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This thesis’ main objective was to investigate how the client organization could become more 
data-driven by researching what being a data-driven organization means and by demonstrating 
how data can better support the client organization’s decision-making. Another objective was to 
promote data-driven culture within the client organization. The leaders of the client organization 
had expressed their interest in utilising data in decision-making which is why this study was un-
dertaken. 
 
The main expected outcome of this research was to understand the client’s current and desired 
data and analytics state and based on these findings provide recommendations for the future. 
Another expected outcome was that the client organization’s leaders’ interest towards data-
driven decision-making would increase while the benefits could be seen in the form of a demon-
stration and by participating in this study.  
 
The thesis’ theoretical part includes the description of two key concepts; what is meant by data-
driven organization and what is modern analytics in a nutshell. These concepts are described in 
general terms and are based on literature. The purpose of this was to create a solid background 
and understanding of the topic.  
 
A qualitative research approach was used in this thesis and case study was selected as a re-
search strategy. Demonstration and future recommendations were also part of this study as 
they provided practical outcomes to the client organization. The data collection methods in-
cluded questionnaire, workshop, semi-structured interview, document analysis and feedback 
survey.  
 
This study showed that by understanding data-driven approaches and assessing the client or-
ganization’s current and desired data and analytics state, recommendations for future steps can 
be made. In the process of demonstrating the benefits of data-driven approaches and advocat-
ing about the data-driven possibilities, the client organization’s decision-makers interest towards 
data-driven journey was elevated. This is important in relation to promoting data-driven culture 
and it is promising for the future development in the client organization’s journey to become 
more data-driven. 
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1 Introduction 

 

The objective of the thesis is to look at a way of how to become more data-driven organization by 

understanding what a data-driven organization means and by demonstrating how the client organ-

ization’s data can better support the decision-making of the Executive Board. Becoming data-

driven can result in better and faster decision-making, create new business opportunities, and of-

fer a competitive edge within the market. This is especially important in the ever-changing world 

where the market can shift rapidly due to prevailing circumstances.  

 

The leaders of the client organization had expressed their interest in utilising data in their decision-

making and that is where the idea for this thesis came from. The commissioning client organiza-

tion (client) is a Finnish-owned company that operates in the entertainment and e-commerce in-

dustry. The client organization is an agile organization with committed leaders who are open for 

new technological approaches to deliver a high standard of service and optimised operations. As a 

middle-size company with its owner/CEO working within operations, decisions can be made quicker 

and new approaches adapted easier, compared to big corporations that are often non-flexible. The 

decision-makers are looking forward to learning and enjoying the benefits of what data and analyt-

ics can provide.  

 

The goal is to increase the interest towards data-driven decision-making within the client organiza-

tion by engaging the client organization in different activities, advocating about the topic, and 

showcasing the benefits of data-driven decision-making in the form of a demonstration.  

 

Being a data-driven organization means that the organization has tools, abilities and culture that is 

driven by data (Anderson 2015, chapter 1). Culture is often named as the biggest contributing fac-

tor when talking about data analytics. A data-driven organization trusts data and uses it to inform 

and influence strategy. There is an evidence-based culture, and the data analysis is highly in-

formative. (Anderson 2015, chapter 1.) 

 

There are multiple benefits of being data-driven and having modern analytics in use. Chambers & 

Dinsmore (2015, chapter 4) describe the business value of analytics as growing top-line revenues 

cost efficiently. Modern Analytics can provide you with the tools to help explain what happened in 

the past but more importantly to help predict the future. Organizations that understand the possi-

bilities of modern analytics and can produce results systematically are the clear winners. 
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(Chambers & Dinsmore 2015, chapter 4.) 

 

This thesis consists of three parts; theoretical, empirical and conclusion. 

 

The thesis’ theoretical part includes the description of two key concepts; what does data-driven 

organization entail and what is modern analytics in a nutshell. These concepts are being described 

in general terms and base on literature. This is to create a solid background and understanding of 

the topic and help showcase things that are beneficial for the client organization. 

 

The empirical part consists of analysing the results of the data-collection and the demonstration. 

The demonstration showcases how data can be incorporated in the organization’s decision-making 

and creates awareness of data-driven approaches. The information needed is collected by ques-

tionnaire, workshop, semi-structured interview as well as document analysis and a feedback sur-

vey. 

 

The research investigates the client’s current and the desired states; what and how is data cur-

rently used for decision-making, and what is wanted from the data in the future. The topic for the 

demo is chosen by the Executive Board of the company to achieve the most value to the organiza-

tion. After the demo presentation, feedback from the executive board is collected and analysed.  

Recommendations for the next steps to take in the client organization’s journey to becoming trans-

formationally data-driven organization, are provided in the end of the results chapter. 

 

The thesis is compiled using qualitative research and the research strategy for this study is a case 

study. Case study strategy was selected as it focuses on real life problems and cases. Case study 

helps the researcher to understand a particular phenomenon, dig deeper and with this knowledge 

extend or test theory (Farquhar 2012, chapter 1). The assessment of the quality of the research is 

presented in end of the methodology chapter. 

 

In the concluding part of the thesis, thoughts of the whole thesis process and the findings are pre-

sented. The researcher’s comments are presented in the discussion section. 
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Figure 1 below presents the overall structure of this thesis.  

 

Figure 1. Structure of the thesis 
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2 Objectives and Research Questions 

 

The objectives of the thesis revolve around identifying data-driven concepts, promoting data-driven 

culture within the client organization, and communicating the business value of data, particularly in 

the decision-making part. The objectives are divided into three categories as follows: 

 

Understand what data-driven organization means in general and what it includes 

This objective creates a theoretical framework for the thesis and helps in understanding the bigger 

picture of a data-driven organization. By understanding the bigger picture, it is easier to focus on 

the areas that are most crucial for the client organization. Also, by knowing the benefits and chal-

lenges of being data-driven makes it easier to promote data-driven culture within the client organi-

zation and create a push towards becoming more data-driven. The review will be written in general 

terms, and it is based on literature.  

 

Promote data-driven culture and attitude change in the client organization 

The first step in this objective is to measure the client’s attitude towards data and analytics and rec-

ord how the client uses data in the decision-making process currently. The client’s wants, needs 

and expectations for future data use will be collected and kept in mind when promoting the culture 

change and planning the recommendations for future. In the process of collecting the data and 

writing this paper, the researcher educates the client organization’s executive board with general 

knowledge of data-driven approaches and decision-making which in turn affects the culture shift 

positively.  

 

Showcase the business value of data in a form of a demonstration 

The final major objective is to demonstrate the business value by conducting a demo of mutually 

decided topic using Google Data Studio. This will help realise the potential of analytics and open 

doors for wider use of analytics.  

 

2.1 Research questions 

 

The written research questions below help meet the objectives of the thesis. 

 

RQ1. What is meant by data-driven organization? 

Sub-question 1: What dimensions does data-driven organization have? 

Sub-question 2: What are the benefits and challenges of data-driven organization? 
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By answering these questions and understanding the overall concept, makes it easier to analyze 

and help the client organization. These questions guide the writing process of the theoretical 

framework for the whole thesis.   

 

RQ2. How can Data and Analytics culture be promoted within the client organization?  

This question helps in finding ways to advocate and create a positive push towards adaptive or-

ganizational culture for data and analytics. 

 

RQ3. How can the benefits of data-driven decision-making be showcased to the client organiza-

tion? 

This question helps in creating a demo to showcase the benefits for the client organization. 

 

RQ4. What recommendations can be given for future development?  

Sub-question 1: What is the client organization’s current state in data and analytics? 

Sub-question 2: What is the client organization’s desired state in data and analytics? 

Discovering the current and desired state help in forming recommendations for future. 

 

2.2 Scope 

The thesis includes general information of the key concepts of data-driven organization and mod-

ern analytics. These concepts offer background information of the topic and create a theoretical 

framework for the thesis. To understand the concepts is necessary in order to help the client or-

ganization in becoming more data-driven.  

 

The thesis does not include a detailed plan for the client to become data-driven nor does it provide 

a written data strategy. It also doesn’t include implementations, excluding the mutually agreed 

demonstration. The demonstration brings theory to practice. Its main purpose is to showcase the 

benefits of using data to support decision-making in the area set by the executive board. Recom-

mendations for the future on how to continue in the journey of becoming data-driven will be pro-

vided. 
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3 Data-driven organization 

This chapter covers the basics of data-driven organization and modern analytics as well as defines 

some terms linked to data and analytics. Decision-making is also introduced in the end of this 

chapter as it is a crucial part of data-driven organizations. This chapter provides answers to re-

search question 1 and its sub-questions, and also provides ideas for research question 2.   

 

Simply put, being data-driven means that the organization has tools, abilities and culture that 

drives on data. Having data is the foundation of being data-driven. If the organization doesn’t have 

quality data, it cannot make decisions based on facts, instead making them based on gut feeling or 

experience.  

 

To be able to achieve quality insights or answer given questions the data also needs to be col-

lected in the right manner. This means the data needs to be in the right form, from the right place 

and taken at the right time. (Anderson 2015, chapter 1-2.) 

 

In the most successful data-driven organizations data is treated and viewed as a core asset and 

seen as competitive advantage, improving their ability to innovate. The leaders support systematic 

use of data in strategy and decision-making. They don’t treat data just as something to support 

basic reporting but as a tool to change business models and create new products and services. 

(Kiron 2017, 9-10.) 

 

The upcoming sub-chapters present different data-driven components that need to be considered 

when planning a data-driven organization. The components are divided into five categories and are 

named similarly to the TDWI Analytic maturity model. Each category contains details of chosen 

components that are selected and put together by the researcher. These categories are as follows: 

organization, infrastructure, data management, analytics and governance. TDWI Analytic maturity 

model is presented in more detail in the next sub-chapter. 

3.1 Data and Analytics maturity 

To create a 360 view on the organization’s data and analytics capabilities and current practises, it 

is good to start with assessing the organization’s data and analytics maturity. There are different 

models for evaluating the organization’s analytics maturity. TDWI Analytics Maturity Model was se-

lected for this thesis as it was found comprehensive, and it provides a broad view on different data-

driven capabilities within an organization. 
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3.1.1 Dimensions of the Maturity model 

TDWI Analytics maturity model includes assessment criteria for five categories and 35 questions 

that help determine the organization’s analytics maturity. These dimensions are presented in the 

chart (Figure 2) below (Halper & Stodde 2014, 5).  

 

 

Figure 2. Five criteria categories for Analytics assessment (adapted from Halper & Stodde 2014, 5) 

 

The organization category helps determine whether organizational strategy, culture, leadership, 

skills and funding successfully support the analytics program. Infrastructure looks at the architec-

ture and technologies and how well they support analytics initiative. Data management dives into 

data quality, access, integration, processing and of how data is used in analytics. The current use 

of analytics and its culture are assessed in the analytics section while governance investigates fur-

ther into the data governance strategy within the organization. (Halper & Stodde 2014, 4.)  

 

Based on these components an overall assessment of the organization’s maturity can be done.  
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3.1.2 Maturity chart 

After assessing the individual components, the organization is placed on a level matching its ma-

turity. TDWI Analytics maturity model presents a five-level maturity chart (Figure 3) that is pictured 

below (Halper & Stodde 2014, 9).  

Figure 3. Maturity Model for Data and Analytics (adapted from Halper & Stodde 2014, 9-17) 

 

In the first level of the maturity model, the analytic practises aren’t supported, realised or in place.  

Interest and initiatives grow more as the next levels are reached. The second level already in-

cludes some low-cost investments, and the understanding of the D&A requirements has grown. 

The third level is reached when the organization really gets started with the analytics and the data 

culture starts to spread among the organization. Between level 3 and 4 there are usually a series 

of challenges related to funding, data management & governance, cultural & political issues and 

skills. This gap is called the chasm and many organizations spend large amounts of time solving 

these issues before moving to the corporate level of maturity. (Halper & Stodde 2014, 10-14.) 

 

To be able to reach transformational stages of data and analytics maturity, you need to first look 

inward and focus on improving the coordination of processes between the people inside the organ-

ization and only then look at how to enhance practises with external partners or acquire new tech-

nologies. (McCall & Meulen, 2018.) 
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To reach the highest level in the maturity chart means increased agility, better integration with part-

ners and easier uses of advanced predictive and prescriptive analytics. All this gives the organiza-

tion competitive advantage and differentiation. (McCall & Meulen, 2018.) 

 3.2 Organization  

In today’s world, technology has enabled easy and inexpensive access to data and analytics. How-

ever, technology isn’t the only factor in the data and analytics revolution, people within the organi-

zation are equally important. On top of having access to data, people also need a process of how 

to use data and analytics. (Kiron 2017, 3.) 

 

After assessing the organization’s overall data and analytics maturity, it is time to look at the organ-

izational components that have been divided into three sub-chapters in this thesis and are as fol-

lows: Data-driven culture, data literacy and data strategy.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Organization category for Analytics assessment (adapted from Halper & Stodde 2014, 5) 
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3.2.1 Data-driven culture 

A defining feature described within the literature is the importance of promoting an inspiring data 

culture within the organizations.  

 

Anderson (2015) states that the most crucial part of being data-driven is to have a culture that 

drives on data. The data culture among the organization influences what can be shared, who has 

access to what data, and what investments are made into tools and people. The culture aspect 

comes into play when talking about sharing data organization-wide instead of keeping it in individ-

ual silos or departments. Data sharing should be done without having to comprise security issues 

and privacy.  Employees need to trust that the data is reliable and that it will be used for good 

cause and the employer needs to trust that the individuals won’t use data against them or leak it to 

others. (Anderson 2015, chapter 10.)  

 

Data sharing extends outside the organization’s borders as valuable data can be acquired through 

cross-organization sharing. In some scenarios businesses and vendors can turn into partners and 

realise new business opportunities together. (Kiron 2017, 7-8.)    

 

The leaders in the organization should be advocates for data-driven practises and promote to-

wards a data-driven culture. Creating a healthy data culture is not just about giving employees ac-

cess to data but also to promote an inquisitive culture where everyone is encouraged to challenge, 

ask questions, dig deeper and learn from failures. It is important to show results and cherish the 

small wins as that deepens the belief that data is the way to go. (Anderson 2015, chapter 10.) 

 

The change in culture won’t happen just by demanding everyone to change their ways as a busi-

ness culture is often founded on deep-seated beliefs and emotions. Instead, showing how data can 

influence working practises and decision-making and articulating measurable business outcomes 

can persuade the organization shifting their ways. (Goasduff 2016.) 

 

Integrating data into decision-making can be hard for managers that are used to act on experience, 

anecdotal evidence or gut feeling but to be a successful data-driven organization, it is essential to 

have commitment from the management (Kiron 2017, 4). When employees realise how data has 

helped them do their job, they become data advocates, which in turn creates more positive attitude 

towards data usage (Kiron 2017, 8.) 

 

MIT Sloan Management review found that the main obstacle wasn’t the actual data management 
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or its complexity but rather the skill of turning data insights into business actions. To help with this 

there are ways to support the transformation such as experimental training and formal training. It is 

also noteworthy to say that the managers need to start trusting the data and people presenting the 

data as it might feel foreign having made decision based mostly on gut feeling. (Kiron 2017, 12.) 

3.2.2 Data literacy 

As Saulles (2019) states, it cannot be expected to derive insights from data, unless you are trained 

to do so. Part of creating a data-culture is to have data literate people in the organization.  

 

White (2019, 9) defines data literacy as presented in the picture (Figure 5) below.  

 

 

 

 

 

 

 

 

 

 

To be data literate, you need to be able to communicate and understand data as well as describe 

the business value and use cases (White 2019, 9). And to make good decisions you need be data 

literate (White 2021, 15).  

 

Data Analysts or Chief Data Officers (CDO) are trained in analytics, but in order for the organiza-

tion to be data-driven, the decision-makers and managers need to be data literate too. These peo-

ple don’t need know the detailed mechanisms of the whole field but should have a clear under-

standing of what good experimental design is and basic statistical interference alongside with 

some basic terminology and metrics. They should also be aware of the potential dangers of 

Figure 1 

Figure 5. Being data literate (adapted from White 2019, 9) 
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exploitation.  (Anderson 2015, chapter 10.) 

 

Data literacy among the workforce can be enhanced with different programs, tailored training or 

even free online resources. The idea is to start somewhere and awaken the employees’ skills and 

help them get comfortable with data, tools and analysis. (Anderson 2015, chapter 10.) In Gartner 

survey, data literacy is seen as explicit and necessary driver of business value by 2023 (White 

2021, 15). 

3.2.3 Data strategy 

A clear data and analytics strategy is vital for succeeding with data and analytics investments. The 

organization should start with a common understanding of the mission and then prioritize the most 

valuable business outcomes. Keeping business goals in mind and having a priority list, makes it 

easier to target the organization’s data and analytics strategy. (White 2019, 5.) 

 

There are different approaches that can be used to develop the organization’s data strategy if there 

isn’t one. Nelson (2018,100) has developed iterative analytics strategy development method that is 

presented in the picture (Figure 7) below. 

Figure 7. Analytics strategy development process (adapted from Nelson 2018, 100) 
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This strategy development process can help organizations with drafting a strategy and a suitable 

roadmap. The first step is to develop a data strategy and state exactly what business they are in, 

identify key issues and how to reach best possible outcomes. Vision and mission need to be clear.  

In the second step the vision, the mission and strategy need to be translated into execution and 

measurement plan. The roadmap will guide action and resource allocation.  

 

To optimize the strategy execution in step three, you need strong management methods to moti-

vate, engage and align the organization. Once it comes to executing the plan in step four, the day-

to-day operations need to be linked with the long-term strategy and operational impacts need to be 

built into the workflows. In step five, once the strategy has been implemented, monitoring and 

learning about challenges will help you determine if the strategy has been executed correctly. The 

final step in the cycle – test and adapt- will help determine if the strategy has been right using inter-

nal operational data with new external data. Then the whole cycle can start again. (Nelson 2018, 

100-103.) 

3.3 Infrastructure 

As data becomes more distributed and diverse and the organizations more complex, data manage-

ment infrastructure needs to be planned to meet these requirements (Friedman & Heudecker 

2021). The following two sub-chapters cover the main aspects of the infrastructure; architecture 

and analytic platforms. 

 

 

 

 

 

 

 

 

 Figure 8. Infrastructure category for Analytics assessment (adapted from Halper & Stodde 2014, 5) 
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3.3.1 Data Architecture and technologies 

When planning the overall analytics architecture, it is good to keep asking oneself questions re-

volving storage, access, data format and archiving. It is often not essential to keep all data availa-

ble in one place and in real time. Storing data can be done on premises or in the cloud.  (Nelson 

2018, 106-107.) 

 

It is important to understand the difference in architectural patterns and terminology as they create 

a lot of confusion. The best results can often be found in combining different data organization and 

processing approaches. Gartner defines data lake, data warehouse and data hub as pictured in 

image (Figure 9) below. (Friedman & Heudecker 2021.) 

 

Figure 9. Data organization and processing approaches (adapted from Friedman & Heudecker 

2021) 

 

Technologies evolve constantly and new services appear to support or replace existing ones. What 

used to be novelty 10 years ago can be a common part of the infrastructure these days. The archi-

tectural offerings and their names can differ depending on the service provider. There are multiple 
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reference architectures available but the one from Amazon Web Services (AWS) was chosen to be 

displayed in this thesis as it was the most familiar to the researcher. 

 

The graph (Figure 10) below presents data flow in the Amazon Web Services reference architec-

ture for modern data analytics.  

 

Figure 10. AWS reference architecture (adapted from AWS 2021) 

 

In the AWS example, data is being collected from different sources across the organization includ-

ing ERP, SaaS platforms, logs, social networks and streaming media. Using different services 

based on the data source, the data is then being ingested into a data lake. If third party data is 

needed, then data exchange is used for the integration. Data is then stored within the scalable data 

lake. AWS offers unified governance to audit trails and centrally manage security and access con-

trol. AWS provides glue service for seamless data movement. This can be used to extract, trans-

form, catalog and ingest data from various data stores. Analytics and insights can then be drawn 

using different Amazon services. For example Amazon Redshift can be used as data warehouse 

and Amazon OpenSearch for operational analytics. (AWS 2021.) 
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3.3.2 Analytic platforms 

To choose the best fitting analytic platform depends on the organization’s needs, budget and over-

all architecture. There are a myriad of software and hardware vendors offering technologies that 

enable analytics. There are solutions for nearly every need and step in the analytics ecosystem 

from data storage to analysis and presentation. (Nelson 2018, 115-116.)  

 

Advanced analytics used to require command line code and were complicated to use, however in 

current times the interfaces have been simplified so they are easier to use and report visualizations 

are quicker to construct. Even blending, preparing and integrating data has been made simple. 

Ease of use also helps the organizations gain higher level of maturity as it can aid organizations to 

gain successes early and scale analytics for wider use within the organization (Halper & Stodde 

2014, 6.) 

 

On January 31st 2022 alone there were 21 572 start-up companies under the analytic industry on 

Crunchbase which is a leading platform for finding company insights from start-up companies 

(Crunchbase 2022). 

 

According to Gartner’s Analytics and Business Intelligence Platforms Reviews and Ratings on 2nd 

February 2022, the top four analytic platforms ranked by the highest number of ratings and the 

highest score by peers are presented in the chart (Figure 11) on the next page. (Gartner Peer In-

sights 2022.) 
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Figure 11. The best D&A platforms by peer ranking (adapted from Gartner Peer Insights 2022) 

 

On the website peers can rate 17 product features ranging from Interactive Visual Exploration to 

Security and Use Administration. The highest ranking by average score (4,4) was received by Mi-

crosoft Power BI followed by Tableau Desktop and Qlik Sense. Power BI had received the highest 

number of ratings. 

 

On top of modern analytic tools, there are data visualisation tools such as Google Data studio that 

can be connected to various data sources and are compatible to a number of platforms and 

sources (Google Data Studio 2022).  

 

There is not one simple way of determining the best analytics platform for your organization but 

evaluating scope, complexity of decisions, urgency and impact might be useful when considering 

the technology landscape and platform required for analytics (Nelson 2018, 117). 
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3.4 Data Management 

The organization needs to be collecting data to use it for their benefit. This sub-chapter examines 

the importance of data quality.   

 

 

 

 

 

 

 

 

 

 

Data can come in hundreds of formats and can be digitally transferred. Raw data, also called pri-

mary data, is something that the analyst has collected themselves and it is in its original form. Raw 

data is often preferred in analytics as it offers more flexibility and can be examined, tested for qual-

ity and summarised easier. Raw data turns into secondary data when it’s been aggregated or sum-

marized. (Herzog 2016, chapter 1.) 

 

To get support from data, it needs to be the right type of data relevant to the issue. The data has to 

be, first and foremost, trustworthy alongside with timely, accurate and unbiased. It needs to be 

cleaned and prepared, which in most cases take the most of time of the data analyst’s job. (Ander-

son 2015, chapter 1.)  

 

The picture (Figure 13) on the next page represents what good quality data consists of according 

to Anderson (2015, chapter 2).   

Figure 12. Data management category for Analytics assessment (adapted from Halper & Stodde 2014, 5) 
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For the data to be useful it needs to be accessible, accurate, coherent, complete and consistent. It 

also needs to be defined, relevant to the issue, reliable and timely. Data can be useless or mis-

leading even if one of these facets fail. (Anderson 2015, chapter 2.) 

 

To get the best business value out of the data, it’s not enough for the right person to have the right 

information at the right time but the data needs to have the right importance to the person using it. 

This is especially important in the times of data overload. The person needs to be able to choose 

the right type of data from the vast selection of data. (Kiron 2017, 12.)  

 

There are lots of terms related to data and below are examples of a few of them. 

 

In today’s world data is everywhere and the amount will keep increasing the more people get con-

nected. People are already connected to multiple appliances that are collecting, transferring and 

communicating data with each other. This phenomenon is also called “internet of things” (IoT). 

Monino & Sedkaoui 2016, introduction.) 

 

The term Big data refers to generating massive amount of data and making it accessible.   

Figure 13. Quality data features (Anderson 2015, chapter 2) 
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In order to combine and process these massive amounts of data, new processing tools are neces-

sary. (Monino & Sedkaoui 2016, chapter 1.) 

3.5 Analytics 

To be data-driven organization, there needs to be analytics in use. In the upcoming subchapters 

modern analytics along with techniques and strategic analytics are explained.  

 

 

 

 

  

 

 

  

 

 

 

3.5.1 Modern Analytics 

Nelson (2018, 6) defines analytics as “a comprehensive, data-driven strategy for problem solving”. 

Chambers & Dinsmore (2015) point out that one of the principles of Modern Analytics is to concen-

trate on the projects that are the most potential in bringing value to the organization. 

 

Combination of data, logic, inductive and deductive reasoning, critical thinking and quantative 

methods make analytics. These result in examining a phenomena and determining it’s essential 

features. Analytics can be used to solve operational or strategic problems and to help understand, 

predict and optimize issues. Analytics can utilize any type of data from simple, complex, structured, 

unstructured, quantative to qualitative data. (Nelson 2018, 8-9.) 

 

Identifying potential analytic opportunities can be done by thinking outside the box. Organizations 

Figure 14. Analytics category for Analytics assessment (adapted from Halper & Stodde 2014, 5) 
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may have faced entrenchment problems within the industry or company, that have been around for 

a long time. The organization might think these barriers are everlasting but by looking at them in a 

new light might help them discover these barriers no longer exist. (Chambers 2015, chapter 1.) 

 

Data analytics aren’t just for corporates or large companies. Modern computing technology has 

made data analytics available for organizations of all sizes. In fact, larger companies are generally 

not as flexible and data culture might not be as strong as at fellow start-ups or new entrants. 

(Saulles, 2019.) 

 

Advanced analytics incorporate a range of highly developed and often automated or semi-auto-

mated techniques including data mining, machine learning, forecasting, predictive modelling, simu-

lations and text mining (Nelson 2018, 8).  

3.5.2 Analytic techniques 

Data analytics can help you explain what has already happened but more importantly it can help 

you explore and discover what may be possible for the future. Analytics can aid with complicated 

decision-making, discover insights and highlight opportunities that are often overlooked. (Cham-

bers & Dinsmore 2015, chapter 4.) 

There are different analytic techniques that can be used for different types of purposes. Four ana-

lytic techniques that can help solve different types of problems are listed below:  

• Descriptive analytics describes what has happened in the past and usually answers to 
questions like what and why did something happen.  
 

• Predictive analytics use past data to create connections and insights and use them to make 
predictions for future. Predictive analytics often answer questions such as what, when and 
why will something most likely happen. 
 

• Simulation simulates models and likelihoods of various outcomes. Simulations often answer 
questions like what would happen if something was changed or what else could happen.  
 

• Prescriptive analytics evaluate potential scenarios to find out the best possible outcome 
and to achieve given goals. Prescriptive analytics often answer questions like what would 
be the best option from given choices, how could you increase or better certain actions, and 
who is most likely to do something. (Chambers & Dinsmore 2015, chapter 5.) 
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3.5.3 Strategic Analytics 

Chambers & Dinsmore (2015, chapter 6) categorizes enterprise analytics into five main categories 

as per the image (Figure 15) below. 

 

 

Figure 15. Enterprise Analytics categories adapted from Chambers & Dinsmore (2015, chapter 6) 

 

The strategic analytics was chosen as an example category of the enterprise analytics as it can be 

especially useful for the executive board of the client organization. 

 

Strategic Analytics, as the name suggests addresses strategic questions and issues. It also serves 

the organization’s top management and decision-makers by providing support for the decision-

making. Strategic issues usually have the following four characteristics: 

• high stakes 

• they fall outside existing policy  

• nonrepeatable  

• no clear consensus 

In addition to the listed characteristics, strategic issues are often urgent and important, so they 

need a speedy resolution. (Chambers & Dinsmore 2015, chapter 6.)  

3.6 Governance 

Quality data can be useless without governance. In short, data governance means the correct 

management of information assets by using authority combined with policy (Ladley, 2012). The im-

portance of data governance is explained in this sub-chapter in more detail. 

 

 

 

 

 

 

Figure 16. Governance category for Analytics assessment (adapted from Halper & Stodde 2014, 5) 
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It is recommended that the organization nominates someone who is taking charge of the data gov-

ernance. Some companies have nominated data councils that consist of multiple people from 

across the organization. Those in charge of data governance should create general rules on who 

has access to the data, how and with whom the data can be shared, and how the data can be used 

organization wide. The first task is to create a common language around data that ensures not just 

clear communication but also organizational cohesion. (Kiron 2017, 5-6.) 

 

Kiron (2017) also identifies that “The work of data councils involves mapping workflows, assigning 

ownership and accountability for key deliverables, defining and enforcing the cultural norms for the 

use of data in decision-making, and measuring what data and analytics contribute to organizational 

performance” (p.5). 

 

It is important to differentiate the governance of information with the management of information. 

Those who manage information, often the executives of the company, should not perform the gov-

ernance and vice versa.  (Ladley 2012, chapter 2.)  

 

Ladley (2012, chapter 2) has introduced a concept (Figure 17) called Governance V that is pre-

sented below.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17. Governance V (adapted from Ladley 2012, chapter 2) 
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On the right side of the figure are the decision makers of the organization, the ones that manage 

information within the organization and make sure that the goals are achieved. On the left side of 

the figure are the people in charge of data governance that are making sure that the data is doing 

what it’s supposed to and ensuring that the rules and policies are in place. On the bottom of the 

figure are the activities which maintain content, information and it’s life cycle. (Ladley 2012, chapter 

2.) 

 

3.7 Decision-making 

 

Concentrating purely on data and analytics is not enough as the decision-making method and style 

of the organization needs to be considered too. How the organization is making decisions and what 

they base their decisions on contributes to how well they are able to adapt to data-driven decision-

making.  

 

The complexity of decision-making has increased and according to a survey made by Gartner in 

2021, over half of the respondents, report that decisions are more complex compared to 2 years 

prior and there are higher expectations for them being able to justify their decisions (White & Rol-

lings 2021, 2). 

 

It is also good to keep in mind that not every need is met by use of the same set of methods or 

tools. The main question that should drive the analytic decision-making is what the organization is 

going to do with the results. (Chambers & Dinsmore 2015, chapter 6.) If the analytical findings are 

ignored, unread or never acted upon or taken seriously the organization cannot be called data-

driven. To be data-driven the analyses need to have a direct impact on the business and decisions. 

(Anderson 2015, preface.) 

 

3.7.1 Decision-making process 

 

Organization’s decision-making generally follows an internal process. There are multiple formal 

processes how decision-making can happen within the organization.  

 

A process map (Figure 18) on the next page presents a five-step decision-making process. 
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First it is necessary to identify the end goal and what is wanted from the decision. The next step is 

to gather all relevant information and then evaluate any risks or consequences that could follow the 

decision. Fourth step is to make and execute the decision. Finally comes the evaluation of the out-

come which determines how successful the decision has been. (Eby 2018.)  

3.7.2 Re-engineering decision-making 

To make decisions future-proof and optimal they must be connected, contextual and continuous. 

This means there should be a symbiotic relationship between humans and machines. (White & 

Rollings 2021, 1.) 

 

White & Rollings (2021, 11) have created an iterative process map (Figure 19) below to help de-

sion re-engineering. 

 

 

 

 

 

 

 

 

 

Figure 19. Re-engineering decision-making (adapted from White 2021, 11) 

 

Figure 18. Five-step decision-making process (adapted from Eby 2018) 
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It all begins by creating a vision from where it is considered how re-engineering the decision-mak-

ing process helps and in which direction does it take the organization. Once the vision is clear, the 

second step is to understand the current decision-making process. Where are the decision made 

and by who and which are the components, rules and habits of decision-making within the organi-

zation. It is good to evaluate which decisions are unmanageable or short of insight. When coming 

to a final decision, it is important to assess the capabilities and weaknesses of each component. 

This is to create an understanding for example if skills, technological capabilities, augmentation or 

more data is needed. (White 2021, 11.) 
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4 Methodology 

In this chapter I present and justify the chosen research approaches and describe the data collec-

tion plan and methods. I also share why the demonstration and recommendations were chosen to 

be part of this study.  The chapter ends with me assessing the quality of the research.   

4.1 Qualitative research  

I chose to do this thesis using qualitative research as I find that the empirical approach is the most 

suitable as it is close to practise. Data collection methods such as questionnaire, semi-structured 

interview, workshops, document analysis and feedback survey were used to help me gather as 

much information as possible to create a 360 view of the topic.  

 

Flick (2007, 2) defines that instead of finding statistical dependencies or looking at numbers, the 

qualitative research is interested in participants’ perspectives, everyday practices, and knowledge 

of the issue at hand. Flick (2007,6) continues that often the qualitative research’s aim is to gener-

ate relevant practical information about the issue of the study rather than just for a scientific pur-

pose.   

 

Qualitative research aims to explain a phenomenon at hand and understand behaviour related to 

that phenomenon rather than creating statistical generalisations. Therefore, it is important to 

choose subject matter experts that hold as much information about the matter as possible. (Tuomi 

& Sarajärvi 2018, chapter 3.) 

 

The practicality and understanding the client organization’s behaviour in the data-driven context 

are some of the key reasons for me choosing qualitative research for this thesis. The client organi-

zation’s executive board members are all subject matter experts in their domain and fit the target 

group of qualitative research well.  

4.2 Case study  

I selected a case study research approach for this study as it supports investigating a real-life phe-

nomenon in-context and therefore can provide the best support in finding answers to the topic of 

this thesis. Case study research can give an understanding or insights into a chosen research 

topic, which is usually a contemporary phenomenon. In business research, the evidence collection 

happens in its actual environment and real-life circumstances. Case study is an empirical in-
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context investigation that can use known research methods for data collection like interviews and 

surveys. (Farquhar 2012, chapter 1.) 

 

According to Tight (2017, 9) case study includes features that are presented in the chart (Figure 

20) below:  

 

 

Figure 20. Features of a case study (adapted from Tight 2017, 9) 

 

The above features can be found in this research work. It is a study of a specific case inspired by a 

real-life phenomenon within the client organization. The case is studied in its context and the na-

ture of the case is complex and bounded. The analysis of the case seeks to be holistic rather than 

particularistic. 

 

Either qualitative or quantative data can be used for case study and data should be collected using 

different techniques and data sources (Yin 2009, 261.) 

 

In the next sub-chapter I present the qualitative data collection methods and analysis for this case 

study. 
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4.3 Data collection and analysis 

Below is a flowchart (Figure 21) that represents the data collection plan for this case study.  

 

 

 

 

 

 

 

 

 

 

 

 

As a first step, I created a questionnaire with relevant questions recording the organization’s cur-

rent and desired data analytics state and measuring the organization’s leaders’ attitude towards 

data-driven decision-making. The questions in the questionnaire can be found in appendix 1. 

The questionnaire was sent to each member of the client’s executive board as a Webropol-link. 

That was in total of 5 people. The Executive board was chosen as the target group as it represents 

the organization’s decision-makers and includes subject matter experts from every department. 

There were 5 members at the time and this number includes me as I am part of the executive 

board. The questionnaire was responded by everyone by early January 2022.  

 

The second step was to create a deeper understanding of the matter. Therefore, a workshop was 

chosen as it allowed me to further interview and observe the members. Tuomi & Sarajärvi (2018, 

chapter 3) state that the benefits of an interview are the overall flexibility, a chance to add and 

make follow-up questions and observe not only what respondents say but how they say it. I found 

this true while I was facilitating the workshop.  

 

Figure 21. Data collection plan 
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The workshop’s intention was to refine the topic for the demo, as well as go through the summary 

of the answers. The meeting was held late January 2022 online via Teams and had 7 participants. 

This included one new member of the Executive Board and the CTO of the organization. CTO was 

included in this stage already as it was important for me to know, if the data that was requested, 

was accessible. The agenda for the workshop can be found in appendix 2. 

 

Berndtsson, Ericsson & Svahn (2020) name bad quality data or no access to data as key barriers 

during a data-driven pilot. Organizations tend to think they have either better access to data or bet-

ter quality data than they actually do (Berndtsson et al. 2020). To prevent this barrier, as a third 

step, I held a semi-structured interview with the client organization’s CTO, which allowed me to 

gain a deeper understanding of the quality and availability of the data. We also discussed the top-

ics of the back-end architecture and the data maturity. The interview took place via Teams in Feb-

ruary 2022 and the themes of the interview can be found in appendix 3. 

 

In step four, once the files I needed for the demo were received, I carried out an analysis and 

started preparing the demo. At this stage, I found that the data extracted didn’t include certain col-

umns that would have helped providing insights and answer the questions that were presented.  

 

In step five, I presented the demonstration to the executive board with findings and thoughts. This 

happened virtually in mid-April 2022.  After the demo was presented, feedback was collected from 

each 6 members of the executive board in form of an online feedback survey. The survey can be 

found in appendix 4. The survey only received 5 responses and was missing one. 

 

Finally, once all the data was acquired, I reflected on the data collected and prepared recommen-

dations for the future development. 

 

4.4 Demonstration and recommendations 

 

I chose a demonstration and recommendations for future to be part of this study to produce some-

thing practical for the client organization. The biggest reason for the demo in this thesis was to 

bring theory to practise. The demo worked as a showcase of how data can be used and therefore 

provided valuable content for research question 2. 

 

The demonstration in this thesis was built using a pilot approach. A pilot is often seen as a way to 

test and evaluate new technology and remove uncertainties before scaling it up in the organization 

(Berndtsson et al. 2020). White (2019) recommends selecting a business area that needs 
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improvement but also demonstrates an openness to change. 

To make organizations realise the business value, it is better to deliver results quickly rather than 

waiting and building a perfect analytic model. The value can be shown by creating a proof of con-

cept that is limited in scope but can quickly mature into a production deployment. (Chambers & 

Dinsmore 2015, chapter 1.)  

 

To understand the expectations beforehand is important as sometimes just the knowledge of using 

analytics and its known potential can give false expectations to the senior management. For the 

same reason, it must be stated when the pilot is supposed to be completed and what defines the 

pilot’s success or failure. (Berndtsson 2020.) 

 

Recommendations for future action were created to support the client organization in the journey 

on becoming data-driven. These recommendations stem from matching the theoretical framework 

with the client organization’s current and desired data and analytic state.  

4.5 Quality of the research 

To demonstrate the quality of my research, I will assess the construct validity, internal validity and 

reliability of my thesis in the next subchapters. 

 

4.5.1 Construct validity 

 

Construct validity measures how well the research studies what it claims to study. Construct valid-

ity is often rejected by interpretivist researchers as it assumes an objective reality. Construct valid-

ity can be raised by using multiple data sources to minimize bias and creating a clear chain of evi-

dence showing how the research is being constructed. (Farquhar 2012, chapter 7.) 

 

In my research I have used multiple data sources and data collection methods. I have also show-

cased the structure of the study and how the data collection proceeds from one step to another. 

The concluding part of the thesis provides answers to the research questions, and in my opinion  

meet the objectives and goals that were set for the whole study.   

4.5.2 Internal validity 

Internal validity looks at the causal relationships between results and variables and aims to per-

suade the reader that the findings of the research are the cause of critical investigation of the data. 
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Critical investigation can be proved by providing details of how the research data was analysed. 

(Farquhar 2012, chapter 7.) Eisenhardt (1989 in Farquhar 2012, chapter 7) argues that the internal 

validity can be proved by closely examining the theory of the research case study with existing lit-

erature.  

 

I have built my research in a way that I first created the theoretical framework based on existing 

literature and then examined the case study with the existing information. There was no conflicting 

information when examining the theory of the case study with existing literature and this increased 

the internal validity of the research. I also analyzed the questionnaire results, the contents of the 

workshop and the interview, and feedback survey thoroughly. 

4.5.3 Reliability 

Reliability means that if the research was repeated, the researchers would derive same insights. 

This means there are no random errors and that the evidence is consistent and stable. Transpar-

ency and replication increase the reliability. (Farquhar 2012, chapter 7.) 

 

I facilitated the workshop and made sure the goal and the scope for the demo were set together. 

The workshop was held online and recorded and the memo and all the answers to the question-

naire and feedback survey are kept in record to increase the reliability of the research and that they 

can be further investigated or repeated if needed. 

 

Also the semi-structured interview was held online and the interview was recorded for the reliability 

purposes. I tried to keep the research as transparent as possible.  
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5 Results 

This chapter goes through findings and insights from the data collection. The primary data sources 

were the questionnaire, the workshop, the demonstration, and the demonstration’s feedback sur-

vey. The maturity, infrastructure and data management sub-chapters also have an input from the 

semi-structured interview with the organization’s CTO. The questionnaire can be found in Appendix 

1, the workshop structure in Appendix 2, the interview questions in Appendix 3, and the demo’s 

feedback survey in Appendix 4. 

 

The demo’s topic, goal, results and feedback are introduced first as they provide input for the sub-

chapters after. The results chapter’s other sub-chapters are mostly providing answers to research 

question 4 and its sub-questions. The sub-chapters are constructed with a similar structure than 

the theoretical part of this thesis with the following exceptions: The data strategy part was left out 

as there is currently no data strategy at the client organization. The data literacy and the data cul-

ture were combined into one sub-chapter as they go hand in hand. The analytics was incorporated 

in other sub-chapters and the data governance section was left out as there are some comments 

about it in the infrastructure section.  

 

In the end of this chapter, recommendations are provided for future development for the client or-

ganization based on the knowledge acquired while writing the current state analysis and the theo-

retical part of this thesis, and by conducting the demo. 

5.1 The demonstration 

The researcher and the executive board went through the demo’s scope, timeframe and expecta-

tions together during the workshop.  

In question 9 in the questionnaire, the executive board picked top five areas that were seen as the 

most desired areas to receive support from data. Those five areas were chosen from the question-

naire’s 20 broad options plus an opportunity to suggest your own topic. The following five domains 

were selected: 

  

• Human resources and working time monitoring 

• Review of business profitability 

• Reorganization of work or working methods 

• Strategic decision-making 

• Information from client organization’s services (event attendees, message automation read-
ings, accreditation utilization rate, sub-services information) 
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During the workshop, the executive board combined two of the priority domains (working time mon-

itoring and business profitability) into one domain, which was seen to bring the most value to the 

organization within the scope of the pilot. As discussed in chapter 4.4 it is important to concentrate 

on business areas that need improvement and demonstrates an openness to change. 

 

The main topic chosen was to look at expenses versus income at three different service levels. 

Comparison was done between events pre-covid19 in 2019 and in 2022 when the pandemic was 

still on but most of the restrictions were loosened. Insights were also provided about the client or-

ganization’s services by comparing different stages of the process, number of changes and num-

ber of people involved. The timeframe for the demo was from February to April 2022.  

5.1.1 Goals 

The goals of the demonstration were introduced to the Executive Board during the workshop and 

were agreed on together. 

 

The first goal was to wake up the executive board’s interest towards a thriving data culture and 

data-driven approaches. Another goal was to articulate the benefits and showcase measurable 

business outcomes of data-driven decision-making by demonstrating it to the executive board. The 

last goal was that by working to create a demo, the researcher gets valuable information about the 

client’s current and desired data and analytics states and can therefore give concrete recommen-

dations for steps and actions to take in the future. All the above goals coincided with the overall 

goals of the thesis. 

5.1.2 Presentation  

The completed demo with different graphs and insights were virtually presented to the executive 

board in April 2022. The demo showcased four graphs with different potential decisions that could 

be derived from them. This was to showcase how different data can support the decision-making 

and therefore meet one of the objectives of this study. Actual decisions based on these graphs 

have not been made yet.  

 

The graphs were as follows:  

1st Graph showed the amount of time it takes to create an event in different categories. It also 

showed the number of employees being involved in the process. Looking at these numbers, 
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decisions could be made regarding allocating resources and streamlining the internal processes. 

 

2nd Graph presented the total revenue versus the total expenses in the example categories. 

This graph answered the main question that was set for the demo and decisions could be made 

regarding categorizing different clients and investigating revenues and expenses in detail.   

 

3rd Graph included the client organization’s total share in the example categories.  

This graph displayed the client organization’s total share and decisions could be made regarding 

the pricing and altering the business model.   

 

4th Graph showcased the time (in hours) between creation and publishing (an internal process of 

the client organization) in the example events. 

By investigating these times, decisions could be made regarding streamlining internal processes 

and service delivery. 

 

The presentation provided the insights made by the researcher from the results and also com-

ments on what affected the results. These comments were that there should have been an addi-

tional timestamp on the events for calculating the exact times. Also, there should have been more 

events per category for reliable comparison. 

5.1.3 Feedback 

After the presentation, members of the board were asked to answer an online feedback survey to 

help measure the outcomes of the demo. Answers were received from 5 members. The feedback 

questions can be found in appendix 4. 

 

The survey’s questions were designed to measure how the demo’s goals were met. The first goal 

was to increase the executive board’s interest towards a thriving data-driven culture. In question 2, 

when asked about the respondent’s interest level towards data-driven decision-making compared 

to four months prior, 4 out of 5 respondents replied saying their interest level had increased by 

agreeing or strongly agreeing to the statement. One respondent didn’t agree or disagree.  

 

100 % of the respondents also either agreed or strongly agreed to the statement “I would like to 

know more about data-driven approaches”. All five respondents felt like they had received valuable 

information about data-driven approaches in the process of participating in this thesis and they all 

also agreed that they received valuable information about the quality of the data. 100% of the 
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respondents agreed or strongly agreed that they would like the executive board to make more de-

cisions based on data. This shows the desire to be more data literate which in turn creates more 

knowledge and enables healthier data culture. 

  

Based on these answers, it can be concluded that the knowledge and interest have increased 

among the decision-makers while participating in this demo and the desire to use data-driven ap-

proaches is strong.  

 

Another goal was to portray the benefits and showcase measurable business outcomes of data-

driven decision-making by demonstrating it to the executive board. When asked how well the 

demonstration provided answers to given questions, 40% of the respondents felt like it didn’t by 

disagreeing to the statement. Another 40% agreed. 20% of the respondents didn’t agree or disa-

gree. 

 

It became evident while building the demo that the data used for the demonstration wasn’t suffi-

cient and the questions were a bit too complicated for this particular demo. Also, the number of 

events wasn’t sufficient for reliable comparison and this feedback was also received from the exec-

utive board. However, when asked about whether the demonstration provided an idea of how ana-

lytics can be used or built, 80 % agreed or strongly agreed that it did. Therefore, even though the 

demonstration didn’t provide sufficient answers to the questions that were presented, the 

knowledge and understanding of how data can be utilized increased among the target group. 

 

The last goal was that by working to create a demo, the researcher gains valuable information 

about the client’s current and desired data and analytics state and can give concrete recommenda-

tions for actions to take in the future. The researcher found a lot of information about the client or-

ganization’s data-related approaches and could therefore provide recommendations for the organi-

zation to take to become more data-driven. This was the researcher’s opinion but when asked from 

the board members, if those recommendations derived from the demo were sufficient, 80% of the 

respondents agreed. 

 

Based on the feedback and comparing it to the goals that were set for the demo, I would conclude 

that the first and the third goal were successfully met while the second goal was only half met. 



37 

 
5.2 Client organization’s maturity 

When analyzing the overall results of the questionnaire, the workshop, and the semi-structured in-

terview and comparing it to the TDWI Maturity model presented in chapter 3.1.2, I would position 

the client organization currently in level 2 and reaching level 3 within the next two to six months. 

Levels 2 and 3 are presented in the chart (Figure 22) below. This evaluation was backed up by the 

organization’s CTO during the interview.   

 

Figure 22. Level 2 and 3 of TDWI Maturity model (adapted from Halper & Stodde 2014, 9-17) 

 

The client organization’s architecture is currently being modified to better enable data and analyt-

ics. The staff is showing interest and the executive board has been advocated about the topic. 

Marketing department has started asking more specific questions from the data and are requesting 

more access to data. Also, the workshop and demo included in the thesis, have showcased how to 

ask questions from data. The participation of the decision-makers in the pilot was active which is 

promising for both data culture and the maturity.  

 

Data warehouse in the form of Big Query has been installed however, there is no data strategy be-

ing discussed yet. The importance of data governance has been realised but the process is still on-

going. Transition to level 3 is possible because of the current changes in the back-end system and 

the growing interest towards D&A within the staff. However, to reach level 3 on the maturity chart, 
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the data literacy needs to increase and spread as well as data governance and methodologies 

need to be discussed more in detail. It also helps to get some experience from using Biq Query 

and Google Data Studio. 

 

Question number 4 focused on measuring the current use of analytic tool at the client organization.  

The client’s sales system produces some reports but only Microsoft Excel is being used to handle 

imported data and make customised reports. Some employees are learning to use Google Data 

Studio. Perhaps another tool such as modern analytics software, should be taken into considera-

tion especially at later maturity levels. 

5.3 Client organization’s data culture and literacy 

The Executive Board’s overall attitude towards data-driven decision-making is promising.  

Each member either strongly disagreed or disagreed to the statement “I am happy with the current 

use of data analytics in the work of the executive board”. This shows that there is a need and want 

for change when it comes to using data. 

 

When asked about the potential benefits of Data and Analytics in question number 11, the re-

spondents see them like presented in the chart (Figure 23) below.  

 

Figure 23. Respondents’ views of potential benefits 

n=5 
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The biggest benefits were seen as speeding up the decision-making and having an impact on gut 

feeling decisions. Both “supporting gut feeling decisions” and “reducing the need for gut feeling de-

cisions” received the most votes. The answers come to show that data-driven decision-making can 

be seen to support decision-making but also that the decision-making needs remodelling. 

 

The questionnaire also measured the board’s thoughts about learning in questions 15 and 16. 

80% of the Executive Board members would like to know more about data-driven decision-making 

at executive level. It was seen as an important part of the decision-making process and as a way to 

support the culture change within the organization. Also 80 % of the respondents saw that it would 

be important for either the whole company or a specified group to learn more about data analytics. 

The executive board sees the time span for any changes from immediate to within a year.    

 

All of the above results show the organization’s decision-makers significant interest in heading to-

wards data-driven decision-making. Wanting to learn more is crucial in creating and promoting data 

culture and increasing the data literacy within the organization. This is also one of the ways to pro-

mote the culture within the organization as per research question 2. 

5.4 Client organization’s infrastructure 

There were altogether 30 sources listed for question 3 that asked where the data for the decisions 

currently come from. There were an additional four sources listed during the workshop. This is to 

show that there is not one centralised place to get information from. 

 

According to the organization’s CTO some changes are currently being done in the back-end archi-

tecture. This is for overall optimised performance and to decrease costs as well as allowing better 

data and analytics structure. This in turn will enable better access and better utilisation of data for 

more people. It will also free up the developers’ time as certain reports don’t need to be generated 

by the developers like they currently are.    

 

The next step is to create queries and decide which data needs to be moved to Big Query as it’s 

not necessary or cost efficient to move all data. The sorting and deciding still needs to be done and 

it requires co-operation between departments. Currently the order data is being transferred as it 

provides valuable information for the marketing department.  

 

Big Query was chosen as the data warehouse as it is cheaper than the Amazon’s equivalent Red-

shift. Big Query is also elastic which Redshift is not currently and being elastic brings benefits such 
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as cost efficiency as you only pay for what you use. Google Data studio was chosen as the soft-

ware because the Marketing department already uses it for the website metrics and tracking cam-

paigns.  

 

The executive board didn’t prefer any analytic platform over other when asked in question 14 nor it 

was brought up in the workshop. Over half of the respondents felt like the software didn’t matter, as 

long as it is easy to use and there will be training provided.  

 

When asked about the preferred qualities of the future analytics software in question 13, every re-

spondent chose the option “simple to use”. Other attributes that gained the majority’s opinion were 

that the analysis must be understood, it can be exported to Excel, it can be built by oneself, and 

that the analysis is real-time. Ease of use also helps the organizations gain higher level of maturity 

as discussed in chapter 3.3.2.  

 

The organization’s marketing department has recently started learning the use of Google Data stu-

dio. Data Studio was used for the demo also as it is better to have only one platform at this stage.  

5.5 Client organization’s data management 

The data used for the demo was extracted from the system by the CTO and provided to the re-

searcher in the CSV-format. The client’s back-end architecture is currently in the process of chang-

ing so that other users can generate queries to the database also. That will make the company 

data more accessible, and free up the developers’ time for other tasks. This desire was also 

brought up during the workshop. 

 

The data rows needed for this demo were accurate however, to serve the demo’s purpose, some 

additional time stamps and history rows would have increased the completeness and therefore the 

quality of the data. The data was relevant to the issue, reliable and consistent with other reports 

extracted from the system. Sales reports could be generated by the researcher and the data was 

reliable, complete and timely however, not having the option to extract certain reports as csv-for-

mat caused a bigger workload in the data preparation phase. 

5.6 Client organization’s decision-making  

The questionnaire investigated the current decision-making method of the Executive Board by ask-

ing questions about how decisions are made, currently based on each members’ opinion.  
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There was discrepancy in answers when asked about what the current decision-making is based 

on. The six following options were given; Gut feeling, Recommendations of others, Experience, 

Data and hard facts, Specialist consultation or Something else.   

 

It turned out the most decisions currently were made based on experience and the least was pro-

fessional consultation however, in the workshop it was agreed that the professional consultation 

option in the questionnaire was seen as consultation from outside the organization rather than sub-

ject matter expert’s consultation within the organization. The discrepancy in the answers suggests 

that the decision-making is not unified or follow a certain style.  

 

There were also conflicting answers when asked in which business areas does the executive 

board use reliable data to support decision-making currently. 15 out of 18 business options pre-

sented in question 2 received at least one vote but no option received more than three votes. This 

proves to show that the respondents see differently, and most likely objectively, which decisions 

are based on data, and which are not. Also the executive board consists of leaders from different 

departments that follow different data. 

 

When asked about how often the members use reliable data for decision-making, 60% of respond-

ents say daily but 40% of respondents couldn’t evaluate the frequency. The desired frequency was 

asked, and each respondent agreed that it should be daily in the future.  

 

When analysing the answers to question number 5 in the questionnaire, there was a strong desire 

to use data and analytics in the future with every respondent wanting to use data to back up deci-

sion-making either more or significantly more compared to now. 

5.7 Recommendations for the client organization for future  

Based on what I learned about data-driven organizations from writing the theoretical framework for 

this thesis, conducting the demo and gaining understanding of the client organization’s current and 

desired data maturity and other data-driven attributes, I am making the following practical recom-

mendations for the client organization. On top of addressing the first objective of the thesis, this 

also helps in promoting the data culture within the client organization, which is the second objective 

of this thesis. 
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Create data & analytics strategy and roadmap 

As the client organization has no data or analytics strategy or roadmap written out, I recommend 

this as one of the first things to do. This will give the organization guidance and help with establish-

ing how, in which scope and timeline to move on with data analytics. This will also ensure the de-

velopment goes ahead as it is written out. Chapter 3.2.3 showcases an iterative analytics strategy 

development method that could be used for developing a data strategy. 

Create a healthy data culture 

One of the objectives was to promote data-driven culture in the client organization and while I think 

this happened, to keep it consistent and continuing requires a lot of work. The executive board 

members should be advocates for data-driven practises and promote the data culture within the 

organization. To create an inquisitive environment among the workforce, where data is seen as a 

core asset, I recommend the leaders to show example and encourage the staff to ask questions 

and utilize the insights in their work. It is also important to celebrate the victories and gained bene-

fits that show the value of data analytics. A good way to bring data and analytics to be a part of 

everyday working life is to communicate and speak about data in a positive way and show example 

whenever possible.  

 

Train and learn  

It is not possible to expect anyone to utilize data or create insights if they are not trained to do so. 

This obviously goes to both leaders and staff. The desire to learn more and become more data li-

rate is high according to the questionnaire and feedback survey. I would recommend training the 

whole staff with basic data management concepts and more specific training for the decision-mak-

ers and leaders first. Good ways to achieve understanding of the topic is to order a tailored training 

program from a specialist and hold a workshop to innovate and discuss different ways to use data 

within the client organization. Training and raising analytic skillsets of the employees can keep 

them engaged and motivated and that will benefit the whole organization. 

 

Nominate someone in charge  

I recommend the organization to nominate a data officer or someone in charge of pushing the data 

and analytics development further. This will make sure that D&A won’t be dismissed but incorpo-

rated in the decision-making and the organization stays on top of their data strategy. Some organi-

zations have even created data councils that consist of leader from different departments.  

 

Consider using Modern Analytics platform  

To reach higher levels in the data maturity, I would recommend considering the use of modern an-

alytics platforms like Microsoft Power BI or Tableau that incorporates the use of machine learning 



43 

 
and other advanced technologies that contributes to predictive and descriptive analytics. These 

can offer future modelling and give suggestions for further action. Another thing to look into, when 

reaching a higher maturity level, is the use of big data and the advantages and insights it can pro-

vide for the business development. 

 

Remodel decision-making processes  

As per the decision-making chapter 3.7 and the results from the questionnaire presented in chapter 

5.6, it would be beneficial to remodel certain decision-making processes at the client organization. 

When the organization is used to making gut feeling decisions, any change won’t be expected to 

happen overnight. An iterative process map presented in figure 19 in chapter 3.7.2 can aid with the 

decision remodelling. It is important to primarily focus on decision-making domains that benefit the 

organization the most.  
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6 Conclusion 

This chapter presents answers to the research questions that were presented in the beginning of 

the study. It will also assess how the objectives were met. The thesis concludes with discussion. 

 

The research questions were to support the objectives of the thesis. They were presented in the 

beginning of the paper and are as follows: 

 

RQ1. What is meant by data-driven organization? 

Data-driven organization means that the organization has tools, abilities and culture that drives on 

data. A data-driven organization trusts data and uses it to inform and influence strategy. There is 

an evidence-based culture, and the data analysis is highly informative. Data-driven organization 

treats and views data as a core asset and see it as a competitive advantage that improves their 

ability to innovate. The leaders support systematic use of data in strategy and decision-making.  

 

Sub-question 1: What dimensions does data-driven organization have? 

There are five different dimensions according to TDWI Analytics maturity model. These include or-

ganization, infrastructure, data management, analytics and governance. The dimensions can be 

found in figure 2 in chapter 3.1.1. These five dimensions create a picture of a data-driven organiza-

tion and these can be used to assess the overall analytics maturity within the organization. 

 

Sub-question 2: What are the benefits and challenges of data-driven organization? 

There are multiple benefits of being data-driven. It contributes to better and faster decision-making 

and provides insights for a wider audience. Being data-driven creates innovation which enhances 

or creates new business. Analytics can help explain what happened in the past but the most bene-

fit is often gained from predicting the future. Overall being data-driven can help streamline pro-

cesses by providing insights and grow top-line revenue cost efficiently. 

 

The challenges often have to do with the data-driven culture. Trusting data is often harder for lead-

ers that are used to making decisions based on their gut feeling. Also, organizations often have 

problems with data quality and governance. Often, organizations have the wrong idea about the 

quality and type of data they have. The executives or leaders might have unrealistic expectations 

when it comes to the results or scope of analytics projects simply because of the rumours and 

hype around what modern analytics can do. Sometimes the main obstacle isn’t the actual data 

management or its complexity but rather lacking the skill of turning data insights into business ac-

tions. 
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RQ2. How can Data and Analytics culture be promoted within the client organization?  

As data-driven culture has been named as one of the biggest contributing factors on becoming a 

data-driven organization, it is important to look at ways that can promote the data-driven culture 

within the client organization. Firstly, I think that understanding what being data-driven means and 

realizing the benefits and power of analytics, is the key to promoting data-driven culture. Without 

having the knowledge, it is unrealistic to expect results. Leaders are the ones that show an exam-

ple to the rest of the organization so keeping them motivated is important. Overall celebrating wins 

and communicating the benefits across the organization help create a positive atmosphere and 

drive for wanting more. Everything starts with training and having everyone involved. Bringing data 

and analytic related topics to conversations and meetings is one practical example of making D&A 

a part of everyday working life. 

 

RQ3. How can the benefits of data-driven decision-making be showcased to the client organiza-

tion? 

It is often the best way to show something in a form of a pilot before scaling up or jumping straight 

ahead into something. A demo can showcase how the organization reacts to a specific scenario for 

example. A great starting point is to pick a topic that will benefit the organization the most as when 

the analytics provide insights to something that is important, it has a greater effect. The organiza-

tion is encouraged to ask questions from data to realise the true potential of D&A.  To share gained 

results, it is recommended to generate visualisations that provide insights in a simple and under-

standable way.  

 

RQ4. What recommendations can be given for future development? 

Sub-question 1: What is the client organization’s current state in data and analytics? 

Sub-question 2: What is the client organization’s desired state in data and analytics? 

For me to give recommendations, it was crucial to understand the current and desired states, so I 

will first answer the sub-questions 1 and 2.  

 

Chapters from 5.2 to 5.6 present the current and desired capabilities in different data-driven dimen-

sions such as maturity, organization, infrastructure, data management and decision-making. All in 

all, I would place the client organization on level 2 soon to reach 3 on the TDWI maturity chart pre-

sented in figure 3 in chapter 3.1.2. This means that the organization is lacking certain capabilities 

but the desire and motivation is in place so there is high potential to reach level 3 and beyond. 

  

Recommendations stemming from the current and desired states, guided by the theoretical 
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framework, are presented in chapter 5.7. The first thing in my opinion is to set a clear data strategy 

and plan for future action. Establishing and promoting a data-driven culture and data literacy also 

plays a major role. It is also a good idea to remodel certain decision-making processes and expand 

the analytics trialling into modern analytics tool that can provide more advanced insights with the 

use of machine learning and artificial intelligence.    

 

The objectives of the thesis revolved around identifying data-driven concepts and communicating 

the business value of data particularly in the decision-making process and the theoretical frame-

work was built around this.  

 

I found that the objectives were met as a clear understanding of the data-driven concepts was 

achieved by the researcher and communicated to the client organization. The client organization’s 

executives were involved in the process and the interest towards data-driven journey was elevated.  

 

The finalised thesis paper will be sent to the executive board members and the recommendations 

for future development will be presented and discussed together. I can see that the development 

will go ahead as the client organization’s measured attitude is promising and active. The demo did 

not fully showcase how particular questions asked from data can be answered, but it showcased 

how data can be utilised. 
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7 Discussion 

Several points became apparent while writing this thesis that I will reflect on this chapter.  

 

I find that the tight schedule and timeline for doing this thesis contributed to the coherence of the 

whole work. As this thesis was done for a client organization and specially targeted for leading de-

cision-makers, I had to consider others’ timetables and couldn’t proceed solely at my own pace. 

 

I created and collected answers from the questionnaire before I had fully researched the topic and 

written the theoretical part of my thesis. This affected forming of some questions, and I think that if 

I had written the questionnaire later in the process, certain questions would have been more tar-

geted or straight-forward. 

 

TDWI has updated their Analytics Maturity Model and Assessment for 2022 where Data manage-

ment dimension has been replaced with resources. This model looks more modern, however it was 

too late to incorporate it in this thesis.    

 

The client organization had chosen Google Data studio as the visualisation tool to be used. In the 

process of learning how to use the tool I assessed how easy it is to learn by self-teaching materi-

als. In this aspect Google Data studio is a great option for the organization as there is plenty of ma-

terial online for everyone to study and the software is easy to use.  

 

What surfaced in the discussion with the executive board was that even if certain decisions are not 

smart or logical in the light of data, there can still be different type of value that is harder to meas-

ure. These things include for example having a customer as a reference or developing a service as 

a prerequisite to enter a bid.   
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Appendix 1. Questionnaire 

    1 Contact details 
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Appendix 2. Workshop Agenda 
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Appendix 3. Semi-structured interview with CTO 
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Appendix 4. Feedback survey after demo 
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