be understood that a recurrent phenomenon is that 

the IT side and business side of companies are not working in complete alignment. 

Specifically, organizations are sometimes having only the IT divisions deciding about the 

BDA initiative and hence are the ones deciding use cases and the manner of 
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implementation. Additionally, the IT side of organizations are usually focused on the 

technical aspects of the adoption.  

 However, as argued by McAfee and Brynjolfsson (2012), the management challenges 

are even greater than the technical ones, which implicates the importance of managing 

the adoption in an aligned manner, focusing not only on the technical aspects. Therefore, 

when deciding on adopting BDA, companies should decide a strategy for the 

transformation of the organization which is aligning the IT strategy and business strategy. 

This could contribute to a better understanding of what opportunities BDA entails and 

which ones would be valuable and possible for the company to focus on. 

Additionally, participants indicated that companies can make sure they have chosen a 

suitable use case and strategy for implementing BDA by starting in small scale with the 

initiative. Specifically, pilot projects, simulations and split testing could be utilized before 

a major transformation is put in practice. Moreover, these small scale initiatives were 

explained to help as a proof-of-concept, illustrating the benefits or potential weaknesses 

of the project. Consequently, starting small, could help companies realize if the strategy 

for the BDA adoption will work in reality or not, with less wasted resources (i.e. time, 

money and employees). This is in accordance with Kiron’s (2013) reasoning of the most 

crucial step in launching BD initiatives, stating it is to have a clear plan for the adoption 

and identify how it will solve organizational issues. 

However, moving from pilot project to production was indicated by some participants to 

be challenging for companies. Namely, it was explained to be common for pilot project 

not to demonstrate value for the company, and hence not being prioritized further. This 

could be explained by the lack of an aligned strategy of what to accomplish from the start 

of the pilot project. Based on the discussion above, aligning the IT side with the business 

side of the company to reach a suitable strategy for adopting BDA, can be perceived as a 

management challenge. Moreover, a higher degree of collaboration between departments 

and proof-of-concept practices could contribute to better identification of appropriate use 

cases and strategy for the adoption. 

Consequently, if successfully aligning IT and business strategies in the BDA adoption, 

this could contribute to improved decision-making quality. Specifically, aligning the 
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strategies could enhance the big data decision-making capabilities, which ultimately lead 

to decision-making quality. Namely, the alignment would imply more collaboration and 

knowledge exchange between departments and employees of the company, as they are 

working in a less siloed manner. Moreover, as integrating and routinizing processes were 

referred to as automating decision-making, aligning the IT and business strategies makes 

it possible to come up with what decisions are suitable to automate for the business and 

how it is technically achievable. Additionally, the big data decision-making capability 

“big data decision maker quality” could be enhanced by aligning IT and business 

departments better. Particularly, the IT side’s knowledge on how to visualize and interpret 

outcomes can effectively be combined with the business side’s skills of the domain for 

which the decisions should be made for. 
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7 Conclusion 

This chapter summarizes the main findings obtained from the analysis, which answers 

the research questions and fulfil the purpose of the thesis. 

The purpose of this research was to explore the opportunities and challenges of adopting 

BDA in organizational decision-making. Moreover, the author sought to contribute 

knowledge towards the adoption of BDA in decision-making and achieving decision-

making quality. Consequently, to fulfill the purpose, the main findings are outlined in 

order to answer the research questions; 

What factors could influence the adoption of BDA in decision-making? 

Factors affecting the adoption of BDA in decision-making can be divided in two 

categories: management challenges and big data decision-making capabilities. 

Specifically, there are different big data management challenges, depending on the 

maturity level of the company’s BDA adoption, which need to be addressed in order to 

enhance the big data decision-making capabilities of the company. Namely, these 

capabilities enable the firm to make effective and efficient decisions, which refer to 

improved decision-making quality, ultimately leading to value creation for the company. 

Recognized management challenges affecting big data decision-making capabilities are 

leadership focus, organizational culture, talent management, technology management, 

GDPR and aligning business and IT strategies. Acknowledged big data decision-making 

capabilities influencing the decision-making quality were collaboration, knowledge 

exchange, process integration, routinization, flexible infrastructure, big data source 

quality and decision maker quality. 

How can the adoption of BDA affect the quality of decision-making? 

Adopting BDA can positively affect the quality of decision-making, as the adoption 

implies opportunities of improving the decisions’ quality. Specifically, three 

opportunities of adopting BDA contributing to improved decision-making quality were 

identified. Firstly, the adoption of BDA can help decision makers to confidently make 

decisions. Secondly, BDA implementation implies better possibilities of automating their 

decision-making . Finally, improved predictive algorithms can be developed.  
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8 Discussion 

This chapter discusses the results of the study. Moreover, the method, implications and 

future recommendations for the research are discussed.  

8.1 Results discussion 

BDA has been referred to as a hype the past decades, and continuous to be a buzzword. 

Accordingly, if not already accomplished, companies are aiming to become data-driven 

to stay competitive and relevant in their industries. On the one hand, Sweden can be 

regarded as generally immature regarding the adoption of BDA. On the other hand, 

Swedish companies acknowledge the importance of BDA and have begun their journey 

towards becoming a data-driven company. However, organizations are struggling to work 

out how to effectively adopt BDA and benefit from it. As the goal of BDA is to improve 

the decision-making quality, factors influencing the adoption and decision-making 

quality need to be identified to benefit from the initiative.  

 

Several challenges affecting the adoption and consequently influencing the big data 

decision-making capabilities, leading to decision-making quality were evident in the 

empirical findings. However, it was noted that depending on companies’ level of maturity 

regarding BDA, different challenges might be faced. Specifically, start-ups which are 

perceiving data as part of their DNA and incorporates it in their business model, tend to 

face different challenges compared to older traditional companies which tend to be less 

mature. Moreover, while some companies are still allowing HiPPOs to make decisions, 

most organizations have understood the importance of combining intuition and 

experience with data instead in their decision-making.  

 

Additionally, BDA entails several potential benefits for companies. Primarily, improving 

decision-making quality can be perceived as a potential benefit, as it is also the end goal 

of adopting BDA. Companies now have the possibility to take actions based on reality, 

as interpretations of their data could generate a representation of the reality. Other 

highlighted opportunities of BDA are to improve customer focus, innovation of products 

and services, making decision makers more confident, automated decision-making and 

enhanced predictive analytics. 
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Specifically, BDA opportunities refers to the possibilities that the adoption of BDA 

implies for decision-making quality, which can contribute to value creation for the 

company. Particularly, it signifies the opportunities arising from utilizing BDA in 

organizational decision-making, which can improve the quality of decision-making. In 

other words, as BDA implies improved decision-making quality, the traditional ways of 

making decisions could be perceived as generating less value for companies. 

Consequently, for businesses to increase their decision-making quality which can lead to 

enhanced performance and competitive advantage, it is indicated that they should rely on 

BDA instead of HiPPOs.  

 

Interestingly, it could be argued that the term BD is not needed anymore, and will 

diminish eventually. Specifically, BD was created because companies were struggling in 

managing and analysing their data because of the four V’s: Volume, Veracity, Variety 

and Velocity. Back then, technical tools and data management infrastructures were not 

advanced enough to handle the data. However, today technologies and flexible 

infrastructures required to manage the data exist, which makes the word “Big” in the term 

BD unnecessary and confusing. Namely, it would be enough referring to data in general 

nowadays. Additionally, this would remove the problem and confusion regarding the 

nonconformity of the BD definition. Consequently, this implicates that also the term BDA 

may not be suitable. Namely, characterizing this type of analytics “advanced analytics” 

might be more appropriate in the future, preventing confusion.  

8.2 Methods discussion 

As previously noted, the research field of BDA is perceived as unexplored and scarce. 

Additionally, the theoretical framework applied for this study had only been 

quantitatively validated in the Chinese context, contributing knowledge towards the value 

creation from BD. Therefore, the author sought to further contribute to the BDA research 

field by qualitatively examine the framework's constructs in the Swedish context, which 

could generalize the findings. Consequently, semi-structured interviews were conducted 

with BD experts from different Swedish IT consultancy firms. Moreover, conducting 

qualitative interviews contributed to a deeper understanding of how the various parts of 

the framework relate to each other. 
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However, the sampling frame was first focused on large companies in Sweden which had 

adopted BDA, but later changed to IT consultancy firms assisting companies in this 

initiative, as it was difficult finding appropriate and willing interviewees. Moreover, it is 

noted that the Swedish market is still immature within this field, making it difficult 

finding suitable companies to interview. In other words, this study might have benefited 

from interviewing different companies experiencing different challenges and 

opportunities on their journey of adopting BDA instead. Additionally, that might have 

contributed to more specific insights in different industries and situations. 

 

Moreover, the positions of the interviewees as well as their definition of BD, differed 

among the companies. Consequently, this could have affected their responses and 

experience of BDA, as they had worked in different industries and companies. However, 

this study could have benefitted from being able to separate the findings, namely being 

able to make the distinction between companies in various industries and their certain 

opinions. Nevertheless, as the IT consultancy firms are working with BDA daily and are 

more experienced and knowledgeable than the general market, they could contribute with 

general insights of the Swedish market. 

8.3 Implications for research and practice 

This study contributes to the existing literature on BDA and decision-making, providing 

insights in value creation from BDA adoption and factors impacting decision-making 

quality. Furthermore, it discusses the challenges which could hinder the adoption. 

Moreover, this study applied a theoretical framework for value creation from BD, only 

quantitatively tested  before which was now qualitatively validated. Consequently, this 

study contributes knowledge towards how companies can improve their big data decision-

making capabilities, which potentially result in data-driven decision-making and 

decision-making quality. In other words, several management practices (management 

challenges) are emphasized which impacts the big data decision-making capabilities, and 

ultimately lead to decision-making quality. 

 

Specifically, to enhance the big data decision-making capabilities, companies should 

focus their leadership on developing a culture of data-driven decision-making, managing 

their talents and regulations regarding data, acquiring appropriate technologies to assist 
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the BDA and make sure that IT and business strategies are in alignment. Moreover, the 

capabilities required to enhance the decision-making quality should focus on: knowledge 

exchange and collaboration between the company’s divisions and employees, routinizing 

and integrating the big data chain, adopting a flexible infrastructure, maintaining big data 

source quality and decision maker quality. 

 

Consequently, companies’ leaders should be responsible of providing clear visions and 

aligned strategies, and be proactive towards big data decision-making. Moreover, they 

should lead by example and be utilizing BD in their decision-making. Companies’ talent 

management should be focused on enhancing employees skills of BDA and retaining and 

hiring big data professionals. Additionally, it would be important to keep up with the 

development of cutting edge technologies and tools for big data management to be able 

to harness the value of BD. The culture should be transformed into a “big data decision-

making culture”, since the organizational culture will influence the overall behavior of 

the companies’ employees. Lastly, it would be important to focus on regulatory 

compliance, making sure the company comply with the GDPR. 

On the one hand, it is argued that automating decision-making is something companies 

are striving for and perceive as a goal of the BDA adoption. On the other hand, empirical 

findings indicated that not all decisions are suitable to automate. Specifically, decisions 

regarding business strategies might not be valuable to automate, while operational 

decisions are emphasized to be automated. Moreover, it was indicated that some 

situations and decisions are always changing, meaning that those circumstances need ad-

hoc analyses implying a manual handling of the big data chain. Furthermore, in situations 

where customer data is siloed, it might be difficult and inappropriate to fully automate 

the collection, processing, analyzing and decision-making due to regulations (GDPR). 

Therefore, depending on the kind of decision being made and the environment, 

integrating and routinizing the processes of the big data chain resulting in automated 

decision-making, might not be relevant. 

Moreover, this study provides evidence of the opportunity companies have in improving 

their quality of decisions when adopting BDA in their decision-making, compared to 

organizations relying on HiPPOs. Specifically, the findings from the study indicate the 

power of letting data drive their decision-making, to reach decisions with the highest 
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quality. Therefore, the validated conceptual framework can be utilized as a guide for 

companies to transform from traditional decision-making, which tend to be the HiPPO 

approach, to data-driven decision-making. Specifically, the rise of BDA initiatives in 

companies and increased quality in decision-making when driven by data, contribute to 

HiPPOs losing power in organizational decision-making. Furthermore, as BDA adoption 

and utilization are predicted to be crucial for companies in order to stay relevant in the 

market, HiPPOs can be anticipated to continue losing power. 

8.4 Future research 

Even though Sweden is perceived as immature regarding BDA adoption, it is 

continuously developing and is showing no signs of slowing down. Therefore, it might 

be interesting to further validate the findings in this study with a sample of Swedish 

companies in the future when companies have matured, as this could generate more 

specific insights compared to IT consultancy firms. Moreover, future studies could focus 

on other countries to further generalize the findings, as only the Swedish and Chinese 

context have been investigated in terms of the adopted conceptual framework.  

 

Furthermore, as discussed in this study, GDPR was identified as a challenge. 

Consequently, it could be of interest to study the effect of regulations on the utilization 

of BDA in decision-making. Similarly, the lack of alignment in strategies was recognized 

as a hinder. Therefore, future studies could focus on business and IT alignment’s 

influence on the adoption of BDA in decision-making.  

 

Additionally, future studies could examine different companies in various industries, 

namely conducting comparative analyses. Furthermore, as pointed out in this study, 

various challenges are faced depending on the maturity level of the company in their BDA 

adoption, therefore future research could focus on different maturity levels and its 

associated management challenges. Lastly, future studies could examine how the big data 

decision-making capabilities and decision making quality affect performance.  
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Fine-Grained Behavior Data to Improve Predictive Analytics. MIS 

Quarterly, 40 (4), 869-888.  

McAfee, A. (2010). The Future of Decision Making: Less Intuition, More Evidence. 

Harvard Business Review. 

McAfee, A., & Brynjolfsson, E. (2012). Big data: The management revolution. Harvard 

Business Review, 90 (10), 60–68. 

Miller, S. (2014). Collaborative approaches needed to close the Big Data skills gap. 

Journal of Organization Design, 3 (1), 26–30. 

Mithas, S., Ramasubbu, N., & Sambamurthy, V. (2011). How Information Management 

Capability Influences Firm Performance. MIS Quarterly, 35 (1), 237-256. 

Newell, S., & Marabelli, M. (2015) Strategic opportunities (and challenges) of 

algorithmic decision-making: A call for action on the long-term societal 

effects of ‘datification’. Journal of Strategic Information Systems, 24 (1), 

3-14. 

Novick, G. (2008). Is there a bias against telephone interviews in qualitative research? 

Research in Nursing & Health, 31 (4), 391-398. 

Patton, M.Q. (2015). Qualitative Research & Evaluation Methods. United States: SAGE. 

Pisano, G.P. (2017). Toward a prescriptive theory of dynamic capabilities: connecting 

strategic choice, learning, and competition. Industrial And Corporate 

Change, 26 (5), 747–762.  

Raguseo, E. (2018). Big data technologies: An empirical investigation on their adoption, 

benefits and risks for companies. International Journal of Information 

Management, 38 (1), 187–195. 

Ransbotham, S., Kiron, D. & Prentice, P.K. (2016). Beyond the hype: the hard work 

behind analytics success. MIT Sloan Management Review, 57 (3), 1-19. 



 

 90 

Sarros, J.C, Cooper, B.K., & Santora, J.C. (2008). Building a Climate for Innovation 

Through Transformational Leadership and Organizational Culture. Journal 

of Leadership & Organizational Studies, 15 (2), 145-158. 

Saunders, M., Lewis, P., & Thornhill, A. (2012). Research methods for business students 

(6th ed.): New York: Pearson.  

Schoemaker, P.J., Heaton, S., & Teece, D. (2018). Innovation, Dynamic 

Capabilities, and Leadership. California Management Review, 61 (1), 15-

42. 

Scullion, H., Vaiman, V., & Collings, D.G. (2016). Strategic talent 

management Introduction. Employee Relations, 38 (1), 1-7. 

Seddon, P.B., Constantinidis, D., Tamm, T., & Dod, H. (2017). How does business 

analytics contribute to business value? Information Systems Journal, 27 

(3), 237-269. 

Shamim, S., Cang, S., & Yu, H. (2016). Influencers of information system usage among 

employees for knowledge creation. A future research agenda, Paper 

Presented at the Software, Knowledge, Information Management & 

Applications (SKIMA), 134–141.  

Shamim, S., Cang, S., & Yu, H. (2017). Impact of knowledge oriented leadership on 

knowledge management behaviour through employee work attitudes. 

International Journal of Human Resource Management, 1-31. Retrieved 26 

february, 2019, from: 

https://www.tandfonline.com/doi/full/10.1080/09585192.2017.1323772. 

Shamim, S., Zeng, J., Shariq, S.M., & Khan, Z. (2018). Role of big data management in 

enhancing big data decision-making capability and quality among Chinese 

firms: A dynamic capabilities view. Information & Management, Available 

online 12 December 2018, In Press, Corrected Proof. 

Sharma, R., Mithas, S., & Kankanhalli, A. (2014). Transforming decision-making 

processes: a research agenda for understanding the impact of business 

analytics on organisations. European Journal of Information Systems, 23 

(4), 433–441. 

Sheng, J., Amankwah-Amoah, J., & Wang, X. (2017). A multidisciplinary perspective of 

big data in management research. International Journal of Production 

Economics, 191, 97–112. 

Shim, J.P., Warkentin, M., Courtney, J.F., Power, D.J., Sharda, R. & Carlsson, C. (2002). 

Past, present, and future of decision support technology. Decision Support 

Systems, 33 (2), 111-126. 

Simon, H.A. (1969). The Science of the Artificial. The MIT Press, Cambridge, MA. 

Simon, H.A. (1982). Models of Bounded Rationality: Empirically Grounded Economic 

Reason. MIT press, Massachusetts Institute of Technology. 

Sivarajah, U., Kamal, M.M., Irani, Z., & Weerakkody, V. (2017). Critical analysis of Big 

Data challenges and analytical methods. Journal of Business Research, 70, 

263–286.  

Stanovich, K.E., & West, R.F. (2000). Individual differences in reasoning: Implications 

for the rationality debate? Behavioral and Brain Sciences, 23 (5), 645-665. 

Tambe, P. (2014). Big Data Investment, Skills, and Firm Value. Management Science, 60 

(6), 1452-1469. 

Teece, D., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic 

management. Strategic Management Journal, 18 (7), 509-533. 



 

 91 

Van Der Vlist, F.N. (2016). Accounting for the social: Investigating commensuration and 

Big Data practices at Facebook. Big Data & Society, 3 (1), 1-16. 

Visinescu, L.L., Jones, M.C., & Sidorova, A. (2017). Improving Decision Quality: The 

Role of Business Intelligence. Journal of Computer Information Systems, 

57 (1), 58-66. 

Von Essen, F. (2017). The IT skills shortage: A report on the Swedish digital sector’s 

need for cutting-edge expertise. IT & Telekomföretagen. Retrieved 22 

february, 2019, from: 

https://www.almega.se/app/uploads/sites/2/2018/06/ittelekom_rapport_bri

st_pa_it-kompetens_eng_webb.pdf 

Zeng, J., & Glaister, K.W. (2018). Value creation from big data: Looking inside the black 

box. Strategic Organization, 16 (2), 105-140. 

 

 

 

 

  



 

 92 

Appendices 

Appendix 1: Interview questions in English 

General  

• What role do you have in your company?  

• What industry do you have most customers in?  

• How would you define big data analytics?         

• Why are companies deciding to adopt BDA?  

• What decisions are they utilizing BDA for?  

  

Challenges  

• What are the major managerial challenges companies have faced when adopting 

big data analytics in decision-making?  

• Have the type of leadership played a role in adopting BDA in decision-

making? How? 

• What kind of skills and knowledge are needed in the utilization of BD in decision-

making? What positions are needed? Are these difficult to find and retain?  

• What technological tools are utilized to manage big data analytics? How are these 

technologies helping employees to utilize big data analytics for decision-making? 

• What kind of organizational culture could contribute to the adoption of BDA in 

decision-making? Why? Is it encouraged to utilize BDA in decision-making?  

Capabilities  

• What entities are exchanging knowledge and what knowledge? Why? 

• What actors are collaborating? How does the collaboration between various actors 

affect decision-making? 

• Do you integrate the processes involved in the big data chain? (data collection, 

preparation, analysis and decision-making) How can process integration influence 

the adoption of BDA in decision-making? 

• Is the big data chain a routine in your organization? How could routinizing 

activities affect decision-making? 
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• How does the big data management infrastructure look like? How does this affect 

the ability to handle big data? 

• Do they have a big data provider? How do they perceive the quality of their big 

data source? How can that affect the decision-making? 

• Who are the decision makers in the company? Do they interpret and understand 

the outcomes of big data analytics? 

Decision-making quality 

• How would you define decision-making quality? 

• To what extent do you perceive the companies you are helping succeed in 

reaching quality of their decisions? Do they understand that they are increasing 

the quality of decision-making? 

• What could they do to improve the quality of decision-making?  
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Appendix 2: Interview questions in Swedish 

Generella 

• Vad är din roll i företaget? 

• Vilken/vilka industrier brukar ni hjälpa med att använda big data i 

beslutsfattande? 

• Hur skulle du definiera big data analytics? 

• Varför bestämmer företag sig för att använda big data analytics? 

• I vilka beslut använder de big data? 

Utmaningar 

• Vilka är dem största utmaningarna som företag ställs inför när de börjar använda 

big data i beslutsfattande? Varför? 

• Har typen av ledarstil spelat någon roll i användandet av big data i beslutsfattande? 

Hur? 

• Vilka kunskaper och erfarenheter behövs i användandet av big data i 

beslutsfattande? Vilka positioner behövs? Är dessa svåra att hitta och behålla? 

• Vilka tekniska verktyg används för att hantera big data anlytics? Hur hjälper dessa 

anställda att använda big data analytics för beslutsfattande? 

• Vilken sorts företagskultur kan bidra till användandet av big data anlytics i 

beslutsfattande? Varför? Uppmuntras de till att använda det i beslut?  

Förmågor/skickligheter 

• Vilka enheter utbyter kunskap/information om detta? Vilken sorts kunskap? 

Varför? 

• Vilka personer samarbetar i detta? Hur påverkar samarbetet mellan olika personer 

beslutsfattandet? 

• Integreras processerna involverade i the big data chain (insamling, behandling, 

analys och beslutsfattande)? Hur kan integration av processerna påverka 

användandet av big data anlytics i beslutsfattande? 

• Är big data chain (insamling, behandling, analys och beslutsfattande) utförd som 

en rutin i organisationer? Hur kan rutinmässiga aktiviteter påverka 

beslutsfattande? 

• Hur ser infrastrukturen för datahanteringen ut? Hur påverkar detta hanteringen av 

big data? 
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• Har företag någon som de köper data ifrån? Hur upplever de kvaliteten på denna 

leverantören? Hur kan det påverka beslutsfattande? 

• Vilka är det som fattar besluten i företaget? Kan beslutsfattarna själva förstå och 

tolka resultaten av big data anlytics? 

Kvalitet på beslutsfattande 

• Hur skulle du definiera kvalitet i beslut? (tid, kostnad, rätt beslut) 

• Uppfattar du att företagen lyckas nå kvalitet i sina beslut genom att använda big 

data? 

• Vad kan de göra för att öka kvaliteten i sina beslut? 
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