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ABSTRACT

Insights from Big Data can become sources of competitive advantage and a foundation for
decision-making, leading to an extended use of such technologies in many firms’ departments.
Even if it is common practice to invest in BDA, oftentimes these techniques are not exploited
correctly, resulting in an unrewarded effort by companies (Dahiya, Le, Ring & Watson, 2022).
Research has contributed to exploring the positive business impacts that the implementation of
BDA brings (Raguseo & Vitari, 2018), however, the role of managers that are directly
responsible for the BDA-related operations and decision-making has been scarcely addressed.
With this research, we aim to understand the role of managers regarding BDA, and what they
perceive as the value they contributed in terms of business performance. We have adopted a
qualitative analysis approach, alongside an inductive approach that has helped us understand
the managers’ perspectives in using BDA to improve firm performance. The findings that were
identified include key challenges that managers face using BDA, an interdependent relationship
between essential hard and soft skills for managers of BDA, support of a BDA Resource-Based
View framework, beneficial traits of managerial styles and positions in using BDA as well as
future trends in BDA adoption and the future integration of Artificial Intelligence (Al) in BDA

technologies.
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1. Introduction

The introduction to this thesis will explore background knowledge and applications of BDA as
well as our interest in researching BDA from a managerial perspective. Subsequently, this
chapter will include the background, the purpose of our research, our research questions, and

delimitations of the thesis.

1.1 Background

Data is repeatedly being created, shared, and stored through channels such as tools, people and
machines (Maritz, Eybers & Hattingh, 2020). The means by which that data is created and shared
is exponentially growing as new technologies and digital platforms emerge, and the potential
value of data increases concurrently as datasets grow larger (Maritz, Eybers & Hattingh, 2020;
Verma & Bhattacharyya, 2017). Once datasets reach a certain analytical complexity, due to their
size, format variation, and the speed at which data is generated, it becomes too complex for
standard analytical methods (Sagiroglu and Sinanc, 2013). This type of data is referred to as “Big
Data” and requires a different analytical approach which is referred to as “Big Data Analytics”

(Sagiroglu and Sinanc, 2013).

Big data is considered to be a disruptor in many aspects of organisations and can be a useful tool
in making scientific advancements while also making organisations more profitable and
financially efficient (Almeida & Calistru, 2013; Maheshwari, Gautam & Jaggi, 2019). The use of
BDA enables organisations to combine and integrate larger datasets to gain new insights that
were not possible before as it goes beyond observing and analysing single datasets one at a time
(Gong & Janssen, 2020). McAfee and Brynjolfsson (2012) view BDA as the next “Management
Revolution” and worldwide investments in BDA amongst organisations have been exponentially
increasing as businesses search for sustainable competitive advantages achieved through better
BDA capabilities (Akter, Wamba, Gunasekaran, Dubey & Childe, 2016; Maheshwari, Gautam &
Jaggi, 2019). The benefits of using BDA within organisations are illustrated by the literature as
being a powerful and useful asset for organisations (Akter et al. 2016; Ferraris, Mazzoleni,

Devalle & Couturier, 2018; Gong & Janssen, 2020; McAfee & Brynjolfsson, 2012).



According to Alrumiah and Hadwan (2021), BDA is a useful asset to any organisation as big
data can be utilised in predictive analytics, allowing businesses to equip decision-makers with
predictive powers that allow them to accurately predict and capitalise on consumer behaviour.
This notion is corroborated by Gupta and George (2016) who identify four capabilities of BDA
as a firm resource: traceability, predictive, decision support, and analytical capabilities. Obitade’s
(2021) findings show that with the deployment of BDA, organisations are able to leverage the
predictive and analytical capabilities of BDA to either create or uncover new marketplace
knowledge. Aligned with this, Obitade (2021) also highlights the value of BDA’s
decision-making capabilities as being an important factor in improving the application of

accumulated knowledge within a firm to create greater business value.

The benefits and uses of BDA become apparent as the application of BDA within an
organisational setting sheds light on insights that are extremely valuable for the performance of
any given organisation. This lays the foundation for our interest in studying this subject and
exploring aspects of BDA research that remain unexplored. The applications and benefits of
BDA seem to be plentiful, yet there are challenges and difficulties that come with utilising BDA
in firms. There are issues related to the size and speed of BD as it is costly to store and collect,
but it is also costly to develop BDA tools, solutions, and expertise that enable firms to generate
insightful predictions (Almeida & Calistru, 2013; Gong & Janssen, 2020; Ferraris et al. 2018).
The challenges of BDA will be explored to a further extent in section 3.3.

1.2 Purpose of Study

As there is a qualitative research gap in BDA from the perception of managers, the opportunity
has presented itself to inductively research this area of BDA and firm performance. Hence, the
purpose of this study is to provide a deeper understanding of managers’ roles in utilising BDA
and improving firm performance by investigating how different managerial skills and styles
influence their use of BDA in firms. The research questions are constructed with the aim of

fulfilling this purpose and ask:

RQ1: What skills and managerial styles are more appropriate for managers that work with BDA?



RQ2: How are those skills and styles influencing managers’ abilities in utilising BDA to improve
firm performance?
RQ3: What are the current and future challenges and opportunities in the use of BDA, and how

will they impact the role of managers?

1.3 Delimitations

As we intend to investigate the research question with the purpose of creating a deeper
understanding of this given topic from the managerial perspective, a natural delimitation of this
study will be to structure and format our interviews with the aim to only provide data from the
managers’ perspective. Additionally, as Almeida and Calistru (2013) discussed, BDA solutions
are costly to develop. As such, the financial resources of the firms that our interviewees represent
may vary, and therefore, the BDA capabilities may vary too. As such, given that variations of
BDA capabilities may change the perceived implications of BDA applications and use from the
managers’ perspective, the findings may be subject to firm size and financial resources that the
firm is able to allocate to its BDA capabilities. Given our research purpose, we have decided to
delimit the research of this thesis to only analyse the perceptions of the managers without

considering the firms’ size or financial resources that have been allocated for BDA purposes.

Furthermore, the selection of respondents for this study is from Nordic countries as this enables
us to focus on the skills and styles of managers and how it influences how they perceive the
application and use of BDA. The cross-industry selection of respondents allows for higher
precision and more in-depth analysis based on greater nuance and variation of managerial skills
and styles. Additionally, the geographical demarcation of the respondents allows for a larger
focus on the possibility of other cultural variations that are not related to the characteristics of

interest which would ultimately affect the conclusions drawn from this study.



2. Method

In this chapter we will describe the methodology applied to this research and the motivation for
this choice. We will show how the data collection procedure has been conducted and how this
information has been analysed. There will be a description of the interviewees’ professional
roles, firms, and industries, listing the respondents but also reporting the differences between
them. The tools used during the research process will also be reported, alongside their role in the

analysis.

2.1 Research Design

The choice of a research design is taken considering the aim of the research and the suitability of
the research question. According to Sekaran & Bougie (2016) the research design helps cover the
research strategies, the interference of researchers, the location, the time frame, and the level of
analysis of data. The elements of a research design are the research strategy, the extent of
researchers' interference, the study setting, the unit of analysis and the time horizon (Sekaran &

Bougie, 2016).

For the choice of research strategy, we considered the division made by Saunders, Lewis and

Thornhill (2009) who present a descriptive, explanatory or exploratory design.

The descriptive design mostly entails a quantitative approach and a defined perspective that the
authors must have to draw conclusions (Saunders, Lewis & Thornhill, 2009). The exploratory
design is used to analyse the cause-and-effect relationship between variables and is often
subsequent to descriptive studies. Moreover, the explanatory design needs to include a

hypothesis which will then be confronted with the results.

Yet, the research questions we needed to answer and the point of view we wanted to adopt for
this research did not match these types of designs (Saunders, Lewis & Thornhill, 2009). The
explanatory design was thus the ideal choice for this research, as it aims at studying new
phenomena or using a different angle to study a topic. This design is also suitable for studies that

aim at gathering various and heterogeneous information about a subject, allowing for the use of a



wider scope to then funnel the information into findings. This design is indicated for qualitative

methods and allows for a more unstructured outline compared to the other two.

We aim at maintaining a low interference, studying the position that managers have regarding the
use they make of BDA. The type of research we are conducting is therefore not intended to
determine a causality between the managers and the firm’s performance, but it is more oriented
towards inductively establishing correlations between managers' skills and styles and the use of

BDA in their professional role (Sekaran & Bougie, 2016).

The research is developed in a non-contrived study setting since it aims at gathering insights that
can then be processed to develop conclusions regarding managers’ use of BDA. The study will
be conducted as a cross-sectional one (Sekaran & Bougie, 2016), meaning that the interviews
were collected in roughly a month and the information gathered once. We will not study any

changes over time in the career of managers.

2.2 Research Approach

When it comes to research approaches, the choice mainly points to two main cores: deductive
reasoning and inductive reasoning, both of which are considered to be applicable to both
qualitative and quantitative research (Sekaran & Bougie, 2016). The deductive approach aims at
testing a theory of a determined subject. The procedure for this approach starts from the general
theory and proceeds by listing possible hypotheses that can be verified. This leads to a set of
observations that serve as tests to demonstrate the determined hypotheses. The analysis of these
results allows for the rejection or confirmation of the chosen theory; Bryman and Bell, (2015)
define this approach as theory-driven. This method has been mainly used in quantitative studies
and is thus less suitable for the type of research we are conducting (Sekaran & Bougie, 2016).
The wide scope of our study would clash with the strict guidelines required to operate with a

deductive approach, leading to partial and possibly unsatisfying results.



The inductive approach works the opposite way, since it starts with the observation of a
phenomenon, analysing the details that compose it and then proceeding with the formulation of

general results.

2.3 Justification of research method

The two choices available for research methods are qualitative and quantitative (Bryman & Bell,
2015). Our decision was to apply a qualitative method since it gave us the possibility to
investigate the profile of the manager and the use of BDA, matching with the inductive approach
we decided to use. A quantitative method would be preferred in cases with larger population
samples and the chance to collect and analyse data that is already categorised before the
collection. Working on the research design, we considered the possibility of using surveys to
then analyse possible correlations, however, it was difficult to apply due to time constraints, a
geographically limited sample and a research question that does not fit with this method (Bryman
& Bell, 2015). The intent of this thesis is to provide a closer look at how managers use BDA and
whether certain managerial styles and skills influence this use. For this reason, we are conducting

research in a qualitative nature to capture the human elements more in-depth.

The inductive approach starts with the observation of a phenomenon, analysing the details that
compose it and then proceeding with the formulation of general results. Since we are analysing
the connections between the growing phenomenon of BDA and its entanglements with
managerial aspects, we can confirm that this would be the appropriate approach (Sekaran &
Bougie, 2016). Additionally, since BD is a relatively recent development, and the “few”
publications that relate to a managerial perspective, choosing a qualitative and inductive
approach provides adequate circumstances for us to engage in this phenomenon in a deeper
context which allows us to capture the nuances and the subjective experiences of each

respondent (Woiceshyn & Daellenbach, 2018; Locke, 2007).

2.4 Selection of Respondents

The selection of respondents was based on their involvement in the handling of Big Data within

the firm. The companies involved in the study are therefore using Big Data in their operations,



which is the main criterion for their selection. The research aims at defying the managerial role
in the context of BDA, hence companies that don’t use such technologies or have only planned to

implement them, were not considered.

Considering our research questions, and the inductive research approach, we aimed at reaching
specialists from different companies that operate in different industries. As the target of the study
focuses on the role of managers, collecting data from professionals that work in similar roles but
operate in different industries, would provide us with a wider scope. The industries and sizes of

the companies are visible in Table 1.

Table 1. Respondent information

Participant | Professional | Format of | Interview Education Industry | Size of the
role interview date firm in
terms of
employees
R1 - Head of Data Zoom 21/04/20 MSc. Shipping 110000
Maersk Pricing Data 23 Informatic and
Science Statistics
R2 - EQT, | Data Science Zoom 28/04/20 MSec. Private 1200/5800
Klarna Manager 23 Engineering equity,

Physics, and Online
Applied and payment

Computational | systems

Mathematics
R3- Head of Zoom 04/05/20 MSc. Cloud 135000
Google Cloud 23 Computer Solutions
Technology Science, and
International
Business




R4 - Data Zoom 05/05/20 MSec. Home 51000

Electrolux | Engineering 23 Engineering | Appliances
Team Lead and
management
of Information
Systems
RS- Tetra | Decisions & | Tetra Pak [ 08/05/20 MSc. Food 25000
Pak Data Science Office 23 Engineering | Packaging
Manager Physics, and &
Theoretical | Processing
Philosophy
R6- Tetra Leader for Zoom 26/05/20 BSec. Food 25000
Pak Sales & 23 Engineering | Packaging
Marketing of &
Automation Processing
& Digital
Solutions
R7 - Head of Data Zoom 25/05/20 | MSec. Vehicle Vehicle 54000
Scania Analytics 23 Engineering | Manufactu
Group rer

In addition to the collection of the data through interviews, we also attended a conference held
by IKEA data scientists, organised by LAMBDA (Lund Data Science Society) on the 26th of
April 2023. The attendance and consequent engagement with this activity were not considered as
collected data but as a source of additional information that was highly relevant to the thesis
topic. The conference consisted of a Q&A, where the data scientist gathered questions from
Lund University students and organised replies over a two-hour presentation. The discussion was
centred on the firm’s use of BDA models and the tasks that were assigned to the manager. During

the fourth chapter of this thesis, some of these insights will be combined with our own findings.




2.4.1 Differences Between Professional Roles.

The respondents we decided to target are intentionally heterogeneous. We are aware of the

differences between education, professional titles, responsibilities, and skill sets; however, as the

research questions are designed to tackle how managers contribute to the use of BDA to improve

firms’ performance, the range of our research needed to be faster than other papers. The

classification of the respondents mainly relies on the use that managers attribute to BDA, hence

we made sure this was a key component of their and their teams’ tasks. The differences in the

professional roles of respondents, including their job description, responsibilities and skills, are

listed in Table 2.

Table 2. Different roles within data departments (Ismail & Abidin, 2016, Gupta & George, 2016,
Persaud, 2021)

Title

Job Description

Skills

Responsibilities

Data Scientist

Follows the process
of generating useful
data from end to end.
Recommends ways to
use data by building
algorithmic and

mathematical models.

Coding and statistical

skills

In charge of solving
complex problems
presented in the

datasets analysed.

Data Engineer

Handles a broad data
set and builds
structures that will be
used by analysts and

scientists.

Software
engineering-related
skills, strong coding
skills (Python, Java)

Responsible for
making data available
and accessible for
Data Scientists and

Analysts.




Data Analyst

Analyses data of
different sizes and
variety in order to
condense them into

usable information

for business purposes.

Interpretation of
business needs and
analysis of data to

solve business-related

problems

Discover paths that
datasets are “hiding”
and display them in a

way that can be
understood and

implemented in

business

decision-making.

2.5 Data Collection

As previously stated, the typology of the research strategy is survey research. When considering
this category, the more appropriate method for our purposes is conducting semi-structured
interviews. Using interviews effectively combines the inductive approach, and the
semi-structured design of the interviews helps us to gather more information about the topic
(Sekaran & Bougie, 2016). The data extracted from the interviews can be considered as a
primary source since the research relies on those to build results. At the same time, there is a set
of secondary sources such as academic papers and newspaper articles, that we have used to

sharpen the structure of our interview guide (Bryman & Bell, 2015).

Semi-structured interviews are suitable for assessing broad problems, allowing us to add some
follow-up questions and further develop additional topics of importance (Sekaran & Bougie,
2016). Saunders, Lewis and Thornhill (2009) highlight how the use of semi-structured interviews
can lead to bias in the integrity of data, especially regarding the comparisons intended. While
aware of these risks, we still maintained our choice, yet we took the liberty of slightly adjusting
some of the secondary questions according to the professional role of the interviewee, which
allowed us to collect on-point data without the risk of collecting different and biassed data. Risks
in data comparison are mitigated by the semi-structured setting, especially when studying a
heterogeneous selection of respondents (Queiros, Faria & Almeida, 2017). There are also other
caveats for this method, like the time consumption of the data collection; however, the research

calls for in-depth results that could not be achieved any other way (Maxwell, 2013). The research
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questions this thesis poses are intended to investigate the role of the manager through inductive
lenses which allows for more nuanced and richer data compared to a purely quantitative

approach (Maxwell, 2013).

We intended to conduct one-on-one interviews and, considering the geographical position of the
interviewees proposed that the meetings be conducted either online or over the phone. We
expressed our preference for the video and audio formats to our candidates as it seemed more
appropriate to gather more non-verbal communication from the side of the interviewees.
Telephone interviews are not the best format for semi-structured interviews, as interviewees tend
to prefer a concise dialogue with direct questions (Sekaran & Bougie, 2016). Other
disadvantages of this method are also the impossibility to read the non-verbal communication of
the interviewees, and the nuisance of having to provide phone contact information (Sekaran &

Bougie, 2016) which we are able to avoid with video calls.

2.5.1 Interview Guide

The structure of the interviews was divided into different topics and phases. First, there was a
presentation phase, where the interviewee was introduced to the study and had the chance to
present her/himself, the role in the company and give general information about the firm.
Subsequently, the interview shifted towards questions related to the use of BDA in the company
and what the perception of the manager was. This part also included what skills managers
consider as important when using BDA, and what soft and hard skills their role requires. The
interview continued by considering the influence of BDA on the different performance indicators
of the company, including a description of what the role of the manager may be in the
implementation of BDA to improve the firm's performance. Finally, some questions regarding
the future, such as the use of BDA in the company, the changes it will bring to the industry and

how will managers need to adapt to this phenomenon were included.

11



2.7 Thematic Data Analysis

The process before the analysis of data consisted in recording the interviews, with the consent of
the interviewee, and transcribing the audio file using the software Otter.ai. We did this operation
right after the data collection, as waiting for the collection of the data to be completed would
have not allowed us to inductively conduct some adjustments and considerations (Johnson,
Adkins & Chauvin, 2020). The process of data analysis information is what allows researchers
to distil theory from data analysis. In Sekaran and Bougie (2016) this process is divided between
data reduction, data displaying and the formulation of conclusions (see Figure 1). We used the
framework reported by Miles and Hubermann (1994) to summarise the data analysis process in
the different steps (Figure 1). Following these steps, once the transcription was completed, the
interviews were cleaned and analysed in order to be coded according to a thematic analysis
approach. A commonly used approach to doing an inductive thematic analysis is Braun and

Clarke’s (2012) method. This method is performed by following a six-step process:

Familiarisation of data
Generating codes
Generating themes
Reviewing themes

Defining themes

AN o

Identifying patterns and locating exemplars

Braun and Clarke (2012) argue that through iterative cycles of reading the collected data, more
insights are extracted as one becomes more familiar with the data. Additionally, by generating
codes, the researcher can generate codes for as many topics as possible and apply the codes to
contextual segments. Through the generation of themes, researchers are able to sort the codes by
using illustrative techniques such as matrixes and tables. By doing this, the researcher can
determine the fit of the data and identify the need for sub-themes if the fit of the data is
insufficient. Furthermore, as the themes are generated, reviewed and defined clearly, the
researcher may produce results which are effectively illustrated and visualised through the
thematic analysis approach where patterns are finally identified and connecting examples are

located. Braun and Clarke (2012) argue that there is no set proportion of a researcher’s dataset

12



that requires a distinct connection to certain themes for this evidence to be considered a theme.
This means that even though only a minority of the data can be connected to a theme, the

purpose of the theme is still there to address the research question.

The coding was conducted through the platform NVIVO, which helped in the process of defining
the parts of interviews that best fit the chosen categories, organising them and then visualising
the correlations and insights that could then be the foundations of our results (Johnson, Adkins &
Chauvin, 2020). The coding process also allowed us to accelerate in the final phase: drawing a

conclusion from data.

Data
Collection

Data
Display

Data
Reduction

Conclusions:
drawing/verifying

Figure 1. Framework for Qualitative Analysis (Miles & Huberman, 1994)

2.8 Trustworthiness

Establishing trustworthiness in qualitative research is an imperative part of generating credible
and meaningful results (Nowell, Norris, White & Moules, 2017). For qualitative research to be
trustworthy, authors should demonstrate high levels of precision for the data analysis by
disclosing the details of the method in such a way that the reader can determine the credibility of
the research process (Nowell et al. 2017). As we are pursuing a thematic analysis method, we

will adopt certain measures of the step-by-step framework of establishing trustworthiness in

13



thematic analysis proposed by Nowell et al. (2017) and Braun and Clarke (2012) to ensure

trustworthiness in the results that our analysis will produce.

In each of the six phases of the thematic analysis approach, Nowell et al. (2017) have proposed
certain actions that researchers may take to ensure credibility, transferability, dependability and
confirmability. In addition, Nowell et al. (2017) emphasise the value of audit trails and consider
reflexivity in the research process. Audit trails are evidence for readers of the decisions that
reflect the use of theoretical and methodological approaches throughout the research process
(Nowell et al. 2017). These decisions require clarification and rational arguments if the
trustworthiness of the research is to be adequately sufficient. Consideration of reflexivity is part
of the audit trails and can aid in establishing evidence for certain decisions regarding the

theoretical and methodological decisions of the research process (Nowell et al. 2017).

Credibility refers to the notion that data has been interpreted correctly where the fit of the
respondents' view and the interpretation and representation of the researcher is adequate (Bryman
& Bell, 2015; Nowell et al. 2017). To establish credibility, we will with the help of peer and
respondent debriefing ensure that our interpretation of data seems to be credible. Transferability
is concerned with the generalisation of the findings of the research, where the transferability of
the findings is often contextual in qualitative research (Nowell et al. 2017). However, to mitigate
the issue of transferability, we have intentionally delimited our selection of respondents to only
be from Nordic countries which eliminates certain cultural variables that may affect the results of
this study. This will produce a more generalizable context of our findings which is transferable
for the interest of Nordic stakeholders. Furthermore, dependability can only be achieved through
logical and rational documentation of the research process (Nowell et al. 2017; Bryman & Bell,
2015; Braun & Clarke, 2012). This entails that choices made during the research process are well
documented and argued for in a rational manner. We have disclosed our choices of theory and
method, as well as our interpretation of our findings with the aim of fulfilling the criterion of

achieving dependability.

Confirmability is an additional criterion for the interpretation of the derived data where the

authors of qualitative research are able to clearly demonstrate how the interpretation of data has

14



been performed (Nowell et al. 2017; Bryman & Bell, 2015). Through reference to our theoretical

framework as well as derived examples of the raw data, we aim at fulfilling this criterion.

2.8.1 Reflexivity

Reflexivity is related to the acknowledgement of the role of the researcher in conducting research
(Watt, 2007; Thyer, 2010). As this thesis is of a qualitative nature, we become a natural part of
the research process as our prior experiences, beliefs, and assumptions may affect the outcome of
the research (Watt, 2007). Consequently, an important part of conducting qualitative research is
critical assessment and reflection on the position that the authors have in regard to the research
(Watt, 2007). This critical reflection is concerned with the reflection of the political, social,
cultural, and ideological biases of the authors as well as those of the interviewees (Watt, 2007).
These assumptions may influence the choice of method, the data collection and analysis, as well

as have implications on the overall findings of the research (Watt, 2007).

We acknowledge that the selection of the research method and parameters may have been
influenced by previous research conducted on similar topics, however, we are also aware of this
as the approach to our research aims at targeting a gap in the existing literature. The argument for
selecting an inductive approach for this research is to prevent mistakenly narrowing it down to
specific theoretical assumptions and maintain an objective and broad view of the topic
(Woiceshyn & Daellenbach, 2018; Locke, 2007). We believe that this approach will minimise the
risk of bias from our own perspective as we are openly interpreting the perceptions of the
interviewees as we interview them. However, this is not to say that the thematic categorization
and review of the data will completely avoid our own bias as this categorization will be based on

our own interpretation of the data and theoretical frameworks that are used.

Furthermore, there is also the notion of interviewer bias which could possibly distort the
outcome of an interview (Salazar, 1990). Through the process of interviewing, the interviewer
can identify issues and a wider range of opinions and behaviours that are relevant to the topic of
research (Salazar, 1990; Creswell, 2017). Interview bias entails that personal qualities are

generally considered to be determinants of the outcome of an interview, meaning that biases
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introduced by the interviewer may directly affect the validity and reliability of the data (Salazar,
1990). To avoid causing interview bias and affecting the validity of the data, we have applied
certain techniques in our interviews which Salazar (1990) discussed in her paper. These
techniques include open-ended questions, avoiding suggesting inference or making conclusions
about the respondents’ answers mid-interview, and balancing each specific theme of inquiry

evenly to avoid the suggestion of specific significance for certain themes.

2.8.2 Ethics

To ensure adequate ethical standards for this thesis, we have conformed to the standards of the
European Code of Conduct for Research Integrity (European Science Foundation, 2017). The
purpose of adopting these ethical standards is to ensure a balance of the search for new
knowledge and safeguarding the interest of the research’s participants. In this case, the
participants that require safeguarding are the interviewees that have participated in this study
with the expectations of having their identities kept anonymous and for us to accurately and
truthfully transcribe and interpret the interviews. To ensure adequate ethical standards for this
thesis, the four principles of research from the European Code of Conduct for Research Integrity
(European Science Foundation, 2017) have been adopted which can be listed as follows: a)

Reliability, b) Honesty, c) Respect, and d) Accountability.

The adoption of these four principles entails that we ensure a high quality of research, reflected
in the research design, methodology, analysis and use of resources. Equally so, our research and
conclusions are truthful and honest representations of our findings. Furthermore, we have the
utmost respect for all participants in the research process by respecting their anonymity and

interview answers as well as us authors being fully accountable for the whole research process.

3. Literature Review & Theoretical Framework

During this chapter, we will account for previous research, theories, concepts, and challenges
that relate to the main topics of this thesis. These concepts and theories will provide useful
frameworks for how we structure our research to address some of the challenges related to BDA,

as well as how we interpret the results from our data collection.

16



3.1 Phases of the Literature Review

The literature review started by considering papers that have analysed the BDA impacts on
business, as the initial phase of brainstorming aimed at understanding the concept of Big Data
and to what extent it was directly related to business performance. This led us to investigate
more on what is intended for Big Data Analytics and what type of managers are involved in roles
that use this type of data. Reviewing academic publications and discussing with experts in this
field, helped us display the problematization part that is connected to BDA. Having established
these initial concepts, we then proceeded to report literature that included a manager-oriented
view of this topic, which is collected in the third section of this chapter. At this point we found it
useful and inspiring to confront our progress with previous theses, which were also considering
applications of BDA in business, but with different focuses. This helped us in checking and
adjusting our literature review on the topic, but also in targeting literature gaps.

Finally, considering the status of our methodology section and our necessity to link it with
theories, we identified the Resource Based View as the best way to address the managerial

capabilities related to BDA.

3.2 Big Data Analytics

BDA and Big Data are the results of the evolution of technology and the exponentially
increasing inflow and outflow of data within organisations (Verma & Bhattacharyya, 2017).
These larger datasets that are emerging through the development of new technologies that collect
data are regarded as Big Data as illustrated in Figure 2. Big Data (BD) is defined by IBM (2023)
as assets of data which cannot be analysed through traditional analysis methods that require
different techniques to be handled, unlike the standard relational databases. The definition
provided by LCIA (2012) considers how this huge amount of data is often not structured using
normal analytical tools. Therefore, analysing data that surpasses a certain dimension (like BD)
would be impossible using traditional data analysis techniques and infrastructures (Chen & Zang,

2014; IBM, 2023; Elgendy & Elragal, 2014).
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Big Data = Transactions + Interactions + Observations

BIG DATA
Sensors / RFID / Devices User Generated Content
Petabytes Mobile Web Sentiment e
User Click Stream
Spatial & GPS Coordinates
Web logs WEB A/B testing
a : External Demographics
Terabytes Offer history / Dynamic Pricing
( Afiliate s Business Data Feeds
CRM ‘ ;
Gigabytes ’ Segmentation Search Marketing HD Video, Audio, Images
Offer details Speech to Text
ERP Behavioral Targeting
PTiaa da Customer Touches ProduciService Logs
Megabytes Purchase record Support Contacts Dynamic Funnels
Payment record SMS/MMS

Increasing Data Variety and Com

Source: Contents of above graphic created in partnership with Teradata, Inc.

Figure 2: Connolly’s (2012 cited in Alles & Gray, 2016) definition of Big Data

The growing number of technologies and tools are generating data that is increasing in volume,
challenging companies that are trying to capitalise on this information (Verma & Bhattacharyya,
2017). Therefore, BDA technologies are relatively young, since this trend has been fueled by the
increased use of mobile digital devices and social media, the improved bandwidth of the internet

and better analytical methods (Verma & Bhattacharyya, 2017; Gandomi & Haider, 2015).

Big Data can be characterised by 3 or 5 Vs (Sagiroglu & Sinanc, 2013). The first three are
Variety, Velocity and Volume (Sagiroglu & Sinanc, 2013). Variety is the characteristic that
provides width to Big Data, which actually makes it “big”. Big Data can be retrieved from a
huge variety of sources and can be found in different formats: structured, semi-structured and
unstructured (Sagiroglu & Sinanc, 2013). Each respective format becomes progressively more
difficult to handle, especially with classic analytical tools and systems (Chen & Zhang, 2014).
Structured data is classified as being stored in a database while semi-structured data is contained
in sources like documents, social media, pictures, audio files, video, and sensor-related files.
However, a majority of data comes from unstructured sources that result in larger, unstructured
sets of data that cannot be processed using traditional database management tools (Cao,

Chychyla & Stewart, 2015).
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Volume represents the size of data, which lately has surpassed the terabyte and petabyte scale
(Sagiroglu, 2013). The volume of data collected is an indicator of the possible valuable

knowledge that can be scraped by the firms that possess it (Verma & Bhattacharyya, 2017).

The third V, velocity, is regarded as the speed at which data is generated (Sagiroglu and Sinanc,
2013). Velocity measures how fast data is coming in and stored, which can oftentimes happen in
real-time or stored in batches of datasets (Sagiroglu & Sinanc, 2013). In theory, the higher the
volume, variety, and velocity of the data, the stronger the analytical basis and more valuable the

insights the data can bring (Sagiroglu & Sinanc, 2013).

From other sources, it is possible to retrieve additional elements that define Big Data, such as
Veracity or Validity, and Vinculation (Verma & Bhattacharyya, 2017; Monroe, 2013; Elgendy &
Elragal, 2014). Veracity or validity stands for the degree of trustworthiness of the data,
characterising the consistency and completeness of data (Elgendy & Elragal, 2014; Verma &
Bhattacharyya, 2017; Monroe, 2013). Vinculation, on the other hand, stresses the degree of
correlation between the data collected (Monroe, 2013).

The areas of application of BDA appear to only be limited by the imagination and ability of the
user, however, the core aspect of BDA is to generate predictive and accurate insights for
whatever aspects of a business that is of interest to the business stakeholders (Gong & Janssen,
2020; Akter et al. 2016; Ferraris et al. 2018; McAfee & Brynjolfsson, 2012; Alrumiah &
Hadwan, 2021; Gupta & George, 2016). This implies that BDA can aid firms in a multitude of
ways where predictive analysis is of value, often in customer behaviour and improving internal
cost and production efficiencies (Alrumiah & Hadwan 2021; Raguseo & Vitari, 2018; Gupta &
George, 2016). This presents the challenge of knowing what BDA will generate insights for, and

how these insights will be used, which will be discussed in the following section.

3.3 Challenges and Problematization of BDA

Ferraris et al. (2018) have highlighted the emerging literature on the capacity and ability of firms

to manage, process, and analyse Big Data as well as the positive effect of BDA on firm
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performance. BDA plays an important role in different aspects of the management of firms,
mostly by informing decision-making and is said to revolutionise existing ideas about
management practices (Ferraris et al. 2018; McAfee & Brynjolfsson, 2012). However,
discoveries presented by previous literature indicate that BDA by itself is not causally related to
the improvement of firm performance, but rather BDA should be viewed as an effective tool to
increase firm performance if used correctly (Ferraris et al. 2018; Gong & Janssen, 2020). Gong
and Janssen (2020) argue that the literature on BDA understates the importance of the
organisational dimension of BDA and the usage of BDA. An organisation’s capabilities in regard
to BDA address whether organisations have the ability to create value through the usage of BDA
(Gong & Janssen, 2020). This presents the problem of the implementation and utilisation of

BDA and how organisations can equip themselves to enable full capitalization on its usage.

If extracted and analysed correctly with high-quality standards, BD can be utilised in an
organisational setting by eliminating certain aspects of human error (such as incorrect intuition
and human bias) in managerial decision-making and therefore directly contribute to the
consistency and rationality of the managers’ decisions (Ferraris et al. 2018; White 2012). White
(2012) however, argues that managers who are using BDA as a tool for their decision-making
need to be cautious. If data is not sufficient, and the quality of the data is of a poor standard, then
firms may conduct incorrect analysis of business and decision-making opportunities which

naturally presents the problem of relying on incorrect data.

Almeida and Calistru (2013) have identified some other key challenges and issues of Big Data
management and suggested some strategies as to how management teams of BDA can mitigate
these issues. A key issue of Big Data and BDA is the substantial amounts of data points that Big
Data provides. As the volume of data is expanding at an increasingly exponential rate and the
development of computers handling such amounts of data is not moving at the same pace, there
needs to be a shift in strategy for how this volume of data is handled (Almeida & Calistru, 2013).
Additionally, as datasets are increasing in size, the time needed to analyse these datasets is also
growing (Almeida & Calistru, 2013). These challenges present themselves when organisations
are not equipped to mitigate such issues and are therefore unable to reap the benefits of BDA

(Gong and Janssen, 2020).
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Furthermore, Ferraris et al. (2018) and Obitade (2021) have discovered the intermediary role of
Knowledge Management (KM) orientation in the relationship between BDA and firm
performance. In the studies conducted by Ferraris et al. (2018) and Obitade (2021), KM was
considered through three different perspectives: acquisition, conversion, and application of
knowledge. Both studies presented a strong intermediating effect of KM between BDA which is
corroborated in this quote: “People who understand the problems need to be brought together
with the right data, but also with the people who have problem-solving techniques that can
effectively exploit them.” (McAfee & Brynjolfsson, 2012 p.9). This conclusion entails that
leaders of organisations that have the ability to match domain expertise with the right data will
be able to utilise BDA more effectively in their operations and therefore increase firm

performance.

From a managerial perspective, these challenges are highly relevant as managers and IT
practitioners need to collectively and selectively identify what data is of interest to them in terms
of what type of decisions the data will inform and with consideration to the finite resources of
the firm (Almeida & Calistru, 2013). This selective approach to the data is necessary as
analysing complete sets of Big Data is unrealistic for most businesses as it is too time-consuming
and too expensive as collecting, storing, and analysing the data is very costly (Almeida &
Calistru, 2013). This is where the managerial aspect of BDA comes into play as there are other,
restricting, elements to BDA other than just a firm’s analytical capabilities that are related to the
responsibilities of a firm’s management team. Knowing what decisions BDA will inform, which
data is of the most importance, and what amount of resources should be allocated to conducting
BDA are managerial challenges and is an important intermediary to BDA’s influence on firm
performance (Almeida & Calistru, 2013; Ferraris et al. 2018). McAfee and Brynjolfsson (2012)
argue that leadership plays a pivotal role in these challenges, as there must be someone in a
management or leadership position that defines what goals the organisation is aiming to achieve

through the use of Big Data.

Furthermore, a general consensus in this research is the challenge of communicating data-driven
insights to business stakeholders. This issue stems from the resistance to change from changing

the mindsets of intuitively driven executives and being able to facilitate communication and
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pedagogically illustrate insights generated from BDA to non-technical stakeholders (McAfee &
Brynjolfsson, 2012; Ferraris et al. 2018; Davenport & Patil, 2012; Gong & Janssen, 2020).

Gong and Janssen (2020) also highlight the organisational challenges of BDA usage related to
privacy, management capabilities, authority, and legitimacy concerns. The concept related to
management capabilities includes an organisation’s use of BDA, linked to the required expertise
and infrastructure of BDA and management’s ability to facilitate enhancements in operations
performance through BDA applications. This can be linked to the literature on KM’s
intermediary role in BDA and the managerial aspect of selectively dedicating BDA resources
considering the organisation’s capabilities (Ferraris et al. 2018; Almeida & Calistru, 2013).
Furthermore, the concept of authority and legitimacy revolves around the managers’ need for
authority to facilitate BDA actions, and legitimacy to drive organisational change through BDA

applications (Gong & Jenssen, 2020).

These challenges present an empirical gap in the literature as the qualitative research on the
managerial aspect of BDA usage is lacking in comparison to the empirical, quantitative research
on BDA’s impact on firm performance. Although the common conclusion of research about BDA
1s its positive impact on firm performance, certain literature that has been presented is concerned
with the managerial challenges related to the usage of BDA. It is this angle of approach that we
will use in this thesis as we aim to provide research on managers’ perception of BDA, the
implications on firm performance and how it is influenced by their managerial skills and style.
By inductively studying the implications of BDA from the managers’ perspective, we will be
able to provide a deeper understanding of how managers that are utilising BDA perceive its
utility, in general, and task-specific terms and whether or not these managers believe that BDA is

a valuable resource for developing a sustainable competitive advantage.

3.4 The Relationship Between Managerial Skills and Firm Performance

Plentiful research has been conducted on the positive relationship between BDA and firm
performance, the intermediary role of the manager and KM orientation on the use of BDA to

increase firm performance, and the relationship between managers’ level of technical skill and
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firm performance. However, little is known about the phenomena of managers’ characteristics
and the influence of this on the use of BDA and the managers’ perceived implications on firm

performance.

A paper by Hysong (2006) investigates the relationship between a managers’ level of technical
skill and the perception of managerial performance. Hysong (2006) discovered that employees
perceive managers with higher levels of technical skill to be more competent and effective in
comparison to managers with lower technical skills. The author argues that the relationship
between technical skill and managerial performance is more prominent for managers that oversee
technical functions in their organisation, with the perceived managerial performance mostly
connected to the technical skill of managers, rather than other skills such as interpersonal skills

and the general experience (Hysong, 2006).

Ferraris et al. (2018) find that effective management plays a crucial role in transforming BDA
capabilities into firm performance by considering knowledge management. They identify the
need for a Data-Driven Culture imposed by management to achieve effective use of BDA
insights within a firm (Ferraris et al. 2018). However, their study's quantitative nature limits the
depth of understanding of the phenomena associated with the managerial influence on firm

performance.

Other literature emphasises the importance of similar managerial skills and characteristics such
as strategic vision, technical knowledge, collaboration, and adaptability for managers to create
value through business analytics. According to many authors, managers need a strategic vision
for analytics to align initiatives with organisational objectives (Vidgen, Shaw & Grant, 2017;
Gupta & George, 2016; McAfee & Brynjolfsson, 2012). Managers and data analysts also require
a deep understanding of data and analytics processes while also being able to effectively
communicate with experts within these domains (Vidgen, Shaw & Grant, 2017; Davenport &
Patil, 2012). McAfee and Brynjolfsson (2012) stress the importance of collaboration with
analytics departments and other stakeholders to address challenges and gain support across the
organisation. However, none of these studies investigate how managers perceive their own
influence on BDA use, or how managers perceive the effect of their characteristics on BDA

utilisation.
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Furthermore, published papers such as Ismail and Abidin (2016), list the main skills related to
professionals that work with BDA, as well as listing the most common skills per professional
role (Figure 3). Our intent is therefore not to relist these skills, but rather to consider how they

serve managers and help them.

Domain Business Objective
Constraints Undcrstandmu— and Success Critenia
Stonytelling

- ="

Figure 3. Classification of BDA-related skills (Ismail & Abidin, 2016)

Based on Figure 3, the skills required for using BDA can be divided into Domain Understanding,
IT skills, and Data Science-related skills. Another classification by Gupta and George (2016)
divides skills into managerial and technical categories. However, for a more suitable approach
using semi-structured interviews, we grouped skills into Soft and Hard skills based on Balcar's
(2016) definition. Hard skills are knowledge-related and trainable, while soft skills are attitudes
and behaviours derived from experiences and traits (Balcar, 2016). We can recognize hard skills
in the classifications by Ismail and Adibin (2016) and Gupta and George (2016), and consider
soft skills like communication, leadership, and passion, as proposed by Dubey and Gunasekaran

(2015) when analysing the data regarding managerial skills.

3.5 Resource-Based View

The resource-based view, or RBYV, is a classical strategic framework emphasising that a firm’s

resources and capabilities are the main determinants of its competitive advantage (Peteraf, 1993;
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Barney, 1991). The framework contributes to the explanation of long-run differences in firm
profitability that cannot be explained by changes in industry conditions (Peteraf, 1993). In its
essence, the RBV framework allows for managers to differentiate between resources that are of
more value to sustaining competitive advantage than other, less valuable resources (Peteraf,
1993; Barney, 1991; Assensoh-Kodua, 2019). Barney (1991) argues that with resource
advantages within a firm, the firm can achieve higher levels of performance with the assumption

that the firm can efficiently exploit its resource advantages.

Mata, Fuerst, and Barney (1995) have created a framework for categorising a firm’s level of
competitive advantage based on a set of conditions. The framework illustrates how these

conditions have to be met to achieve a sustainable advantage (Figure 4).

Is a resource
or capability
valuable?

15 it heterngeneously
distributed across
competing firms?

Competitive
Disadvantage

Is it
imperfectly
mobile?

Competitive
Parity

Sustained Temporary
Competitive Competitive
Advantage Advantage

Figure 4. Identification of Resources and Capabilities (Mata, Fuerst & Barney, 1995)

According to Barney (1991), Assensoh-Kodua (2019), and Peteraf (1993), a firm has a
competitive advantage when it has the ability to implement a value-creating strategy, which is
exclusive to the firm. This entails that no competitors are replicating and implementing the same

value-creating strategy. However, sustained competitive advantage differs from competitive
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advantage as it consists of a firm’s ability to deter the possibility of competitive duplication of its
value-creating strategy (Barney, 1991). According to Barney (1991) a resource can only aid a
firm in sustaining competitive advantage from the perspective of the RBV when it satisfies these

four conditions (thereby also fulfilling those in Figure 4):

a) the resource is valuable as it can exploit or neutralise threats in a firm’s competitive
environment,

b) the resource is rare and hard to come by,

c) the resource is imperfectly imitable,

d) there are no perfect substitutes to the resource.

For Barney (1991) valuable resources can be used to improve the efficiency and effectiveness of
firms, whereas Peteraf (1993) and Dahiya et al. (2022) highlight the cost advantage that valuable
resources can bring to a firm. Additionally, Bogner and Thomas (1994) argue that a sustained
competitive advantage increases customer satisfaction through the use of a firm's valuable
resources. However, is BDA considered to be a valuable resource that can be used to provide

firms with such advantages? This topic will be discussed in the next section.

3.5.1 R