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Big data has surfaced in managerial studies rapidly during the last decade. It has 

been studied in many contexts, from which one of them is organizational decision-

making. This study focuses on three aspects of organizational decision-making – 

problem context, cognitive factors and social context. The purpose of this study is 

to understand how strategic decision-making in the three decision-making aspects 

can be improved with big data. This study aims to understand how the decision-

making aspects are affected and challenged by big data and what adjustments are 

needed to integrate big data into decision-making and attain improved decisions. 

The study is conducted as a qualitative case study focusing on one Finnish case 

company. The data for the empirical research was gathered with structured and 

semi-structured interviews. The findings indicate that when improving strategic 

decision-making, a comprehensive outlook on the organization’s big data progress 

is necessary. The effects, challenges and adjustments big data bring forth in 

decision-making vary depending on the organizations’ analytical competencies. The 

study presents a framework for observing and improving big data decision-making. 

It combines the relevant themes which build the foundation for making decisions 

with big data. Organizations aiming to improve their decision-making with big data 

are suggested to identify their competencies at each stage of the framework and 

reflect individual decision-making aspects in regard to the framework, to reveal their 

development areas.
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Big data on noussut äkillisesti pinnalle liikkeenjohdon tutkimuksissa. Sitä on tutkittu 

monissa eri konteksteissa, joista yksi on organisaatioiden päätöksenteko. Tämä 

tutkimus keskittyy päätöksenteon kolmeen eri ulottuvuuteen – ongelmakontekstiin, 

kognitiivisiin tekijöihin sekä sosiaaliseen kontekstiin. Tämän tutkimuksen tarkoitus 

on ymmärtää miten strategista päätöksentekoa voi parantaa kolmessa valitussa 

päätöksenteon ulottuvuudessa big datan avulla. Tutkimus pyrkii käsittämään, 

minkälainen vaikutus big datalla on, mitä haasteita se tuo sekä minkälaisia 

muutoksia se vaatii päätöksenteon eri ulottuvuuksissa. Tämän ymmärryksen avulla 

big data voidaan integroida päätöksentekoon ja sitä kautta parantaa sitä. Tutkimus 

on toteutettu laadullisena tapaustutkimuksena, jossa keskitytään suomalaiseen 

case-yritykseen. Empiirisen osuuden aineisto on kerätty strukturoitujen ja semi-

strukturoitujen haastattelujen avulla. Tutkimus osoittaa, että parantaessa strategista 

päätöksentekoa organisaation edistyminen big datan saralla on otettava 

kokonaisvaltaisesti huomioon. Big datan vaikutukset, haasteet ja tarvittavat 

muutokset päätöksenteossa vaihtelee organisaatioiden analyyttisen pätevyyden 

perusteella. Tämä tutkimus esittää viitekehyksen, jonka avulla voi tarkastella ja 

kehittää data-johtoisesti tehtävää päätöksentekoa. Se kokoaa yhteen olennaiset 

teemat, jotka rakentavat perustan ’big data päätöksenteolle’. Organisaatioita 

kehotetaan tunnistamaan omat kykynsä viitekehyksen eri teemoissa. Myös 

yksittäisiä päätöksenteon ulottuvuuksia tulisi heijastaa viitekehykseen, jotta 

yrityksen kehityskohteet ilmenisivät. 
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1. Introduction 

 

“Why should academics and practitioners be interested in understanding about the 

impacts of big data? The simple answer to this critical question is because big data 

has the potential to transform the entire business process” (Fosso Wamba, Akter, 

Edwards, Chopin & Gnanzou’s, 2015) When thinking about how big data can do 

that, one of the current approaches is through enhanced decisions. The ability to 

make decisions has always been in the nature of humans and its possibilities have 

certainly skyrocketed since the beginning of information era. Fascination to studying 

decision-making has long ago attracted phycologists, sociologists, economists and 

managerial scientists (among others) in different contexts. This research aims to 

examine decision-making with big data in organizational settings. Big data is seen 

as a new phenomenon affecting organizational decision-making (McAfee & 

Brynjolfsson, 2012) and this study focuses particularly in managerial strategic level 

decisions.    

 

1.1. Background to the Research 

 

Organizational decision-making has evolved during recent decades because of 

many different factors and now one prominent phenomenon among business 

practitioners and academics is using knowledge from big data in decision-making 

(Constantiou & Kallinikos, 2015). The novelty of the topic can be realized when 

searching academic studies about big data. Big data itself is not novel but its use in 

the general public has grown vastly during recent years (Tekiner & Keane, 2013). 

For reference, Figure 1. presents the frequency of documents containing the term 

‘big data’ on a monthly basis, divided between years 2000 and 2013. The figure 

demonstrates well the rapid rise in interest after 2011, which was also noted by 

Fosso Wamba et al. (2015) in their literature review. The trend is also shown in 

google searches with a descriptor “big data” as they rose from 252,000 hits in 

November 2011 to 1.69 billion hits in December 2013 (Fosso Wamba et al. 2015). 

As of July 2017, “big data” has over 200 million hits in Google and is searched 

worldwide in Google searches approximately 300,000 times a month.  
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Figure. 1. Frequency distribution of documents containing the term “big data” in 

ProQuest Research Library (Gandomi & Haider, 2015) 

 

 

The ‘Era of Big Data’, following digital transformation highlights the use of data-

driven applications in business (Akbay, 2015). The business environment has 

changed when big data is being used more and more by organizations 

(Talouselämä, 2013). Data utilization is shaping how organizations ought to do 

business and even survive (Hurwitz, 2013). Digital transformation has forced most 

organizations to operate in data-driven ways and data-driven decisions have widely 

been argued to lead to higher performance and sometimes even in competitive 

advantage (E.g. Tekiner & Keane, 2013; McAfee & Brynjolfsson, 2012; Chaudhuri, 

Dayal & Narasayya, 2011, 88; Brynjolfsson, Hitt & Kim, 2011; Davenport, Harris & 

Morrison 2010, 3). Analyzing data and using it in decision-making context is not 

new, but it has before been more focused on a detailed context in the organization, 

whereas big data emphasizes more comprehensive use of data in larger 

frameworks (Poleto, Heuer de Carvalho & Seixas Costa, 2015), by capturing 

interactions from social networks and extracting their value (Akbay, 2015). Today 

the use of big data has evolved from operational use to strategic problems in the 

leading organizations (Davenport, 2013). 

 

For an organization to have a chance comparing to its competitors it must be agile 

both digitally and data-wise. (McAfee & Brynjolfsson, 2012) During recent years the 

A
v
e

ra
g

e
 m

o
n

th
ly

 f
re

q
u

e
n

c
y
 

Year 



 9 

challenges organizations face concerning data and information have changed. 

Before a widespread use of big data, a lack of relevant information available for 

decision-making in organizations was a major challenge. Now almost every kind of 

information is available and the issues academics and practitioners are focusing on 

exists in the useful managing, analyzing and managerial applying of information. 

(Data Master’s, 2017; Frank, 2016; LaValle, Lesser, Shockley, Hopkins & 

Kruschwitz, 2011) 

 

By 2017 it is strongly suggested that effective use of big data brings value and can 

even result in competitive advantage for the organization. It can be seen in recent 

studies (Davenport, 2013; Tekiner & Keane, 2013; McAfee & Brynjolfsson, 2012) 

and in the opinions of business practitioners. The possibilities of big data in leading 

‘big data attentive’ organizations operating in Finland are demonstrated in table 1.  

 
Table 1. Big data’s possibilities seen in organizations (Data Masters, 2017; EY, 

2017) 

Company Person View 

Kesko Anni Ronkainen Big data helps to make more informed 
decisions in a complex environment 

Laakkonen Tea Koivisto Managing with data has to be encouraged 
from top and spread out to different 
departments in the organization 

Finnair Katri Harra-Salonen Exploiting data should be accomplished 
across all the functions in an organization 

DNA Kati Sulin To make decision based on data, first the 
right questions have to be asked from data. 

Unity 
Finland  

Sonja Ängeslevä In decision-making data should be the 
leader and intuition the support 

Aller Media Hannaleena Koskinen The information data provides must be 
turned to action 

EY Company website Decision-making processes need to be 
altered as big data and analytics 
infrastructure are developed 
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Big data awareness in Finland has grown but its use in organizations is improving 

gradually. Currently in Finland, the larger innovator, companies are mastering big 

data methods but others are far behind. (Tieke 2016) Tilastokeskus (2016), a public 

authority for statistics in Finland, concluded in a study about big data usage in 

organizations in Finland, that only 15% of the recipients use big data. It is most 

commonly used by organizations in information and communications field and/or in 

large organizations. It was also noticed that organizations mostly do their own data 

analysis (69% do own analysis, 44% used outside provider) and the biggest 

percentiles are again in information and communications as 92% of the 

organizations in those fields do their own analysis. Tieke (2016), Finnish Information 

Society Development Centre, remarks one of the challenges in Finland being the 

lack of standards for big data. That ought to improve after in 2015 ISO started an 

international standardization work in the field.  

 

Similarly, a survey from SAS Institute (Haaramo, 2015) found similar challenges in 

all the Nordic countries. The Countries have understood and noticed the benefits 

big data can create, but actually implementing big data in their business is low 

compared to leading countries – such as the US. Finland scored the lowest in the 

survey to believe in their infrastructure’s ability to handle big data. A concern found 

by the survey that strikes most important for this study is organizational structure 

issues, as they affect decision-making. Besides that, the survey found concerns 

about governance, security and data privacy, some of them caused by 

misconceptions about big data.   

 

1.2. Research gaps in previous ‘big data + decision-making’ studies 

 

Regardless of the benefits and positive effects on organizations’ decision-making 

big data implementation can cause, the subject has not been studied enough yet 

(Janssen, van der Voort, Wahyadi, 2017). Among previous studies, both Fosso 

Wamba et al. (2015) and Sivarajah, Kamal, Irani, and Weerakkody (2017) have 

succeeded to make the concept of big data in organizational use more clear and 

repetitive in their literature reviews. Fosso Wamba et al. (2015) observed how big 

data is used in organizations and the concept of capturing value with big data. 
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Sivarajah’s et al. (2017) Critical analysis of Big Data challenges and analytical 

methods reviewed the problems big data initiatives may face and how to overcome 

them. However, as among others, Fosso Wamba et al. (2015) and Sivarajah et al. 

(2017) point out, there is still a lack of empirical approaches to big data studies. 

Literature reviews are widely used, which creates the need for also empirical case 

studies. By conducting a case study, a more holistic understanding of big data’s 

effects on decision-making is possible to achieve in the future.  

 

Several previous studies focus on whether big data can improve decision-making 

but only a few of them specify how this is possible in existing decision-making 

context. Many provide general conclusions expressing that value can be created in 

decision-making with big data, but a comprehensive view on how big data affects 

decision-making processes and its aspects is only captured in few studies (e.g. 

Davenport, 2013; McAfee & Brynjolfsson, 2012). Several studies focus on the 

technical and analytical aspects of big data decision-making, leaving only some 

focus on big data’s impact on managerial decision-making. It is important to see 

how decision-making is affected and possibly have to be altered so using big data 

can reach its full potential. It has been recognized that changes and challenges in 

managerial and organization culture settings are likely to arise when implementing 

big data into decision-making (e.g. LaValle et al., 2011), but a collective 

understanding of how different aspects of decision-making are shaped by big data 

is still imprecise. 

 

Also, big data’s possibilities regarding specifically strategic decisions have not been 

examined abundantly. Recent studies such as Davenport (2013) noticed the new 

trend of companies using big data to tackle strategic problems. Strategic decisions 

traditionally require complex information about different issues fast and 

simultaneously, which is what big data analytics aims to provide. Fosso Wamba et 

al. (2015) found that current value creation through big data in decision-making 

focuses on operational issues. Strategic problems were mostly examined by 

focusing on individual strategic decisions. Therefore, the relationship between 

strategic decision-making and big data requires more examination. 
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This study aims to fill the gaps by providing an empirical case study examining the 

effects big data implementation has on the case organization’s strategical decision-

making and its different aspects. As data-driven decision-making is often preferable 

it is important to understand what benefits big data brings to the complex strategic 

decision-making. Also, to understand how to use big data in decision-making 

effectively this study proceeds to analyze the demands effective big data usage 

creates for organizations’ decision-making and management. 

 

1.3. Research problem and objectives of the study  

 

The objective of this study is to understand what is required from decision-making 

processes and structures to make big data-aided improvements transpire. Under 

examination is how big data affects decision-making and at the same time what 

should be done to the current decision-making to be able to benefit from big data 

fully. These two contexts hardly intergrade spontaneously – instead, the aim is to 

find ways to integrate big data and decision-making together so that their impact 

would be improved decisions.  

 

By understanding what aspects to take into consideration when integrating big data 

in decision-making, organizations are able to form their big data-based decisions to 

their organization’s needs. Currently, as big data schemes are still evolving, 

anecdotal advises are strongly followed. This study aims to provide a 

comprehensive depiction of how decision-making is affected by big data in its 

different aspects.  The aim is to shed light on which aspects may be seen important 

to consider when improving strategic decisions, through previous theory and a case 

study. This trail of considerations can be concluded to the following research 

problem: 

 

How can organizations’ strategic decision-making be improved with big data? 

 

To answer the research problem and to gain an understanding of decision-making 

and its aspects that are present in every organization, this research examines 

traditional decision-making theories. Relatedly, in order to see what kind of 



 13 

environment big data creates to decision-making, the effects of big data to chosen 

decision-making aspects need to be considered. These insights form a foundation 

for the possible improvements, making it easier to recognize the needs big data 

places on decision-making and vice versa. When joining traditional theories to big 

data decision-making framework, the following research question is appropriate: 

 

RG1.  How are the different aspects of decision-making affected by big data 
implementation? 

 

To further understand how improvements in decision-making ought to be done when 

using big data, challenges are reflected. After examining how different decision-

making aspects are affected by big data, this study aims to expose what kind of 

challenges that new decision-making context creates to decision makers. The 

challenges focused on here are the ones that arise in relevant decision-making 

aspects covered in the decision-making theory section. They are challenges that 

managers in charge of strategic decisions are responsible for. To understand the 

features that need improving this research delves into the challenges presented by 

theory and the case study. The second research question is the following: 

 

RG2.  What are the challenges that may occur in big data decision-making? 
 

Finally, to gain knowledge on the practical implications of the framework of this 

study, this research focuses on the adjustments that are needed for organizations 

to acknowledge the challenges and the effects of big data in decision-making. After 

the findings from the first and second questions are presented, the aim is to find the 

third step in the improvement process. Understanding what kind of actions needs to 

be taken in big data decision-making completes the mission of finding ways to 

improve decision-making with big data. Hence, the third research question: 

 

RG3.  What are the possible adjustments required in organizations’ 
decision-making practices to benefit from big data? 
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1.4. Framework of the thesis and key concepts  
 

This study is conducted as a process from the first research question to the last, 

thus examining the main research problem. The framework is a combination of 

features of the research questions and is illustrated below in figure 2. The first 

research question about how big data affects decision-making is illustrated above 

the first arrow. To be able to analyze the other questions it is essential first to 

comprehend what effects big data has on different aspects of decision-making. In 

the framework, main decision-making aspects are described in problem context, 

which includes organizations cognitive factors and social context. These aspects 

introduced by Payne, Bettman, and Johnson (1992) describe the decision-making 

environment broadly and can be applied to today’s setting.  

 

Problem context refers to the overall setting of the problem; how structured are the 

issues? Is there uncertainty involved? How many options are there and is it an 

urgent decision? In this study, the problem context is at a strategic level. Cognitive 

factors are aspects shown in the decision makers. They affect their ability to make 

decisions; how well do they handle risk? What are their values and preferences? 

These factors to the decision maker are studied mainly through the decision makers’ 

approaches to decision-making, whether they are prone to using rational analysis 

or intuition. Lastly, social context depicts the organizational context of decision-

making. Who has the decision rights? How many are involved in decision-making 

and what responsibilities the decision makers have? These questions and the 

effects of big data on them are reviewed through organizational hierarchies and 

processes. (Payne et al. 1992) 

 

Then, the second research question aims to understand what challenges the effects 

created. The challenges are examined in the problem context and cognitive factors 

and social context are examined from the decision makers’ point of view. The third 

step and research question is perceived where the second arrow of figure 2 is. When 

the effects and challenges of big data have been discovered, this study follows to 

examine what possible adjustments in decision-making practices need to be done 

to avoid issues and create big data decision-making to have a positive impact. The 
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theory part tracks the main aspects of decision-making and relevant big data 

studies, while the empirical part, being semi-structural is open to additional 

implications.  

 

Figure 2. Framework of the thesis 

 

In figure 2, the problem context is further described with Anthony’s (1965) 

managerial activities, from where strategic planning and management control is 

regarded in this study. Problem-solving activities are found in Simon’s (1960) study 

about decision-making which is also regarded to form the problem context following 

Gorry and Scott Morton’s (1971) study. It combines both Anthony’s and Simon’s 

framework to form a problem context for technology-aided decision-making. Further 

framework selection criteria for defining a decision-making environment in 

organizations is offered in section 2. of this study. Next, the relevant definitions 

occurring in this study are reviewed. 

 

Big data has multiple differing definitions and it is considered a ‘buzzword’ in today’s 

business environment (Davenport, Barth, Bean, 2012), nevertheless, its 

understanding in academia has been shaping toward a unanimous definition. Big 



 16 

data consists of large data sets of structured, semi-structured and unstructured data 

(Gandomi & Haider, 2015). Commonly described with certain V’s, which define the 

characteristics of big data (volume, variety, velocity, veracity, variability and value). 

It is seen as a management approach where the aim is to manage, process and 

analyze different V’s to enchase organizations value creation, for example through 

decision-making.  (Chen, Chiang & Storey, 2012; Kwon, Lee, & Shin, 2014; Fosso 

Wamba et al. 2015) 

 

Strategic decision-making can be defined as essential decisions organizations 

and managers must make in order to direct the course of the firm toward their 

mission. They are important by the different actions they involve, resources they 

demand and patterns they create in the organization. (Eisenhardt & Zbaracki, 1992) 

This study defines traditional strategic decisions as long-term decisions in a complex 

environment, that require large amounts of information from the inside and outside 

of an organization. Strategic decision-making happens typically at the managerial 

level. 

 

Managerial decision-making includes all type of decisions from operative to 

strategic level issues (Papadakis, Lioukas & Chambers, 1998) made by 

management level employees. Through managerial decision-making, the decision 

makers attempt to reach organizations’ goals (Greenberg & Baron, 2008, 380). 

Thus, this study uses the terms managerial decision-making and organizational 

decision-making as synonyms when examining the details of decision-making that 

is conducted by managers to further the organization’s agenda.  

 

Big data decision-making is a term used to describe organizations’ decision-

making which is supported by big data. (Janssen, van der Voort, & Wahyudi, 2017; 

Mallinger & Stefl, 2015)  

 

Rationality is the use of logical reasoning and one of the aspects of decision-

making in this study. The use of rational analysis arises from logical thinking and is 

often associated with data-driven decision-making (Brynjolfsson, Hitt & Kim, 2011).  
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Intuition is an approach to decision-making and is combined of nonconscious, fast, 

holistic associations which result from intuitive judgments (Dane & Pratt, 2007). It is 

often described as a decision makers gut-feeling, arising from experience (Khatri & 

Ng, 2000). When examining rational and non-rational decision-making, intuition 

often represents non-rational decision approaches.    

  

Hierarchy partakes an important role in decision-making, as it governs who among 

the organization is allowed to make certain decisions. It defines the power structure 

among the employees of organizations. It also clarifies the roles of each employee 

and their positions in the organizational environment. (Urwiler & Frolick, 2008)  

 

Decision-making process can be divided into organizational and technical 

aspects. Organizational aspects are related to how the organization operates and 

how decisions are aimed to create and align with the organization’s strategy. 

Technical aspects are the tools used supporting the decision-making process, such 

as information systems, data repositories and analysis.  

 

Decision support technologies mentioned in this study refer to different 

information system, decision support systems and other technical tools to enhance 

managers decision-making.   

 

1.5. Case-company selection and research methodology  

 

Aller Media is a media company operating in Finland and is owned by a Danish 

company Aller. Originally a publisher, Aller Media focuses now more on content 

creating and marketing, with a recent focus on digital and data business. The 

company describes itself as a pioneer in the digital and data-driven business. They 

have included data and analytics in many aspects of the different services they 

provide. Furthermore, Aller Media has formed a think-tank called ‘data masters’ 

which gathered Finland’s leading data experts from companies’ leaders whom have 

experience in working with data. Data Masters ponders on the ways to benefit from 

data and its different opportunities, in hopes of sharing knowledge and to help 
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companies in Finland in finding new competitive advantages from data.  (Aller 

Media, 2017a) 

 

Aller Media’s shift to more digital and data-driven business during the past years 

can be seen when examining the organization. They actively promote digitalization 

and big data and have also invested in them in their own business. Data Refinery, 

which was previously a business unit within Aller Media, is a data start-up founded 

by Aller Media during 2017. It centers on big data and offers different solutions from 

finding the most relevant customer segments to improving product development 

based on data. Data Refinery’s data sources are wide, covering over 16 million 

active cookies combined with Aller Media’s customer base of over 3 million and data 

sources outside of the company (clients, research centers, government). Joining 

their data, state of the art technology and digital/data knowledge they offer a 

combination of enriched customer segments and consumer knowledge. (Aller 

Media, 2017b) 

 

As big data implementation in Finland is low (Tilastokeskus 2016), there exist 

opportunities that have not even prevailed yet. Making big data implementation 

more understandable and tackling some of the concerns mentioned would likely 

help break some mental barriers organizations have. For that reason, Aller Media 

offers good prospects to examine a large innovative organization which is one of 

the pioneers in Finland to utilize big data knowledge.  

 

This research is conducted as a qualitative case study and begins with a theory part 

followed by an empirical section. These two are concluded in the results section. 

The theory section of the study is a literature review of the relevant academic 

literature following this study’s framework. The material for the empirical section was 

gathered through interviews with multiple different managers from the case-

company. The interview questions were formed based on the theory part and aimed 

to answer the above-mentioned research questions. This study has a methodology 

chapter, which examines further the data gathering, analysis and the motives for 

each selection concerning the way this study is organized.  
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1.6. Delimitations  
 

This study is delimited following the chosen framework in order to be able to answer 

its research question and objectives of this study. The framework was chosen 

combining relevant prior studies, after considering the future research suggestions 

from recent studies in big data decision-making context. As a more comprehensive 

understanding of the impact of big data is sought, a qualitative approach is suitable. 

A case study does not aim to form generalized evidence about the topic, but rather 

is a good choice to understand and comprehend the context of big data in decision-

making. Should novel information emerge from the empirical part about the case 

company, it will require further examination.  

 

The concepts within this study’s framework are all broad concepts, which have been 

studied before from multiple different perspectives. Hence, this study regards the 

connections between the chosen concepts and does not aim to fully understand 

each of them on their own. Especially decision-making is a wide concept reaching 

many fields of studies. To be able to fulfill the objective of this study it is only 

examined within managerial business-related decisions. Big data is examined also 

through the business environment and the applications of improving businesses. 

Therefore, the case company selection is a reasonable choice; a leading data-

driven organization, which has experience utilizing big data in its different functions. 

A further delimitation of the case company is not seen necessary, concerning its 

industry, for example, as the delimitation to a big data expert organization is enough 

to the objectives.  

 

Lastly, it ought to be noted that this study is conducted in Finland. Big data is a 

global concept and is utilized relatively similarly among business practitioners 

around the world. Aller Media offers the same big data solutions to the US as they 

offer in Finland. However, managerial decision-making is affected by cultural and 

organizational norms and customs and cannot be regarded globally. Aller Media’s 

parent company Aller is operating in all Nordic countries and is testing its big data 

projects in Finland. Their aim is to find effective ways to utilize big data and then 

begin big data projects to the same extent in all of the countries. Thus, the findings 
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can be regarded in other Nordic countries. Due to having only one case company, 

the findings cannot be statistically generalized.  

 

1.7. Structure of the thesis 

 

This thesis follows the following structure after this introduction section. First, the 

theoretical framework is divided into three separate chapters. Because decision-

making theories provide a core for this study, the fundamental aspects of 

organizational decision-making are described in the first theory chapter. In each 

subsection, the relevance of strategic decisions is examined in the presented 

circumstances.  In the following theory chapter, big data is presented and its 

characteristics in today’s business research literature is reviewed. Lastly, the final 

theory chapter combines the findings from the previous two chapters and further 

clarifies the framework. 

 

The second part of the thesis is the empirical part, which is initiated with the 

description of the research methodology and detailed case-description. Next, the 

empirical analysis and findings from the material gathered in the research process 

are presented. The analysis is followed by a discussion and conclusions with the 

research objectives and questions in mind. The last chapter also discusses 

limitations and future research suggestions stemming from this thesis.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 21 

2. Decision-making in organizations 

 

Utilizing information from data happens in organizations’ decision-making and to 

understand the problem context in organizations, theories about decision-making 

environments are reflected. Theories about managerial decision-making extend far 

into the past. Studies focusing on improving decisions with technology and data 

have a solid foundation from the early 60’s that is still referenced in current studies 

(Poleto et al., 2015; Aurum & Wohlin, 2003; Shim, Warkentin, Courtney, Power, 

Sharda & Carlsson, 2002; Courtney, 2001). The earlier models provide a clear frame 

to understand the environment for strategic decisions in organizations. Even though 

the information era has shaped decision-making greatly during the last decades, 

traditional approaches still have a presence in current organizations. For the last 

decade’s organizations have used different decision-making techniques to support 

their decision-making. This study starts by examining the foundations of managerial 

decision-making with studies that include the outlook of these important technical 

aspects in the decision-making analysis, as big data can be seen to fit into the same 

category – improving decisions with data.  

 

Therefore, this study leans on studies from Anthony (1965), Simon (1960) and Gorry 

and Scott Morton (1971), to studies of the 21st century, which not only uses the 

earlier studies as a foundation but also revises them to today’s environment. The 

earlier studies have been selected due to their suitability to this framework. Gorry 

and Scott Morton’s study combining Anthony’s and Simon’s perspectives was one 

of the earliest efforts to identify how information systems could be applied to improve 

strategic decision-making. Royer (2013, 105) implies that the work by Gorry and 

Scott Morton laid the foundations for the development of decision support systems 

and helped create business analytics (Davenport, 2013), which were designed to 

tackle the concerns in decisions involving semi-structured and unstructured data. 

By partaking the use of technology and data in decision-making, the studies from 

60’s have been used as a premise for further research in many decision-making 

related studies in recent years, even some concerning big data (Poleto et al., 2015). 

It is concluded that the aforementioned studies provide a good foundation for this 

study as well by defining the strategic problem context in this study’s framework. 
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In decision-making, a person must identify the different alternatives and try to 

evaluate their positive and negative effects. In a way, when making successful and 

efficient decisions, a person must be able to predict the future effects of each 

alternative. (Swami, 2013) It has various steps, from which a decision conclusion is 

reached. The process has many approaches and, as a simplification, it can be said 

to be rational or irrational (Kahneman & Tversky, 1979). Carpenter, Bauer, and 

Erdogan (2011, 584) argued that in order to achieve a more effective way of working 

toward organizations goals, an increase in the effectiveness of decision-making is 

essential.  

 

These aspects are the basis for managerial decision-making and are examined in 

the following chapter. After defining the different characteristics of decision-making 

in the managerial environment, the last subsection provides a brief evolution of the 

role of information and data in decision-making theories. The role of data in today’s 

decision-making and organization culture is also taken into observation.  

 

2.1. Strategic decision-making context 

 

Decision-making is a fundamental part of executives’ daily tasks. They must make 

different types of decisions every day and therefore have a straight impact on how 

business is working and succeeding. Here, the typical problem context of strategic 

decisions is observed. Decision-making is not a simple process and managers have 

to make multiple choices at different levels simultaneously. Decision-making is 

playing a part in almost every managerial activity, which is why researchers have 

divided organizational decisions into different segments based on their position and 

qualities, with the most frequently known descriptions being; strategic, tactical and 

operational decisions (French & Papamichail, 2003).   

 

One of the most widespread and used models is Anthony’s (1965) categorization, 

which divides managerial activities to strategic planning, management control, and 

operational control. The division into the three categories was supported by the 

basis that these activities need different information and different kinds of support 
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from information systems. (Monsalve, April and Abran 2010) Monsalve et al. (2010) 

point out that even though organizational structures, models, and decision-making 

tools have changed tremendously from 1965 to the modern day, organizations hold 

the same needs for different types of activities and therefore, decisions. Anthony’s 

(1965) model was developed to identify the requirements for organizations’ different 

information systems. It is important to note, that the three management activities are 

the foundation for different forms of managerial decision-making, and information 

systems have been developed in respect of the different types of decisions to 

support them (Gorry & Scott Morton, 1971). 

 

Gorry and Scott Morton (1971) used Anthony’s model in their research framework 

and combined it with Simon’s (1960) three managerial information features to 

broaden the model. As can be seen in figure 3. Simon (1960) defined different 

information needs for different types of problems, which are structured, semi-

structured and unstructured, with this study focusing on the semi-structured and 

unstructured issues that are placed above the dividing line in the figure. 
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Figure 3. Management activities and problem identification (Adapted and modified from Gorry & 

Scott Morton, 1971) 
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In figure 3., the decisions below the horizontal dividing line are structured decisions, 

which can be made using previous guidelines and algorithms to solve them.  Today, 

there exist information systems for solving structured problems. The decisions 

above the dividing line are semi-structured and unstructured decisions, which 

require different kinds of information and predictions for the future. To break down 

the model, the three aspects of Anthony’s model are examined first, followed by the 

additional features introduced by Simon, presented in Gorry’s and Scott Morton’s 

study in 1971. 

 

Strategic planning: 

 

“Strategic planning is the process of deciding on objectives of the organization, on 

changes in these objectives, and on the policies that are to govern the acquisition, 

use, and disposition of these resources” (Scott Morton, 1971, 7-8). In other words, 
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strategic planning focuses on setting the mission of the organization and the 

resources to achieve it. This creates predicaments for planning in two ways. First, 

planning successfully would require being able to predict the organizations and its 

environment’s future accurately.  Secondly, the issues occurring in the planning 

process are highly complex in nature and are handled in a very irregular manner, 

which makes qualifying the decision-making process challenging. (Gorry & Scott 

Morton, 1971) 

 

Management control: 

 

“The process by which managers assure that resources are obtained and used 

effectively and efficiently in the accomplishment of the organization’s objectives” 

(Scott Morton, 1971, 7-8). Management control transpires in the context created for 

the organization in strategic planning, it contains interpersonal interactions and its 

objective is to guarantee that everything done in their business activities is fulfilled 

in an effective and efficient way. (Gorry & Scott Morton, 1971) 

 

Operational control: 

 

“The process of assuring that specific tasks are carried out effectively and efficiently” 

(Scott Morton, 1971, 7-8). The main difference between the last two categories is 

that tasks in operational control are detailed in managerial control, hence 

operational control is task-specific controlling the given tasks. Whereas managerial 

control is more people specific focusing on the task goals and resources, leaving 

less judgment on operational control’s performance. (Gorry & Scott Morton, 1971) 

 

Academics (for example Gorry & Scott Morton, 1971; French & Papamichail, 2003) 

argue that even though distinctions between the three categories are not clear all 

the time, they offer a good framework for the analysis. All of the categories require 

different types of information for the managers’ decision-making. It is apparent that 

strategic planning and operational control represent two opposite sides in the model, 

as strategic planning is concerned with decisions regarding the complex future, 

whereas today’s information is not enough to create the knowledge required for 
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making complex decisions. Tasks in operational control tasks have different 

information needs, as they require narrow, specific and often historical information 

in order to be able to perform successfully.  

 

Coming back to figure 3. and the three aspects based on Simon’s (1960) ideas are 

seen in the vertical line. The additional aspects are worth regarding as they describe 

the nature of the problems managers are confronting. The problems are identified 

as structured, semi-structured and unstructured problems. Structured problems 

usually to have standards identify the problem and they follow previous guidelines 

in solving it or use existing algorithms to solve the issue. In contrast, unstructured 

problems usually do not have any past occurrences or means to solve them and 

require a large amount of complex information to be solved effectively. The third 

group, labeled as semi-structured problems, falls in between the two others. As an 

example of the strategic decisions, structured decisions can, for example, be 

concerning dividend choices, semi-structured decisions concerning business 

forecasting and unstructured decisions concerning E-commerce.  

 

Another view to separate different types of decisions is considering the time-span 

of decision-making. Basically, strategic decisions are expected to take a longer time 

to gather evidence, ponder the options and decide, than operational decisions. 

Therefore, it is concluded that the longer the time-span of the decision is, the more 

unstructured it is presumed to be. When observing decisions focusing on their time-

span, it can be understood that one of the factors that can lead to strategic decisions 

being ineffective is that they take too much time. (French & Papamichail, 2003).  

 

This is the environment strategic decision-making is typically still facing today, 

(Calabretta, Gemser & Wijnberg, 2017) a combination of semi-structured and 

unstructured problems, which can be even more wicked and complex than before 

(Courtney, 2001). A lot has changed from the 60’s in regard to the ways of 

confronting those problems. The effects of the information era and developments 

with information systems and other decision support techniques are reviewed in 

section 2.2. 
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2.1.1. Different approaches  
 

The cognitive factors that affect decision-making are discussed here. These are the 

decision makers’ personal aspects that affect their ability to make decisions – for 

example, their attitude towards taking risks, their personal values and preferences, 

as well as the decision maker’s ability to conduct extensive calculations required for 

decision-making. As has been described in psychology studies concerning 

individual choice there are several cognitive, informational, temporal, and other 

limitations which affect the decision-making individuals do. These effects can be 

shown in systematic errors and biases in ruling and choice. (Milkman, Chugh & 

Bazerman, 2009; Dane & Pratt, 2007; Payne et al. 1992) However, although 

psychologists have a similar interest in human behavior as economists and 

management studies, they often have a different view on which theories to base the 

decision-making behavior studies on. Economist usually base decision-making on 

rational choice and consistency but have also taken influence from psychologists, 

who often perceive decision-making being affected by limitations such as time, 

limited information and cognitive insufficiencies (Sterman 1987). Although the 

visions differ from one another they are not seen as opposite sides. Rationality and 

cognitive approaches do not limit each other (Sadler-Smith & Shefy, 2004) and as 

it becomes evident after their analysis, neither should not be excluded. 

 

Rationality 

 

Rational responses to decision-making problems in organizations have been 

traditionally solved with a rational analysis of the issue. In a simplified manner, it can 

be summarized to a process of steps, where information of the situation is gathered, 

organized, analyzed and interpreted, alternative directions are formed and from 

those, a logical choice is made. (Sadler-Smith & Shefy, 2004) The importance of 

information and data plays a significant role in the rational analysis and in the most 

extreme definitions decisions are to be made only based on proven facts. Rational 

analysis can confront some of the problems cognitive factors create, as Baer, Dirks 

and Nickerson (2012) studied how different managers can have biases that affect 

negatively in their decision qualities, for example. 
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Empirical research has proven that a rational approach can be applicable in stable 

business environments, where acquiring and analyzing information is relatively 

simple and the conditions of the decision are not rapidly changing. However, it has 

been discovered that a straightforward rational approach is usually not suitable for 

the strategic decision-making setting, where the environment is volatile and the 

need for information differs greatly from the operational settings. Bounded rationality 

in the context of strategic decision-making, originally formed by Simon in the mid 

50’s, takes place (Khatri & Ng 2000; Hayashi 2001; Sadler-Smith & Shefy 2004; 

Mintzberg, 1994; Harper, 1988; Simon, 1957). The problems of bounded rationality 

in strategic decision environment are summarized as follows: (Khatri and Ng, 2000; 

Sadler-Smith & Shefy, 2004) 

 

1) Collecting and analyzing data has time limits due to the need for making fast 

decisions and the humans’ capabilities in processing the collected data 

2) The environmental complexity requires large amounts of different data to be 

understood comprehensively 

3) The gathered data is subject to unreliability due to the rapidly changing nature 

of the environment. There is a risk that the collected data can become 

obsolete before a decision is made 

 
As can be seen, bounded rationality expresses the limited ability to comprehend 

every relevant detail in a timely manner, even if they would eventually become 

available to the management. During recent decades, scholars have identified the 

lack of diversity in decision-making research in management sciences. They have 

understood that even though rational decision-making is a good base for theoretical 

thinking, management sciences must account the nature and effects of non-rational 

decision-making managers make in organizational contexts. (Dane & Pratt, 2007) It 

has become relevant to understand what aspects drive the decision makers in 

organizations and what type of challenges are faced in making successful decisions.  
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Intuition 

 

Topics including emotion, imagination, heuristics and insight have been examined 

in the decision-making processes, but one of the most prominent notions in 

decision-making studies besides rational analysis is intuition, often described as the 

combination of experience, judgment and ‘gut-feeling’. Gut-feeling is defined in 

multiple studies as the effect how intuition occurs in a decision maker (Harper, 1988; 

Mintzberg 1994; Khatri & Ng, 2000). Intuition occurs differently from rational analysis 

since it usually does not follow linear, logical steps that could be explained and 

replicated. It is also considered to be faster, since using intuition evades the need 

for gathering information and following specific steps. (Dane & Pratt, 2007; Simon, 

1987) Intuition plays an important role especially in strategic decision-making 

studies (Calabretta et al., 2016; Elbanna, 2006) thus this research focuses explicitly 

on the comparison of intuition and rationality.  

 

In previous studies relevant for management sciences it is suggested that intuition 

should be used carefully as a basis for analysis in a stable business environment, 

but its value becomes higher in a complex and unstable environment, particularly in 

strategic decisions. (Kathri & Ng 2000; Hayashi 2001; Sadler-Smith & Shefy 2004; 

Mintzberg, 1994; Harper, 1988) Strategic context can cause latency in the decision-

making process and it has been argued that using intuition as a resource can lead 

to faster decisions and help decision makers to cope with uncertainty (Calabretta et 

al. 2016; Dane & Pratt 2007; Sinclair 2005). Previous research indicates that faster 

decisions have been evidenced to lead to better outcomes (Eisenhadt, 1989). The 

premises behind the statement is that decision makers who make fast decisions use 

the information that is available at the moment, rather than planning the decision 

and gathering information from the past too. This implicates that real-time 

information based decisions lead to better organizational performance. 

 

Comparison between rational analysis and intuition 

 

Khatri and Ng (2000) not only found that top managers often use intuition as a base 

for their decision, but they also noted that it is an important aspect of fulfilling 
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organizations’ strategic plans. However, there are multiple different views among 

scholars whether to rely on rational decision-making or intuition. Some academics 

believe rational analysis should be the aim (Cabantous & Gond, 2011; Callon, 2009) 

and many believe intuition and rationality should not exclude each other, but rather 

be used simultaneously (Calabretta et al., 2016; Kathri & Ng 2000, Sadler-Smith 

2004, Sinclair 2005). They see how both complement each other, rational decision-

making being accurate and intuition helping in complex, innovative decision-making 

environments where rational analysis is too slow and time-consuming (Dane & Pratt, 

2007) Strategic decisions often relate to new problems and ideas. Intuition 

encourages decision makers to cope with uncertainty and to innovate solutions in 

new environments (Miller & Ireland, 2005; Hodgkinson, Sadler-Smith, Burke, 

Claxton & Sparrow, 2009). Perhaps due to these reasons, for example, Khatri and 

Ng (2000) suggest intuition should be the base for strategic decision-making 

because a rational analysis is not suitable on its own.  

 

Because rationality and intuition are fundamentally very different and there is a 

debate over how they should interplay together in strategic decision-making, figure 

4. below aims to present the optimum between the two. Based on figure 3., figure 

4. proposes additions to the model in the form of the approaches by which decisions 

are made according to studies in this subsection. As shown in figure 4., operational 

activities with structured information should be done rationally (as the letter ‘R’ 

suggests). Managerial activities and strategic planning face different needs for 

information and happen in an unstable environment, which requires that decisions 

are based using intuition (letter ‘I’) when there is a lack of relevant technology which 

would enable rational decision-making. It is important to note that rationality and 

intuition should and could not be separated entirely. Even the most rational decision 

processes have intuitive aspects and even when using solely intuition there are 

some rational facts behind those decisions and where the intuition stems from 

(Sadler-Smith & Shefy 2004). The model in figure 4. is simplified to highlight the 

differences and preferences for different managerial activities and information 

needs.   
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Figure 4. Decision-making approaches in different management activities  
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The debate between rationality and intuition or the mix of the two is leaning toward 

a mix of rationality and intuition in strategic decision-making (Calabretta et al. 2016). 

The problem with rationality is its inefficiency and lack of accuracy in complex 

strategic contexts. It would require a growing amount of data gathering and data 

analysis for the decision maker to be able to make a somewhat rational decision. 

This raises a question; what happens to intuition when big data emerges and 

improves rationality in strategic decision-making? Bonabeau (2003) argued that 

intuition is supported too much by scholars giving management a false sense of 

confidence using intuition as a basis for strategic decisions. He stresses that with 

up-to-date technology highly complex situations should be evaluated using relevant 

tools, rather than intuition.  
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2.1.2. Hierarchy and decision process 

 

Hierarchy and processes partake an important role in decision-making, as they 

govern who among the organization is allowed to make certain decisions. Therefore, 

it creates the social context of the organization by defining the power structure 

among the employees of organizations and clarifying the roles of each employee 

and their positions in the organizational environment. Hierarchy differs in different 

organizations and there are multiple aspects in a business environment that have 

an effect on what kind of hierarchy or a level of bureaucracy is experienced in 

organizations. For example, organization size, its complexity, culture, competitive 

landscape, management’s vision and risk tolerance are factors that affect the 

hierarchy. (Urwiler & Frolick, 2008)  

 

Mintzberg (1989) has defined the two fundamental directions as centralization and 

decentralization. Centralization has been seen as the optimal hierarchy structure 

(Diefenbach & Sillience, 2011). It is also known as the top to bottom strategy in 

decision-making and strategy planning, where the power remains at a specific point 

or level in the organization. Its advantage is the strong control it provides for the top 

management to keep track of the decision-making. The second direction, labeled 

as decentralization, is the opposite where the decision power is distributed to 

several people instead of one body in the organization. Its advantage is the same 

as using groups instead of individuals in decision-making. It allows more than one 

brain to tackle the issues and provide different visions. (Diefenbach & Sillience, 

2011; Mintzberg,1989)   

 

The trend in hierarchy structures has transformed in business practices from the top 

down model a to more divided decision-making during the last decades (McAfee & 

Brynjolfsson, 2012; Diefenbach & Sillince 2011). Companies are trying to find the 

most efficient structure, which leads to better performance. Recently, in today’s 

complex environment shared decision-making has been seen as the better option. 

Although decentralized decision-making is seen as a loose form of hierarchy, 

hierarchical structures can still prevail in the organization as a result of the historical 

progress of organization hierarchy or even the needs arising from the organizations 
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business model. (Oberg & Walgenbach, 2008; Ekbia & Kling, 2005; Diefenbach & 

Sillince, 2011) Even when hierarchical structures might prevail unintentionally, the 

organization should not try to intentionally diminish them completely. Halevy, Chou 

and Galinsky (2011), as well as Magee and Galinsky (2011), remind that 

organizations should not loosen their hierarchy too much. They advise that 

hierarchy has a role in an organization’s success because it creates a rewarding 

environment among the employees, motivates through incentives, creates meaning 

through power, reduces conflicts and improves coordination and cooperation.  

 

Hierarchy is often shown in decision processes. Baer et al. (2012) conclude that 

because strategic decision-making is not a skill that is easy to teach and spread 

through different decision makers, organizations are able to obtain a competitive 

advantage by being early adopters of a technique designed to support decision-

making by ruling out biases. To observe such techniques, the focus can be in the 

decision processes, since the effects of the techniques are realized in the decision-

making process. As rational analysis follows a certain process and steps that can 

be traced, such processes are examined here. Also, as it is suggested to aim to rule 

out biases, a certain rationalization is assumed to take place, thus observing rational 

decision-making process is fitting.  

 

A typical decision-making process consists of identifying a problem, seeking 

information for the decision, evaluating solutions, choosing an alternative and finally 

implementing the plan and evaluating the outcomes. Figure 5. below demonstrates 

a process, which is typical in a technical decision support environment. Decision 

support techniques attempt to resolve the decisions, which need semi-structured 

information (Courtney, 2001). A decision support system could be one example of 

a supporting technique to avoid biases (Baer et al. 2012) by using rational analysis 

to attack semi-structured problems of organizations.  
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Figure 5. The conventional DSS decision-making process (Courtney, 2001) 

 

 

 

When new techniques are introduced to decision-making, it can have an effect on 

the process, as shown in figure 5. there are rational analyzing aspects in the middle 

steps due to the new technologies decision support systems being introduced. More 

of the effects brought to decision-making by current technologies are discussed in 

subsection 2.2.  The decision process is important to take as a part of this theoretical 

framework since it helps to understand how all the other elements affect different 

steps of the process. For example, hierarchy dictates which employees participate 

in the process. Decision-making process also has a practical importance, as Dean 

and Sharfman (1996) found that strategic decision processes are related to a 

decision’s success and following certain steps in the decision-making process can 

lead to better outcomes.   

 

2.2. The rise of data-driven decision-making 

 

Traditional decision-making theories and models come from before the 20th century. 

They give an understanding of how decisions are made by management and what 

aspects affect the process. Even in traditional strategic decision-making, using data 

to support decisions took place, usually in narrow contexts (Constantiou & 

Kallinikos, 2015). Correspondingly, decision-making in the interest of academia and 

business nowadays is circling around information systems and different technical 

decision-making tools. The ability to share information instantaneously has 

developed strategic decision-making to a large extent. Shim et al. (2002) argue that 

in decision-making, one of the most noteworthy movements during digitalization has 
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been the evolution from individual computers to the widespread web of 

interconnected telecommunication means we have today. It has changed the way 

how organizations can store, handle and distribute information internally. 

Information systems are a norm nowadays and there is a constant search for better 

tools for organizations complex decision-making (McAfee & Brynjolfsson, 2012; 

Sinclair, 2005). 

 

Information age and digitalization have changed the basis for decision-making from 

previous models. The developments to the internet, information storage and 

acquisition, information accessibility and the ability to share it along with many other 

developments in the creation of the interconnected web have completely renewed 

the decision-making environment. (Constantiou & Kallinikos, 2015) It has enabled 

making more informed decisions in the complex environments, where decisions 

require semi-structured information and where there is a need for organized 

decision-making processes and ways to handle information (Saaty, 2008).  

 

Today the focus on decision-making is in rational data-driven approaches (Sinclair, 

2005; McAfee & Brynjolfsson, 2012; Power, Burstein & Sharda, 2011, Akbay, 2015). 

The term analytics is often used to describe a data-driven approach to decision-

making (Fisher, DeLine, Czerwinski & Drucker, 2012). Different decision support 

technique studies covering decision support systems – a branch of information 

systems (Power et al., 2011), IS studies and analytics have enabled the quality and 

quantity of information that can be used for semi-structured problems. The use of 

relevant information can provide means for more rational approaches and ease the 

uncertainty in strategic contexts (Citroen, 2011). These tools have a clear effect on 

decision-making as teams and departments can share their relevant information and 

make more informed data-driven decisions. Organizations can spread their 

information between different departments and other organizational boundaries. 

This evolution has also affected the movement from centralized hierarchy to 

decentralizing hierarchy structures (Constantiou & Kallinikos, 2015).  

 

Furthermore, to improve the effectiveness of strategic decision-making, the 

emphasis is on the information systems’ and data analytics’ ability to have the right 
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kind of information at the right place. The purpose is to solve the problems of rational 

analysis in a complex decision-making environment. DeLone and McLean (2003) 

discovered that one of the most prominent usages of information systems in 

organizations is to enhance decision-making. As predicted, information systems, 

especially decision support systems have been able to improve semi-structured 

decision-making alongside operational improvements. There are numerous tools for 

attacking semi-structured problems, such as spreadsheets, group support systems 

and knowledge-based systems. They all stem from the idea of accessible 

information for everyone involved in the decision-making. (Courtney, 2001) When 

decision-making is focused more on technologies and technical aspects are in the 

essence, it is logical that technical and data related capabilities in organizations are 

estimated to be on the rise (McAfee & Brynjolfsson, 2012).  

 

The possibilities of data-driven decision-making are demonstrated in figure 6. 

Progress in the information system and decision tools have enabled organizations 

to base their managerial semi-structured problems on current information, and 

therefore eliminate some of the barriers experienced before, when conducting a 

rational analysis. Data-driven approach improves decision-making by ruling out 

uncertainty (McAfee & Brynjolfsson, 2012). Now organizations can base their 

managerial decisions on data and rely on rational analysis (R) with information 

systems (IS) and decision support systems (DSS). (Turban, Aronson & Liang, 2005) 

Intuition (I) should still be used at least in strategic decision-making, as established 

by the theory. Even in DSS theories stated that decision support techniques were 

originally developed to be a tool which will connect computers and humans in 

decision-making (Arnott & Pervan, 2005). Here can be seen that the development 

in recent decades has led to the shift in the balance between intuition and rationality.  

However, even the most recent studies still believe that both should be used in 

strategic decision-making (e.g. Wang et al. 2016; McAfee & Brynjolfsson, 2012). 
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Figure 6. Developments of information systems in decision-making 
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Although information systems and data analysis brings new advantages for 

decision-making, they also bring new type of challenges. For example, it can be 

pointed out that information systems and even data analysis, which can dig deeper 

with large amounts of information, cannot provide enough information for strategic 

and some managerial problems. The amounts of information are too scarce and 

technical barriers exclude possibilities to increase it in information systems. The 

data typically used in information systems and data analysis is structured in nature 

and academics and practitioners claim the need for unstructured information as well 

when dealing with strategic decisions. Thus, in the long run, information systems 

alone provide little to no help for highly complex strategic decisions. (Courtney, 

2001)  

 

At first, the problems in strategic decision-making revolved around accessing the 

right kind of information fast enough. The utilization of different information systems 
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and data analysis aim to improve decisions but are not capable of providing 

comprehensive data-driven decision-making, which many scholars believe to be the 

best practice. The problems at data-driven organizations lie in the quality and 

quantity of the available information. Enter big data.  
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3. Big data in managerial use 

 

Using big data is clearly a trend among scholars and practical business 

environments, possibly even more than a trend as McAfee and Brynjolfsson (2012) 

describe it as a management revolution. It answers the demand for information in a 

distinguishable way and might just be what solves many of the problems in 

managerial decision-making. To understand the available possibilities exploiting big 

data in managerial use, particularly enhancing decision-making, the concept of big 

data is examined next. During this chapter, the different uses of big data are 

presented along with the benefits organizations can gain from big data.  

 

3.1. What is big data? 

 

Separating big data from so-called ‘small data’ has been identified by scholars but 

is still lacking a unified definition due to the only recently found interest among 

academics. To understand big data better, it is often compared to commonly 

understood description of data, now seen as ‘small data’. Small data or analytics 

1.0, as Davenport (2013) defined, occurred with information systems. Data sets are 

small, stagnant and require much time in preparation (Davenport, 2013). Small data 

is also typically structured and gathered merely through transactions (Akbay, 2015). 

To shed light on defining big data and how it differs from the presented aspects of 

small data, this study has gathered different descriptions in line with Fosso Wamba’s 

et al. (2015) literature view on big data studies. The characteristics of big data are 

examined below in order to attempt to make a more educational definition of the 

matter. 

 

Several academics use a concept of ‘Vs’ to describe the characteristics of big data. 

The core of the ‘V’ concept is 3Vs, Volume, Velocity and Variety (McAfee & 

Brynjolfsson, 2012; Gartner, 2012; Kwon & Sim, 2012; Russom, 2011) it is said that 

these attributes differentiate big data from what is commonly known as data and 

analytics. Others (Forrester, 2012; Oracle, 2012) accepted this context and found 

the need for a fourth ‘V’, Value, to fulfill the concept. It has also been suggested by 
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White (2012) that Veracity should be added as a fifth ‘V’. To understand and express 

big data better, as of this day there are 7 different ‘Vs’ found by Sivarajah et al. 

(2017) adding Variability and Visualization to the five existing characteristics. As the 

concept of ‘Vs’ is acknowledged by several scholars and it emphasizes the 

significant characteristics of big data, it is used as a description in this study and is 

be clarified next in more depth. 

 

• Volume refers to a ‘larger than ever’ amount of data-sets. More specifically, 

it means data-sets of terabytes, petabytes and zettabytes of data and even 

more. It is stated that in the year 2012 2.5 Exabyte of data are created every 

day and the number is continually doubling in just a little over three years. It 

is estimated that Facebook is able to produce over 500 terabytes of data 

every day and to top that Walmart is estimated to collect over 2.5 petabytes 

of data hourly from its customer transactions. (Sivarajah et al 2017; McAfee 

& Brynjolfsson, 2012) To understand the magnitude of the amount of data 

that, for example, Facebook creates can be examined through a comparison. 

An average laptop holds between 500 gigabytes to 1 terabyte of storage. By 

that premise, it can be concluded that Facebook creates the amount of data 

that 500-1000 laptops can take in on a daily basis. 

 

• Velocity in big data usage allows making real-time or almost real-time 

observations and decisions. As data sets can be processed nearly 

simultaneously upon their creation, it enables organizations to be extremely 

agile. (McAfee & Brynjolfsson, 2012) The possibilities of big data’s real-time 

nature open up new opportunities for organizations as the real-time data 

allows reaching out to customers in personalized ways immediately whilst at 

the same time providing the organization reliable information about 

customers’ current actions. (Gandomi & Haider, 2015). Velocity also creates 

challenges. For example, making fast decisions based on real-time 

observations should not affect the respect for the other V’s about big data.   

 

• Variety of big data sources today is immense. All the amounts of data that 

volume section highlighted are captured in different forms and sources. They 
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can arise from texts, videos, audio, tweets, GPS signals from cellphones, to 

name a few sources and forms. Many of these sources and forms are not 

even 10 years of age, which stresses the novel nature of big data. It also 

explicates where the volume of data has recently proceeded from. Another 

important notion about variety is that due to its characteristic, big data is 

usually in an unstructured form and thus cannot be stored and processed in 

the same databases as structured knowledge. (Sivarajah et al. 2017; Zicardi, 

2014; McAfee & Brynjolfsson, 2012) On the contrary to structured data, big 

data is collected through interactions. For example, organizations can find 

customers clickstream before and after visiting the company’s website and 

see what they did before, during and after the visit. (Akbay, 2015) 

 

• Value in its simplicity evidences the possibility of economic gains from big 

data and it should be extracted from it. The value that exists in big data is 

believed to be located if the data is handled correctly. As an example, a 

stream of social media comments can be found valuable if the knowledge 

from that data is put into a useful form to understand, to patterns, for example. 

In comparison, just one independent comment can and should be regarded 

as irrelevant when looking at wider business decisions. (Sivarajah et al., 

2017; Perera, Zaslavsky, Christen, & Georgakopoulos, 2014) 

 

• Veracity was added to the ‘Vs’ to put emphasis on the quality of data and 

data sources (White, 2012). Sivarajah et al. (2017) argue that it is more than 

just about the quality of data and essentially denotes understanding the data. 

Poor data does not bring good results, regardless of good decision 

processes. Many big data sources involve human interaction, which can 

potentially undermine the quality of the information. These sources can be 

social media comments and customer feedback, for example. Veracity 

indicates the irregular nature of data and data sources and necessitates 

finding ways to successfully dismiss the biases, doubts, imperfections, 

fabrications, messiness and misplaced evidence found in the data. (Akerkar, 

2014, 109; Zicari, 2014, Sivarajah, Irani & Weerakkody, 2015) 
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• Variability is an important feature in big data and should be noticed. It 

focusses on the characteristics of a dataset, which has a changing nature. 

Sivarajah et al. (2017) explained it well saying “For instance, Google or 

Facebook repository stores and generates many different types of data. At 

the same time, if from these different types of data, one of them is brought to 

use for mining and making sense out of it but every time the data offers a 

different meaning – this is variability of data – whose meaning is constantly 

and rapidly changing.” The variability can stem from a wording of a sentence, 

for example. One word can mean different things regarding the context it is 

used in, which is why the algorithms used to make sense of big data should 

recognize the context (Zhang et al., 2015) 

 

• Visualization becomes exceedingly important when it comes to decision-

making and to managers handling the information from big data. It means 

presenting the data in a fashion that is understandable and useful. The key 

findings from big data are presented with visual formats to make them more 

readable than sheets of data. There are various tools made for big data 

presentation but as the business is still young the applications are facing 

some challenges. (Sivarajah et al. 2017; Chen and Zhang, 2014) Facebook’s 

timeline is an example of a visualization tool, though big data is so complex 

it is not as simple to put in a visual form (Wang, Xu, Fujita & Liu, 2016).  

 

With all of these key aspects to take into consideration, how should big data be 

defined? In table 2. are listed some definitions from different researchers, whilst all 

of them are true, the latter is the most comprehensive account of the distinctive 

characteristics found above. Even though different studies and different situations 

require emphasis on particular ‘Vs’ the last definition is a good generalization.  
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Table 2. Definitions of big data 

Author Definition 

Fisher, DeLine, Czerwinski 

& Drucker, 2012 

Data that cannot be handled and processed in a 

straightforward manner 

Havens, Bezdek, Leckie, 

Hall & Palaniswami, 2012 

Data that you cannot load into your computer’s 

working memory 

Jacobs, 2009 Data that is too large to be placed in a relational 

database and analyzed with the help of a desktop 

statistics/visualization package – data, perhaps, 

whose analysis requires massively parallel software 

running on tens, hundreds, or even thousands of 

servers 

De Mauro et al. 2016 Big Data is the Information asset characterized by 

such a High Volume, Velocity and Variety to require 

specific Technology and Analytical Methods for its 

transformation into Value 

Fosso Wamba et al. 2015 Big data is a holistic approach to manage, process 

and analyze 5’ Vs’ (i.e., volume, variety, velocity, 

veracity and value) in order to create actionable 

insights for sustained value delivery, measuring 

performance and establishing competitive 

advantages 

 

 

Fosso Wamba et al. (2015) determined the definition for 5 ’Vs’ and it could be 

concluded that the later added two additional ’Vs’ can be included in the definition. 

 

3.2. Why and how to use big data 

 

By now, the potential to use big data in business purposes has spread to every 

sector (Turner, Schroeck & Shockley, 2013). It is used within healthcare, public 

sector, retail, and manufacturing (Zicardi, 2014; Boyd & Crawford, 2012). Of course, 

one of the biggest users of big data are information organizations, born as digital 
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companies. Yet, today the usage does not limit only to information organizations, as 

Davenport (2013) suggests that big data should and can be applied to business use 

in every organization regardless of their industry. Davenport (2013) even suggests 

that when viewing the innovations of a few industry leaders, it can be spotted that 

there is a new wave of big data usage forming and it targets especially 

organizations’ strategic cores (McAfee & Brynjolfsson, 2012). With big data 

analytics, it is possible to predict impending demand and therefore estimate and 

choose organizations’ future activities and processes based on the data. These 

actions can be regarding sourcing, supply chain network design, product and 

service development, for example (Papadopoulos, Gunasekaran, Dubey & Fosso 

Wamba, 2017; Davenport, 2013).  

 

There is empirical evidence on how big data analytics can be the source of 

competitive advantages for an organization, increase their return on investments, 

enhance productivity, and of course, decision-making (Fosso Wamba et al. 2015; 

Zicardi, 2014; Davenport, 2013). Zicardi (2014) found that one of the most effective 

applications for big data is actively leveraging the data that organizations generate 

themselves and also acquire it from other sources. Yet, a certain effective way to do 

so has not been established, but merely being able to handle such large datasets 

of complex data and understand their interactions can present the organization new 

insights. Data can be gathered from many different sources internally, externally, 

from online and offline data, social and personal data in the form of customer 

behavior, global location data, social media actions –  just to name few of the most 

noted data sources. (Zicardi, 2014; McAfee & Brynjolfsson, 2012) With this new 

variety of data, predictive implications about future can be made and actions taken 

(Davenport, 2013).  

 

Davenport (2013) divides the formation of business analytics into three sections. 

Analytics 1.0, or small data, is the era of business intelligence and information 

systems. Analytics was heavily reliant on different computing technologies and data 

analytics was in a supporting role in the organizations’ decision-making, often 

validating decisions after they had been made. The second section, analytics 2.0, 

introduced large volumes, varieties and other characteristics of data, in the era of 
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big data, following the V’s definition. Because the techniques from the analytics 1.0 

did not apply, the new era required new techniques, such as Hadoop, an open 

source software for (big) data processing and new types of databases. The analytics 

2.0 targeted operational issues, replacing human decision-making with automated 

algorithms, for example (Fosso Wamba et al. 2015). Lastly, the current era of 

analytics 3.0 is targeting decision-making, not only on the organization’s internal 

issues but also in strategical problems. Everything is quantifiable and usable for the 

purpose of customer and market satisfaction through strategic actions. (Davenport, 

2013)   

 

How does big data balance with analytics 1.0 that has been around for decades? It 

has been said that the algorithms have stayed relatively similar during the last two 

eras, but the amount and quality of data has increased (McAfee & Brynjolfsson, 

2012). Even though big data has brought new techniques and new needs from 

organizational structures (these are discussed more in the next section of the study) 

the old existing infrastructures are not downright useless. It is enough for 

organizations to only have big data in their use, but the organizations whom 

transform from analytics 1.0 to 2.0 and even 3.0 can create a combination of the 

different infrastructures. This shift from different starting points to analytics 3.0 has 

created the demand for services and solutions helping the organizations to make 

the shift. There exist companies that offer these solutions as B2B services for 

organizations struggling with the changes. (Davenport 3.0) 

 

It could be said that every type of data is usable at least for today’s leading data 

expert organizations, but not all data is useful. Whether the data is useful is up to 

the organizations to resolve. (De Mauro et al., 2016) An examination of the four 

themes found with big data analytics is presented next, providing a better 

understanding of the practical implications presented in this subsection. 
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3.3. The main themes of big data 
 

To understand how all of the big data’s characteristics affect its use in the business 

environment and how they are linked to the reasons big data is used, the four 

themes prevailing in big data studies, found in De Mauro’s, Greco’s and Grimaldi’s 

(2016) literature review, are reviewed next. This study will link the big data 

characteristics to the respective themes they affect.  

 

Information is the real fuel for the current big data phenomenon according to De 

Mauro et al. (2016) even though the focus is often on large datasets organizations 

are creating and gathering. It can be realized that the motivation for using big data 

comes from the gained information that successful organizations are able to turn 

into knowledge and wisdom. That trail is possible because of the volume, velocity, 

and variety of big data, which provide new insights that would otherwise be 

overlooked. Even though data is everywhere, it can be problematic to acquire the 

right data needed for turning into useful information. Fosso Wamba et al. (2015) 

found that the second greatest issue with big data within earlier studies is accessing 

data presenting 28% of all the studies they reviewed. Even though the leading big 

data organizations do not experience data acquisition as the most critical challenge 

(LaValle et. al 2011), organizations starting their big data initiatives find this to be a 

major challenge (Fosso Wamba et al., 2015; Davenport, 2013) The data sources 

are so varied that identifying quality data and maintaining comprehensiveness in the 

data coverage requires skilled people specifying on those issues. (Zicardi, 2014; 

McAfee & Brynjolfsson, 2012) Davenport and Dyché (2013) point out that large 

organizations are often used to the large volumes of data and for them, the focus is 

usually on variety and finding relevant insights based on it.  

 

Technology is a central theme when dealing with big data, as handling big data at 

the right speed requires new kinds of technologies than have been seen before. It 

is pointed out that traditional information technology systems cannot perform in that 

way. Technology is associated mostly with the volume, variability, and velocity of 

the data. Commonly used open software framework Hadoop, originally developed 

by Google, is offered commercially to organizations for tackling the challenges 
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arising from different needs for technologies. (De Mauro et al. 2016; Davenport 

2013) To face the challenges technical barriers created, today’s technologies 

associated with big data have formed different combinations of techniques in 

organizations. Existing technologies are combined with big data analytics tools. 

There is not only one solution for handling big data as options have widened and 

new technologies are constantly under development. The challenge to the most 

evolved organizations is to combine operational and strategical needs while 

simultaneously sustaining efficient methods for processes. (Davenport, 2013)  

 

Methods refer to the techniques for processing big data that go beyond the usual 

statistical procedures. Complex unstructured data needs not only appropriate 

analytical methods but also new types of skills and competence from the analysts 

to be able to gather useful information from the data streams. As Manyika, Chui, 

Brown, Bughin, Dobbs, Roxburgh & Byers (2011) point out, there is an educational 

gap for these kinds of individuals, who can master technological skills and identify 

connections in a search for information. Here the volume, variability, veracity, and 

visualization of data becomes increasingly important. The vast amounts and 

mixtures of data need to be turned into information, which is easily understandable 

and transferable in the organization. (Zicardi, 2014). Data analytics is not as static 

as it has been before since information needs to be derived and utilized fast while it 

is relevant. (De Mauro et al. 2016) 

 

Besides requiring new talents and finding the best models for analysis, challenges 

occur when big data is integrated into the processes of organizations in hopes of 

faster and more impactful processes. This ‘forces’ organizations’ decision makers 

to make data-driven decisions (Davenport, 2013). Thus, cultural changes are 

needed and employees around the organization have to be educated about big data 

practices (De Mauro et al. 2016; Zicardi, 2014). It is often required to gain extended 

IT knowledge within the business decision makers (Davenport, 2013). Manyika et 

al. (2011) pointed that data policies have to be regarded when forming methods and 

is also regarded within the last theme, impact.  
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Impact is a wide theme which indicates how big data has different impacts on 

multiple different fronts. The relevance for this study is in the impact big data has on 

organizations. Businesses need to re-evaluate the way they make decisions and 

operate as widespread information is available and can be turned into a competitive 

advantage. The characteristic value is in the essence of big data’s impacts on the 

organization. Big data in itself does not create value, but when all the other themes 

are in order, value creation is possible (Zicari, 2014). The challenge is to detect, 

understand and react to different impacts occurring when using big data in different 

contexts. For example, how it affects decision-making when decision makers must 

embrace new skills and adjust to new ways of working. Davenport (2013) found that 

some leading companies focus more on change management than improving 

technical abilities, new methods or deriving information. Another impact worth 

mentioning is the impact on consumers. Growing usage of consumer data has 

created enormous pressures about privacy and safe ways to handle data (Manyika 

et al.  2011). Fosso Wamba et al. (2015) found that 9% of the studies they examined 

dealt with data policy issues.   

 

It is apparent that all the themes contribute to improving decision-making and thus 

are taken into consideration. However, the theme impact is the core of this study in 

the context of decision-making.  The impacts of big data focus on the managerial 

decision-making and emphases how big data needs to be comprehensively 

understood and integrated into organizations’ strategies. The following chapter will 

consider these factors about using big data and discover how they affect, challenge 

and change decision-making. 
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4. Integrating big data into decision-making 

 

After examining relevant issues about decision-making theories and introducing big 

data and its latest definitions, this study moves to integrate the two subjects 

together. Using big data to improve decision-making widely in the business world is 

a fairly new idea. It is such a comprehensive process that this study names it simply 

as big data decision-making (the term is also seen in Janssen et al. 2017; Mallinger 

& Stefl, 2015). There is an existing gap in the literature for studying big data 

decision-making as a process and especially on a strategic level. This section 

combines theories from both traditional decision-making and decision-making in big 

data studies, as well as the general aspects of big data found in previous studies. 

As there exist few studies that have emphasized the challenges and opportunities 

of big data decision-making, they are used as a foundation for this section of the 

theory part and will offer a framework for further analysis.  

 

One comprehensive research about big data in business use is a literature review 

+ case study from Fosso Wamba et al. (2015), in which they examine big data as a 

concept. In the study, they review multiple different types of big data studies and 

based on the studies they found, what types of value creation is possible from big 

data. Interestingly, most (28%) of the previous big data studies covered the topic of 

enhancing decision-making. 35 studies out of 125 focused on replacing/supporting 

human decision-making with automated algorithms. Upon closer examination, 

the majority of the 35 studies covered operational issues rather than strategic 

level decisions. However, this shows a trend indicating that decision-making 

improvements are seen as a core issue in big data research.  

 

The next three popular topics in studies were experimenting with big data to find 

needs, variability and improving performance, following the topics of innovation 

actions with big data and lastly, segmenting. All of these can be discussed at a 

strategic level in an organization and seen as strategic activities. Based on the 

studies Fosso Wamba et al. (2015) reviewed, strategic possibilities are seen but 
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the previous studies have narrowed the focus to specific strategic issues rather 

than the foundations of strategic decision-making. 

 

Next, the aspects of traditional decision-making theories are mirrored to big data 

studies. This is done in sections founded in decision-making theory, divided into the 

following subsections; different managerial activities, approaches to decision-

making and hierarchy. As a framework, this study uses a couple of the most relevant 

studies which relate to the topic of strategic big data decision-making in general, 

such as McAfee & Brynjolfsson (2012), Davenport (2013) and LaValle et al. (2011). 

To find conclusive observations, the most cited studies among the subjects of big 

data in different strategic activities are also taken into account (these include; Fosso 

Wamba et al. 2015; De Mauro et al. 2016 & Wang et al. 2016). 

 

The examination in each individual subsection follows the research questions from 

the point of view of the subsection’s decision-making aspect;  

 

• How are different aspects of decision-making affected by big data 

implementation? 

• What are the challenges that may occur in big data decision-making? 

• What are the possible adjustments required in organizations’ decision-

making practices to benefit from big data? 

 

4.1. Big data in different strategic activities 

 

Big data in organizations problem context is reviewed by examining how big data is 

and could be used in organizations strategic level. It was detected early on that 

strategic planning requires highly complex, unstructured information to be able to 

predict the future as accurately as possible (Gorry & Scott Morton 1971; Eisenhardt 

& Zbaracki, 1992). In strategic decisions, the key difference compared to operational 

decisions, is in the nature of information. Strategic decisions require information that 

is external, high in volume and its focused on the future. Filling this gap for the right 

kind of information with big data seems to be possible. Another impact big data has 

on a strategic level, is that it allows a faster analyzing of the wide masses of 
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information, which shortens the time-scope of strategic decision-making and 

highlights real-time decisions over taking time to forecast (Constantiou & Kallinikos, 

2015). Big data analytics can dig into the high volume of different information and 

make connections and understand patterns useful for strategic decision-making, 

which would be impossible using normal information systems and not as 

comprehensive with typical analytics using narrower data sources (Courtney, 2001). 

Big data can provide the information needed in a sufficient time limit (LaValle et al. 

2011).  

 

These benefits also create challenges to decision-making. Although the internet and 

internet-based tools have made decision-making more efficient and collective (Shim 

et al. 2002), strategic decisions are still seen differently than operational decisions. 

Many studies have found that the barriers in using big data are managerial rather 

than technical (Davenport, 2013; McAfee & Brynjolfsson, 2012; LaValle et al. 2011). 

LaValle et al. (2011) remarked that the lack of understanding how big data can help 

business and when management is not imposing its usage are the main challenges. 

Another thing is that the need for storing and handling big data are more complex 

than for structured data. Usual information systems cannot withhold the wide 

unstructured data and make sense of it (Kaisler, Armour, Espinosa, & Money, 2013), 

which transforms into a managerial challenge when new capabilities and talents are 

required from the employees Also, the information accuracy is important in decision-

making (Labrinidis & Jagadish, 2012) and the variety, veracity and variability of the 

data create a need for new skillsets for the decision makers. (McAfee & 

Brynjolfsson, 2012) The main challenges can be summarized as follows: 

 

• Exploiting big data in practice 

• New talents are required 

• Information accuracy  

 

Big data in itself can speed up the typically slow strategic decision-making process 

as large amounts of information from different sources can be analyzed at the same 

time. For top executives to trust and enforce big data knowledge can speed up the 

process further (McAfee & Brynjolfsson, 2012). Also, it highlights how important it is 
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to integrate IT knowledge with business knowledge. They point out that big data 

analytics is playing in a different field as typical analytics and thus talented 

employees are a scarce resource and organizations should focus on acquiring such 

talent and/or invest in training (Mayhew, Saleh & Williams, 2016; Davenport, 2013; 

Davenport et al., 2012; McAfee & Brynjolfsson, 2012; Bughin, Chui & Mayika, 2010). 

Lastly, understanding big data and the organization's big data methodologies are 

highly important among top executives (Mayhew et al. 2016). It is crucial for the 

management to aim to standardize big data processes and routinize them into the 

organization’s decision-making culture (Janssen, Van Der voort, Wahyudi, 2017) 

This way management is able to contribute to keeping the information accurate. 

Furthermore, data sources between different parties ought to be pooled for gained 

advantage and insights (Manyika et al. 2011).  

 

4.2. Big data and rationality 

 

Traditionally rational decision-making is seen applicable to decisions that occur in a 

stable business environment, where acquiring and analyzing information is relatively 

simple and the conditions of the decisions are rapidly changing. Consequently, it 

has been discovered that the straightforward rational approach is not suitable for 

the strategic decision-making setting, where the environment is volatile and the 

need for information differs greatly from the operational settings and bounded 

rationality takes place. When it comes to strategic decision-making the role of 

intuition as a basis for strategic decisions is emphasized in many different studies. 

Using intuition is approved on the grounds that it helps speed up the otherwise slow 

decision-making process, for example. (Dane & Pratt, 2007; Sinclair, 2005; Kathri & 

Ng 2000; Hayashi 2001; Sadler-Smith & Shefy 2004; Mintzberg, 1994; Harper, 

1988).  

 

The main reason for the approval of intuition in strategic decision-making could be 

that rationality seemed impossible in complex strategic environments. (Bonabeau, 

2003) The problems of bounded rationality were listed in the decision-making theory 

part of this study as follows; collecting and analyzing data requires too much time, 

the environment is too complex to make comprehensive insights from small 
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amounts of data and data sources are subject to become unreliable if the decision-

making takes too much time (Khatri & Ng, 2007; Sadler-Smith 2004; Simon, 1957). 

After examining the characteristics and themes of big data it is apparent that all 

three of the issues prohibiting rational decision-making in strategic level could be 

resolved to some extent with big data. Therefore, big data shifts the approach to 

decision-making from using intuition to relying more on rational analysis (LaValle et 

al. 2011) and many studies promote the organizations’ need to rely on data-driven 

decision-making, to make better decision resulting in improved impact (Davenport, 

2013; McAfee & Brynjolfsson, 2012; LaValle et al. 2011).  

 

The challenge of changing intuitive approaches to rational ones have an effect most 

of all to the people who use intuition in decision-making. These people are most 

often the top executives of an organization. McAfee and Brynjolfsson (2012) found 

that with big data there is no room for hunches and only intuition, thus organizations 

should trust data and incorporate data-driven culture into their decision-making. 

Challenges arise especially when intuition and data analysis lean toward different 

options. (McAfee and Brynjolfsson, 2012) In those situations, if the top management 

has a hard time trusting data, the distrust will easily follow to other employees as 

well (Mayhew et al., 2016). As mentioned above the accuracy of data shows its 

importance also here. The challenges of data-driven decision-making practices are 

simplified below; 

 

• Changing decision-making styles 

• Information accuracy 

 

To be able to change an entire decision-making culture in an organization, the top 

management needs to be on top of big data. Executives have to set an example to 

other employees by listening data, questioning the methodologies and accepting 

data-driven choices over their own intuition. (McAfee & Brynjolfsson, 2012; Bughin 

et al., 2010) This type of thinking during decision-making processes can lead to 

data-driven approach throughout the organization. Figure 7. Shows how the 

improvements in decision-making culture can affect decision-making. Big data 

allows the possibility of making rational decisions even in the complex, unsteady 
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I 

strategic environment, which requires unstructured information for decision-making. 

In contrast to what the figure might indicate, the purpose is not that every single 

decision is done only with rational analysis (R), it only demonstrates the possibilities 

big data has established for organizations. Nevertheless, Intuition (I) is seen as a 

vital part of strategic decisions and without it, deriving knowledge from big data 

would be challenging (Wang et al. 2016).   

 

Figure 7. Possibilities provided by big data in strategic decision-making 
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Hierarchical structures in organizations greatly depend on many different aspects. 
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making strategic decisions, organizations often rely on the top executives and other 

people who have great experience, keen observations and analytic skills. McAfee 

and Brynjolfsson (2012) call these the HiPPO’s (the highest-paid- person’s opinion). 

However, when big data enters the field, even the HiPPO’s should listen to it 

(McAfee and Brynjolfsson, 2012; Constantiou & Kallinikos, 2015). To be able to 

create better knowledge out of big data, domain experts are a critical asset for 

organizations. They are deeply familiar with a certain function or an area and can 

identify opportunities and challenges from their expertise. They are the ones that 

can help ask the right questions from data using intuition. (McAfee & Brynjofsson, 

2012) 

 

Another effect on hierarchical structures is that big data affects decision rights in 

organizations. Decision rights define who is able and responsible to make certain 

decisions and according to Schrage (2016), its importance has been growing since 

the rise of big data. The question becomes the following: who has the right to 

access, process and share data in organizations? Rational decision-making is often 

seen as a linear process, once a problem is solved there is a certain feedback period 

when waiting for the decisions’ results. After the feedback period, a new decision 

process begins (Mayhew et al., 2016). Mayhew et al. (2016) suggest that because 

digital data points can give real-time information, the feedback period between 

decision processes is reduced and big data analytics should form dynamic loops of 

decision processes – making a decision based on analytics, seeing the feedback 

for the decision in real-time, responding to the feedback and starting the cycle again.  

 

These effects create challenges for an organization’s hierarchy and processes. As 

stated previously, hierarchical structures can have long and complex histories in 

organizations and it can be challenging to change them successfully. (Constantiou 

& Kallinikos, 2015) For example, bringing more people into the decision-making 

process, such as domain experts or statistical specialists, leads to more 

coordination. At the same time, data-based decisions demand efficiency, as data 

can become obsolete quickly. Also, feedback of decisions requires immediate 

responding, which is a different process than traditionally. (Mayhew et al., 2016; 

Davenport et al., 2012) The challenges can be summarized as follows; 
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• Giving right people decision rights 

• Bringing more people into the process and maintaining agility  

• Ensuring dynamic decision loops 

 

The importance of employees with IT skills, especially in big data analytics has been 

stated in this chapter many times. Many studies suggest that to be able to integrate 

analytic skills and business talents into the decision-making process, while at the 

same time actually increasing the efficiency of the process, organizations should 

mix IT and business teams in decision-making (Schrage, 2016; Davenport, 2013; 

McAfee & Brynjolfsson, 2012). Davenport & Dyché (2013) suggested a process for 

the big data decision-making. Figure 8. demonstrates the six key steps in the 

process.  

 

Figure 8. Analytics-based decision-making – in six key steps (modified from 

Davenport & Dyché 2013) 

 

Figure 8. Highlights the importance people skilled in IT and analytics have in big 

data decision-making. These steps should form a continuous loop of decision-
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people should be involved in the first and last steps of the process. Data scientists 

(people with IT and analytic skills) should do all the other steps during the process. 

Business people should ask a lot of questions along the way but it would be 

preferable if data scientists would have some business knowledge too, to 

understand the issues comprehensively. By placing these people into the same 

teams, organizations are able to speed up the decision-making process, keep it 

accurate, advocate data-driven methods and maintain agility. (Davenport & Dyché 

2013)  
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Many organizations are developing a visualization tool, to present the insights from 

big data in an understandable method. That would increase agility in the decision-

making process, as big data information would be easily accessible to the decision 

makers. (Davenport, 2013; LaValle et al. 2011) Organizations’ typically require three 

types of talents; people skilled in analytical statistics, data-savvy managers and 

analysts. Managers and analysts require the capabilities of asking the right 

questions for analysis, interpreting results and insights and making relevant 

decisions. Organizations’ existing managers could be trained to obtain a baseline 

understanding of analytical techniques. (Manyika et al. 2011) 

 

Important to notice, that the best big data decision-making loops require both 

machine and human capabilities. Data or analytic tools cannot make decisions on 

what should be analyzed, what data sources to use and how the findings should be 

presented and adopted, but human interaction is needed. (Mayhew et al. 2016) This 

can be linked to the discussion of cognitive factors of decision-making, stating that 

strategic decision-making still requires intuition alongside rational data-driven 

analysis. It can be seen that all of the above-mentioned subsections are 

interconnected together and should be looked at as a single entity. It is not sensible 

if the focus is given only to some of the challenges since they have some overlaps 

according to theory. 
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5. Methodology, data collection and analysis 

 

The empirical part of this study is conducted with qualitative research methods. The 

purpose of the empirical part is to find answers to the questions introduced as the 

research questions that were also examined in the theory part. Furthermore, the 

research is conducted with one case-company, so it aims to reveal insights from the 

case company’s point of view. For the research, multiple representatives from the 

case company were interviewed. As the research problem for this study is by its 

nature trying to understand the context of big data decision-making, a holistic single 

case-study is a suitable approach in the hopes of gaining more in-depth 

understanding (Yin, 2003).  

 

This section precedes the empirical results and analysis, providing an intro for the 

analysis. The research methodology and its selection are explained, followed by 

more specific information about the ways how the data was collected and how the 

analysis was done, and finally, the reliability and validity of the research is pondered 

upon. Lastly, a short case-company description is given. 

 

5.1. Methodology 

 

Selecting descriptive a case-study, a form of qualitative research method, was a 

logical choice for this research. Hirsjärvi, Remes and Sajavaara (2009) state that 

the foundation for qualitative research is describing manifold real life. 

Comprehensiveness as an idea leads in qualitative research, as in real life it is 

difficult to separate and isolate specific sections from each other. (Hirsjärvi et al., 

2009, 161) The research problem of how strategic decision-making can be improved 

with big data fits right into that portrait. Although different sections from rationality, 

hierarchy and role of data in decision-making can be seen, they are viewed as a 

whole. The insights from the ‘whole’ in this research are perceived to answer the 

problem.  
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Besides being a comprehensive approach answering questions such as ‘how’, this 

study is suitable for a case study approach also due to taking into consideration the 

contextual conditions in the case. When talking about decision-making with big data 

in managerial level, the contextual environment which the case organization creates 

is highly important (Yin, 2003). In this case, the organization’s environment (the 

context) is relevant to the idea of big data decision-making (phenomenon) because 

they co-exist. Also, considering an organization as an environment, it is hard to 

separate the organizational structures, rules and norms from the studied 

phenomenon. The case organization and big data decision-making both influence 

each other in a way that they need to be studied together (Baxter & Jack, 2008).  

 

Finally, a case study as a method was selected due to the need for case studies in 

this field, as was proposed by other researchers (Fosso Wamba et al. 2015; 

Sivarajah et al. 2017), and because big data in decision-making is not a widely 

spread phenomenon among Finnish companies and there are only a few 

organizations that have suitably integrated big data in their decision-making. 

Explained more thoroughly in the case-company description, the company which 

participated in this research also provides B2B services within big data, which 

makes it all the more interesting to examine.  

 

5.2. Data collection  

 

Data sources for this empirical study are twofold – interviews with the case 

organization representatives and secondary data from reports provided by the case 

company for the public. Using multiple data sources is very characteristic of a case 

study and it helps to build the comprehensive picture of the phenomenon examined 

(Baxter & Jack, 2008). Structured interviews are the main source for the empirical 

part of this study. Conducting interviews is a good choice for this case study 

because during interviews it is possible to acknowledge the relationship between 

the context and the phenomenon. The interview questions are theory driven, formed 

based on the framework of this study and furthermore divided into three themes, 

presented in Appendix 1. 
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The first theme in the questionnaire paints a picture of each interviewees personal 

environment for decision-making. Because the context of the decision-making is 

seen relevant the second theme is the strategic decision-making environment in the 

case organization, which aims to discover in detail the organizational norms and 

structures for decision-making by making comparisons between big data decision-

making and more traditional decision-making. Followed by a broader view of the 

decision-making setting the last theme focuses on challenges to big data decision-

making. Mostly, the intentions in the questions were understood correctly and to 

augment that, the questionnaire started with more specific questions and then 

moved onto broader questions. All questions were formed as open answer 

questions to gain as many insights as possible. Within the email answers, some 

individual questions were misinterpreted by individual interviewees and those 

answers were dismissed. 

 

The structured style was chosen because many of the interviewees chose to answer 

the questions by email, rather than by face-to-face or phone/video call. This was 

due to their busy schedules and personal choices – some felt that a phone interview 

was more convenient, others that the email questionnaire was better. From overall 

seven interviews, three were conducted by a phone call. For those interviews, a 

more semi-structured approach was attainable, nevertheless following the formerly 

selected question forms. The average time for the phone interviews was 43 minutes 

and the interviewees were motivated and enthusiastic about the topic. Semi-

structured interviews enabled to dig deeper into the phenomenon (Johnson, 1997) 

because it was possible to ask additional questions and clarifications based on 

observations from the original answers. The phone interviews were recorded and 

transcripted word by word and added to a document with the email answers. That 

concluded into a 40-page separate case study database document using font size 

12 and spacing 1.5. Every interview and the case study database was conducted in 

Finnish and only direct quotes were translated into English. 

 

To be able to explore the research questions properly, the interviewees were 

selected as shown in table 4. All of them had to be manager-level employees, so 

they would be able to give input on strategic level decisions. Naturally, it was 
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essential that they all work with big data, and have experience in making decisions 

based on knowledge from big data. Because the aim of this study is not to examine 

a specific function of an organization, it was important that they represent different 

units and functions. Different functions such as marketing, product development and 

sales operate in units within Aller Media and Data Refinery. Focusing on different 

functions makes it possible to do comparisons between departments and form a 

depiction of the whole organization’s big data decision-making.  

 

Table 3. The Interviewees 

Interviewees Position Unit 
Interview 

method 

Interviewee 1 Development Manager Aller Media Phone call 

Interviewee 2 Marketing Manager Aller Media Phone call 

Interviewee 3 Head of Offering Aller Media Email 

Interviewee 4 
Senior Business 

Manager 
Aller Media Email 

Interviewee 5 Managing Editor Aller Media Email 

Interviewee 6 
VP Technology & 

Service 
Data Refinery Phone call 

Interviewee 7 
Data Development 

Manager 
Data Refinery Email 

 

5.3. Data analysis 
 

Data analysis style in this study is content analysis, which is a usual choice for case 

studies (Riessman, 2008, 194). The analysis followed directed content analysis 

framework present in research studies (e.g. Hsieh & Shannon, 2005). The directed 

content analysis relies on an existing theory about the topic, and guides the 

empirical analysis based on them. The goal is to compare empirical findings to 
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existing theory and that way answer the research question. The comparison is done 

by identifying certain themes from earlier theory and using the themes when 

approaching the empirical analysis. Theory section of this study examines the 

themes (also presented in this study’s framework), which were used as coding 

categories in empirical analysis. Main categories were: 

 

• Decision-making environment in the company 

• Effects of big data to decision-making 

• Challenges when making decisions with big data 

• Adjustments that are done in decision-making 

 

The material from interviews was interpreted intuitively directly during the first read, 

and after being familiarized with the content, many rounds of coding relevant themes 

from the framework were used. The first round of coding was used to highlight the 

first theme, decision-making environment in the company. In each round of coding, 

observations relating to a singular theme were highlighted. When all themes were 

coded separately, multiple rounds were done again to find subthemes from the main 

themes. For example, observing effects of big data to decision-making, there were 

found effects on problem context, cognitive factors and social context. All the 

subthemes for each main theme were separated in coding.  

 

The text that was not identifiable with the coding themes was further analyzed and 

they did not affect the initial main theme selection. Although, from the ‘undefined’ 

text, there was found subthemes that did not prevail as relevant in the theoretical 

framework of this study as they appeared in the interview responds. One of the most 

prevailing subthemes that was not advocated in big data decision-making studies 

was in the challenge theme; the data architecture challenges which affected 

business managers’ decision-making. The combination of the findings in each 

theme and subtheme will be reviewed in the results section, following the same 

order as the themes are presented here. This and others will be examined in the 

results section. Since finding a clarification to the research problem in this study can 

be seen as a process, also narrative analysis method and presentation of the results 

is included. 
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5.4. Reliability and validity  

 

Reliability as criteria in a qualitative study is debatable, some researchers stating 

that it is even misleading and ought to be considered only in quantitative studies. 

Others claim that even qualitative researchers should keep it in mind during the 

research process to ensure the quality of the study (Golafshani, 2003). Also, the 

term validity has been discussed among qualitative studies. The term is subjected 

to the researchers own perception of validity and thus recreated often with slightly 

different interpretations (Hirsjärvi et al., 2009, 232-233; Davies & Dodd, 2002; 

Stenbacka, 2001). Thus, Golafshani (2003) and others found that trustworthiness is 

a better descriptor for qualitative studies. The issues of trustworthiness during this 

study are pondered below. 

 

Although the aim of the empirical part is not to find similarities and generalizations 

between the interviews, it is anticipated that the contextual similarities would prevail 

to gain case companywide comprehensive insights. This appears as the 7 

interviews present a similar depiction of the organization’s norms and structures 

regarding decision-making. When examining the analysis process, comparable 

issues arose within each theme, which indicates that the number of interviews was 

sufficient to portray a picture of the organization’s situation. As phone interviews 

brought better insight from the researcher’s point of view, it is seen good that 42% 

of the interviews were conducted that way and the few misinterpreted email answers 

were eliminated from the analysis. Moreover, the interviewees were asked to read 

the analysis, to be sure there were no misinterpretations from the researcher’s side. 

Nonetheless, it should be considered that the case company’s name is visible, so 

the interviewees might have been reluctant to disclose, for example, detailed 

information for example about the organization or their personal challenges. 

Though, anonymity was offered for the case company.     
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6. Empirical findings and analysis 

 

This section will present the findings, analysis and conclusively the results from the 

empirical data. Data sources were pooled together in the analysis process and the 

following themes were found; first, the state of the case company’s decision-making 

is explained in the managerial and strategic level context.  Following that, are the 

three main themes found in the data after the theory-based analysis: effects of big 

data, challenges with big data and big data decision-making. All of them follow the 

theory and research questions which guide this study.  

 

6.1. Decision-making environment in the case company 

 

Aller Media is now one of the leading advocates of digital and data-driven 

businesses in Finland. Initially basing its operations in traditional print media, the 

company has been subjected to massive changes during the last decade. The 

company has faced pressure from both outside and inside. In 2015 the CEO of Aller 

Media Oy mentioned in an interview that the sales of single issued magazines and 

those of print ads appearing in the magazines had dropped by half during the prior 

eight years. (Pauli Aalto-Setälä, 2015), forcing the company to carry out even more 

extensive digital transformation in their product and service spectrum. Media and 

marketing company and forerunner of digital business and use of business data are 

ways to describe what Aller Media has to offer. Today, the ratio of their digital 

solutions to all other operations is large – and continually growing.  

 

Even though there have been severe changes to the company’s focus regarding the 

level of digital activities, many of their inner functions have relied on data and 

analytics for a long time. Consequently, digitalism and analytics (and information 

systems) are tightly bound together in the business context. So, while data and 

analytics are not new ideas to the company, forming and shaping their business to 

become more digital has allowed the company to improve and invest in their level 

of data usage. An example of the tight bond between analytics and business 

performance is the media business. When thinking about the process of the media 
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business acquiring new visitors (to a site) and aiming to create better content, the 

process is firmly linked to analytics. In figure 9. Is presented the cycle of improving 

media business performance through successful analytics. Analytics plays an 

important part in enabling data-driven decisions.     

 

Figure 9. Importance of analytics in decision-making performance in the case 

company (concluded from the interviews) 
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can incorporate the ideas into practice. When the data is relevant and reliable, the 

decisions can lead to growing profits. That can expanse their business by allowing 

to do more content highlighted by analytics and/or clearing space from the websites 

by removing content that is found to be irrelevant according to data. That way 

analytics enables the organization to focus on content and ideas that are relevant 

for consumers.   
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for it – which are taken under scrutiny later in this analysis. The distinction between 

big data and traditional analytics (analytics 1.0) vary in their technologies but also 

in a way how Aller Media now understands data sources and their indications for 

business better. There are significant effects that are attainable when using data in 

practice. These have been understood and Aller Media has come a long way in that 

area. They can do analytics and decision-making bigger and better with big data. 

 

 

“I don’t remember a time when we didn’t use analytics and information systems to 

at least some extent. As long as there has been digital media, it [analytics and 

data] has had an essential part. And now we know data even better” (Interviewee 

6, 2017) 

 

 

Although Aller Media as a company has used big data for a relatively long time, the 

usage of big data in decision-making has a slightly different role within different 

functions, as some have been using it longer and others just started with their first 

experiments. All in all, the direction is the same for every function – the more good 

data the better. 

 

6.1.1 Type of decisions 

 

The interviewees in this empirical study work in different units and functions within 

the company and make a wide range of different types of decisions daily. What they 

have in common is that they all use big data in their decision-making and/or work 

closely with big data, by selling it to other companies, for example. Even though the 

separate interviewees serve different functions, they make some similar decisions 

in their work due to all of them working in the managerial level and making strategic 

decisions for their unit and teams in line with the whole company’s strategy. In table 

4. there are diverse examples of the kind of work each interviewee does and what 

sorts of decisions the interviewees face. This is a simplified table showcasing some 

of the main tasks and decisions in Aller Media’s managerial level. 
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Table 4. Decision-making in different roles within Aller Media 
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6.1.2. Data sources 

 

Data has been part of Aller Media’s decision-making for a long time and they have 

a good infrastructure to acquire, store and manage data from different sources. Due 

to continuous modifications and developments to their infrastructure, they are now 

able to handle large amounts of big data and put it to use in real-time. The company 

is famous for providing digital solutions with customer data, which they also exploit 

in their own decision-making. The data Aller Media uses varies, coming from 

structured, semi-structured and unstructured sources. They use multiple different 

data sources to gain comprehensive insights. Examples of data sources they 

typically use are: 

 

• Offline data  

• Online behavioral data  

• Market data  

• Government entities  

• Global providers  

• Data partners 

 

Offline data refers to the data they generate in their business and from their 

customers. It can be from customer databases and/or CRM systems, which can be 

used to track cookies information on the web to understand their customers better. 

Online behavioral data can expand the understanding of customers and potential 

customer which are not reflected in the customer database/CRM. Online behavioral 

data enables to analyze for example customer visits to a website and track the 

customers’ steps back and forward from the website visit. Within those steps, they 

are able to analyze the customers’ search terms and browsing habits. Those 

insights about the customers’ consumer profile can be turned for example to more 

targeted marketing. Trends in customer habits can be considered also through 

market data, which often come from different research facilities and Aller Media’s 

own research unit.    
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To add information on to offline, online and market data, government entities provide 

additional information about Finnish populate. These entities can be for example 

Finnish Transport Safety Agency & Registry office, offering traffic information. 

Global providers such as Google and Facebook offer social data, transaction 

information, and naturally browsing data. Aller Media has also data partners with 

which they exchange data. These can be companies in the same sector or Aller 

Media’s clients.   

 

What makes Aller Media’s data usage more relevant is how they pool different data 

sources together to enrichen the data and improve the informational value gathered 

from it. Data Refinery, owned by Aller Media, is an expert on this and its different 

data pools are used within Aller Media, providing more accurate real-time 

information. Being able to pool different data sources has allowed Data Refinery to 

identify the overall image of consumers beyond just certain individual characteristics 

from cookie informaton. Understanding consumers not only based on their age or 

gender, the data interprets the consumer from all sorts of different aspects from 

geographical locations to what kinds of values they have in life. Data Refinery has 

3.3 million Finnish people in their customer register, which compared to the overall 

population of Finland (approximately 5.5 million in 2016) provides a wide list of 

customer behaviors and preferences. With such comprehensive data sets, Aller 

Media trusts that it gives them a precise and informative picture of Finnish 

consumers and prevents the need for guessing. Nonetheless, with all that data and 

information derived from the data, it is still not possible or allowed to specify one 

consumer’s information to identify any certain consumer. 

 

6.1.3. How big data is used in decision-making 

 

Different decisions the interviewees make were examined in table 4. Although the 

decision makers operate in different functions in the company, there are similarities 

in the type of decisions they encounter. Certain decision themes were found based 

on the interviews. A decision type was noted as a theme when more than one of the 

interviewees had to make strategic decisions on that specific theme. Themes that 
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relate to at least two of the interviewees are; development decisions, offerings and 

new clients, distribution channels, segmenting and targeting, pricing and budgeting.   

 

Development decisions are the most common theme among the interviewees. It 

regards strategic development decisions aiming to improve specific team’s core 

actions. Decisions about offerings and new clients circled around how to approach 

new clients, what should be offered to them and how to prepare the offers. 

Distribution channel theme concerns the distribution choices for reaching customers 

and clients in marketing, offerings and sales. Segmenting and targeting theme 

involves decisions about how customers are segmented into different groups and 

finally what groups should be targeted in specific projects. Pricing and budgeting 

theme revolves around issues relating to pricing model choices and budget 

allocation. 

 

Big data offers different types of information for these decision themes from varied 

sources. Simplified big data information types were detected from the examples the 

interviewees gave about using big data as a decision support. The decision makers 

in the case company use big data to gain information about customers, distribution 

choices, future trends and the competitive environment. The decision themes and 

big data information types presented here are combined in figure 10. below. They 

are simplified observations concluded from the interviews and provide an exemplar 

depiction of how the decision makers in the case company approach big data 

decision-making. Not all of them use big data in decision-making in a unified way 

and this description attempts to provide a general idea of the interviewees’ 

experiences. Next, a few examples from different interviewees are reviewed.  

 

Development decisions are relevant for each interviewee, as they aim to improve 

the strategic objective in particular functions. For example, an interviewee in the 

content unit must decide what kind of digital content should be created. Customer 

information expresses what customers prefer in the company’s website, what 

additional content would arise interest and information about who the customers 

are. Future trends can be beneficial to reveal new ideas which do not arise from 

customer information. Competitive environment information allows to cross-
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reference own actions to competitors and decide whether to compete with the same 

strategy or choose a different one. The development decisions the content manager 

makes are linked to distribution, segmenting and targeting decisions, thus the 

decision maker has to consider which distribution channels are used and how the 

customers are segmented and targeted. This exemplifies the comprehensive nature 

of big data, by indicating the decision maker what kind of customers they have and 

what their preferences are, what distribution channels have the best reach, what 

diverse customer groups there exists and what groups should be targeted.  

 

Even though in the example each type of big data information was useful for the 

decision maker, it is not always a valid assumption. When making decisions about 

approaching new clients, for example, competitive environment information is a key 

aspect. Customer information can provide useful knowledge about the future client’s 

customers, which can aid to detail the offer to be specific. Future trends and 

distribution information can be used but might have a lesser impact in this phase of 

the new client relationship.  

 

According to the examples, big data can provide many different types of information 

and it is vastly contextual whether the information is useful for a specific decision 

context. The examples provide one view, but in another context, development 

decisions might rely heavily on different information types and creating offerings to 

clients might require even more diverse information types. It is emphasized that a 

wholesome understanding of consumers improves the interviewees’ decision-

making. Remarked from the examples is that some decisions could be almost solely 

based on big data information while other decisions rely on lesser amounts of 

information from big data. Nonetheless, Aller Media is moving more and more 

toward widespread data-driven decision-making and it is apparent that they have 

been able to incorporate big data well into the diverse functions of their company. 

The next questions for analysis are what effects and challenges this transition have 

brought up and how to make the most of big data.
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Figure 10. How big data can help decision-making in Aller Media 
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6.2. Effects of big data 

 

“How are different aspects of decision-making affected by big data implementation?” 

 

This section aims to find evidence for the first research question presented above. 

This predicament is approached by finding out what kinds of changes big data has 

brought to strategic decision-making. Understanding the new things big data can 

offer for decision-making is in the core. The effects are examined in the overall 

problem context of this study, strategic managerial decisions, and this subchapter 

is further divided by cognitive factors (rationality and intuition), social context 

(hierarchy and processes) of the case company and practical examples. 

 

6.2.1 Enhanced data-driven decision-making 
 

The most evident change from big data being used in strategic (and overall) 

decision-making in Aller Media is likely that it allows making more accurate 

decisions. The vast amount of information derived from data has opened up new 

views and paths to follow in decision-making. It is easier to select the right decisions 

when the data tells what the consumers prefer and what they need, for example. All 

of the interviewees bring up the fact that big data enables decisions to be more 

rational and can help avoid redundant decisions that might occur when using merely 

intuition. The more accurate the data is, the greater the decisions that are possible 

to be made based on data are. This helps to justify decisions better than before. 

Especially within marketing, it has helped create credibility in the issues, as 

marketing has traditionally lacked unified measurements and excessively data-

driven ways of doing business. Because big data acknowledges the reasons and 

facts behind the decisions, it is easy to rationalize the decisions to other team 

members, supervisors, top management and to new employees as they enter the 

company, as one interviewee pointed out. After seeing good results in data projects, 

it can be easier to trust data and in a way, it brings transparency to decisions.  
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“What I’ve seen with our client companies is that decisions are often made based 

on gut-feeling and personal experience, even so, that the loudest and the most 

intense person among the group gets his/her way. As we have introduced big data 

to the decision-making and it has presented true customer insights and human 

understanding, it isn’t a discussion about opinions anymore. Opinions can be 

validated with big data and it helps to internalize the insights when you have 

something in black and white” (Interviewee 6, 2017) 

 

 

Decision-making is not only more accurate, it is also faster. When managers have 

accurate information based on facts on their fingertips, it allows them to make fast 

decisions, even on a strategic level. Trusting the data and the process undergone 

by the organizations’ data before reaching the decision makers enables rationality 

to kick in. All of this denotes better agility in the company. Due to the nature of big 

data, decisions can be made in real time and it is easier to respond to different needs 

as they arise. Decision makers can follow the effects of their decision-making in real 

time using certain measuring points and evaluate whether the decision was good or 

poor. If it turns out to be a bad decision or if the data changes, it is easy to spot and 

make quick alterations. This kind of development and possibility to make changes 

based on facts within a certain decision-making process would not be achievable 

without data. Many processes in Aller Media have achieved better efficiency, as big 

data guides the decision process to the right direction. It ought to be pointed out that 

sometimes making decisions requires courage –  to start with something and 

trusting that the data will provide insights on whether the direction is right or wrong. 

 

6.2.2. Modified processes 
  

Data has been integrated into Aller Media’s business leaders’ daily tasks. Some of 

the interviewed managers had to recently take on some new tasks regarding data 

knowledge and personal capabilities for understanding and analyzing data. Aller 

Media has a very traditional hierarchy in their organization, where top management 

makes major decisions about strategy and unit managers and leaders have the 
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responsibly for their own unit’s strategy’s fulfillment. This prevailed throughout the 

interviews, apart from some individual units having lower than usual hierarchy 

levels. Big data integration has not affected Aller Media’s hierarchies considerably, 

but nevertheless it has integrated well into the existing ones, in form of decision 

rights. It is noticeable that data-driven decision-making is affecting more of the 

managers and top management with strategic decision responsibilities than 

hierarchically lower level employees.  

 

The process of decision-making within Aller Media has had some changes, in which 

personnel are a part of the process. This depends on the level of data integration in 

each manager’s daily work. Some managers who were very used to working with 

data did not see major changes when taking on big data projects, while other less 

advanced data users have seen fundamental changes in the process. What is 

conclusive, however, is that the role of data analysts in the decision-making process 

is higher now and is growing continuously. In addition to data analysts, the process 

requires business experts in the field to work together with the analysts, in order to 

understand big data in specific contexts, such as in content marketing, for example. 

In Aller Media, this has additionally shown an increasing cooperation between 

different units and functions. 

 

 

“In decision-making, the role of data analysts has grown. Strategically and in the 

number of people, data [in our organization] is raised to the hub” (Interviewee 4, 

2017) 

 

 

After discussing what big data has changed and what is new in strategic decision-

making with big data, it ought to be remembered that it is not a substitute for usual 

data-driven activities. Information systems and “small analytics” still have a role in 

the organization and will almost certainly have in the near future. The interviewees 

do not consider that big data has changed the kinds of decisions they make. 

However, it has brought something new into decision-making, almost unexplainable, 
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in the form of considerably better and more comprehensive information and 

knowledge – especially regarding customers.  

 

6.2.3. Practical examples of the effects 
 

Previous data sources were more content focused, while big data focuses on the 

people for which the content is created. It leads to insights about the issues 

consumers are interested in, which would have been missed without big data. The 

real strength is that big data can reveal consumers’ needs and cravings. Some 

interviewees pondered that big data has brought more predictive data and 

information, which helps especially in making decisions in a strategic context. That 

is what led Aller Media to invest in a solely data-based business, Data Refinery, 

where data is a part of almost every decision and the aim is the monetization of 

data. 

 

Naturally, big data is not a magical tool which tells companies what to do and that 

they should blindly follow its lead. A good demonstration of how digitalization and 

big data can steer decision-making is through examples. When thinking about 

traditional marketing promotion campaigns that are conducted offline, it is noticeable 

that there are not many points that can be measured. For example, if a company 

sends a promotion letter by mail or hands them out in the streets they may have 

only two main points to measure: how many letters were sent or distributed and how 

many promotion codes were used. This leaves a lot to the imagination. It is unclear 

how many opened, read and considered the promotion, which in turn makes it hard 

to determine what should be developed in order to make the next campaign more 

successful. On the other hand, doing the same campaign digitally gives so many 

more measuring points to observe. How many opened the email, how many clicked 

a certain link, how long did they spend time on the website and in which sections, 

to name a few. Big data is a collection of all these little traces and forms a wider 

picture of what works and what does not.  

 

Another example is from Aller Media’s content marketing unit, Aller Ideas, where 

they conducted their first data-driven targeting in their project for a client this year. 
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The client is a Finnish company, working in the furniture sector. The company has 

an interior media platform, in which Aller Ideas creates different type of contents. 

Aller Ideas also produces a print media for them and this year they chose the target 

group by utilizing big data. Instead of targeting the campaign to general segments 

based on age or gender etc., they combined data from the clients’ own CRM 

program and Aller Media’s enriched customer data. From the data pool, they could 

identify consumers who were ready or intended to move out in the near future. They 

found out that the consumers intending to move out to a new home was the most 

potential target group for the interior media. Using data this way, they could identify 

people through all customer segments, who would be the most influenced by the 

print media. The decision about whom to target and in which channels surfaced from 

data. When decision-making is not data-driven the results of these kind of 

campaigns could appear only after a long period of time. In this example, the results 

can be seen fast and can be quickly reacted to.  

 

6.3. Challenges with big data 

 

“What are the challenges that may occur in big data decision-making?” 

 

Now it is coherent to move on to examine the challenges Aller Media has 

experienced with big data. The challenges regarding the straightforward effects big 

data has on decision-making are taken into scrutiny, but there are also some other 

challenges that prevail in organizational structures and such. Aller Media’s 

observations from their client companies’ challenges are also examined. As Aller 

Media has worked tightly around data in the past and now largely uses big data, 

their client companies are often less advanced with their big data initiatives, so the 

challenges they face differ a lot. First are reviewed the challenges in cognitive 

factors, focusing on decision-making styles. Next, is examined the social context by 

new competencies which create challenges. Lastly, the challenges which arise from 

data sources, technologies and analyzing methods are presented. Although the 

technical challenges are not directly in the scope of this study, the interviewees 

experienced them important regarding their work and decision-making.  
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6.3.1. New decision-making styles 
 

Few of the interviewees noticed their client companies have a challenge, which 

arises from the cognitive factors of decision-making – attitudes, competence, 

understanding and openness toward their big data project. To understand big data 

and to be able to gain from it requires employee competencies and management 

commitment. Big data needs to be included in the company’s strategy and to have 

clear objectives for it. To be able to have clear and realistic goals, data needs to be 

understood. It is a change in attitudes and working practices, seen especially in 

companies only starting to make data-driven decisions, as they are often 

accustomed to using intuition or other non-data approaches to decision-making.  

 

 

“If you want to create profitable marketing it is essential to be interested in 

numbers, how the marketing campaign moves forward and what should be 

measured” (Interviewee 2, 2017) 

 

 

The role of attitudes is seen as a challenge within the early adopters as well. 

However, the challenge is transformed and displays itself differently than in the 

developing organizations. It does not have so much to do with understanding data 

and how it works or realizing how it can benefit decision-making. It has more to do 

with letting go of the old ways of acting. Big data should be incorporated so 

comprehensively into decision-making and strategy that it differs from the traditional 

ways of working even for an already analytical organization. Big data puts 

assumptions to test when bringing unforeseen information to the table. Good 

decision makers should be able to trust data and place their personal assumptions 

aside. To be able to take advantage of big data, the decision makers must have the 

courage and open-mindedness – besides rationally understanding what the benefits 

of big data are. The interviewees point out, however, that intuition is something that 

still needs to be a part of the decision-making. Intuition, labeled as the expert 

knowledge, coming from experience in the field the decision maker is working in, is 

used when asking the data questions and is an important part of the process. On 
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the contrary, personal assumptions, labeled by the interviewees as guesswork and 

judgment based on personal experience separate from professional knowledge, 

should be minimized.   

 

 

“Sometimes data brings surprising facts and information, thus forcing to admit that 

the initial gut-feeling was wrong. I believed in something but data tells a different 

thing. Then there is a need to give up on your own assumptions and admit that the 

majority of people [consumers] think about the matter differently and want different 

things than I do” (Interviewee 1, 2017) 

 

 

6.3.2. New competencies  
 

Understanding data is connected to finding the right facts and asking the right 

questions from it. As data sources and materials grow immensely, it creates 

challenges to pinpoint essential observations. For example, even though it is 

possible to collect and measure data from every turn a consumer makes on the 

internet, not all data sources and measuring points are relevant. Some measuring 

points can give you an answer to question A but not to a question B. For a decision 

maker, it must be clear which answers they are looking for and whether the data is 

suitable for that. Each decision maker must understand what is relevant to their 

problems. If the data quality is good it is possible for many separate decision makers 

to use the same data for their own needs.   

 

To understand data correctly, Aller Media noticed a need to update their 

competencies. In organizations, there is commonly a shortage of people who can 

comprehend large data sets from varied sources. The lack of skilled people does 

not concern only Aller Media but there are only a handful of people in Finland who 

qualify as experts, due to the rapid growth of capabilities with big data. Competence 

gaps can lead to inefficient operations as interpreting data can take a lot of time by 

inexperienced people. Standard business people can have difficulties interpreting 

data, but data analysts lack the business knowledge and intuition business people 
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have in their respective fields. Some sort of combination of the two competencies is 

challenging to obtain.  

 

Large organizations, such as Aller Media, need to focus on their communication 

throughout different business units. Especially when they are creating new ways of 

utilizing data, applicable terms and language become important so that different 

units understand each other and the progress is understood correctly. This is also 

highlighted when different people interpret data differently. Specific units might have 

different needs for data than others and the challenge is to combine and meet 

everyone’s concerns in the organization’s collective data progress. Also, the best 

approaches to analyzing and interpreting data ought to be discovered and spread 

through the organization. These challenges are faced in Aller Media and mostly in 

Data Refinery. Besides creating proper language and communication, the 

organization needs to be innovative in discovering new ways of benefitting from data 

and integrating it into businesses where it has not been used before on such a scale.  

 

 

“Only the sky is the limit when using data. We must make decisions concerning 

how we want to use data and what we aim to achieve with it. When you keep the 

data representation as well-defined as possible, you will accomplish the best 

results. “(Interviewee 6, 2017) 

 

 

6.3.3. Data infrastructure 

 

When an organization decides to do a digital transformation process and utilize big 

data, usually the first big challenge is data architecture and creating good 

surroundings for data analysis. As some interviewees have pointed out, some of 

their client companies did not even have their own client base in a measurable form. 

Being able to create, store and manage data is seen a major challenge for 

companies in the midst of digital transformation. The infrastructure for the data can 

be poor, creating an environment for misinterpretations with data’s variability as the 

information from data can change its meaning, for example.   



 81 

One thing that came up throughout the interviews was the current environment for 

organizations’ big data initiatives, which indirectly affects decision-making. As 

companies like Aller Media have started to exploit customer data, their privacy 

policies have become a public matter. The EU is now setting a data privacy 

regulation ‘General Data Protection Regulation’ (GDPR), which affects every 

organization operating in EU countries. It was set in 2016 and will be enforced in 

May 2018. It is set to protect EU citizens’ privacy by regulating how organizations 

can approach customers’ personal data. It is a way to harmonize data privacy laws 

as data has become central in many organizations’ businesses. It is particularly 

altered to today’s situation as the latest directive before this was set in 1995. The 

directive regards consumers’ rights, as well as the ways organizations ought to 

protect the rights. (European Commission, 2017; Data Protection Ombudsman, 

2017) 

 

The new directive is comprehensively incorporated into organizations’ data projects 

and affects, for example, how organizations’ data architecture is built and managed, 

how employees handling data are aware of the regulation, data sources and 

whether it can be collected. Even for an advanced organization – like Aller Media – 

meeting the regulations has been a big change and a challenge. 

 

6.4. Changes in decision-making in the case company 

 

“What are the possible adjustments required in organizations’ decision-making 

practices to benefit from big data? 

 
Aller Media has developed their data usage largely during past years and the 

improvements are continuous. One of the most noticeable changes Aller Media has 

done is starting Data Refinery which is a strong response to their challenges and a 

solution for further innovation. Because most of the effects and challenges data has 

in decision-making are tightly intertwined, Data Refinery is reviewed further before 

digging into the individual solutions.  
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6.4.1. Data Refinery 
 

The start-up aims to answer many concerns big data has brought up, affecting 

decision makers’ attitudes, hierarchies concerning data use, decision-making 

processes and new needs and innovations initiated by big data into the organization. 

Also, Data Refinery has been in the lead with the developments GDPR has 

necessitated. By focusing talents and data development for business use to one 

point – Data Refinery –  the entirety of Aller Media’s infrastructure is well structured 

even in GDPR’s terms. They have created their own data analytics platform which 

follows the EU regulation guidelines and ensures a safe way to process personal 

data. With a good foundation, they are able to minimize privacy risks at later points 

of data usage. Better infrastructure makes it easier to work with data and trust its 

accuracy. Data refinery can be seen as the technology hub where all the data from 

Aller Media and other sources is being processed and then generated into a usable 

form for business purposes – to Aller Media and other client companies. When the 

experts in Data Refinery work together with industry specialists to enhance that, it 

affects the whole organization positively.  

 

Visualizing data is in the center of Data Refinery’s projects currently. To be able to 

do that effectively, they must prioritize and decide on their focus regarding data 

projects. If all the insightful observations from big data would be put into the 

visualization tool, there would be too many sections for it to be efficient and relevant, 

and it would take too much recourses in terms of time and manpower to analyze in 

every individual business unit. Data Refinery and Aller Media together with varied 

specialists have been able to develop the technologies and methods of choosing 

the right data measuring points. The aim is an internationally scalable data 

monetarization platform. Data Refinery understandably has data in the core of their 

strategy, but also Aller Media has been including data-driven ways comprehensively 

to their strategy. The executive team defines the vision as clearly as possible and 

the focus is given to where the best business opportunities are seen. Then the vision 

is deployed by Data Refinery through the platforms they offer. The attention is 

always in the future, but existing profitable possibilities are also considered in the 

strategy.  
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As Data Refinery is its own business unit, it does more than just enable data projects 

to Aller Media. Its purpose is to create and improve data-driven business and to do 

so, it aims to monetize data. So, the need to use data in decision-making and finding 

other possibilities for business from it has created new services and products – or 

as Aller Media defines them, solutions. To be able to utilize big data outside Aller 

Media, Data refinery has gone through substantial data architecture developments, 

the creation of environments for analytics and forming models for segmenting. What 

they offer for client organizations is, for example, a wider understanding of their 

client base, Finnish consumer-specific segments and the consumer desires. They 

also provide a turnkey solution on how to use data within the GDPR regulations. 

The clients can be organizations that have made efforts in their analytical 

infrastructure and gathered their own data, but also organizations that have no 

databases themselves. They can purchase different solutions from Data Refinery 

and rely on Data Refinery’s existing data.   

 

6.4.2. Adjustment solutions 
 

Subsequently, specific challenges and the advances to minimize them are 

reviewed. Data Refinery’s effect on them are observed and moreover, the 

adjustments that have transpired within Aller Media in different functions are 

presented.  

 

Attitudes toward data 

 

Aller Media believes that visualization helps with the challenge of combining 

rationality and intuition, while leaving assumptions out of decision-making. 

Visualization provides more understanding of the insights from data and thus makes 

it easier to trust. In addition, creating their own data analytics platform according to 

current safety regulations is key to building trust – to both Aller Media and its clients. 

Establishing Data Refinery sends a message to all the stakeholders that data is the 

company’s future. Another factor that Aller Media has done to improve attitudes is 

including different members of their teams to big data decision-making and 
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presenting them the trail from the data to results. The leaders and decision makers 

who have used big data in decision-making believe that courage is one of the key 

aspects in a pioneering data organization and they encourage to experiment and try 

with data, as it is easy to follow the results and make corrections.  One of the best 

ways to make attitudes positive is the ability to demonstrate good results with the 

data.  

 

An interesting example of the process of digitalization and the movement toward big 

data decision-making happened within Aller Media’s content team. They surveyed 

a few of their print brands’ digital performance for a period of time. The team 

constantly aimed to develop the brands to be more suitable for the digital 

environment, but the improvements did not succeed well enough according to the 

analytics. As a result, the team, its leader, brand managers and content director 

evaluated their options and decided to reduce the amount of digital content from the 

specific brands and used the space for content that really was in the interest of their 

target group, found within the data. Without the data, they would not have been able 

to detect the same insights and go through the process of abandoning the brand 

content they had been working for a long time and instead focusing on verifiable 

fruitful content.   

 

Developing talents 
 
Aller Media has hired more analysts, but there have not been substantial changes 

in team members within the traditional business units (i.e. marketing, content, 

business development). The ones that have been responsible for making decisions 

have expanded their responsibilities by including big data into their decision-making. 

With that, some decision makers who have not been familiar with analyzing data 

and using it excessively have had to learn new skills and knowledge. On the 

downside, there have been inefficient processes due to lack of necessary skills (i.e. 

analyzing large data sets) and unequal progress between units. To help with the 

challenges, the required data analyst’s skills have been concentrated to Data 

Refinery, where their visualization efforts aim to prevent efficiency deficits in the 

decision makers work, making it easier and faster to analyze data and helping to 

communicate the insights from data throughout the organization in a form that 
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everyone can understand easily, lessening the differences in knowledge and 

progress between units. Cooperation between different teams and Data refinery is 

highlighted to find the best solutions for the whole organization and develop the right 

aptitudes to both data experts and business experts.  

 

Decision rights 

 
Decision rights within teams have not seen changes in Aller Media, but with growing 

data use the role of analysts in the decision-making process has risen. To ease the 

co-operation between different experts, Data Refinery is again in the center of the 

challenge. By providing a data dashboard to the business units, Data Refinery 

hands the needed data to the decision makers in a place where it is easy for them 

to access it on their own. Also, Aller Media’s research center helps with the 

necessary information. The dashboard is being developed to break down 

bottlenecks of the big data decision-making process, which are often encountered 

in the transition from data to useful information and in the resources that transition 

requires.  At this point, data has its own hierarchy within the organization, coming 

from Data Refinery and then following the decision rights hierarchy that units have. 

However, many of the interviewees anticipated a more comprehensive approach in 

the future, as is discussed next.  

 

Efforts toward comprehensiveness 

 

Data is a clear part of Aller Media’s strategy and a comprehensive integration is of 

the essence. Numerous projects currently proceeding in Aller Media are focused 

somehow on utilizing data. There is a strong movement toward developing business 

entirely with big data. During the last years, Aller Media has aimed to find ways to 

include data also to functions previously not largely reliant on data, such as the 

newsletter segmenting example stated earlier. The more data that is seen in every 

function, the easier it is for employees to understand and clearer to use, as 

processes and protocols are defined. This requires broadness between different 

units and a wide knowledge sharing within the organization. Aller Media does not 

exclude sharing knowledge outside their own organization, as they have seen that 
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pooling data sources with client’s and other actors’ data brings Aller Media their 

competitive advantage when offering data-based digital solutions.  

 

Data refinery drives this change and works to unify protocols and the ways of using 

data in the most effective way. One example of developing businesses completely 

with data derived from Data Refinery is Aller Media’s Idealista web portal. It 

combines different forms of digital media content together and shows the visitor its 

content based on the information acquired from data. It personifies the outlook of 

the portal and the content shown in it based on the individual visitors’ preferences, 

modifying the page as needed. It is purely data-driven. In addition to the content 

shown to each visitor, the content that has been chosen to be created for it is based 

on the insights big data gives about consumer preferences.  

 

Data Refinery appears to be the driving force for Aller Media’s big data initiatives 

and it promotes data-driven decision-making in a variety of ways, affecting many 

stakeholders and activities. The core of Aller Media is comprehensiveness and 

incorporating data to every aspect of their business. They have seen varying 

changes and challenges, some which have been tackled and some that are still 

ahead, but they have taken clear and bold steps to be in charge of their data 

activities.  
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7. Discussion 

 

This study has combined a relevant theoretical framework and a suitable empirical 

analysis about organizations’ decision-making with big data, in the hopes that a 

more comprehensive outlook about the topic can be provided. The earlier theoretical 

contributions included in this study give a good stand for a new empirical case 

analysis with Aller Media. Finally, those two segments are reviewed against each 

other to extend the insights found by mirroring the empirical findings to existing 

theory. First, the research questions supporting the main research problem are 

examined. After that, the solution to the main research problem is presented and an 

integrated framework for future research is created.  

 

7.1. Building toward the research problem solution 

 

In this section, the three research questions are opened and reviewed according to 

theory and empirical findings. The subsections are divided by the research 

questions and they are answered following the decision-making framework in this 

study – problem context, cognitive factors and social context.   

 

7.1.1. Big data’s effects to decision-making 

 

More accurate and faster decisions. The most notifiable effects of big data are 

that it enables more accurate and faster decisions even in a strategic environment. 

The need for complex unstructured information from internal, external, online and 

offline sources can in certain situations be fulfilled with big data. (Davenport, 2013; 

McAfee & Brynjolfsson, 2012) For the decision makers, the ability to use relevant 

information at a relevant time also speeds up the decision-making process. Right 

information at the right time is possible due to the new technologies and methods of 

processing current data in a timely manner. (Constantiou & Kallinikos, 2015; LaValle 

et al., 2011) These effects were also seen in the case study and they all change the 
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ways through which strategic decision can and should be made. Aller Media noted 

that as soon as decisions are made, they can be monitored with data, and 

adjustments to the decisions are easier to do than before while using big data. The 

data tells us how the decision performs and how adjustments can be made 

accordingly. Both the theory and the empirical research implicate that using big data 

has made it easier to make strategic decisions with better results. This could be due 

to the combination of better information and that the progress and results of how 

decisions affect the business is easy to monitor, rather than being forced to wait a 

long period of time to experience the results of a strategic decision without analytics 

(LaValle et al., 2011; Mayhew et al. 2016). 

 

Focus on rational decision-making. As it can be implied, big data analytics and 

the knowledge derived from data helps diminishing the challenges of bounded 

rationality – the necessity to make fast decisions and the needs for information 

needs and accurate and reliable data requirements. This has created a shift in the 

approaches of strategic decision-making. A data-driven approach combined with 

human decisions and intuition has been recognized to be the most effective method 

for strategic decision-making. (McAfee & Brynjolfsson, 2012; Chaudhuri, Dayal & 

Narasayya, 2011, 88; Brynjolfsson et al., 2011; Davenport, Harris & Morrison 2010, 

3) Big data advocates data-driven methods and has undertaken strategic problem 

context in the leading big data organizations (see figure 7).  

 

Because strategic decision-making in organizations is often a combination of 

intuition and rational analysis (Wang et al. 2016), it can sometimes lack a degree of 

reliability in certain business functions relying mostly on intuition (LaValle et al. 

2011). Aller Media has noticed that decisions are easier to explain and validate to 

other employees when they are based on data, rather than the decision makers 

experience and knowledge. Digitalization and utilizing big data has created 

possibilities in Aller Media for functions that are traditionally seen as hard to 

measure, such as certain aspects of marketing like promotion campaigns.  LaValle 

et al. (2011) also found that besides organizations which have substantial 

experience in analytics, customer experience and brand management functions 

rarely use analytics. 
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Intuition still has a part. Aller Media relies on data-driven decision-making in 

almost every aspect of their organization due to their growing use of big data. Even 

functions that have not been analytical before, have embraced the advantages of 

big data. Similar to theory, intuition is still an important part of strategic decision in 

Aller Media, by the decision maker’s capability to identify the right questions for the 

data. Utilizing big data in organizational environment requires business knowledge 

on the activities big data is implemented in, the knowledge displaying in the form of 

the decision makers intuition. Empirical findings and theory about decision-making 

processes indicate that the role of intuition has shifted from traditional models. 

Traditionally intuition’s role was highlighted when choosing from uncertain 

alternatives (Calabretta et al. 2016; Dane & Pratt 2007). Big data decision-making 

highlights intuition’s role in the beginning of the decision process when deciding on 

what to look for in the data (Davenport & Dyché 2013; the case company interviews). 

This indicates that besides shifting decision-making styles to encourage rational 

decision-making, big data also transforms the way how intuition should be used in 

the decision-making process. 

 

Hierarchies deal with decision rights. New possibilities through big data have an 

impact on the hierarchies and decision processes in organizations. McAfee & 

Brynjofsson (2012) stress the importance of taking down hierarchies in a sense, that 

data should be listened over the decision makers own assumptions. Decision-

making should not be expert driven but the right experts should have the decision 

rights and the availability for data (Schrage, 2016). In Aller media the hierarchies 

have stayed the same, and the decision makers have managing and integrating 

information from data as an additional responsibility.  

 

Decision processes form dynamic loops. The decision makers who have used 

analytics in their decision process long before big data did not see major changes 

in their decision processes. On the other hand, the functions that introduced 

analytics and big data recently to their decision-making noted that it largely changed 

the decision-making process. The use of big data highlights technical skills and 

allows real-time feedback on decision, thus forming dynamic loops of decisions. 
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These changes are seen and supported by earlier research Mayhew et al. (2016) 

The effects on decision process seem to prevail according to the degree of 

digitalization and analytic environment in the organization, department or function in 

question. 

 

7.1.2. Challenges to big data decision-making 

 

The state of data architecture creates varied challenges. Many of the challenges 

are dependent on how advanced the organization is in its digital architecture. Aller 

Media stated how their client companies’ premises for up-to-date analytics are often 

poor when starting with digitalization and using analytics as a support for decision-

making. This notion is supported by theory as information accuracy is one of the 

challenges found in big data decision-making (De Mauro et al., 2016; LaValle et al, 

2011). Davenport (2013) found that information accuracy, formed through good data 

sources, right technologies and ideal methods, is the basis for big data decision-

making. His theory about analytics 3.0 premises that digital and data architecture 

must be right for the decision makers and other employees to be able to see better 

results, to start leading in data-driven ways and to trust the information.  

 

Cognitive factors can create obstacles when changing decision styles. 

Changing decision-making styles to be faster in a strategic environment is a 

challenge in managerial contexts. The problems related to decision makers’ 

cognitive factors occur in their attitudes and how they adapt to changes. (McAfee & 

Brynjolfsson, 2012; Davenport, 2013) Problems occur when employees are 

reluctant to use the information data provides (LaValle et al. 2011) Aller Media 

highlights the importance of experiencing with big data and being bold with big data-

driven decisions, which can be challenging to decision makers when they are not 

used to it. Similarly, McAfee and Brynjolfsson (2012) noted that challenges arise, 

when big data and the decision makers’ intuition suggest different solutions. The 

ability to trust data is also showed in this context, when the right architecture is in 

place. In Aller Media, the capability to ignore personal assumptions is challenging 

in some cases to decision makers, especially to those who are not familiar making 

data-driven decisions. These observations strengthen the notion made by 



 91 

Davenport (2013) – the leading organizations should focus on change management 

to gain extended benefits from big data.  

 

Using big data requires new skills. As big data in the decision-making 

environment has brought many new aspects with it, new talents and skills are 

required combining business- and data knowledge. This is strongly noted as one of 

the most critical challenges in most articles related to big data decision-making 

(McAfee & Brynjolfsson, 2012; Davenport, 2013; Davenport & Dyché, 2013; Wamba 

et al. 2015). One of the challenges facing Aller Media was that a certain level of 

understanding the data processes was required for the decision makers to be 

capable to grasp what is attainable with big data and how it can be implemented in 

business purposes. As a result, they acquired new workforces for different purposes 

in the big data projects and gave the existing employees new responsibilities aiming 

to improve their skills. The decision makers with business related knowledge 

improved their understanding of data, but new challenges arose because different 

decision makers have different levels of relevant skills, and the progress of individual 

units was uneven. In addition, the added skills were sometimes not enough, as 

analyzing data occasionally takes too much time.  

 

Maintaining agility in decision processes is key. Aller Media has not experienced 

radical changes to their hierarchies’, which can be encouraged by earlier theories 

as Halevy et al. (2011) and Magee and Galinsky (2011) found that existing 

hierarchies should not be diminished completely in changing situations. The 

decision rights have followed the existing hierarchy and existing decision makers 

may access the necessary data. Theory suggests that the challenges of decision 

rights have been rising in organizations as big data projects have become more 

relevant and the attention to them will grow in the future (Schrage, 2016). Theory 

suggests that while bringing more people (e.g. data scientists) to decision-making 

processes while simultaneously maintaining agility in the process should be 

emphasized (Mayhew et al. 2016). Aller media has identified the need to 

standardize decision processes.  
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External challenges can affect decision-making. Some of the major challenges 

relating to processes faced by Aller Media is the EU’s GDPR regulations. 

Challenges with data policies were shown only in 9% of the big data studies 

reviewed by Fosso Wamba et al. (2015), but can be explained since the EU 

regulations are new and not even active yet but which will be enforced in 2018. Both 

challenges relate to information, technology and methods – the data architecture in 

the organization.  

 

7.1.3. Adjustments required in decision-making 

 

Change starts from top management. The changes and adjustments Aller Media 

has done to their decision-making have also been mentioned in studies about big 

data decision-making. This is expected as the organization is one of the leading big 

data driven organizations in Finland. They have created an environment where 

management leads the way in big data decision-making and shows by example how 

data should be preferred over personal assumptions. To enhance courage in 

decisions, the top management urge making experiments and involving different 

employees in big data decision-making. Aller Media adjusted their existing decision 

makers’ responsibilities by having them learn the necessary new skills to be able to 

analyze data provided to them and this is still in progress.  

 

The role of analytics in every aspect should be highlighted. To make decision 

processes more accurate and effective, Aller Media has brought analytics into a 

large role in it. They have mixed Business and IT personnel and their knowledge 

into the process. Increases in cooperation between different teams has transpired 

due to big data decision-making. Aller Media believes that comprehensiveness and 

including big data in every function in the organization helps to standardize 

processes, change attitudes toward confidence and further enhance cooperation. 

These actions that are mentioned above have been encouraged by McAfee & 

Brynjolfsson (2012), Davenport (2013), Schrage (2016), Courtney (2001), Mayhew 

et al. (2016), LaValle et al. (2011) and DeMauro et al. (2016). 

 



 93 

Data architecture creates a foundation to decision-making. As theory implicates 

doing (Davenport, 2013), Aller Media has invested in the data architecture by 

investing in a separate business, Data Refinery, which takes care of acquiring data 

from different sources, the technical aspects of big data analytics and the methods 

needed to utilize big data for business decisions. Forming a data architecture is not 

specified in theory to such an extent that having an own company for it would be 

necessary, but as Aller Media aims to monetize data, having their own business is 

beneficial for them. Offering solutions for client companies to help them with data 

sources, technologies and methods has helped Data Refinery to provide even better 

services for Aller Media as well. Data Refinery advocates all data-driven solutions 

for Aller Media and their client companies. Most recently, the company has 

additionally been in the lead of ensuring good GDPR standards and forming a 

visualization tool for the whole organization. Visualization could answer many 

challenges, from building trust, making big data more understandable within the 

organization, evolving stable progress between different units and making decision-

making even faster and more meaningful. This is something that leading big data 

companies are working on currently (Davenport, 2013; LaValle et al. 2011). 

 

7.2. Framework for improving big data decision-making 

 

The findings from theory and empirical sections supported each other. Table 5. 

combines the findings presented for each research questions. The main findings of 

the questions are combined in a table tailing the framework of this study. The first 

column contains the effects of big data on decision-making aspects, answering 

research question 1. The second column contains challenges found in big data 

decision-making, which answer to research question 2. And finally, the last column 

contains adjustments organizations’ ought to do to improve big data decision-

making. As it is explained above, the three decision-making aspects – problem 

context, cognitive factors and social context, while all demonstrate a different 

perspective to decision-making, they have overlap in effects, challenges and 

improvements when examined in the big data context. These aspects formed 

through the research questions create the impact of big data in organizations’ 

strategic decision-making context. 
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Table. 5 The research findings  

 

 

 

 

 

 

 

After examining the findings that are relevant to the research questions of this study, 

it is relevant to move on to examine the research problem – How can organizations 

improve their strategic decisions-making with big data? It is noticeable from the 

empirical and theoretical comparison, that the results are quite similar. Many of the 

studies reviewed here focus on the latest issues in the field. Because Aller Media is 

one of Finland’s leading big data organizations, it is expected that it has faced similar 

effects, challenges and made adjustments according to relevant earlier theory. 

However, since using big data in decision-making has been evolving and has met 

developments, such as Davenport’s (2013) three analytics eras, it is relevant to 

focus on the different stages organizations have in their big data developments. 

 

 
Problem context 

• Better decision accuracy  
• Faster decisions  
• More flexibility  

 
 
 

Cognitive factors 

• Focus toward rationality 
 

 
 

Social context 

• Decision rights 
• Dynamic decision process 

 

 
Problem context 

• Information accuracy 
• Exploiting big data in 

practice 
• New skills required 

 
 
Cognitive factors 

• Adopting new decision-
making styles  

 
 

Social context 

• Creating efficient, 
standardized processes 

 

 
Problem context 

• Develop a data 
architecture  

• Management must enforce 
big data 

• New hires and training 
 

     Cognitive factors 

• Management must enforce 
big data 

 
 

Social context 

• Mix IT & business in 
decision-making 

• Human + Machine 
• Comprehensive through all 

departments 

 

 

RG1. How are the 
different aspects of 
decision-making affected 
by big data 
implementation? 

 

RG2. What are the 
challenges that may 
occur in big data 
decision-making? 

 

RG3. What are the 
possible adjustments 
required in 
organizations’ decision-
making practices to 
benefit from big data? 
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Distinctions between organizations in different stages of development were seen in 

many examples. The magnitude of big data’s effects, the challenges faced by the 

organizations and the adjustments to the projects are dependent on the stage the 

organization is in regarding big data.  The different stages of utilizing big data in 

organizations can be divided following De Mauro’s et al. (2016) findings of different 

themes in big data – information, technology, methods and impact. They describe 

the different aspects involved in big data initiatives well. It is logical to see 

organizations’ big data initiatives as processes, by looking at an organization which 

is starting their digitalization and big data utilization, for example. First, they will have 

to acquire information and form an infrastructure to collect data from their own 

operations and external sources, then they must involve the right technology to 

handle the large data amounts, following the right methods to reform their data to 

relevant information and then finally integrating it to business use through decision-

making, thus having an impact. Figure 11. presents the idea of the four stages and 

proposes an alternative solution for detecting the barriers each stage presents. 

Together they are a part of a framework for improving strategic big data decision-

making. 

 

Information represents the data sources organizations use. They can be primary 

data and/or secondary data from online and offline sources, for example. It is 

relevant that the data sources match the information needs the organizations have 

in their decision-making. For example, when Aller Media is doing an online 

marketing campaign, they require information about their customers, for which they 

can use e.g. online customer behavioral data and their own customer databases. 

They have to ensure that they hold relevant data for their decision needs. This 

presents a challenge particularly to organizations which are starting with their 

digitalization and data projects (Zicardi, 2014; McAfee & Brynjolfsson, 2012). 

Information accuracy was found to be one of the challenges in decision-making. 

Right data sources can reduce the risk of invalid information. (De Mauro et al. 2016; 

Labrinidis & Jagadish, 2012) 

 

Technology refers to the right technical solutions in organizations. Big data cannot 

be comprehended with traditional information systems and tools (De Mauro et al. 
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2016; Davenport 2013). An organization has to invest in appropriate tools, such as 

Hadoop, to be able to analyze big data efficiently. (De Mauro et al. 2016; Davenport 

2013) Challenges in using new technologies are seen even in evolved big data 

organizations (Davenport, 2013) To achieve faster, real-time, decision-making 

organizations must invest in their technology (De Mauro et al. 2016). 

 

Methods are the analytical approaches required to turn data into knowledge. 

Mastering new analytical methods usually require new skills in the organization, 

combining analytical knowledge to business understanding and IT. (McAfee & 

Brynjolfsson, 2012) This stage concerns organizations in all data backgrounds. 

Meaning, even large organizations which retain high volumes of data and which 

have been analytical in different functions even before ‘the big data era’, can find it 

challenging to uncover the right methods and competent people to analyze their 

data. (Davenport, 2013; McAfee & Brynjolfsson, 2012) However, doing so is 

essential, so that decision processes can be altered to be more efficient and 

ultimately standardized, for example (Davenport, 2013). 

 

Impact in this context means the impact big data has on organizations. Big data in 

itself does not create value, but when all the other themes are managed, value 

creation is possible (Zicari, 2014). Impact of big data transpires through decision-

making and managerial activities. Several leading big data organizations focus on 

impact by managing the effects and challenges big data poses to decision-making 

(Davenport, 2013), as their information, technologies and methods are already well 

managed. Impact can be said to be the result of decision-making. By managing big 

data decision-making, it can be improved. Many studies highlight the importance of 

cultural change and change management (Mayhew et al. 2016; Davenport, 2013; 

McAfee & Brynjolfsson, 2012; LaValle et al. 2011) 

 

After the first three stages are managed, organizations can focus on improving the 

impact part through decision-making. When organizations reach that stage, they 

face managerial obstacles rather than technical ones, as often in the previous 

stages. Managerial challenges associated with different decision-making aspects 

found in this study can be summarized as new ways of operating. They can be 
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identified in table 5., where the different decision-making aspects are examined 

separately. Strategic problem context is under changes, decision makers’ cognitive 

factors need adjustments from intuition to more rational approaches and social 

context is experiencing changes mainly in process standardization.  

 

For organizations which are aiming to comprehensively utilize big data, it is not 

encouraged to neglect any stage in the process. (Davenport, 2013) As seen with 

Data Refinery, data monetization is today’s business, creating new opportunities for 

solution providers and client companies. Aller Media’s Data Refinery offers data 

solutions for different needs. Their clients are in varying stages of the big data 

progress and Data Refinery helps them to move forward with their big data efforts. 

For example, even when a client company does not have its own means of acquiring 

information, Data Refinery is able to help in the beginning and get them started by 

providing their own databases as sources. These types of data businesses offer 

solutions that make it possible to skip stages and avoid the effort that would be 

needed to form one’s own data architecture and methods. 

 

Figure 11. Framework for improving big data decision-making (Combined from De 

Mauro et al., 2016 and Davenport, 2013) 

 

 

 

 

 

 

The progress between stages from information to impact cannot and should not be 

linear and there is some overlap between different stages (LaValle et al. 2011). 

Another aspect shown in figure 11. is Davenport’s (2013) division of analytics 1.0, 

analytics 2.0 and analytics 3.0, which demonstrate the dynamic nature of big data 

developments. When improving decision-making with data it is important to consider 

 
Information 

 
Technology 

 
Impact 

 
Methods 

   Analytics 1.0                 Analytics 2.0           Analytics 3.0 

Data monetization 
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the starting phase of an organization and what missions the organization has for 

their progress. When starting from analytics 1.0 or aiming to reach analytics 3.0 

without any analytic experience, bigger obstacles can arise due to the lack of 

experience and stabilized processes (LaValle et al. 2011), in the data architecture 

(Davenport, 2013) and in the impact stage (LaValle et al. 2011). However, when 

moving from analytics 2.0 to analytics 3.0 the challenges with data architecture are 

far less problematic (LaValle et al. 2011) because the organization already has used 

analytics. This supports the perception found in empirical findings also, that even 

though data monetization can help to jump across stages, to gain a truly strategical 

data environment, it is suggested to build the appropriate data architecture in the 

organization. Data Monetization can be a boost to get the big data initiatives started 

and to provide support if an organization only requires ad hoc big data benefits.  

 

To improve decision-making with big data according to figure 11., organizations 

must identify what analytics (1.0, 2.0, 3.0) state they currently attain and what stages 

of the big data process they have succeeded in. To be able to improve strategic 

decision-making, all stages have to be managed (Davenport, 2013). However, a 

perfect transformation in all stages before utilizing data is not a necessity (LaValle 

et al. 2011). Data monetization can be used if competencies are missing in some 

stages, for example.  

 

Managerial challenges are seen as the biggest obstacles in big data decision-

making today in the leading big data companies (LaValle et al. 2011; Davenport, 

2013; McAfee & Brynjolfsson, 2012). The insights presented in table 5. examine 

further how different aspects of decision-making ought to be improved. Although 

improvements in decision-making are shown in the last stage, the first three stages 

create a foundation for big data decision-making (Davenport, 2013), thus must be 

regarded in this context. Also, many of the improvements in decision-making affect 

and are affected by the first three stages. For example, building a data architecture 

happens in the first three stages, new hires and training are needed in the areas of 

data, technology and analytics, mixing human and machines and IT and business 

people in decision-making processes require managing of the first three stages as 

well.  
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Lastly, to highlight the assumption that the stages in figure 11. are not forming a 

linear process (Labrinidis & Jagadish, 2012), few examples can be given. From 

empirical results, it can be understood that different reasons influence organizations’ 

progress in big data. The overall global environment can have an effect as seen with 

EU’s GDPR regulations. It affects every company operating in EU countries and 

forces them to reassess the earlier stages of the progress. Also new innovations 

affect big data schemes, especially in leading companies. Data Refinery is forming 

their own visualization tool to improve the impact stage and it requires completely 

new ways of using and selecting data, new technologies and methods, thus affecting 

the first three stages. These examples affect big data decision-making. In the 

cognitive area, trust in using rational approaches can increase when the information 

accuracy improves through GDPR and the visualization tool makes data easier to 

understand. The decision processes are affected in the case company by these 

examples by dictating who among the company can access and use data. The 

progress is ongoing and different stages need attention at different times. 
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8. Conclusions 

 

The purpose of this study was to understand how organizations’ strategic decision-

making can be improved with big data. The objective included the examination of 

how different aspects of decision-making ought to be changed and what aspects to 

consider in order to achieve a positive impact with big data. The aim was to create 

a comprehensive understanding of big data in decision-making context. The 

framework of this study combined different aspects of decision-making to increase 

the comprehensive nature of the study. Decision-making was examined through 

three factors. First, strategic problem context which describes the environment for 

strategic decisions, secondly the cognitive factors, which determine decision 

makers’ actions and attitudes and lastly, the social context, which establishes the 

rules and norms in organizations. The role of big data was mirrored to the three 

decision-making factors by identifying how it affects them, what challenges it creates 

in each factor and what adjustments are needed to integrate big data and decision-

making successfully. 

 

This study finds that to begin to understand big data’s possibilities in decision-

making context, it is essential to understand the different stages of big data 

processes in organizations. It is found, that decision-making aspects are affected 

differently depending on how advanced the organization is in its analytical 

competencies. Additionally, many improvement suggestions for each decision-

making aspect was uncovered, providing an apprehension on how big data should 

be included in decision-making and how decision-making must be adjusted to reach 

the greatest impact. 

 

8.1. Theoretical contributions 

 

This study contributes to the big data conversation in decision-making context. 

Overall, the findings in this study were compatible with existing theory. The 

traditional decision-making context and changes caused by big data were 

recognized in the empirical findings and in previous big data decision-making 

theories. The case company has experienced big data’s effects to decision-making 
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correspondingly to previous theories (for example, McAfee & Brynjolfsson, 

Davenport, 2013 and Mayhew, 2016). Most big data decision-making studies 

examine the effects, challenges and changes organizations face when working with 

big data. This study expanded that view by examining different aspects of decision-

making separately in that context.  

 

Additionally, this study contributes to the discussion of decision-making and big data 

by providing a framework for improving decision-making with big data. The findings 

indicate that problem context, cognitive factors and social context respond 

differently to big data, depending on the organizations existing analytical 

competencies. This insight was met in earlier theories as some studies suggested 

that the biggest challenge in big data decision-making is data acquisition and others 

stated that managerial issues are the main challenge for leading big data 

organizations, instead of data acquisition (Fosso Wamba et al. 2015; Davenport, 

2013; LaValle et al. 2011). Empirical evidence also found differences in challenges 

and adjustment suggestions based on the analytical state of organizations and even 

between different functions of the same organization. The framework combines the 

different stages of big data progress in organizations and presents the idea of 

improving decision-making by identifying the organizations competencies in each 

stage and by considering relevant challenges in decision-making regarding their 

analytical state. This allows a comprehensive outlook on big data decision-making, 

which is required when improving strategic decision-making. 

 

8.2. Managerial implications 

 

The managerial objective was to provide understanding about big data decision-

making. This study’s results indicate that when organizations aim to improve 

decision-making with big data they must examine the whole big data context in their 

organization. Big data decision-making in a strategic context should be seen as a 

comprehensive process through the whole organization. As illustrated in the 

framework in figure 8., organizations have to consider the different themes of big 

data – information, technology, methods and impact. Even though decision-making 

transpires in the last stage, all the four stages affect the outcome of decision-making 
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and all of them must be managed. According to the framework, organizations can 

identify and evaluate their competencies in each stage of their big data progress. 

The stages that the organizations find to be most critical for development depends 

on the organizations’ analytical level. Organizations merely starting their analytical 

development and big data initiatives, often face challenges in building their data 

architecture (combination of the three first stages). Analytically advanced 

organizations most often face managerial challenges regarding decision-making, 

related to the last stage of the progress.  

 

After organizations have evaluated their competencies, they can focus on improving 

individual aspects of decision-making. The findings illustrate that strategic problem 

context in big data decision-making is fairly standard. The benefits of big data are 

better accuracy, faster decision-making and more flexibility. The challenges vary 

from information accuracy, the need for new skills and difficulties in using big data 

in practice. The adjustments suggested are to develop a data architecture, to hire 

and train new skills and for organizations’ management to encourage big data 

usage. Social context, the organizations norms and rules, should be developed by 

standardizing decision-making processes. It is crucial to find a balance between 

humans and machines and aim to standardize decision processes across the 

organization. Cognitive factors were examined through the interplay between 

rationality and intuition. The findings reveal that although big data decision-making 

urges organizations toward rational, data-driven decision-making, intuition and 

human mind has an important role in the decision process. Intuition’s role is 

highlighted in the beginning of decision-making processes by asking data the right 

questions. Data-driven approach should be adopted by finding the answers from 

data and acting according to data.  

 

8.3. Limitations and directions for further research 

 

Seven managerial level employees from the case company were interviewed for this 

research. To understand the case company’s organizational context and big data 

decision-making, the number of interviewees was sufficient. The data gathered from 

the three phone interviews and four email questionnaires was comprehensive. 
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However, it is remarked that the two methods selected to conduct the interviews 

were not equal in quality. Phone interviews produced much more diverse and rich 

data than the email answers. During the phone interviews, it was easier to clarify 

the questions, keep the conversation within the research context and ask additional 

questions from the interviewees to avoid misinterpretations.  

 

Although case study is appropriate for the purpose of this study, another limitation 

stems from the selected research method. The findings from a case study cannot 

be generalized globally. Further qualitative research using case study methods 

would improve the understanding of big data and decision-making context even 

more. The case company in this study is one of the leading big data attentive 

organizations in Finland and has a strong analytical background. Multiple case study 

including organizations in different stages of digitalization/analytics/big data 

progress could bring insights of the entire process organizations must encounter 

while aiming to improve decision-making with big data. The proposed framework for 

improving big data decision-making could be validated or modified regarding further 

findings. 

 

It would be also interesting to examine big data decision-making individually in the 

different aspects seen in the context of this study. For example, focusing solely on 

the struggle between intuition and rationality or harmonizing big data aided decision 

processes to organizations’ other processes would likely bring deeper insights about 

the decision-making aspects. 
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APPENDICES 

 
Appendix 1. Interview questions 
 

Interviewee’s information 

• Name  

• Title 

Job description  

1. Description of your tasks and responsibilities? Daily tasks/ long-term 

responsibilities? 

2. What kind of decisions do you make on a daily basis/ long term decisions? 

Examples?  

3. What kind of big data do you use in your own decision-making?  

4. What kind of decisions do you make with the help of big data? Examples?  

Strategic decisions with big data  

5. Are the strategic decisions you face the same type of decisions as before, when 

comparing to a time you did not utilize big data in decision-making. 

6. What kind of hierarchy do you have in your strategic decision-making and has 

there been changes in it? Who can make decisions?  

7. Has there been changes on who participates in the decision-making process?  

8. Where do you access/receive data/analyzed data?  

9. Give an example of a strategic decision-making process.  

10. Has there been changes on what you base your decisions on since you started 

using big data?  
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11. How do you feel big data has affected your decision-making? How do you see 

it in practice?  

12. What benefits big data has brought to your decision-making? What benefits to 

the organization?  

Decision-making in Aller Media  

13. In what role analytics/information systems were in your decision-making before 

you started utilizing big data?  

14. What kind of improvements has been made in Aller Media toward big data 

utilization?   

15. Has the insights from big data met your expectations? 

16. What have you learnt from your big data projects? What improvements have 

you had to do?  

17. What are Aller Media’s data sources? 

Challenges when utilizing big data  

18. Have you faced any challenges with big data projects? Examples?  

19. What type of challenges are the most critical to you?  

20. Were you prepared for the challenges? How?  

21. How have you reacted to the challenges? 
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