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Abstract

With increasing amounts of data being available, companies are investing to become
data-driven with goals of increased performance, productivity, and profit. However, few
companies are able to succeed with their investments. This might be due to a disproportionate
focus on data and technology compared to the necessary internal processes and culture needed
to leverage it in decision making. Thus, the purpose of this study is to explore the extent to
which data-driven decision making can be used in product development. Using a single-case
study research design with semi-structured interviewing, this thesis explores data-driven
decision making as well as the enabling factors of it. Through a thematic analysis, four major
themes emerge. These are the process of data-driven decision making, the collective process of
data-driven decision making, enabling factors, and data-driven decision making based on
assumptions. This study answers the research question by stating that data-driven decision
making can be used in product development to a certain extent. However, to what extent it can
be used appears to depend on how well the process of data-driven decision making gets

implemented, if a collective effort is made, and to what extent the enabling factors are present.
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1. Introduction

This chapter introduces the topic of data-driven decision making related to product
development. This is followed by a problem discussion which leads to the purpose and research
question of the study. Lastly, the research setting, the delimitations, and the disposition of this
thesis is presented.

1.1 Background

“Without data, you're just another person with an opinion”, as said by W. Edwards Deming
(European Training Foundation, 2018), reflects a view that data can help separate opinions
based on intuition from objective facts. This quote is especially relevant in a world where an
estimated 463 exabytes of data will be created every day in 2025 (Desjardins, 2019). This large
volume of data is constantly generated from multiple sources and can be accessed in real time
(McAfee & Brynjolfsson, 2012). Taken together with advances within business intelligence
and analytics, organizations can utilize the massive amounts of data (Chen et al., 2012) which
enables them to decide based on data rather than intuition. Using data allows organizations to
make better decisions which increases performance (McAfee & Brynjolfsson, 2012) and it is
related with increased productivity and profitability (Brynjolfsson et al., 2011). Consequently,
companies are investing in data and artificial intelligence with an aim to become data-driven
(Bean, 2021).

Being data-driven is a high-level concept encompassing an entire organization (Treder, 2019).
It involves managing data sources, classifying data, managing the data quality, and finally, to
use the data. In that way, being data-driven involves turning data into information, which leads
to insight, which results in value (Treder, 2019). Anderson (2015) elaborates on the final step,
creating value, by highlighting the need of acting based on data, i.e., deciding. Thus, an
organization is data-driven when its decisions are based on data (Anderson, 2015). Furthermore,
these decisions based on the analysis of data are often referred to as data-driven decisions
(Provost & Fawcett, 2013) and the need for companies to engage in data-driven decision
making is highlighted by several authors (Anderson, 2015; Berntsson Svensson et al., 2019;
McAfee & Brynjolfsson, 2012; Nair, 2020; Treder, 2019; Waller, 2020).

One area in particular that could benefit from data-driven decision making is product
development within software development. According to Berntsson Svensson et al. (2019),
most software is developed using agile methodologies where developments are made in
iterations with fast decision making processes. This coupled with the vast amounts of data being
generated internally by software-intensive companies puts them in a position where they can
engage in data-driven decision making to gain a competitive advantage (Berntsson Svensson et
al., 2019).

1.2 Problem Discussion
Despite the investments made by companies (Bean, 2021), few are able to succeed with their
attempts of becoming data-driven (Bean & Davenport, 2019). This might be due to a



disproportional focus on data and technology compared to the necessary internal processes and
culture (Nair, 2020). In fact, being data-driven starts with data and ends with action that
generates value (Anderson, 2015). In this sense, data collection, data access, reporting, and
analysis are merely pre-requisites. A company that uses data and analysis to generate reports is
not data-driven if decisions are still made based on intuition (Anderson, 2015). Conversely, it
has been noted that companies often decide based on the opinions of influential people rather
than data, which obstructs them from becoming data-driven (McAfee & Brynjolfsson, 2012).
Thus, many companies’ effort to become data-driven fail due to the managerial challenges
associated with implementing data-driven decision making rather than decisions based on
intuition (McAfee & Brynjolfsson, 2012; Nair, 2020; Waller, 2020).

Additionally, it has also been argued that data and the associated technology in itself is unable
to yield a competitive advantage (Bhansali, 2013; Braganza et al., 2017). Instead, data and
technology needs to be combined with, among other, managerial skills and a data-driven
culture, where decisions are based on data (Gupta & George, 2016). Moreover, it has also been
argued that an increased amount of data, such as big data, may not be that useful if companies
are unable to leverage it in their decision making (Ross et al., 2013). Therefore, in order to gain
a competitive advantage from data and analytics, data-driven decision making is crucial
(Braganza et al., 2017; Gupta & George, 2016; Ross et al., 2013).

Clearly, there are many advantages of data-driven decision making, such as increased
performance (McAfee & Brynjolfsson, 2012), productivity and profitability (Brynjolfsson et
al., 2011). However, companies appears to struggle in leveraging their data and technology
though their decision making processes (McAfee & Brynjolfsson, 2012; Nair, 2020; Waller,
2020) which results in many failed attempts of becoming data-driven (Bean, 2021).
Furthermore, this unfulfilled potential of data-driven decision making has also been noted
within the field of software product development by Berntsson Svensson et al. (2019). Despite
data being available within this field, decisions are often subjective and based on opinions,
intuition, and political agendas. Therefore, simply having access to more data does not
necessarily result in data-driven decision making (Berntsson Svensson et al., 2019). Thus, there
is a practical business problem of establishing data-driven decision making which requires
further research.

Simultaneously, there is also a theoretical need for more knowledge regarding data-driven
decision making. As noted by several authors, there has been a strong focus on the technical
dimensions of working with data but a limited focus on people and culture (Berntsson Svensson
et al., 2019; Gupta & George, 2016; Mikalef et al., 2018). As mentioned by Anderson (2015),
being data-driven is ultimately about acting on data in order to generate value. Consequently,
the limited literature on data-driven decision making from a people perspective needs to be
expanded.

1.2.1 Purpose and Research Question
The purpose of this study is to explore how data-driven decision making can be used within
product development. More specifically, focus will be on understanding the use of data-driven



decision making, and product development will be the research setting. As previously
mentioned, there is both a practical, and academic, need of more information regarding the final
step of becoming data-driven, namely data-driven decision making (Berntsson Svensson et al.,
2019; Gupta & George, 2016; McAfee & Brynjolfsson, 2012; Mikalef et al., 2018; Nair, 2020;
Waller, 2020). Based on this, the following research question has been formulated:

To what extent can data-driven decision making be used in product development?

In order to answer this research question, it will be necessary to explore how data-driven
decision making is defined in previous literature, gain a better understanding of what the
decision-making process looks like, and to explore its enabling factors. This will be done
through a qualitative study.

1.3 Research Setting: Lynk & Co

The advantages of data-driven decision making is not only noticed by academia. As mentioned,
its promises have resulted in an interest from many companies seeking to improve their decision
making. One company with an explicit goal to become data-driven is Lynk & Co. In this
section, Lynk & Co will be presented in order to provide a better understanding of the setting
in which the research has taken place in.

Formed in 2016, Lynk & Co is an automotive brand that made its debut on the European market
in 2020 with a mobility membership business model, and a strong focus on connectivity (Lynk
& Co, 2021). Now, as Lynk & Co is transitioning from a start-up, where intuition had a large
role in designing their offer, to a scale-up where they have a proven business model and existing
customers, they aim to become data-driven.

More specifically, the Business Technology department at Lynk & Co is striving to use
data-driven decision making in product development of software intensive products. This
department is developing technology and software that helps the rest of the company run its
business. Their current product development process follows an agile framework where work
items are selected from a backlog to be developed during sprints. Since there might be more
work items in the backlog than the scrum team has capacity for during each sprint, work items
need to be selected from the backlog. This prioritization of work items is currently being made
by the product owners who relies on some data, but mostly experience and intuition.
Furthermore, there are also opportunities for data-driven decision making in areas such as
deciding on technical solutions, capacity allocation, and general prioritization.

In order to aid decision making in product development, and to ensure that valuable resources
are spent on the most important work items, the Business Technology department at Lynk & Co
wants to increase their use of data in decision making. Thus, Lynk & Co is an example of a
company that has recognized the benefits of data-driven decision making and is in the early



stages of implementing it. Apart from being an interesting case to study, they are, similarly to
other companies, in need of more knowledge regarding data-driven decision making.

1.4 Delimitations

Although concepts relating to data and analysis will be mentioned, this study does not aim to
go into great detail regarding the technical details of it. This means, for example, that specific
methods used in analytics will not be discussed, nor will data structures or similar concepts.
Instead, data and analysis will be treated as tools in order to understand how it is, and can be
used in product development.

Furthermore, it should be noted that this study will build on interviews regarding data-driven
decision making in product development at the Business Technology department at Lynk & Co.
Thus, the product development in this thesis will refer to software product development. As a
result, attitudes towards data, and the product development itself may be different from other
settings. In addition, product development will be treated as a context in which data-driven
decision making is taking place, rather than being the focus of this research. Thus, this thesis is
delimited to only explore data-driven decision making in the research setting described in
section 1.3.

1.5 Disposition
In figure 1, the disposition of this thesis is presented.

Figure 1.
Disposition

Introduction
This chapter introduces the topic of data-driven decision making related to product development within software. This is
followed by a problem discussion which leads to the purpose and research question of the study. Lastly, a presentation of the
case company of this thesis, the delimitations, and the disposition of this thesis is presented.

iﬁ

Literature Review
The literature review starts by reviewing definitions of data-driven decision making before elaborating on the process of it.
Then, once it has been defined and explained, a review of enabling factors are presented. Finally, the role of intuition is briefly
explored before reaching a theoretical framework.

"

Method
This chapter presents the research strategy and design. Then, the method for the literature review is described before moving
onto the primary data collection and analysis. Finally, an evaluation of the research is presented.

iﬁ

Research Findings
In this chapter, findings from the interviews are presented. First, the process of data-driven decision making will be presented.
Then, a new section will be introduced as an emerging theme from the data analysis. This section will describe the collective
process of data-driven decision making. Finally, findings regarding the enabling factors will be presented.

Discussion
In this chapter, the results from the interviews are compared with the theoretical framework created in the literature review.
Thus, this chapter mainly focuses on the similarities and differences between the reviewed literature and the interviews. This
will then result in a new model of data-driven decision making.

iﬁ

iﬁ

Conclusion
In this chapter, the main findings are presented in order to answer the research question. This is followed by recommendations
for organizations that increase their use of data-driven decision making, as well as recommendations for future research.




2. Literature Review
This literature review starts by reviewing definitions of data-driven decision making (DDDM)
before elaborating on the process of DDDM. Then, once it has been defined and explained, a

review of factors that might enable DDDM will be presented. Finally, the role of intuition in
DDDM will briefly be explored before reaching a theoretical framework of DDDM.

2.1 Defining Data-Driven Decision making

As a starting point, the connection between DDDM and classical decision theory should briefly
be clarified. Elgendy et al. (2021) explains this connection by stating that classical decision
theory consists of three elements: a decision-making process, a decision maker, and a decision.
Within this field, the concept of bounded rationality relates to the belief that humans’ cognitive
capabilities are incapable of computing the complexities of the world. DDDM adds on to
classical decision theory by introducing two further elements: data and analytics. These two
elements are added to the three classical elements of decision-theories in order to better
understand a complex world and to make more informed decisions.

In addition to explaining the connection to classical decision theory, a definition of DDDM
should be clarified. In the literature, DDDM is explained in a number of ways. One area of
focus is on requirements that needs to be met. For example, Brynjolfsson and McElheran (2016)
require high levels of data availability and usage, the tracking of key performance indicators
(KPIs), and long- and short-term targets, to meet their definition of DDDM. More specifically,
the targets should be connected to the KPIs and be used to guide action (Brynjolfsson &
McElheran, 2016). On the other hand, DDDM can also be defined as a process consisting of
multiple steps that start with data and end with a decision (Anderson, 2015; Jia et al., 2015;
Mandinach, 2012; Mandinach et al., 2006). In both types of definitions, there is a consensus
that DDDM involves basing decisions on data. This is also highlighted in table 1 where multiple
definitions are presented.

Table 1

Definitions of DDDM
Definition of DDDM Author(s) and year
DDDM is an iterative process where data leads to decisions Mandinach et al. (2006)
which are implemented and evaluated before starting over.
Data-driven decisions are based on data rather than intuition. McAfee and

Brynjolfsson (2012)

DDDM refers to a systematic transformation of data to usable Mandinach (2012)

knowledge through data collection, analysis, and interpretation,
in order to inform decisions.

DDDM is the practice of deciding based on analysis of data, Provost and Fawcett
rather than purely on intuition. (2013)




DDDM is an iterative process of turning data into knowledge Jia et al. (2015)
that decisions are based on, while being influenced by an
external environment.

DDDM requires access to analyses based on trustworthy and Anderson (2015)
relevant data on which decisions are based.

DDDM requires high levels of data availability and usage, the Brynjolfsson and
measurement of KPIs, and short- and long-term targets. McElheran (2016)
DDDM is based on data and analytics combined with the Elgendy et al. (2021)
classical elements of decision making; a decision-making

process, a decision-maker, and a decision.

Clearly, DDDM involves decisions based on data. However, a more specific definition is
provided by Provost and Fawcett (2013) who defines DDDM as “the practice of basing
decisions on the analysis of data rather than purely on intuition” (p.53). This definition
highlights two key characteristics of DDDM. First, although the strong focus on data in DDDM,
data needs to be transformed into knowledge that can be acted on (Anderson, 2015; Jia et al.,
2015; Mandinach, 2012; Mandinach et al., 2006; Provost & Fawcett, 2013). This also relates to
the view of DDDM as a process. Second, DDDM does not mean that intuition cannot be used,
only that the decisions should mainly be based on data (Elgendy et al., 2021; Jia et al., 2015;
McAfee & Brynjolfsson, 2012; Provost & Fawecett, 2013). Apart from capturing two key
components of DDDM, the definition provided by Provost and Fawcett (2013) also appears to
be a common starting point for other articles within the field (Carillo, 2017; Elgendy et al.,
2021; Jia et al., 2015). Therefore, their definition of DDDM will be used throughout this paper.

2.2 The Process of Data-Driven Decision Making

As previously mentioned, DDDM is often understood as a process. This process can be
described by identifying the steps necessary to take by a decision maker in order to decide. A
number of different processes have been proposed in literature. For example, while Chen and
Zhang (2014) identify a five step process, Mandinach et al. (2006) propose nine steps, and Jia
et al. (2015) propose 11 steps. However, at a high level, all processes can be summarized into
4 steps: data, information, knowledge, and decision. Below, these steps will be described in
greater detail.

Data, according to Mandinach et al. (2006), exist in a raw form that does not have meaning in
itself. Furthermore, the data can originate from multiple types of sources that are either internal
or external to a company (Gupta & George, 2016). Therefore, when a decision needs to be
made, it starts with the collection of data (Mandinach et al., 2006). However, it cannot be any
data, it has to be the right data. Anderson (2015) explains that the data needs to be trustworthy,
unbiased, and timely. Essentially, this means that the data should be relevant for the decision
being made, and that it can be trusted by the decision maker and other stakeholders. Moreover,
this requires the data to be accessible in the first place (Anderson, 2015).



Once data has been collected, it needs to be organized in a systematic way (Mandinach et al.,
2006). In practice, this means that multiple data sources will be arranged or presented in a way
that allows further interpretation (Mandinach, 2012). However, at this stage, the data is still
merely numbers that have been organized and no interpretation has been done yet (Mandinach,
2012). Therefore, this leads to the next step where data is turned into information.

When data is contextualized, it is turned into information. Thus, it is given meaning that can be
used to understand the decision-making situation (Mandinach, 2012; Mandinach et al., 2006).
According to Anderson (2015), this can be done through reporting, alerts, and analysis.
Reporting refers to extracting data and summarizing it in a report that shows what has happened.
Alerting is seen as live reports of what is happening in the present. Analysis goes beyond
reporting what has happened by trying to analyze why it has happened in order to make testable
predictions. Regardless, it is often recommended that this information is visualized in order to
make it more understandable (Chen & Zhang, 2014). Ikemoto and Marsh (2007) also mentions
that data can be interpreted both individually and collectively. Here, the collective interpretation
of data is seen as more complex, and it results in a mutual interpretation of data based on
multiple individuals’ expertise. However, information at this stage does not have implications
on action (Mandinach et al., 2006).

When information is synthesized and prioritized, it turns into knowledge that can guide action
(Mandinach et al., 2006). This is an internal process done by the decision-maker where they
form a knowledge base (Mandinach, 2012). Or, in other words, the decision-maker reviews the
pieces of information and puts them together, decides what information is most useful, and uses
that as a basis for a decision. This allows the decision-maker to better understand the decision
and what actions can be taken (Mandinach, 2012). According to Anderson (2015), this step is
crucial for DDDM since it means that the decision-maker is influenced by the information
created from data.

Once the previous steps have been carried out, it results in a decision that gets implemented and
evaluated (Mandinach et al., 2006). Thus, a decision in DDDM is an action based on data
(Anderson, 2015). However, Ikemoto and Marsh (2007) briefly notes that similar raw data may
result in different decisions based on the situation and the decision maker’s judgement. Once a
decision has been made, Mandinach et al. (2006) explains that the impact of the decision is
evaluated which creates feedback loops. This can be related to the specific decision where, for
example, additional data may need to be collected (Mandinach et al., 2006), or the process in
general (Jia et al., 2015). Thus, DDDM should be seen as an iterative and continuous process
(Jia et al., 2015; Mandinach, 2012; Mandinach et al., 2006).

Above, four high level steps of DDDM have been identified: data, information, knowledge, and
decision. All of these steps are facilitated by technological tools, data engineering and
processing, and data science (Mandinach et al., 2006) and they take place within a business
context where the decision making process is affected by the environment it takes place in (Jia
et al., 2015). This is clarified in figure 2, which is a model created by Jia et al. (2015) as an



adaptation of a similar framework for an educational context, created by Mandinach et al.
(20006).

Figure 2
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Note. “Data-Driven Decision Making Process” produced by Jia et al. (2015, p. 6)

Although a decision follows the transformation of data into knowledge, it is important to
understand that the process does not describe to what extent the decision is based on the
generated knowledge. Mandinach et al. (2006) mentions that it is possible that a decision might
not get implemented due to, for example, lack of resources. On the other hand, Jia et al. (2015)
includes an external environment in their framework. Though only briefly explained by Jia et
al. (2015), this involves organizational culture and resources, which are said to affect the
DDDM process. This is aligned with the claim that technology enables analysis, but it is culture
that creates a mindset and culture where the findings are noticed, trusted and acted upon
(Anderson, 2015). Therefore, in order to understand to what extent DDDM can be used in
product development, it important to understand the enabling factors of DDDM.

2.3 Enabling Factors of Data-Driven Decision Making

Above, a process of DDDM was presented and it was noted that the steps alone are not enough
to understand to what extent DDDM can be used by organizations. Consequently, there is also
a need to review the enabling factors of DDDM. Davenport et al. (2001) had noticed that many
companies were gathering data but were not able to make use of it in order to make informed
decisions resulting in business value. Therefore, they suggest a model depicting the
transformation from data into knowledge and results. This model, shaped as a cone, puts context



at the bottom. It is in the context that decisions are made, and therefore it affects the decision
making. The context consists of four parts: strategy, skills and experience, organization and
culture, technology and data, and organization and culture. Throughout the researched
literature, the enabling factors of using data falls into one of these categories, with the exception
of basic resources such as time and money brought up by Gupta and George (2016). Therefore,
enabling factors of DDDM will be presented according to these five categories.

Furthermore, it should be noted that not all literature is referring to the distinction between the
steps of DDDM as described in 2.2. Therefore, the words “data” and “information” may be
used interchangeably in coming sections.

2.3.1 Strategy

At its core, DDDM is affected by a firm’s strategy, or lack thereof. Without a strategy,
companies will not know what they are trying to achieve with their data initiative (Davenport
etal., 2001). Instead, a clear vision, goals, and a definition of success is needed in order to guide
the use of data in an organization (McAfee & Brynjolfsson, 2012). Moreover, a firm’s strategy
guides DDDM in two ways.

First, strategy guides data collection. Lin (2018) explains that picking the right metrics is one
of the most important steps in DDDM since it mitigates the risk of ending up with too many
metrics that do not tell a cohesive story. If data is collected without a clear goal, firms will pick
metrics that are interesting on their own but taken together, they do not provide decision makers
with the big picture needed to guide action. Gupta and George (2016) further explains that
leaders should carefully decide what to measure and which metrics are expected to be used.
Additionally, having clear goals to guide data collection also alerts companies when they are
missing needed data. Instead of only measuring the data at hand, it is important to understand
when new data needs to be collected (Janssen et al., 2017). For example, some goals require
new data to be generated through prototyping and experimentation (Martin & Golsby-Smith,
2017). Therefore, the strategic context guides a company in which data to focus on (Davenport
et al., 2001).

Second, having a clear strategy helps create organizational support (Davenport et al., 2001) and
motivates action (Brynjolfsson & McElheran, 2016). Organizational support is also connected
to organization and culture, which will be described later. In terms of motivating action,
Brynjolfsson and McElheran (2016) explains that having clear long- and short-term targets
gives context to data and motivates action in response to it. In addition, it also allows an
organization to monitor their efforts to use DDDM (Jia et al., 2015) Therefore, strategy enables
the use of data in the decision making situation.

2.3.2 Skills and Experience

In the process of turning data into knowledge and decisions, skill and experience is needed
(Davenport et al., 2001). People skilled in working with data is a crucial asset for companies
(McAfee & Brynjolfsson, 2012) and it has been found that more educated workers is positively
correlated with DDDM adoption (Brynjolfsson & McElheran, 2016). In fact, Berntsson



Svensson et al. (2019) found that 73% of respondents to their survey indicated that a reason to
not use DDDM is due to a lack of understanding of how to use data in a decision. In addition,
it has also been found that more experienced decision-makers better understand data which
results in better decision quality (Janssen et al., 2017).

More specifically, there are two types of skills that are necessary: technical skills and
managerial skills (Gupta & George, 2016). Technical skills refer to the skills needed in order
to use technology (Gupta & George, 2016) in the transformation of data into information
(Davenport et al., 2001). Although especially important for data scientists, it is also important
that people throughout the organization have a basic understanding of the fundamental concepts
(Provost & Fawcett, 2013). In fact, technology should be considered everyone’s job in order to
make use of DDDM (Davenport & Mittal, 2020). This basic knowledge is important when
interacting with the produced analyses in order to understand what they convey, but it also
allows opportunities to be spotted in order to improve the DDDM process (Provost & Fawcett,
2013).

Managerial skills on the other hand refers to the skill of using the produced information (Gupta
& George, 2016). Janssen et al. (2017) explain that this skill improves with experience. When
decision-makers start using DDDM, they are likely to experience uncertainty regarding for
example how the analysis should be used, and if their decision was correct. However, with more
practice of DDDM, the decision-maker will become more experienced. This also relates to the
iterative process of DDDM mentioned previously (Jia et al., 2015; Mandinach et al., 2006).
Since experience is important, it is suggested that companies should have educational programs
in place (Davenport & Mittal, 2020; Waller, 2020). This program should be offered to
employees on all levels and departments (Davenport & Mittal, 2020) and preferably in a way
that enables employees to use their new skills directly (Waller, 2020).

2.3.3 Technology and Data

Technology and data refer to the underlying hardware and software used when turning data into
knowledge, as well as providing end-user access (Davenport et al., 2001). This part of DDDM
is one that has gotten plenty of focus in previous literature (Berntsson Svensson et al., 2019),
and since this paper is delimited to treat data as a tool, explaining specific hardware and
software in great detail is outside the scope of this paper. Instead, it should be noted that it is
important that the collected data is trustworthy, timely, and accurate (Anderson, 2015).
Therefore, it is important that the knowledge about the data and related analyses is transferred
to end users as it helps them understand how the data can be used (Janssen et al., 2017; Power,
2016).

Apart from the quality of data and analyses, Berntsson Svensson et al. (2019) reports that the
most common barrier to using data in decision making is that data is not available, or that too
much data is available. This relates to two issues that needs to be solved: data access, and data
visualizations. First, data access is crucial as little analysis can be done without data (Waller,
2020) and decision-makers are unable to engage in DDDM without data (Anderson, 2015).
Second, too much data in a decision making situation can cause confusion and require filtering

10



in order to use data (Berntsson Svensson et al., 2019). This relates back to strategy where it was
mentioned that metrics needs to be selected with care in order to collect data that, taken together,
helps the decision maker decide (Lin, 2018). Furthermore, visualizations and storytelling is
suggested methods of supporting decision-makers as it translates data into a language that all
stakeholders can understand (Berntsson Svensson et al., 2019; Davenport & Mittal, 2020).

2.3.4 Organization and Culture

While technology and training can enable analysis, it is the organizational culture that
encourages decision makers to notice, trust and use data (Anderson, 2015). This cultural aspect
of DDDM is mentioned by several authors, and it is seen as one of the key enablers of DDDM
(Davenport & Mittal, 2020; Gupta & George, 2016; McAfee & Brynjolfsson, 2012; Waller,
2020). For example, Carillo (2017) mentions that without a shared vision and culture, the
implementation of DDDM will lead to friction between employees. Furthermore, culture is
often seen as the factor that is the ultimate obstacle to DDDM (Anderson, 2015; Bean &
Davenport, 2019; McAfee & Brynjolfsson, 2012). Below, it will be explained why culture can
act as a barrier to DDDM, what a culture that supports DDDM looks like, and how it can be
built.

Brynjolfsson and McElheran (2016) conducted a survey on the adoption of DDDM and found
that greater tenure of employees negatively correlates with the adoption of DDDM. In addition,
they also found that DDDM is less used by CEOs than others in an organization. They
hypothesize that these individuals might have high influence within their organizations and are
in less need of providing data when motivating a decision. This relates to how a company’s
culture can act as a barrier to DDDM. McAfee and Brynjolfsson (2012) explain that HiPPO
(the highest-paid person’s opinion) is a concept used to explain that many decisions are based
on an influential person’s intuition, rather than on data. This is an issue since companies that
rely on the HiPPO rather than data is unlikely to gain any returns on their data initiative (Gupta
& George, 2016). However, even when companies are claiming that they are using DDDM,
this might not be the case. Instead, McAfee and Brynjolfsson (2012) noticed that many
decisions were made based on intuition and later backed up with data that justified the decision.
Another cultural barrier to DDDM relates to trust between departments. Janssen et al. (2017)
found that data and knowledge sharing is low in some organizations. In order to avoid data
silos, there must be a data-sharing culture (Anderson, 2015). Therefore, an organizational
culture that enables collaboration and knowledge sharing is crucial for DDDM (Janssen et al.,
2017).

Apart from data-sharing, an organizational culture that supports DDDM is characterized by a
shared belief that data can be trusted and should be used in decision making (Anderson, 2015).
This means that the entire organization needs to value decisions based on data (Davenport et
al., 2001), as well as a shifting from basing decisions on intuition to basing them on data
(McAfee & Brynjolfsson, 2012). This relates to moving away from the HiPPO and towards
decisions based on data (McAfee & Brynjolfsson, 2012) as well as increasing collaboration and
data-sharing between departments (Anderson, 2015; Janssen et al., 2017).
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In order to establish a data-driven culture, leaders should get into the habit of asking what the
data says when making a decision and where the data came from (McAfee & Brynjolfsson,
2012). This helps establishing a data-driven culture since it sets expectation to use data
throughout the organization (Davenport & Mittal, 2020; Waller, 2020). Additionally,
cross-functional collaboration needs to be maximized to ensure that all decision-makers have
access to data (McAfee & Brynjolfsson, 2012). Waller (2020) suggests that boundaries between
business units and data scientists should be highly porous. This allows the business units to get
closer to data and understand it better. Simultaneously, it also allows the data scientists to better
understand the business needs. This is also noted by Janssen et al. (2017) who also mentions
that this increases the knowledge of what can be done with data.

2.3.5 Basic Resources

Finally, it should also be noted that companies needs to invest in basic resources such as time
and money in their DDDM initiatives (Gupta & George, 2016). In fact, greater investments in
IT is positively correlated with DDDM adoption (Brynjolfsson & McElheran, 2016). Adding
onto this, it is also possible that a decision that has been reached through DDDM might not get
implemented due to a lack of resources (Mandinach et al., 2006). Therefore, a company’s ability
to invest time and money also shapes its possibility to use DDDM.

2.4 Data-Driven Decision Making Based on Assumptions

Despite the promises of DDDM, it should be noted that it is sometimes criticized. Martin and
Golsby-Smith (2017) claims that this scientific approach restricts strategic options and impedes
innovation. Furthermore, they argue that it is impossible to make decisions about the future by
analyzing historical data. For example, they mention that in order to develop products that
change consumers’ behavior, imagination and creativity is needed in order to create something
new. And for this, there is no historical data. Instead, they suggest that there is a need to create
new data and to experiment. In this sense, they argue that access to existing data is less
important than the ability to create new data through, for example, prototyping.

However, Davenport (2013) explains that intuition has an important role in data-driven
organizations. More specifically, intuition should be used when developing hypothesis as well
as when deciding what metrics to track. However, what separates the data-driven from acting
solely on intuition is that data is created in order to test hypotheses, and that the effectiveness
of selected metrics is measured. Therefore, Davenport (2013) assures that intuition still have a
role in DDDM. This is also confirmed in the definition of DDDM provided by Provost and
Fawcett (2013) as discussed in 2.1. Furthermore, this interplay between intuition and
data-driven analysis might be a key to success (Davenport, 2013). In fact, Lichtenthaler (2018)
claims that for the foreseeable future, even the most advanced artificial intelligence (Al)
generates the best results in creative work when treated as complementary to the human
decision maker. Therefore, Davenport (2013) suggests that an ultimate key to success within
data-driven decision making is to find the right mix of intuition and data-driven analysis.
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Therefore, it should be noted that there are limitations in using historical data in DDDM (Martin
& Golsby-Smith, 2017). Understanding these limits, and knowing when new data needs to be
generated, is therefore something that needs to be done by organizations using DDDM
(Davenport, 2013; Martin & Golsby-Smith, 2017). However, it does not mean that DDDM has
no space for intuition and therefore is unsuitable for creativity (Davenport, 2013).

2.5 Key Takeaways

This section started by defining DDDM as “the practice of basing decision on the analysis of
data rather than purely on intuition” (Provost & Fawcett, 2013, p. 53). Then, the process of
DDDM was explained. On a high level, this process starts with raw data which is transformed
into information and knowledge that a decision can be based on (Jia et al., 2015; Mandinach,
2012; Mandinach et al., 2006). However, it was noted that the external environment affects the
DDDM process (Jia et al., 2015), and that these factors needs to be considered as they affect to
what extent DDDM can be used (Davenport et al., 2001). Based on the frameworks created by
Davenport et al. (2001) and Gupta and George (2016), five groups of factors were identified:
strategy, skills and experience, technology and data, organization and culture, and basic
resources. Although data and technology has gotten the most attention in previous literature
(Berntsson Svensson et al., 2019), all parts are needed for DDDM. Finally, the role of intuition
in DDDM was discussed. Here, it was noted that intuition has a role in data collection in terms
of creating new data (Martin & Golsby-Smith, 2017) and picking metrics to measure
(Davenport, 2013).

Based on this, a new framework has been created (figure 3). This framework consists of two
parts: the DDDM process, and five pillars supporting it. The process is inspired by frameworks
by Mandinach et al. (2006) and Jia et al. (2015), and it includes the high-level steps identified
above. This process rests on five pillars consisting of the enabling factors of DDDM. Similar
to the framework created by Davenport et al. (2001), this is to illustrate that the enabling factors
are fundamental to the DDDM process. In appendix 1, the framework is further explained by a
summary of the key findings from the literature review. This theoretical framework will serve
as a basis for the rest of this paper.
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Figure 3
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3. Method

This chapter will start by presenting the research strategy and design. Then, the method for the
literature review will be presented before moving onto the primary data collection and analysis.
Finally, an evaluation of the research will be presented.

3.1 Research Strategy

In order to gain an understanding of to what extent data-driven decision making (DDDM) can
be used in product development, a qualitative research strategy was used. As previously noted,
there is a lack of research that focuses on people working with DDDM (Berntsson Svensson et
al., 2019; Gupta & George, 2016; Mikalef et al., 2018). In other words, more knowledge is
needed regarding how people perceive the use of DDDM. Therefore, research that focuses on
understanding the attitudes and behavior of people is needed. Since qualitative research
emphasizes the understanding of a social world from the participants’ perspectives (Bell et al.,
2019), it was a suitable research strategy. Through qualitative research, it was possible to gain
an understanding of how people perceived DDDM in their daily work. Therefore, the qualitative
research strategy allowed for a better understanding of people’s views on using DDDM and
how that might depend on different contextual factors.

Furthermore, the exploratory nature of qualitative research allowed for the creation of new
theory through inductive reasoning (Bell et al., 2019). This was desirable owing to the identified
gap in the literature regarding the focus on people. Therefore, this thesis emphasized the
generation of new theory, rather than testing existing ones. With that goal in mind, a qualitative
research strategy is the best option (Bell et al., 2019).

3.2 Research Design

For this research, a case study design was used. This entails a deep dive into the specific
contexts of a single case in order to analyze it intensively. Although the external validity of case
studies often is weak (Bell et al., 2019), findings from cases allows for a close understanding
of theoretical constructs (Siggelkow, 2007). This results in case studies providing a solid
foundation for inductive reasoning, which results in new theory (Bell et al., 2019). Therefore,
the use of a case study was aligned with the exploratory nature of this research.

When conducting a case study, it is important that the case is interesting in itself (Bell et al.,
2019). On this topic, Flyvbjerg (2010) mentions that in order to maximize the utility of a single
case, atypical cases often provides the most information. As mentioned above, the case studied
in this research was the company Lynk & Co. This case was expected to offer plenty of
information regarding DDDM in software product development, because they have an explicit
goal of becoming data-driven. Since this goal was both clearly stated and under implementation,
it was believed that it would be an interesting case for the research question. For example, since
DDDM was under implementation, the case company could provide timely insights on how
this change was perceived. Therefore, Lynk & Co was a suitable case as it was interesting in
itself and had the possibility to provide plenty of information.
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Furthermore, Lynk & Co had also expressed a need for more knowledge regarding DDDM in
product development. Therefore, studying their unique context as a case would provide the
company with relevant knowledge, which ensured a practical application of the research.

3.3 Method for Literature Review

Previous knowledge within the field was identified through a literature review. Following the
recommendations of Bell et al. (2019) and Snyder (2019), the literature review helped forming
a theoretical foundation for the study which was used in order to better understand where this
research could add to existing knowledge. Additionally, the theoretical foundation also helped
in the creation of an interview guide which was later used during the primary data collection.
Below, the procedure of the literature review will be explained.

The literature review was conducted through a semi-systematic, or narrative, review. DDDM
is a research field that has been explored from multiple perspectives, some more technical
whereas other focuses on decision making behavior. When a research topic has been
conceptualized within diverse disciplines, a semi-structured review can be used in order to
synthesize the current state of the knowledge within the field (Snyder, 2019). Unlike the
systematic review which requires a research question that is clearly defined (Bell et al., 2019),
the semi-structured literature review is suitable for research questions that are not narrowly
defined (Snyder, 2019). However, inspiration was taken from the systematic review’s ability to
perform an unbiased search as well as providing transparency of the process. Therefore, search
words, inclusion- and exclusion criteria have been used in this process.

The semi-systematic review was facilitated by a search strategy consisting of search terms,
inclusion- and exclusion criteria, and databases to be used. As suggested by Snyder (2019),
search terms were based on the research question. The search terms consisted of different
combinations of the search words in table 2. It should also be noted that the search words were
used with variations in hyphens and American/British spelling. The searches, using these search
words, were conducted in February and March 2022 on Google Scholar and the Gothenburg
University Library.

Table 2

Search Words

Search Words

e Data driven decision making e Analytics

e DDDM e Product development
e DDD e Management

e Data based decision making e Capability

e [Evidence based decision making ¢ Business

e Data e Culture

e Evidence e Behavior

e Decision making e Collective
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In order to identify relevant articles, inclusion- and exclusion criteria should be used (Snyder,
2019). These criteria, which can be found in table 3, were selected based on a few different
reasons. For example, to only include literature that is peer reviewed, has many citations, or
published/written by well-known publishers/authors was decided in order to ensure the quality
of the reviewed literature. Simultaneously, articles concerning DDDM in niche fields was
excluded if the findings were too specific to that particular context. This was to ensure that the
reviewed articles would be relevant to the research question.

Table 3

Inclusion- and Exclusion Criteria

Inclusion Criteria
Literature concerned with the decision-
making process of DDDM.
Literature concerned with DDDM in
product development.
Literature concerned with DDDM in a
general sense.
Literature concerned with barriers to
DDDM.
Literature concerned with opportunities of
DDDM.
Literature concerned with enabling factors
of DDDM.
Literature concerned with enabling factors

Exclusion Criteria
Literature about DDDM in niche fields
that don’t apply outside the specific field.
Literature where data-driven approaches
have been used in the research rather than
being the researched topic.
Literature that was not public or
accessible through the Gothenburg
University library.
Literature in languages other than English
and Swedish.
Non peer reviewed literature, few
citations, and published by unknown
publishers.

of using data.

Finally, reviewed articles were also a source of further data collection by looking at citations.
Here, both literature that was cited in reviewed literature, as well as literature that was citing
the reviewed literature, was reviewed according to the inclusion- and exclusion criteria.
Therefore, additional literature that was not found with the initial search words could be
discovered.

3.4 Data Collection

In this study, primary data was collected through semi-structured interviews. This step was
carried out after the initial literature review. However, due to the inductive nature of this
research, this process was somewhat iterative since new knowledge was discovered through the
primary data collection. Therefore, as suggested by Bell et al. (2019), the theoretical foundation
was not considered to be fixed after the initial literature review. Instead, it remained flexible
throughout the primary data collection in order to allow for new concepts to be discovered
further.

Primary data was collected through semi-structured interviews. This method of data collection
was chosen due to its flexibility where interviewee’s point of view can be explored if they bring
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up unexpected topics (Bell et al., 2019). This was desired due to the exploratory nature of this
research where it was expected that new insights would be discovered. Since new insights were
expected to be discovered, it would be necessary to ask open ended questions that could be
followed-up with probing questions. The possibility to do this is one of the advantages of semi-
structured interviewing (Bell et al., 2019). Furthermore, this study has emphasized a need for
deeper knowledge regarding the people side of DDDM. Therefore, qualitative interviewing was
chosen due to the possibility to understand a social world from the interviewees’ perspectives
(Bell et al., 2019).

However, it has been argued that semi-structured interviews can be less flexible in dealing with
new topics compared to unstructured interviews due to the interviewer trying to ask all
interviewees the same questions (Bell et al., 2019). In order to mitigate this risk, open questions
were included in the interview guide that would allow the interviewee to make their own
connections. Including open questions is also recommended by Bell et al. (2019) to increase
flexibility in interviews. For example, asking interviewees what their ideal scenario in working
with data, and how that differed from their current situation, proved to be a question that
resulted in varying responses from the interviewees. This increased flexibility in the interview
since it allowed for new topics to be discovered.

Simultaneously, conducting semi-structured interviews, rather than unstructured interviews,
was a decision based on the belief that using a somewhat specific interview guide would be a
helpful tool in conducting the interviews. This means that semi-structured interviews are
flexible while still providing the interviewer with a tool that helps in covering all desired topics
(Bell et al., 2019). Therefore, an interview guide was created based on the literature review.
This can be found in appendix 2.

3.4.1 Sampling Interviewees

As this was a case study, sampling was done on two levels. First, a case company was sampled.
The sampling of the case company, Lynk & Co, is described in 3.2. Second, interviewees
needed to be sampled from Lynk & Co. In sampling interviewees, purposive sampling was
used.

More specifically, the purposive sampling was inspired by a combination of theoretical- and
snowball sampling as described by Bell et al. (2019). For this research project, it meant that an
initial set of 3 participants were strategically selected based on the research question. This
meant that people at Lynk & Co that were involved in product development, the work to become
data-driven, or both, were sampled. After each of the initially sampled interviewees had been
interviewed, a brief analysis was carried out in order to better understand where more
information was needed. This part was combined with snowball sampling as the initial
interviewees suggested other people that would be relevant for the research question, who in
turn recommended additional people. Therefore, this was, similarly to what is described by Bell
et al. (2019), an iterative and continuous sampling of interviewees.
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This sampling method assured that flexibility could be maintained as the topic evolved, while
also allowing for a strategic sampling where relevant individuals could be interviewed (Bell et
al., 2019). This flexibility was desired since it was assumed that the research topic would evolve
throughout the research when new aspects of DDDM would be discovered. Therefore, being
able to sample new participants throughout the research was seen as a better option than
sampling all interviewees a priori.

Since the sampling was not pre-determined, there was no goal regarding sample size. Following
the concept of theoretical sampling, theoretical saturation was more important than conducting
a specific number of interviews (Bell et al., 2019). Since analysis was carried out
simultaneously, it became apparent when the number of new codes developed from each
interview was decreasing. This meant that further interviews would not have provided new
knowledge for the theory-building, thus indicating theoretical saturation (Bell et al., 2019).
Consequently, seven interviews were held with people at Lynk & Co. Further details about the
interviewees can be found in table 4.

Table 4

List of Interviewees

Interviewee Date Position Location Duration Language
Participant 1 2022-03-29 | Product owner Video call | 70 min English
Participant 2 | 2022-04-05 | Product owner Video call | 50 min Swedish
Participant 3 2022-04-11 | Head of XYZ Video call | 50 min English
Participant 4 2022-04-08 | Head of XYZ Video call | 45 min English
Participant 5 2022-04-14 | Product manager | Video call | 50 min English
Participant 6 2022-04-14 | Head of XYZ Video call | 50 min English
Participant 7 2022-04-21 | Service manager | Video call |40 min English

3.4.2 Conducting the Interviews

After potential interviewees had been identified, they were contacted with a short description
of the study and asked if they could participate. As suggested by Bell et al. (2019), participants
were offered a copy of the interview guide. After the first interview, this guide was updated to
include a short description of the differences between data, information, and knowledge. During
the first interview, it was noticed that the word “data” can be interpreted as “information”.
Therefore, making this distinction from the outset helped guaranteeing that both the interviewee
and the interviewer were referring to the same concepts. For the first interview however, this
misunderstanding was corrected immediately after being noticed. Therefore, the difference
between concepts was also assured during the first interview.

All interviews were held via video calls. This was mainly due to convenience reasons as it

facilitated, for example, interviews with participants in multiple locations without having to
travel. Furthermore, as all interviewees were rather used to online meetings, technological and
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behavioral issues connected to online interviewing mentioned by Bell et al. (2019) could be
mitigated. Therefore, the interviews were conducted over video calls.

As mentioned above, an interview guide had been prepared for the interviews. This helped
create a structure for the interviews where all key areas could be explored. In addition, having
pre-prepared questions facilitated the interviews by minimizing leading, or poorly formulated,
questions. However, interviews were held rather flexible and additional questions to probe,
clarify, or follow-up were also asked. As a result, new topics could be explored in detail, even
if this meant that the structure of the interview guide was abandoned at times. Still, with the
intentions of using an interview guide as a helping tool rather than a strict script, it was not
considered to be an issue. However, it should be noted that asking questions outside the
interview guide increases the risk of poorly formulated, or leading, questions. In order to
mitigate this risk, this issue was kept in mind when asking unprepared questions. In addition, if
it was noticed that a question was misinterpreted, a clarification was given. At the end of each
interview, the participants were asked if there was anything they wanted to add. According to
Bell et al. (2019), this is good to include since it allows participants to raise any topics that they
have not been able to raise during the interview.

Furthermore, with the consent of all interviewees, the interviews were recorded and transcribed
in full. This was done since transcriptions facilitate the data analysis and makes the research
more transparent (Bell et al., 2019). In order to allow for the continuous analysis needed for the
sampling method, all interviews were transcribed immediately after they were held.

3.5 Data Analysis

Thematic analysis was used to analyze the collected primary data. This was a suitable approach
since thematic analysis is useful for analyzing interview transcripts, and it is useful for inductive
research as it results in themes and theory creation (Bell et al., 2019). Therefore, a thematic
analysis was appropriate for the input, and desired output, of the data analysis. Below, the
process of the thematic analysis will be further described.

As previously mentioned, the interview transcripts were coded continuously. Using NVivo,
transcripts were first coded into data-centered codes. This initial step of coding was to develop
codes that stayed close the data by using similar words and phrases as expressed by the
interviewees. For example, this meant that for the interview held in Swedish, the initial coding
was also done in Swedish. Coding in this descriptive way close to the data minimized any
premature, and possibly, biased analysis of the transcripts (Bell et al., 2019). In addition, since
NVivo was used, it was also possible to assign multiple codes to the same passages of the
transcript.

After the initial coding, NVivo was used to parse through the created codes and group them
into concepts. Then, these concepts could be combined into themes. Through this process, data-
centered codes transforms into concepts and themes that has a closer connection to existing
literature (Bell et al., 2019). By comparing the emerging concepts and themes with existing
literature, it was possible to see how they related to each other. As a result, themes that were
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closely related to existing theories were named accordingly. However, some categories and
themes had no clear connection to the reviewed literature. Thus, these were considered as
emerging theories. In appendix 3, a visualization of the thematic analysis can be found.

During the process of coding, extra attention was given to passages of the transcripts that
indicated connections between concepts. This was possible by identifying how participants
expressed causal connections by using words such as “because” (Bell et al., 2019). By doing
this, it was possible to better understand how interviewees perceived the use of DDDM in
connection to the developed themes, as well as the connection between themes. As a result, it
was possible to analyze how different factors affected the perceived use of DDDM in product
development.

However, Goffin et al. (2019) suggests that data should be coded independently by multiple
researchers in order to increase the rigor of the research. Since this study was conducted by a
single researcher, that was unfortunately not possible. In order to mitigate this risk, it was
decided to use NVivo. As mentioned above, this allowed for the creation of a great number of
individual data-centered codes and the same text in transcripts could be coded multiple times.
Taken together, this allowed the coding process to accurately transform interview transcripts
into codes while minimizing any premature or biased analysis of the transcripts.

3.6 Research Process

The research method described above can be summarized according to figure 4. This figure
shows a flow from an initial research idea to a final conclusion based on research findings.
However, this flow should also be seen as an iterative process. More specifically, the flow from
research question to literature review created a loop. This was due to more knowledge about
the field being uncovered through the literature review. Thus, the research question could be
more clearly defined. Another loop in this process was from literature review to data analysis.
As interviews were conducted and analyzed, the literature review was iterated when
unanticipated themes and categories were discovered. A final loop in the process was connected
to the sampling of interviewees. As described above, the data analysis determined the need for
continued sampling of interviewees. Thus, the sampling of interviewees to data analysis was
also an iterative process.
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Figure 4
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3.7 Research Quality

In this section, the quality of this research will be discussed. Since the criteria reliability and
validity are better suited for quantitative studies, this discussion will be based on the alternative
criteria for qualitative research presented in Bell et al. (2019). These are credibility,
transferability, dependability, and confirmability.

3.7.1 Credibility

Credibility refers to how believable the findings are, and it depends on whether good research
practice has been carried out, and if it has been confirmed that the social world has been
correctly understood (Bell et al., 2019). Since this study has been carried out by following the
recommendations by Bell et al. (2019) and the supervisors to this thesis, attempts have been
made to follow good research practice as described above. In terms of confirming that the social
world has been correctly understood, respondent validation has been used. According to Bell
et al. (2019), respondent validation refers to a process to ensure that the findings corresponds
to the experiences and perspectives of the interviewees. This was achieved by emailing each
participant a copy of the findings from their interview. As a result, participants could verify that
the findings corresponded to what they had wished to express. In the case that a participant
would not have agreed with a finding, this would have been investigated further in order to
understand the reason for it.

3.7.2 Transferability

Transferability relates to external validity, and thus how well the findings can be applied in
other contexts (Bell et al., 2019). As noted above, the external validity of case studies is often
weak (Bell et al., 2019) and instead its strength lies in the ability to get close to theory and
understand causal forces (Siggelkow, 2007). However, Bell et al. (2019) mentions that
qualitative research should include extensive descriptions of the research in order to allow
others to make their own judgements regarding how well the findings can be transferred to other
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settings. Therefore, this thesis has aimed at providing a detailed description of the case
company, the interviewees, the interview guide, and the research in general.

3.7.3 Dependability

Dependability relates to the trustworthiness of the research, and it can be increased by providing
extensive information about the research process (Bell et al., 2019). In the sections above, it
has been attempted to provide as detailed information as possible regarding the research process
and the choices that has been made in order to increase dependability. For example, by
including a visualization of the thematic analysis in appendix 3, detailed and transparent
information about the data analysis has been provided. In addition, Bell et al. (2019) also
mentions that all records should be kept for auditing, which increases dependability. For this
research, all material, such as interview transcripts, has been saved. However, this study has
not been audited in the way where others have reviewed this material. Instead, the thesis’
supervisors and other students have been involved in the research process by providing
feedback on the thesis on a regular basis.

3.7.4 Confirmability

Confirmability refers to the extent to which the research process has not been affected by values
or previous beliefs of the researcher (Bell et al., 2019). As mentioned in the sections above,
confirmability has been strived for in a number of ways. First, an interview guide was prepared
with open questions based on previous literature. Thus, questions could remain free of personal
bias, and they were based on previous literature rather than personal beliefs. Second, the initial
coding of transcripts was done using data-centered codes which should minimize bias in the
coding process.
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4. Research Findings

In this chapter, findings from the interviews will be presented. The structure will be similar to
the one presented in the literature review. First, the process of data-driven decision making
(DDDM) will be presented. Then, a new section will be introduced as an emerging theme from
the data analysis. This section will describe the collective process of data-driven decision
making. Finally, findings regarding the enabling factors will be presented before presenting
participants’ views on the limitations of historical data when developing new products.

The thematic analysis of the interviews resulted in the identification of four main themes and a
number of categories related to data-driven decision making in product development. As
previously mentioned, some of these themes had close connections to existing literature and
were therefore named accordingly. However, a new major theme emerged through the thematic
analysis. This theme will be called the collective process of data-driven decision making. In
appendix 3, the thematic framework developed during the thematic analysis is presented.

In the coming sections, these themes will be described in greater detail. The first section will
focus on the process of DDDM by presenting how the interviewees perceived the use of data
in decision making on a general level. Then, it will be explained how DDDM becomes a
collective process when it is taking place in a setting where multiple people come together in
making decisions. The next theme to be presented relates to the enabling factors of DDDM.
Finally, the last theme to be presented relates to participants’ views on the limitations of
historical data when developing new products

Furthermore, it should be noted that all interviews were held within the research setting as
described in 1.3. Therefore, the coming sections will present the interviewees’ perceptions of
DDDM within the context of product development of software-intensive products.

4.1 The Process of Data-Driven Decision Making

Overall, the participants shared an understanding that raw data needs to be collected, turned
into information, and then analyzed to make sense of it. For example, participant 1 said that it
is not possible to decide based on raw data without first understanding what it means. In line
with this, Participant 4 described DDDM as “taking the raw data into information, and then
further analyze it to make sense of it”. At the same time, it was also recognized that this is an
iterative process that includes subjective choices. Below, this process will be explored in greater
detail.

According to the interviewees, data can be collected from multiple sources. In terms of external
sources, participants 5 and 7 explained that external data can be collected for decision making,
but it may be less accessible and useful compared to internal data. For example, participant 7
mentioned that external data could be studies about customer behavior in the US or globally.
Since Lynk & Co focuses on the European market, participant 7 was not sure how those studies
could be applied. Regarding internal data, participant 3 explained that they have access to the
systems and can look directly in the databases. On this topic, participant 1 explained that they
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have plenty of data within these systems, but they need to collect and process it in order to show
it in a user-friendly way.

Regarding the next step of the DDDM process, discussions among the interviewees mainly
focused on the challenges of turning data into information that can be understood throughout
the company. Although participants mentioned that they are gathering information on their
own, it was raised that the process of DDDM is not done by a single individual in isolation.
Instead, multiple people come together and play different parts in the process. This topic turned
out to be rather important to DDDM and will therefore be treated as a separate theme in 4.2.

In terms of turning information into knowledge and making decisions, the interviewees
discussed how the same information gets interpreted in multiple ways depending on the
individual. The reason for this, as explained by participant 1, is that there will always be some
factors in a decision that are be subjective. As an example, participant 1 mentioned customer
experience: “does it offer a good customer experience? What is a good customer experience for
me? Probably it is not for you, and the other way around”.

As a result, participants believed that decisions cannot be based completely on data, and that
there is room for other factors in the decision making. Although these factors were referred to
as intuition at times, several participants also explained that it consists of experience,
preference, existing knowledge, and values. Since these factors may differ between individuals,
it was noted that similar information may result in different decisions. For instance, participant
6 explained how values between departments results in different opinions based on the same
information.

We place a different priority on things than they might. They really value the Ul
experience, and we value functionality working. So, there are sometimes when we
disagree on that.

Participant 6

4.2 The Collective Process of Data-Driven Decision Making

Based on the interviews, it was clear that many decisions within product development at
Lynk & Co are not taken in isolation by a single individual. Some decisions are taken together,
some decisions are influenced by stakeholders, and some decisions will affect stakeholders. As
a result, participants 1, 2, 3, and 4 discussed the need of information to be clearly defined
throughout the organization. These discussions resulted in this emerging theme consisting of
two categories, the need for clear and shared definitions, and how they are created.

4.2.1 The Need for Clear and Shared Definitions

According to the interviewees, a crucial step in DDDM is to ensure that there is a shared
business language throughout the organization. As mentioned above, decisions are not made in
isolation, and a common business language is needed to ensure efficient discussions. As
expressed by participant 3, “If we don't speak the same language, we cannot have a discussion.
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We can still say things to each other, but we will get nowhere”. This refers to a need of clear
and shared definitions, and the interviewees recognized this as a fundamental part of DDDM.

You need to make sure that you speak the same language throughout the
organization. That we have the same definitions. That we know what we mean
when we say something and that we don’t just make assumptions.

Participant 2

From the interviews, it was clear that definitions refer to an agreement of what, for example, a
KPI means and how it is measured. According to participant 2, this relates to understanding
information. Although reports might be available, it might be difficult to understand the
information if definitions are not clear. In fact, several interviewees mentioned how common
terms used in the daily work are poorly defined. Although it is possible to have a high-level
discussion on a topic, it gets difficult to define it in a KPI.

For instance, participant 3 described how a metric such as newsletter registrations can have two
different values depending on how it is measured. One option could be to use Google Analytics
data to count how many times people have signed up for newsletters on the website. Another
option would be to use customer relationship management (CRM) data to see how many email
addresses allows newsletters. Due to a number of reasons, these values might be different.
Therefore, without a clear definition of what is meant by newsletter registration, two
interpretations can be made. Furthermore, participant 3 also mentioned that this issue gets even
more complicated for more complex processes. Therefore, clear, and shared definitions were
recognized as important in order to avoid confusion regarding reports and other pieces of
information.

In addition, as explained by participant 4, a lack of definitions results in assumptions that are
not necessarily shared across the company. This, in turn, affects the usefulness of information
since it is not clear what it means. Participant 4 also mentioned that this may result in multiple
reports on the same topic but with different underlying assumptions. Then it is difficult to know
which report is the correct one. Furthermore, a lack of clear definitions may also result in
decreased trust in data and tension between departments. This is explained by participant 3:

If people haven't agreed yet what, for example, membership should mean. If we
start sharing how many members we have, of course that creates tension within
the company because people would have different expectations. And they start
questioning those numbers.

Participant 3

4.2.2 Creating Clear and Shared Definitions

Achieving clear definitions is seen as a result of understanding business processes, and shared
definitions are seen as a result of discussions. According to the participants 2, 3 and 4,
understanding processes refers to being able to pinpoint where in a process a KPI should be
measured. Similar to the newsletter registration example above, participant 2 mentioned an
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example related to orders. In both of these examples, participants 2 and 3 explained that it is
important to define at what point in a process data should be collected, and from which source.
However, as mentioned by participant 4, understanding processes and thus being able to create
definitions is a task that varies in complexity. While some definitions are rather intuitive, others
are more complex. As a result, getting clear definitions is easier in some areas than in others.

It's easier in a way to relate to and find direct connections in certain areas. Like
within financial performance, or counting time, or how much it takes to do
something, or how much usage there is on a web page, or whatever. It's easier to
come to those figures and become data-driven and take actions on than in certain
areas where it's harder to come to the set of figures.

Participant 4

Achieving shared definitions, on the other hand, is done through discussions. Participant 3
explained that it is important that stakeholders who will use the information should participate
in creating definitions. This relates to the common business language which needs to be shared
across an organization. However, participant 3 also mentioned that there is a risk of lengthy
discussions when creating definitions. Therefore, participant 3 stated that these discussions
must result in an agreement, so that information about the definitions can be shared throughout
the company.

What I feel also, is that sometimes we come to agreements and very soon after,
they were questioned again. And then we kind of lost those definitions very early
in the process. [...] We will need to come to an agreement [...] and then spread
the word.

Participant 3.

In addition, participant 3 also explained that they would like to be more transparent in their
reporting of information. It was suggested that reports should be publicly available within the
company and that they would be as transparent as possible. For example, participant 3
mentioned that the reports should include an explanation of what is measured and how.
Similarly, participant 4 had noted that reports which include an explanation of how data was
turned into information are easier to use in decision making. Therefore, definitions could be
shared together with reports to increase transparency and possibly increase their use in decision
making.

4.3 Enabling Factors of Data-Driven Decision Making

4.3.1 Strategy

According to the interviewees, being data-driven is being perceived as a strategic goal.
However, participant 2 explains that this goal is rather an ambition than having a clearly
formulated end goal. As explained by participant 4, there are several aspects of the goal, but it
is ultimately to run the business on figures rather than gut feeling, which is intended to result
in better decisions. Since this goal is broadly defined, it allows for different interpretations
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which was clear among the participants when they described how they use DDDM. Participants
mentioned different reasons for using data such as helping to guide development (participants
1, 3, 5 and 7), learning about customers (participants 5 and 7), and monitoring (participants 1
and 3). As an example of how the ambition of DDDM gets interpreted, participant 6 explained
that data is collected based on the goal of driving conversion on the website. Therefore,
participant 6 described how they are mostly interested in data from the offer pages and
check-out pages.

1 think the goal is definitely to drive better conversion. [...] So, I think the majority
of the time is spent with check-out data. [ ...] I would say that our primary view is
the offer pages to check-out. Because those are very important.

Participant 6

Although the goal of DDDM is recognized as a broad goal which allows for many reasons to
use data, participant 4 also explained that the end goal of DDDM is related to the broader
strategy of the firm. Here, participant 4 mentioned sustainability, experiences, and, ultimately,
profitable business. Thus, DDDM was described by participant 4 as “a tool for us to make better
decisions and thus run the business better”.

4.3.2 Skills and Experience

In terms of skills and experience, discussions among participants mainly focused on the
managerial skills of DDDM. Although technical skills were also discussed, these discussions
gravitated towards both the collective process of DDDM, and resources as an enabling factor.
Both participant 1 and 6 expressed that although they feel comfortable parsing through data to
understand it, they are sometimes lacking the resources to actually do it. In addition, participant
3 expressed that the biggest obstacles to understanding information is the lack of definitions.

However, participant 1 did mention that not everyone has the technical skills needed to turn
data into information. Still, this was not seen as an issue, but something good. Participant 1
explained that people without this skill can still understand information, and that their
understanding will be from a different perspective than the ones who produced the information.
A more technically oriented person might understand KPIs from a technical point of view
whereas a business-oriented person might understand the same KPI from a business point of
view. Therefore, participant 1 did not believe that everyone needs to have the technical skills
of transforming data into information.

Regarding managerial skills, all participants expressed eagerness towards using more data in
their decision making. Several interviewees mentioned that having data to back up their
decisions would make their decisions more transparent, which would makes them feel more
comfortable. For example, participant 1 stated that “data-driven decisions make me feel more
comfortable and confident with the decisions I take [...] because it makes the process more
transparent and easier for everyone to understand”.
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On the other hand, participant 4 believed that data in decision making will not make them more
confident in a single decision. Instead, the increased confidence comes from multiple decisions
based on data, which makes it possible to adjust and follow up on wrong decisions. At the same
time, participant 4 also stated that the goal should not be to eliminate wrong decisions, since
wrong decisions can be the result of trying “crazy things”. Then, data helps to better understand
those decisions and make better ones in the future.

It doesn't make me more confident on one individual decision. But in the total, it
makes me more confident. If we make a wrong decision once, we can follow it up
and adjust to the right direction. It also makes me more calm that: yes, we will
for sure make wrong decisions. That's always going to be the case. If we didn't,
then we didn't try crazy enough things. But by having this follow up, then you can
change those crazy decisions to better ones.

Participant 4

4.3.3 Technology and Data

Regarding technology and data, discussions among the interviewees mainly focused on data
access. Here, participants described both situations where they have access to data, and
situations where they do not have access to data. For example, participant 6 described how they
are using tools to gather and present data regarding the website. This information is made
available during meetings, but the team members also have access to the tools themselves if
they want to access the data on their own.

On the other hand, an emerging category from the interviews with participants 5 and 7 related
to dependencies on other companies which may restrict data access. Since not all product
development is made internally in Lynk & Co, some systems that generate data are owned by
other companies. As mentioned by participant 5, dependencies on other companies are very
common within the automotive industry. Consequently, access to this data is limited to what
the other company is willing, or capable of sharing.

But we don't own the data, we don't see anything. So, we are reliant on our
supplier or partner to provide us with what they are willing to provide. [...] I am
pretty sure that they can see much, much, much more, but they are not obliged in
any way to share this, and are also not willing to share it.

Participant 5

This means that there are limitations connected to suppliers. Participant 7 explained that
although they are getting access to some data, their supplier is not providing data at a detailed
enough level. As a result, participant 7 explained that they can only get an indication of how
customers are using the service, rather than getting all data they would like to have. Although
participant 5 and 7 get some data, they expressed that they are not getting enough. Therefore,
they explained that requirements regarding data access should be defined clearly from the
beginning to ensure access. This relates to getting data access from suppliers, but also to make
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sure that products that are co-developed with partners are required to include data collection
from the start.

4.3.4 Organization and Culture

Participants 3, 5, and 6 described that the goal of using data in decision making has resulted in
a cultural shift. Together, they described that during the start-up phase of Lynk & Co, they had
little data to rely on. Instead, instinct, intuition, and previous experience was more important in
the decision making. Here, participant 5 made a general comment that “when you have a startup,
you need [...] to be very sure of yourself. Sometimes more than what can be proven by hard
data”. Now, on the other hand, Lynk & Co have access to data and participant 3 described that
they should increase the use of it.

We came from a point where we were relying on our instincts, on our previous
experience, to take decisions. Because we were about to launch something new,
a new business model, a new company. [...] But now when we go live and we have
one year of data that can support us, we are all very keen to know if our previous
experience with our instincts helped us going in the right direction.

Participant 3

Although all interviewees expressed positive attitudes towards increased use of data in decision
making, participant 6 described that this cultural shift is not happening at the same rate
throughout the company. From participant 6, it could be understood that the Business
Technology department might be more data oriented than the rest of the company. This
difference in decision making causes friction since product teams and stakeholders arrives at
different priorities. Therefore, participant 6 believed that this is a cultural shift that needs to
happen throughout the company.

1 think as a company, we are geared to our intuition. But as product teams we are
more willing to work with data and use that.
Participant 6

However, participant 3 believed that most people at Lynk & Co wants to make the shift, but the
lack of clear and shared definitions causes uncertainty which can negatively affect the attitudes
towards using data. Therefore, participant 3 saw definitions as affecting the cultural aspect of
DDDM. Furthermore, all participants expressed positive attitudes towards DDDM, and they
also mentioned that people throughout the company were requesting more data as well. For
example, participant 1 explained that stakeholders appreciate, and requests, the transparency
that data adds to decisions. Likewise, participant 4 explained that data is being requested during
meetings as a basis for decisions.

In terms of a data sharing culture, all participant described a culture that promotes sharing of
knowledge. Participant 6 stated that sharing is often done ad hoc by asking other people for
relevant insights, and participant 4 mentioned reports that reach a wide audience within the
company. However, participants 1, 4, 6, and 7 also mentioned that everything does not need to
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be shared. They explained that some data is too specific for their function to make sense in
other areas of the company. As stated by participant 1, “one function’s report doesn't make
sense to the next function’s report”. Likewise, participant 1 explained that they need very
specific information about their system, and that data from other systems is not always relevant.
On the same topic, participant 7 explained that conclusions from data might be more interesting
to share than the data itself. Therefore, participants expressed positive attitudes towards sharing
knowledge and data, but they also recognized that data needs to be made understandable for
other functions to use it.

I don't see that we wouldn't want to share, and that there would be anyone who
don't want to share what they're doing. It's more of to making it relevant for others
and having time and resources to do it.

Participant 4

4.3.5 Basic Resources

Participants 1, 2, 3, 4, and 6 recognized time as important in creating definitions, turning data
to information, and to read information. Participant 3 explained that although plenty of time has
been invested in creating clear and shared definitions, more time is needed to discuss
definitions. Participant 4 described the need for time related to both definitions and to turn data
into information in the following way:

Time available to sit down, understand and get enough knowledge of a certain
area to be able to come from the raw data to real information and real knowledge.
And be able to do it focused is, I think, the resources you need to have to make it
successfully.
Participant 4

Simultaneously, participant 4 explained that time is needed to read and understand what the
reports are saying. Something that they are sometimes too busy to do. Similarly, participant 6
explained that they are too busy with other tasks to properly make use of data and give it the
necessary attention. Instead, participant 6 suggested that they would need a dedicated expert
who could focus on data and bring information to the product owners.

This relates to another resource, people. Participant 6 expressed a need for more people to
properly make use of data. A similar need had been observed by participant 1 who decided to
bring in two additional people to build a way to track KPIs. However, participant 2 explained
that there might be a decreasing marginal effect of involving more people. Thus participant 2
identified a contradiction between involving more people to increase resources, and that more
people may result in a less robust solution.

Of course, there could be 10 people, but then it is not certain that we can establish
a sustainable and robust solution. It could go too quickly, and it makes it difficult
to coordinate between people.

Participant 2
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4.4 Data-Driven Decision Making Based on Assumptions

Finally, the participants also discussed their views on developing new products with data-driven
decision making. When developing something new participants recognized that there is no
relevant historical data. Instead, participants 3 and 4 explained that data-driven decision making
in this context is about testing assumptions. An initial decision might be made based on
assumptions, but this should immediately be followed up by data collection. Participants 3 and
4 explain that they would like to collect data from the start in order to follow up on their
assumptions. Participant 3 refers to an agile way of developing where they would develop a
small part, get data, and understand what the next step should be. Overall, they highlighted that
this is an iterative process where they are collecting data in order to learn more and make better
decisions in the future.

But then I think, making something for the first time, we can make a decision that:
OK we make this new service, or we make this new function based on the
assumption that we think is right. That's just fine in my opinion. The goal of it
should be to follow it up. And after a while, look back to the assumptions and see
whether they were right or wrong. Then you can learn out of it, build some new
knowledge, and make a better decision next time.

Participant 4
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5. Discussion
In this chapter, the results from the interviews will be compared with the theoretical framework
created in the literature review. Thus, this chapter will mainly focus on the similarities and

differences between the reviewed literature and the interviewees’ perceptions of DDDM. This
will then result in a new model of DDDM.

5.1 The Process of Data-Driven Decision Making

From the literature review, it was clear that DDDM is an iterative process that starts with data
and ends with a decision (Jia et al., 2015; Mandinach, 2012; Mandinach et al., 2006). Similarly,
participants expressed that raw data needs to be transformed into information that can be used
to inform decisions. Furthermore, Mandinach et al. (2006) stated that the impact of a decision
results in feedback loops which affects future data collection and decisions. Although this area
was mostly brought up under 4.4, participants mentioned that there is a learning connected to
DDDM which is believed to improve future decisions. Thus, at a macro level, it appears that
the literature and the participants’ views on the DDDM process are aligned. However, to better
understand the process of DDDM, this will be investigated more in-depth.

Starting with data, it was noted that data exists in a raw state that has little meaning in itself
(Mandinach et al., 2006) and that it can be collected from both internal and external sources
(Gupta & George, 2016). While it was not surprising that participants 1, 3, and 4 recognized
that data exists in a raw state, it was interesting that participants 5 and 7 explained that external
data might not be so accessible and useful. According to Anderson (2015), it is important that
the collected data is relevant, accessible, and trustworthy for the decision making situation.
However, based on the participants’ view on external data, it could be argued that it does not
fulfill these requirements. For example, participant 7 described that that they are sometimes
lacking studies on the European market and have to resort to studies conducted on a global
level. This suggests that the data may not be completely relevant. Conversely, participants 5
and 7 explained that data owned by suppliers may result in data being inaccessible. Despite
external data potentially being less accessible and relevant, it should still be noted that it might
have been the best option, since the other option could be to have no data. Therefore, it might
be that Anderson (2015) describes an optimal situation, but that DDDM can still be possible as
long as the decision makers are aware of the limitations of the data.

As mentioned in 4.2, turning data into information was discovered to be part of the major theme
about the collective process of DDDM. Therefore, this step will be analyzed in the section
below.

Turning information into knowledge that guides a decision was explained as an internal process
where the decision maker makes sense of information (Mandinach, 2012; Mandinach et al.,
2006). However, the literature offers little explanation on how this internal process is carried
out. Based on the interviews, it was discovered that the same information can be understood in
a number of ways, which results in different decisions. According to the definition of DDDM
as “the practice of basing decisions on the analysis of data rather than purely on intuition”
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(Provost & Fawcett, 2013, p. 53), it is clear that some level of intuition is used in DDDM. This
intuition is probably what results in the different understandings of the same information.
However, based on the participants’ discussions, intuition in this sense could be understood as
a combination of experience, preference, existing knowledge, and values. Therefore, at the final
stage of the DDDM process, information gets combined with a person’s own understanding
and values to create knowledge.

This contributes to the literature by identifying a missing piece to the DDDM process. The
processes described in the reviewed literature (Jia et al., 2015; Mandinach, 2012; Mandinach et
al., 2006) shows the DDDM process from the perspective of data, rather than showing how
different components feed into a decision. Therefore, in order to better show that there is likely
to be some subjectivity in the knowledge creation and decision, it should be added to the model.
Furthermore, Ikemoto and Marsh (2007) noted that similar raw data may result in different
decisions based on the decision maker’s judgement. This is important since, as noted by
participant 6, people are likely to have different experiences and values. Thus, it is likely that
the same information will result in multiple understandings, which might cause disagreements.
Therefore, adding an intuition component to the model highlights that the process will not
always result in the same decision, even if it has the same data as a starting point. Furthermore,
when decisions are made by multiple people, it is likely that they bring different values,
experience, and previous knowledge into the decision-making situation. Therefore, this
component could also highlight that a decision might, to some extent, also be the result of an
agreement. A suggestion of what this could look like is presented in figure 5.

5.2 The Collective Process of Data-Driven Decision Making

The collective process of DDDM was an emerging theme that relates to the need for a shared
understanding of definitions in order to use DDDM in an organization. Still, this theme relates
to multiple concepts discussed in the literature review such as the process of DDDM,
technology and data, and organization and culture. Below, these connections will be further
explored.

At its core, this theme relates to the need for a common business language that is built on clear
and shared definitions. According to the interviewees, many decisions are the result of
discussions. Some decisions are taken together, some decisions are influenced by stakeholders,
and some decisions will affect stakeholders. Therefore, having clear and shared definitions
creates a shared understanding of what the data and information really means.

According to Tkemoto and Marsh (2007), the transformation of data into information can be the
result of either an individual process, or a collective process. In the collective process, data is
collected and organized by multiple individuals in order to create information. Logically, all
individuals who participated in the collective process of turning data into information should
have a shared understanding of what it means. However, when the interviewees discussed
definitions, they did not express a will to involve everyone in the company in the collection of
data. Instead, they expressed a need of deciding on a set of definitions. As noted by participant
3, definitions should be agreed on by the ones who will use them the most. Then, the definitions
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should be shared with everyone else in order to create the common business language.
Therefore, there is a difference to the collective process described by Ikemoto and Marsh
(2007).

The need for clear and shared definitions also relates to Berntsson Svensson et al. (2019)
findings that a reason to not use DDDM is that decision makers sometimes lack the necessary
understanding of the data and how to use it. It is possible that their finding might relate to the
need of clear definitions. As observed by participant 3, the lack of clear definitions could result
in decreased trust in data, which reduces its usefulness. According to participant 3, this is due
to people have different assumptions of what is meant by, for example, a newsletter registration.
Thus, having clear and shared definitions is believed to reduce uncertainties regarding the
information, and possibly increase the use of data in decision making.

Furthermore, the need for definitions also relates to technology and data. In the literature
review, it was noted that knowledge about the data should be transferred to end users as it helps
them understand how the data can be used (Janssen et al., 2017; Power, 2016). Likewise,
participants 3 and 4 mentioned that reports should be transparent and include an explanation of
what is measured and how. In addition, this also relates to that data should be trustworthy in
order to be used in DDDM (Anderson, 2015). As mentioned by participant 3, without clear
definitions it is possible that people will question if the information is correct. Thus, clear
definitions could be seen as knowledge about the data which increases its trustworthiness.

A final connection can also be noted in regard to organization and culture where the need for a
data-sharing culture was noticed (Anderson, 2015). On this topic, it was mentioned that low
levels of trust between departments may result in data silos where people are unwilling to share
information (Janssen et al., 2017). However, according to the participants, the reason for not
sharing data is primarily that not all information can be readily understood by other departments
or units. For example, participant 4 explains that while people would be willing to share, the
obstacle lies in making the information relevant for others. Thus, a lack of clear definitions may
be another obstacle to sharing data which was not mentioned in the reviewed literature.

However, Waller (2020) suggests that boundaries between business units and data scientists
should be highly porous in order for business units to better understand data, while also
allowing data scientists to better understand the business needs. This is similar to what
participant 3 mentioned about including stakeholders in the creation of definitions. Therefore,
close collaboration between units could facilitate the creation of clear and shared definitions.

Above, it has been explained how the emerging theme of a collective DDDM process relates to
different parts of the reviewed literature. Although connections to multiple areas can be found,
the collective process of DDDM has not been explored as a theme in itself in the reviewed
literature. In contrast, this collective perspective was mentioned multiple times by participants
1, 2, 3, and 4 who believed it to be crucial for DDDM. Therefore, it was surprising that it had
not been explored in more detail in the reviewed literature.
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However, it should be noted that not all data-driven decisions need to be collective. In the
interviews, several participants mentioned situations that can be understood as the individual
processes described by Ikemoto and Marsh (2007). Here, it seemed that shared definitions were
not important since the decision-maker made sense of their own data. For example, both
participants 1 and 6 described that they have been analyzing data on their own. Furthermore,
some DDDM processes may be collective but limited to a small group of people. This could
for example be that there are clear and shared definitions within a business unit. On the other
hand, participant 1 also explained that transparency towards stakeholders is important.
Therefore, even when a decision was made through an individual DDDM process, it might be
important to be able to motivate the decision with information that can be collectively
understood.

5.3 Enabling Factors of Data-Driven Decision Making

5.3.1 Strategy

According to Davenport et al. (2001), DDDM is affected by a firm’s strategy since it guides
data collection. At Lynk & Co, participant 4 described that the end goal of DDDM is connected
to the broader strategy by being a tool to help run the business better in terms of sustainability,
creating experiences, and profitability. In addition, participants also perceived being
data-driven as a strategic goal, albeit a broad one. This resulted in a number of different
interpretations of how data should be used in decision making, which in turn resulted in
variations of the data being collected between units.

Whereas the data collection described in the reviewed literature should be guided by a firm’s
vision and strategy (Davenport et al., 2001; McAfee & Brynjolfsson, 2012) so that leaders can
select which metrics to focus on (Gupta & George, 2016), the DDDM at Lynk & Co appeared
more decentralized. The space for interpretations described above allowed each unit to select
metrics based on their own goals. For example, participant 6 described how they collect data
based on the goal of driving conversion on the website. This is similar to what was
recommended by Lin (2018) who suggested that it is better to select only the most relevant
metrics instead of collecting more data than can be analyzed. In addition, participant 1 described
that they need very specific data to guide their development. While the data collected by
participant 1 is relevant to their unit’s goal, it may not be relevant to another unit’s goal. This
highlights how the decentralized interpretations of what the strategy means to each unit allows
for variations in the data being collected. As a result, each unit can collect data tailored to their
needs, while being aligned with the overall strategy.

The findings above contributes to the literature by clarifying that a firm’s strategic goals can be
interpreted to guide the data collection of each unit. The firm’s high level strategic goal does
not appear to imply that only a specific set of metrics should be tracked across all units. Instead,
each unit can collect the most relevant data for their specific goals that are connected to the
overall strategy.
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5.3.2 Skills and Experience

In the literature review, two types of skills related to DDDM were identified: technical skills,
and managerial skills (Gupta & George, 2016). Technical skills were recognized as important
both in turning data into information (Davenport et al., 2001), and also to understand what the
produced information means (Provost & Fawcett, 2013). Therefore, the technical skill can be
seen as two components that needs to be combined: the skill to turn data into information, and
the skill to understand information.

According to the interviewees, the technical skill to turn data into information could reside in
experts. Although most interviewees appeared to have the necessary skills, it was noted by
participant 1 that not everyone needs to have it in order to engage in DDDM. Similarly,
participant 6 mentioned that they would need a dedicated expert who could focus on data and
bring information to the team. This is also similar to what was found in the literature where it
was noted that the skill to turn data into information is most important to data scientists (Provost
& Fawcett, 2013).

On the other hand, discussions about the technical skills to understand information gravitated
towards the collective process of DDDM. Based on the literature, there should be a basic
understanding of how to understand information across an organization (Davenport & Mittal,
2020; Provost & Fawcett, 2013). However, according to the interviewees, the understanding of
information depends on how well KPIs have been defined and to what extent there is a common
business language. Thus, even though everyone might have the basic technical skills, it cannot
be leveraged unless there is a common business language with clear and shared definitions.
Therefore, this links to the collective process of DDDM discussed in 5.2.

In terms of managerial skills, Janssen et al. (2017) explains that when decision-makers start
using DDDM, they are likely to experience uncertainty regarding how data should be used in
their decisions, and if the decisions are correct. However, this uncertainty was not noted among
the participants. Instead, several participants expressed that having data makes them feel more
comfortable with their decisions. For example, participant 1 expressed that data makes
decisions more transparent towards stakeholders. Moreover, participant 4 mentioned that
DDDM allows for a better follow-up on decisions. Therefore, unlike what was found in the
literature, participants expressed that they would feel more confident with their decisions if they
were based on data.

While it is possible that the participants selected for this study may have more favorable opinion
towards data than others, their arguments for why data can decrease uncertainty for decision-
makers are still relevant to a broader audience. Whereas Janssen et al. (2017) describes that
decision-makers may feel insecure when increasing their use of data in decision making, the
participants of this study makes a compelling argument on why data can also increase the
confidence with decisions. Thus, it is possible that increased DDDM may cause decision-
makers to experience decreased, and increased, confidence with their decisions at the same
time. The decreased confidence would according to Janssen et al. (2017) be due to a new,
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unfamiliar, way of decision making. On the other hand, the transparency and ability to follow
up on decisions could increase confidence.

5.3.3 Technology and Data

According to the reviewed literature, DDDM cannot be performed without data that is
trustworthy, timely, and accurate (Anderson, 2015). Nor can it be performed if the decision
maker does not have access to data (Anderson, 2015; Waller, 2020). Based on the interviews,
the trustworthiness of data appeared, to a large degree depend on the collective process of
DDDM. This is discussed in greater detail in 5.2.

Data access on the other hand was recognized as important both in the literature (Anderson,
2015; Waller, 2020) and by participants 5 and 7. Whereas data access as described by Waller
(2020) appears to mainly focus on the technical issues of providing decision makers with
internal data, participants 5 and 7 highlighted that data access is also related to contracts and
relationships with other companies. On this topic, participants 5 and 7 mentioned two instances
in which data access is dependent on external companies. First, some systems that generate data
is owned by other companies. Then, data access is limited to what the other company is willing,
or capable of sharing. Even though participant 5 believed that their suppliers have access to
data but were not willing to share all of it, another scenario could possibly be that other
companies are missing the needed capabilities to collect, organize and share data. Second, data
access can also be limited when data collection is not included as a requirement when a product
is being co-developed with another company. Hence, participants 5 and 7, agrees that data
access should be discussed with all external partners from the start.

However, it should be noted that figure 2 by Jia et al. (2015) includes supply chain partners as
a stakeholder affecting the DDDM process. Still, apart from stating it, they offer little
explanation of how the DDDM process is affected by suppliers and what effects it has.
Therefore, the participants offer additional insights that complements this figure.

Based on the interviews, the topic of technology and data can thus be expanded to also include
external companies. While access to high quality internal data is still important, this addition
underlines that it is also related to contracts and relationships with other companies. Since, as
stated by participant 5, dependencies on other companies are common, this is a perspective that
should be considered.

5.3.4 Organization and Culture

According to the reviewed literature, organizational culture is seen as one of the key enablers
of DDDM (Davenport & Mittal, 2020; McAfee & Brynjolfsson, 2012) since it encourages
decision makers to notice, trust and use data (Anderson, 2015). During the interviews, it became
clear that all participants had positive attitudes towards data in their decision making. However,
it was also noted that this emphasis on data was part of an ongoing cultural shift.

As described by participants 3, 5, and 6, the movement from a start-up to scale-up has resulted
in a shift from making decisions based on intuition, to making decisions based on data. From
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the interviews, it is clear that this shift is the result of more data now being available, the new
strategic goal of DDDM, and that people in the company has been requesting more data.
Overall, participants described that data was being requested both to increase transparency of
decisions, and also to be the basis of decisions. That data is being requested shows that people
are expecting data to be used in decision making. This indicates a data-driven culture according
to Davenport and Mittal (2020) and Waller (2020). Additional similarities to the literature
regarding data-driven cultures could also be found based on the interviews. Thus, the
description of data-driven cultures in the reviewed literature was, at large, found to be the case
in this study as well.

However, as mentioned by participant 6, this cultural shift was ongoing which meant that not
all departments had made the same advancements. While some product development was taking
place in settings where the data-driven culture was shared by everyone included, participant 6
mentioned that some of their stakeholders did not have the same view on data in decision
making. As a result, stakeholder 6’s team and the stakeholders arrived at different priorities,
which caused disagreements. This result is similar to what was described in the reviewed
literature. According to Davenport et al. (2001) a data-driven culture needs to include the entire
organization. If that is not the case, Carillo (2017) explains that friction between employees
may occur.

Due to the focus on product development, interviews with the stakeholders were not conducted.
Therefore, it is not known what caused them to have less positive attitude towards data. This
meant that the discussions by Brynjolfsson and McElheran (2016) and McAfee and
Brynjolfsson (2012) regarding how the tenure of employees and HiPPO were not explored as
potential reasons. However, participant 3 believed that most people would want to use data, but
that the lack of clear and shared definitions caused uncertainty which negatively affected the
attitudes towards using data. This was interesting since a data-driven culture, according to
Anderson (2015), is characterized by a shared belief that data can be trusted. Here, it could be
possible to assume that the degree to which people trust data depends on the data itself, and if
it is defined clearly enough. Therefore, the development of a data-driven culture could also
depend on the collective process of DDDM.

Apart from data-driven cultures, the reviewed literature also mentioned data-sharing cultures.
According to Janssen et al. (2017), it is important to enable collaboration and knowledge
sharing in an organization by building trust between departments. If this is not successful, it
may result in data silos which hinders DDDM (Anderson, 2015). According to the interviewees,
information was being shared both through reports and ad hoc by asking people for the needed
information. However, participants 1, 4, 6, and 7 also mentioned that they did not feel a need
to share or receive all information. This was not understood as a sign of low trust between
departments, but rather that they felt that all data was not relevant to share. In addition,
participant 4 also mentioned that sharing all data would require time to make it relevant for
others. Likewise, participant 7 mentioned that sharing conclusions might be more relevant than
sharing the data itself. Therefore, a data-sharing culture may not require that all data is being
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shared through reports. Instead, the ad-hoc sharing by asking others for information may be
more suitable for certain information and data.

5.3.5 Basic Resources

While the reviewed literature was rather sparse in terms of basic resources other than
mentioning that time and money needs to be invested (Gupta & George, 2016), the participants
expanded this category by explaining that time is needed to turn data into information, and to
read the produced reports. In terms of turning data into information, this also relates to the
collective process of DDDM where time is needed to discuss and agree on definitions. To read
reports, on the other hand, participants mentioned that they are sometimes too busy to give
information the necessary attention. This indicates that while time and money are needed as an
initial investment in DDDM (Brynjolfsson & McElheran, 2016; Gupta & George, 2016), it also
requires ongoing investments by ensuring that everyone has the time needed to internalize
information into knowledge.

Lastly, it was also mentioned by participant 2 that including more people could result in less
robust solutions when building tools and KPIs for DDDM. This was hypothesized due to the
increasing challenges of coordination when more people are included. According to
Brynjolfsson and McElheran (2016), investments in IT is positively correlated with DDDM
adoption. However, based on the interview with participant 2, it could be possible to assume
that there is a decreasing marginal effect of involving more people when building solutions for
DDDM.

5.4 Data-Driven Decision Making Based on Assumptions

The issue of using historical data for new products has been mentioned both by the reviewed
literature and the interviewees. Martin and Golsby-Smith (2017) argues that DDDM based on
historical data will impede innovation which makes it unsuitable when creating something
completely new. Similarly, this limitation of historical data was also noted by participants. As
explained by participants 3 and 4, DDDM in this context rather revolves around gathering data
to test assumptions than looking at historical data. This is similar to what Martin and Golsby-
Smith (2017) described as data creation through prototyping.

According to Davenport (2013), this testing of assumptions, or hypotheses, is what separates
the data-driven from acting solely on intuition. This was also noted by participant 4 who
mentioned that deciding based on assumptions is fine, but that the goal should be to follow up
on the assumptions to see if they were true. Therefore, both the reviewed literature and the
participants agree that new developments may require new data to be generated, through for
example prototyping, in order to test assumptions and hypotheses.

Therefore, it appears that DDDM in this context is somewhat different from the DDDM process
described in 2.2 which starts with data. Instead, both the reviewed literature and the participants
mentions assumptions and hypotheses as starting points. Still, once an assumption has been
made and data has been generated and collected, the DDDM process described in 2.2 becomes
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applicable again. Therefore, there appears to be some connection to the process of DDDM,
though the exact connection remains ambiguous. However, it is also possible that these are
separate, but complementary, processes. This would be similar to how Lichtenthaler (2018)
considers the relationship between human and Al to be complementary in creative work. Still,
this is an area that could benefit from further research.

Regardless, the interviews together with the reviewed literature suggests that there is a space
for data-driven decision making even where there is no historical data. Both the reviewed
literature and the interviewees agree that assumptions can be made, as long as they are tested
to inform future decisions. Therefore, the findings of this thesis do not suggest that DDDM will
hinder creativity and innovation.

5.5 Key Takeaways

In this chapter, the results from the interviews have been compared with the theoretical
framework created in the literature review. As a result, several similarities and differences have
been identified. Although not all parts of the literature review have been mentioned in this
chapter, they are still considered relevant. Instead, this chapter has focused on highlighting how
the interviewees’ perception of DDDM compares to what has been mentioned in the reviewed
literature.

Based on these contributions to the reviewed literature, a new model is proposed in figure 5.
This model is based on figure 3 but adds an intuition component and the collective process of
DDDM. Although contributions have also been made to the enabling factors, they are not
visible in the model itself. This model shows how both data and intuition results in knowledge
that influences a decision. However, it is important to keep in mind the definition of DDDM as
“the practice of basing decision on the analysis of data rather than purely on intuition” (Provost
& Fawcett, 2013, p. 53). Therefore, the dashed line from intuition indicates that data should
have a greater influence on the decision. Furthermore, the collective process of DDDM is
closely connected to multiple enabling factors. It could also be understood that although an
individual process of DDDM can take place, decisions are likely to affect stakeholders.
Therefore, the collective process of DDDM has been added around the DDDM process in
connection to the enabling factors.
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Figure 5

(Collective) DDDM Process and Enabling Factors
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6. Conclusion

In this chapter, the main findings will be presented in order to answer the research question.
This will be followed by recommendations for organizations that wants to increase their use of
data-driven decision making, as well as recommendations for future research. In this chapter,
limitations of the study will also be discussed.

6.1 Answering the Research Question

6.1.1 Purpose and Research Question

This thesis started by recognizing that companies are struggling to leverage data in their
decision making. Despite investments in data initiatives, few companies are able to succeed
with their attempts to become data-driven (Bean, 2021; Bean & Davenport, 2019). While plenty
of attention has been given to the technical aspects of data-driven decision making, it was noted
that there is a need for additional knowledge regarding the organizational perspectives of it
(Berntsson Svensson et al., 2019; Gupta & George, 2016; Mikalef et al., 2018). Therefore, the
aim of this thesis was to explore how data-driven decision making can be used within product
development. Based on this, the following research question was formulated:

To what extent can data-driven decision making be used in product development?

6.1.2 Main Findings

The research question has been answered through both a literature review and a case study with
semi-structured interviews. With the theoretical framework as a starting point, the case study
has resulted in several contributions to existing literature. As previously noted, there has been
a research gap regarding the people perspective of data-driven decision making. This gap has
been addressed in this study by focusing on people’s perception of working with data in product
development. The main theoretical contributions are described below.

First, it was discovered that since there is room for intuition according to the definition of
data-driven decision making (Provost & Fawcett, 2013), the same data may result in different
decisions depending on the decision-maker. Experience, preference, existing knowledge, and
values appears to affect how information is internalized into knowledge. Consequently, this
should be added to the process of data-driven decision making as suggested in figure 5. In
addition, it should also be noted that this intuition component is individual. Therefore, when
multiple decision-makers have different values, they are likely to prefer different options.
Consequently, this contributes to the theoretical understanding of data-driven decision making
by clarifying that individual intuition is likely to affect the process of data-driven decision
making.

Second, a new theme emerged from the interviews and should be included in the understanding
of data-driven decision making. This theme has been referred to as the collective process of
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data-driven decision making. It is grounded in the participants’ belief that decisions in product
development are not taken in isolation. Either a decision is taken by a group, or it is affected
by, or affecting, stakeholders. Therefore, a common business language built on clear and shared
definitions is needed to ensure efficient communication, increase trust in data, and to enable
information sharing. Based on the interviews, this theme appeared to be closely connected to
multiple enabling factors. Therefore, the collective process of data-driven decision making has
been added to figure 5 in connection to all enabling factors in a way that it encompasses the
process of data-driven decision making. Thus, this contribution to theory provides a previously
unexplored aspect of data-driven decision making that is likely to affect the extent to which it
can be used in product development.

Third, several contributions were made to the enabling factors of data-driven decision making.
Here, it was noted that (1) broad strategic goals can be interpreted into unit specific goals which
helps guiding data collection. (2) data-driven decision making might have a positive effect on
managerial skills since being able to follow up on transparent decisions appears to increase
confidence among interviewees. (3) Technology and data can be expanded to also include
relationships and contracts with external partners and suppliers since they may restrict data
access. (4) A data-driven culture does not necessarily develop at the same rate across a
company, which can cause friction between departments. (5) Time as a resource is needed to
turn data into information, but equally important, to internalize information.

Finally, it was also noted that data-driven decision making can, to some extent, be used when
developing completely new products where there is no historical data. However, it appears that
this decision-making process starts with assumptions and hypotheses rather than data. Still,
these assumptions are tested by collecting data to learn more about the decision that was made.
Thus, it guides future decisions towards the process of data-driven decision making where data
is the basis for the next decision.

Taken together with the initial theoretical framework, these findings suggests that data-driven
decision making can be used in product development to a certain extent. However, to what
extent it can be used appears to depend on: (1) how well the process of data-driven decision
making gets implemented, (2) if a collective effort is made to ensure a common business
language with clear and shared definitions, and (3), to what extent the enabling factors are
present.

6.2 Recommendations

In the first chapter, it was noted that despite companies’ investments to become data-driven,
few succeeds with their attempts (Bean, 2021; Bean & Davenport, 2019). Furthermore, it was
noted that companies need knowledge regarding how their data and technology can be
leveraged in their decision-making process. Based on this thesis, three recommendations will
be provided to organizations that wants to increase their use of data-driven decision making in
product development.
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First, it is important to consider the collective process of DDDM. To establish a common
business language with clear and shared definitions is crucial as it affects trust in data,
information sharing, and facilitates discussions. However, to arrive at company-wide
definitions in all areas may be a lengthy project. Therefore, it could be suggested to start small
with the most important definitions. For example, this can be done in cross functional meetings
where data is being presented and clarified. According to McAfee and Brynjolfsson (2012), this
helps establish a data-driven culture where participants have access to the same information.
Also, these definitions should be included in all reports in order to increase trust in data.

Second, it is important to manage the data-driven culture across the organization. When
technical and cultural progress may happen at a faster rate in certain departments,
disagreements may occur. This is also related to the common business language where
uncertainty in data may vary between departments. Therefore, initiatives in data-driven decision
making in product development should be expanded to also include the relevant stakeholders.
For example, this could be done by including stakeholders in the formulation of goals that can
be tracked using KPIs. This should, according to Brynjolfsson and McElheran (2016) motivate
action towards data-driven decision making.

Third, it is important to consider relationships and contracts with other companies as this might
affect data access. While this recommendation is less applicable for in-house developments, it
is important to consider that data-access is not only a technical issue, but also connected to the
data that can be received from suppliers and partners.

6.3 Limitations

While the chosen research strategy and design resulted new knowledge, it should be noted that
it came with its limitations. First, this case study focused primarily on data-driven decision
making at the Business Technology department at Lynk & Co. However, in order to get a more
balanced view on the topic, other departments from the case company could have been
involved. For example, several interviewees discussed decision making in relation to their
stakeholders. Thus, a limitation of this study was that only one group of participants was

interviewed. Therefore, the study could have been improved if more groups would have been
added.

A second limitation of this study is related to the chosen research design. Whereas a single case
study has its advantages, its limitation is the relatively low transferability and weak external
validity (Bell et al., 2019). Instead, a cross-sectional design of at least two case companies could
have resulted in a wider understanding of data-driven decision making not limited to the context
of product development of software intensive products. This would have allowed for a better
understanding of the variation between different companies, and perhaps industries, in regard
to data-driven decision making (Bell et al., 2019).

A third limitation of this study, related to the chosen research strategy, is that only one method

was used. In order to increase the confidence of the study through triangulation, mixed methods
could have been used. For example, this could have been done by adding a quantitative
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component after the qualitative one (Bell et al., 2019). For this study, this would have meant
that a questionnaire could have been produced after the interviews to investigate the
transferability of the findings.

6.4 Further Research

Data-driven decision making is a research topic still under development and with increased
interest among organizations, it is a topic that could benefit from future research. During this
thesis, a number of different concepts related to data-driven decision making has been explored,
but there is still plenty left to discover. Therefore, the following research areas could benefit
from increased knowledge.

First, it was noted that a cultural shift towards data-driven decision making may happen at
different rates in an organization. Similarly, the maturity relating to data-driven decision
making could vary between different departments. Therefore, it would be interesting to further
develop the model proposed in this study by turning it into a maturity model. Since it is likely
that the enabling factors develop at different rates, this could also serve as a tool for companies
to guide their efforts in becoming data-driven. Furthermore, such a tool could also be used to
track progress across multiple departments.

Second, whereas this study focuses on data-driven decision making where a human decision
maker is present, it should be noted that technical advancements increasingly allow for
automated data-driven decision making. This means that certain decisions are made by a
computer instead of a human (Provost & Fawcett, 2013). Therefore, it would be interesting to
understand how automated data-driven decision making relates to the proposed model in this
study which emphasized the people perspective.

Third, this study’s research setting was to understand data-driven decision making within
software product development in a business technology department. Since this process may be
different compared to data-driven decision making in other settings, this study could be
replicated in other industries as well. Alternatively, a cross-sectional research design could
allow for comparisons of two companies using data-driven decision making in different
industries. On the other hand, a cross-sectional design could also be used to compare two similar
companies that are at different stages of implementing data-driven decision making. This
comparison could allow for a better understanding of the necessary enabling factors.
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Appendices
Appendix 1: Key Takeaways from the Literature Review

Elements Key Takeaways

The Process of Data-Driven Decision Making
Data e Data needs to be collected (Mandinach et al., 2006)
o Data exists in a raw form that has little meaning in itself
(Mandinach et al., 2006).
o Data needs to be trustworthy, unbiased, timely, and
accessible (Anderson, 2015).
o Data might need to be created through experiments (Martin
& Golsby-Smith, 2017).
e Data needs to be organized (Mandinach et al., 2006)
o The collected data is organized in a way that enables
further interpretation (Mandinach, 2012).

Information e Data put in context gives information (Mandinach et al., 2006)
e Can be done through reporting, alerts, and analysis (Anderson,
2015).
Knowledge e The decision-maker internalizes the information through synthesis

and turns it into knowledge that gets prioritized (Mandinach, 2012;
Mandinach et al., 2006).

Decision e A decision is made based on the knowledge created (Mandinach et
al., 2006).

e The decision results in an impact that is evaluated and feeds back

into the process. This makes it an iterative process (Jia et al., 2015;
Mandinach et al., 2006)

Enabling Factors

Strategy e A clear vision, goals, and a definition of success guides the use of
data in an organization (McAfee & Brynjolfsson, 2012).
e Strategy guides data collection (Davenport et al., 2001).
o Picking metrics that are relevant to the decision maker and
tells a cohesive story facilitates decision making (Lin,
2018).
e Strategy creates organizational support (Davenport et al., 2001).
e Strategy motivates action in response to data (Brynjolfsson &
McElheran, 2016).
Skills and e Skill and experience are needed to turn data into knowledge and
Experience decisions (Davenport et al., 2001).

e Technical skills are needed to transform data into information
(Davenport et al., 2001).
o This skill is especially important for data scientists (Provost
& Fawcett, 2013).
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o Basic technical skills are needed throughout the
organization in order to understand the analyses (Provost &
Fawcett, 2013).

Managerial skills are needed to use the information produced
(Gupta & George, 2016).

o Over time, decision makers get more experience of using
DDDM which makes them more confident in relying on
data (Janssen et al., 2017).

Technology and
Data

Data needs to be trustworthy, accurate and timely (Anderson,
2015).
Most common barrier to using data in decision making is that there
is too little, or too much data available (Berntsson Svensson et al.,
2019).
o With too little data available, it is crucial that data access is
provided to users (Anderson, 2015).
o With too much data available, a better strategy for data
collection might be needed (Lin, 2018).
o Visualizations and storytelling can make data more
understandable (Lin, 2018).

Organization and
Culture

Organizational culture encourages decision makers to notice, trust,
and use data (Anderson, 2015).
Culture is often the ultimate obstacle to DDDM (Anderson, 2015;
Bean & Davenport, 2019; McAfee & Brynjolfsson, 2012).
A culture that supports DDDM:
o Has a shared belief that data can be trusted and should be
used in decision making (Anderson, 2015).
o Values, and expects decisions to be based on data
(Davenport et al., 2001; Davenport & Mittal, 2020; Waller,
2020).
o Trusts data more than intuition (McAfee & Brynjolfsson,
2012).
o Has high degrees of collaboration and data-sharing between
departments (Anderson, 2015; Janssen et al., 2017).

Basic Resources

Basic resources, such as time and money, needs to be invested in a
DDDM initiative (Gupta & George, 2016).
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Appendix 2: Interview Guide

Area Questions

Background

General e Could you start by telling me for how long you have worked at
Lynk & Co?

e Can you tell me more about your role at Lynk & Co?

e What type of decisions do you make in your role?

Attitudes towards ¢ How do you normally make decisions in your daily work?

Data e Do you think data can help you make better decision?
DDDM Process

Data e To what extent would you say that data is being collected?

e Do you think that the data that is collected is useful to you?
o Trustworthy, timely, accurate?

Information e In what way is data presented to you?
o Reports, excel files, raw data?
e Do you make any further analysis of the data?

Knowledge e  When making a decision, do you feel that you understand the
situation better when you get data/information?

e Do you get the data/information you need to increase your
knowledge?

Decision e Do you base your decisions mostly on data or on intuition?

e Think of hypothetical decision you need to make. In a perfect world,
how would you use data or intuition to decide?

e How is that different from your situation today?

Enabling Factors

Strategy e Do you think the Lynk & Co strategy includes making decisions
based on data?
e How would you describe what the goal of using data?
e Are you aware of any targets regarding the use of data?
e Do you feel that the strategy guides how you should use data?
o What data/information to use?

Skills and e Do you think that most people working here knows how to analyze
Experience data?
o Is that also how you feel?
e Do you think that most people working here has the basic skills
needed to understand analyses that others have produced?
o Is that also how you feel?
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Technology and
Data

Do you feel that you have data available to you when you need it?
o Data or information?
o Too little data?
o Too much data?
In an ideal world, what data or information would you want?
How is that different from today?

Organization and
Culture

How would you describe the attitudes towards data in decision
making at Lynk & Co?
o Do you feel that people trust and use data/information?
o Do you feel that decisions based on data are appreciated?
Do you think that data/information or intuition matters most when
making a decision?
o Does it matter if someone influential has an intuition that is
opposite of what the data says?
How would you describe the collaboration within your team when it
comes to sharing data, information, and knowledge?
How would you describe the collaboration between departments
when it comes to sharing data, information, and knowledge?
o Do you share data from your department with other
collogues?

Basic Resources

How would you describe the investments that are made towards
using data in decision making?

Concluding Questions

Concluding
Questions

If you would advise Lynk & Co on using more data in decision
making, what would your recommendations be?
Is there anything else you would like to add about this topic?
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Thematic Analysis

Coding Example

Appendix 3
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Thematic Framework

Themes ‘ Categories ‘ Files ‘ References
Enabling Factors 7 172
Organization and Culture 7 65
Technology and Data 7 58
Strategy 6 26
Basic Resources 5 24
Skills and Experience 6 9
The Collective Process of DDDM 4 52
Definitions are needed 4 37
Creating Definitions 2 15
The Process of DDDM 7 41
Knowledge and Decision 6 21
Iterative Process 4 10
Data 5 6
Information 3 4
DDDM Based on Assumptions 2 4
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