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Management Summary 

In today's digital environment, data plays a crucial role in decision-making, compliance, and 

gaining a competitive advantage for organizations. Effective management and utilization of data 

requires addressing the challenges associated with metadata and its representation, data 

governance, and data quality. Two problems were found in the metadata field (i) the lack of 

standardization and (ii) human interaction related. First, projects are hindered due to the lack 

of standardized metadata, information that is created is misinterpreted and models that were 

developed are unclear. Furthermore, the individual concepts metadata, data governance, and 

data quality have been studied comprehensively in the literature. However, the literature on the 

combined concepts of metadata, data governance, and data quality is limited. Therefore, with 

the aforementioned problems and the understudied literature, this research has explored and 

focused on the combinations of metadata & data governance and metadata & data quality. The 

following research question has been drawn up “How could the representation of Metadata affect 

Data Governance and Data Quality in organizations?”  

Due to the understudied literature on the combinations of the concepts, this research used the 

Grounded Theory to answer this research question. Semi-structured interviews were conducted 

to collect data. In total nine participants have been interviewed at six different organizations.  

After analyzing the interviews, a data structure was created. This structure consists of nine 

second order themes and three high over dimensions. These dimensions reveal how 

organizations interpret metadata representation in the contexts of data governance and data 

quality. 

Metadata representation in the context of data governance includes presenting structured and 

organized information regarding data elements, definitions, quality standards, access rights, and 

compliance rules. This enables businesses to manage, govern, and control their data more 

efficiently. Metadata is critical for understanding and achieving compliance obligations, as well 

as assuring data quality and defining and enforcing data governance rules and standards. 

In terms of data quality, metadata representation provides organized details about data 

characteristics and attributes, assisting in the comprehension and evaluation of data quality. It 

provides useful insights into data sources, verification procedures, and business regulations, 

while also encouraging a uniform language, better communication, and a shared understanding 

of data. Metadata connects technical elements to business goals, allowing for more effective 

data governance and quality control. 

In conclusion, well-structured metadata representation improves data governance, compliance, 

comprehension, and quality management. It encourages stakeholder contact and collaboration. 

Organizations that have strong metadata representation succeed in data management and 

governance, ensuring high data quality standards. 
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1. Introduction 

This chapter introduces the essential concepts used in this thesis: Data, Metadata, Data 

Governance, and Data Quality. Then the problem statement, research question, and method are 

stated. Finally, the structure of this thesis is given.  

 

“There were 5 exabytes of information created between the dawn of civilization through 

2003, but that much information is now created every two days.” 

- Eric Schmidt, former Executive Chairman at Google (2010) 

 

The above quote of former Google Executive Chairman Eric Schmidt serves as an illustration to 

highlight the ever-increasing data stream in today’s world. Data is critical in today's digital 

environment, as organizations rely on data for decision-making, compliance, and gaining a 

competitive advantage (Bansal et al., 2021; Brynjolfsson et al., 2011; Mcafee & Brynjolfsson, 

2012; Rogers & Thompson, 2012; Yu et al., 2021). Organizations have issues in efficiently 

managing and utilizing this immense resource (Panian, 2010) as data grows exponentially 

(Edmond, 2021). 

Data is fundamentally a collection of observations, information representations, or sets of facts 

(International Organization for Standardization (ISO), 2023). Emails, files, and other digital 

records are examples of digital information generated by human interactions with technology 

(Villars et al., 2011). Without adequate organization and structure, it is not easy to leverage the 

vast amount and diversity of data (Panian, 2010). To address these challenges, metadata has 

gained significant importance (IEEE, 2020; Loshin, 2015; Sundarraj & Rajkamal, 2019; van 

Helvoirt & Weigand, 2015). Metadata, commonly known as "data about data," contains critical 

information about the structure, content, and context of data (NISO, 2017; Pomerantz, 2015; 

Ulrich et al., 2022). It contains details such as the data source, format, lineage, and other 

relevant aspects (NISO, 2017; Pomerantz, 2015; Ulrich et al., 2022). Metadata, like a library 

catalog, facilitates efficient data discovery, understanding, and utilization (Pomerantz, 2015). It 

is critical in managing and organizing vast amounts of data, making it easier to find, access, and 

use (DAMA International, 2017; NISO, 2017; Pomerantz, 2015). 

The Cambridge Analytica scandal is an example of the significance of metadata. Cambridge 

Analytica manipulated user behavior and influenced political outcomes using structured personal 

data from millions of Facebook users without agreement (Boldyreva, 2018; Kanakia et al., 2019). 

This incident underlined the need for data governance and controls to protect privacy and 

prevent unauthorized access to sensitive data (Viljoen, 2021). 
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In addition to metadata, strong data governance practices and comprehensive data management 

frameworks are required for managing data as a strategic asset (Panian, 2010). Data governance 

entails developing policies, procedures, and roles to govern data throughout its lifecycle (DAMA 

International, 2017; Panian, 2010). It provides a framework for data management, assuring 

compliance, improving overall data quality and reliability, and facilitating data accessibility 

(Abraham et al., 2019; DAMA International, 2017; Panian, 2010). 

Furthermore, organizations must prioritize data quality to create accurate and reliable decision-

making processes(Dyson & Foster, 1982; Harley & Cooper, 2021; Stvilia et al., 2007). Poor data 

quality can seriously affect analytical outcomes and restrict business intelligence efforts (Cichy 

& Rass, 2019; English, 2009; Grover et al., 2018). The European Commission has endorsed 

initiatives such as the Data Quality Act and the Data Quality Assessment Methods and Tools 

(DatQAM) to solve data quality issues and reduce the risks associated with poor data quality 

(Bergdahl et al., 2007). 

In conclusion, effective data management, governance, and metadata utilization are critical as 

organizations navigate the digital landscape and harness the power of data. Organizations can 

use metadata to optimize data management procedures, improve data accessibility, maintain 

compliance, and limit risks. 

 

1.1 Problem Statement 

Problem 

In the introduction, the importance of metadata, data governance, and data quality has been 

outlined. However, most studies about metadata, data governance, and data quality are about 

either. A recent literature review by Abraham et al. (2019) shows that much research on data 

governance has been conducted. However, these studies focused on subdomains, for example, 

cloud data governance, data governance principles, and agile data governance capabilities.  

Another recent study by Timmerman and Bronselaer (2019) states that there has been much 

research on the meaning of and how to measure data quality. This shows the saturated field of 

data quality. 

Finally, in a recent systematic review by Ulrich et al. (2022) that included 81 papers, it was 

discovered that there are 35 distinct metadata standards classified into three categories: (i) 

Structure standards, (ii) Technical standards, and (iii) Semantic standards. The review also 

identified five problem categories related to the processing and utilization of metadata. These 

categories are (i) Structural-related problems, (ii) Semantics-related problems, (iii) Human 

interaction–related problems, (iv) Metadata lifecycle–related problems, and (v) Metadata 

processing–related problems.  
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Ulrich et al. (2022) found problems related to structural- and semantic-related issues with using 

and processing metadata. While data has grown over the last decades, the scalability of projects 

is still hindered by metadata’s lack of usage of standards (Bergmann et al., 2020; Elberskirch et 

al., 2022). For example, the data on buildings has grown over recent years, but the industry has 

not adopted standards to exchange, store, and use data (Bergmann et al., 2020). Another 

example is the use of standards and guidelines in the field of nanomaterials, with a focus on 

nanosafety to share data sets (Elberskirch et al., 2022). Exploring organizations' most used 

metadata presentation choices is essential to contribute to a standard metadata schema.  

Al-Ruithe et al. (2019) mention in their literature review that data governance is mostly 

organized in siloes within organizations (Begg & Caira, 2012; Wende, 2007). This is also seen in 

practice: organizations separately organize their data governance and data quality. In contrast, 

data governance is an area that has arisen more recently. Due to the increasing volumes of data 

and data-driven decision-making, there is a necessity for reliable and accurate data.  

Multiple studies (Al-Ruithe et al., 2019; Dhillon, 2019; Karkošková, 2023; Panian, 2010) focused 

on how to govern data (who makes what decisions) and the measurement of data quality (Batini 

et al., 2009; Bergdahl et al., 2007; Brodie, 1980; Cichy & Rass, 2019; Strong et al., 1997; 

Timmerman & Bronselaer, 2019; Zhang et al., 2019). When organizations treat data quality and 

data governance as separate entities, this may result in inconsistencies and inefficiency in the 

data. When these two are not aligned, it could be that the policies of both conflict with each 

other, which results in data that cannot be trusted, leading to potentially inaccurate or 

suboptimal decisions or more costs.  

Ulricht et al. (2022) also found human interaction–related problems. They highlight that 

collaboration was a critical aspect of the articles. Not only did sharing and discussing the 

developed information present a chance to improve the designed data, but it was also an 

essential step in overcoming the challenges of misinterpretation (Trani et al., 2018). In addition, 

the problem extended to a conceptual level: the model would be unclear if stakeholders, users, 

and organizations differed slightly in their interpretation of the use cases (Eichenlaub et al., 

2021). 

Due to the lack of structured and standardized usage of metadata and the human interaction-

related problems, the interest of this research lies in exploring how organizations present their 

metadata, what its challenges are, and how this affects data governance and data quality. Data 

governance and data quality will be treated as separate entities during this research. 

 

Problem owner and result 

This problem affects all organizations dealing with data governance and data quality. Nowadays, 

all organizations are dealing with data. The problem owner would be the management team 

responsible for the organization's data quality and Governance.  
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This thesis provides insight into the challenges that come with the representation of metadata, 

combined with data governance and data quality. The outcome is written in this research, 

providing a detailed understanding of metadata, its representation, and how this could affect 

data quality and data governance in organizations. The research will have an exploration focus 

on the 'how' aspect. The study will contribute to all topics addressed: Metadata, Data 

Governance, and Data Quality.  

 

Scope and limitations 

The scope is limited to organizations willing to discuss their metadata design and how it could 

affect data quality and data governance. Organizations that are not willing to talk are not useful 

for this study. Due to the nature and scope of this thesis, there is a limited time of four months, 

and there is no budget available to perform tasks. 

 

1.2 Research Question  

Given the lack of structured and standardized usage of metadata and human interaction-related 

problems, this study aims to provide insights for organizations into the challenges with metadata 

representation and what influence this has on data governance and quality. The following 

research question has been drawn up: 

“How could the representation of Metadata affect Data Governance and Data Quality 

in organizations?” 

Several sub-questions need to be answered to answer the research question: 

1. How is metadata represented in organizations? 

2. What is metadata representation in a data governance context in organizations? 

3. What is metadata representation in a data quality context in organizations? 

 

1.3 Research Method 

This research explores the effects of metadata design on data governance and data quality within 

an organizational context. Specifically, the study has an exploration focus on the 'how' aspect of 

metadata design. 

First, desk research is used to gain more knowledge and find literature about the most important 

concepts in this thesis: (i) Data; (ii) Metadata & Metadata Representation; (iii) Data Quality & 

Metadata; and (iv) Data Governance & Metadata. 
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Secondly, field research is conducted by interviewing organizations implementing data 

governance and data quality. These organizations are mainly large1. The interviewees are 

selected using purposive sampling. Nine participants are interviewed within six organizations.  

The organizations are found through Clever Republic and my network. The semi-structured 

interviews are open-ended, meaning they are related to the specific themes (metadata, 

metadata representation, data governance, and data quality), have a general structure, but 

delve deeper when potential relevance arises during the interviews.  

This research aims to provide insight into how organizations design their metadata and how it 

could affect data governance and data quality. This research is exploratory. The exploratory type 

of research has been chosen because the literature on metadata representation in combination 

with data governance and data quality is not mature. Multiple authors state that if insufficient 

literature is available, an exploratory approach can be used (Birkinshaw et al., 2011; Mills et al., 

2009; Yin, 2018). 

 

1.4 Structure of Thesis 

This thesis is structured as follows: 

• Chapter 1: introduced the most important concepts for this thesis (Data, Metadata, Data 

Governance, and Data Quality), the rational behind it, then the problem statement for 

this research is given, the research question, and the methodology used. 

• Chapter 2: Chapter two provides a theoretical background on the most important 

concepts used in this thesis: (i) Data; (ii) Metadata & Metadata Representation; (iii) Data 

Quality & Metadata; and (iv) Data Governance & Metadata 

• Chapter 3: outlines the research methodology, the selection of and the information about 

the organizations interviewed, and the data analysis process. 

• Chapter 4: presents the results of the interviews conducted.  

• Chapter 5: provides the discussion for this research. The results are analyzed in this 

section.  

• Finally, in chapter 6, the conclusion of this research is provided and recommendations for 

future research are given.  

 

 

 
1The organization fits the ‘large organization’ terms provided by The Ministerie van Economische 

Zaken en Klimaat (2021) define a ‘large organization’ as the following; a large firm has employed 
over 250 FTE; or 

The net sales are over €50 million, and a more than €43 million balance sheet. 
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2. Theoretical Background 

This chapter explains the most important concepts and theories to answer the research question. 

To answer these questions, knowledge is required about the key concepts in the research 

question. The key concepts are (i) Data; (ii) Metadata & Metadata Representation; (iii) Data 

Quality & Metadata; and (iv) Data Governance & Metadata. Below, each concept will be 

elaborated on. In Appendix I: Design of the literature review, the design for the semi-literature 

review and the selection of the articles can be found. 

2.1 Data 

In today's digitally enabled world, one cannot work without data. Data is connected with 

everything we touch in this world. Almost all actions we perform are digitally registered. For 

example, walking with a phone registers a step; this is just one event of a digitally registered 

action. Multiple sensors are built-in to a mobile phone. If GPS is on, it will track the steps you 

took at certain locations where you have been; an altimeter sensor can measure the height level 

of the current position. With all these events recorded and the information this provides. Some 

even say, "Data is the new oil" (DAMA International, 2017; Haupt, 2018). This implies that data 

will be as valuable as oil when found.  

 

Definitions of Data and Information 

Starting this chapter with the definitions of information and data provided by the International 

Organization for Standardization (2023): 

- Information: 

“knowledge concerning objects, such as facts, events, things, processes, or ideas, 

including concepts, that within a certain context has a particular meaning” (p. 3). 

- Data: 

“reinterpretable representation of information in a formalized manner suitable for 

communication, interpretation, or processing” (p. 3) 

The definitions above show that context is needed to have knowledge. Without context, 

knowledge cannot be gained. The same can be read in the article of Ackhoff (1989), which is 

explained in the paragraphs below. 

 

Data without context is nothing 

Data comes in various types and formats (University of Cambridge, n.d.). Images, audio, 

spreadsheets, and transactional data are all different types. These different types have multiple 

formats that can be saved and stored. However, data is nothing without the proper context and 

knowledge (DAMA International, 2017; Gartner, 2016). Over time, models have been created 

that have presented thoughts about data to knowledge and even wisdom (Gartner, 2016). The 
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most influential one is the Ackhoff pyramid (Gartner, 2016). In Ackhoff’s (1989) pyramid, he 

distinguishes five layers (i) Data, (ii) Information, (iii) Knowledge, (iv) Understanding, and (v) 

Knowledge. See Figure 1 for a graphical version of the pyramid. 

Starting with the lowest layer of the pyramid: Data. This is the raw format of data. For example, 

a number in a spreadsheet is data. However, one number is not meaningful without its context.  

Secondly, by moving up the pyramid, we go to the second layer: Information. Information is 

once we know the context in which the number is given. We can answer simple questions by 

providing context to the data (Ackoff, 1989; Gartner, 2016). For example, if the number is part 

of a dataset with sales data and the column name is ‘Revenue,’ we can assume the number 

represents the revenue. However, we do not know if the revenue is stated per month, daily, or 

yearly.  

Third, moving one step up in the pyramid to Understanding, can be seen as linking more columns 

in a spreadsheet together, thus providing a broader context of the data (Ackoff, 1989; Gartner, 

2016). With the example in mind, we can now see that the revenue is part of the monthly sales.  

The fourth step is understanding the knowledge. This step consists of finding patterns when the 

knowledge of the data has been acquired (Ackoff, 1989; Gartner, 2016).  

At last, step five, Wisdom is knowing what to do with the knowledge and applying it. 

Gartner (2016) states that at all levels (except data), in the pyramid, different questions can be 

asked. 

- Information: allows to provide answers to questions such as “Who?”, “When?”, “Where?” 

or “What?”.  

- Knowledge: allows one to provide answers to questions such as “How (things work)”.  

- Understanding: allows one to provide answers to questions such as “Why”;  

- Wisdom: should give answers to questions such as “What is best?” or “What is the right 

thing to do?”. Data on itself cannot answer any questions without its context. This was in 

1989 and is still applicable today (Ackoff, 1989; DAMA International, 2017; Gartner, 

2016).  

 
Figure 1 - Graphical view of the pyramid from Russel Ackhoff's "Data to Wisdom" 

Wisdom

Understanding

Knowledge

Information

Data
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Big Data 

In the Introduction is mentioned that data a vital asset is for organizations (Fisher, 2009; Panian, 

2010). What is also mentioned is the amount of data produced today and what will be created 

in the future. According to Zikopoulos and Eaton (2011), enormous amounts of data are called 

'Big Data'. Zikopoulos and Eaton (2011) define Big Data as: "information that cannot be 

processed or analyzed using traditional processes or tools" (p. 3). This means that data has 

outgrown the processes and tools used to derive information from data (Davenport et al., 2012). 

Big Data was first characterized by Laney in 2001 with the three Vs: Volume, Velocity, and 

Variety. Over the years, there have been added Vs due to the larger amounts of data: Veracity 

(Zikopoulos & Eaton, 2011), Value (Ishwarappa & Anuradha, 2015), and Variability (Fan & Bifet, 

2013). Today, Big Data is commonly characterized by the four V's (Fan & Bifet, 2013; 

Ishwarappa & Anuradha, 2015; Shmueli et al., 2017; Zikopoulos & Eaton, 2011) : 

(i) Volume: refers to the enormous amounts of data that in today's world are created, 

collected, and stored as a result of the rapid growth of digital technologies.  

(ii) Velocity: describes the amount of data produced and how quickly it must be processed 

to get information out of it.  

(iii) Variety: refers to the different types of data there. Examples are Audio; Text; Video; 

Image; and other forms. Due to all these different types of data, integrating and 

analyzing them is not easy.  

(iv) Veracity: refers to the accuracy and trustworthiness of data. When data is collected, 

it could be incomplete, which brings risks. It is the level of trust in the data collected.  

The value of Big Data lies in the insights and information we can retrieve by conducting data 

analysis (Zikopoulos & Eaton, 2011). In recent years, data-driven intelligence has transformed 

how organizations conduct their business and make well-informed decisions based on data 

(Bansal et al., 2021). Making the right decisions leads to achieving goals (Yu et al., 2021). During 

the COVID-19 pandemic, vast decisions had to be made to save economies and communities 

(Schippers & Rus, 2021; Yu et al., 2021). Due to the already available data about pandemics 

and the continuing COVID-19 data stream, well-informed decisions could be made (Yu et al., 

2021). Studies found that organizations that make decisions based on accurate and trustworthy 

data performed superior to their competitors (Brynjolfsson et al., 2011; Mcafee & Brynjolfsson, 

2012; Rogers & Thompson, 2012). In another study conducted by Brynjolfsson & McElheran 

(2016), it was found that long-established firms with multiple sites are (on average) more likely 

to switch to data-driven decision-making than young firms with a single site. Davenport (2006) 

accentuates that organizations benefit by analyzing the in-house and external data from different 

sources. The analysis of Big Data is increasingly common in today's digital world, recreating 

businesses and transforming industries (LaValle et al., 2010). According to Evans et al. (2012), 

the ability of organizations to create wealth in the current knowledge-based economy is no longer 
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solely dependent on tangible assets. They state that every organization depends on intangible 

resources like data, documents, content, and knowledge to function. 

 

Database layers 

Designing databases requires understanding what data should be captured and how data relates 

to each other. Three layers in database design contribute to the organization, administration, 

and utilization of data. The three modeling layers: (i) Conceptual, (ii) Logical, and (iii) Physical, 

play distinct roles in determining the structure and comprehension of data (Garcia-Molina et al., 

2008; Ramakrishnan et al., 2003). According to multiple authors (Garcia-Molina et al., 2008; 

Groves, 2022; Ramakrishnan et al., 2003), the layers consist of the following: 

(i) The conceptual layer is the least detailed layer where the ‘what’ of data is modeled. For 

example, designing a database for an online store needs to understand what data entities 

should be captured, such as the customer, payment, and product information. The 

entities are filled with attributes. The conceptual layer often comes from the business and 

its processes. 

(ii) The logical layer shows ‘how’ the data is modeled. It is more detailed than the conceptual 

layer. For example, in the customer dimension, the customer's first name should be of 

the type of VARCHAR with a maximum of 20 characters, and the birth date should be of 

the type of DATE with the European date format. Architects and business analysts often 

create the physical layer. 

(iii) The physical layer is the most detailed, specifying which type of database is used along 

with the infrastructure of the database. This layer often is created by database architects 

or developers. 

In conclusion, data is essential in our digitally enabled world, but it requires context and 

knowledge to be relevant (DAMA International, 2017; Gartner, 2016). The Ackhoff (1989) 

pyramid illustrates the path from raw data to wisdom, highlighting the significance of 

understanding and applying knowledge (Gartner, 2016). Big Data, characterized by its volume, 

velocity, variety, and veracity, confronts organizations with both challenges and opportunities. 

Analyzing Big Data for insights allows for informed and data-driven decision-making (LaValle et 

al., 2010). With its conceptual, logical, and physical layers, effective database design facilitates 

data organization, administration, and utilization (Garcia-Molina et al., 2008; Groves, 2022; 

Ramakrishnan et al., 2003),. Overall, the importance of data rests in its ability to inform and 

transform decision-making processes in our data-driven world. 

 

2.2 Metadata 

As previously stated, data without context has no meaning (DAMA International, 2017; Gartner, 

2016). DAMA International (2017) mentions that the context of data can be seen as the 
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representational system for the data; this system contains a shared vocabulary and a hierarchy 

of relationships between its parts. DAMA International (2017) states that metadata is important 

because it describes the data. This is what makes metadata valuable for organizations. DAMA 

International (2017) provide an example; A library has thousands, if not ten thousand of books, 

but no catalog exists. Without the catalog, finding books in the library would be hard, almost 

impossible. The catalog stores information about a book. This information creates a starting 

point to search for a book in the library based on the author, title, or genre. Without metadata, 

an organization would be the same as a library without its catalog. This makes metadata valuable 

for organizations. 

Due to the limitations of the human brain (Mayer, 2003), we create shortcuts such as 

mnemonics2; this is why metadata exists (Gartner, 2016). When we exceed the limitations of a 

single brain, the need for metadata becomes ever more crucial (Gartner, 2016).  

Guerra et al. (2013, p. 376) stated that metadata is a term that has multiple definitions and can 

be interpreted differently according to the context. The literature review of Ulrich et al. (2022) 

confirmed that there are many different definitions for metadata used in the literature. They 

provide a general definition "metadata is a formal representation of data that defines and 

describes information in a (preferable) standardized and stable way" (Li et al., 2012; Löpprich 

et al., 2014). DAMA International (2017) has a more specific definition: "Metadata includes 

information about technology and business processes, data rules and constraints, and logical 

and physical data structures. It describes the data itself (e.g., databases, data elements, data 

models), the concepts the data represents (e.g., business processes, application systems, 

software code, technology infrastructure), and the connections (relationships) between the data 

and concepts" (p. 417).  

We can find overlapping concepts between both definitions. Combining these overlaps: Metadata 

is data that says something about the data; this includes database elements, data models, 

relationships, application systems, technology infrastructure, and concepts. In this research, the 

definition provided by DAMA is used. First, the definition captures all important aspects of 

metadata. Secondly, DAMA is a highly recognized organization in the data industry. 

Organizations consider data as a vital asset (Fisher, 2009; Panian, 2010). It is used for decision 

making processes, compliance control and other important business operations. With the volume 

of data increasing, it becomes apparent that metadata or phrased differently the “data about 

data” also becomes increasingly more crucial for organizations. Next to that, organizations 

typically structure their business in departments, each having its own tasks and responsibilities. 

 

 

 
2 Mnemonics are designed to extract and represent the most notable features of the information 
they aim to preserve in our memory, for example "Richard of York Gave Battle in Vain," which 

represents the color spectrum: Red-Orange-Yellow-Green-Blue-Indigo-Violet (Gartner, 2016). 
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With that, an organization’s knowledge is typically divided among multiple individuals (DAMA 

International, 2017) and thus without proper documentation and structuring between the data 

of these departments, data may be lost or unutilized with all its accompanied risks and 

consequences (DAMA International, 2017). Metadata helps capture the available data knowledge 

(DAMA International, 2017). The risk lies not only in losing knowledge, but it is also helpful in 

order to divide data into private or sensitive information and manage the lifecycle to meet 

compliance and exposure risks. Without reliable metadata, an organization is unaware of its data 

and what it represents (DAMA International, 2017). Finally, metadata is also necessary to 

manage data as an asset (DAMA International, 2017). 

 

Three types of metadata 

Now that background information on metadata is given, we continue by distinguishing between 

three types of metadata that are given by DAMA International (2017), Gartner (2016), and NISO 

(2017). These types are (i) Descriptive Metadata; (ii) Administrative Metadata; (iii) Structural 

Metadata. 

(i) Descriptive Metadata 

Descriptive Metadata is the most common type (Gartner, 2016). This type is created to help 

discover and locate where the data is stored (DAMA International, 2017; Gartner, 2016; NISO, 

2017). With the analogy of a library, this type of metadata is necessary to find the book you 

seek. Examples of what kind of information this is, are genre, title, and author. Descriptive 

Metadata is often referred to as ‘finding metadata.’  

(ii) Administrative Metadata 

The background information that ensures data can be stored, preserved, and accessed when 

needed is called Administrative Metadata (DAMA International, 2017; Gartner, 2016; NISO, 

2017). Administrative Metadata is essential to the operation of any information system, whether 

electronic or not. It frequently exceeds Descriptive Metadata in size and scope (Gartner, 2016). 

This kind of metadata has always been important because every library has had to maintain 

information for its administration to function. This metadata has a higher volume and is 

frequently far more complex in information systems. 

a. Technical Metadata 

A specific form of Administrative Metadata is Technical Metadata (Gartner, 2016; NISO, 2017). 

This Technical Metadata is needed to run systems and deliver digital data to us in a manner that 

can be understood (Gartner, 2016). Technical Metadata has all the information it needs from an 

object to visualize it. For a digital image, this can include information about its dimensions in 

pixels, the file format, the size of the color palette, and many other details. Technical Metadata 

varies depending on the type of digital asset; for example, what is needed for photographs 
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differs from what is needed for video, audio, or text. This metadata is usually created 

automatically while a system is running and usually is not visible to the user (Gartner, 2016). 

b. Rights Metadata 

The data required for a system to enforce intellectual property rights (IPR) is also known as a 

form of Administrative Metadata (Gartner, 2016; NISO, 2017). This metadata includes 

information about the IPR's owners, copyright laws that govern their ownership rights, and the 

rights those owners give to those who access their data. IPR still holds outside of the digital 

realm, and every printed book has Rights Metadata connected to it. It is used to impose payment 

methods by an online newspaper like The New York Times, which charges users to view more 

than ten stories monthly. 

c. Preservation Metadata 

Preservation Metadata is the final type of Administrative Metadata used to ensure that digital 

data is accessible and useable for a long time (Gartner, 2016; NISO, 2017). It is complex and 

broad and requires careful maintenance to remain viable (Gartner, 2016). Large amounts of 

metadata are needed to support the procedures that make this possible (Gartner, 2016). This 

documentation of what is done to the data, how it is done, and by whom assures that it can still 

be used long after the original producers have passed away. Technical Metadata is invisible to 

the user, but it is crucial. 

(iii) Structural Metadata 

The last type of metadata can be required but is not always evident to the end user. Structural 

Metadata establishes connections between distinct data points to combine them into a more 

oversized, more complex item (DAMA International, 2017; Gartner, 2016; NISO, 2017). This 

information is known as structural Metadata and transforms a collection of unrelated pages into 

something we can identify as a book (Gartner, 2016; NISO, 2017). Even a physical book has 

this information due to the page numbers and arrangement of the leaves when fastened to the 

spine. If an item of any complexity will make sense in the digital world, it needs to be captured 

more specifically.  

 

Metadata sharing and storing 

Metadata is shared and stored similarly to ‘normal’ data. This can be done through databases as 

records, through a language made to describe data, or visualized into models. Below, the most 

common ways of sharing (meta)data are explained.  

Relational Databases 
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Relational Databases were introduced by Ted Codd (1970). Todd suggests that databases should 

represent data in tables called relations3. Information in tables is stored in records. The practical 

design relies on normalizing database tables to improve query performance and enhance storage 

efficiency (Garcia-Molina et al., 2008; NISO, 2017; Ramakrishnan et al., 2003). Today, 

Application Programming Interfaces (APIs) are a standard method used by software systems 

that use this information model and wish to share it with others (NISO, 2017; Pomerantz, 2015). 

APIs consist of specification documents external software developers use to create tools that 

query the system and obtain relevant (Meta)data. 

XML 

XML (eXtensible Markup Language) became a popular method for the encoding, transferring, 

and storing metadata in the 2000s (NISO, 2017). A single root element is the base of an 

expanding tree representing an XML document (Garcia-Molina et al., 2008; NISO, 2017; 

Ramakrishnan et al., 2003). There are languages based on XML written for specific tasks and 

XML processing toolkits for major programming languages (Garcia-Molina et al., 2008; NISO, 

2017). Metadata stored as XML is often loaded directly from external sources, generated through 

software user interfaces, or mapped from other data sources (NISO, 2017). 

Linked Data and RDF 

The most significant step toward putting the 'Semantic Web' (a worldwide network for actionable 

data) into practice was introduced by Tim Berners-Lee with the concept of Linked Data (NISO, 

2017). Linked Data heavily relies on Resource Description Framework (RDF) standards, which 

model data as a network with no single object or piece of information having fundamental 

significance (Forum Standaardisatie, 2013; NISO, 2017). Individual triples comprise RDF graphs, 

in which a subject is coupled with an object by a predicate. Predicates are represented as 

properties, and class names begin with a capital letter (Forum Standaardisatie, 2013; NISO, 

2017). 

RDF properties' domains and ranges serve two purposes: they provide direction for implementers 

and make it possible for processing tools to create new associations (NISO, 2017; Pomerantz, 

2015). Uniform Resource Identifiers (URIs) or International Resource Identifiers (IRIs) represent 

subjects, predicates, and objects. Class and property relationships are established using this 

structure (Forum Standaardisatie, 2016b; NISO, 2017; Pomerantz, 2015). Linked data is a 

powerful approach for connecting data from several sources (NISO, 2017; Pomerantz, 2015). 

Classes, properties, object datatypes, property domains and ranges, and hierarchical 

relationships between classes and subclasses are all defined using RDF Schema (RDFS) (Forum 

standaardisatie, 2021; NISO, 2017; Pomerantz, 2015). URIs should be dereferenceable, and 

 

 

 
3 See the website from oracle for more information about relational databases 

https://www.oracle.com/database/what-is-a-relational-database/#link2. 

https://www.oracle.com/database/what-is-a-relational-database/#link2
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content negotiation is used to provide raw data to humans and software applications. Linked 

Data is a powerful tool for connecting information from multiple sources (NISO, 2017; 

Pomerantz, 2015). 

According to Riley (2017), RDF data can be shared in various ways, such as microformats, large 

RDF triplestores, Linked Data, RDF/XML, RDFa (Forum Standaardisatie, 2016a), and Turtle. 

RDF/XML is a verbose encoding of RDF, while RDFa embeds RDF within HTML (Forum 

Standaardisatie, 2016a), and Turtle is a textual representation of an RDF graph. N-Triples is a 

text-based RDF serialization used to present multiple predicates of the same subject compactly. 

Metadata can also be stored and shared by embedding it in a digital file (NISO, 2017). 

Several metadata other standards and languages have been explained clearly by the National 

Information Standards Organization (NISO) in the primer by Riley (2017) titled ‘Understanding 

Metadata.’  

In conclusion, metadata plays a crucial role in our understanding and utilization of data. It 

provides data context, description, and structure, helping organizations more effectively manage 

and utilize their data assets (NISO, 2017; Pomerantz, 2015; Ulrich et al., 2022). Metadata, like 

a library catalog, helps us in discovering and identifying useful information. Each of the three 

types of metadata (descriptive, administrative, and structural) serves a different purpose in 

capturing essential information about data and ensuring its proper storage, preservation, and 

accessibility (DAMA International, 2017; Gartner, 2016; NISO, 2017). Methods such as relational 

databases, XML, and Linked Data make it easier to share and store metadata in structured and 

standardized formats (Gartner, 2016; NISO, 2017; Pomerantz, 2015). By leveraging metadata, 

organizations can improve data discovery, governance, and decision-making processes (DAMA 

International, 2017; NISO, 2017; Pomerantz, 2015). Finally, metadata is essential for 

maximizing the value and potential of data in today’s data-driven world. 

 

Metadata Representation 

Because our brains have limitations in processing raw information, visualizing information is 

critical for humans to understand complicated concepts and data (Mayer, 2003). Similarly, 

displaying metadata contributes significantly to our understanding of it. Metadata representation 

has a significant impact on data governance and data quality, making it critical for organizations 

to understand its implications and maximize the value of their data assets. Standardization and 

structured representation are critical in metadata representation to enable consistency and 

interoperability across multiple systems and domains (Dai et al., 2021; Mandal et al., 2016; 

Melo et al., 2021). 

The study by Dai et al. (2021) emphasizes the importance of standardized metadata through 

the proteomics sample metadata representation framework for multiomics integration and big 

data analysis. This highlights the need for a structured and standard approach to metadata 
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representation, enabling seamless integration and analysis of complex biological data. Similarly, 

a study by Melo et al. (2021) highlights the significance of a strategy for archives metadata 

representation in supporting knowledge discovery within archives. By adopting a structured 

approach, archives can effectively organize and manage metadata, enabling researchers and 

users to more efficiently discover and access relevant historical information. The article of Mandal 

et al. (2016) extends metadata representation by collecting certain contextual aspects relevant 

to data collection, management, and utilization. The context-driven metadata representation 

approach for SaaS emphasizes the relevance of context-specific metadata in the Software as a 

Service environment for effective decision-making and quality control. SaaS providers can 

understand their data's specific conditions and requirements by including context-driven 

information, enabling more informed decision-making processes, and assuring greater data 

quality and governance standards. 

While each metadata representation system has a different purpose, there are notable shared 

characteristics between them. Both the proteomics sample metadata framework and the method 

for archival metadata representation emphasize the importance of standardized and structured 

metadata representation. Standardization ensures standard formats and protocols, allowing 

seamless data integration and analysis across systems and domains. Structured representation 

systematically organizes metadata, making discovering knowledge and retrieving information 

easier. 

Furthermore, combining advanced technologies with metadata representation improves its 

capabilities and effectiveness. Semantic-based metadata representation improves multimedia 

security and management by exploiting semantic information to secure multimedia asset 

integrity and confidentiality (Rytsar et al., 2003). Moreover, combining 3D modeling approaches 

with metadata representation improves information management (Yen et al., 2013). By merging 

metadata with 3D models, essential contextual information can be maintained, enhancing asset 

understanding and preservation. 

Lastly, a recent systematic review of 81 papers by Ulrich et al. (2022) found that there are 35 

different metadata standards used and structured them in three categories - subtracted from 

Costin & Eastman (2019) - (i) Structure standards; (ii) Technical standards; and (iii) Semantic 

standards. They also found five problem categories concerning the processing and usage of 

metadata. These are:  

(i) Structural-related problems: this problem is related to the lack of standard usage of 

metadata. The reviewed articles expressed problems about the limited or overly broad 

range of available standards, which were considered confusing (Huang et al., 2017; Park 

& Tosaka, 2010). 

(ii) Semantics-related problems: this problem is related to the sharing of metadata. The 

metadata elements included descriptions and definitions to provide clarity on the purpose 

of the data. However, these descriptions often contained synonyms, spelling variations, 
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or naming conflicts, which could lead to discrepancies in the shared data (Eichenlaub et 

al., 2021). 

(iii) Human interaction–related problems: this problem is related to the human factor of 

understanding metadata. Sharing and discussing the developed information was not only 

an opportunity to improve the quality of the created data, but it was also a necessary 

step in overcoming issues linked to misinterpretation (Trani et al., 2018). 

(iv)  Metadata lifecycle–related problems: this problem relates to the mismatch between data 

and its corresponding metadata (Li et al., 2012). The data was frequently not in alignment 

with the metadata, making it unacceptable for reuse. There were several explanations 

for this inconsistency, including a lack of transparency regarding the source of the 

(meta)data (Maumet et al., 2016) or an unclear distinction or shifting perspective 

between data and metadata (Papež & Mouček, 2017). 

(v) Metadata processing–related problems: this problem relates to the processing of 

metadata. The literature found pre-processing barriers in metadata, such as varied 

interfaces that cause siloization (Jeong et al., 2014). Automatic matching from broad to 

a specific level was practically difficult (Daniel et al., 2014), and automated mapping 

without human input was complex or impossible (Ashish et al., 2016; Kock-

Schoppenhauer et al., 2019). It was difficult to get more testing data for algorithm 

enhancement (Deppenwiese et al., 2019). Furthermore, merging data sets encountered 

challenges such as confusing mappings (Song et al., 2014), varying obligation levels 

(Specka et al., 2019), and faulty mappings that led to misinterpretation (Ngouongo et 

al., 2013). 

 

Representation Theory 

The following section provides information about Representation Theory in information systems.  

Representation Theory in information systems was originally developed by Wand & Weber 

(1990). Wand & Weber saw a need to create insight into the artifacts of information systems. 

They started with the knowledge that humans and organizations naturally desire information 

(Weber, 1997). Representation Theory is developed for all information systems (Wand & Weber, 

1990) and focuses on how they convey information.  

The concept of meaning is central to four of Representation Theory (RT) assumptions about the 

communication of information (Burton-Jones et al., 2017): 

(i) RT can communicate meaning through symbols, and humans can obtain meaning from 

these symbols (Wand & Weber, 1995). 

(ii) Information systems intend to represent someone’s or a group's view of the real world 

(Wand & Weber, 1995). Wand & Weber (1993) and Burton-Jones & Grange (2013) reason 
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that computerized representations provide a more efficient way to learn about the world 

than observations. This leads to the design of information systems. 

(iii) Stakeholders can express their meaning about events that are of interest to them 

(Burton-Jones et al., 2017). 

(iv) Users expect that an information system has more value when it represents a true view 

of the real world (Weber, 1997). 

RT explores incorporating user perceptions of meaning into an information system (Wand & 

Weber, 1995). Wand & Weber (Wand & Weber, 1995) state that an information system holds 

three structures: 

(i) Deep structure: the aspects of the expressions of stakeholders represented in the 

information system (for example, data objects and business rules created into code). 

(ii) Surface structure: the aspects that let the information system user engage with the deep 

structure (for example, query interface and report generator). 

(iii) Physical structure: the aspects that combine both structures (for example, computer 

networks and laptops). 

RT focuses on the deep structure of the information system. Consequently, the main focus of RT 

is the degree to which the deep structure of an information system offers and sustains an 

accurate representation of the central real-world phenomena (Wand & Weber, 1995).  

RT conceptualizes the deep structure of an information system as scripts representing real 

events. These scripts transform until a machine-executable script is obtained. Grammar and 

properties of scripts affect their ability to represent real-world phenomena and communicate 

meaning truthfully (Burton-Jones et al., 2017). 

Three representation models 

Wand and Weber (1993, 1995) developed three models (i) The Representation Model, (ii) The 

State-tracking Model, and (iii) The Good Decomposition Model, to explore how the deep structure 

of an information system can faithfully represent real-world phenomena and communicate 

meaning (Burton-Jones et al., 2017):  

(i) The representation model (RM) focuses on generating scripts using grammar in 

information systems. The RM emphasizes maintaining a faithful representation of 

real-world phenomena in these scripts (Wand & Weber, 1993). Any loss of faithfulness 

is predicted to reduce the usability of the implemented information system. Wand and 

Weber (1993) evaluate the ability of grammars to provide faithful representation by 

examining the constructs used to represent specific types of phenomena. They 

identify four types of defects in grammar that can undermine their ability to generate 

clear and complete scripts: construct deficit, construct excess, construct redundancy, 
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and construct overload (Wand & Weber, 1993). Mapping constructs in grammar 

assess these defects to a reference ontology, such as Bunge's ontological theory 

(1977, 1979). 

(ii) The state-tracking model (STM) proposed by Wand and Weber (1995) suggests four 

conditions an information system must satisfy to maintain a faithful representation of 

real-world phenomena as they change. 

a. Mapping condition: The information system must map a single state of the real 

phenomena so that users can interpret the state of the information system and 

assign meaning to it that unambiguously corresponds to the real state. 

b. Tracking condition: The information system must accurately track internal state 

changes within real-world phenomena caused by interactions within its limit. 

c. External event condition: The information system must faithfully reflect changes 

in real-world phenomena caused by external environmental events. 

d. Sequence condition: The information system must record and update the 

sequence of external events in the same order as perceived by the real 

phenomena to maintain a faithful representation of the sequence of internal 

events. 

The STM and the RM are related, with the STM assuming that the machine-readable script 

implemented by the information system can provide a faithful representation of real-world 

phenomena. The conditions of the STM cannot be met if the script does not clearly distinguish 

between things and events. 

(iii) The Good-Decomposition Model (GDM), proposed by Wand and Weber (1995), 

focuses on creating representations in information systems with "good 

decompositions" of real systems, which communicate more meaning about the 

modeled phenomena. The GDM sets several requirements that a decomposition (a 

hierarchical structure of systems and subsystems) must satisfy better to communicate 

the meaning of real-world phenomena to stakeholders. 

The GDM assumes that the script representing real-world phenomena can provide a 

faithful representation, similar to the Representation Model (RM). For example, if the 

script cannot separate things from events, the requirements of the GDM cannot be 

met. Initially, three necessary conditions were proposed: 

a. Determinism Condition: The decomposition must ensure that events induced in 

each subsystem are either external or well-defined internal events, allowing clear 

prediction of subsequent states. 

b. Minimization condition: The decomposition must eliminate redundant state 

variables and ensure only necessary variables represent focal real-world 

phenomena. 
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c. Losslessness condition: The decomposition must preserve all heritable and 

emergent properties of the real-world phenomena. 

Further drawn on works of, for example, Simon (1996) and Yourdon & Constantine (1979), two 

additional necessary conditions were later proposed by Weber (1997): 

d. Condition of maximum cohesion: Subsystems must be maximally cohesive, 

meaning that output-state variables cannot be partitioned based on input-state 

variables. This ensures strong connectivity within subsystems. 

e. Minimum coupling condition: The decomposition should have minimum coupling, 

focusing on reducing the number of external events in subsystems and promoting 

well-defined internal events. This increases predictability and facilitates 

understanding of events in the subsystem.  

The GDM balances the criteria of coupling and coherence in good decomposition and strives for 

a harmonious relationship.  

In conclusion, standardized metadata representation is crucial for communicating meaning and 

understanding complex data across systems and domains (Dai et al., 2021; Mandal et al., 2016; 

Melo et al., 2021). It enables data integration, knowledge discovery, and informed decision-

making (Pomerantz, 2015). Advanced technologies like semantic-based approaches and 3D 

modeling enhance information management and asset understanding (Rytsar et al., 2003; Yen 

et al., 2013). However, challenges related to structure (Huang et al., 2017; Park & Tosaka, 

2010), semantics (Eichenlaub et al., 2021), human interaction (Eichenlaub et al., 2021), 

metadata lifecycle (Li et al., 2012; Maumet et al., 2016; Papež & Mouček, 2017), and processing 

(Ashish et al., 2016; Daniel et al., 2014; Deppenwiese et al., 2019; Jeong et al., 2014; Kock-

Schoppenhauer et al., 2019; Ngouongo et al., 2013; Song et al., 2014; Specka et al., 2019) 

need to be addressed for effective system interoperability and improved metadata 

representation (Ulrich et al., 2022). 

Representation Theory provides insight on how information systems communicate meaning 

(Wand & Weber, 1995). The Representation Model, State-tracking Model, and Good 

Decomposition Model provide frameworks for evaluating grammar, state-tracking capabilities, 

and decomposition quality in order to ensure accurate representation and meaningful 

communication of real-world phenomena (Wand & Weber, 1993, 1995).  

To maximize the value of data assets, organizations should embrace standardized and structured 

metadata representation, which improves data governance, data quality, and communication. 

This enables knowledge discovery, informed decision-making, and competitiveness in the digital 

landscape. 
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2.3 Metadata & Data Quality 

Metadata of high quality has been shown to influence decision outcomes and increase decision-

making accuracy and reliability (Dyson & Foster, 1982; Harley & Cooper, 2021; Price & Shanks, 

2011; Shankaranarayanan et al., 2006, 2008; Shankaranarayanan & Zhu, 2021; Stvilia et al., 

2007). Furthermore, metadata-driven data quality frameworks have been used in various 

contexts, including e-government and statistical agencies, demonstrating their practical 

relevance and impact (Dion, 2007; Myrseth et al., 2011).  

Data Quality is not a concept from the last years. It has already been introduced in papers in 

the 1980s (Brodie, 1980; Woodward & Masters, 1989). These papers introduce data quality for 

information systems and seismic networks. When data is flowing through systems, it can 

degrade over time if there are no control mechanisms over the data (Batini et al., 2009; Dasu, 

2013).  

For organizations and processes that depend on data, the quality of the data must be reliable 

and correct to drive decisions and actions (Harley & Cooper, 2021; Stvilia et al., 2007). Poor 

data quality can cause organizations severe loss because it affects the analytical results of 

business intelligence or data warehouses (Cichy & Rass, 2019; English, 2009; Grover et al., 

2018). Multiple initiatives have been launched to prevent these losses from poor data quality. 

Examples are the Data Quality Act and the Data Quality Assessment Methods and Tools 

(DatQAM) endorsed by the European Commission (Bergdahl et al., 2007). Wand & Wang (1996) 

found that data quality is mostly measured through the following dimensions: (i) Accuracy; (ii) 

Reliability/consistency; (iii) Timeliness (currency); and (iv) Completeness. As previously stated, 

there is the Data Management Body of Knowledge (DMBOK) from the Data Management 

Association (DAMA). The book describes eleven core areas with best practices to align data 

management in an organization, where one area is focused specifically on data quality.  

In the field of data, many studies have already been conducted. However, most studies are 

focused on one theme within the broad data field (Abraham et al., 2019; Batini et al., 2009; 

Brynjolfsson et al., 2011; Harley & Cooper, 2021; Timmerman & Bronselaer, 2019; Ulrich et al., 

2022; Zhang et al., 2019). There have been conducted many studies in the data quality area. 

However, organizations still struggle with data quality (Cichy & Rass, 2019; Liu et al., 2021; 

Zhang et al., 2019). According to a multi-region survey conducted by Côrte-Real et al. (2020), 

some organizations have not matured their processes for adopting data quality. This implies that 

data quality improvement is conducted in departments on a decentralized or as-needed basis 

(Karkošková, 2023). Often, no centralized data quality management is aligned with the strategic 

and operational needs (Karkošková, 2023). 

Metadata is essential for data governance and data quality control in organizations. As mentioned 

in section 2.1, it provides critical information about data quality, helps decision-making, and 

improves data reliability and usability. Several studies have stressed the significance of metadata 



2. Theoretical Background 

 
M. Coenraads – 651492 / 2077024  27 

 

in ensuring accurate, consistent, and reliable data (Dion, 2007; Myrseth et al., 2011; Verbitskiy 

& Yeoh, 2011). 

Interoperability and standardization efforts are critical parts of metadata and data quality 

management. Standardized metadata representations and exchange methods allow seamless 

data sharing, collaboration, and comparison across organizations and domains (Becker et al., 

2009). This standardization guarantees consistent data quality assessments and promotes 

effective data governance processes. 

To take control over data quality, DAMA International (2017) states that a data quality program 

is more effective when it is part of a data governance program. Good data governance requires 

the development of a data management framework, among other principles. The data quality 

program team collaborates with numerous stakeholders and supporters to achieve it. The volume 

and complexity of data that organizations must deal with can be complex. Additionally, there 

may be significant challenges if this enormous amount of data needs to be managed 

appropriately (Dhillon, 2019). 

In conclusion, metadata is critical in data governance and data quality management. 

Standardized representations facilitate data exchange, collaboration, and comparison (Ulrich et 

al., 2022). However, organizations continue to face challenges with controlling and increasing 

data quality (Cichy & Rass, 2019; Liu et al., 2021; Zhang et al., 2019). It is essential to integrate 

data quality programs with data governance tasks (DAMA International, 2017). A comprehensive 

data management framework based on best practices such as the DMBOK can assist in 

navigating data complexities and ensuring consistent data quality management (DAMA 

International, 2017). Organizations can increase data quality, manage risks, and unlock the full 

potential of their data assets by understanding the value of metadata, adopting comprehensive 

data quality programs, and embracing data governance principles. 

 

2.4 Metadata & Data Governance 

Several studies emphasize the importance of metadata in efficient data governance (Aamot, 

2022; Loshin, 2015; NICOLESCU, 2019; Sundarraj & Rajkamal, 2019). Metadata provides 

important context and descriptions for data assets, supporting their discovery, understanding, 

and proper use in organizations. It supports numerous data governance operations and is an 

essential data quality control facilitator. 

Another frequent theme is the challenges associated with metadata management. Studies 

highlight the difficulties of capturing, organizing, and retaining metadata (IEEE, 2020; Loshin, 

2015; Sundarraj & Rajkamal, 2019; van Helvoirt & Weigand, 2015). Among these difficulties are 

guaranteeing metadata accuracy, consistency, and completeness and dealing with metadata 

integration and interoperability issues. Effective metadata management strategies are critical 

for overcoming these issues and assuring data assets' dependability and usability. 
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Several articles discuss the importance of metadata standards and models (Aamot, 2022; IEEE, 

2020; Yan et al., 2022). Metadata standards provide a standardized framework for organizing 

and managing metadata, thus enhancing interoperability and consistency across systems and 

domains (Aamot, 2022; IEEE, 2020; Yan et al., 2022). Metadata standards development and 

acceptance help accelerate metadata governance activities and improve data quality 

management. Similarly, metadata models, such as ontology-based models, provide semantic 

structures that improve metadata understanding, integration, and utilization (Yan et al., 2022). 

To align the organization with data, it is necessary to implement data governance. The definition 

of data governance given by the DMBOK is "the exercise of authority and control (planning, 

monitoring, and enforcement) over the management of data assets" (DAMA International, 2017, 

p. 67).  Another definition given by Abraham et al. (2019) is "Data governance specifies a 

cross-functional framework for managing data as a strategic enterprise asset. In doing so, data 

governance specifies decision rights and accountabilities for an organization's decision-making 

about its data. Furthermore, data governance formalizes data policies, standards, and 

procedures and monitors compliance" (p. 425-426). This definition is extracted from papers 

found for their literature review. Looking more closely at both definitions, we can find an overlap 

between them. Data governance is the control over their data assets. It specifically creates 

policies, standards, and procedures and monitors compliance.  

Data governance is about a people's perspective. There is a need for a data management 

approach to manage all these data sources. According to the DMBOK, data management is "the 

development, execution, and supervision of plans, policies, programs, and practices that deliver, 

control, protect, and enhance the value of data and information assets throughout their lifecycles 

"(DAMA International, 2017, p. 17). This definition does not only imply how the technical aspect 

of data should be managed but also from a business perspective and people perspective to 

manage data throughout the entire lifecycle. Thus, data governance is more about the people's 

perspective and who makes what decisions. In contrast, data management is more about what 

is needed to bring the decisions into business (Dyché & Levy, 2006; Hagmann, 2013; Khatri & 

Brown, 2010; Otto, 2013). 

In conclusion, metadata is crucial to effective data governance by facilitating data discovery, 

understanding, and quality control in organizations (Pomerantz, 2015). However, metadata 

management presents challenges in terms of capturing, organizing, and preserving correct and 

consistent metadata (IEEE, 2020; Loshin, 2015; Sundarraj & Rajkamal, 2019; van Helvoirt & 

Weigand, 2015). The implementation of defined metadata standards and models assists in 

addressing these challenges while also promoting interoperability and consistency (Aamot, 

2022; IEEE, 2020; Yan et al., 2022). Data governance is essential for organizations to keep 

control and responsibility over their data assets, implement policies and procedures, and ensure 

compliance (DAMA International, 2017). Data governance is concerned with decision-making 

and responsibility, whereas data management is concerned with the technical and business 
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elements of data handling throughout its lifecycle (DAMA International, 2017; Dyché & Levy, 

2006; Hagmann, 2013; Khatri & Brown, 2010; Otto, 2013). Effective data governance 

approaches require both data governance and data management (DAMA International, 2017). 

Organizations may improve the reliability, usefulness, and overall data quality of their data 

assets by recognizing the value of metadata, adopting standardized methodologies, and building 

effective data governance frameworks. 

 

2.5 Summary and conclusion 

The theoretical background emphasizes the critical significance of metadata representation in 

organizational data governance and data quality. Metadata is an important component that 

provides context, description, and structure to data assets. It functions like a catalog, making it 

easier to find and identify relevant information. Organizations can collect essential elements that 

assure optimal storage, preservation, and accessibility of their data using descriptive, 

administrative, and structural metadata. 

Standardized metadata representation is critical for effortless data exchange, collaboration, and 

comparison across domains and organizations. Standardized metadata supports successful data 

integration, knowledge discovery, and informed decision-making by fostering consistency and 

interoperability. Technologies such as relational databases, XML, and Linked Data help to 

structure and standardize metadata storage and sharing, increasing its usefulness and value. 

However, challenges arise as a result of the lack of structured and standardized metadata usage, 

as well as human interaction-related issues. These challenges emerge in the capture, 

organization, and retention of correct and consistent metadata, resulting in fragmented efforts 

and unsatisfactory consequences. 

Moreover, existing studies on metadata, data governance, and data quality predominantly focus 

on either one of these topics separately (as mentioned in the literature reviews by Abraham et 

al. (2019), Timmerman & Bronselaer (2019), and Ulrich et al. (2022)). Subsequently, the semi-

literature review (Appendix I: Design of the literature review) has selected seven articles for 

metadata representation, seven articles for metadata & data governance, and twelve articles for 

metadata & data quality. This highlights the understudied field of the topics. Finally, due to the 

understudied topics, it is difficult to establish a conceptual framework. 

As a result of the lack of structured and standardized usage and the human interaction-related 

problem, and the understudied fields, the research will explore how organizations represent 

metadata and how this affects data governance and data quality. This leads to the following 

research question: 

"How could the representation of metadata affect data governance and data quality in 

organizations?" 
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In conclusion, the theoretical background highlights the significance of metadata representation 

in data governance and data quality. The adoption of structured and standardized metadata 

practices is crucial for organizations to improve their data governance practices, enhance data 

quality, and harness the full potential of their data assets. By addressing the challenges related 

to metadata usage, presentation, and human interaction, organizations can establish effective 

data management frameworks and ensure the successful integration of metadata within data 

governance and data quality initiatives. 
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3. Methodology 

This chapter provides an overview of the steps taken to conduct this thesis. First, the reasoning 

for the research method is explained. Secondly, the process of data collection is presented. 

Finally, an overview is given of how the data is analyzed. 

 

3.1 Research Method 

This study uses a qualitative approach throughout the research. The qualitative approach has 

been chosen because of the nature of the research question, “How could the representation of 

Metadata affect Data Governance and Data Quality in organizations?” as mentioned in the 

Problem Statement and Theoretical Background; the literature on the topics of metadata 

representation combined with data governance and data quality is limited and still developing, 

which necessitates an exploratory approach.  

Exploratory research is used when the topic is understudied or new to a field (Birkinshaw et al., 

2011; Mills et al., 2009; Yin, 2018). As addressed in the Problem Statement and Theoretical 

Background, the topics Metadata Representation & Data Governance, Metadata Representation 

& Data Quality are understudied and do not have sufficient literature to define a conceptual 

framework. The majority of the studies in relation to this - such as data governance, data quality, 

and metadata and its representation - are (i) limited to one of the three fields or (ii) too broad 

(Abraham et al., 2019; Timmerman & Bronselaer, 2019; Ulrich et al., 2022). Thus, this study 

aims to contribute by integrating these three topics. 

To answer the research question, this study requires analyzing multiple cases to define a 

conceptual framework. This is an exploratory multiple-case study (Mills et al., 2009; Yin, 2018). 

According to Yin (2018), there are three conditions to adopt a case study as the research 

method; (i) the form of the research question is ‘How’ or ‘Why’; (ii) it does not require control 

over observable events; and (iii) the focus of the research lies on the early past and present 

event. The research question checks the first condition, starting with ‘How’. Secondly, the 

research does not require controlling the events, but rather the opposite, because the 

information must come from interviewees willing to provide input for this study. Lastly, the focus 

of this research is based on recent and current events. The form of a multiple case study is 

chosen because the data gathered from multiple cases is often more liable, implicating that the 

multiple case study is more robust (Yin, 2018).  

As mentioned, this research has an exploration focus. Mills et al. (2009), states that an 

exploratory case study aims to explore an unknown (or understudied) concept. An exploratory 

case study would benefit from cases that have dealt with the research topic (Mills et al., 2009). 

In this study, those topics are Metadata Representation & Data Governance and Metadata 

Representation & Data Quality. To find and create a conceptual model based on multiple cases, 

this research chooses the Grounded Theory approach. The utilization of the Grounded Theory 
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approach aims to generate new theories and enhance the existing knowledge within the field. 

Exploratory studies have multiple benefits. Among these are: (i) exploring understudied and new 

areas to generate new insights, hypotheses, and ideas; (ii) requiring fewer resources and smaller 

sample size; (iii) providing the groundwork for follow-up research (Cuthill, 2002; Eisenhardt, 

1989; Salkind, 2010; Streb, 2010; Taylor et al., 2002).  

The Grounded Theory approach is used to generate new theories and contributes to the existing 

knowledge in the field, initially developed by Barney Glaser & Anselm Strauss in 1967 (Mills et 

al., 2009). Later versions of Grounded theory were added (Strauss & Corbin, 1998) that 

Grounded Theory leads to a set of relationships that provide a plausible reason for the subject 

of their study, connecting multiple facts logically, practically, and pragmatically. In addition, it 

can reveal the hidden or the unrecognized (Mills et al., 2009). Many qualitative studies use 

Grounded Theory and have shown its usefulness in modernist and interpretative schools (Bryant 

& Charmaz, 2007; Locke, 2001; Morse, 2016; Yamazaki et al., 2009). To read more about the 

modernist and interpretivist, see the work of Mills et al. (2009). The Grounded Theory approach 

has been developed and changed over the years by multiple authors and has formed three main 

views (Charmaz, 2000, 2016): (i) constructivist; (ii) objectivist; (iii) postpositivist. This research 

uses a constructivist view because of its nature which emphasizes the subject matter being 

studied and views the collection of data and analysis as being a product of relationships and 

experiences that are shared with participants (Bryant, 2002, 2003; Bryant & Charmaz, 2007; 

Charmaz, 1990, 2000, 2006). Different organizations are chosen to gather data, assuming each 

organization has different viewpoints. The relationship with participants is expected to be of 

importance. In contrast to the constructivist view, the objectivist view does not view data 

collection and analysis as a product of relationships and experiences shared with participants. 

Instead, they see themselves as objective analysts (Charmaz & Belgrave, 2012). At last, the 

postpositivist view aims at contributing new theories to the field of study (Charmaz & Belgrave, 

2012), which this study does not aim for. Instead, provide a deeper understanding of the topic 

and insights for future research. This study is highly exploratory and interpretative, which is 

suitable for using the Grounded Theory (Charmaz, 2000, 2016; Charmaz & Belgrave, 2012).  

 

3.2 Data Collection 

Unit of Analysis 

The unit of analysis for this study is the effect of metadata representation in organizations on 

data governance and data quality. The organizations differ and operate in multiple industries, 

from financial services to production. As mentioned in the Problem Statement, there is no 

standard use of metadata. Therefore, it is expected that each organization represents its 

metadata differently. To generalize the findings, finding organizations operating in different 

industries is essential.  



3. Methodology 

 
M. Coenraads – 651492 / 2077024  33 

 

Data sources 

Primary source 

Interviews 

Yin (2018) states that to increase the validity of the research, different perspectives of 

organizations should be gathered to have different perspectives on the topic. This research has 

conducted multiple interviews with six organizations and nine experts. The participants’ job 

functions ranged from the strategic level to the operational level. Therefore, the validity of the 

research is strengthened by the different perspectives that have shed light on the focus of this 

research.  

This study uses semi-structured interviews as the primary resource for data collection. Using 

interviewing offers an interpretive analysis of the gathered data and the ability to ask follow-up 

questions during the interview (Charmaz & Belgrave, 2012; Mills et al., 2009). Despite the 

interview having an in-depth semi-structured format of open-ended questions, there were 

several side steps from these questions during the interview. The interviews were conducted 

online and on-site at the organization's premises. The interviewees have been identified through 

Clever Republic and personal networks. The interviews were recorded on-site through the audio 

recording app and online through the inbuild recording function of the meeting program. The 

interviews were conducted in Dutch or English. The language depended on what the 

interviewees' language was. The Dutch interviews have been translated into English since the 

primary language of this thesis is English.  

The interview was structured as follows. The interview started with some initial questions, 

followed by intermediate questions, and at the end finalizing questions (Charmaz & Belgrave, 

2012). 

(i) Initial questions: 

These questions are used to gather information about the participant, related to their 

job position, and have an open starting point (Charmaz & Belgrave, 2012). 

(ii) Intermediate questions: 

These questions are aimed explicitly at the core concepts in the study: (a) Metadata; 

(b) Metadata Representation; (c) Data Governance; (d) Data Quality. The questions 

will provide the participants' views on the topics and an understanding of how the 

topics are implemented in the organization. 

(iii) Finalizing questions: 

The questions at the end are used to transition the conversation back to normal 

(Charmaz & Belgrave, 2012).  

See Appendix II: Interview structure for all interview questions and Table 11 for the rationale. 

Secondary source 

This research used desk research as a secondary resource to gather relevant information for this 

study. Academic articles, books, and web pages from newspapers, government agencies, and 
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standards organizations were used to gather secondary information. Appendix I: Design of the 

literature review shows the selection process of articles used in the Theoretical Background.  

 

Case Selection 

Yin (2018) states that to conduct a multiple case study, the design of the cases should follow 

replication. This is comparable to conducting multiple experiments, where the conditions should 

be almost identical. He states that the cases should be selected carefully so that all cases comply 

with at least one of the following conditions:  

(i) Predicting the same results (literal replication). 

(ii) Predicting opposite results but for foreseen reasons (theoretical replication).  

This research focuses on the first condition as the second condition will be less likely to be 

achieved, due to the exploratory nature of this research. Therefore, the organizations and cases 

are selected carefully to have as many similarities as possible to estimate this before conducting 

the research.  

The approach of case selection is important when conducting qualitative research (Robinson, 

2014). Robinson (2014) mentions in his article that the Grounded Theory, among other 

qualitative methods, uses interviews as their main data source. Therefore, the cases were 

selected using the four-point approach to qualitative sampling created by Robinson (2014). The 

four-point approach consists of: 

(i) Defining a sample universe.  

(ii) Deciding the size of the sample.  

(iii) A purposive sampling strategy.  

(iv) Sourcing sample.  

See Appendix III for the definitions and key points of the approach.  

Sample universe 

The cases used in this thesis are all cases that were selected through inclusion and exclusion 

criteria. By having inclusion and exclusion criteria, the sample can be reduced (Luborsky & 

Rubinstein, 1995; Patton, 1990). Robinson (2014) states that the more inclusion and exclusion 

criteria there are, the more homogenous the sample universe is. On the contrary, for this 

research, a heterogeneous sample is required since this research focuses on Metadata 

Representation in different organizations and uses the Grounded Theory approach to answer the 

research question (Strauss & Corbin, 1998). Robinson (2014) states that the rationale for a 

heterogenous sample is that it would be more generalizable if there were overlapping findings. 

See Appendix IV for the graphical sample universe used in this study.  
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As mentioned above, organizations have to meet certain criteria to be selected. The inclusion 

and exclusion criteria the organizations have to meet are: 

Inclusion criteria 

- The organization fits the ‘large organization’ terms provided by the Ministerie van 

Economische Zaken en Klimaat (2021). They state that a large firm has employed over 

250 FTE; or 

The net sales are over €50 million, and a more than €43 million balance sheet. 

- The organization is working with metadata. 

- The organization utilizes data governance. 

- The organization has data quality measures. 

- The organization operates in the Netherlands but is not limited to the Netherlands. 

Exclusion criteria 

- The organization is not an SME. 

 

Size of the sample 

The sample size represents the number of cases that should be used in the case study to gain 

saturation and reach generalizable conclusions. In Grounded Theory, saturation is reached when 

no more contributions to the analysis are found (Strauss & Corbin, 1998). This research has 

conducted nine interviews at six organizations.  

Sampling strategy 

There are two main sampling strategies: (i) random/convenience sampling; and (ii) purposive 

sampling. Random sampling is selecting random cases from the sample universe. This is mainly 

used in opinion polls and social research surveys (Robinson, 2014), which is not used in this 

research. Convenience sampling is choosing cases within the interviewer's reach and with willing 

participants (Robinson, 2014). Purposive sampling is the non-random selection of cases from 

the sample universe that are important to select, according to the researcher (Robinson, 2014). 

There are different types of purposive sampling; one is theoretical sampling, which is used in 

this study. Theoretical sampling is associated with the Grounded Theory method (Robinson, 

2014).  

Sourcing sample 

Sourcing a sample is recruiting participants for the study. The participants were found and 

selected through Clever Republic B.V. and my network. The participants were contacted through 

email, LinkedIn, and by phone. Six organizations and nine people were willing to participate in 

the research.  
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Sample 

All organizations were granted full anonymity. Therefore, the participants and the organizations' 

names are completely anonymized. The organization names are named ‘Organization X,’ where 

‘X’ is a letter of the alphabet. See Table 1 for information on how the organizations are referred, 

the function of the interviewees, and the date when the interview was conducted. If there are 

more interviewees from an organization, the interviewees are referred to as ‘X[number].’  

Table 1 - Interview information 

Organization ID Job Function Date (2023) 

 A1 Head of Data Management 15th of May 

Organization A A2 Data Governance Specialist 24th of May  

 A3 Data Governance Lead 31st of May 

Organization B B1 Data Quality Manager 16th of May 

 B2 Jr. Business Consultant 25th of May 

Organization C C Data Analyst 23rd of May 

Organization D D Data Engineer 24th of May 

Organization E E Data Governance Lead 26th of May 

Organization F F Product Owner Metadata Management 31st of May 

The following section briefly describes the organizations, the interviewees, and why the 

interviewee is relevant to this research. 

Organization A 

Organization A grew from a small company to a globally operating company today. Their main 

activities include providing the leasing of cars. A few years ago, they focused more on their 

digital department area, which has led to a strategy for their digital parts. Three participants 

have been interviewed from organizations A. Interviewee A3's job function is the Data 

Governance Lead. Interviewee A3 is operating between A1 and A2. The different levels at which 

the interviewees are operating will contribute to providing a broader view of the concepts used 

in this thesis.  The job function of interviewee A1 is the Head of Data Management. 

Interviewee A1 has experience as a developer and went to the business side working as a 

business analyst. Interviewee A1 is relevant to this research due to its experience in operations 

as well as the strategic level of the organization.  Interviewee A2 is working as a Data 

Governance Specialist. Interviewee A2 has experience in different fields in an analyst role. 

Interviewee A2 is working daily with metadata in his role. This is useful for creating a view based 

on daily operating tasks. 

 

Organization B 

Organization B is a major pension administrator and asset manager. They provide pension 

administration and advice, and responsible asset management services. The organization has 

over 450 employees working in the Netherlands. Two participants have been interviewed from 
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organization B.  Interviewee B1 is the Data Quality Manager and has worked for the 

organization for six and a half years. Interviewee B1 has experience in the risk management 

field. To fulfill this task, interviewee B1 relies on data to fulfill his tasks. Currently, the tasks are 

more at the tactical and strategic level. Thus, the answers will contribute to this level of the 

concepts.  Interviewee B2 is a Junior Business Consultant. B2 works daily with aligning 

and practicing metadata. This is useful for creating a view based on daily operating tasks. 

Organization C 

Organization E is an online grocery delivery service that offers consumers affordable groceries 

delivered directly to their residences. Customers can place orders via the app or website, and 

their groceries are delivered to their doorstep. Popularity has increased due to the service's 

innovative approach and commitment to customer experience.  Interviewee C is working 

with data daily in the role of Data Analyst. The answers provided a view of the concepts in an 

organization that has focused on its digital infrastructure since it was founded.  

Organization D 

Organization D is a reputable insurance and asset management organization with over 16.000 

employees worldwide. They provide an extensive selection of insurance products, pension plans, 

investment options, and banking services to meet the requirements of individuals and 

businesses.  Interviewee D is a Data Engineer, working daily with data and data 

warehouses. Interviewee D has experience in different organizations as a Data Engineer. The 

experience with data warehouses interviewee D contributes to this research. 

Organization E 

Organization E organizes the supply chain of a worldwide beer brand. Their supply chain is part 

of the overall holding. It starts with the procurement of high-quality ingredients and advances 

to the production of beer in sophisticated breweries. Logistics and distribution are also a priority, 

as warehouses and distribution centers are strategically located. This supply chain guarantees 

their beer production, distribution, and delivery without delays. This is all based on data, which 

must be governed and of high quality.  Interviewee E is the Data Governance lead 

within the supply chain branch in the Netherlands. Interviewee E has experience with data 

analysis and then became interested in the data governance field. 

Organization F 

Organization F is a technology organization in the semiconductor industry. The cutting-edge 

organizations’ equipment enables them to be a world leader. This organization plays a crucial 

role in advancing the semiconductor industry. Currently, they have over 35.000 employees in 

locations worldwide.  Interviewee F is the product owner of metadata management.  
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3.3 Data Analysis 

 

“You need to get lost before you can get found.” 

(Gioia, 2004, p. 103) 

 

This study used an inductive approach to analyze the data. The above quote represents the 

feeling when the interview data was being analyzed. A quote from Yin (2018) mentions “playing 

with the data” (p. 169) to understand and find concepts and patterns in the data. This could lead 

to the first step of getting insights from the data. This aligns with the Grounded Theory approach 

(Glaser & Strauss, 1967; Strauss & Corbin, 1998; Yin, 2018).  

Understanding the steps taken to analyze the data requires a structured approach. This structure 

is outlined as follows: (i) Information about how the interviews were recorded and transcribed 

is given; (ii) The coding process and the program used to code the interviews.  

First, Microsoft Word automatically transcribed the audio. Then the transcription was read over 

with the audio playing next to it to adjust words that were not transcribed correctly. Coding the 

interview has been done using the program ATLAS.ti4. This software is widely known for its tool 

to help coding in qualitative data analysis. The software is also called Computer-Aided Qualitative 

Data Analysis Software (CAQDAS) (Friese, 2016).  

Before analyzing the interviews, a coding strategy had to be set up. Gehman et al. (2017) 

compared three major approaches to qualitative theory building. The approaches were from (i) 

Gioia et al. (2012); (ii) Eisenhardt et al. (2016); and (iii) Langley (1999). This research used the 

first approach from Gioia et al. (2012) to some extent. The approach is helpful for the 

interpretative Grounded Theory approach (Gehman et al., 2017; Gioia et al., 2012). The 

approach emerges around the idea that the interaction with the world is based on social 

constructs (Berger & Luckmann, 1967; Schutz, 1972; Weick, 1979).  

Since the recent introduction of AI models, the world has started to use and implement the 

models in different ways. ATLAS.ti has also used this opportunity. Their beta feature, AI coding5, 

can help with the coding process of the interviews. This feature decreases the time spent on the 

coding of the interviews. This study used AI coding to start the coding process. This is viewed 

as line-by-line coding in the approach of Gioia et al. (2012). After the AI coding, 298 codes were 

grouped into nine category codes. Since 298 codes were too many to have a good overview and 

some were almost identical. Codes that were set in the paragraphs from the interviewer were 

deleted. They resulted in 275 codes. 

 

 

 
4 See their website for more information https://atlasti.com/  
5 See this webpage for information about ATLAS.ti AI coding 

https://atlasti.com/
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Subsequently, three category codes were found to be of no value from the nine category codes. 

The category codes were Referencing, Research Methodology, and Attention to detail. 

Referencing and Attention to Detail were deleted because the codes did not seem to add insight. 

Research Methodology was deleted because the codes were mostly coded in questions and 

answers of the interviewer. See Appendix VI for the three categories with their sub-codes. The 

codes were replaced if they seemed to fit with those existing in the remaining category codes. 

Next, codes were created in a group called ‘Section’ to indicate the text sections of the structure 

of the interview. These were all added to the quotations. In total, five sections were created: (i) 

Metadata general; (ii) Metadata Representation general; (iii) Metadata Representation in DG; 

(iv) Metadata Representation in DQ; and (v) Finalizing.  

Secondly, the synonyms or almost identical codes were grouped and merged. This resulted in 

147 different codes spread over five category codes (the section category codes are only used 

for structure purposes). Table 2 provides an overview of the categories and their groundedness. 

Groundedness is the sub-code distinct counter quote when the sub-codes have been coded 

(ATLAS.ti, n.d.). The unique codes can be seen in ATLAS.ti with their groundedness for each 

category code.  

The provided answers from the interviews were analyzed through the four main concepts in this 

study: metadata, metadata representation, metadata & data governance, and metadata & data 

quality. The codes per section were compiled to create first-order concepts. Each theme that 

resulted from the analysis of the provided answers were assigned to one another. This resulted 

in five high-over categories (See Table 14, Table 15, Table 16, Table 17, and Table 18 in 

Appendix VIII: Categories and themes to data structure). The unique codes per category have 

been deduplicated. The codes per category were divided into groups of codes, and the first-order 

concepts were made from these groups of codes. The second-order themes were derived from 

these concepts. Finally, the second-order themes have been aggregated into three dimensions: 

(i) Improving understanding; (ii) Data proficiency; and (iii) Data Governance Lifecycle. 

Categories. (See Table 19 for the first-order concepts, themes, and dimensions in Appendix VIII: 

Categories and themes to data structure). In Figure 2 in the Discussion, the data structure can 

be seen. 

Table 2 - Category codes with Groundedness 

Category code Groundedness 

Data management 152 

Technology 105 

Personal and organizational development 71 

Clarity/understanding 66 

Business management 53 

Data quality 28 
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Validity and reliability 

This research has adopted multiple strategies to ensure the validity and reliability of the results. 

Respondent validation, together with Clever Republic the participants were selected for the 

research. As mentioned earlier in the unit of analysis and data sources section, multiple views 

of organizations and participants have been captured in the research to generalize the findings 

over the sample universe. Finally, the results have been presented in a session with multiple 

employees of Clever Republic, where the results have been found of practical relevance. 

According to Backman & Kyngäs (1999), in the Grounded Theory, the results can be validated 

by experts who are not part of the research. The employees of Clever Republic have not been 

interviewed. 

 

Summary of the methodology 

This chapter has outlined the reasoning for the chosen research methodology, the Grounded 

Theory approach. The method of data collection and what samples have been selected was 

presented. The samples have been selected through the four-point approach of Robinson (2014). 

Finally, the process of data analysis has been provided. To some extent, the approach of Gioia 

et al. (2012) has been used to analyze the interview data. In the next chapter, the results from 

the interviews will be given. This will be done in the structure of the interview. The results start 

with the rating questions. 
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4. Results 

This chapter will present the results found in the analysis of the interviews. The chapter has the 

structure of the interviews that were conducted. The answers from participants will be “quoted” 

and put in italic. Next, all participants have a corresponding ID, as seen in Table 1. For each 

interview section, codes have been created. See Table 3 for the section and codes. The quotes 

will be referred to as ‘X[number].[code]. 

Table 3 - Interview sections with codes 

Section Code 

Personal information P 

Company information C 

Metadata general MD 

Metadata representation general MDR 

Metadata representation in data governance MDRDG 

Metadata representation in data quality MDRDQ 

 

The outline of the results will be presented as follows. First, the questions with ratings will be 

presented. Then, metadata in the view of the participants is given. Subsequently, a view on 

Metadata Representation is provided. Finally, the representation of metadata in a data 

governance and data quality context with the definitions provided by the interviewees of data 

governance and data quality is given.  

 

4.1 Rating questions 

This section provides the results from the six rating questions asked during the interviews. The 

results are outlined in Table 4. A high number means more use or a better rating for that part, 

whereas a lower number means less or a lower rating. The questions were: 

1. To what extent do you have to deal with metadata in your current role? (range 1-6) 

2. To what extent do you see metadata as a beneficial asset to your organization? (range 

1-6) 

3. To what extent would you rate your organization to be data-driven? (range 1-6) 

4. How does this rate compare to your competitors? (range 1-6) 

5. Do you feel your organization makes sufficient use of potential information? (range 1-6) 

6. How important is metadata in your organization? Could you rate this? (range 1-6) 

Table 4 - Results of the rating questions 

Question/ 

Participant ID 

Q1 Q2 Q3 Q4 Q5 Q6 

Participant A1 3 5 4 4 3 4 

Participant A2 6 4 5 4 5 3 

Participant A3 - - 4 - - 3 
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Participant B1 4 5 3 5 3 5 

Participant B2 4 5 3 5 4 5 

Participant C 6 6 6 - 5 6 

Participant D 5 6 3 4 3 3 

Participant E 4 6 3 4 3 3 

Participant F 4 - 4 - - - 

Average 4,5 5,3 3,9 4,3 3,7 4,0 

 

A few questions were not answered or asked during the interviews. This was due to time 

constraints or interruptions and the semi-structured nature of the interview to have the interview 

be more of a conversation. Therefore, some participants have a dash in their row. Specifically, 

participants A3 and F have multiple dashes in their rows. This was due to the time constraint of 

45 minutes and the choice to focus on different questions. The following paragraphs provide 

deeper insight per question. 

 

Q1. To what extent do you have to deal with metadata in your current role? (range 1-6) 

This question was asked to see how much the participants' position had to deal with metadata 

and to find if there were any relations between the answers given and the position.  

 

First of all, what is seen is the lowest number given by participant A1. A1 mentions that they do 

not call out managing their metadata. They see it more as a byproduct of gaining information 

out of data. 

“We don't do that. No, we do it as a kind of fallout from a byproduct of the fact that we're 

focusing on data relevance” – A1.P 

Participants A2 and C both give the use of metadata the highest number. Participant A2 

mentioned the use of metadata in his daily tasks.  

“Yes then it is a 5 or a 6. I mean, I'm obviously just dealing with a daily one. Yes a daily with 

metadata working to connect it, but also to make sure it. That is verified, or it just gets put 

down in the right. What is it called? Yes in the right place, yes.” – A2.P 

Participant C mentions the use of a data warehouse every day. 

“…Just indicated at those fact and dimension tables that is metadata for you.” – Interviewer 

with C 

“So, did I understand a little? Yes, and but in Maybe the general, the data warehouse we really 

use Everyone every day super much.” – C.P 
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Other participants mentioned that they use metadata ranging from some extent to daily. It was 

found that participants have different views of metadata and responded with this in mind. In the 

last questions is asked for their definition. The average for question one is 4.0. 

Q2. To what extent do you see metadata as a beneficial asset to your organization? (range 1-6) 

This question was asked to capture the participants' view of the importance of metadata in their 

organization. This is particularly useful for the view of participants in the same organization.  

Organizations A and B provided multiple participants. Organization A has one response missing. 

However, participant A3 states in P, “…I live and breathe metadata, and when I say metadata, 

more on the business metadata than more on the technical metadata…” This implies A3 greatly 

uses metadata in their daily tasks and sees it as a valuable asset. In organization B, participants 

rate the same number (five) for metadata as a beneficial asset. All other participants also rate 

metadata as a beneficial asset for their organization. Participant F did not mention a number. 

However, F speaks about assets in general and then the value of data and metadata as an asset. 

“Yes, I don't think there's a company where metadata has no value [….]. The word asset 

suggests that something has a value, doesn't it? Asset Management is therefore of course also 

possible. To invest In the financial world, so assets that are you have assets and liabilities, so 

things of value [….]. Statements like data are an asset, aren't they? So it has value, because it 

has yes, it has a lot. Intrinsic meaning of how you run your company and what goes on in your 

company, eh? So all your products and customers and suppliers are represented in that data. 

In other words, all processes depend on them. Data and your information provision to be able 

to control depends on data and that. Is is is data, so to speak. The raw material with which 

you generate your end product from your business processes, in other words. Absolute data is 

an asset, metadata are assets [...]” – F.C 

Question two has the highest average score of 5.3.  

 

Q3. To what extent would you rate your organization to be data-driven? (range 1-6) 

This question is asked to create insight into the data-drivenness of the organization. When 

looking at the numbers given, it is seen that there are more average numbers (3 and 4) than 

there are higher numbers.  

Participants mention that their organizations are average when it comes to data-drivenness. 

Participant E mentions data quality as an essential factor in being data-driven.  

“Yes, we use a lot of data. Without them realizing it and data driven means that you are also in 

control of the quality of your data and we are really not there yet. Only that a lot of People do 

not see that because they just take it for granted. They believe it and to really work data 
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driven means that you do indeed have full data dictionary and full data lineage mapped out, 

we are not there yet.” – E.C 

E.C mentions that people do not see that to go up on the data-driven scale, they have to be in 

control of the data and the quality of the data.  

Participant B1.C states that data-drivenness consists of three parts: (i) metadata, Data 

Governance, and Data Quality are in place and control; (ii) Data tooling is needed to align the 

first three; and (iii) Data culture/literacy is in place. Specifically, the latter costs energy and 

takes a while before it is in place. B1.C also mentions that it is different in the organization per 

department. This is something also mentioned by participant F:  

“[….] I don't think that's it the top priority is, but one of the many important capabilities within 

data management that absolutely need attention. And that realization is there. Not 

everywhere, because People who really who work in the supply chain and who only negotiate 

prices with suppliers and import duties. Et cetera that one. Are also constantly working on 

data, but they might claim that they are. That give me good vendor Data and product data and 

financial data and metadata management. [….]” – F.C 

Participant C.C defines their organization as highly data-driven because their focus was from day 

one at their data warehouse. This has increased their use of data.  

Because of the many average numbers of three and four, the average is 3.9. 

 

Q4. How does this rate compare to your competitors? (range 1-6) 

This question was asked to find how organizations that operated in the same industry thought 

about their data-drivenness compared to their competitors. No organizations are operating in 

the same industry. Therefore, this question is not  

The participants stated that it was a guess and not based on facts. When looking at the numbers, 

it can be seen that all numbers are four and above. Therefore, the average is 4.3. 

 

Q5. Do you feel your organization makes sufficient use of potential information? (range 1-6) 

Question five has the lowest average number, 3.7. Participants mention multiple statements for 

these lower numbers.  

“[….] there we do not make full use of data with the full potential that is in it and that has 

mainly with the data quality and also just conservative In the nature of the employee.” – E.C 

Participant E mentions that the potential information is not reached if the data quality is 

incorrect. E also mentions the nature of employees that are still too conservative. 
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“I think Maybe a 2.5 or so or or 3. Of the 6. Yes, I think it's quite a lot being done with it 

already, but the possibilities are just endless, I guess. I think much more is possible. And yes, 

now with that one. Yes with the data we have now. Yes, we do have a number of sources in it 

now, but there is still years of work to be done, say to get everything in and then you can 

really link even more data and get even more value from it. Yes, we are not there yet, so to 

speak.” – D.C 

Participant D states that the years of work there still need to be done to fill the data warehouse. 

This decreases the use of data for potential information.  

“[….] And I think the more you make your data transparent, the how, the more you find out 

that there's actually a lot more of us, so. My point of view, is that? Yes that is. That we're not 

making the most of it yet, so I always think we're using that data, but not yet in an efficient 

way.” – B2.C 

Participant B2 outlines the use of data in an efficient way. B2 also mentions the transparency of 

data to create insight. Participant B1.C also mentions the availability of the data.  

 

Q6. How important is metadata in your organization? Could you rate this? (range 1-6) 

This question was asked to understand the importance of metadata in the organization given in 

the participants' view.  

“[…] so from my perspective that's very important and well a 5 or so of that per scale of 6. But 

it's not going to be like that, I think by Everyone seen, so It's just like? I think a lot of People 

will ask, okay, what is that metadata? […..]” – B1.MD 

From the perspective of participant B1, metadata is essential. However, when the whole 

organization is in scope, the rate decreases to three.  

“Just strive towards. Four you're never going to get you’re you're kind of the North Star or. But 

yeah, we. We should strive towards being at least 4.” – A3.MD 

“And and and. How do you think it's right? It's a three or less.” – Interviewer with A3 

“Given the size of [COMPANY NAME]. I would say. We are. Yeah, three. If we're looking from 

the [COMPANY NAME] whole.” - A3.MD 

Participant A3 sees that metadata does not yet have the awareness it needs. The same holds 

for participants B1 and A2.  

“Yes and the awareness, so how important they think it is to say yes how important is 

metadata for your organization. if You ask me is Of course. 6 nothing is more important than 

almost more important than that. That is especially when something breaks or when you have 
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to do impact analysis. If you really need to go back and look at your data to see what's 

actually happening […] you're super happy that you have that metadata, […] it's just keeping 

an eye on what's going on huh? Data should not be a Black box, you just have to know exactly 

what is happening with all the key data you have. Not all the data you have, that's nonsense, 

but all the key data you have just know what happens to that?” – A2.MD 

Participant A2 also points out the need for metadata when something breaks or there is a need 

for tracking. A2 also mentions the insight into critical data and what is happening with it.  

“[…] I'm mainly about more the definitions of Some data. Where we often use a lot of different 

names for the same thing, so It's more about the vocabulary around a not so much data, but 

also just even machine names. We have a lot of different names for that and that's already 

metadata. [….] actually they all mean the same thing and That's all metadata. Things are 

already going wrong at that level, which makes it very difficult. Each time you have to switch 

between different samples. As it were. And, you see that across the board. That there is no 

unambiguous definition there. English, Dutch mixed together. So yes, yes, it's a bit of chaos.” 

– E.MD 

Participant E mentions the description and vocabulary of data that is important. Everyone knows 

what an object is called in different systems. 

 

4.2 Metadata 

This section provides the results for the metadata-related questions. One of the questions was 

the definition of metadata in the view of participants. Not all experts have the exact definition 

of metadata. The themes found for the section ‘Metadata general’ are given in the following 

paragraphs. Finally, the view of the participants is given. 

First, the codes related to the code ‘Section: Metadata general’ were filtered. This resulted in a 

list of 66 different citations. The codes that have been assigned to these citations were grouped 

into themes. The codes that occurred three times or more have been used to create themes. 

See Table 5 for the themes with the most important codes. 

Table 5 - Themes for 'Metadata general’ 

Theme Participant ID Codes 

Lack of clarity A3; B1; B2; C; D; E • Clarity/Understanding: Confusion 

• Clarity/Understanding: Uncertainty 

• Clarity/Understanding: Difficulty 

understanding 

• Data Management: Data literacy 

• Clarity/Understanding: Ambiguity 

• Personal and Organizational 

Development: Inefficiency 
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Recognition/Awareness A1; A2; A3; B1; B2; 

C; E  

• Data Management: Importance of 

metadata 

• Personal and Organizational 

Development: Awareness 

• Data Management: Importance of 

data 

• Clarity/Understanding: Clarifying 

• Data Management: Recognition of 

metadata 

Data Management A1; A2; A3; B1; B2; 

C; D; E; F 

• Data Management: Data 

management 

• Data Management: Data analysis 

• Data Management: Data governance 

• Technology: Technical expertise 

• Business Management: Business 

processes 

Metadata type A1; A2; A3; B1; C; 

E ;F 

• Technology: Metadata 

• Business Management: Business 

metadata 

• Technology: Technical metadata 

Data type A2; A3; C; E; F • Data Management: Data privacy 

• Data Management: Data Quality 

 

The citations can be found in Appendix VII. This is done to create a clear overview and not have 

many citations in the main text. Behind the paragraph’s headings, the count of participants that 

mention the codes is given. 

 

Lack of clarity (Participants = 6) 

A3.MD highlights the need for guidelines or a defined strategy for managing metadata. A3.MD 

underlines the importance of understanding what metadata is for an organization, what the value 

of it is, and why it is important. A3.MD also highlights the risks of assuming of knowing what 

they do without the right guidelines and standards. This indicates the need for an organized 

approach to metadata management. 

E.MD underlines the importance of describing data accurately and the establishment of good 

ownership and relationships. E.MD states that from the beginning, data quality should be 

monitored, making the right adjustments and ensuring the right system integration. E.MD 

acknowledges that the scope of metadata has an impact on the quality of data. E.MD suggests 

that by making effective use of metadata and providing clear definitions, metadata can have a 

positive influence on data quality. 

All participants highlighted the lack of clarity and a defined strategy for metadata management. 

A3.MD emphasizes ensuring effective metadata management, guidelines, compliance with 
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standards, and clear direction is needed. E.MD highlights the importance of understanding 

metadata has a role in data quality and emphasizes the need for advanced planning and clear 

data descriptions. Both emphasize the importance of clarity, standards, and proactive 

approaches to achieve effective metadata management and improve data quality. 

 

Recognition/Awareness (Participants = 7) 

E.MD points out that there is a lack of standard metadata language and unclear data definitions. 

This leads to confusion and difficulties in metadata management. The ongoing struggle to act 

when there are metadata-related challenges is also mentioned. 

In contrast, A1.MD recognizes that the awareness of metadata has been growing. A1.MD 

describes this as a concept that needs to be captured. A2.MD elaborates on the importance of 

awareness in understanding the role of metadata for managing key data and avoiding the black 

box phenomenon. This indicates a change to recognize the need for transparency and knowledge 

of data processes.  

A3.MD highlights the different layers of metadata management. A3.MD highlights the importance 

of closing the gap between the technical and business metadata. A3.MD also mentions that 

technical metadata is often seen to be easier to deal with than business metadata. A3.MD 

emphasizes the need for efforts to help people to understand the value of metadata and what 

the implications are for the business.  

The participants highlight the recognition and awareness of metadata. Despite the recognition 

of the importance of metadata, there still remain challenges in terms of vocabulary, definitions, 

and closing the gap between technical and business metadata. The findings highlight the need 

to increase awareness, education, and efforts to communicate the value and importance of 

metadata at different layers of the organization. 

 

Data Management (Participants = 9) 

A2.MD mentions the need for transparency in data management because they have to be aware 

of what is happening with their key data. B2.MD further highlights the importance of metadata 

in dealing with the exponential growth of data since metadata supports structuring and providing 

insight into the enormous amount of data. A2 and B2 both emphasize the increasing role of 

metadata in today’s data-driven world. 

A3.MD recognizes the role of metadata management in the field of privacy issues such as GDPR 

and personally identifiable information (PII). Metadata can help with identifying and managing 

PII data. A3.MD also highlights the importance of metadata management in the storage and 

deletion of data.  
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F.MD and A2.MD emphasize that metadata management should focus on addressing specific 

pain points and solving problems rather than trying to capture all data. This highlights the 

importance of a focused metadata management strategy and stresses the importance of 

identifying domains where metadata management has the most impact. 

All the participants highlight that managing data can be done effectively through metadata. This 

includes the understanding of key data, structuring metadata to deal with the growth of data, 

managing compliance and privacy issues, and handling specific pain points for effective metadata 

management. The insights from these observations will increase the understanding of data 

management within the metadata framework and support the formulation of resilient data 

management strategies. 

 

Metadata type (Participants = 7) 

Different participants mention the different types of metadata. They categorize metadata into 

two categories: technical and business metadata.  

A3.MD mentions the need to split metadata to increase understanding and to find out where it 

adds value. A3.MD also highlights the need to implement data governance tools and metadata 

management practices to assure control and create an audit trail with data. This expresses the 

need for operationalizing metadata management to ensure effective data governance. 

B1.MD also highlights the distinction between technical and business metadata. B1.MD mentions 

that business metadata is about the meaning, quality, and data governance aspects of data. In 

contrast, technical metadata is more technical information, such as storage and information 

systems. The aforementioned points highlight the understanding of the different forms and 

application areas of metadata. 

F.MD explores the topic of metadata, covering its descriptive aspect as well as its manifestations 

in data models, error logs, and operational metadata. F.MD emphasizes the significance of linking 

business and technical metadata, as well as the challenges. In addition, F.MD recommends the 

use of trusted datasets as a solution to the need for data governance and trust in an era of 

complex data landscapes. 

The participants demonstrate the variety of metadata. The perspectives range from categorizing 

metadata into business and technical categories to understanding the distinctions between 

various information kinds. The findings emphasize the growing significance of metadata in data 

governance, data quality, and building confidence in complex data settings. 

 

Data type (Participants =  5) 

E.MD evaluates their previous concept of metadata, which was seen primarily as labels and 

descriptions for fields and files. In recent years, E.MD has come to appreciate the greater 
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broadness of metadata and sees it as a discipline that requires the involvement of a Chief Data 

Officer. E. MD’s attention has switched to the function of metadata in data quality, particularly 

in guaranteeing accurate and reliable data. 

C.MD examines the difficulties and changes that arise with handling data types. When definitions 

change, C.MD mentions the need to rebuild data models. For example, when modifying 'orders' 

to 'delivery.' C.MD also emphasizes the significance of data lineage or tracking data changes 

over time. C.MD also underlines the rising necessity of data security and privacy, especially in 

light of GDPR regulations. As the organization grew, it became more cautious and vigilant about 

restricting access to personal information and sensitive data, emphasizing the ethical and privacy 

concerns involved. 

The participants highlight the evolving understanding of data types, especially with regard to the 

comprehensive role of metadata. The perspectives range from viewing metadata as labels and 

descriptions to recognizing its impact on data quality, GDPR compliance, data retention, and 

privacy. The citations highlight the challenges in aligning data models with changing definitions 

and the increasing importance placed on data security and privacy in an organization. 

 

Metadata definition 

The definition of metadata was asked during the interview. Below are the definitions provided 

by the participants.  

- A1.MD states that metadata is capturing information about the data models, data 

elements, and domains. It also involves gathering a lot of information about those data 

elements, which can be considered metadata. 

- B1.MD first provides the broader definition: data about data. Then mentions that it can 

be categorized into different types, such as business metadata, which focuses on the 

meaning, quality, and data governance aspects of data. Technical metadata concerns the 

technical storage of data and information systems, while operational metadata relates to 

processing details and data access in systems. 

- C.MD defines metadata as the information around an object. C.MD mentions as an 

example, imagine a picture, the picture itself is the data and the information about the 

picture is the metadata, such as when and where the picture was taken.  

- A2.MD states that metadata is the combining of data and its description. A2.MD explains 

that it’s information about the data, like the structure, format, and relationships between 

the data. As an example, A2.MD mentions that metadata can provide details about table 

names, column names, and more that will help in understanding the data. 

- D.MD defines metadata from a data engineering perspective. D.MD states that metadata 

represents the description of data, which includes the columns, data types, nullability, 

and other characteristics that define the data. 

- B2.MD defines metadata as information about data that is relevant and provides insights 

into the data. It includes various types of information related to data, both physical and 

conceptual, and plays a crucial role in facilitating data discovery and understanding. 
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- E.MD mentions that metadata can also include data quality scores, which provide an 

indication of the reliability of the data. However, assigning scores can be complex as it 

depends on the relationship between the data and its usage. 

- A3.MD states that metadata can be divided into business metadata and technical 

metadata. Business metadata helps people understand the meaning and value of data, 

while technical metadata focuses on the technical details and supports data governance 

activities. 

- F.MD defines metadata as descriptive data that provides a deeper understanding of the 

underlying data. It can take different forms, including data models, error logs, and the 

relationship between business metadata and technical metadata. The focus is on linking 

and aligning the business perspective with the technical aspects of data. 

 

4.3 Metadata Representation 

This section provides the results for the metadata representation related questions. One of the 

questions was the view of participants against the representation of metadata. Not all experts 

had the same view. In the next paragraphs the themes found for the section ‘Metadata 

Representation general’ are given. Finally, the view of the participants is given. 

First, the codes that were related to the code ‘Section: Metadata Representation general’ were 

filtered. This resulted in a list of 45 different citations. The codes that have been assigned to 

these citations were grouped in themes. The codes that occurred two times or more have been 

used to create themes. See Table 6 for the themes with the most important codes. 

Table 6 - Themes for 'Metadata Representation general’ 

Theme Participant ID Codes 

Understanding the data A1; A2; A3; B1; 

B2; E 

• Clarity/Understanding: Confusion 

• Clarity/Understanding: Uncertainty 

• Clarity/Understanding: Ambiguity 

• Technology: Technical Jargon 

(Meta)Data 

Management 

A1; A2; A3; B2; C; 

D; E ; F 

• Data Management: Data management 

• Business Management: Business 

processes 

• Data Management: Metadata 

Management 

• Personal and Organizational 

Development: Teamwork 

Organization: Old VS 

New system 

A1; A2; A3; B1; C; 

D; E;  

• Personal and Organizational 

Development: Awareness 

• Data Management: Data capture 

• Technology: Legacy systems 

• Personal and Organizational 

Development: Efficiency 

Data Management: 

Tools 

A1; A2; B1; B2; C; 

D; E; F 

• Data Management: Data modeling 

• Technology: Programming 

• Technology: Technical expertise 
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• Technology: Technology 

• Data Management: Data cleaning 

• Technology: AI 

• Technology: Tooling 

 

Understanding the data (Participants =  5) 

A2.MDR emphasizes the need of making metadata descriptive and accessible to a wide audience, 

with an emphasis on keeping them understandable and avoiding technical jargon. This implies 

an emphasis on ensuring that metadata is user-friendly and easily understood by business users. 

E.MDR explores the challenges of making additional actions or data details visible. E.MDR 

suggests that such information be made available only upon particular request, as it may need 

people using unfamiliar tools. This suggests a cautious approach to providing access to additional 

metadata information. E.MDR also references Collibra, a data management application, and its 

purpose of making data easily searchable. However, E.MDR acknowledges that users must still 

know what they are looking for and be able to efficiently utilize the tool, drawing a similarity 

with how Google search requires precise terms and the user must choose which results to click 

on. 

Participants highlight the significance of making metadata descriptive, understandable, and 

accessible to a broad audience. It also recognizes the difficulties in providing access to extra 

metadata details, as well as the need for user familiarity with tools and search methods. The 

references indicate an emphasis on usability and the purpose of enabling people to understand 

and explore metadata in order to gain an improved understanding of the underlying data. 

 

(Meta)Data Management (Participants =  8) 

B2.MDR emphasizes the importance of extracting value from metadata and advocates for 

extensive information and data acquisition that provides concrete benefits. However, simplicity 

is still important because the goal is to make metadata straightforward and easy to understand 

for business users. The emphasis is on clearly explaining the data and assisting users in 

comprehending its purpose and limits. Focusing on user-friendly metadata presentation is critical 

for promoting its successful use. 

E.MDR discusses the challenges and potential improvements in metadata management, 

particularly in the context of employing Collibra. E.MDR emphasizes the importance of properly 

integrating metadata with data consumption and input processes. In an ideal world, relevant 

information appears directly next to the data, maybe via augmented reality overlays or context-

specific tooltips. This strategy seeks to reduce the number of activities required by users to get 

metadata, making it more accessible and seamlessly integrated into their processes. The 
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overarching goal is to create a data ecosystem in which users can easily retrieve and use 

metadata in order to improve data quality and decision-making processes. 

A3.MDR highlights the significance of creating awareness and promoting understanding of 

metadata inside organizations. A3.MDR proposes illustrating the usefulness and relevance of 

metadata management with specific use cases. Organizations can promote a data literacy culture 

by including metadata management into these use cases and showing its impact. This method 

assists people in recognizing the importance of metadata in supporting data quality, analytics, 

and decision-making processes, hence driving metadata management practice adoption and 

acceptability. 

F.MDR highlights the tooling element of metadata management, identifying Collibra as a 

regularly utilized platform within their organization. F.MDR also acknowledges the presence of 

various metadata management approaches, such as Azure Purview and SAP HANA Cloud. 

Collibra, on the other hand, stands out due to its enterprise-wide scale and sophisticated data 

modeling capabilities. The ultimate goal is to deliver a unified front-end experience for 

consumers while properly handling the underlying complexity of metadata storage and modeling. 

Participants emphasize the significance of effective metadata presentation in data management. 

The primary themes identified include the requirement for simplicity, integration with data 

consumption processes, increasing awareness through use cases, and selecting appropriate 

metadata management technologies. By addressing these issues, organizations can improve the 

usability and utility of metadata, resulting in better data interpretation, quality, and decision-

making across the enterprise. 

 

Organization: Old VS New (Participants =  7) 

A2.MDR emphasizes the necessity of using logical naming standards and descriptions to make 

information easier to understand, particularly for business users. This strategy tries to involve 

businesses in the data environment by providing explicit metadata that allows users to 

comprehend data flow and operations. E.MDR addresses the desire to integrate metadata close 

to to the consumption or input of data. In a comparable way, suggesting the use of augmented 

reality or overlays to provide immediate details about the data being viewed or inserted. These 

perspectives emphasize the need for user-friendly and contextualized metadata representation. 

A3.MDR highlights the use of specific use cases and roadshows to raise metadata awareness and 

its value inside the company. The goal is to foster a change in mindset and encourage metadata 

adoption throughout the company by demonstrating the value of metadata management in use 

cases and increasing data literacy. This method recognizes the importance of metadata in 

enhancing data literacy and overall data management practices. 

B1.MDR, on the other hand, specifies Collibra as a tool for unambiguously capturing metadata 

and connecting it to architecture models. The emphasis here is on metadata consolidation and 
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selecting appropriate technologies to pull together metadata from various sources. This stresses 

the importance of certain metadata management technologies in enabling appropriate metadata 

organization and display. 

Participants highlight the importance of logical and clear metadata presentation, close 

integration with data consumption or input, awareness, and the use of proper metadata 

management systems. Organizations may increase data understanding, decision-making, and 

general data literacy by taking these factors into account. 

 

Data Management: Tools (Participants =  8) 

E.MDR highlights Collibra's collaborative character, viewing it as a library where multiple users 

can collaborate on data. However, issues have been raised about usability and user experience, 

implying that the tool should be made more accessible. E.MDR also advocates for the 

incorporation of metadata into data consumption, as well as the use of augmented reality and 

overlays to provide real-time information on data viewed or entered.  

B1.MDR, on the other hand, concentrates on Collibra's role in gathering metadata and linking it 

to architectural models. To successfully gather metadata, the emphasis is on selecting the right 

tools. B1.MDR emphasizes the need of metadata aggregation for successful data management 

by recognizing the significance of selecting the correct tools. 

A1.MDR highlights Collibra's status as the leading metadata management technology that is 

widely utilized in regulated industries. It acts as a hub within businesses, allowing users to search 

for specific data and learn about data ownership and systems. The necessity for a centralized 

metadata management system is becoming apparent, which will contribute to improved data 

governance and organization-wide accessibility. 

F.MDR supports several types of metadata representation, such as simple list views and 

visualizations. While Collibra is considered as a reliable and consistent representation tool, F.MDR 

prefers more appealing and current capabilities for diagrams. The significance of striking a 

balance between consistency and complexity in metadata models is highlighted as well so that 

the average end user can effectively understand and use metadata. 

The participants explain how Collibra acts as a metadata management solution. In order to 

achieve efficient metadata management, they emphasize the need of teamwork, usability, 

integration with data consumption, and accurate representation. Furthermore, the complexity 

challenges and the need to balance consistency and accessibility in metadata models are 

underlined. 
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View of Metadata Representation 

The view of the representation of metadata was asked during the interviews. These are the views 

provided by the participants.  

- A1.MDR states that the representation of metadata involves establishing a centralized 

hub within the organization, such as Collibra, where anyone can access information about 

data ownership, systems, and other metadata attributes. 

- B1.MDR mentions that the representation of metadata includes capturing and defining 

business terms, data elements, data quality requirements, and critical data through a 

dictionary, glossary, and control framework. 

- C.MDR states that representing metadata varies depending on the purpose and audience. 

It can range from SQL queries and dashboards to analytical tools, and customized 

presentations. 

- According to A2.MDR metadata representation aims to provide a logical and 

understandable structure for data, focusing on logical names and descriptions rather than 

technical details. 

- D.MDR states that the representation of metadata often is done in digital formats like 

JSON, CSV, or Excel files, which describe tables, data types, and configurations. 

- B2.MDR mentions that metadata representation should be simple, intuitive, and valuable, 

enabling clear interpretation of data and its capabilities. 

- E.MDR states that the representation of metadata can be enhanced through augmented 

reality or overlay features, providing relevant information about data directly where it is 

consumed or entered. 

- A3.MDR mentions that the representation of metadata requires creating awareness, 

conducting roadshows, and showcasing use cases to demonstrate the importance and 

value of metadata management. 

- F.MDR states that metadata representation exists in various forms and should be 

preserved to ensure data literacy and support data-driven decision-making within an 

organization. 

 

4.4 Metadata Representation in a Data Governance context 

This section provides the results for the data governance metadata representation related 

questions. One of the questions was the view of participants against the representation of 

metadata in a data governance context. Not all experts had the same view. In the next 

paragraphs the themes found for the section ‘Metadata Representation in DG’ are given. Finally, 

the view of the participants is given. 

First, the codes that were related to the code ‘Section: Metadata Representation in DG’ were 

filtered. This resulted in a list of 83 different citations. The codes that have been assigned to 

these citations were grouped in themes. The codes that occurred two times or more have been 

used to create themes. See Table 7 for the themes with the most important codes. 
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Table 7 - Themes for 'Metadata Representation in Data Governance' 

Theme Participant ID Codes 

Understanding A1; B1; B2; C; D; 

E 

• Clarity/Understanding: Confusion 

• Clarity/Understanding: Uncertainty 

• Clarity/Understanding: Unclear 

• Technology: Difficulty 

• Technology: Technical constraints 

Organizational 

management 

A1; A2; B1; B2; C; 

D; E; F 

• Personal and Organizational 

Development: Accountability 

• Business Management: Organization 

governance 

• Business Management: Risk 

management 

• Personal and Organizational 

Development: Compliance 

• Business Management: Organizational 

structure 

• Business Management: Business 

processes 

• Business Management: Workflow 

processes 

• Technology: Organization 

Data Management 

and Tooling 

A1; A2; A3; B1; C; 

D; E 

• Data Management: Data Management 

Tools 

• Data Quality: Data Quality Control 

• Technology: Tooling 

• Data Management: Data analysis 

• Data Management: Data capture 

• Data Management: Data classification 

• Data Management: Data visualization 

• Technology: APIs 

Privacy A3; B2; C; D  • Data Management: Data privacy 

• Technology: Privacy 

Data Management 

and Quality 

A1; A2; A3; B1; C; 

D; F 

• Data Management: Data modeling 

• Data Management: Data Quality 

• Technology: Technical requirements 

• Data Quality: Data quality assurance 

Metadata 

Management 

A1; A2; A3; B1; C; 

D; E; F 

• Technology: Metadata 

• Personal and Organizational 

Development: Awareness 

• Business Management: Business 

adoption 

• Data Management: Importance of 

correct data definitions 

• Data Management: Metadata 

cataloging 

• Data Management: Metadata 

Management 
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Understanding (Participants =  6) 

B1.MDRDG emphasizes the many data management positions inside the firm, such as data 

stewards and data owners. Despite the fact that B1.MDRDG acknowledges that they are only 

responsible for data management in their role, B1.MDRDG emphasizes the existence of several 

functions that contribute to good data management. The question is how these roles interact to 

carry out their different responsibilities. B1.MDRDG also highlights the shift in data management, 

acknowledging that it has occurred in stages. To establish what data management was, there 

was manual labor and collaborative brainstorming at first. Consultants were even considered for 

providing a data dictionary. However, it is acknowledged that purchasing a solution does not 

entirely meet the need for company-wide ownership and understanding. The value of time and 

the ability of individuals to go through the process of taking ownership of data management are 

both emphasized. Instead of relying entirely on external solutions, the organization must 

embrace data management. 

B2.MDRDG explains the distinction between data governance and data management. B2.MDRDG 

defines data governance as policies and guidelines that describe how data should be stored and 

the specific needs required for compliance. On the contrary, data management is defined as the 

application and enforcement of these policies. This quotation emphasizes the viewpoint that data 

governance establishes the rules, while data management ensures that the rules are obeyed. 

The participants provide a sense of the organization's understanding of data management. The 

roles and collaboration of data stewards and data owners are considered crucial to efficient data 

management. The progress of data management, as well as the importance of internal ownership 

and comprehension, are also emphasized. Finally, the sources distinguish between data 

governance and data management, emphasizing the importance of policies and their application 

in efficiently managing data. 

 

Organizational management (Participants =  8) 

C.MDRDG considers the difficulties of organizing cross-functional efforts across teams, 

particularly with regard to data warehouses and production systems. The challenge is keeping 

track of data management practices across the company. This emphasizes the importance of 

efficient coordination and collaboration in order to achieve uniform data management methods 

across teams and systems. 

A1.MDRDG defines the data governance team's tasks and stresses the distinction between 

governance and operational management. The team organizes workshops to bring together data 

owners for talks on topics such as data definitions. A1.MDRDG is also responsible for defining 

rules, standards, and frameworks, as well as assuring data ownership and accountability. In 

addition, A1.MDRDG facilitates training to increase data management principles understanding. 
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This highlights the functional component of data management and the data governance team's 

role in its implementation. 

B1.MDRDG emphasizes the significance of organizing data governance inside the organization. 

This includes identifying responsibilities and resolving any potential problems. The aim is to 

provide a framework that ensures correct data management while also integrating with the 

organization's processes and protocols. The focus is on establishing and administering data 

governance in a way that fosters efficient and effective data management methods. 

C.MDRDG underlines the need of showing data access and sensitivity. A clear and visible 

depiction of who has access to sensitive data can help with monitoring and control. This 

emphasizes the significance of metadata in providing insight into data use, access, and 

compliance, and so helping to successful data management. 

A2.MDRDG emphasizes the importance of an organization having the correct data, processes, 

and accountable people in place. It is essential for good data management to ensure that the 

data matches with the needs, operations, and protocols of the organization. A2.MDRDG 

emphasizes the significance of responsibility and accountability in data management. 

D.MDRDG highlights the importance of metadata in data compliance and management. Metadata 

allows you to specify desired data parameters, allowing for targeted data retrieval and regulatory 

compliance. D.MDRDG emphasizes the importance of metadata in establishing data compliance 

and efficient data management techniques. 

B2.MDRDG connects data governance to compliance and the obligation to preserve specific 

metadata components in order to meet the requirements of regulatory organizations such as the 

Dutch Data Protection Authority. This remark emphasizes the significance of metadata in 

ensuring regulatory compliance and legal requirements associated with data governance. 

F.MDRDG discusses the concept of 'governance' in data governance. The term was originally 

connected with bureaucracy and compliance but has now developed to include involvement and 

accountability. It is considered a beneficial feature of efficient data management since it requires 

individuals to take ownership and responsibility for data. The importance of participation and 

awareness in governance is underlined, emphasizing the need to involve stakeholders and 

develop a data management culture inside the company. 

The participants shed light on several elements of organizational management within the context 

of data governance. They discuss cross-functional cooperation problems, data governance team 

roles and responsibilities, the necessity of metadata for compliance and data access control, and 

the shifting perception of governance as an active and accountable practice. 

Data Management and Tooling (Participants =  7) 

A1.MDRDG believes that focusing too much on tooling, where data governance is solely about 

setting up and linking tools like Collibra, is a potential issue. The essential essence, however, is 
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in data governance itself, in employing tools as instruments rather than as the center. To 

effectively assist governance, E.MDRDG highlights the significance of capturing roles, 

responsibilities, and other critical factors in a tooling system. 

A1.MDRDG brings up another problem about monitoring, which can be difficult in data 

governance. Although data governance analysts can develop norms and standards, data 

ownership remains with the appropriate business units. It becomes clear that coordination and 

clear communication between data governance teams and business units are required. C.MDRDG 

highlights the significance of structured metadata representation, particularly for distinguishing 

and controlling sensitive information. 

B2.MDRDG acknowledges Collibra's significance for showing lineages of data and departmental 

connections but observes that text-based information predominates. To successfully categorize 

and represent metadata, A3.MDRDG recommends employing relevant tools and combining them 

with cross-application and business intelligence solutions. 

Participants emphasize the importance of data management and metadata representation tools 

in data governance. It is critical to achieve a balance between employing tools as resources and 

focusing on data governance. The effective use of tools and organized techniques improves 

governance standards, simplifies monitoring, and provides visualizations that aid in the 

understanding and management of data assets. 

 

Privacy (Participants =  4) 

C.MDRDG highlights the importance of customer data sensitivity and the requirement for a 

structured approach to distinguish and preserve unique information, such as a customer's 

address or household composition. Clear structures and metadata provide for effective 

governance to ensure privacy compliance and data management. 

C.MDRDG also underlines the importance of showing access rights to sensitive data. A clear 

visual representation of who has access to what data enables improved management and control 

of data use, promoting accountability and privacy compliance. B2.MDRDG further highlights the 

need for specific metadata storage to meet Data Protection Board privacy regulations. 

D.MDRDG adds that while end users and administrators may be interested in technical metadata, 

it plays a significant role in data management. Technical metadata, which may not be sensitive 

in and of itself, provides valuable information about the data and enables efficient data 

management. Access to metadata becomes critical when it comes to answering data-related 

questions, such as finding missing tables or columns and requesting data changes or additions. 

In general, the participants emphasize the relevance of privacy issues in metadata 

representation for data governance. They stress the importance of structured approaches, clear 

visualizations of access rights, and the inclusion of relevant metadata to ensure compliance, 
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protect sensitive information, and make data available to the right people at the right time for 

the right reasons, all while maintaining data security. 

 

Data Management and Quality (Participants =  7) 

D.MDRDG emphasizes the importance of managing data flow and maintaining data quality while 

conforming to relevant regulations. This emphasizes the significance of creating processes and 

policies to properly manage and ensure data quality. 

B1.MDRDG defines the methodical process to capture metadata, beginning with business term 

definitions in a dictionary or glossary and progressing to data elements and other information 

such as quality requirements. The availability of key data frameworks, techniques, and 

regulations emphasizes the necessity of metadata in supporting data governance activities. 

A2.MDRDG outlines ongoing work on logical data models and logical quality criteria in the 

procurement area. The goal is to create a link between logical quality standards and data 

properties within the model. This highlights the desire to link quality rules at several levels, 

influencing physical data and encouraging data governance across the data lifecycle. 

F.MDRDG offers an example of a smaller-scale implementation of data governance. Even with 

limited resources, such as a glossary recording critical information about data objects, appointing 

responsible individuals, and encouraging cooperation, significant progress toward data 

governance objectives can be made. This demonstrates the significance of metadata in 

promoting knowledge sharing, control, and order inside a company. 

Participants highlight the importance of metadata in data management and quality within the 

context of data governance. Metadata supports the creation of data definitions, captures critical 

information about data elements and their related rules, and facilitates the connection of logical 

and physical data. Organizations may improve data governance procedures, maintain data 

quality, and efficiently manage their data assets by leveraging metadata. 

 

Metadata Management (Participants =  8) 

F.MDRDG mentions a smaller financial institution that established a data board (or data 

governance board) to stimulate conversations about data-related difficulties and foster 

information exchange. They began by compiling a dictionary or catalog of data definitions, 

places, and standards. This modest solution enabled greater data control and organization, 

demonstrating that metadata is important even in the early phases of data governance. 

B1.MDRDG highlights the value of metadata in guiding data quality and delivering precise 

definitions to intended recipients. Metadata allows for the monitoring, measurement, and 

assurance of data quality, which is especially important for crucial data. It becomes difficult to 

efficiently manage and govern data without sufficient metadata. 
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D.MDRDG states that metadata is important not only for compliance but also for supplying 

precise datasets tailored to individual requirements. Metadata enables data selection based on 

predefined criteria, ensuring that the desired data is retrieved and that service level agreements 

(SLAs) or data license agreements (DLAs) are followed. Metadata is becoming increasingly 

important for data handling and compliance. 

A2.MDRDG emphasizes the need for metadata in efficient data governance implementation. 

Without metadata, it is difficult to properly apply data governance rules, and knowing the amount 

or context of the data becomes difficult. Metadata offers the context and information required 

to assist data governance efforts. 

All of the participants highlight the importance of metadata in data governance. Metadata offers 

effective control, compliance, evaluation of data quality, and data selection based on predefined 

criteria. Even in the early stages of deployment, it serves as a guiding force for data management 

and governance. 

 

Definition of Data Governance 

The definition of data governance was asked during the interview. These are the definitions 

provided by the participants.  

- A1.MDRDG defines data governance as the operational management of data, including 

sessions to discuss data topics, definitions, and working on policies, standards, 

frameworks, ownership, responsibility, and training. 

- B1.MDRDG states that data governance involves structuring and organizing how data is 

dealt with in a company. 

- C.MDRDG states that data governance focuses on ensuring data quality, accuracy, 

reliability, and controlling access to data. 

- A2.MDRDG emphasizes that data governance is about how procedures and roles within 

an organization ultimately affect data, ensuring that the right data is available to keep 

processes running smoothly. 

- D.MDRDG states that data governance is related to managing the flow of data, 

maintaining data quality, and complying with rules and regulations. 

- B2.MDRDG defines data governance as the policy that outlines how data should be stored 

and the descriptions and requirements needed to comply with certain standards. 

B2.MDRDG also mentioned that data management is more about adhering to the policy 

- E.MDRDG states that data governance is about setting up roles and responsibilities within 

an organization to ensure data quality, covering all necessary tasks and processes. 

- A3.MDRDG defines data governance as making data fit for purpose with the right level of 

controls, security, availability, and ensuring it is accessible to the right people at the right 

time. 

- F.MDRDG first mentions that data governance had a bureaucratic sense. However, today 

it is seen as a positive engagement. It involves taking accountability, setting standards, 

managing data quality, and appointing responsible individuals within the organization. 
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4.5 Metadata Representation in a Data Quality context 

This section provides the results for the data quality metadata representation related questions. 

One of the questions was the view of participants against the representation of metadata in a 

data quality context. Not all experts had the same view. In the next paragraphs the themes 

found for the section ‘Metadata Representation in DQ’ are given. Finally, the view of the 

participants is given. 

First, the codes that were related to the code ‘Section: Metadata Representation in DG’ were 

filtered. This resulted in a list of 88 different citations. The codes that have been assigned to 

these citations were grouped in themes. The codes that occurred two times or more have been 

used to create themes. See Table 8 for the themes with the most important codes. 

Table 8 - Themes for 'Metadata Representation in Data Quality' 

Theme Participant ID Codes 

Understanding A1; A3; B1; B2; C; 

D; E; F 

• Clarity/Understanding: Clarifying 

• Clarity/Understanding: Confusion 

• Clarity/Understanding: Uncertainty 

• Clarity/Understanding: Unclear 

• Business Management: Business 

glossary 

• Data Management: Data definition 

• Personal and Organizational 

Development: Challenges 

Managing quality of 

data 

A1; A2; A3; B1; B2; 

C; D; E; F  

• Data Management: Data management 

• Data Management: Importance of 

accurate data 

• Data Quality: Data quality assurance 

• Data Quality: Data Quality Control 

• Business Management: Business 

processes 

• Business Management: Organization 

governance 

• Data Management: Data governance 

• Technology: Documentation 

• Technology: Organization 

• Data Management: Metadata 

Management 

• Technology: Hierarchy 

• Data Management: Data privacy 

Insights from data A1; A2; A3; B1; B2; 

C; D; E; F;  

• Data Management: Data analysis 

• Technology: Tooling 

• Data Management: Data capture 

• Data Management: Data processing 

• Data Management: Data visualization 

• Data Management: Importance of data 

quality 
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• Data Quality: Data quality assessment 

• Technology: Analysis 

• Technology: Automation 

• Technology: Integration 

• Technology: Representation 

• Technology: Technology 

Data Quality 

measure 

A1; A2 ;A3; B1; C; 

D; E; F 

• Technology: Metadata 

• Technology: Technical expertise 

• Data Quality: Validity 

• Data Quality: Accuracy 

• Data Quality: Consistency 

• Data Quality: Reliability 

 

Understanding (Participants =  8) 

B1.MDRDQ highlights the importance of metadata in assessing the quality of a dataset, including 

information about its refresh rate, verification processes, and other important aspects. This 

understanding serves as the foundation for the next steps in data governance. Without 

metadata, understanding the nature of the data elements becomes challenging, and B1.MDRDQ 

advises that a dictionary and glossary are required to establish common agreements and 

definitions. 

C.MDRDQ agrees that metadata is critical to the formulation of rules for data quality 

assessments. Users can improve their knowledge of the data and evaluate its quality more 

effectively by utilizing metadata. As A3.MDRDQ emphasizes, understanding data quality involves 

a business perspective in addition to technical considerations. Organizations frequently place an 

undue emphasis on technological complexities while ignoring wider business objectives. It is 

critical to understand the purpose and goals of data governance. 

A3.MDRDQ goes on to say that metadata can help uncover potential data quality issues. While 

metadata is not data in and of itself, it does provide information on the industries, structure, 

and business rules that govern the data. This knowledge is useful for assessing and improving 

data quality. 

Furthermore, A3.MDRDQ states that metadata, particularly business metadata documented in a 

glossary of words, aids in the establishment of a single language throughout the firm. It 

promotes effective communication and a unified picture of data throughout the company. The 

proper capture and representation of metadata, whether done top-down or bottom-up, helps to 

achieve this enterprise-wide understanding. 

Participants emphasize the importance of metadata in understanding data quality. Metadata 

helps users to assess and express data quality attributes, aids in the development of quality 

check criteria, and adds to an organization-wide understanding of data. It facilitates efficient 

data governance by bridging the gap between technical elements and business objectives. 
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Managing quality of data (Participants =  9) 

To enhance understanding, trust, and correct decision-making, C.MDRDQ highlights the 

importance of explicit data structures and descriptions, as well as data reliability. B2.MDRDQ 

highlights the need for reliable data and excellent data quality, as low-quality data can lead to 

uncertainty and incorrect analysis. 

A1.MDRDQ emphasizes the relevance of metadata in capturing and portraying data quality; 

A1.MDRDQ describes the usage of Collibra for capturing metadata at the business and logical 

levels, as well as the application of data quality rules at the physical level. A2.MDRDQ 

emphasizes the need of linking data quality to metadata and understanding data reliability. 

A1.MDRDQ also suggests breaking down data quality into concepts and entities for greater 

comprehension and trust. 

E.MDRDQ highlights the link between data quality and business processes, emphasizing that 

data quality should correspond with the needs of diverse processes and not be limited to specific 

silos. F.MDRDQ also emphasizes the significance of examining data quality aspects such as 

accuracy, currency, completeness, and integrity, as well as choosing key data pieces for quality 

management. F.MDRDQ also emphasizes the difficulties of data quality management, such as 

the difficulty of rectifying and preventing errors caused by hidden logic and authorization issues. 

Participants also emphasize the importance of continuous improvement in data quality 

processes. D.MDRDQ emphasizes the necessity of creating processes for maintaining data 

quality and addressing concerns such as completeness. A3.MDRDQ highlights the importance of 

enterprise-wide standards and business-rule-based monitoring to provide a uniform language 

and consistency in data quality. D.MDRDQ also cites the transition from early data pipeline 

construction to an emphasis on quality checks and automation. 

Finally, the participants emphasize the importance of data quality management, the relevance 

of metadata, the relationship between data quality and business processes, and the need for 

continuous improvement. These insights provide helpful perspectives on the problems and issues 

involved in maintaining and improving data quality. 

 

Insights from data (Participants =  9) 

A1.MDRDQ highlights the difficulty of displaying data quality as a single number and proposes a 

more nuanced method by segmenting it into various data concepts and entities. Examining data 

quality on a per-entity level, such as leasing contracts or consumers, can provide a better 

understanding of the data's trustworthiness and accuracy. This method enables a more detailed 

evaluation, such as concluding that Brazil's contract data is 75% correct.  
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B1.MDRDQ acknowledges the availability of tools and frameworks inside the organization but 

emphasizes the lack of a centralized mechanism for data quality evaluation. The goal is to 

combine these tools into a centralized platform. The current situation includes the use of many 

instruments, but the goal is to finally bring everything together. This unification would provide 

a consistent perspective of data quality and streamline the monitoring process. 

A3.MDRDQ highlights the broad nature of data quality, noting that it must be "fit for purpose" 

and include enterprise-wide standards. Data quality is critical for developing a shared language 

and understanding across all business divisions. It underlines the significance of matching data 

quality with business standards and putting in place efficient monitoring methods. It is possible 

to create a consistent approach to data quality by converting business rules into data monitoring 

methods. 

A3.MDRDQ emphasizes the significance of metadata in building a shared language. A thorough 

vocabulary of words promotes shared understanding and harmonization within the company. 

The manner of gathering metadata, whether top-down or bottom-up, has an impact on the 

capacity to achieve a consistent, enterprise-wide view of data. 

The citations also discuss the methods used to analyze data quality and visualize it. A1.MDRDQ 

suggests using Collibra to display data quality test results. B1.MDRDQ, on the other hand, claims 

that Power BI is currently utilized to create dashboards and acquire insights from data 

monitoring. These technologies help enterprises to effectively monitor, assess, and analyze data 

quality. 

D.MDRDQ highlights the subjective sense of data usefulness and the link between good data 

quality and gaining more value from it. Data of poor quality is frequently made useless and 

serves no useful function. It recognizes the difficulty of dealing with low-quality data; as the 

phrase goes, "garbage in, garbage out." Nonetheless, organizations may maximize the value of 

their data and unlock potential insights by ensuring it is in the proper format and adhering to 

high data quality standards. 

A3.MDRDQ mentions data quality visualization through lineage and visualization methods. These 

visual representations show users exactly where data quality is being tested and provide a clear 

representation of the accompanying scores. Based on data quality assessments, such 

visualizations improve understanding and promote informed decision-making. 

Finally, A3.MDRDQ highlights the importance of alert systems that alert data stewards or owners 

when data quality goes below a predefined threshold. This ensures that actions may be taken to 

remedy any errors and maintain report integrity. This information should ideally also flow up to 

the reporting line, giving report owners confidence in the certification of their reports based on 

the observed data quality score. 

Participants emphasize the significance of metadata representation in data quality, as well as its 

function in building a common understanding, trust, and trustworthiness in organizational data. 
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They emphasize the importance of centralized tools, established processes, and visualizations in 

monitoring and assessing data quality. Organizations can maintain the integrity and usefulness 

of their data by prioritizing data quality and establishing alarm systems, resulting in improved 

decision-making capabilities and commercial outcomes. 

 

Data Quality measure (Participants =  8) 

F.MDRDQ emphasizes the significance of capturing metadata representation in a way that 

corresponds to end-user familiarity and preferred system interfaces. The objective is to easily 

integrate metadata tools into current programs. The objective is to deliver a uniform user 

experience and reduce the need for individuals to navigate numerous systems, resulting in 

increased productivity and user acceptance. 

A2.MDRDQ highlights the interdependence between metadata and data quality measurement. 

The intended data quality criteria and norms are defined using logical reasoning and then 

translated onto the actual data using metadata representation. The dependability and accuracy 

of the data can be checked and validated by associating metadata models with data quality tests. 

This link emphasizes the relevance of metadata in identifying the origins and dependability of 

data. 

According to A2.MDRDQ, the concept of data quality includes both completeness and 

correctness. It is insufficient for data to be correct if it is incomplete. Although a table with only 

10% of its data filled in is technically correct, it lacks relevant information. Both aspects influence 

the amount of reliability, and different characteristics contribute to data quality, such as 

adherence to stated norms and suitable formatting. To ensure accuracy, data quality 

measurements should ideally be performed as close to the data source as possible. 

The participants emphasize the importance of metadata representation in measuring data 

quality. The alignment of metadata tools with user interfaces and existing systems is critical for 

user adoption and efficiency. Furthermore, combining metadata models with data quality 

measurement allows for the assessment and verification of data reliability and accuracy. 

Organizations may improve their understanding of data quality and make educated decisions 

based on trustworthy and full data by considering both completeness and accuracy. 

 

Definition of Data Quality 

The definition of Data Quality was asked during the interview. These are the definitions provided 

by the participants: 

- A1.MDRDQ mentions that data quality is ensuring data is fit for its purpose. They use 

seven quality dimensions and have a separate team dedicated to data quality. 
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- B1.MDRDQ states that data quality is based on agreements between users and data 

suppliers, taking into account various data quality dimensions. 

- C.MDRDQ emphasizes the importance of clear data structure and modeling, along with 

clear field descriptions. C.MDRDQ also mentions the reliability of the data itself, ensuring 

that it is accurate and trustworthy. 

- A2.MDRDQ states that data quality involves both completeness and accuracy. It is 

essential that data meets expectations and is correct, with proper reliability and 

adherence to data standards. 

- D.MDRDQ highlights the usefulness of data as a measure of its quality. High data quality 

enables extracting more value from the data, while low-quality data is unusable. The 

source of data also plays a role in data quality. 

- B2.MDRDQ considers data quality in terms of compliance with requirements and 

dimensions such as availability, integrity, accuracy, and completeness. B2.MDRDQ 

emphasizes the usability and reliability of data. 

- E.MDRDQ states that data quality should be linked to the business processes that requires 

the data. It extends beyond individual silos and involves ensuring the accuracy and 

correctness of data across related processes and consumer-producer relationships. 

- A3.MDRDQ defines data quality as establishing common standards across the enterprise 

to ensure a shared understanding. Fit for purpose is a crucial aspect, and data quality 

should be driven by business rules and monitored accordingly. 

- F.MDRDQ defines data quality as ensuring that data meets self-imposed standards. It 

involves focusing on critical data elements and applying control based on various 

dimensions. Consideration is given to existing process and technology layers. 

 

4.6 Key points of results 

The key points of the results are outlined in this section.  

 

Metadata: 

- Participants recognized the value of metadata in data management and data quality. 

- There were calls for structured approaches and guidelines for effective metadata 

management. 

- Awareness and understanding of metadata's importance among participants were 

highlighted. 

- Clear definitions and bridging the gap between technical and business perspectives were 

identified as challenges. 

- Effective metadata management was crucial for data governance, transparency, 

compliance, and addressing pain points. 

- Business and technical metadata were distinguished, emphasizing their respective roles. 

 

Metadata Representation 

- Metadata representation should be user-friendly, intuitive, and accessible to a wide 

audience. 

- Metadata management tools like Collibra were highlighted for their usability and 

enterprise-wide scope. 
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Data Governance: 

- Data governance involves the operational management and organization of data within a 

company. 

- Roles, ownership, policies, standards, and responsibility are emphasized. 

- Data governance ensures data quality, accuracy, and reliability and controls access to 

data. 

- Data governance supports management, compliance, decision-making, and trust in 

complex data environments. 

- Metadata is critical in data governance, enabling control, data quality measurement, and 

compliance. 

 

Data Quality: 

- Data quality is defined as ensuring data is fit for its intended purpose. 

- Dimensions such as completeness, accuracy, reliability, and compliance contribute to 

data quality. 

- A clear data structure, modeling, and reliable data are essential for quality. 

- Data quality involves establishing common standards, adhering to data standards, and 

aligning with business rules. 

- Data usefulness and value are closely tied to high data quality. 

- Tools for data quality assessment and visualization, such as Collibra and Power BI, were 

mentioned. 

- Metadata is integral to understanding, managing, measuring, and improving data quality. 
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5. Discussion 

This chapter will discuss the results that have been provided in chapter four. Then, the definitions 

of the participants are interpreted and compared to the definitions used in this research. Finally, 

the implications, relevance, and limitations of this study are outlined.  

5.1 Data Structure 

First, the data structure (Figure 2) has been created from the results. This data structure consists 

of first-order concepts, second order themes, and dimensions. The results sections’ themes have 

been aggregated to create first-order concepts. Each theme has been assigned to one another. 

This resulted in five high-over categories. These are (i) Understanding, (ii) (Meta)Data 

management, (iii) Organization, (iv) Data management tools, and (v) Privacy. See Appendix 

VIII: Categories and themes to data structure, Table 14, 15, 16, 17, and 18 for the aggregated 

themes and codes. 

Figure 2 - Data Structure 
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Secondly, the unique codes per category have been deduplicated. The distinct codes per category 

were grouped, and the first-order concepts were created from these groups. See Figure 2Table 

19 for the first-order concepts. 

Third, the first-order concepts were combined and from this combination the second-order 

themes were created. See Appendix VIII: Categories and themes to data structure, Table 19 for 

the combined first-order concepts and second-order themes. 

Finally, the second-order themes have been aggregated into three dimensions: (i) Improving 

understanding; (ii) Data proficiency; and (iii) Data Governance Lifecycle. See Figure 2Table 19 

for the dimensions. 

The paragraphs below will elaborate on the themes in the dimensions. The participants will be 

mentioned according to their ID and section code. At the end of each theme, informal 

propositions are given based on the overall theme metadata representation. The propositions 

will be used for future research recommendations in chapter 6.  

 

5.2 Dimension I: Improving understanding 

This dimension comes from the two themes: (i) Understanding challenges and (ii) Business 

process improvement. The themes will be analyzed and discussed in-depth.  

Understanding challenges 

Understanding challenges is the first theme, which has led to the first dimension Improving 

understanding. In the sections below, the results will be analyzed that were obtained during the 

interviews in relation to understanding the challenges. The findings will be compared with the 

literature which has been discussed in chapter 2 Theoretical Background. On the basis of this 

comparison and the theme, a conclusion will be drawn, and a proposition will be proposed.  

One of the most significant challenges revealed by the participants' insights is the difficulty and 

confusion encountered when grasping metadata and its management (A3.MD, E.MD, 

B1.MDRDQ). This highlights the need for organizations to address this issue by providing clarity, 

guidelines, and standards that can assist individuals in efficiently navigating the complicated 

world of metadata. This challenge of understanding metadata has also been found in the 

literature review of Ulricht et al. (2022). They mention the human-interaction problem of 

understanding the metadata. Another problem they mention is related to structure, which means 

the lack of standard usage. Multiple studies highlight the importance of standardized metadata 

and its representation (Dai et al., 2021; Mandal et al., 2016; Melo et al., 2021).  

Another challenge is the difficulties involved with data literacy. Participants emphasized the need 

to make metadata clear, accessible, and understandable to a broad audience (E.MD, A2.MDR, 

E3.MDR, F.MDR). In metadata management and data governance, technical jargon presents a 

barrier (A2.MDR). Complex vocabulary makes it difficult for business users and non-technical 
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stakeholders to understand metadata and its implications (A3.MD, E.MD, A3.MDRDQ). 

Organizations need to foster data literacy efforts to overcome these issues that enable 

individuals to understand and use metadata properly. The above concludes that organizations 

must educate employees on various data concepts. In other words, they need to increase data 

literacy within the organization. Only when everyone, or everyone involved, understands the 

intended meaning of specific data and terms, data can be used to its fullest potential. Like 

Ackhoff's (1989) pyramid, employees must understand the intended meaning of specific objects 

and terms. A data glossary and a data dictionary are good examples to help understanding the 

concepts. Understanding the context gets us to the information we seek. Ultimately, by 

connecting the information, the right decisions can be made (Ackoff, 1989; Gartner, 2016). 

Participants highlight the significance of data definitions (E.MD, C.MD, A1.MDRDG, B1.MDRDG, 

F.MDRDG, B1.MDRDQ). Users can understand the nature and characteristics of the underlying 

data when data definitions are clear and well-defined. Using metadata dictionaries and glossaries 

to establish common agreements and definitions can help overcome the difficulty of correctly 

interpreting metadata and increase data understanding. Metadata dictionaries and glossaries do 

not only help with interpreting and the understanding of metadata, but DAMA International 

(2017) mentions that they also help with not losing the knowledge that is in the organization.  

The literature mentions another human challenge. Because of the limitations of the human brain, 

the brain needs help remembering things (Gartner, 2016; Mayer, 2003). This is where metadata 

comes into the picture. As the results and literature indicate, metadata should be presented in 

a clear, accessible, and understandable way so that non-technical individuals and business users 

can understand them. Representation Theory (RT) can be used to help present the metadata 

and make it understandable. RT has four assumptions on how information is communicated:  

(i) RT can communicate meaning through symbols, and humans can obtain meaning from 

these symbols (Wand & Weber, 1995). 

(ii) Information systems intend to represent someone’s or a group's view of the real world 

(Wand & Weber, 1995). Wand & Weber (1993) and Burton-Jones & Grange (2013) reason 

that computerized representations provide a more efficient way to learn about the world 

than observations. This leads to the design of information systems. 

(iii) Stakeholders can express their meaning about events that are of interest to them 

(Burton-Jones et al., 2017). 

(iv) Users expect that an information system has more value when it represents a true view 

of the real world (Weber, 1997). 

When examining these assumptions in the light of the literature and results, the following can 

be concluded:  
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• The first assumption is that communication of meaning through symbols is a simple and 

understandable way to extract meaning. This can be used to present (meta)data to non-

technical and business users.  

• Secondly, it can be seen in the second assumption that information systems intend to 

represent someone’s or a group’s view of the real world. The participants mentioned that 

this should be done clearly, easily, and friendly. 

In conclusion, the participants and literature emphasize the problems and ambiguity of metadata 

management and data governance. They highlight the difficulties of data literacy, the need for 

data definitions, and the need to avoid technical jargon. By addressing these issues, businesses 

can improve understanding, increase data literacy, create clear data definitions, and effectively 

represent metadata to allow efficient metadata management and data governance procedures. 

Thus, the suggested proposition is: 

Proposition 1: Understanding the challenges has a positive effect on the representation of 

metadata. 

 

Business process improvement 

Business process improvement is the second theme, which has led to the first dimension 

Improving understanding. In the sections below, the results will be analyzed that were obtained 

during the interviews in relation to business process improvement. The findings will be compared 

with the literature which has been discussed in chapter 2 Theoretical Background. On the basis 

of this comparison and the theme, a conclusion will be drawn, and a proposition will be proposed.  

From the results, C.MDRG highlights the emphasis on coordination and collaboration across 

teams and systems, which underscores the importance of streamlining and optimizing business 

processes. Effective coordination ensures consistency in data management processes throughout 

the organization, eliminating redundancies, reducing errors, and enhancing overall efficiency. 

Organizations can establish clear responsibilities and standards by establishing effective data 

governance frameworks, resulting in easier data flows and better decision-making. It has been 

indicated by Aamot (2022), IEEE (2020), and Yan et al. (2022) that standards for metadata 

contribute to a standardized framework for organizing and managing metadata, thereby 

improving operability and consistency across systems and domains. 

The data governance team, as mentioned by A1.MDRDG, plays an important role in business 

process improvement. The data governance team helps the adoption of data management 

concepts and practices by arranging workshops, developing rules and standards, and assuring 

data ownership and accountability. These actions foster a data-driven culture within the 

organization, with business processes aligned with data requirements and regulations 

(B1.MDRDG). Furthermore, training initiatives can help employees better comprehend data 
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management concepts, allowing them to make more informed decisions and contribute to 

process development.  

Some participants have noted the incorporation of metadata into corporate operations provides 

useful insights about data access, sensitivity, compliance, and legal needs (A2.MDRDG, 

B2.MDRDG, C.MDRDG,, D.MDRDG). Organizations may effectively monitor and control data 

usage by exploiting metadata, guaranteeing compliance with relevant rules and securing 

sensitive information. This level of visibility and control allows firms to make better informed 

decisions, enhance operations, and eliminate data management risks. Looking into the definition 

by DAMA International (2017) "Metadata includes information about technology and business 

processes, data rules and constraints, and logical and physical data structures. It describes the 

data itself (e.g., databases, data elements, data models), the concepts the data represents (e.g., 

business processes, application systems, software code, technology infrastructure), and the 

connections (relationships) between the data and concepts" (p. 417). It can be read that the 

results from the participants align with the definition of DAMA. Thus, metadata includes 

information about the processes and rules. DAMA also indicates that metadata helps distinguish 

between sensitive and private data to comply with laws and regulations. It is also indicated that 

high-quality metadata contributes to decision-making (Dyson & Foster, 1982; Harley & Cooper, 

2021; Shankaranarayanan et al., 2006, 2008; Shankaranarayanan & Zhu, 2021; Stvilia et al., 

2007). 

Participants also underline the necessity of having the right data, processes, and accountable 

people in place (A2.MDRDG, C.MDRDG). Aligning business processes with the organization's 

specific needs, operations, and standards is critical for successful data management. 

Organizations may streamline processes, decrease inefficiencies, and improve overall 

performance by ensuring that data is fit for purpose and aligned with business requirements. 

The literature states that the business and its processes create the conceptual layer within the 

database domain. There are few technical details stated in this, it is rather the high-level view 

about assets that need to be connected (Garcia-Molina et al., 2008; Groves, 2022; 

Ramakrishnan et al., 2003). 

Finally, the concept of governance as an active and accountable practice is critical in promoting 

business process improvement (F.MDRDG). Encouraging stakeholder participation and 

understanding develops a culture of data accountability and ownership. Individuals within an 

organization are more likely to actively contribute to process improvement activities that drive 

innovation and efficiency when they understand the importance and influence of data 

management on business processes. 

In conclusion, the interviews indicated the significance of business process improvement, with a 

focus on coordination, cooperation, and data governance. Streamlining procedures, defining 

roles, and using metadata all lead to greater knowledge and consistency. Aligning business 

processes with organizational needs and cultivating an accountability culture promotes creativity 
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and efficiency. Businesses can streamline operations, improve decision-making, and promote 

overall progress by addressing these difficulties. Thus, the suggested proposition is: 

Proposition 2: Incorporating metadata positively affects business processes. 

 

5.3 Dimension II: Data proficiency 

This dimension comes from the three themes: (i) Technical skills; (ii) Data tooling; and (iii) Data 

quality aspects. The themes will be analyzed and discussed in-depth.  

Technical skills 

Technical skills are the third theme, which has led to the second-dimension Data proficiency. In 

the sections below, the results will be analyzed that were obtained during the interviews in 

relation to technical skills. The findings will be compared with the literature which has been 

discussed in chapter 2 Theoretical Background. On the basis of this comparison and the theme, 

a conclusion will be drawn, and a proposition will be proposed. 

Technical skills are essential for utilizing tooling such as Collibra, which is highlighted by 

participants as an effective metadata management system and supporting data governance 

tasks (E.MDR, B1.MDR, A1.MDR, A1.MDRDQ). Participants frequently highlight Collibra's 

collaborative aspect, which allows numerous users to interact on data and promotes teamwork 

in metadata management (E.MDR, B2.MDRDG, A3.MDRDG). However, fully utilizing Collibra's 

(and other tools) functionality and encouraging communication among data governance teams 

involves the use of technical expertise. Participants also underline the significance of technical 

skills in properly applying metadata representation (E.MDR, F.MDR). To ensure that end users 

can understand and use metadata successfully, metadata models must strike a balance between 

consistency and complexity (F.MDR). This includes combining visually appealing elements while 

retaining consistency and readability for the average end user. The results found that technical 

skills are needed to integrate metadata efficiently into the business processes and to represent 

metadata effectively. As mentioned in the definition of Big Data by Zikopoulos and Eaton (2011): 

"information that cannot be processed or analyzed using traditional processes or tools" (p.3); 

Big Data cannot be processed or analyzed using traditional tools. Technical skills are required to 

analyze Big Data.  

Furthermore, technical skills are required in the context of measuring data quality. Participants 

emphasized the importance of representing metadata in a form that corresponds to end-user 

familiarity and preferred system interfaces (B1.MDRDQ, A3.MDRDQ). This requires technical 

expertise to easily incorporate metadata tools into existing applications, minimizing the need for 

individuals to navigate different systems, and increasing productivity. Technical skills are not 

only needed when incorporating metadata but also needed when storing data, specifically 

designing databases. As mentioned in chapter 2 Theoretical Background there are three layers 
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in database design. The most technical layer is the physical layer. Besides defining the data 

attributes, this layer describes the type of database used and the database's underlying 

infrastructure(Garcia-Molina et al., 2008; Groves, 2022; Ramakrishnan et al., 2003). When 

designing a database, there should be multiple aspects considered. A technical skilled person 

can help with the technical and preferably business side of designing. 

The ability to develop data quality criteria and measures using logical reasoning and transfer 

them into actual information using metadata representation demands technical expertise 

(A3.MDRDQ). Thus, technical skills are also required when combining metadata models with data 

quality measurement. This enables evaluating and confirming data reliability, accuracy, and key 

data quality components. What is also found is the aim to strike a balance between consistency 

and complexity in metadata models, incorporating visually appealing and current visualization 

features while ensuring that the average end user can understand and utilize metadata 

effectively. The Representation Theory by Wand & Weber (1990) focuses on incorporating user 

perceptions of meaning into an information system (Wand & Weber, 1995). RT could be useful 

when designing metadata models for information systems.  

In conclusion, technical skills are critical in many aspects of data management, including the 

skilled use of data management tools, the effective implementation of metadata representation, 

and the accurate data quality assessment. Organizations should emphasize growing technical 

capabilities within their data governance teams to ensure optimal use of solutions like Collibra, 

seamless integration of metadata models, and accurate data quality assessment. Organizations 

may strengthen their data governance procedures, decision-making processes, and the value 

gained from their data assets by fostering technical knowledge. Thus, the suggested proposition 

is: 

Proposition 3: Technical skilled employees have a positive effect on the representation of 

metadata. 

 

Data tooling 

Analysis of the results 

Data tooling is the second theme, which has led to the second-dimension Data proficiency. In 

the sections below, the results will be analyzed that were obtained during the interviews in 

relation to data tooling. The findings will be compared with the literature which has been 

discussed in chapter 2 Theoretical Background. On the basis of this comparison and the theme, 

a conclusion will be drawn, and a proposition will be proposed. 

Data tools are essential in data management, (meta)data representation, and data quality 

management. Participants emphasize the importance of choosing the correct tools for 

information aggregation and highlight Collibra's role in gathering metadata and relating it to 
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architectural models (B1.MDR, B2.MDRDQ, A1.MDRDQ). The tooling system should record roles, 

responsibilities, and essential aspects to support governance properly (A1.MDRDG, E.MDRDG). 

Participants also emphasized the importance of collaboration and teamwork and the requirement 

for a centralized metadata management system that promotes data governance and accessibility 

throughout the company (A1.MDRDG, E.MDRDG, B2.MDRDG, A3.MDRDG). As mentioned above, 

data tools are important to implement in the organization. This is also what has been happening 

in recent years. Bansal et al. (2021) highlight that organizations have transformed their way of 

conducting business through data-driven intelligence. This can only be achieved through the 

implementation and utilization of tooling.  

Collibra is a well-known solution for metadata management, particularly in regulated industries. 

It is a centralized hub for searching specific data, determining ownership, and understanding 

system designs (A1.MDR). However, some complaints about Collibra's usability and user 

experience have been made, implying that it needs to be more accessible (E.MDR, F.MDR). To 

enable successful understanding and utilization by end users, the participants emphasize the 

need to balance consistency and complexity in metadata models. Integrating metadata into data 

consumption processes using augmented reality and overlays is also addressed. When looking 

at the design of databases where data can be stored, the three modeling layers are important. 

Modeling database design can be done with pen and paper but is more efficient digitally. In some 

applications6, modeling can be done and implemented instantly. These digital tools are needed 

to create an understanding of data and its relationships. The Representation Theory by Wand & 

Weber (1990) can help represent the users' view of the objects and relations needed in the 

database.  

Explicit data structures, descriptions, and reliable data are critical in data quality management 

(C.MDRDQ, B2.MDRDQ). Collibra is suggested for recording data quality metadata, allowing 

organizations to assess accuracy, currency, completeness, and integrity (A1.MDRDQ). 

Integrating data quality with business processes is highlighted, emphasizing data quality aligning 

with different needs rather than being constrained to silos (E.MDRDQ, A3.MDRDQ). Continuous 

improvement, enterprise-wide standards, and automated monitoring mechanisms are 

emphasized to ensure data quality and usefulness (A1MDRDG, A3.MDRDQ, D.MDRDQ). Tooling 

is needed when (meta)data needs to be stored and shared. As mentioned earlier, data can be 

stored in databases. APIs can then access this data (Pomerantz, 2015; Riley, 2017). Data can 

be shared in various ways, from visualization to implementation in a language specifically tasked 

to transfer metadata. Visualization can be done through modeling using the Resource Description 

Framework, which models data as a network (Forum Standaardisatie, 2013; Riley, 2017). 

Metadata can be shared through languages like XML or JSON (Riley, 2017).  

 

 

 
6 Applications such as MySQL Workbench, HeidiSQL, and DataGrip among many others. 
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In conclusion, data tools like Collibra are critical in data management, metadata representation, 

and data quality management. While Collibra is considered a good metadata management tool, 

usability and user experience might be improved. Integrating metadata into data consumption 

processes and using the appropriate metadata aggregation technologies are critical for efficient 

data management. Furthermore, specific data structures, descriptions, and accurate data help 

to preserve data quality. Continuous improvement, enterprise-wide standards, and automated 

monitoring systems are critical for guaranteeing the utility and value of data. Organizations may 

improve their data management processes, decision-making, and business outcomes by 

adopting data tooling. Thus, the suggested proposition is: 

Proposition 4: Implementing specific data tools has a positive effect on the representation of 

metadata. 

 

Data quality aspects 

Data quality aspects is the third theme, which has led to the second-dimension data proficiency. 

In the sections below, the results will be analyzed that were obtained during the interviews in 

relation to data quality aspects. The findings will be compared with the literature which has been 

discussed in chapter 2 Theoretical Background. On the basis of this comparison and the theme, 

a conclusion will be drawn, and a proposition will be proposed. 

From the results, it was obtained that there is a strong connection between metadata and data 

quality. The participants highlight the use of metadata in creating data quality rules and norms 

(A1.MDRDG, A2.MDRDQ). Organizations can examine and certify the reliability and accuracy of 

their data by associating metadata models with data quality tests. This link emphasizes the 

significance of metadata in identifying the origins of data and assuring its reliability. The results 

mention that metadata improves data quality. This, in turn, contributes to decision outcomes 

and decision-making accuracy and reliability (Dyson & Foster, 1982; Harley & Cooper, 2021; 

Price & Shanks, 2011; Shankaranarayanan et al., 2006, 2008; Shankaranarayanan & Zhu, 2021; 

Stvilia et al., 2007). Several studies have stressed the significance of metadata in ensuring 

accurate, consistent, and reliable data (Dion, 2007; Myrseth et al., 2011; Verbitskiy & Yeoh, 

2011). These studies all highlight the importance of metadata in high data quality. As with all 

improvements, there are challenges in guaranteeing (meta)data accuracy, consistency, and 

completeness and dealing with (meta)data integration and interoperability issues. Implementing 

effective (meta)data management strategies will help to solve these issues (IEEE, 2020; Loshin, 

2015; Sundarraj & Rajkamal, 2019; van Helvoirt & Weigand, 2015).  

Furthermore, the results underline the importance of data quality in completeness and 

correctness (A2.MDRDQ). It is highlighted that data can be technically correct but incomplete, 

resulting in a lack of meaningful information. Data quality measurements should ideally be 

performed as close to the data source as possible to ensure accuracy (A2.MDRDQ). This 
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realization emphasizes the need to consider data quality dimensions - completeness and 

correctness - when assessing data reliability and trustworthiness. Wand & Wang (1996) provided 

in their literature review that the most common dimensions for data quality were (i) accuracy, 

(ii) reliability/consistency, (iii) timeliness (currency), and (iv) completeness. The dimensions 

obtained from the results have overlapped with the dimensions found in the literature, namely 

completeness and correctness (accuracy). This implicates the importance of measuring data 

quality through its dimensions. 

The results also include challenges and changes in dealing with various (meta)data types. The 

importance of rebuilding data models when definitions change is highlighted, for example, when 

changing terms like 'orders' to 'delivery' (C.MD). This requirement emphasizes the dynamic 

nature of metadata and the need to appropriately modify data models to represent an 

organization's growing concepts. As mentioned in chapter 2.2 Metadata, there are three types 

of metadata (DAMA International, 2017; Gartner, 2016; NISO, 2017). Descriptive metadata is 

the type of metadata that describes an object.  

Furthermore, the growing importance of data security and privacy is stressed, particularly in 

light of GDPR rules (C.MD). C.MD mentions data lineage and track changes over time to support 

compliance. Organizations are becoming more careful and vigilant in controlling access to 

personal information and sensitive data, putting ethical and privacy concerns first. In chapter 

2.2 Metadata, DAMA International (2017) states that metadata is useful for capturing knowledge 

but also to help divide data into private and sensitive information. Because metadata is known 

as “data about data” it can help with identifying different types and changes in data.  

In conclusion, there is a strong relationship between metadata and data quality, with metadata 

playing a critical role in creating data quality criteria, identifying data origins, and assuring 

reliability for better decision-making. Despite accuracy and integration concerns, effective 

metadata management solutions can address these issues. Data quality measurements close to 

the data source improve accuracy, while modifying data models to changing (meta)data types 

reflects metadata's dynamic character. Furthermore, the growing relevance of data security and 

privacy, particularly in relation to GDPR compliance, underlines the role of metadata in tracking 

data lineage and changes for data protection and compliance. All of the above contribute to 

measuring data quality, which contributes to high data quality. Thus, the suggested proposition 

is: 

Proposition 5: High metadata quality has a positive effect on the representation of metadata. 

 

5.4 Dimension III: Data Governance Lifecycle 

This dimension comes from the four themes: (i) Data management importance; (ii) Stages of 

data management/governance; (iii) Data quality aspects; and (iv) Privacy in data management. 

The themes will be analyzed and discussed in-depth.  



5. Discussion 

 
M. Coenraads – 651492 / 2077024  79 

 

Data management importance 

Data management importance is the first theme, which has led to the third dimension Data 

Governance Lifecycle. In the sections below, the results will be analyzed that were obtained 

during the interviews in relation to data management importance. The findings will be compared 

with the literature which has been discussed in chapter 2 Theoretical Background. On the basis 

of this comparison and the theme, a conclusion will be drawn, and a proposition will be proposed.  

Data management, especially efficient metadata management, is critical for businesses to utilize 

the full potential of their data assets. The findings emphasize the importance of implementing 

data management methods that maintain data quality, facilitate data understanding, support 

compliance requirements, and improve decision-making processes (A2.MD, A3.MD, A3.MDR).  

Ensuring data quality is based not only on technological needs but also on well-defined business 

processes and successful teamwork. The participants mentioned the significance of having 

explicit business processes and allocating roles and responsibilities for data governance 

(D.MDRDG, A2.MDRDG). Collaborative efforts, such as data governance boards, may start 

discussions about data-related issues and encourage information exchange, ultimately leading 

to more effective data management procedures (F.MDRDG). 

It is critical for successful data management to raise awareness and drive acceptance of 

metadata management techniques across businesses. Participants emphasized enhancing 

metadata awareness and its role in supporting data quality, analytics, and decision-making 

processes (A2.MD, A3.MDR). Organizations may build a culture of data literacy and encourage 

the adoption of metadata management techniques across the business by leveraging specific 

use cases to demonstrate the value of metadata management (A3.MDR). 

Understanding the importance of metadata is critical for good data governance and management 

(A2.MD, A3.MD, A3.MDR). Metadata offers crucial context, definitions, and rules for data assets, 

allowing organizations to define, maintain quality, and control data across its lifecycle (E.MDR, 

A2.MDRDG). Organizations may secure their data assets' correctness, dependability, and 

integrity by including metadata in data governance activities, facilitating data-driven decision-

making and regulatory compliance.  

What can be derived from the results is that the fields of data management and data governance 

are deeply connected. Abraham et al. (2019) specifies data governance as “a cross-functional 

framework for managing data as a strategic enterprise asset” (p.425). They elaborate that data 

governance has multiple components. It specifies decision rights and accountabilities based on 

data, the formalization of policies, standards, and procedures, and monitors compliance. These 

components have to be managed and executed. This is done through a data management 

program. DAMA International (2017) states that data management is “the development, 

execution, and supervision of plans, policies, programs, and practices that deliver, control, 

protect, and enhance the value of data and information assets throughout their lifecycles.” (p.17) 
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Data governance is about who makes and what decisions have to be made; management is 

more about what is needed to bring the decisions into business (Dyché & Levy, 2006; Hagmann, 

2013; Khatri & Brown, 2010; Otto, 2013). Both definitions overlap with the findings. The roles 

and accountability, policies, and procedures in data governance. As well as the supervision and 

execution of these policies, procedures to enhance the value of data. 

In conclusion, effective metadata management is critical for businesses to maximize the 

potential of their data assets. The findings underline the importance of well-defined business 

processes and collaborative data governance activities in achieving data quality, knowledge, 

compliance support, and enhanced decision-making. Organizations can foster a culture of data 

literacy and increase acceptance of metadata management approaches by raising knowledge of 

metadata and its role in data quality, analytics, and decision-making. Understanding the 

significance of metadata is critical to preserving data integrity, control, and reliability, allowing 

for data-driven decision-making and ensuring regulatory compliance. Thus, the suggested 

proposition is: 

Proposition 6: Managing metadata has a positive effect on the representation of metadata. 

 

Stages of data management/governance 

Stages of data management/governance is the second theme, which has led to the third 

dimension Data Governance Lifecycle. In the sections below, the results will be analyzed that 

were obtained during the interviews in relation to stages of data management/governance. The 

findings will be compared with the literature which has been discussed in chapter 2 Theoretical 

Background. On the basis of this comparison and the theme, a conclusion will be drawn, and a 

proposition will be proposed. 

The participants highlight multiple aspects of data management/governance. The stages are not 

explicitly mentioned, however, after analysis of the results the stages below have been derived. 

The first stage is becoming aware of and understanding metadata and data types. Initially seen 

as simple labels and descriptions, metadata has evolved into a discipline requiring the 

engagement of a Chief Data Officer (E.MD). Participants also mention the distinction between 

technical and business metadata, emphasizing the differences in their objectives and applications 

(B1.MD, F.MD). The participants define technical metadata as storage and information systems, 

whereas business metadata concerns data meaning, quality, and governance (B1.MD, F.MD, 

E.MDRDQ). Similarly, understanding data types has developed to include their roles in data 

quality, GDPR compliance, data retention, and privacy. This stage involves knowledge about 

metadata and data types of various formats and application areas. The participants highlight the 

distinction between business metadata and technical metadata. The literature provided a 

distinction between three types of metadata: descriptive, administrative, and structural (DAMA 

International, 2017; Gartner, 2016; Riley, 2017). Descriptive metadata can be placed in the 
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category of business metadata because this type of metadata is not technical but more 

expressive. At the same time, administrative and structural metadata are both technical. They 

provide details about the storage, access, and retrieval of metadata and the relations between 

data points (DAMA International, 2017; Gartner, 2016; Riley, 2017). 

The following stage involves metadata maintenance and the application of tools. Participants 

address the importance of metadata management solutions like Collibra, which acts as a 

centralized hub for metadata (E.MD, B1.MDR, A1.MDR, F.MDR, A1.MDRDG, B2.MDRDG, 

A1.MDRDQ). These tools improve user cooperation, allow data searching, provide insights into 

data ownership and systems, and deliver real-time information. However, difficulties with 

usability, user experience, and effective metadata representation are also highlighted. This stage 

focuses on implementing metadata management strategies and technologies to provide effective 

metadata governance, control, and accessibility. Data tooling has been elaborated on in the 

theme data tooling (p. 75). 

Data quality management is considered to be an important stage in data governance. 

Participants underline the significance of data quality in building trust, improving understanding, 

and making sound decisions (B2.MDRDQ, A2.MDRDQ,A3.MDRDQ, D.MDRDQ). They emphasize 

the importance of detailed structures, descriptions, and accurate data. Metadata is essential for 

capturing and displaying data quality since it allows for assessing and validating data reliability 

and accuracy. Capturing and expressing data quality using metadata, integrating data quality 

into business operations, defining data quality standards, continual improvement, and visualizing 

data quality using lineage and visualization approaches are all aspects of data quality 

management. The participants highlight that data quality is needed in building trust, improving 

understanding, and making sound decisions. The literature supports these statements. Several 

studies have highlighted the importance of metadata in data quality, ensuring that data is 

accurate, consistent, and reliable (Dion, 2007; Myrseth et al., 2011; Verbitskiy & Yeoh, 2011). 

Other studies have found that representing metadata quality (meta)data support understanding 

and communicate meaning (Dai et al., 2021; Mandal et al., 2016; Melo et al., 2021). Finally, the 

influence on making decisions and its outcomes has been mentioned by multiple studies (Dyson 

& Foster, 1982; Harley & Cooper, 2021; Price & Shanks, 2011; Shankaranarayanan et al., 2006, 

2008; Shankaranarayanan & Zhu, 2021; Stvilia et al., 2007).  

The final stage focuses on gaining insights and making sound decisions. Participants explain how 

data quality and metadata help them get insights and make sound decisions (B2.MDRDQ, 

A2.MDRDQ,A3.MDRDQ, D.MDRDQ). They discuss the difficulties associated with assessing data 

quality and propose segmenting data quality into data concepts and entities for greater 

understanding and trust. The significance of a centralized process for data quality evaluation and 

using tools such as Collibra and Power BI (B1.MDRDQ) for data quality assessment and 

visualization is stressed. At this point, businesses can extract valuable insights and make data-

driven decisions by employing metadata and data quality information. The paragraph before has 
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elaborated on decision-making. The literature also supports the difficulties with assessing data 

quality (Cichy & Rass, 2019; Liu et al., 2021; Zhang et al., 2019).  

In conclusion, the participants' views provide useful insights into the data 

management/governance stages. These stages include metadata and data type awareness and 

knowledge, metadata categorization, metadata management and appropriate technologies, data 

quality management, and the use of metadata and data quality information for insights and 

decision-making. The findings emphasize the importance of effective metadata management, 

data quality evaluation, and data quality information utilization to ensure trustworthy and 

valuable data assets. Thus, the suggested proposition is: 

Proposition 7: Having insight in all data governance/management stages has a positive effect 

on the representation of metadata. 

 

Effective data management 

Effective data management is the third theme, which has led to the third dimension Data 

Governance Lifecycle. In the sections below, the results will be analyzed that were obtained 

during the interviews in relation to effective data management. The findings will be compared 

with the literature which has been discussed in chapter 2 Theoretical Background. On the basis 

of this comparison and the theme, a conclusion will be drawn, and a proposition will be proposed. 

The operationalization of metadata was emphasized as important by participants. Using data 

governance tools and procedures to operationalize metadata management helps establish 

control, create an audit trail, and ensure successful data governance (A3.MD, F.MD). DAMA 

International (2017) mentions that proper data governance requires, among other things, the 

development of a data management framework. In the literature is mentioned that the 

standardization of metadata increase metadata governance practices and improves data quality 

(Aamot, 2022; IEEE, 2020; Yan et al., 2022).  

Participants highlighted the importance of data quality for effective data management 

(B2.MDRDQ). Data quality management is critical for improving knowledge and trust and making 

sound decisions. Data quality management should also be aligned with various business 

processes and require continual improvement to address concerns such as correctness, currency, 

completeness, and integrity. The above statements have been elaborated on throughout this 

discussion. It is highlighted in chapter 2.3 that the data must be of reliable and correct for  

organizations and processes to drive decisions and actions (Harley & Cooper, 2021; Stvilia et 

al., 2007).  

Continuous improvement and standardization were also important aspects of effective data 

management. Participants emphasized the significance of developing processes to ensure data 

quality, conduct quality checks, and automate operations (D.MDRDQ, A3.MDRDQ). 
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Standardization through enterprise-wide standards and business-rule-based monitoring helps 

establish a uniform language and data quality (A3.MDRDQ). These techniques enable 

organizations to reach higher levels of data quality, reduce errors caused by hidden logic and 

permission concerns, and constantly enhance their data management operations. Throughout 

this research the benefits of standardization of metadata has been pointed out.  

In the literature multiple challenges were found with capturing, organizing, and retaining 

metadata (IEEE, 2020; Loshin, 2015; Sundarraj & Rajkamal, 2019; van Helvoirt & Weigand, 

2015). The challenges include ensuring metadata accuracy, consistency, and completeness, and 

addressing metadata integration and interoperability issues. Employing effective metadata 

management strategies is crucial to overcome these challenges and ensure the dependability 

and usability of data assets.  

In conclusion, effective data management needs a comprehensive approach that includes 

metadata management, a thorough understanding of data types, and a focus on improving data 

quality. Organizations must establish data governance tools, metadata management techniques, 

and continuous improvement procedures to enable effective data management. The views 

shared by the participants provide unique perspectives on the issues and tactics involved in 

preserving and increasing data quality, data governance, and trust in complex data contexts. 

Thus, the suggested proposition is: 

Proposition 8: Managing data effectively has a positive effect on the representation of 

metadata. 

 

Privacy in data management 

Privacy in data management is the fourth theme, which has led to the third dimension Data 

Governance Lifecycle. In the sections below, the results will be analyzed that were obtained 

during the interviews in relation to privacy in data management. The findings will be compared 

with the literature which has been discussed in chapter 2 Theoretical Background. On the basis 

of this comparison and the theme, a conclusion will be drawn, and a proposition will be proposed. 

The participants in the study highlight several key points regarding privacy in data management, 

which provide valuable insights into addressing privacy concerns effectively. 

One of the key results is the significance of an organized strategy in distinguishing and 

preserving unique customer data (C.MDRDG). This organized approach ensures that sensitive 

data, such as client addresses or household compositions, are properly identified and protected. 

Organizations can build effective governance processes to ensure privacy compliance and secure 

data handling by implementing explicit structures and metadata. As mentioned before in the 

theme data quality aspects, metadata is helpful in dividing data into sensitive and private 

information (DAMA International, 2017). Organizations have to comply with regulations such as 
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the GDPR. Therefore, they have to implement data governance and management practices to 

know what sensitive information it has. 

Participants mention that visual representation of access rights is important in establishing 

accountability and privacy compliance (C.MDRDG, B2.MDRDG). A clear visual overview of who 

can access what data allows for better data management and control. This transparency enables 

enterprises to monitor and control data access, lowering the risk of unauthorized or inappropriate 

data usage and improving privacy protection. 

The need for particular metadata storage in following privacy standards specified by Data 

Protection Boards is also emphasized (B2.MDRDG). Metadata is vital for privacy compliance since 

it provides critical information about the data and its associated privacy needs. By adding 

essential information, organizations can ensure compliance with privacy requirements and the 

proper management and protection of sensitive data. Throughout this discussion the importance 

of metadata has been highlighted.  

The use of technical metadata in data management and privacy is another critical consideration. 

While technical information may not be directly relevant to end users or administrators, it is 

essential for efficient data management. Technical metadata gives useful information about the 

data, making operations like discovering missing tables or columns and requesting data updates 

or changes easier. When dealing with data-related requests while ensuring privacy and security 

safeguards, access to metadata becomes critical. As mentioned in the chapter 2.2, technical 

metadata is needed to run the systems and delivering digital data that can be understood 

(Gartner, 2016). 

In conclusion, the participants' perspectives highlight the importance of privacy considerations 

in data management. Organizations should use organized techniques, establish clear 

visualizations of access rights, and integrate essential metadata in their data governance policies 

to maintain privacy compliance and secure sensitive information. Organizations can achieve a 

balance by doing so between preserving data security, complying with privacy rules, and making 

data accessible to authorized individuals for legal purposes. Privacy in data management is an 

ongoing undertaking that necessitates constant attention and modification to satisfy increasing 

privacy concerns and regulatory obligations properly. Thus, the suggested proposition is: 

Proposition 9: Insight into privacy with metadata has a positive effect on the representation of 

metadata. 

 

5.5 Definition of participants 

In this section the definitions given by the participants are compared to the definitions used for 

this research. The definitions can be found at the end of each sub-chapter in the results section. 
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Metadata 

First, all definitions of the participants state that metadata is the information about data to help 

to understand it. Thus, the broad definition “data about data” applies. Next to this definition, 

three participants mention the differentiation of metadata into business and technical metadata. 

Two participants mention data models and structures in their definitions.  

The definition used in this research was adopted from DAMA International (2017) "Metadata 

includes information about technology and business processes, data rules and constraints, and 

logical and physical data structures. It describes the data itself (e.g., databases, data elements, 

data models), the concepts the data represents (e.g., business processes, application systems, 

software code, technology infrastructure), and the connections (relationships) between the data 

and concepts" (DAMA International, 2017, p. 417).  

Overlap can be seen when comparing the definitions. Both definitions emphasize business and 

technical aspects. Next, two participants describe metadata as information about data, meaning 

the structure, format, and relationships between the data. This aligns with the definition of 

DAMA.  

 

Metadata Representation 

The different views of the participants show some overlap. Two participants take into 

consideration the context of when metadata is represented. Others highlight the importance of 

clear, easy, and friendly metadata representation. 

The first view where the context has to be considered can be linked to Ackhoff’s (1989) pyramid, 

where the data layer has no meaning without context. The lowest layer will step up from data 

to information by providing context.  

This research also mentioned the Representation Theory of Wand & Weber (1990). They state 

that the communication of information in Representation Theory (RT) is based on four 

assumptions that revolve around the central concept of meaning (Burton-Jones et al., 2017): 

(v) RT can communicate meaning through symbols, and humans can obtain meaning from 

these symbols (Wand & Weber, 1995). 

(vi) Information systems intend to represent someone’s or a group's view of the real world 

(Wand & Weber, 1995). Wand & Weber (1993) and Burton-Jones & Grange (2013) reason 

that computerized representations provide a more efficient way to learn about the world 

than observations. This leads to the design of information systems. 

(vii) Stakeholders can express their meaning about events that are of interest to them 

(Burton-Jones et al., 2017). 

(viii) Users expect that an information system has more value when it represents a true view 

of the real world (Weber, 1997). 
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Holding the view of the participants against the four assumptions in the Representation Theory, 

the first assumption is that communication of meaning through symbols is a simple and 

understandable way to extract meaning. This can be used to present (meta)data to non-technical 

and business users. Secondly, it can be seen in the second assumption that information systems 

intend to represent someone’s or a group’s view of the real world. The participants mentioned 

that this should be done clearly, easily, and friendly. 

 

Data Governance 

The definitions given have overlapping results. Four participants mentioned the importance of 

ownership and roles in data governance. They also state that it is important to set up policies 

and create standards in the organization. Two participants recognize that data governance is 

needed to ensure the right level of controls, security, and availability to make data fit for 

purpose. Others emphasize the need for data governance to comply with policies and standards. 

It is also highlighted that data governance is needed to manage data properly. 

The definition used in this research given by Abraham et al. (2019) was "Data governance 

specifies a cross-functional framework for managing data as a strategic enterprise asset. In 

doing so, data governance specifies decision rights and accountabilities for an organization's 

decision-making about its data. Furthermore, data governance formalizes data policies, 

standards, and procedures and monitors compliance" (p. 425-426). 

Comparing both definitions, it can be seen that the participants also mention decision rights and 

accountability. They also mention that data governance helps with complying with policies and 

standards.  

 

Data Quality 

Three participants mentioned the importance of data quality dimensions. They name dimensions, 

including completeness, accuracy, and reliability, highlighting the need to measure data quality 

according to dimensions. Two participants highlight the role of data structure, documentation, 

and descriptions. They also highlight the need for accurate and trustworthy data to ensure 

efficient processes. Others highlight the business side of data quality. They mention that it is 

important to align business objectives with data quality.  

This research used the results from an article of Wand & Wang (1996). They stated that data is 

usually measured in terms of data quality dimensions. In their literature review, the following 

dimensions were found to be most used: (i) Accuracy; (ii) Reliability/consistency; (iii) Timeliness 

(currency); and (iv) Completeness.  
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Comparing the views of the participants against the article of Wand & Wang (1996), the 

dimensions accuracy, reliability, and completeness are mentioned by both.  

 

5.6 Implications  

This chapter highlights the implications of metadata representation in the context of the research 

questions.  

The research question is “How could the representation of Metadata affect Data Governance and 

Data Quality in organizations?” Several sub-questions were created, to answer the research 

question: 

1. How is metadata represented in organizations? 

2. What is metadata representation in a data governance context in organizations? 

3. What is metadata representation in a data quality context in organizations? 

The representation of metadata has an important role in data governance because it provides 

structured information on data elements, definitions, access rights, and compliance rules. It 

enables organizations to successfully develop and implement data governance rules and 

standards, resulting in better data management, control, and governance throughout their 

lifecycle. 

Organizations obtain an accurate understanding of their data assets, their characteristics, and 

their relationships by capturing metadata in a systematic and organized manner. This adds 

context and helps with data comprehension, assisting data users in understanding the meaning 

and purpose of the data. Organizations can make better-informed decisions and lower the risk 

of data misinterpretation or misuse by improving data comprehension. 

In addition to improving data comprehension, metadata representation supports compliance 

efforts by documenting information on compliance requirements and standards. Organizations 

can track and manage data compliance requirements such as data privacy rules (e.g., GDPR), 

industry-specific regulations (e.g., HIPAA), or internal policies. Organizations can reduce 

compliance risks and possible sanctions by properly representing metadata. 

Moreover, metadata representation is strongly related to data quality. Organizations can set 

guidelines and criteria for analyzing and improving data quality by documenting metadata 

associated with data quality standards. Metadata contains information about data sources, 

transformation methods, lineage, and validation criteria, all of which are necessary for 

understanding data quality issues and establishing suitable data quality controls. This proactive 

approach enables organizations to discover and address data quality issues, resulting in more 

accurate and reliable data. 
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Furthermore, the results found that there are multiple aspects important to consider 

representing metadata effectively: 

(i) Technical skills: organizations should have technical skilled employees to 

effectively represent metadata. There should be a balance between complexity 

and consistency, enabling end users to engage with metadata. It is highlighted 

that the representation of metadata should be integrated into applications by 

visualizing them. The ability to generate data quality criteria and measures 

using logical reasoning and translate them into information using metadata 

representation also requires technical skills. 

(ii) Data tooling: organizations should implement tools to represent metadata. The 

objective would be to integrate the tools into already existing processes. 

Collibra is mentioned by the participants as a centralized center for metadata 

and is to be well-known in the industry.  

(iii) Privacy: visualizing the access and control rights allows for improved data 

management and control. Which lowers risks and helps with compliance.  

(iv) Context: participants emphasized that context should be provided when 

representing metadata. This will increase the understanding of metadata.  

 

5.7 Relevance 

Academical relevance 

The literature about the combinations of metadata & data governance and metadata & data 

quality have not been researched extensively, as mentioned throughout this research. The focus 

of the current literature is about one of the three concepts or focused on a specific domain within 

the concept.  

In Table 10 can be seen that after a careful selection of the literature, there are seven articles 

on metadata representation, ranging from years 2003 to 2021. Twelve articles are selected on 

metadata & data quality with a range of 2006 to 2021. Furthermore, seven articles on metadata 

& data governance were selected ranging from 2015 to 2022. As can be seen from the article 

years, data governance is a relatively new concept. This research contributes to the literature 

by exploring the combinations of metadata & data governance and metadata & data quality, 

more specifically the representation of metadata in combination with data governance and data 

quality in (large) organizations.  

The founded themes in the proposed data structure contribute to the literature about metadata 

representation, data governance, and data quality by introducing nine themes aggregated into 

three dimensions. The results are in line with previous studies and theories. For example, the 

lowest layer ‘raw data’ in the pyramid of Ackhoff (1989) requires context to step up a layer. This 
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is supported by multiple participants. The results also mentioned that metadata should be 

represented in a clear way, for non-technical and end users. The Representation Theory of Wand 

& Weber (1990) can help with representing metadata in information systems and make it 

understandable. See the aforementioned sections after the analysis of the themes for more links 

to the theory. 

 

Practical relevance 

As mentioned throughout this research, the combinations of metadata & data governance and 

metadata & data quality have not been researched extensively. This research explored these 

topics and from the results a data structure has been created. Metadata can help with capturing 

knowledge about data, dividing data into private or sensitive and managing the lifecycle of data 

to meet with compliance and regulations. Representing metadata can help with several 

challenges. For example, structured representation of metadata helps with the discovery of 

patterns and retrieval of information. Furthermore, it helps with data literacy among employees. 

Representing metadata in a clear, accessible, and understandable way helps with showing how 

important metadata is. The data structure that has been created can be used by organizations 

working with metadata, data governance, and data quality. The themes in the structure can be 

used to help organizations with representing their metadata. Focusing on multiple themes of the 

structure will improve (meta)data management/governance and data quality. The practical 

relevance also seemed high by Clever Republic.  

 

5.8 Limitations 

This chapter discusses the limitations of this research and possible improvements to reduce the 

issues. 

As with all studies conducted, this research also has its limitations. First of all, this research had 

a time constraint of four months in which the study had to be conducted and there was no 

funding for resources.  

Secondly, this research is generalizable only to the given sample universe mentioned in the 

methodology in chapter 3. The organizations selected had to be of a ‘large’ scale according to 

the definition of the Ministerie van Economische Zaken en Klimaat (2021), which stated that an 

organization had over 250FTE, or the net sales were more than €50 million and a more than 

€43 million balance sheet. All organizations also had to work with metadata, utilizing data 

governance, and measuring data quality. Finally, the organizations had to operate in the 

Netherlands but were not limited to the Netherlands. To generalize the findings to a broader 

range of organizations, the research should include all organizations, from small to large. Due 

to the time constraint this research could not include all organizations. 
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Third, in total nine interviews at six organizations have been held. The diverse sample of 

organizations operating in different industries creates a generalizable finding for the 

organizational view. However, in the best-case scenario, a larger sample size would be 

preferrable with multiple participants at different levels in the organization. This would make the 

findings even more valid. Due to time constraints nine interviews were held. It was also found 

that after nine interviews, not many more new codes were found during the coding process. 

Fourth, due to the used research approach, exploratory qualitative research, the findings are 

influenced by the researchers’ experience in using the research approach. The results are also 

influential to the subjectivity of the researcher. This has been tried to prevent by applying a 

proven method during the study, the Grounded Theory.  

Finally, the findings can be improved even further by conducting a quantitative research 

approach with a greater sample size and using quantitative methods to get definitive results. 

The generalizability of the findings would be higher due to the sample size.  
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6. Conclusion 

This research explored the concepts of metadata representation, data governance, and data 

quality. Specifically, how the representation of metadata could affect data governance and data 

quality in organizations. Therefore, the research question in this thesis was “How could the 

representation of Metadata affect Data Governance and Data Quality in organizations?” 

In Chapter 2 Theoretical Background was found that there was insufficient literature on the 

(combined) concepts metadata representation, metadata & data governance, and metadata & 

data quality. Therefore, this study used an exploratory qualitative approach in answering the 

research question. The Grounded Theory method was followed to gather and analyze data. After 

analyzing the results from the interviews, a data structure was created (see Figure 2, Chapter 

5). This data structure consists of nine themes that were aggregated into three dimensions. In 

Table 9 the dimensions and themes can be seen. 

The given answers provided insight into the view of organizations on metadata representation 

in a data governance and data quality context.  

• Metadata representation in the context of data governance involves presenting metadata 

in a structured and organized manner. This includes important details about data 

elements, definitions, quality standards, access rights, and compliance regulations. The 

purpose is to enable enterprises to better manage, govern, and control their data. 

Metadata provides valuable context to data, which helps in understanding and meeting 

compliance. It also ensures data quality and supports the establishment and enforcement 

of data governance rules and standards. 

• Metadata representation in a data quality context refers to structured information about 

data, including its characteristics and attributes. Metadata in organizations helps in the 

understanding and assessment of data quality by providing information on data sources, 

verification processes, and business rules. It encourages the use of a single language, 

effective communication, and a shared understanding of data. Metadata connects 

technical elements and business goals, allowing for efficient data governance and data 

quality control. 

Conclude, metadata representation facilitates effective data governance, helps compliance 

efforts, improves data comprehension, enables data quality management, and encourages 

communication and collaboration between stakeholders. Organizations that invest in well-

structured metadata representation are better positioned to effectively manage and govern their 

data while maintaining high data quality standards. 
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Table 9 - Dimensions and themes 

Dimension I – Improving 

understanding 

Dimension II – Data 

proficiency 

Dimension III – Data 

Governance Lifecycle 

Understanding challenges Technical skills (Meta)data management 

importance 

Business process 

improvement 

Data tooling Stages of data 

management/governance 

 Data quality aspects Effective data management 

  Privacy in data management 

 

6.1 Future research 

The research used an exploratory research approach. This type of research is useful when an 

industry is understudied. Below, future research based on the propositions mentioned after the 

in-depth analysis of the themes is given. Finally, recommendations for future research are given 

based on the theoretical background aligned with this research. 

Proposition 1: Understanding the challenges has a positive effect on the 

representation of metadata. 

Future research can delve into the unique challenges that organizations encounter with metadata 

representation. Researchers can investigate how firms identify and overcome these challenges 

by conducting empirical studies or case studies. This study can shed light on the strategies, 

tactics, and technologies used by businesses to improve metadata representation and the 

influence on overall information management. 

Proposition 2: Incorporating metadata positively affects business processes. 

Future research can concentrate on specific businesses or domains to better understand the 

benefits of adding metadata into business processes. This research can look into how metadata 

integration affects various business processes such as decision-making, resource allocation, and 

performance evaluation. Researchers can analyze the actual benefits and problems associated 

with metadata integration in various organizational contexts by studying real-world scenarios 

and conducting quantitative studies. 

Proposition 3: Technical skilled employees have a positive effect on the representation 

of metadata. 

Further research might examine the specific skills, knowledge, and competences required for 

good metadata management to acquire a complete comprehension of the influence of technical 

skilled employees on metadata representation. This research could include surveying 
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professionals and conducting interviews to determine which skill sets contribute the most to 

metadata quality and representation. Furthermore, examining the impact of training programs 

and educational interventions on improving technical expertise can offer organizations significant 

information. 

Proposition 4: Implementing specific data tools has a positive effect on the 

representation of metadata. 

Further research can look into the adoption and usefulness of specific data tools for improving 

metadata representation. This could include comparing various data tools, rating their functions, 

and determining their impact on metadata quality and representation. Researchers can perform 

experiments or case studies to investigate the advantages and disadvantages of various tools, 

resulting in useful recommendations for organizations looking to improve their metadata 

management processes. 

Proposition 5: High metadata quality has a positive effect on the representation of 

metadata. 

Future research can focus on building comprehensive frameworks and approaches for analyzing 

metadata quality in order to better understand the relationship between information quality and 

its representation. This may include creating measurements, undertaking data audits, and 

assessing the influence of metadata quality on decision-making processes. Researchers can help 

to set standards and guidelines for good metadata management by developing accurate and 

meaningful measurements of metadata quality. 

Proposition 6: Managing metadata has a positive effect on the representation of 

metadata. 

Proposition 7: Having insight into all data governance/management stages have a 

positive effect on the representation of metadata. 

Future research can investigate the relationships and interactions between these stages to 

provide insight into the positive effects of having an in-depth understanding of all data 

governance and management stages on metadata representation. This research can look into 

how metadata representation affects data governance processes and vice versa. Researchers 

can find best practices for aligning metadata management with broader data governance 

strategies by evaluating real-world examples and performing qualitative investigations. 

Proposition 8: Managing data effectively has a positive effect on the representation of 

metadata. 

Future research could look into data management as a key factor affecting metadata 

representation. This may include researching data management frameworks, policies, and 

practices in organizations to determine the most effective methods for ensuring data accuracy, 

consistency, and completeness. Researchers can provide practical suggestions for firms aiming 
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to maximize their metadata management efforts by researching the relationship between data 

management strategies and metadata representation. 

Proposition 9: Insight into privacy with metadata has a positive effect on the 

representation of metadata. 

Further research could explore the privacy issues related to metadata management strategies 

to gain insight into the impact of privacy considerations on metadata representation. This 

research may include investigating the legal and ethical implications of metadata use, conducting 

surveys or interviews with stakeholders, and reviewing privacy rules and guidelines. Researchers 

could provide recommendations for enterprises to manage privacy concerns while effectively 

managing metadata if they understand the privacy risks associated with metadata 

representation. 

Finally, the themes in the data structure highlight the different aspects organizations have to 

acknowledge when they want to represent their metadata. All themes should be considered; 

however, a few themes were explicitly highlighted by participants for representing metadata 

effectively. These were technical skills, data tooling, and privacy. Another important aspect 

mentioned is the context in which the metadata is represented.  
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8. Appendices 

8.1 Appendix I: Design of the literature review 

The literature review can be designed in different ways. According to Snyder (2019), three main 

types of methods are often used in literature reviews.  

(i) Systematic review: 

Used to create summaries of studies in an organized, clear, and reproducible way. 

The objective is to identify all empirical evidence that matches certain criteria. Biases 

can be prevented, through the use of structured methods and considering all evidence 

when reviewing an article (Davis et al., 2014). 

(ii) semi-systematic: review: 

Often used for subjects that have been visualized differently and have been studied 

by a broad group of disciplines. Conduct when a systematic review process is not 

feasible (Wong et al., 2013). 

(iii) integrative review: 

similar to the semi-systematic review but serves a different purpose. The main 

objective of an integrative review is to evaluate, analyze, and merge existing 

literature on a research topic to identify new theoretical frameworks and perspectives 

(Torraco, 2005).  

 

This literature review follows the semi-systematic review method. The semi-systematic review 

is used because a systematic review would not be feasible in the given time of this study. The 

integrative review method has not been selected due to the nature of the review for this thesis.  

 

Database 

There have been used two databases to find articles. The first is the WorldCat Discovery 

(WorldCat) database. This database is provided by Tilburg University as their main search 

catalog to find articles and books. In WorldCat it is possible to filter and select multiple criteria 

e.g., only books and articles that have been peer-reviewed or the range of years they were 

published in. The second database used is Google Scholar. This is a database created by Google 

to search for articles and books in multiple libraries in the world matched with given search 

terms. When searching in both databases it is possible to use a query structure to find more 

specific results. In both databases the results were sorted on 'Best Match'/'Relevance'. Within 

the WorldCat database the criteria 'Article, chapter' and 'Books' were selected. In Google Scholar 

the 'include citations' option was unchecked.  
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The following key concepts have been searched in databases to find articles with information to 

answer the concepts; (i) Metadata Representation; (ii) Metadata & Data Quality; (iii) Metadata 

& Data Governance. See Error! Reference source not found. for a schematic overview. 

 

 

Figure 3 - Schematic overview of search for literature. 

 

(i) Metadata Representation 

Searching for the key term Metadata Representation in the two databases with the following 

queries: 

- WorldCat:  ti: "Metadata representation"; 

- Google Scholar: allintitle: "Metadata Representation". 

 

In WorldCat selected the option for "in possession of library" "Tilburg University Library". This 

resulted in twelve titles for the WorldCat and 32 titles in the Google Scholar database. All titles 

were copied in Microsoft Excel (Excel) in a 'title' column and their year of publication in the next 

column. Both database results were copied in separate Excel tabs. By using Excel, it was possible 

to filter for duplicates. This was done by taking the next steps: 
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1. In the WorldCat titles were three duplicates found which in total make nine titles. There 

were no duplicates in the Google Scholar database titles resulting in 32 titles. Combining 

all articles in one-tab results in 41 titles; 

2. Automatically deduplicating these titles through Excel four were found. This makes 37 

unique titles. However, since Excel cannot find similarities but is restricted to 'if and only 

if equal to' it won't filter the same titles with differences and/or extra spaces. Manually 

going through the list where all titles were sorted in alphabetical order resulted in five 

duplicates. Subtracting these five titles from the 37 titles results in 32 titles. 

3. Since a time, constraint is involved a selection has to be made of these 32 titles. This is 

done by filtering the titles for the keywords "Metadata Representation" by using the IF, 

ISNUMBER and SEARCH functions. It is important to mention that Excel in these functions 

takes all combinations into account, therefore it is not CASE sensitive. The results gave 

eighteen titles. Since the duplicates were done manually there is another search for 

duplicates. This time there were no duplicates found. 

4. Filtering for articles I do have access to, articles/books and more duplicates. Resulted in 

three titles that were not an article/book or not full text. Three titles I had no access to. 

This makes six titles that can be subtracted from the eighteen titles. Which gives a total 

of twelve titles.  

5. Reading the abstracts to filter the articles. Five articles were excluded from the selected 

articles. In total seven titles were selected based on their abstract.  

 

(ii) Metadata & Data Quality 

Searching for the key terms Metadata and Data Quality in the two databases with the following 

queries: 

- WorldCat:  ti: "Metadata" AND "Data Quality"; 

- Google Scholar: allintitle: "Metadata" "Data Quality". 

 

This resulted in 129 titles for the WorldCat and 97 titles in the Google Scholar database. All titles 

were copied in Microsoft Excel (Excel) in a 'title' column and their year of publication in the next 

column. Both database results were copied in separate Excel tabs. By using Excel, it was possible 

to filter for duplicates. This was done by taking the next steps: 

1. In the WorldCat titles were 32 duplicates found which in total make 97 titles. There were 

found two duplicates in the Google Scholar database titles resulting in 95 titles. 

Combining all articles in one-tab results in 192 titles; 

2. Automatically deduplicating these titles through Excel none were found. However, since 

Excel cannot find similarities but is restricted to 'if and only if equal to' it won't filter the 

same titles with differences and/or extra spaces. Manually going through the list where 
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all titles were sorted in alphabetical order resulted in 23 duplicates. Subtracting these 

titles from the 192 results in 169 titles. 

3. Since a time, constraint is involved a selection has to be made of these 169 titles. This is 

done by filtering the titles for the keywords "Metadata" and "Data Quality" by using the 

IF, ISNUMBER and SEARCH functions. It is important to mention that Excel in these 

functions takes all combinations into account, therefore it is not CASE sensitive. The 

results gave 102 titles. Since the duplicates were done manually there is another search 

for duplicates. This time there were 27 duplicates found. Which resulted in 75 titles. 

4. Filtering for articles I do have access to, articles/books and more duplicates. Resulted in 

five titles that were not an article/book or not full text. Thirty-one titles I had no access 

to. This makes 36 titles that can be subtracted from the 75 titles. Which gives a total of 

39 titles.  

5. Reading the abstracts to filter the articles. Found one duplicate article with a slightly 

different published name. One article was an editorial issue. In total 27 titles were not 

selected based on their abstract and form. This gives a total of twelve titles. 

 

(iii) Metadata & Data Governance 

Searching for the key terms Metadata and Data Quality in the two databases with the following 

queries: 

- WorldCat:  ti: "Metadata" AND "Data Governance"; 

- Google Scholar: allintitle: "Metadata" "Data governance". 

 

This resulted in twenty titles for the WorldCat and nine titles in the Google Scholar database. All 

titles were copied in Microsoft Excel (Excel) in a 'title' column and their year of publication in the 

next column. Both database results were copied in separate Excel tabs. By using Excel, it was 

possible to filter for duplicates. This was done by taking the next steps: 

1. In the WorldCat titles were three duplicates found which in total make seventeen titles. 

There were no duplicates found in the Google Scholar database titles resulting in nine 

titles. Combining all articles in one-tab results in 26 titles; 

2. Automatically deduplicating these titles through Excel there were none found. However, 

since Excel cannot find similarities but is restricted to 'if and only if equal to' it won't filter 

the same titles with differences and/or extra spaces. Manually going through the list 

where all titles were sorted in alphabetical order resulted in six duplicates. Subtracting 

these titles from the 26 results in twenty titles. 

3. Using the same steps as above filtering for articles with the keywords "Metadata" and 

"Data Governance" by using the IF, ISNUMBER and SEARCH functions. It is important to 

mention that Excel in these functions takes all combinations into account, therefore it is 

not CASE sensitive. The results gave nine titles.  
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4. Filtering for articles I do have access to, articles/books and more duplicates. Resulted in 

two titles that I had no access to. This makes two titles that can be subtracted from the 

nine titles. Which gives a total of seven titles.  

5. Reading the abstracts to filter the articles. All articles were considered to be useful for 

this thesis. 

 

Founded literature 

The table below provides the literature from the three main subjects. 

Table 10 - Literature after selection 

Metadata 

Representation  

Metadata & Data Quality Metadata & Data 

Governance 

(Abebe et al., 2020; Dai 

et al., 2021; Mandal et 

al., 2016; Melo et al., 

2021; Rytsar et al., 

2003; Wolpers et al., 

2009; Yen et al., 2013) 

(Becker et al., 2009; Bikauskaite et 

al., 2014; Daas & Ossen, 2011; 

Dion, 2007; Esnaola-Gonzalez, 

2021; Goodchild, 2007; Moges et 

al., 2016; Myrseth et al., 2011; 

Shankaranarayanan et al., 2006, 

2008; Shankaranarayanan & Zhu, 

2021; Verbitskiy & Yeoh, 2011) 

(Aamot, 2022; IEEE, 2020; 

Loshin, 2015; NICOLESCU, 

2019; Sundarraj & 

Rajkamal, 2019; van 

Helvoirt & Weigand, 2015; 

Yan et al., 2022) 
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8.2 Appendix II: Interview structure 

Introduction 

Introducing myself 

Purpose 

Studies have found that there’s still a lack of Metadata standards. The purpose of this interview will 

contribute to creating insight into Metadata in an organizational context; the representation of Metadata in 

organizations; the effect of Metadata representation on Data Governance and Data Quality. The research 

question is: “How could the representation of Metadata affect Data Governance and Data Quality in 

organizations?” 

Benefits 

The interviewee will get the results of this study. The study’s results can be of interest in finding what 

Metadata representation methods are used most often in organizations. The results will outline the effect of 

Metadata Representation on Data Governance and Data Quality. 

Confidentiality 

All information shared is confidential and is only used for this study. The interviewee can get full anonymity, 

there will be no names mentioned.  

Time 

The interview time will be around one hour. 

Recording of the interview 

Asked before the interview if the interview could be recorded through audio. 

Interview Questions 

Personal information 

A1. What is your current position in the organization? 
A2. How long have you been working in the organization? 
A3. In which (types of) positions have you been working? 
A4. To what extent do you have to deal with Metadata in your current role? (range 1-6) 
A5. What is your educational background? 

 
Company information 

A6. To what extent do you see Metadata as a beneficial asset to your organization? (range 1-6) 
A7. To what extent would you rate your organization to be data-driven? (range 1-6) 
A8. How does this rate compare to your competitors? (range 1-6) 
A9. Do you feel your organization makes sufficient use of potential information? (range 1-6) 
A10. What is the organizational structure of the organization? 
A11. Does the information flow through the whole supply chain or is it more centralized? 

 

General Metadata related question 

B1. How would you define Metadata? 
The definition used in this study; 
Using the definition of DAMA International (2017): “Metadata includes information about 
technology and business processes, data rules and constraints, and logical and physical data 
structures. It describes the data itself (e.g., databases, data elements, data models), the concepts 
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the data represents (e.g., business processes, application systems, software code, technology 
infrastructure), and the connections (relationships) between the data and concepts” 

B2. Do you think this definition captures everything? 
B3. How important is Metadata in your organization? Could you rate this? (range 1-6) 
B4. What are your thoughts about how Metadata has evolved over time? 

 
Research Question specific 
Metadata Representation in the organization 

B5. What is your view of Metadata Representation? 
B6. What Metadata Representation methods do you know? 
B7. What Metadata Representation methods are used in the organization? 

 

Metadata Representation in Data Governance 

B8. What is your definition of Data Governance? 

Definition in this study; “Data governance specifies a cross-functional framework for 

managing data as a strategic enterprise asset. In doing so, data governance specifies 

decision rights and accountabilities for an organization’s decision-making about its data. 

Furthermore, data governance formalizes data policies, standards, and procedures and 

monitors compliance” (Abraham et al., 2019) 

B9. Do you think this definition captures everything? 
B10. What is your view on the role and importance of metadata in Data Governance? 

B11. How could Metadata be represented in Data Governance? 

B12. Do you have Metadata Representation techniques specifically for Data Governance in the 

organization? 

B13. Are there relevant cases you might think of sharing? 

 

Metadata Representation in Data Quality 

B14. What is your definition of Data Quality? 

Definition for this study; Data Quality is the right output of Information and it is usually 

evaluated in terms of its dimensions: (i) Accuracy; (ii) Reliability/consistency; (iii) Timeliness 

(currency); (iv) Completeness (Wand & Wang, 1996). 

B15. Do you think this definition captures everything? 

B16. What is your view on the role and importance of metadata in Data Quality? 

B17. How could Metadata be represented in Data Quality? 

B18. Do you have Metadata Representation techniques specifically for Data Quality in the 

organization? 

B19. Are there relevant cases you might think of sharing? 

 

Finalizing the interview 

C1. Is there something you have missed during this interview or have come up with during the 

interview?  

C2. Is there anything else you would like to share? 

C3. Do you have any questions? 
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Rational for interview questions 

Table 11 – Rational for interview questions 

Question Rational Source 

A1 
A2 
A3 
A4 
A5 

These questions are used to gather information about 
the participant, related to their job position, and have an 

open starting point 
(Charmaz & Belgrave, 2012) 

A6 
A7 
A8 
A9 

These questions were asked to capture the participants 
view on (meta)data in the company. Since multiple 

participants in the organization can be interviewed. This 
rating would be interesting to compare. 

(Childs et al., 2019) 

A10 
A11 

These questions create an overview of the organizational 
structure and end the introductory section. 

(Bearman, 2019; Charmaz & 
Belgrave, 2012) 

B1 
B2 
B3 
B4 
B5 
B6 
B7 
B8 
B9 
B10 
B11 
B12 
B13 
B14 
B15 
B16 
B17 
B18 
B19 

These questions were asked to capture the definition of 
the participants on the concepts and introduce the 

definitions used in this study. 
 

The questions about the exploration of metadata 
representation were more specific to the research 

question. The questions are open-ended, allowing the 
participant to respond freely without any predetermined 

direction or suggested answers. 

(Charmaz & Belgrave, 2012; 
Childs et al., 2019) 

C1 
C2 
C3 

The questions at the end are used to transition the 
conversation back to normal. 

(Charmaz & Belgrave, 2012) 
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8.3 Appendix III: The four-point approach to qualitative sampling  

The four-point approach to qualitative sampling, adopted from Robinson (2014, p. 26). 

 

Table 12 - The four-point approach to qualitative sampling from Robinson (2014, p. 26) 

 
Name Definition Key decisional issues 

Point 1 Define a sample universe Establish a sample 

universe, 

specifically by way 

of a set of inclusion 

and/or exclusion 

criteria. 

Homogeneity vs. 

heterogeneity, inclusion and 

exclusion criteria 

Point 2 Decide on a sample 

size 

Choose a sample 

size or sample size 

range, by taking 

into account what 

is ideal and what is 

practical. 

Idiographic (small) vs. 

nomothetic (large) 

Point 3 Devise a sample strategy Select a purposive 

sampling strategy 

to specify 

categories of 

person to be 

included in the 

sample. 

Stratified, cell, quota, 

theoretical strategies 

Point 4 Source the sample Recruit participants 

from the target 

population. 

Incentives vs. no incentives, 

snowball sampling varieties, 

advertising 

 

  



8. Appendices 

 
M. Coenraads – 651492 / 2077024  114 

 

8.4 Appendix IV: Sample universe 

The sample universe in a graphical view. The circles are not scaled on real world sizes for the 

amount of organizations. 

 

Figure 4 - Sample universe of this research 

 

 

8.5 Appendix V: Interviews 

Due to the confidential information given by the participants, the interviews are not publicly 

available. Contact the author of this thesis for more information about the interviews. 
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8.6 Appendix VI: Deleted category codes 

These are the deleted category codes with their sub-codes. 

Table 13 - Deleted category codes 

Category code Sub-code 

Referencing - Forgetting things 

- Mentioning/Referring to Something 

- Reference data 

Research methodology - Importance 

- Importance of Guidelines 

- Importance of planning 

- Importance of Schema Design 

- Primary keys 

- Problem solving 

- Process improvement 

- Process orientation 

- Structured approach 

Attention to detail - Importance 

- Importance of Guidelines 

- Importance of planning 

- Importance of Schema Design 

- Primary keys 
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8.7 Appendix VII: Citations in result chapter 

Metadata general 

Lack of clarity (mentioned by 6) 

“What is it? What? What does it mean to them and where is the value and why? And and and 

we we at least then do not have that kind of meta data management strategy defined yet. And 

I think it's important to either and and it doesn't have to be a strategy, but it can be just what 

are your guidelines around metadata? What are you know we we we have to start doing and 

documenting uh. The approach causes we right now we're kind of we think we know what we're 

doing. Then we're doing it right when uh, it may not necessarily be correct we you know we we 

should be looking we should be following standards and guidelines. As regards metadata 

management.” – A3.MD 

“Well, the other way around you are required that you have your data well described, all 

relationships have good ownership, then you can only monitor your data quality properly, adjust 

it 

 well and get it into your system from the beginning, because that is often where People are. 

Just do something and then check data quality afterwards, are you going to flange again? No, 

you. Should actually be done in advance. Know exactly what your definitions are, so you have 

that system you use to fill in something, that's already. It is and I find that meta data with then 

the breadth of metadata that I have. Well, that definition that you just used that If you have all 

that right, then you can influence your data quality well. And, it is almost a kind of resultant.” – 

E.MD 

 

Recognition/Awareness (mentioned by 7) 

“Well, I think it's very important with us In the organization, but then I'm mainly about more 

the definitions of Some data. Where we often use a lot of different names for the same thing, so 

It's more about the vocabulary around a not so much data, but also just even machine lines. We 

have a lot of different names for that and that's already metadata, so. What do you call? A 

production line and what do you call a machine that puts a label on a bottle? One says labeler, 

the other says labeling machine the other, says Etiqa. And actually they all mean the same thing 

and That's all meta data. Things are already going wrong at that level, which makes it very 

difficult. Each time you have to switch between different samples. As it were. And, you see that 

across the board. That there is no unambiguous definition there. English, Dutch mixed together. 

So yes, yes, it's a bit of chaos.” – E.MD 

“Yes, because it's just not recognized. Yes, every time they run into it, but then taking the action 

remains a fight.” – E.MD 

“Yeah, I think there is more recognition of it. Mesh data as. Being important as being something 

that should be captured. Even the term. Helped along by. My good old Mr. Zuckerberg is 

renaming his company. Yeah, but that does make a difference that I think there is way more 

recognition of Metadata as a concept and its importance. I don't think it's there yet. I think it's 

going to continue to grow; I really do. It's an interesting angle to actually pick up. Yeah, I think 

it's really developing. I think there's going to be and meeting Someone Like You with this kind 

of focus. I can see where you will be in a few years' time so.” – A1.MD 

“Yes, and the awareness, so how important they think it is to say yes how important is metadata 

for your organization. if You ask me is Of course. 6 nothing is more important than almost 

nothing more important than that. That is especially when something breaks or when you have 

to do impact analysis. If you really need to go back and look at your data to see what's actually 

happening. And those are efforts in companies that take so much time and effort. And that 

actually always happens when it's under pressure, because then either something is broken or 
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you go. Want to do a project? Well, he wanted durations et cetera and then you're super happy 

that you have that metadata, so It's just you the right archiving of what's happening in your 

Company, then it's not even archiving. Yes, it's constantly archiving, but it's just keeping an eye 

on what's going on huh? Data should not be a Black box, you just have to know exactly what is 

happening with all the key data you have. Not all the data you have, that's nonsense, but all the 

key data you have just know what happens to that??” – A2.MD 

“We live and breathe my I live and breathe metadata, and when I say metadata more on the 

business metadata than more on the technical metadata. Right? Right. My team do a lot on the 

metadata side on on the technical side, but I think that's why. Metadata needs to actually be 

broken down. In my personal view, people don't understand what we mean when we say 

metadata. It's data on data, OK? I don't care. It's data on data. Why is that an? Issue. What are 

you actually trying to do? Where does that add value? I think for me you need to start breaking 

it down and and saying OK from a business metadata perspective, this is what we mean from a 

technical metadata. This is what we mean. So, we live and breathe this we're obviously 

implementing. And also having a data governance tool to help us operationalize. Our processes 

around mess business and technical metadata. And we we. Use the tooling. We use the whole 

metadata management side. To ensure or to help [COMPANY NAME] to stay in control. It's all 

about that. They know where your audit trail. It's an audit trail on your data. We do see in. I do 

see that on the technical level of metadata is probably the easiest part because yeah, but the 

business side of the metadata is where you really need. To help people understand what that 

means and what's the value. And that business metadata can be from also standards rules. We 

we forget. That piece of it and that's. Where a lot of the effort needs to come in.” – A3.MD 

“I think without without knowing where your data is, how do you know how you're going to 

dispose it? And like that's again looking from from the kind of the very technical uh view and 

then on the on the privacy piece and and the the the how do you classify your data then I see 

that kind of at that middle middle layer, the kind of the business layer. So, I yeah, I. I'm a strong 

believer. It's it's very important, but it's it's again, it's it's awareness that needs to happen and. 

It's not just for technical eyes, metadata management. They should be used across an. 

Enterprise; they should be able to see the value.” – A3.MD 

 

Data Management (mentioned by 9) 

“Yes and the awareness, so how important they think it is to say yes how important is metadata 

for your organization.  if You ask me is Of course. 6 nothing is more important than almost 

nothing more important than that. That is especially when something breaks or when you have 

to do impact analysis. If you really need to go back and look at your data to see what's actually 

happening. And those are efforts in companies that take so much time and effort. And that 

actually always happens when it's under pressure, because then either something is broken or 

you go. Want to do a project? Well, he wanted durations et cetera and then you're super happy 

that you have that metadata, so It's just you the right archiving of what's happening in your 

Company, then it's not even archiving. Yes, it's constantly archiving, but it's just keeping an eye 

on what's going on huh? Data should not be a Black box, you just have to know exactly what is 

happening with all the key data you have. Not all the data you have, that's nonsense, but all the 

key data you have just know what happens to that??” – A2.MD 

“I think that's much more important nowadays, because I think you just have a lot more data 

at all. At the exponential it just goes up, so it's kind of out of control actually. Then you can often 

no longer see the forest for the trees and that is what metadata is for. Become more important 

and. Because there is much more, you also have a lot more meta data, but you try the. Structure 

the in hold. I think it's especially important too late there, so it's just becoming more and more 

important.” – B2.MD 

“Well, we could we we we have done it. But we can get better at it, and I think where metadata 

management also helps is around the GDPR and PII. It helps you identify. And helps the not only 
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business but also technical people. Technical you know, kind of developers or the IT type of 

business analysts or engineers? It helps for them to identify what is PII data, what, where and 

what. What can be GDPR related? I think that's underestimated the power of what metadata 

management as well can do for an organization. Also, it for me metadata management plays 

also a very important role in data retention and disposal.” -A3.MD 

“True, correct and and that has of course also had its repercussions in metadata management, 

Because you so. It also makes no sense to think to have the ambition that you have all the 

metadata. In one fell swoop you have to bring in, model and bring it underground then you don't 

solve a problem. So you really have to look at where are the pain points? Where can meter let 

management? Making a difference or solving a problem?” – F.MD 

 

Metadata type (mentioned by 7) 

“We live and breathe my I live and breathe metadata, and when I say metadata more on the 

business metadata than more on the technical metadata. Right? Right. My team do a lot on the 

metadata side on on the technical side, but I think that's why. Metadata needs to actually be 

broken down. In my personal view, people don't understand what we mean when we say 

metadata. It's data on data, OK? I don't care. It's data on data. Why is that an? Issue. What are 

you actually trying to do? Where does that add value? I think for me you need to start breaking 

it down and and saying OK from a business metadata perspective, this is what we mean from a 

technical metadata. This is what we mean. So, we live and breathe this we're obviously 

implementing. And also having a data governance tool to help us operationalize. Our processes 

around mess business and technical metadata. And we we. Use the tooling. We use the whole 

metadata management side. To ensure or to help [COMPANY NAME] to stay in control. It's all 

about that. They know where your audit trail. It's an audit trail on your data. We do see in. I do 

see that on the technical level of metadata is probably the easiest part because yeah, but the 

business side of the metadata is where you really need. To help people understand what that 

means and what's the value. And that business metadata can be from also standards rules. We 

we forget. That piece of it and that's. Where a lot of the effort needs to come in.” – A3.MD 

“Let's get back to metadata. I figured it out. So we have very brief definition standing in. The 

conceptual framework stands for data about data. And then explained in line with DMBOK,  a 

distinction is made between different types of metadata business Metadata concerns meaning 

and state quality of data and aspects that relate to data governance. A few examples of technical 

metadata concern technical storage of data and information systems. The examples and 

operational metadata concerns details related to processes and access to data in systems. in 3 

so in 3 parts yes.” – B1.MD 

“Well, that's about how many characters is it? A date field, so varchar I know a lot what that 

kind of thing That was Metadata that's it. Name. Maybe description, then it became a bit more 

difficult, because hey, do you have room for that in your data warehouse?  That was about the 

question and the rest of those d ie fields, which was somewhere like a label to your data, so 

then that was metadata, just like your computer files that have a few certain number of things, 

That's your metadata and that's how I thought about it, actually I think. 10 years ago. And so 

it's broader field than that. That's only from the last 5 years or so that there are a lot more 

aspects involved and that's really a discipline that actually requires a chief data officer in a 

company. Yes, That's really only from the last 5 years 4 years. Well, I've been working for a long 

time 5 years that you can see that there is a need for it, But the definitions and how that works 

exactly that we all struggle with that as a company. And still, so we come from far like. If you're 

just starting a new business, you can do well from the start. And what you see is that a lot of 

companies did it that way now and uh metadata, That's Just those labels and that's IT. And that 

for myself that has also grown in the past 10 years as a yes that something has to be done about 

that. And especially focused on data quality to be very honest that, I can see that. More and 
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more as a common thread? It has to be enabling to get and keep your data quality right.” – 

E.MD 

“For business yes, and well okay, now let's get to the definition of metadata. yes, look, I think 

that's regardless of the the Technology and it. Say The time in which we? Asking such a question: 

the meaning of the word metadata has never changed. It's just descriptive data, isn't it? It 

comes from the Greek meta is above it, it's all you do. What's underneath? Defines so It is It is 

data about data. And with that definition, you've covered everything, so it can have a lot of 

manifestations. Data model is metadata error logs from one from a system are also metadata. 

Within certain definitions, operational metadata. If you look at it. The scope of Van mijn product 

within [COMPANY NAME], then you are talking about the collibra platform. Of course, they also 

have their own collibra, and they have also achieved the success that they have achieved in the 

past 15 years by choosing a focus area very specifically. And That's okay, Let's go. A generic 

model. Offer for business users, but also technical users. With a free. Wide generic scope. But 

not everything fits in easily, does it? I would say, for example, the operational metadata. Collibra 

pays less attention to that. That doesn't fit so easily into the model either. They really do look 

at. The metadata that. Have meaning for the business. And that the links to the world of. The 

technical metadata. Yes and the business metadata. Often becomes. given the it. It often 

becomes the starting point for business metadata. Considered huh? The business glossary, eh, 

so say The dictionary of the business. How, how, how, how. Do you call your things and what 

are the definitions? And then you're going to link that to, okay. What are the different forms in 

which such a piece of business metadata occurs in the applications? Because you have 

applications from many different software packages and vendors. Both of the Shelf or In the 

Cloud, on Prem build itself and eventually all of those. Have underlying data storage and data 

models. And I think that's kind of the focus of that these days. Now write everything you find 

important in terms of business metadata and link that to it. Where can I find that in the 

organization? It is in 5 different business applications. It's called anyway, you can you slap it, 

then can. You can see what what means, you can also see what that some things get or have 

different names in different systems. So linking business metadata and technical metadata is, I 

think, the focus of what I'm doing now. And that in turn expanded with things like data quality 

tools. Measuring Quality on Certain. Objects or entities what you want to call it? Assets, but also 

reports key performance indicators datasets, which is also something a lot. Attention has 

received especially the last 5, 6, 7 years. And I think. A bit like an answer to that. The fact that 

the time of very clear Enterprise data warehouses that. Which is a bit over, because there are 

too many. So data is. Almost impossible to put in a model anymore. So you get a huge 

proliferation, especially the cloud platforms of all kinds of data, so there's no one knows what 

data you can trust and and that has led to a movement or a current that says Van. Well, then 

I'm going to designate certain datasets under governance, describe them, give them warships 

and then I call them trusted datasets. It's actually a species. You have to say if you compare to 

the time when you still had a very authoritative and reliable Enterprise data warehouse. Is this 

actually one? Because now you have to say. Okay, we have. 7000 datasets in 5 data lakes and 

we don't know where anymore. We can find the reliable data? For for customer or for sales 

orders. Or for products. Then you have. Then trust the datasets is actually a kind of band-aid on 

the wounds of okay, I'm going to at least make sure that I can trust the data I want and that 

I'm going to bring that lower limit. Yes, But I think it's 1 1 1 step back with the earlier days when 

it was clearer and you needed a lot less governance. And what do you actually do? Said is Okay, 

We have. 20 source systems, We have an Enterprise data warehouse. We have to learn that 

once, eh? Of course, that's going to change over time, but those changes were pretty small and 

all that data was transformed that the central model and you could  report on it. So ready all 

that data and that did warehouse was. Trusted by definition. But those times are over, it's just 

not feasible.” – F.MD 

 

Data type (mentioned by 5) 
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“Well, that's about how many characters is it? A date field, so varchar I know a lot what that 

kind of thing That was Metadata that's it. Name. Maybe discription, then it became a bit more 

difficult, because hey, do you have room for that in your data warehouse?  That was about the 

question and the rest of those d ie fields, which was somewhere like a label to your data, so 

then that was metadata, just like your computer files that have a few certain number of things, 

That's your metadata and that's how I thought about it, actually I think. 10 years ago. And so 

it's broader field than that. That's only from the last 5 years or so that there are a lot more 

aspects involved and that's really a discipline that actually requires a chief data officer in a 

company. Yes, That's really only from the last 5 years 4 years. Well, I've been working for a long 

time 5 years that you can see that there is a need for it, But the definitions and how that works 

exactly that we all struggle with that as a company. And still, so we come from far like. If you're 

just starting a new business, you can do well from the start. And what you see is that a lot of 

companies did it that way now and uh metadata, That's Just those labels and that's IT. And that 

for myself that has also grown in the past 10 years as a yes that something has to be done about 

that. And especially focused on data quality to be very honest that, I can see that. More and 

more as a common thread? It has to be enabling to get and keep your data quality right.” – 

E.MD 

“Well, we could we we we have done it. But we can get better at it, and I think where metadata 

management also helps is around the GDPR and PII. It helps you identify. And helps the not only 

business but also technical people. Technical you know, kind of developers or the IT type of 

business analysts or engineers? It helps for them to identify what is PII data, what, where and 

what. What can be GDPR related? I think that's underestimated the power of what metadata 

management as well can do for an organization. Also, it for me metadata management plays 

also a very important role in data retention and disposal.” – A3.MD 

“I think. We started quite well, because we could also start clean and we hired a data warehouse 

of the day. I think we got off to a good start in that sense. I think you have two. Do you think 

you see 3 changes? The first is simply if definitions of things just change, so for example first 

we had orders and then deliveries where the difference is. That an order is an order, only one in 

it would switch to deliveries Because People then you can still add it to your order, so you've got 

your order, oh, I'm still doing something in basket under of that sort of thing. Those are mega 

restructurings in the data, so those are just pure that model whole. Very much needs tweaking. 

So That's the data itself which is the metadata itself that I'm changing. What we also started 

with a bit more is. So which one really those? Lineage you say to pull over time from exactly 

how what happens to data. But I think what 1 big is, is the whole GDPR story and that we just 

do a lot too Because also Because we have simply become a lot bigger as a company and have 

matured that we are increasingly critical. Being sharper about who I have access to, then. Most 

People can't see personal information, you. And fewer and fewer People can see, for example, 

purchase prices. All of that sort of thing. That's a piece of security. As in from a business point 

of view and a piece of privacy and just ethical for example.” – C.MD 

 

Metadata Representation 

 

Understanding the data (mentioned by 5) 

“Just as well and also to a certain extent as a business business user so to in metadata Of course 

yes descriptive and should actually be available to a wide audience. Yes, you also want to keep 

it understandable, so we stay away from that technique.” – A2.MDR 

“And I think. Yes, that extra action is really tricky and I also don't think it's something everyone 

should see constantly, but Only if there is a need for it, Only then is a step to a tool that they 

already don't know very well anyway. Already quite a cavee.” – E.MDR 
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“Yes, yes, Only Without real AI you could think of this too, huh? That it's just a very accessible 

man.search through your own catalog. Which, of  course, is the goal of Collibra. But what I'm 

saying, You have to go to a web page, right? You have to know what you're looking for, right? 

Just like Google, you need to know which terms you type in, which results you are going to click 

on and you would prefer to go the extra mile.” – E.MDR 

 

(Meta)Data Management (mentioned by 8) 

“Yes, you've probably worked with it too, but let's face it, for me collibra is just metadata. For 

me, it's especially important to get value out of that meter of Let, so you can really put a lot of 

information into it and also record about that data. But it all has to bring value, so. I would make 

it as simple as possible and so. Yes, keep it as intuitive as possible to display information about 

the number, so. You just have to be able to explain it all properly to. The business, really? It's 

as simple as possible, and. Especially if so. That that is a bit easier to interpret, what the data 

is about and what you can and cannot do with it. Kind of yes.” – B2.MDR 

“Well you, like I said, we use collibra, That's a place where you can get data in by having multiple 

People working on it, so It's collaboration library what does that stand for? It's a separate tool, 

so People have to get back in there. They have to understand that, even if it's very user-friendly 

as far as I'm concerned. A lot of People are scared  of it So what I would like is that it happens 

very close to the consumption of data, so that you can see over something with your mouse. 

There are also all kinds of nice solutions from collibra, but they have not been implemented with 

us and That is also very difficult, because If you move your mouse over a number, yes, what 

does the user want to see? So with some artificial intelligence from Hey. This person who works 

in finance, so they might want to have the finance definition of these fields. That would be the 

ideal image for me that you can just there, well, augmented reality behind the Overlay something 

Show something that If you wanted it, that you see it in the place where you consume it, the 

data immediately something about it or on the other hand, the place where you input something 

and we use it.  SAP Well, I don't know. Have you ever experienced SAP up close? They dried, 

that's really from those very old fill-in fields in a fill-in form that really looks like those In the 

years. 90 has been developed and I think that's true. But there you would actually be again and 

there you also have all kinds of search functions. But they are going to look for the software 

Supplier input and you actually want it to show hey, This is an important field for that department 

with Pietje Jantje Klaasje, so if you enter something wrong here, then it has problems with it. 

You would prefer to have that much closer to the data there as well. And yes, it's the idea of 

collibra of yours. You open the screen next to it with collibra and you type something there. In, 

that's already too many actions that that, you just see that with all the People who are in surgery. 

Which it does. We could take advantage of it to look it up once in a while. They don't use it to 

go anywhere else in a tool unless they really feel the pain of quality of data they have. 

Somewhere they have to generate that they are consumers of it themselves. There you see that 
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they go to collibra before to get a definition. To search or to. Want to know a little more 

background? But there are only a few, a handful in the organization.” – E.MDR 

“Obviously, you can. You can use tooling to help, but I think it's more of of doing roadshows and 

awareness on on what, what metadata actually is and the importance. And actually, having 

specific use cases and how metadata having the right metadata captured as also within you 

know, how does a you if within a use case, how does minute, why metadata management is so 

important and how it supports and what's the value you're going to get. That's how I see it as 

from a use case basis, you can do it from two approaches. You can do use case basis and then 

show why it's important. Make it part of the the use case show the value. And then that slowly 

I think helps also them with the whole awareness around it and get people to adapt to this way 

of thinking to kind of change. We need to start getting the organization. To be very also. Data 

literate, right? And I think being data literate, metadata management can play a part in that to 

support being data literate within your organization.” – A3.MDR 

“Yes, here we are of course also dependent on the tool choice, eh? And behold, within [COMPANY 

NAME], metadata management is also practiced by other groups of People. Also with other tools, 

yes look at azure, purview. That's also a catalog though. That's also a piece of metadata. In in 

Hana Cloud the database of SAP they also have their own libraries and dictionaries and metadata. 

So there's always metadata everywhere, but the platform I'm the plot oil for is the only one that 

has the purpose of being Enterprise Wide. a so. Complete possible picture of Van of all data in 

In the enterprise. In in a model actually. So yes the. The forms of representation then depend 

on what collibra offers and That is. Yes, Maybe is. Interesting to mention that the In the backend 

collibra still has a relational database. That's PostGress. That's what I think is now an open 

source SQL database, so It's In the back In the backend there are still tables with rows and 

columns linked together by form keys and Primary keys. So it's very complicated model. And 

there, too, they occasionally run into limitations. And I have. Also sometimes with a number of 

product People talked about collibra, who also hinted that they are certainly looking at collibra. 

Possible switch to a graph database. So a graph database has a very different concept of 

modeling and storage, where you focus much more on the connections between entities. And 

not so much on. The the tables and relational models that that could have the advantage of that. 

The visualization would also make the diagramming nicer and easier, but storage technical and 

model technical also has other challenges. So I'll see where collibra comes in. In principle, it is 

irrelevant for the end user of the cloud solution how the data is modeled in storage, because 

that is also what it becomes, so to speak. Hidden from it. The users of the tool, so you are 

actually only exposed to the frontend. So you can get the data in and out and you can see it in 

the outer shell. But that is of course another abstraction layer of the underlying model that 

collibra has chosen.” – F.MDR 

Organization: Old VS New (mentioned by 7) 
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“Yes in my Visions expresses that as much as possible on a logical note. Level want to do. 

Because then love? You an understandable, so you want to look, if you like it then. If you already 

have. That technical mess gets, then you get. All those things with those underscores. And I 

know a lot what the system depends on how that device is, because That often makes sense 

how a certain yes certain source system works with it. And a Salesforce uses a completely 

different structure than one than an SAP, for example. Often they are also based on other 

Languages, etcetera. You don't see any of that at your metadata level, because That's not 

interesting at all. For that level, it makes sense. Logical structure you do have logical names so 

that it is immediately or almost immediately clear what is already there, at least a good direction 

is guided. And look, eventually I did. You obviously have a description of that or a definition of 

it. What exactly makes you? Says what you mean by it, but that makes it much more 

understandable. And especially if you like that business, as he wants so badly, is that that 

business becomes more involved in that data world. Then you have to keep logical and then it 

is also much easier to say look If you want to see your data flow to your reporting. Or or or want 

to do the whole processing, I'll take here you see metadata here, so I don't know collibra views 

also nice do you actually see that flow already? And if that flow also consists of relatively 

understandable language, it is much easier to read for Everyone who has metadata We must be 

reasonable, must be able to appeal to a wide wide audience.” – A2.MDR 

“Well you, like I said, we use collibra, That's a place where you can get data in by having multiple 

People working on it, so It's collaboration library what does that stand for? It's a separate tool, 

so People have to get back in there. They have to understand that, even if it's very user-friendly 

as far as I'm concerned. A lot of People are scared  of it So what I would like is that it happens 

very close to the consumption of data, so that you can see over something with your mouse. 

There are also all kinds of nice solutions from collibra, but they have not been implemented with 

us and That is also very difficult, because If you move your mouse over a number, yes, what 

does the user want to see? So with some artificial intelligence from Hey. This person who works 

in finance, so they might want to have the finance definition of these fields. That would be the 

ideal image for me that you can just there, well, augmented reality behind the Overlay something 

Show something that If you wanted it, that you see it in the place where you consume it, the 

data immediately something about it or on the other hand, the place where you input something 

and we use it.  SAP Well, I don't know. Have you ever experienced SAP up close? They dried, 

that's really from those very old fill-in fields in a fill-in form that really looks like those In the 

years. 90 has been developed and I think that's true. But there you would actually be again and 

there you also have all kinds of search functions. But they are going to look for the software 

Supplier input and you actually want it to show hey, This is an important field for that department 

with Pietje Jantje Klaasje, so if you enter something wrong here, then it has problems with it. 

You would prefer to have that much closer to the data there as well. And yes, it's the idea of 

collibra of yours. You open the screen next to it with collibra and you type something there. In, 

that's already too many actions that that, you just see that with all the People who are in surgery. 
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Which it does. We could take advantage of it to look it up once in a while. They don't use it to 

go anywhere else in a tool unless they really feel the pain of quality of data they have. 

Somewhere they have to generate that they are consumers of it themselves. There you see that 

they go to collibra before to get a definition. To search or to. Want to know a little more 

background? But there are only a few, a handful in the organization.” – E.MDR 

“Obviously, you can. You can use tooling to help, but I think it's more of of doing roadshows and 

awareness on on what, what metadata actually is and the importance. And actually, having 

specific use cases and how metadata having the right metadata captured as also within you 

know, how does a you if within a use case, how does minute, why metadata management is so 

important and how it supports and what's the value you're going to get. That's how I see it as 

from a use case basis, you can do it from two approaches. You can do use case basis and then 

show why it's important. Make it part of the the use case show the value. And then that slowly 

I think helps also them with the whole awareness around it and get people to adapt to this way 

of thinking to kind of change. We need to start getting the organization. To be very also. Data 

literate, right? And I think being data literate, metadata management can play a part in that to 

support being data literate within your organization.”- A3.MDR 

“But I was teaching a course. Is that here? Yes, well, so we look too. You're in a club that's inside 

now that actually helps us set up tool. But that's then collibra tool, I know. Does that say anything 

where? You actually, it actually helps to unambiguously record that metadata and also to make 

a link with architectural models. Yes, so That's basically what you do, but the basics are still 

there. Definition okay, what are we talking about definition are there synonymous. Where does 

it come from which source? What is the core source? Yes, I know that, but is independent for 

me. From what for? Language or applications actually that is actually the core and. Then you 

prefer to choose one or another tools to get that together.” – B1.MDR 

 

Data Management: Tools (mentioned by 8) 

“Well you, like I said, we use collibra, That's a place where you can get data in by having multiple 

People working on it, so It's collaboration library what does that stand for? It's a separate tool, 

so People have to get back in there. They have to understand that, even if it's very user-friendly 

as far as I'm concerned. A lot of People are scared  of it So what I would like is that it happens 

very close to the consumption of data, so that you can see over something with your mouse. 

There are also all kinds of nice solutions from collibra, but they have not been implemented with 

us and That is also very difficult, because If you move your mouse over a number, yes, what 

does the user want to see? So with some artificial intelligence from Hey. This person who works 

in finance, so they might want to have the finance definition of these fields. That would be the 

ideal image for me that you can just there, well, augmented reality behind the Overlay something 

Show something that If you wanted it, that you see it in the place where you consume it, the 

data immediately something about it or on the other hand, the place where you input something 
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and we use it.  SAP Well, I don't know. Have you ever experienced SAP up close? They dried, 

that's really from those very old fill-in fields in a fill-in form that really looks like those In the 

years. 90 has been developed and I think that's true. But there you would actually be again and 

there you also have all kinds of search functions. But they are going to look for the software 

Supplier input and you actually want it to show hey, This is an important field for that department 

with Pietje Jantje Klaasje, so if you enter something wrong here, then it has problems with it. 

You would prefer to have that much closer to the data there as well. And yes, it's the idea of 

collibra of yours. You open the screen next to it with collibra and you type something there. In, 

that's already too many actions that that, you just see that with all the People who are in surgery. 

Which it does. We could take advantage of it to look it up once in a while. They don't use it to 

go anywhere else in a tool unless they really feel the pain of quality of data they have. 

Somewhere they have to generate that they are consumers of it themselves. There you see that 

they go to collibra before to get a definition. To search or to. Want to know a little more 

background? But there are only a few, a handful in the organization.” – E.MDR 

“But I was teaching a course. Is that here? Yes, well, so we look too. You're in a club that's inside 

now that actually helps us set up tool. But that's then collibra tool, I know. Does that say anything 

where? You actually, it actually helps to unambiguously record that metadata and also to make 

a link with architectural models. Yes, so That's basically what you do, but the basics are still 

there. Definition okay, what are we talking about definition are there synonymous. Where does 

it come from which source? What is the core source? Yes, I know that, but is independent for 

me. From what for? Language or applications actually that is actually the core and. Then you 

prefer to choose one or another tools to get that together.” – B1.MDR 

“Yeah, we try. We are trying to establish a single point, a single hub within the organization, to 

do that, and our tool for that is Collibra. So, market-leading, you know, well recognized every 

bank, every regulatory, almost every regulated industry has it, and that that becomes 

somewhere that we can anybody in the company can type in [COMPANY NAME].Collibra.com 

internally within the company, and they go there, right? I want to find this thing, and I want to 

know who's the owner, or I want to know, you know, which systems it's in, or so that's. That's 

what we're trying to do to establish that within the company. Thit that answer the question?” – 

A1.MDR 

“We definitely do, and I think that's also part of our problem. So, as I mentioned, within our 

digital organization, we have a software engineering software development chunk. It is the 

biggest part, and they are developing this next Gen. digital architecture and they're using best-

of-breed tools for different parts of the architecture. And so, we've got Salesforce, we've got 

Pega, we've got various different things, and they're setting up an API catalog and APIs to allow 

these different systems to talk to each other. That API catalog is not in Collibra, which is 

somewhere else.” – A1.MDR 
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“Yes, I think so. Two forms of representation are those that will not disappear any time soon. 

On the one hand, that's Natural list overviews, isn't it? So just yes sheets with with lists that are 

also in Excel, but fit with rows and columns. Two-dimensionally, everyone understands that and 

everyone still cooperates. The other appearance is more visualized. Then you have to think about 

diagram. Often also Network diagram behind  the graphs or diagrams that  at least visualize 

connections, because that is just easier for the human brain to read. The limitation with 

visualization is Of course always volume, which only fits x number of entities on your screen. 

And even humans are not visually equipped, for example to read a barcode or a QR code. That 

human eye can't be the machine so if you present a diagram. With yes, more than 15. Let's say, 

up to 20 forms and and and connections. Then your brain is actually already at its Max more 

you can't take  in, so You can always zoom in on something small in visualization and as soon 

as It goes as soon as you start to get more information, it quickly becomes too big. To be able 

to visualize, then you have to. Are you going to aggregate again or are you going to go? Slices 

and Dice s. So, so It's certainly not easy and I have to say, I don't think the collibra is very 

strong in that. I don't think their diagramming functionality is super strong. It's solid and and 

consistent me, but I don't find it very attractive or very nice or modern looking. I've seen other 

tools that can do that nicely, not necessarily pointing along, but a different diagram. So 

representation forms, yes, capturing. Of course, it also depends on how you have mutually 

agreed on the model, eh. So what you call in collibra asset model, huh? But in. In more generic 

terms, you can actually call it the kind of meta data model, so the data model of your meta data 

and depending on how complex you want to make it and how fine-grained. Also determines how 

the data is stored and therefore must also be represented. The problem is. Always that you have 

to find the right balance between. Yes full consistency and and hand coverage. On the one hand 

and on the other, avoiding too much complexity and too much layering. Yes, because then the 

average end user is soon yes, the way. Lost, then it becomes too complicated. While the model 

is still technically based. Can't you ultimately achieve your goal with that? So yes, I think choose 

an effective purposeful model. Then yes the storage, that's just. Also prompted by the tooling 

you use for this and the representation is therefore yes again, either search and filter for specific 

information and be able to connect that with other information, supported by diagramming.” – 

F.MDR 

 

Metadata Representation in Data Governance 

Understanding (mentioned by 6) 

“What is each role? The role, eh? That's part of the role anyway, so you only have a limited 

number of positions in the company that have anything to do with data management, so I'm 

Alone. But you have a lot of People have a role like a data steward or a. Data owner that is. No 

features, that's roles as well. There you canbe yes, so exactly that. How does that work 

Together?” – B1.MDRDG 
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“yes well so it. That's coming slowly, it's slowly becoming another step, yes. Yep project was 

very manual. First that pulls was really thinking out with each other. What are we talking about? 

We have one more thing you want to say there, We also have. There have been consultants who 

have said, okay, but you can just buy a data dictionary from us. So then you can walk through 

that thick sea. If you say the one, you've got it. There must also be that true consultancy too 

There is at some point so more In the insurance side there has also been supervision those that 

People were behind and they had to take care of very quickly. Time was, and then you can't buy 

it anymore. And put it down. We have very strong there, I have. Also had some discussions 

about it. It's about the People who have to do it and the People who work with it. But it does 

take time, but they also have to go through it to make it their own. So you can put it next to it 

and it does work, but it's a bit more of a yes not lived through by the business and that. There 

we have. So I can add that. So people are in the process that early, what are we doing? Yes, 

that's really still full of technical. Really connect?” – B1.MDRDG 

“Think dat data governance just seems like it. Policy, which writes about how to store data. Or 

yes, what you need to have described about your data to comply with. Certain certain 

requirements. Yes I know is, I think just yes, the policy of one of the organization just about 

your data. I think that data management is more adhering to policy.” – B2.MDRDG 

 

Organizational management (mentioned by 8) 

“Yes Maybe that cross-functional is also interesting, because It is more cross-team with us. Data 

warehouse, but also all those production systems that. So it is. Pretty hard I think to organize 

this kind of over a whole. How and what and and per team People can have efforts. But to keep 

an overview or throughout the company that find, That's quite a tricky one, I think only we know 

we. I'm sure you can be better at that.” – C.MDRDG 

“OK. Uh, yeah. So, from me from my DAMA-DMBOK. So, the, operational manage the operational 

managing of the data governing of the. So, if I look at what our data governance team do is 

probably the best way of describing it rather than me trying to actually pin it down so that they 

are running the. The monthly sessions or the frequent sessions get the various ownership owners 

together to discuss data, topics, definitions, et cetera, et cetera. That's the governance part, 

actually. The operational management part of managing. I should come up with a better term 

for that. Are you going to give me the version in a second? So, they will work on the policies, 

standards, and frameworks. They work on ownership and responsibility. They work with the 

owners, and they also help to get people trained on Dharma so they have an understanding of 

it. Yeah. So, it's. The functional part of data management. Yeah, it's not that I'm not happy. 

With my answer. But not that.” – A1.MDRDG 

“Yes, basis describes how you actually deal with data and how the responsibility lies for it. I think 

that's the crux of it. Kind of what I told you. How does that structure work? What is a structure 

within the company? Who is responsible for it?  The data.  Mandatory is yes, how do you set that 
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up? And if there is a conflict? Yes, how do you deal with that? I think that is indeed suitcase.” – 

B1.MDRDG 

“But I guess. It would be very useful though. It kind of being able to visualize who has access 

to what and which one. What is the sensitive data We have and who has access to it? And that 

that's also something, nice just kind of ready-made is clearly visible, because then you can also 

check and check people more often and things like that.” – C.MDRDG 

“Yes, everything that is crucial for your company, how do you ensure that you have the right 

data for that, which also meets the right processes and procedures and protocols within you? 

You inside you? Company and that the right People are responsible for it. That is of course also 

crucial, that responsibility” – A2.MDRDG 

“Yes, I think metadata is very important, because if you don't have that, you can't do it. Yes, 

you can't be compliant either, I guess. Yes you can be kind of familiar with  SQL yes, If you just 

say select star of the table and If you have that as a query and you're always going to pull in 

your data like that, then you just grab everything. And if there are changes, you just take them, 

but If you just give your metadata from. Well, I like this and this column. Then he only picks up 

the data you want, that you have defined and whatever you have agreed with. Yes with that. 

DLA or SLA. So That's it. Yes, you can't do without metadata, because. So dates are coming. To 

comply with that, that's just necessary, yes.” – D.MDRDG 

“Yes, I think it is. I did open it. Just very ordinary, very demanding. That she has to do certain 

things? Must give away about your data, so I have a whole section on privacy, especially me. 

Done and to comply. The requirements from the Dutch Data Protection Authority, then you 

simply have to have certain things stored. Just about your data, so you just need certain 

metadata. Available to comply with certain judgments . So I think it's very much to do with 

that.” – B2.MDRDG 

“I've never been that fond of the term, I must say. Because it is? Not personally, but because I 

notice it. A little less now, but years ago they were often seen as oh bureaucracy, you know. 

Well Because governance that is often mentioned in the same breath as security, compliance, 

governance you know, so more the. The auditors who come along with the booklet with all the 

rules you have to comply with, so it had that aftertaste in the beginning. But now that's a bit 

off. And and behold, one knows. I do, by the way, as something positive. I think, I think  it has 

everything to do with it. Engagement, why do I choose this word Because.  Governance can also 

be a bit of a one. Are you saying that one? Empty term words because. It's a very promising 

term that suggests you have it completely under control. Hey, If you control it? And controlling 

something implies that you. People who take accountability. And, that's in practice, right? Still 

quite difficult and complex, because Let's be like you. Having that discussion. We still yes almost 

weekly too. At [COMPANYN NAME] of okay it is even possible to designate a data for your 

customer data, so then that, you would say that there is a person. Hey with a real physical 

person with a first name and a last name within [COMPANYN NAME] who is on the payroll and 
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who is then appointed as a data owner. Well what does that mean? Yes, first of all, that person 

must feel like taking on that role, because. Yes, he's not going to be there? Extra for paid. It is. 

No function, it's a role. And then he needs to know what kind of roles and responsibilities go with 

them. I want to say that I. On Saturday night at 3 a.m. if a system crashes, that is the role of 

the data over. You know, so It's not obviously the solution, but I think I should actually aim for 

that. That you make the organization aware of the fact that one must be engaged to manage 

data as well as possible, including. Setting standards, managing quality ensure that you have 

your affairs under control and in order. that you know where the data is, how it is defined. Yes, 

and then you also have to appoint some People who want to take on a responsible and 

accountable role. But in practice, thosepeople are actually going to solve something for you are 

more the points of contact. And you say. You you your oak points and organization. Who help 

you orientate? In the organization to to. To be able to link the data to. Organization, eh? So they 

say. Once data has to. Following the process, so data follows process. You can see that this is 

also getting more attention today, the day that you have to start with the business processes 

and only then look at data. And then people often say okay, those People and those departments 

that create the data in the process, so create or change it. Or use, those are the People wherever 

you are. Governance has to lay down responsibilities and and I think that's reasonable, so that 

for me that's governance, the engagement and and and awareness aspect, yes.” – F.MDRDG 

 

Data Management and Tooling 

 

“UM. Uh, the other, the other bit that they're doing is also the tooling. Is it mentioning that? And 

it's a little bit of a catch because what happens sometimes is data governance becomes all about 

the tooling, and they have got caught in that trap. Hey, we've, we've got Collibra. It's our data 

governance tool, and it's all about establishing the tool and getting the tool connected to different 

systems and getting people on board with the system. The tool, when actually it's the other way 

around, it's data governance. And then using the tool to help it whereas opposed to hey, we've 

got a tool, and we've got to set up the tool. And then when we set up the tool, we'll do the day's 

government so, but they are responsible for setting up Collibra, and so there's a technical part. 

Of that as. So, if you want to capture the lineage from various systems, then connect Collibra to 

those systems to gather it. And yeah. I think it's OK not to call it out specifically, but it does turn 

into that.” – A1.MDRDG 

“No, You have to have a way to capture you well, and then I just said yes. Those  kinds of things 

are of course just bottom line the important ones that you really have to record, but roles and 

responsibilities all those kinds of things you want to keep track of somewhere in a tooling or 

something, because otherwise you can't  facilitate governance.” – E.MDRDG 

“Maybe monitoring. Monitoring is another one. The operational part of it. Yeah, that's tricky 

because it also comes with data governance. What also happens there, similar to the tooling 

problem? We have a bunch of data governance analysts and specialists. And the business 
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departments end up saying, oh, you're the data governance person; you do it well. No, we have 

the, we'll lay out the policy and the standards, but you as the business are responsible for your 

data, and we'll give you the tooling to show you what your data is and for you to actually be in 

control of it, but. That's not up to us. So monitoring is a tricky one because. Yeah, we can. Say, 

perhaps, how many systems there are or data elements there are that don't have. But yeah, 

you can see. Where I'm going, yeah.” – A1.MDRDG 

“yes, I think that's if you look at the structure and if you look then and if you look at it. The 

media data say. But the information about data itself. That that, think that's very important, 

because I often think that the information is from something like that itself, that that's often the 

sensitive thing about something, you should know. We have a customer If it's just a d, just how 

that customer has and where they live data. Is what is more sensitive, say, and also that if you 

have a structure that you can easily distinguish there. Yes, so that you can say, well, you may 

know about that customer, for example, because you may know a part, is a family city where 

he lives, is a family composition. But how that real hot in which which house number That is, 

then again secured, while that kind of thing. I think, That's very bad. Yes, you have to have that 

structured. You have to be clear about that. If you ever want to be able to govern there, I guess.” 

– C.MDRDG 

“No If it is indeed If it really wants to have visual, then it is that lineage tool, so just say how, 

how? Everything is connected? So it is from the From the physical to the conceptual that. That 

actually it? It the greatest value that say But the man. Visual that collibra brings and has Of 

course just of any asset and you can see you very easily. Which department does certain assets 

belong to in which period? So you've clustered that very nicely. I think she orders it very nicely 

that it brings that the most value and where you feel It is, pretty well. You have to click pretty 

far because they have correct information to come. But all information is in just on a certain 

asset page. A particular element either of the dataset or of the data agreement. But it's not 

really in pictures, it always is. A text, I think.” – B2.MDRDG 

“But I I think it depends on what we mean again by. But what what to what? I think it depends 

on what level of metadata they would want to describe, right? Yeah. Yeah. So, if you're 

cataloguing, if you're cataloguing data, then yeah, I think you should be. Obviously, the best 

thing to do is is look for some look for a tool that can help on the cataloguing. That can be 

represented in visualizations for people to actually understand. I think it's good for methods that 

you would have. Of what is meant by your metadata. And and that should become available. So 

I would use tooling as much as you can and have those tooling integrated to the cross 

applications when when it makes sense. And very much linked to me think also your kind. Of 

maybe your business intelligent tooling your BI tooling.” – A3.MDRDG 

 

Privacy (mentioned by 4) 
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“yes, I think that's if you look at the structure and if you look then and if you look at it. The 

media data say. But the information about data itself. That that, think that's very important, 

because I often think that the information is from something like that itself, that that's often the 

sensitive thing about something, you should know. We have a customer If it's just a d, just how 

that customer has and where they live data. Is what is more sensitive, say, and also that if you 

have a structure that you can easily distinguish there. Yes, so that you can say, well, you may 

know about that customer, for example, because you may know a part, is a family city where 

he lives, is a family composition. But how that real hot in which which house number That is, 

then again secured, while that kind of thing. I think, That's very bad. Yes, you have to have that 

structured. You have to be clear about that. If you ever want to be able to govern there, I guess.” 

– C.MDRDG 

“But I guess. It would be very useful though. It kind of being able to visualize who has access 

to what and which one. What is the sensitive data We have and who has access to it? And that 

that's also something, nice just kind of ready-made is clearly visible, because then you can also 

check and check people more often and things like that.” – C.MDRDG 

“Yes, I think it is. I did open it. Just very ordinary, very demanding. That she has to do certain 

things? Must give away about your data, so I have a whole section on privacy, especially me. 

Done and to comply. The requirements from the Dutch Data Protection Authority, then you 

simply have to have certain things stored. Just about your data, so you just need certain 

metadata. Available to comply with certain judgments . So I think it's very much to do with 

that.” – B2.MDRDG 

“In the data governance context. Yes the good ones, because myself yes, We have more to do 

with the source with the end users that say but then the managers think I think they are not 

very interested, at least some. What I call the technical metadata. But yes, that is stored in a 

certain way that Everyone can read that, because in principle the data itself is not so sensitive. 

Then the data itself so information about the data I can from Everyone by principle. If you say 

Yes, I'm missing a table, say yes yes, just look in the metadata. Yes, it's not there. And then 

yes, then they can make a request to well, or the manager or so of yes, I want to train those 

new data, then you can eventually own or work Because then add for example. Yes, that process 

is a bit tight, but not all at once of oh, I'm missing a column or can you just add it?  In your 

query, yes.” – D.MDRDG 

“With the right level of it, it's making data available. To the right, people at the right time for 

the right purpose. And ensuring that the data is secure.” – A3.MDRDG 

 

Data Management and Quality (mentioned by 7) 

“Yes, good question. Yes, I had looked it up beforehand too, but. As a municipality, remembering 

it was just everything that has to do with the data flow. Well, that you kind of manage that and 
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quality. Tries to keep high and also try to comply with all the rules that come with it. Yes, I think 

that's how briefly it is. Short description.” – D.MDRDG 

“yes well, like I, yes, actually would, I said, Well, so what do we have? We've been very busy 

from the starting point, actually from what we have a that people are with to capture Together 

with the data stewards In the parts. Basically the definitions of each yes, then you have one. We 

have a dictionary or a glossary where you are actually at business term level. How do they talk 

about data trying to hold on? We have at a level below that dictionary level. That's what we call 

it Dutch. Sometimes we really have more the. Data elements captured. And with data elements, 

all additional information, for example that quality requirements that she must meet. We also 

have a whole framework with the methodologies. What is critical for the company for the 

business units, so critical data and. And if so, what don't we call it? It's not not critical data, but 

it's the data and the critical data and  especially the policies and frameworks that really focus on 

that critical data. How do you deal with that? And also for all those, so that critical data is really 

recorded on the basis of a number of data quality dimensions that must meet. Well, that's 

actually all very, very much worked out in detail as well. Yes, for me that's actually  all of that, 

so that's close to data quality, but it's actually metadata about the data. And what are we doing 

now? So in that. Data tools to link that with the physical, so really technically link with the 

physical data In the sources at the actually third level at the physical data level. So then you 

actually get that linked together and then you can see pretty quickly. Okay, what is? Well critical, 

and what does it do? Also with that data dictionary. Linked to this is also a control framework. 

So if what is critical has? Actually minimal, do you want at least a check on it or Maybe. More 

capture, preferably automated that has checks carried out, so. So the framework so the meta, 

so part of this is more data quality, But the thing to base that on is all metadata focused on yes 

that metadata needed to do. To be able to steer that? So what was your question was.” – 

B1.MDRDG 

“Yes, we are. We are now working on indeed just with logical Quality rules for a piece of the 

logical data model looking from okay, We have established data quality rules before. For yes, in 

this case it is. I keep losing it, I often hear waiting, I stood here in front of me. So We're working 

on procurement, so basically procurement and then with suppliers, so that part of Van 

procurement. We are working on a logical data model there and there are also certain logical 

quality rules on it. So we now logically want those logical quality rules to attribute that data. In 

the logical data model, so that we know what they all have an impact on. In the end, you want 

to show those out of those who  will have those Quality Rules themselves those physical rules. 

On the data itself eventually, but we are still working on a logical level to tie thattogether.” – 

A2.MDRDG 

“Well, I can hardly imagine that you can do effective data governance without doing something 

about management. Thinks so is their requirement. But the footprint you need to do that. Have, 

you can vary. For example, I can go through I have. Yes 5 ago Worked at a smaller financial 
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institution. It was a fund. And asset manager, literally an asset manager, but. They did Yes fund 

management and they actually had a free time. Small data landscape, not many systems. About 

15 to 20 systems. A number of data models and then a number of data flows and integration 

points. We still suffered from inconsistent definitions, quality issues, et cetera and actually did 

time to scratch a piece of governance set up quite small-scale with stakeholders, so we set up a 

data board. Are often also called a data governance Board purely to start the conversation about 

where are the problems? How can we? Better share our information and make it available. And 

then We Go Away started capturing a glossary. Whether that was called, then I believe. Anyway, 

the words catalog and glossary are also often used a bit interchangeably, but it also depends a 

bit on where you are. The context. So that catalog was basically a glossary of information about 

the definition. Where that data was located In the landscape. The Golden source eh so what is 

the the the system where that? Data is born. Any data cultural or standards that apply to that 

object of engagement. And, That was the list of no more than 120 objects actually, and also 

something along those lines and then once that too. 1 1 1. Responsible person were assigned, 

then you saw. That yes, very good synergy arose between the department to share knowledge 

and to ensure that you get more control and order in that data. So there it was. The proportion 

of metadata needed to achieve governance in a first iteration of maturity wasn't even that high, 

was it? We didn't have a car withdifficult connectors that pull in all the metadata and put it in 

model. That is actually Advanced users, which we also do with collibra at [COMPANYN NAME]. 

But in If It's Still In Its Infancy, you can actually get very far with very simple means. I have 

also seen certain solutions in sharepoint at very large companies that were actually linked to 

Excel files that were under governance and change management. To certain referential data and 

metadata. To manage and the single version of the truth, as it often so beautiful. Is that called 

you those in order? Gets, so it's possible. You sometimes don't even need very difficult resources 

and not so much to let go to one. Small goal to achieve.” – F.MDRDG 

“Yes, we are. We are now working on indeed just with logical Quality rules for a piece of the 

logical data model looking from okay, We have established data quality rules before. For yes, in 

this case it is. I keep losing it, I often hear waiting, I stood here in front of me. So We're working 

on procurement, so basically procurement and then with suppliers, so that part of Van 

procurement. We are working on a logical data model there and there are also certain logical 

quality rules on it. So we now logically want those logical quality rules to attribute that data. In 

the logical data model, so that we know what they all have an impact on. In the end, you want 

to show those out of those who  will have those Quality Rules themselves those physical rules. 

On the data itself eventually, but we are still working on a logical level to tie thattogether.” – 

A2.MDRDG 

Metadata Management (mentioned by 8) 

“Well, I can hardly imagine that you can do effective data governance without doing something 

about management. Thinks so is their requirement. But the footprint you need to do that. Have, 
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you can vary. For example, I can go through I have. Yes 5 ago Worked at a smaller financial 

institution. It was a fund. And asset manager, literally an asset manager, but. They did Yes fund 

management and they actually had a free time. Small data landscape, not many systems. About 

15 to 20 systems. A number of data models and then a number of data flows and integration 

points. We still suffered from inconsistent definitions, quality issues, et cetera and actually did 

time to scratch a piece of governance set up quite small-scale with stakeholders, so we set up a 

data board. Are often also called a data governance Board purely to start the conversation about 

where are the problems? How can we? Better share our information and make it available. And 

then We Go Away started capturing a glossary. Whether that was called, then I believe. Anyway, 

the words catalog and glossary are also often used a bit interchangeably, but it also depends a 

bit on where you are. The context. So that catalog was basically a glossary of information about 

the definition. Where that data was located In the landscape. The Golden source eh so what is 

the the the system where that? Data is born. Any data cultural or standards that apply to that 

object of engagement. And, That was the list of no more than 120 objects actually, and also 

something along those lines and then once that too. 1 1 1. Responsible person were assigned, 

then you saw. That yes, very good synergy arose between the department to share knowledge 

and to ensure that you get more control and order in that data. So there it was. The proportion 

of metadata needed to achieve governance in a first iteration of maturity wasn't even that high, 

was it? We didn't have a car withdifficult connectors that pull in all the metadata and put it in 

model. That is actually Advanced users, which we also do with collibra at [COMPANYN NAME]. 

But in If It's Still In Its Infancy, you can actually get very far with very simple means. I have 

also seen certain solutions in sharepoint at very large companies that were actually linked to 

Excel files that were under governance and change management. To certain referential data and 

metadata. To manage and the single version of the truth, as it often so beautiful. Is that called 

you those in order? Gets, so it's possible. You sometimes don't even need very difficult resources 

and not so much to let go to one. Small goal to achieve.” – F.MDRDG 

“I think that's that, so you certainly have that for your critical data you have to get that really 

right, otherwise you can't steer on that. Can you too? Data quality yes, can you just not monitor 

and measure data quality? For the other data, it is particularly important to actually be able to 

provide the right dataset to the right person. Give with correct definitions on it.” – B1.MDRDG 

“Yes, I think metadata is very important, because if you don't have that, you can't do it. Yes, 

you can't be compliant either, I guess. Yes you can be kind of familiar with  SQL yes, If you just 

say select star of the table and If you have that as a query and you're always going to pull in 

your data like that, then you just grab everything. And if there are changes, you just take them, 

but If you just give your metadata from. Well, I like this and this column. Then he only picks up 

the data you want, that you have defined and whatever you have agreed with. Yes with that. 

DLA or SLA. So That's it. Yes, you can't do without metadata, because. So dates are coming. To 

comply with that, that's just necessary, yes.” – D.MDRDG 
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“Yes, yes, so crucial: Without metadata, you just can't apply your data governance properly, not 

or not properly? Yes. How else do you know the proportions?” – A2.MDRDG 

 

Metadata Representation in Data Quality 

Understanding (mentioned by 8) 

“Well and People who approach your such dataset can see what the quality is. From that set. 

And if that one, for example, eh? So if you put it very nicely on it, then you know how often is 

that refreshed? How, how new is it? Is this checked by someone or not on that sort of thing you 

get Of course that's actually the next step.” – B1.MDRDQ 

“Well, so it just belongs together. Yes, so you have Without that yes, you actually have, you 

need to know what yes what about what data elements do you just have? Those just need to be 

fixed with definition in a Dictionary and glossary Yes, you just need that to make the agreements. 

To be able to make. If that works. Really very much on the on the data on the data dictionary 

so data element level in base and now since recently also much more on the dataset. That would 

be me further added dataset Nobody. – B1.MDRDQ 

“Yes, yes, so well, both I just have harder rules that you can set in a system to check and 

therefore indeed, because if your person just wants to look at the right, it makes sense 

somewhere that thanks to metadata you can get a lot more feeling at once to be able to look 

with the logical eye.” – C.MDRDQ 

“Yes, I I'm. This is, yeah, and and I'm all on the business side rather than on the technical side. 

Because I think that's sometimes missed in in some in many organizations it becomes too 

technical and people forget to actually understand, OK, what is it? What are we actually trying 

to do?” A3.MDRDQ 

“I think it it then having metadata is an enabler to show where your data quality may be. But 

data quality, if it's if data quality is measuring actual data metadata is not. It's it's not, it's not 

actual data, it's fields a schema as it's it's it's something so. From a bit from maybe from. A 

business rule perspective, it helps, but it's an enabler, I think for data quality.” – A3.MDRDQ 

“For from the business, if you. Want to look at the metadata. Also has been a glossary of terms. 

Do we see do we call terms a metadata it's business metadata. I know what this means. Then 

that also becomes very important. So, and again, it helps I think for for a common language to 

be established. If you have the right level of of. If you know exactly how you want to capture 

your metadata that you'll do it from the top down or a bottom-up approach. That you can show 

you know and start to get that enterprise wide, harmonized uh, view on on what what your data 

is.” – A3.MDRDQ 

Managing quality of data (mentioned by 9) 

“I think two things, I think. That the structure is very clear, so that you don't have to look up or 

clean a lot yourself that it's very stratford, how you put it together. Belonging together and 
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therefore a first one, eh? That it's just so well modeled in a clear way that it makes sense to 

follow, but to recover. But that's also things like, for example, very clear descriptions of fields 

you have of them. I know, this field is exactly this and this this and then that can't be long 

enough to make it very clear. And the other thing is simply the reliability of. The dates 

themselves so If I If I have a If I look at how order did I do yesterday? That's the right number, 

so to speak. Yes because both, because both really aren't trivial. Both really not easy to do.” – 

C.MDRDQ 

“I think that's very important to  know whether you can trust something in data or not. I actually 

all end up trusting the Van de data in the end, because If you know that the data quality is too 

low, then you don't know if you. Or your analyses that you? It's right, isn't it? I think it is very 

important for a user that you know that your data quality is high, so that you have the metadata 

about your data. Where that, so she knows it's that quality very high. Low is,” – B2.MDRDQ 

“Yes, I think I have. I have just answered the current question. I thank now look also that 

previous question can answer. Representation of metadata and data quote context. Yes, of 

course, it starts with business Rolls. Yes, a functional logic and and standards including 

conventions and certain Mandatory.  Values that sort of thing. Sometimes code values in 

reference data huh? You can only choose from these 5 values and otherwise have. Do  you have 

a problem? So, I think quite. Very linked to to. You should actually display it so that it is for the. 

End user also very fast. This can be translated into daily practice. And, and that is sometimes 

quite difficult, because. If you put in a system like collibra and That's not collibra's fault. That 

have every tool that problem once you pull this within the walls of one. Application then you are 

also somewhat trapped in that application, aren't you? So and and People are people anyway, 

for example People who only have a SAP system werken Okay, they want their. Seeing things 

in an SAP system, huh? They want to be there, they are used to those screens, to that layout, 

to that search function, to the representation layer. Also the UX, huh? The user experience. If 

they then have to look for something in a collibra system completely different look and feel, 

different experience, different That is often a threshold and you can't do that easily. Brushing 

away, other than you? Still, it should take care of that. The use of such a tool as well, if only to 

look something up. Facilitates a lot possible, but also includes somewhat standard in your 

processes, because otherwise goes. It's not going to be that, is it? Huh, that? We all suffer from 

that like you, don't we? Your work is done in a certain system and That is today. Do you already 

need 30 systems to do your normal work? If someone takes you to another sharepoint or a 

teams environment or another application where you have to log in again where you then have 

to look again. Okay, where do thoseyou're standing for what, huh? At some point. At the 

moment, there is also a saturation point in People to have to learn something else, so you always 

suffer from that. Yes.” – F.MDRDQ 

“So, we still use Collibra. So, we go from business to conceptual and then down to logical. We 

can have data quality rules at a business term level, and we can then have them at a logical 

level, and then, of course, we apply them at a physical level, so we use Collibra mostly for the 

top 2 layers. And then, for the actual application of DQ rules, we were using a tool called Trillium, 
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and we're now using the Atacama. And so yeah, that then that's this Metadata captured 

throughout.” – A1.MDRDQ 

“And the metadata example there is well, how to do your present data quality? Is it? Is it one 

out of 10, or is it 99%? Or you know. We do that. That's a challenge that's really difficult because 

if we just present one number, then, well, how do you trust that number? So, we actually break 

it down into the concepts, the data concepts. So, like the lease contracts and the customer and 

then we do it per entity as well. So, Brazil. Contract 75%, right? And then how do you get to 

that 70%? Is it an average of? And so yeah, so that's, that's where the metadata comes into 

play with.” – A1.MDRDQ 

“Basis data element level  what actually data really stop, data element level, But we. What 

you've always had is that that's actually kind of because of those toolsets. In the end, is there 

anyone? Does someone send a dataset outside or use it and it often contains data elements from 

multiple parties. So we also have one now. Dataset owner actually has governance, but he is 

actually responsible for data quality. For the delivery of that set and the. What is it used for? 

And that is based on the data quality behind it, You have to know on that set, can you what is 

the purpose of that dataset? Because that is actually part of the requested data quality.” – 

B1.MDRDQ 

“yes, look, I can get me, so to speak. Having my data scattered for all loose Excel files that all 

just don't quite match or just over and then all say something different, but it's accurate and 

can be reliable and things like that and can be complete. Only that you that it then Maybe not 

quite logical how you then combine data and If you want to come to an insight, say Because you 

have it all scattered, or that kind of thing. And So I think it's in one place and all. All the structures 

how everything tells itself to each other is all links on so all. It is very clear that that is also a 

very big, very big important thing to keep quality good, otherwise you will make a mistake faster, 

so it is nice that your coron. Data is correct, but it still is. For business, you make a mistake.” – 

C.MDRDQ 

“Yes, that's the one,  isn't it? Important because you measure You physically though, But do 

that. You with a. My logical reasoning Why you want that and so you first just say, I want this 

data to be ok for such and such and that reason that I am going to measure in this and this way. 

Then you say, you put those rules on top of those on that physical data. But your physical data 

is of course presented by  that metadata. Then you can say well, this part of my metadata model 

is data quality checked, so that's okay, so I can do that. Can I give a check mark of this data 

has been verified and it is correct so it is all Related. So yes, it is, it's very important, yes. At 

that level, you want to see where your reliability data is from.” - A2.MDRDQ 

“Well, well, what's the execution, so to speak, so how are you going to make sure that the data 

quality is higher or stays high?  Get better or something, that You have to clean. Yes, you have 

to. Yes, you have to make your own processes for that. You may get In the assignment of yes 

make sure it is good, but In practice you also have to define that yourself. From, how do we go? 



8. Appendices 

 
M. Coenraads – 651492 / 2077024  138 

 

Maybe we'll run into things like oh, this didn't really realize it was all active. Yes, Maybe we 

should make something for that? In completeness, for example, empty tables and think, Oh, 

that's not right.” – D.MDRDQ 

“So yes, in terms of process? Yes, We are busy a lot, That is more Perhaps from the automation 

idea In the beginning. When we were building there were raids and there wasn't much yet. Data 

In the. But then we ended up  just building those pipelines and then we just started throwing 

everything in like that. We really had data quality checks as well. Yes, That was In the beginning 

that's okay, but eventually there are also just users and those brands we all call that to a nomaly 

or something or things that don't look good and then you realize oh, that has to be time. The 

Quality checks also have to be built and some are very clear and some less so. Yes, we are in 

the process. Now try to focus a little more on that. In the beginning it's more of oh, We have to 

bring in sources and then after that we also have quality and also increase. But yes, Without 

data you can't say anything, but so. First promise of okay, this project will go. Yes, that means 

being able to unlock sources. So could be. Well, if you have a few sources in, then you can also 

focus on that. Work to automate or improve existing processes. Yes and That is also faster, goes 

example computing power and if so.” – D.MDRDQ 

“Yes, I think data quality  should always be linked to business processes that need data and your 

data quality should be fit for purpose for that process. And then you often have to deal with the 

fact that you have a process to create the data. Think, for example, of an office book. This often 

happens in customer sales, service or customer organisation. And in addition, you often need 

that customer information to provide insight. In which markets will you supply and your planning 

processes? So the planning process is a completely different business process, but it depends 

on the data that is created somewhere. So your data quality isn't just in your silo, so me. I serve 

customers, so my customer data such as addresses I know, what should be right? No, you also 

have to make sure that the data for adjacent processes is also correct, so data quality always 

has the dimension of the consumer and. The producer who must have very clear insight into 

what the other person needs to manage the data well for you or to use the data properly.” – 

E.MDRDQ 

“It's also very broad. OK. Again, I think it's it's trying. to fit for purpose. Data needs to be fit for 

purpose. There needs to be a common. There should be commonalities. There should be 

enterprise wide. Uhm. Standards around quality around data in order to ensure that, yeah, 

everybody is speaking the same language. So, I think data quality plays a very big part in 

ensuring that that that we are have a common language across the business. Across any 

business. And it really needs to be coming from. You know from from business rule type driven, 

what are the business rules around that data and and. Translate that into kind of monitoring of 

of of the data.” – A3.MDRDQ 

“I think you think it's always a relative term. Is, But that that general? Definition could be that 

you? Make sure that the data meets the standards that you propose yourself. Those can be 
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different focus. Have, huh? You always have those. Data Quality Dimensions, eh, which you 

probably know too, huh? So? Accuracy, currency enn de completeness. Integrity well that kind 

of dimension and I think it always has two Axes. First of all, you can't bring everything under 

quality management, but you have to look at what are your key or critical data elements, eh? 

The dirt At all that really needs to be brought under control or that can cause problems if you 

don't. VAT. Number on your customer file, then you can't have an invoice. Send well, then you 

have a problem. So such a simple check through the number Or something that that's obvious, 

but so I guess we're looking at where. What does the what do the processes need? Make a 

selection of the data element that you want to bring under quality management and. We then 

look. According to which dimensions you want to exercise that control and also look at which 

layers of process and technology are already there. Certain validations take place or business 

rules are applied. Because often is. It's not that hard to? Check the data quality? Or the monitors 

and report on it, but to it. Correcting is difficult and having to prevent is also very difficult, 

because you never know in which layer. Of the whole process. Or the technology is anyone? Is 

capable of either or. Is authorized to adjust certain field values in a certain orientation or in. An 

interface or. There are a lot of hidden logics left. Which is very hard too. To be found is yes.” – 

F.MDRDQ 

“Yes, look, it obviously has common ground with it. Your metadata model, eh? The  business 

and governance metadata information around business tools and data quality tools that you link 

to that. What do you want to apply those Rolls to? Logical and physical. And of course it has the 

advantage that you can set it up very once and reuse it many times, so you can play a data 

quality role. Managing and setting up. To then technically check in different physical systems, 

but you have determined at a point how. You do that? That does have the advantage that you 

are not going to do it in 20 places in 20 different ways, so I think the added value is mainly in. 

The central approach. Making it transparent and being able to link it to your underlying data. 

World so the models and the systems.” - F.MDRDQ 

 

Insights from data (mentioned by 9) 

“And the metadata example there is well, how to do your present data quality? Is it? Is it one 

out of 10, or is it 99%? Or you know. We do that. That's a challenge that's really difficult because 

if we just present one number, then, well, how do you trust that number? So, we actually break 

it down into the concepts, the data concepts. So, like the lease contracts and the customer and 

then we do it per entity as well. So, Brazil. Contract 75%, right? And then how do you get to 

that 70%? Is it an average of? And so yeah, so that's, that's where the metadata comes into 

play with.” – A1.MDRDQ 

“Well, there are tools available within the section that have that. We don't have at least yet 

central. A central tool to do it. A moment later asks, but there are only going to be. There are, 

There are all kinds of Controls and main frameworks, with also data about that data are available, 
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so yes so that. And, we have there. That depends a bit. The part of the company off. So that's 

for one we have. That is now growing closer together. Well, almost what I said you have that 

that that that that quality consultation that in terms of time is discussed, so the one has a very 

nice one. Cockpit that quality cockpit, in which actually? Comes in where we can just see what 

data has been checked, how many times it's been checked that sort of thing, so It is. Yes, 

currently still built in different tools. The intention is that everything actually comes together. At 

some point.” – B1.MDRDQ 

“It's also very broad. OK. Again, I think it's it's trying. to fit for purpose. Data needs to be fit for 

purpose. There needs to be a common. There should be commonalities. There should be 

enterprise wide. Uhm. Standards around quality around data in order to ensure that, yeah, 

everybody is speaking the same language. So, I think data quality plays a very big part in 

ensuring that that that we are have a common language across the business. Across any 

business. And it really needs to be coming from. You know from from business rule type driven, 

what are the business rules around that data and and. Translate that into kind of monitoring of 

of of the data.” – A3.MDRDQ 

“For from the business, if you. Want to look at the metadata. Also has been a glossary of terms. 

Do we see do we call terms a metadata it's business metadata. I know what this means. Then 

that also becomes very important. So, and again, it helps I think for for a common language to 

be established. If you have the right level of of. If you know exactly how you want to capture 

your metadata that you'll do it from the top down or a bottom-up approach. That you can show 

you know and start to get that enterprise wide, harmonized uh, view on on what what your data 

is.” – A3.MDRDQ 

“We're we; we want to show the results of the tests of the DQ checks in COLLIBRA. But at the 

moment, we're using power bi. So, we take and extract the tool and pump it into the Power BI 

and then build Dashboards.” – A1.MDRDQ 

“Yes, well, the data or data in all kinds of monitoring, dashboards and insights that you can have 

about it, so That's actually the next step, so of course you can also steer on that meta data on 

how it actually is.” – B1.MDRDQ 

“Yes subjectively I would say, the extent to which data is useful. If you have high data quality, 

you can simply get more and more value out of it. And if the data quality is low unusable and 

now it has no purpose to have data. Say so black and white and? Yes, the higher the data quality, 

the better in principle, but. Yes and beyond that you are also just dependent on the source, so 

sometimes you go from. Yes, sometimes you also have crap  in, crap out, so to speak. And then 

bad data comes in, then it is also just difficult to clean it. But if you want just? Also in a good 

way that data gets also the format can sometimes also help, then you can also do much more 

with it. So yes.” – D.MDRDQ 
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“And you can represent that in kind of a in the visualization on a sort of lineage and visualization 

where you can, when a user can see exactly where DQ is being measured. And then it also shows 

the score. Of that and on the visualization, it shows that score.” – A3.MDRDQ 

“So that's very important, but we have not yet done is to put an alert you can we uh. It would 

be. The process the next step on the maturity level. Would be when, when, when that monitoring 

goes below that certain threshold. So, you know that those fields, tables, columns. Uh are are 

going below the quality of of what? Your completeness check is, then an alert would be sent out 

to to a Data steward. Or to a data owner to tell them and that there is an issue with your data 

and maturity. Again, level is ideally this should also be going up to the reporting line. If you have 

global reports report owner should know whether or not this report can be trusted. If there is. 

If he can see that he or she can see. That the the. The data quality score is good. Then he can 

they can these report owners can. Be confident on on their certification of their reports. So plays 

a very important role in in that sense.” – A3.MDRDQ 

 

Data Quality measure (mentioned by 8) 

“Yes, I think I have. I have just answered the current question. I thank now look also that 

previous question can answer. Representation of metadata and data quote context. Yes, of 

course, it starts with business Rolls. Yes, a functional logic and and standards including 

conventions and certain Mandatory.  Values that sort of thing. Sometimes code values in 

reference data huh? You can only choose from these 5 values and otherwise have. Do  you have 

a problem? So, I think quite. Very linked to to. You should actually display it so that it is for the. 

End user also very fast. This can be translated into daily practice. And, and that is sometimes 

quite difficult, because. If you put in a system like collibra and That's not collibra's fault. That 

have every tool that problem once you pull this within the walls of one. Application then you are 

also somewhat trapped in that application, aren't you? So and and People are people anyway, 

for example People who only have a SAP system werken Okay, they want their. Seeing things 

in an SAP system, huh? They want to be there, they are used to those screens, to that layout, 

to that search function, to the representation layer. Also the UX, huh? The user experience. If 

they then have to look for something in a collibra system completely different look and feel, 

different experience, different That is often a threshold and you can't do that easily. Brushing 

away, other than you? Still, it should take care of that. The use of such a tool as well, if only to 

look something up. Facilitates a lot possible, but also includes somewhat standard in your 

processes, because otherwise goes. It's not going to be that, is it? Huh, that? We all suffer from 

that like you, don't we? Your work is done in a certain system and That is today. Do you already 

need 30 systems to do your normal work? If someone takes you to another sharepoint or a 

teams environment or another application where you have to log in again where you then have 

to look again. Okay, where do thoseyou're standing for what, huh? At some point. At the 
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moment, there is also a saturation point in People to have to learn something else, so you always 

suffer from that. Yes.” – F.MDRDQ 

“Yes, that's the one,  isn't it? Important because you measure You physically though, But do 

that. You with a. My logical reasoning Why you want that and so you first just say, I want this 

data to be ok for such and such and that reason that I am going to measure in this and this way. 

Then you say, you put those rules on top of those on that physical data. But your physical data 

is of course presented by  that metadata. Then you can say well, this part of my metadata model 

is data quality checked, so that's okay, so I can do that. Can I give a check mark of this data 

has been verified and it is correct so it is all Related. So yes, it is, it's very important, yes. At 

that level, you want to see where your reliability data is from.” – A2.MDRDQ 

“Data quality is yes the both completeness and accuracy of. You like your data. Is that that  yes 

is that that data meets your expectations. And that it is correct? So, look carefully then. You 

expect it to be filled in Of course very important. Yes, you can have a table in which all data is 

correct, if only 10% is filled in. Yes, I still have. Nothing at all. You have the reliability yourself 

and that of course also depends on it. It's good If the 95% is reliable, it should be 100 or therein 

between. You just have the the notation itself of knocks, we use the right currencies, that kind 

of thing so it There are quite a lot of dimensions to the quality and normally you do of course by 

applying certain rules. Do you think certain logical data, quality rules? And I'm going to measure 

preferably as close. Possibly at the. source or whether it is actually correct.” – A2.MDRDQ 
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8.8 Appendix VIII: Categories and themes to data structure 

In the tables below can be seen the five high over categories of the different themes with their 

codes from the results. The themes were: 

(i) Understanding; 

(ii) (Meta)Data management; 

(iii) Organization; 

(iv) Data management tools; and 

(v) Privacy. 

The codes have been colorized for categorization purposes. 

Table 14 - Category: Understanding 

Theme Participant ID Codes 

Understanding the data A1; A2; A3; B1; B2; E Clarity/Understanding: Confusion 

Understanding A1; B1; B2; C; D; E Clarity/Understanding: Uncertainty 

Understanding A1; A3; B1; B2; C; D; E; F Clarity/Understanding: Ambiguity 

Lack of clarity A3; B1; B2; C; D; E Clarity/Understanding: Unclear 

   Clarity/Understanding: Difficulty understanding 

   Technology: Difficulty 

   Personal and Organizational Development: Challenges 

   Data Management: Data literacy 

   Clarity/Understanding: Clarifying 

   Business Management: Business glossary 

   Data Management: Data definition 

   Technology: Technical Jargon 

    Technology: Technical constraints 

 

Table 15 - Category: (Meta)data management 

Theme Participant ID Codes 

(Meta)Data Management A1; A2; A3; B2; C; D; E ; F Data Management: Data management 
Metadata Management A1; A2; A3; B1; C; D; E; F Data Management: Metadata Management 
Data Management and 
Quality A1; A2; A3; B1; C; D; F Data Management: Data modeling 

Data Management 
A1; A2; A3; B1; B2; C; D; 
E; F Data Management: Data Quality 

   

Data Management: Importance of correct data 
definitions 

   Data Management: Metadata cataloging 
   Data Management: Data governance 
   Technology: Technical requirements 
   Data Quality: Data quality assurance 
   Technology: Metadata 
   Data Management: Data analysis 
   Technology: Technical expertise 
   Business Management: Business processes 
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Personal and Organizational Development: 
Teamwork 

   

Personal and Organizational Development: 
Awareness 

    Business Management: Business adoption 

 

 

Table 16 - Category:  Organization 

Theme Participant ID Codes 

   Technology: Organization 

Organization: Old VS New 
system A1; A2; A3; B1; C; D; E; 

Personal and Organizational Development: 
Awareness 

Organizational management 
A1; A2; B1; B2; C; D; E; 
F 

Personal and Organizational Development: 
Accountability 

Recognition/Awareness A1; A2; A3; B1; B2; C; E Business Management: Organizational structure 

   

Business Management: Organization 
governance 

   Data Management: Importance of metadata 

   Clarity/Understanding: Clarifying 

   Data Management: Recognition of metadata 

   

Personal and Organizational Development: 
Efficiency 

   Business Management: Workflow processes 

   Business Management: Business processes 

   Technology: Legacy systems 

   Data Management: Data capture 

   

Personal and Organizational Development: 
Compliance 

    Business Management: Risk management 

 

Table 17 - Category: Data management tools 

Theme Participant ID Codes 

Data Management and 
Tooling A1; A2; A3; B1; C; D; E Technology: Programming 
Managing quality of data A1; A2; A3; B1; B2; C; D; E; F Technology: Technical expertise 

Insights from data 
A1; A2; A3; B1; B2; C; D; E; 
F; Technology: Technology 

Data Quality measure A1; A2 ;A3; B1; C; D; E; F Data Management: Data cleaning 
Data Management: Tools A1; A2; B1; B2; C; D; E; F Technology: AI 
Metadata type A1; A2; A3; B1; C; E ;F Technology: APIs 
Data type A2; A3; C; E; F Data Management: Data modeling 
   Data Management: Data capture 
   Technology: Documentation 
   Technology: Automation 
   Technology: Integration 
   Technology: Representation 
   Technology: Metadata 
   Technology: Technical metadata 
   Data Management: Data privacy 
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   Technology: Tooling 
   Data Management: Data Management Tools 
   Data Quality: Data Quality Control 
   Data Management: Data analysis 
   Data Management: Data visualization 
   Technology: Analysis 
   Data Management: Data classification 

   

Data Management: Importance of accurate 
data 

   Data Quality: Data quality assurance 
   Data Management: Data processing 

   

Data Management: Importance of data 
quality 

   Data Quality: Data quality assessment 
   Data Quality: Validity 
   Data Quality: Accuracy 
   Data Quality: Consistency 
   Data Quality: Reliability 
   Data Management: Data Quality 
   Data Management: Data management 
   Business Management: Business processes 

   

Business Management: Organization 
governance 

   Data Management: Data governance 
   Technology: Organization 
   Data Management: Metadata Management 
   Technology: Hierarchy 
   Data Management: Data privacy 
    Business Management: Business metadata 

 

Table 18 - Category: Privacy 

Theme Participant ID Codes 
Privacy A3; B2; C; D Data Management: Data privacy 
   Technology: Privacy 

 

Table 19 - From first order concepts to dimensions 

1st order aggregated 2nd order dimension 

Difficulty and confusion 
with understanding 

Challenges and difficulties in 
understanding, including 
confusion with understanding, 
challenges in data literacy, and 
technical language. Understanding challenges 

Improving 
understanding 

Challenges in data literacy 

Importance of data 
management and governance, 
including the importance of 
data definitions, (meta)data 
management, awareness and 
adoption in the business, and 
recognizing metadata for 
effective data 
governance/management. 

Business process 
improvement   
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Importance of data 
definitions 

Focus on improving business 
processes, capturing data in 
legacy systems, and complying 
with regulations. 

Data management 
importance   

Technical language 

Emphasis on the technical skills 
required for effective data 
management. 

Stages of data 
management/governance 

Data 
proficiency 

The importance of 
(meta)data management 

Recognition of different stages 
in data 
management/governance. 

Effective data 
management   

Technical requirements to 
ensure data quality 

Importance of data tooling in 
aiding data management. 

Privacy in data 
management   

Business Processes & 
Teamwork 

Focus on different aspects of 
data quality. Technical skills   

Awareness and adoption in 
the business 

Managing data effectively 
through data management 
practices. Data tooling 

Data 
Governance 
Lifecycle 

Recognizing metadata and 
creating awareness for 
effective data 
governance/management 

Consideration of privacy in data 
management. Data quality aspects   

Improving business 
procesess       

Capturing data in legacy 
systems       

Complying with regulation       

Technical skills are required       

Different stages in data 
management/governance       

Data tooling helps with 
data management       

Focusing on different 
aspects of data quality       

Managing data effective 
through data management       

Privacy of data in data 
managent       
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