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Abstract

Large organizations make use of data to improve decision-making. However, traditional
data architectures can not keep up with the scale and complexity of data. Data mesh
addresses these problems by decentralizing data management. In this data architecture, data
is part of a data product, which contains data, metadata, code, interfaces, and infrastructure.

In this research, we employ Design Science Research to design a methodology for de-
veloping and maintaining data products within a data mesh architecture. In this study,
we conducted a gray literature review, which enabled us to gain insight into existing data
and software methodologies, as well as the development of data products in practice. This
knowledge was used to design our methodology. Furthermore, we utilized the FEDS evalua-
tion framework to conduct a formative and summative evaluation of the methodology.

The primary contribution of this study is the Development Methodology for Data Products
within a Data Mesh Architecture (DPDM-DMA). This methodology was perceived as
useful and easy to use by experts in the field. To our knowledge, the DPDM-DMA is
the first structured methodology that focuses on developing data products within a data
mesh architecture. This work lays the foundation for creating high-quality, sharable data
products. Further research can give insights into how this can be applied in various sectors.



Contents

1 Introduction

1.1 Motivation . . . . . . . . . . e

1.2 Problem statement . . . . . . . ... L o

1.3 Research goals . . . . . . . . . . . .

1.4 Research questions . . . . . . . . . . . . . ...

1.5 Thesis structure . . . . . . . . . ..
2 Research methodology

2.1 Design Science Research . . . . . . ... ... oo oo

2.2 Literature Review . . . . . . . . . . o

2.3 Evaluation methods . . . . .. .. . ... ... . ... ... ... ...
3 Background

3.1 Data mesh architecture. . . . . . . . ... oo oo

3.2 Dataproducts. . . . . . . . . .

3.3 Existing methodologies and approaches . . . . . . . . . ... ... ... ...

34 Conclusion. . . . . . ...
4 Problem and Requirements

4.1 Problem . . . . ..

4.2 Requirements . . . . . . ...

4.3 Dataquality . . . . . . .. L
5 Design and Development

5.1 Design overview . . . . . . ... Lo e

5.2 Detailed design . . . . . . ..
6 Demonstration

6.1 Case study background . . . . . . . ...

6.2 DPDM-DMA application . . . . . ... . ... ...
7 Evaluation

7.1 Formative evaluation: expert-interviews . . . . . ... ... ... ... ...

7.2  Summative evaluation: Survey . . . . .. .. ...
8 Final Remarks

8.1 Discussion . . . . . . . . e

8.2 Conclusion . . . . . . . . .

A Protocol for Gray Literature Study on Data Products

10
10
13
14

18
18
23
24
28

29
29
31
32

36
36
38

46
46
48

53
93
54

57
o7
99

65



Gray Literature Review - Sources 69

Interview Protocol 71
C.1 Interviewees selection and invite . . . . . . . . . . ... ... 71
C.2 Script of Interview . . . . . . . .. 73
Data Product Development Methodology 75



Chapter 1

Introduction

This chapter introduces the design problem that motivates our study. The chapter outlines
our research objectives and formulates the research questions that guide our study.

1.1 Motivation

A data architecture is a blueprint for data management within an organization. Tradi-
tionally, most organizations have relied on centralized data architectures, where a single
team is responsible for managing data within an organization. However, as the quantity
and complexity of data continue to expand, this approach has proven inadequate for large
data-driven organizations, resulting in bottlenecks within the central data teams.

A novel data architecture called data mesh addresses these challenges by decentraliz-
ing data management. First proposed in a blog article by Dehghani [13], data mesh can
play an important role in addressing the issue of scale and complexity in data management
at large organizations. Data mesh is a socio-technical solution that fosters scalability and
interoperability. The topic of data mesh has been of interest to researchers and organizations
alike, as these characteristics are seen as important drivers for keeping up with the increased
demand for data-driven decision-making. Importantly, the issue of data sharing is no longer
a technical challenge but an organizational one. Data mesh addresses this by introducing a
completely new approach to handling data in organizations.

The data mesh architecture utilizes the concept of "data product thinking", a growing
trend in data management. This philosophy applies product thinking to data, making data
producers responsible for delivering value to their users. This reasoning can be compared to
traditional products, where organizations are responsible for making an appealing product.
Data product thinking encourages data producers to consider how they format and deliver
data to maximize value for data consumers. Data products are prepared datasets and
services that are easily usable by parties who don’t directly interact with teams responsible
for the data. In the context of data mesh architecture, data products are supported by an
organizational structure and technology.

Data mesh and data products are novel topics, and these concepts are still relatively
new in the field of data management [18|. Consequently, there is still limited guidance for
organizations on how to implement a data mesh architecture or how to develop high-quality
data products. This study set out to find a methodology for developing and maintain-
ing data products within a data mesh data architecture, providing practical insights for



organizations seeking to adopt data mesh architectures.

1.2 Problem statement

In today’s data-driven landscape, a comprehensive understanding of data products and data
mesh architectures enables us to further understand and facilitate effective data sharing
among various stakeholders, both within and outside an organization [7]. Data can be
incredibly valuable for organizations, as described by Svensson & Taghavianfar [4] who
identified potential benefits and challenges of data-driven organizations. Foremost, data can
enhance decision-making by possibly making decisions more informed, accurate, specific,
faster, and reliable. Data can help organizations understand the customer. Finally, it can
improve creativity, productivity, and the market position of organizations. However, to
realize these benefits, an organization has to have a data-driven culture and access to a
significant volume of data. Maturity assessment models can help to assess organizations’
readiness for migrating to a data mesh architecture [8|.

Recent advancements in data analytics, artificial intelligence and big data offer inter-
esting opportunities for companies. These technologies lead to enhanced decision-making,
reduced costs, and increased efficiency [43]. Organizations are seeking to gather as much
data as possible in order to capitalize on these emerging opportunities. Concurrently, there
is a growing trend of organizations sharing data between different departments and with
competitors. Technologies such as Multi-Party Computation, Federated Learning, and Data
Spaces are facilitating this collaborative data exchange.

To further understand how we can exchange data between data providers and data con-
sumers, research into data mesh and data products is really valuable |16, 48|.

Data mesh offers a promising solution to the limitations of centralized data architec-
tures. However, data mesh is a novel paradigm, and as a consequence, principles and
guidelines for working with a data mesh architecture are still lacking |7, 18]. The effective
utilization of analytical data for critical decision-making is dependent upon the availability
of data that meets certain quality standards. A data architecture follows principles and
standards for managing data, which facilitate quality data management. However, these
principles and standards must be followed correctly to ensure quality data.

Within a data mesh, data is part of a data product. These data products are nodes
within the data mesh, which includes data, metadata, code, and infrastructure. Data
products represent the central elements of the data mesh architecture. However, to the best
of our knowledge there is currently no guidance or research that focuses on developing and
maintaining data products. To ensure data quality, organizations must establish guidelines
to effectively build and manage data products. These guidelines would result in enhanced
efficiency, quality, and consistency in data product management.

1.3 Research goals

Data products and data mesh are becoming an important factor in data-driven decision
making. As large organizations struggle with the increasing volume and complexity, these
concepts can offer promising solutions for data management. This research aims to address
a gap in the current knowledge by designing a methodology to help data producers in



building and maintaining high-quality data products within a data mesh architecture.

To define our research goal precisely, we defined our design problem using Wieringa’s
design-problem-template [49]:

Improve the development and maintenance of data products within o data mesh architecture
by designing a methodology for data producers that enhances the efficiency, consistency
and quality of data products in order to improve data-driven decision making in large
data-driven organizations.

The primary objective of this research has been to offer insights into the development and
maintenance process for data products. This understanding can help both practitioners and
researchers better understand data products. Additionally, our research aimed to enhance
the efficiency and quality of data products in organizations. To achieve this, we developed a
methodology to establish guidelines, expand knowledge, and ultimately improve the quality
of data products.

Ultimately, this research gives new perceptions on managing shareable data. While our
focus was on data products within a data mesh architecture, our findings are expected to
be applicable beyond the data mesh context. Therefore, our research can contribute to the
advancement of data management practices in general.

To address the design problem, we have formulated the following research goals:

e To determine the activities necessary for developing and maintaining data products
within a data mesh.

e To design a methodology that describes activities for building and maintaining data
products in detail.

e To validate the ease of use and usefulness of the proposed methodology.

1.4 Research questions

We translated the design problem and research goals into our main research question:

e RQ: How can we design a methodology to assist organizations in developing and
maintaining high-quality data products within a data mesh architecture?

We defined sub-questions to help us answer our main research question. Firstly, it is
essential to have a proper understanding of data products and how they are built and
maintained before we started to design our methodology. The objective of the methodology
is to assist organizations in building and maintaining high-quality data products. However,
to achieve this, it was necessary to have a clear understanding of the characteristics that
characterize a high-quality data product. This information facilitates the formulation of
objectives and requirements for the methodology.

e SQ1: What are the essential steps in the design and maintenance of data products
in a data mesh architecture?

e SQ2: What are the characteristics of high-quality data products?



Once the characteristics and development of a high-quality data product have been
fully understood, the next step is to design a methodology that supports organizations in
applying this knowledge. This entailed identifying the appropriate method for designing a
methodology and drawing inspiration from existing methods and guidelines for working
with data.

e SQ3: How can we design an effective methodology for developing and maintaining
data products based on insights from existing literature?

In order to demonstrate the applicability and efficiency of the methodology, we demon-
strated the methodology in a fictitious case. Subsequently, we utilized expert interviews to
evaluate the methodology and ascertain its compliance with the established requirements.

e SQ4: To what extent can the designed methodology be applied to a use case?

e SQ5: To what extent is the designed methodology applicable and useful?

1.5 Thesis structure

This report is further structured as follows:

e Chapter 2 offers an in-depth explanation of our research strategy and methods. This
chapter describes how we addressed our research questions.

e Chapter 3 provides an overview of the data mesh data architecture. Additionally,
the chapter examines the concepts of data products and reviews relevant data and
software methodologies.

e Chapter 4 explicates the design problem, ensuring the problem is precisely defined.
Furthermore, the chapter defines the requirements for the methodology used for the
development and evaluation of our design.

e Chapter 5 describes the designed methodology on a conceptual and detailed level.
This chapter justifies the choices made during the development of the methodology.

e Chapter 6 demonstrates the designed methodology by describing the use of the
methodology on a fictitious case.

e Chapter 7 presents the findings of the evaluations. The evaluation consists of two
components: a formative evaluation and a summative evaluation.

e Chapter 8 gives our final remarks, summarizing our key findings and contributions.
Further, this chapter outlines limitations to the study and identifies potential future
research.



Chapter 2

Research methodology

This chapter presents the research methodology, providing a comprehensive overview of the
methods used for our study. First, we explore Design Science Research (DSR), which is used
to address our research questions. Subsequently, we examine the research strategies and
methods used to carry out our Design Science research project and build the DPDM-DMA
(Data Product Development Methodology within a Data Mesh Architecture). We discuss
the research methods used, which include a review of gray literature and evaluation methods
such as interviews with industry experts and surveys.

2.1 Design Science Research

In this research, we employed Design Science Research (DSR), as described by Johannesson
and Perjons [23], to address our research questions. DSR is a framework that facilitates
the development of artifacts, with Johannesson and Perjons focusing on its applications in
information systems and IT. These artifacts are objects that address a practical problem.
Our research aims to improve the design and maintenance of data products within a data
mesh architecture, which will be done by designing a methodology (the artifact).

Implementing a data mesh architecture presents significant challenges, one of which is
the lack of guidelines for implementing a data mesh and developing data products. Prac-
titioners are still exploring ways to implement this data architecture. In this research
project, we employ DSR as a structured approach to design a methodology for developing
and maintaining data products. The proposed methodology is called the Data Product
Development Methodology within a Data Mesh Architecture (DPDM-DMA). DDSR is
particularly applicable to our research because we are trying to solve a real-world problem
by developing a methodology. The structured approach of DSR ensures that we thoroughly
investigate the problem and context and evaluate the designed methodology.

Johannesson and Perjons developed a method framework for Design Science Research
[23] that consists of five activities:

1. Explicate the problem.
2. Define requirements.
3. Design and develop the artifact.

4. Demonstrate the artifact.
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Initial problem,

5. Evaluate the artifact.

Next to these activities, Johannesson and Perjons provide guidelines for carrying out the
activities, selecting research methods, and relating the research to an existing knowledge

base.

Figure 2.1 illustrates the activities in the Design Science method framework [23]. In
their study, Johannesson & Perjons [23] employed the function modeling methodology,
IDEFO, to describe the research methodology visually. This model utilizes a visual notation
to represent information, with boxes denoting activities and arrows representing data and
objects. Figure 2.1 shows the types of data and objects used in the model. The model

consists of:

e Input: Knowledge at the beginning of the activity.

e Output: Knowledge at the end of the activity.
e Controls: Information used for governing the activity.

e Resources: Knowledge used as the basis for an activity.

loray literature review
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FIGURE 2.1: Method framework for Design Science applied to this research [23]
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The framework proposed by Johannesson & Perjons [23] provides clear guidelines for
each Design Science research process activity using the IDEF0 modeling methodology to
enhance its clarity and usability. Additionally, Johannesson & Perjons [23]| recognize the
challenges of socio-technical systems, which aligns with the concept of data mesh as a
socio-technical system. In comparison to other DSR methodologies, the framework offers
a more detailed and structured set of guidelines, making it particularly suitable for our
research on developing a methodology.

The sections below explain the activities performed in each phase.

2.1.1 Explicate problem

In the first activity, explicate problem, we investigated the practical problem [23]|. This
activity answers the first subquestion by examining the essential steps in designing and
maintaining data products in a data mesh architecture. This activity builds on the infor-
mation gathered during our previous scoping review [27], presented in Chapter 3, which
provided an initial overview of data mesh concepts and associated challenges.

In order to gain a deeper understanding of challenges faced by organizations and data
producers, we performed a Gray Literature Review (GLR). This approach enabled us to
capture industry practices and trends not yet reflected in literature, which is particularly
suitable for a novel topic like data mesh.

2.1.2 Define requirements

Before designing our methodology, we defined requirements. Requirements serve as guide-
lines during the design and as criteria for the evaluations [49].

During this activity, we used insights from our GLR and the results of the explicate
problem activity. The GLR findings were synthesized to identify common themes and
issues. Based on these themes, the requirements were formulated to guide the design phase.
Furthermore, the requirements were used to define an initial outline of the DPDM-DMA.

2.1.3 Design and develop artifact

During the third activity, we designed and developed a methodology for developing data
products by reusing and adapting parts of existing data management methods and by
adopting new ideas.

We started by sketching and creating a first concept, which was discussed with experts to
obtain valuable feedback and refine the design.

Johannnesson & Perjons 23] describe the following components of an artifact:
e Structure, the components of the artifact.
e Behavior, actions that the artifact can carry out.
e Function, what the artifact does for the user.

e Environment, the surroundings and conditions in which the artifact will operate.

12



e Effects, how the artifact will change its environments; this can both be intended and
unintended effects.

The methodology is described in accordance with these components in Chapter 5.

2.1.4 Demonstrate artifact

In the fourth activity, the applicability and usefulness of the designed methodology are
demonstrated through its application in a fictitious case study. This case study illustrates
how the methodology addresses the problem at hand. The demonstration is documented to
illustrate the methodology’s practical application. This documentation serves to explain
the methodology’s goal and usage to users.

Ideally, an artifact should be demonstrated in a real-life case to show that the artifact
can solve an instance of the problem [23]. However, due to the novelty of the data mesh
architecture, we faced challenges in finding organizations where we could perform a use-case
study within the limited time frame.

We acknowledge this as a limitation of our research. The methodology should be evaluated
in a real-life scenario to determine risks and evaluate efficacy. We address this limitation
and propose future work in Chapter 8.

2.1.5 Evaluate artifact

During the evaluate artifact activity, we assessed how well our designed methodology solves
the problem and fulfills the set requirements. We employed the Framework for Evaluation in
Design Science [45] to guide our evaluation process. Our evaluation included both formative
and summative evaluations.

During the formative evaluations, we interviewed industry experts to gain insights from
practice. The experts were selected from different industries and backgrounds to provide a
wide range of feedback. These evaluations were used to improve our design iteratively.

For the summative evaluation, we utilized the Method Evaluation Model (MEM) [33].
The MEM is designed to validate information systems design methods, making it particu-
larly suitable for our research. The MEM is based on the popular Technology Acceptance
Model (TAM) and Methodological Pragmatism [33].

2.2 Literature Review

This section discusses the literature review, which addresses the first, second, and third
sub-research questions of our study. We utilized a Gray Literature Review (GLR) for the
explicate problem and define requirements activities.

2.2.1 Gray literature review

During the ezplicate problem and define requirements activities, we utilized a Gray Lit-
erature Review (GLR) to further investigate the problem and set requirements for the
proposed data product development methodology. A GLR is valuable as it bridges the
gap between academic and professional practice. A GLR can help to get industry insights

13



on the topic, especially in our case with a novel paradigm such as data mesh. By using a
GLR, we can incorporate not yet peer-reviewed publications in our research, enabling us to
capture all current knowledge on data product development within a data mesh architecture.

We used a structured approach for our GLR, following the guidelines presented by Garousi
et al. [17]. This approach, based on Kitchenham & Charters [26], enables us to close
the gap between academic and professional practice. The research protocol used for our
literature review can be found in Appendix A.

Search strategy

To establish a focus scope, we first defined research questions using PICOC (Population,
Intervention, Comparison, Outcome, Context) criteria as described by Kitchenham &
Charters |26]. This structured approach allowed us to define the scope of our search.

Our search contained a wide range of gray literature resources, such as expert panels,
(video) blogs, and industry reports. This broad search allowed us to capture the most recent
developments.

Selection criteria

The selection of resources was based on criteria and a quality assessment. A quality

assessment ensured that our resources are valid and free of bias [26].

We utilized a structured document to maintain consistency in data extraction across
all sources. This approach ensured a consistent output of information for each resource.
Data extraction and synthesis

The data extraction involved reviewing the key concepts, methodologies, steps, and best
practices. The GLR findings were synthesized to identify common themes and issues. These
themes were utilized to formulate requirements and create an outline for our design. These
requirements are later used to guide our design and evaluation.

The GLR established a solid theoretical foundation for our research.

2.3 Evaluation methods

This section discusses the research methods utilized to evaluate the Data Product Develop-
ment Methodology within Data Mesh Architectures (DPDM-DMA). We first discuss the
framework used for the evaluation. Then, we will dive deeper into the specific methods.

We utilized expert interviews during the design and development of the DPDM-DMA
to improve our design. Finally, a survey was used during our final evaluation to assess the
perceived usefulness and perceived ease of use of the DPDM-DMA.

2.3.1 Evaluation framework

Evaluation is a crucial part of design science. An evaluation can determine how well an
artifact performs, identify possible side effects, and determine the weaknesses and potential

14



improvements for an artifact [44]. We applied the Framework for Evaluation in Design
Science (FEDS) [45] to guide our evaluation process. This framework guided us through
our evaluation using four steps [45]:

1. Explicate the goals of the evaluation

2. Choose the evaluation strategy or strategies
3. Determine the properties to evaluate

4. Design the individual evaluation episodes

By applying a FEDS strategy to our research, we use a structured approach and are guided
through the evaluation processes.

Evaluation goal

During the evaluation of the DPDM-DMA, we try to answer the following question: "How
well does the methodology solve the explicated problem and fulfill the defined requirements?"
[23]. Utilizing the explicated problem and defined requirements from Chapter 4.

Evaluation strategy

Evaluations can be categorized as ex-ante evaluation or ex-post evaluation. Ex-ante evalua-
tions are assessments of an artifact before it is designed and employed. This can be done
to understand the need for an artifact better and determine possible components of an
artifact. Ex-post evaluations are assessments after an artifact is designed and assess the
value of an implemented artifact [23, 45].

Another way we can distinguish evaluations is by discerning the evaluation as an artificial-
or naturalistic evaluation, which separates evaluation based on its setting. A naturalistic
evaluation takes place in a natural environment, while an artificial evaluation includes
laboratory experiments or simulations [44]. Due to limited time and no access to a real-
world example, we have chosen only to perform artificial evaluations. This is, however, a
limitation to our study, as due to the organizational challenges of a data mesh architecture,
a naturalistic evaluation would be needed to evaluate social risks.

We perform both a formative evaluation during the design and a summative evaluation
after the finished design.

Evaluation properties

The requirements defined in Chapter 4 are utilized when applying the evaluation method.
The designed methodology should align with the data mesh principles. Furthermore, it
should be usable, comprehensible, accessible, and relevant.

Additionally, we utilized the Method Evaluation Model (MEM) [33] for the summative
evaluation. The MEM is designed to validate information systems design methods, making
it particularly suitable for our research. The model is based on the popular Technology
Acceptance Model (TAM) and Methodological Pragmatism [33]. The method is used to
assess the perceived usefulness and ease of use. We have mapped our explicated problem
and defined requirements to the constructs of MEM.
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Evaluation episodes

As this is a master’s thesis research, we have limited resources regarding time, money, and
people. Furthermore, the topic of data mesh is relatively untried, limiting the number of
organizations and people with experience in implementing and working with data mesh.
These factors helped us narrow down the possible evaluation methods.

We performed expert interviews during the methodology design to get feedback on the
process. Next, we utilized a survey to get feedback on the final design of the methodology.

2.3.2 Expert-interviews

We conducted semi-structured interviews with industry experts to gain in-depth insights
during our design and development. Interviews enabled direct feedback from industry
experts, allowing us to refine our methodology iteratively. This type of evaluation is called
a formative evaluation, where we utilize feedback for the improvement of our methodology.

Interviews are a valuable tool for discussing complex information in a conversation. By
conducting interviews, we were able to explain our methodology and ensure a shared
understanding of key concepts. This is especially crucial when exploring novel topics such
as data mesh architecture.

We identified experts with experience in data architectures, data mesh, and data products.
We tried to obtain a broad selection of experts to gain as much different feedback as possible.
To get a wide selection, we utilized our network, and a community focused on data mesh,
LinkedIn, Google, and authors of relevant literature.

An interview can be classified by level of structure [38]|. There are three levels of standard-
ization:

1. Structured interviews, which follow a predefined protocol with identical questions.

2. Semi-structured interviews, which utilize a list of questions but allow flexibility in
order and permit to go off-topic.

3. Unstructured interviews, which are only guided by topic.

For our research, we used semi-structured interviews. The predefined questions enabled us
to compare results from different reviews. Additionally, this choice allowed us to dive into
the expert’s specific knowledge and points of feedback.

While semi-structured interviews offer numerous advantages, it also has some limita-
tions. Potential biases can arise from the interviewer or interviewee. Furthermore, taking
interviews is a time-consuming practice. Additionally, the semi-structured nature of the
interviews can lead to inconsistencies between interviews, which can affect the results.
Finally, the interview results depend on the interviewer’s interview and communication
skills.

The interviews aimed to better understand how data products are created in large orga-
nizations, understand the steps involved and verify whether the steps are similar to our
methodology. Furthermore, we gathered feedback on the structure and quality of our
methodology.
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Each interview lasted approximately one hour and took place online and offline. The
interviews were automatically transcribed to ensure efficiency. We analyzed the feedback
collected to identify themes and improvements, which were used to improve and refine the
methodology.

2.3.3 Survey

This study utilizes a survey to evaluate the usefulness, ease of use, and defined requirements
of the final version of the DPDM-DMA. A major advantage of surveys is that they can be
easily sent to a large audience. Further, a survey has the same set of questions for each
respondent, allowing us to easily compare the answers of each respondent. The responses
can be statistically analyzed.

For the survey, we targeted experts with experience in data mesh architectures by approach-
ing the interviewees of our formative evaluation and sending the survey to a community
channel with data mesh enthusiasts and experts. The survey was conducted using a web
questionnaire [32].

The questionnaire is divided into five sections:
1. Information on the methodology.
2. Demographic information and data mesh experience (5 questions).
3. Perceived usefulness (6 questions, using a Likert scale [33]).
4. Perceived ease of use (5 questions, using a Likert scale [33]).
5. Intention to use (2 questions, using a Likert scale [33]).
6. Open-ended feedback (5 questions).

The survey questions were developed based on the requirements set for the methodology
and on the Method Evaluation Model (MEM) [33]. By using this proven model, we ensure
the validity of the evaluation and survey. The questionnaire starts with questions on the
experience and demographics of the respondents. Further, the questionnaire contained
mandatory closed-ended and optional open-ended questions on the DPDM-DMA, allowing
us to collect quantitative and qualitative data.
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Chapter 3

Background

The data mesh architecture can be described by explaining the four underlying principles of
this architecture. This chapter explains these principles and both the social and technical
properties of data mesh. Furthermore, the concept of data product is examined. This
chapter ends with a review of relevant methodologies that were utilized as inspiration for
the developed methodology.

3.1 Data mesh architecture

In this section, we summarize the most important findings of recent studies to better
understand the current state of research on data mesh. This synthesis is done through
a gray literature review. This work builds on an earlier review by Goedegebuure et al.
[18] by considering the most recent research and focusing on approaches for designing and
implementing data meshes.

Large organizations commonly use data to gain insights and achieve a competitive ad-
vantage. Data architectures are used as guidelines for working with data. A paradigm
shift in data architectures is being driven by the challenges large organizations face in
dealing with poor data governance and bottlenecks in current data architectures due to the
increasing volume and complexity of data. Currently, data are often managed in a central
place within an organization. However, some organizations have shifted to data mesh as a
socio-technical solution that works with analytical data in a decentralized way. Data mesh
is not solely a technical solution; instead, it also focuses on how an organization should
implement the roles within the organization and is thus considered a socio-technical solution.

Data mesh follows from four core principles for successfully implementing a decentral-
ized architecture:

1. Domain-Oriented Data Ownership: introduces decentralized data management by
splitting an organization into business domains and making these domains responsible
for data management.

2. Data as a Product: introduces data products by applying "product thinking" to data,
making the business domains responsible for providing high-quality data to other
business domains.

3. Self-Serve Data Platform: a domain-agnostic platform built by a centralized platform
team that provides autonomous business domains with the tools they need for the
entire data product lifecycle.
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4. Federated Computational Governance: manages decentralized data, ensures compli-
ance with rules and maximizes data quality through federated decision-making.

In the following sections, we give a detailed explanation of these four principles of data
mesh. The main insights for this chapter are derived from Dehghani’s book [12]|, who first
coined the term data mesh. Additionally, a significant amount of inspiration came from
Goedegebuure et al. [18], who structurally analyzed and synthesized information from gray
literature in a literature review.

3.1.1 Principle 1 — Domain-oriented data ownership

The first principle of data mesh is domain-oriented data ownership, which introduces
decentralized data management to analytical data by using Domain-Driven Design (DDD)
to structure an organization into business domains. Data architectures before data mesh
use a monolithic or silo approach to data, where the data are stored and managed by a
central data team. In a data mesh, the responsibility of gathering, maintaining, and offering
data and (a part of the) data governance is decentralized to business domains, bringer tasks
closer to people with expertise in the data [18].

By decentralizing, data can be managed by people who are closest to them [12]. These
users have domain knowledge of their specific business domain and can use their expertise
in the business domain when working on the data. As a result, the quality of the data
should increase, and the domains will have a quicker way to access and modify the data.
Each business domain now has many more responsibilities, such as providing data to other
domains, which presents numerous challenges that will be addressed in a later section.

3.1.2 Principle 2 — Data as a product

The second principle applies product thinking to data. As business domains become re-
sponsible for offering data to other business domains, it is essential to adopt a new mindset
regarding providing data. Data are offered to consumers by creating data products. Business
domains should provide high-quality data to other domains, and data consumers must be
happy and pleased [12]. This is done with the help of new roles that are created within the
business domains: the domain data product owner and the data product developer. With
data products, as with normal products, the producer is responsible for warranty, quality,
information, and sales.

We must ensure the usefulness of data products, as the business domain is responsi-
ble for making a useful data product. Dehghani identified eight attributes of high-quality
data products, shown in Figure 3.1. Business domains can use these attributes to test if
their data products are valuable for their consumers, inside or outside the domain. We
further dive into data product quality and the DAUTNIVS attributes in Chapter 4.

3.1.3 Principle 3 — Self-serve data platform

The third principle of data mesh is a self-serve data platform and is about building a
domain-agnostic infrastructure [18]. All business domains must make use of infrastructure
to store, process, and visualize data in order to create data products [13]. A central data
team is responsible for creating this domain-agnostic infrastructure, relieving business
domains from the task of building their own infrastructure.
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DAUTNIVS Attributes

1. Discoverable

2. Addressable

3. Understandable

4. Truthful (Trustworthy)
5. Natively Accessible

6. Interoperable

: 7. Valuable

Code : 8. Secure

FIGURE 3.1: Components and attributes of high-quality data products

Goedegebuure et al. [18] and Machado et al. [29] described the components of the
data platform, which are shown in Table 3.1. Besides relieving business domains from the
work of creating and maintaining infrastructure, the platform should empower its users.
In particular, the platform should be created so that users can work with data without
knowing the jargon, thereby making it more accessible for people with a limited technical
background. This enables software developers and business teams to work on data products
and prevents organizations from hiring scarce and costly data engineers [13]|. Finally, the
platform helps with the cooperation and interoperability between different business domains.

A data mesh platform should facilitate working with data and the product-thinking philos-
ophy. It should allow business domains to exchange data products and allow consumers to
effortlessly discover data products. The platform should automate and assist in governance
tasks and help its users comply with governance policies.

TABLE 3.1: Components of a self-serve data platform

Goedegebuure et al. Machado et al.
Polyglot storage Storage
Distributed query engine Data visualization
Service for data product componentes Integration
Security and privacy Machine learning
Metadata repository Processing

Data catalog Software development
BI tools

Monitoring

Compute

Networking

Product lifecycle management
Policy enforcement

Dehghani divides the data platform into three different planes based on capabilities [12]:
e Data infrastructure plane, for managing the underlying infrastructure.

e Data product experience plane, for developing and consuming data products. For
example, setting local policies, creating and deploying a data product.

e Data mesh plane, for services that are on a mesh level, such as discovering data
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products, or setting global policies.

3.1.4 Principle 4 — Federated computational governance

“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 formal-
izes data policies, standards, and procedures and monitors compliance.” — Abraham et al. [1].

The fourth principle of data mesh is federated computational governance. Effective data
governance results in improved performance effects while mitigating risks [1]. However,
governing a distributed data architecture is a complex task, and Bode et al. [7] identified
this as one of the main challenges for professionals in the adoption of a data mesh.

TABLE 3.2: Global and local governance activities, defined by Goedegebuure et al.
[18]

Global governance Local governance

Define organization-wide standards and guidelines Managing the data models of the product

Define and enforce global governance policies Managing data access control

Define data quality assessment methodology Managing compliance and conformance
Business glossary modeling Managing data quality

Monitoring data mesh Monitoring data product health

Creating incentive models

Organizations should look at a data mesh as a connected ecosystem using systems thinking.
A balance between local and global decision-making is required to successfully govern a
data mesh [12]. Goedegebuure et al. [18| defined three types of governance in a data mesh:
global, local, and automated governance. Responsibilities for data design are decentralized
in a data mesh; however, sometimes data from multiple business domains need to be
interoperable, and global governance can facilitate this. Furthermore, global governance is
needed to set global quality standards and organization-wide policies. Business domain
teams get the control to set local policies. These local policies ensure data quality on a
local level utilizing domain expert knowledge. A data platform can be used to automate
governance policies. Regulation, security, and errors can be detected (and resolved) using
automated governance. Business domain teams are responsible for local domain models
and quality. Global and local governance tasks are summarized in Table 3.2.

3.1.5 Benefits of data mesh

Moving to a data mesh architecture has multiple potential benefits. Firstly, a data mesh
helps reduce bottlenecks |7, 18, 28| by shifting responsibility from a central team to business
domain teams. This shift allows users to quickly request and access data without the need
for a middle person, significantly reducing the lead times. Secondly, business domains can
produce data products more rapidly, which can help shorten the time required to bring new
products and services to the market [7]. As a consequence of reducing bottlenecks, business
domain teams can react quickly to trends and create new analyses, thereby facilitating agility.
These characteristics make data mesh an optimal solution for addressing the expanding
scale and complexity of data, which are challenging to maintain in current data architectures.
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Thirdly, data mesh increases the value of the data by increasing the data quality, in-
teroperability, and accessibility. Centralized data warehouses often lead to complexity.
Moving away from a central solution helps create comprehensible data sources.

Fourthly, applying product thinking to data encourages business domain teams to consider
the users of the data, thereby increasing the quality of the data. Business domain teams
are encouraged to consider users and data quality by using service-level objectives (SLOs).
Dehghani introduced the DAUTNIVS principles (see Figure 3.1), which should be used to
build high-quality data products [12]. Fifthly, the quality of data increases by moving the
responsibilities of the creation and management of data products closer to the source of the
data and, thus, closer to the knowledge of the data.

Finally, business domain teams’ knowledge can also help create better governance policies
for data [7]. The data mesh approach aligns with businesses moving toward an agile
approach, particularly in combination with microservice architecture and domain thinking.
Data-driven decision-making helps organizations gain a competitive advantage, which can
be further increased using a data mesh as a result of increased agility and data quality.

3.1.6 Challenges of data mesh

Migrating to a data mesh architecture presents both organizational and technical challenges.
These challenges include cultural shifts, employee acceptance and readiness, skill gaps, and
financial investments.

The shift towards a decentralized architecture requires a holistic approach, as it can
involve changes to the organization’s culture [7]. Implementing data mesh in an organiza-
tion calls for changes in the skills and mode of operation of certain employees, making the
implementation of change management strategies a challenging task.

Business domain teams need to be skilled enough to perform the new tasks assigned
to them. Moreover, they should be motivated to create high-quality data products, even
though these efforts may not directly benefit their business domains. This situation can
potentially lead to friction and resistance [7, 2.

The shift from a single centralized team to multiple decentralized teams requires good
governance to avoid errors in data quality, duplication, and policy compliance. Decentral-
izing responsibilities creates security challenges that can be mitigated by putting good
governance in place [18|.

Organizations must carefully evaluate whether the transition to a data mesh architec-
ture would be beneficial, as this shift can be quite challenging, costly, and highly influential
on the organization’s structure. While data mesh is a current trend, it is essential to
understand that it is not a one-size-fits-all solution [7]. It should only be considered when
organizations are already familiar with a data-driven way of working and feel that their
current architecture lacks agility or scalability.
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Benefits Challenges

Technical Organizational Technical Organizational
Aglhty | Infrastructure | . Financial
Culture shift

| |
| Data quahty | | Consistency |
| |

Reduce bottlenecks |

| |
| |
Duplication of data | | Acceptance |
| |

| Scalability | : | Governance | Skills and Capacity

| Interoperability |: | Business alignment |

FIGURE 3.2: Benefits and challenges mapped to technical or organizational

3.1.7 Implementation of a data mesh architecture

Data mesh is not a silver bullet. Organizations should carefully consider whether the
benefits of a data mesh architecture outweigh those of their current data architecture.
Furthermore, organizations must possess a certain level of understanding and readiness
before implementing a data mesh within their organization. In their thesis on data mesh, De
Boer [8] and Jonkman [25] developed a readiness model and a maturity model, respectively.
These models can be used by companies to assess their current situation and their need for
data mesh.

A readiness assessment "measures an organization’s ability to undertake a transformational
change by means of a systematic analysis, while identifying potential challenges that might
arise when implementing new procedures and structures within the current organizational
context" [8]. De Boer [8] developed a data mesh readiness model, which enables users to
assess their readiness to migrate to a data mesh architecture. The assessments examine
the necessity, capacity, and preparedness for change and if the principles of data mesh are
implemented correctly within the organization.

Jonkman [25] created a maturity model to assess the maturity of a data mesh imple-
mentation. In defining maturity models, Jonkman employs the definition of DAMA
International. Maturity assessments are utilized to enhance a process based on a model
that describes the evolution of characteristics across levels, which indicate an organiza-
tion’s current capabilities and the desired states [25]. Jonkman’s maturity model provides
insights into the overall maturity of the data mesh implementation and offers detailed
insights into five dimensions related to data mesh migration. Organizations may utilize a
self-assessment tool by responding to questions corresponding to the five dimensions of data
mesh. Additionally, the model offers an overview of maturity across the People, Process,
and Technology perspectives.

3.2 Data products

The term ’data products’ encompasses various meanings, so we need to precisely define
data products and the context of our methodology. According to a definition provided by
Dehghani [12], data product "is the node on the mesh that encapsulates three structural
components |code, (meta-)data, infrastructure| required for its function, providing access
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to the domain’s analytical data as a product." However, the term ’data product’ is also
used outside the data mesh context.

We distinguish three types of data products:

1. Data-driven services: Products or services that are built on data, such as Al
models, dashboards, and APIs.

2. Consumption-ready datasets: A prepared dataset that is easily usable by other
parties but is not part of a data mesh architecture.

3. Data mesh node: A node within a data mesh architecture consisting of data,
metadata, code, and infrastructure.

In our research, we focus on data products within a data mesh architecture. However,
consumption-ready datasets can be similar to a data mesh node. The main difference
between consumption-ready datasets and data mesh nodes is the context in which they
are built. Data mesh nodes are built within a data mesh architecture, which facilitates the
socio-technical structure for sharing data between parties.

Data mesh architectures are built on four principles. In addition to the principle of
"Data as a Product," three other principles add significant value and ensure the quality of
data products. Firstly, the domain-oriented ownership principle helps prevent data siloing
and establishes clear responsibilities by dividing an organization into business domains.
Secondly, the self-serve data platform provides data users with the necessary tools to develop
and access data products efficiently. Finally, federated computational governance addresses
governance challenges and ensures the interoperability of data products by, for example,
building organization-wide data models and creating policies. The combination of these
three principles makes data products within a data mesh architecture effective.

Although the designed methodology can provide insights for practitioners building consumption-
ready datasets, this research focuses on building data products for a data mesh architecture,
where data management is done by business domains using a domain-agnostic platform.

Data contracts can help build discoverable, trustworthy, and interoperable data prod-
ucts. Data contracts are agreements between data producers and consumers containing
promises and rules. Data providers are responsible for providing the set promises. By
creating a data contract, a data product can become more discoverable and interoperable.
Ultimately, by utilizing data contracts within your data mesh architecture, you standardize
the way of storing information about the data product.

3.3 Existing methodologies and approaches

In this section, we explore existing methodologies that could be adopted for data mesh and
have inspired our data product development methodology.
3.3.1 CRISP-DM

CRISP-DM is a well-known methodology for data mining projects. In the 1990s, data
mining began to become more mainstream. Wirth & Hipp [51] recognized that the success
of data mining depended on the expertise of the involved analysts. To make data mining
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FIGURE 3.3: CRISP-DM Process Model for Data Mining [51]

more comprehensible, they designed the Cross Industry Standard Process for Data Mining
(CRISP-DM) process model. The process model was still the most widely-used analytic
methodology in 2019, according to various opinion polls [30].

The CRISP-DM methodology consists of four levels of abstraction: phases, generic tasks,
specialized tasks, and process instances [51]. A generic reference model presents a quick
overview of the methodology, while a user guide dives deeper into step-by-step instructions.
CRISP-DM consists of six phases, which can be executed in any order but are visualized
using the most frequent dependencies. The visualization of the methodology is shown in
Figure 3.3.

In the first phase, business understanding, the business objectives are determined, and
a project plan is created. The second phase, data understanding, is used to get a better
understanding of the available data, which can help to better formulate the project plan.
Next, in the data preparation phase, the initial data is transformed into a final data set,
which can be used in the modeling phase. During the modeling phase, data mining models
are selected, built, and assessed. The results from the models are evaluated, and a decision
is made about the deployment of the model. This is done during the Evaluation phase.
Finally, in the deployment phase, the model is deployed, and the project is reviewed. Table
3.3 gives an overview of the phases and their tasks.

TABLE 3.3: Overview of the CRISP-DM reference model

Business understanding Data understanding Data preparation Modeling Evaluation Deployment

Determine business objectives  Collect initial data Select data Select modeling technique Evaluate results Plan deployment

Assess situation Describe data Clean data Generate test designs Review process Plan monitoring and maintenance
Determine data mining goals — Explore data Construct data Build model Determine next steps  Produce final report

Produce project plan Verify data quality Integrate data Assess model Review project

Format data

The CRISP-DM process model is "considered the most complete data mining methodology
in terms of meeting the needs of industrial projects" [30]. This process model has several
strengths that make it a valuable starting point for developing a data product methodology.
First, CRISP-DM is well-documented and complete [30] and has been successfully adapted
for various other data mining tasks and machine learning applications [42]. Second, the
business understanding phase of CRISP-DM aligns well with the principles of a data mesh
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architecture, as it focuses on understanding the business objectives and creating a plan
before starting on the project. This focus aligns with the core value of data products, which
is understanding and delivering customer value. Finally, the iterative nature of CRISP-DM,
with its cyclic approach, is well-suited to the continuous evolution and improvement of data
products [37].

Despite these strengths, three major shortcomings are of CRISP-DM are identified that
make it impossible to directly apply the model to data products: First, the CRISP-DM pro-
cess model focuses specifically on data mining projects, making it not directly applicable to
building data products. Second, CRISP-DM focuses mainly on data, whereas data products
commonly consists of pipelines, APIs, governance and documentation. Finally, CRISP-DM
is somewhat outdated and may not fully address the challenges of modern data architectures.

While CRISP-DM offers valuable insights and a complete and structured approach, its
limitations do not make the process model directly applicable within data mesh architectures.

3.3.2 Design thinking

Design thinking has emerged as a concept with diverse interpretations across various dis-
ciplines. [24]. In our research, we utilize design thinking as defined by Brown [9] and
Stanford University’s D.School [40]. Design thinking applies practices designers use to
other practices, including services, products, and strategy development. The steps in design
thinking are shown in Table 3.4.

Brown identifies five characteristics of design thinkers: empathy, integrative thinking,
optimism, experimentalism, and collaboration [9]. These characteristics are also relevant
for data producers in a data mesh architecture. Data producers must deliver value to data
consumers, which requires empathy and integrative thinking. Moreover, developing data
products is an iterative process that demands collaboration, optimism, and experiments.

TABLE 3.4: Steps in design thinking

Brown |[9] Stanford’s D.School [40]
Inspiration Emphatize

Ideation Define

Implementation Ideate

Protoypte

Test

Table 3.4 shows the steps involved with design thinking.

Design thinking’s customer-centric approach, iterative nature, and focus on prototyp-
ing make it a compelling framework for data product development. These characteristics
align with the data product thinking principle of data mesh architectures. However, design
thinking may be too generic and lacks structure making it not useful as a standalone
solution.
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3.3.3 Agile, DevOps, DataOps

Agile, DevOps, and DataOps are popular methodologies for software and data engineering.
These methodologies build upon each other:

Agile is a software development methodology formalized in the Manifesto for Agile Software
Development in 2001. The manifesto focuses on iterative development, customer collabo-
ration, and responding to change. These principles address the limitations of traditional
Waterfall development models.

DevOps extends on Agile principles by enhancing communication and collaboration between
developers and operators [22]. Jabbari et al. [22] define DevOps as: "a development method-
ology aimed at bridging the gap between Development (Dev) and Operations, emphasizing
communication and collaboration, continuous integration, quality assurance and delivery
with automated deployment utilizing a set of development practices."

As organizations adopt data-driven decision-making, DataOps emerged as a new methodol-
ogy focusing on data engineering. DataOps is often seen as the data alternative to DevOps.
Munappy et al. worked towards a definition in his study into DataOps, he defines DataOps
as: "as an approach that accelerates the delivery of high-quality results by automation
and orchestration of data life cycle stages. DataOps adopts the best practices, processes,
tools, and technologies from Agile software engineering and DevOps for governing analytics
development, optimizing code verification, building and delivering new analytics, thereby
promoting the culture of collaboration and continuous improvement" [34].

All these methodologies focus on collaboration, iterative development and automation.
These are all factors that can be seen in the Data as a Product principle of data architec-
tures. However, these methodologies are not directly applicable to build data products, as
these methodologies don’t focus on data product specific topics like governance. We use
these popular data methodologies as inspiration for a new methodology for data product
development.

3.3.4 Project management

The development of a data product can be seen as a project. Thus, we investigated project
management practices, specifically the Project Management Book of Knowledge (PMBOK)
[20]. PMBOK is a structured and comprehensive project framework applicable to any
industry and type of project. The PMBOK project management principles guide behavior
throughout the project lifecycle. The key principles of PMBOK focus on delivering value
and engaging with stakeholders, which are relevant to data products.

The PMBOK is divided into eight project performance domains, which are groups of
related activities. These domains provide an approach to project management, including
stakeholder performance, project work, and measurement performance. Furthermore, the
PMBOK provides models and methods that can be used in these performance domains.
Next, deliverables and artifacts are given, that can be used as project output.

Project management is a mature field, and PMBOK is an extensive resource. However, the

PMBOK primarily focuses on traditional project management, which may not fully align
with the iterative nature of the data as a product princple. We can combine the structured
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processes with agile principles to create a more tailored fit for data product development.

3.4 Conclusion

This chapter delves into the data mesh data architecture and its four underlying principles:
domain-oriented data ownership, data as a product, self-serve data platform, and federated
computational governance. Combining these four principles enables the creation of a
decentralized data architecture, where domain experts focus on delivering value from their
data by focusing on product thinking. This is achieved by implementing a self-serve data
platform, which is created and maintained by a central team. In addition, local and global
policies are balanced in order to ensure quality and compliance with regulations. Data mesh
is not a silver bullet; therefore, this chapter describes the benefits and challenges of data
mesh and provides insights into models that can be used to assess your readiness for data
mesh. One of the major challenges is the cultural shift and the need for employee acceptance.

Exploring different types of data products enables us to create a clear definition of data
products. Finally, we looked at existing methodologies that can be used as inspiration and
adapted for a data product development methodology. The explored methodologies do not
address the challenges of data product development. Most importantly, all methodologies
lack a specific focus on data products. There is a clear need for a specialized methodology
that combines the technical and organizational aspects, incorporates product thinking, and
provides an understandable explanation of data product development for domains. We
used the existing methodologies as the foundation for the development of a data product
development methodology.
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Chapter 4

Problem and Requirements

This chapter examines the challenges of developing and maintaining high-quality data
products within a data mesh architecture. The first section of the chapter extends our
initial problem statement. The following section defines the requirements for the DPDM-
DMA methodology. Finally, we dive into the concepts of high-quality data and high-quality
data products.

4.1 Problem

The data mesh architecture is a novel paradigm that offers solutions to challenges encoun-
tered in traditional data architectures. The shift to decentralization of data management
is key to solving organizational challenges faced with data management. Furthermore,
decentralization and product thinking align with trends toward sharing data within and
between organizations. However, the way of sharing data changes drastically in a data
mesh architecture compared to centralized data architectures.

In this section, we dive into technical and organizational challenges associated with devel-
oping data products.

4.1.1 System thinking

We try to understand the problem holistically by taking a system perspective of the problem.
We employed the CATWOE analysis derived from Soft System Methodology (SSM) |3, 10].
SSM is designed to address problems at a strategic level, which can help us understand
our complex problem [36]. SSM is concerned with the study of Human Activity Systems
(HAS), which can be defined as a set of activities that interact in order to achieve a
specific goal. It focuses on the socio-technical aspects of systems, making it applicable to
information systems and, in our case, to data mesh, as data mesh is a socio-technical solution.

"CATWOE’ is a mnemonic for Customers, Actor, Transformation process, Weltanschauung
(world view), Ownership, and Environment. We utilized CATWOE to define the problem
and the relationship between the problem and the actors involved with the development of
data products. The analysis is shown in Table 4.1.

Thus, to utilize the advantages of a decentralized data architecture, we require social

and technical infrastructure, skills, and governance. The current lack of guidelines and
standards for implementing a data mesh architecture leads to challenges when creating
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TABLE 4.1: CATWOE analysis applied to our problem

Customers Data providers, data consumers

Actor Data product developer, data product owner, business domain teams, platform
team, data governance team

Transformation From domain data and customer needs (input) to a value-driven data product
process (output)
Weltanschauung A decentralized data architecture offers a number of advantages, including

high-quality, scalable, and agile data management, which in turn positively affects
decision-making

Ownership Domain teams

Environment Available social and technical infrastructure (data maturity), company culture,
skills, and governance

high-quality data products. The development of data products is dependent on the imple-
mentation of the other principles of data mesh. In the following sections, we explore the
problem further.

4.1.2 Relation data mesh principles

The four principles of data mesh are interconnected, so building high-quality data products
relies on the effective implementation of each principle. This interdependence underscores the
complexity inherent to migrating to a data mesh architecture. Consequently, organizations
should have a clear data strategy and migration plan to be capable of building high-quality
data products. We dive into the different principles of data mesh and how they are
interrelated.

e Domain-oriented ownership establishes the correct organizational structure and or-
ganizational strategy. This principle is concerned with creating boundaries within
an organization, thereby clarifying responsibilities and data ownership within an
organization. By defining business domains, we create clear responsibilities for groups
to both produce and consume data.

e Federated computational governance ensures interoperability and adherence to stan-
dards across data products. We want to create consistent data products across
domains. One approach to interoperability and consistency is the implementation of
a template for building data products, providing consistency in the structure of data
products. Standards and policies are needed to build interoperable data products.

e Self-serve data platform provides the essential tools and platforms required for devel-
oping data products. Data producers rely on appropriate tooling to build and deploy
data products. Without the correct infrastructure, it is impossible to create, store,
and share data products efficiently.

The interrelation between these principles highlight the holistic nature of the data mesh
approach. Organizations must first develop a data strategy that incorporates all four
principles: domain-oriented ownership, data as a product, self-serve data infrastructure,
and federated computational governance. After the implementation of these principles, we
are able to start creating high-quality data products.
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4.1.3 Problem definition

Data products in a data mesh architecture are significantly more complex than traditional
datasets. They do not only contain data but also code, metadata, infrastructure, and
interfaces. The shift from centralized to decentralized data management is a mostly a
organizational change, where new actors work on developing data products. Existing
methodologies and practices are not applicable to the data mesh architecture.

This process of developing data products is complex, involving numerous steps and skills.
High quality data products are of great importance for the entire organization, as decisions
are made based on the information they provide. Furthermore, the transition to data mesh
is often driven by the desire for enhanced agility. It is essential to ensure the implementation
of processes will facilitate this increase in agility.

The primary challenges in the design and maintenance of data products are balancing
design and governance for domain and organization-wide needs. While there is research
on migration and implementation to data mesh, this is not yet the case for working with
data mesh in practice. Ensuring the quality of data products, the data literacy of domain
experts, and the interoperability and ownership of data lead to high-quality data.

Many organizations need to work with data and may consider data mesh as their data
architecture. This makes the problem relevant to a big audience. Working with data is
universal. Helping organizations build high-quality data products can benefit a broad range
of industries.

Acceptance by business domains is one of the challenges the novel data architecture faces
[2, 7]. According to the Technology Acceptance Model (TAM) [11], perceived usefulness
and perceived ease of use are crucial factors for the adoption of technology. A development
methodology could help business domain teams to better understand the usefulness of data
products. Furthermore, when data products are easy to build, the perceived ease of use
should increase. Ultimately, the development of a methodology could help the acceptance
of the data mesh architecture.

4.2 Requirements

We defined requirements that were used as guidance during the design and evaluation of the
methodology. These requirements can be used to assess the effectiveness of the proposed
solution in addressing the problem.

4.2.1 Functional requirements

In order to ensure the successful implementation and operation of the DPDM-DMA, it
is important to outline the functional requirements. These requirements provide clear
guidance regarding the capabilities and features that the DPDM-DMA must support to
achieve its objectives.

e The DPDM-DMA should define the different phases of the data product lifecycle.

e The DPDM-DMA should clarify the goals and tasks of different stakeholders for the
data product lifecycle.
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The DPDM-DMA should present a suite of tools for each phase of the data product
lifecycle.

The DPDM-DMA should present expected input and prerequisites for each phase of
the data product lifecycle.

The DPDM-DMA should present expected output and outcomes for each phase of
the data product lifecycle.

4.2.2 Structural Qualities

The DPDM-DMA should focus on helping data producers create value for their customers.
This is done by listening to the customer and utilizing feedback. We make use of design
thinking principles to set the structural qualities of the methodology.

User-Centric Focus: The DPDM-DMA should prioritize understanding and ad-
dressing the needs and challenges of end-users to ensure it meets their requirements.

Iterative Development: The DPDM-DMA should support iterative development
through prototyping and frequent feedback loops to facilitate continuous improvement.

Scalability: The DPDM-DMA should support large organizations.

Modularity: The DPDM-DMA should support modularity, allowing components to
be independently developed, maintained, and reused.

4.2.3 Environmental Qualities

The methodology should be usable, comprehensible, and accessible to different stakeholders:

4.3

Data mesh alignment: The DPDM-DMA should align with the core data mesh
principles.

Usability: The DPDM-DMA should be usable by data product developers, data

product owners, and management.

Comprehensibility: The DPDM-DMA should be easy to understand for data
product developers, data product owners, and management.

Accessibility: The DPDM-DMA should be accessible to data product developers,
data product owners, and management.

Relevance: The DPDM-DMA should be relevant across diverse types of organizations
and sectors.

Data quality

In this section, we answer our second research question, "What are the characteristics of
high-quality data products?" We do this by first delving into the fundamental concept of
data quality and then into data products and their quality characteristics.
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4.3.1 Data quality

Data quality impacts organizational efficiency and decision-making effectiveness [47|. There
are a lot of definitions and attributes for data quality. Wang & Strong [47] take the customer
viewpoint of quality and define data quality as "data that are fit for use by data consumers.”

In their paper, Wang & Strong [47] establish a framework capturing four data quality
domain categories, which each represent a construct of data quality (Table 4.2). However,
over the years, many different quality domains have emerged. One reason for this could be
the use of data in many different contexts, and the need for a quality attribute can vary
depending on the context. More recently, Sidi et al. [41] identified 40 different quality
domains and their definitions from the literature.

TABLE 4.2: Data quality domains, categorized by Wang & Strong [47].

Category Data quality domain
Intrinsic data quality Believability, accuracy, objectivity, reputation
Contextual data quality Value-added, relevancy, timeliness, completeness, appropriate amount of data

Representational data quality Interpretability, ease of understanding, representational consistency, concise representation
Accessibility data quality Accessibility, access security

4.3.2 Data product quality

Extending Wang & Strong’s definition, high-quality data products can be seen as data
products that are fit for use by data consumers.

As introduced in Chapter 3, Dehghani [12] defined data product attributes, which serve
as the baseline for useful data products within a data mesh architecture. Driessen et al.
[15] ensured the relevance of these attributes through the use of semi-structured interviews.
Additionally, they identified a new attribute of data products, namely "feedback-driven,"
making it DAUTNIVS+.

The DAUTNIVS+ attributes focus mainly on data accessibility, which is a key issue
that data mesh tries to address. The attributes are widely adopted, and most books, blogs,
and other gray literature use the DAUTNIVS+ attributes. By using these attributes in our
study, experts can quickly recognize their meaning.

While alternatives exist, such as the widely-cited FAIR (Findability, Accessibility, In-
teroperability, and Reusability) principles [50], we selected DAUTNIVS+ for several reasons.

Firstly, FAIR focuses on improving the Findability, Accessibility, Interoperability, and
Reusability of scientific data. These principles are well-known in the scientific community.
However, the specific focus on scientific data can make this principle less generally applica-
ble. Secondly, DAUTNIVS+ attributes are specifically designed for data products within a
data mesh architecture, making it more suitable for our study. Thirdly, the DAUTNIVS+
attributes already cover most FAIR principles, making them more complete. This is shown
in Table 4.3.
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TABLE 4.3: FAIR principles related to DAUTNIVS+ attributes

Findable
F1 (Meta)data are assigned a globally unique and persistent identifier Addressable
F2 Data are described with rich metadata (defined by R1 below) Discoverable, understandable
F3 Metadata clearly and explicitly include the identifier of the data they describe
F4 (Meta)data are registered or indexed in a searchable resource Discoverable
Accessible

(Meta)data are retrievable by their identifier
using a standardised communications protocol
A2 Metadata are accessible, even when the data are no longer available

(Natively) accessible, Secure

Interoperable

(Meta)data use a formal, accessible, shared,

and broadly applicable language for knowledge representation. Understandable, Interoperable

2 (Meta)data use vocabularies that follow FAIR principles Discoverable, Interoperable
I3  (Meta)data include qualified references to other (meta)data Interoperable
Reusable
R1 (Meta)data are richly described with a plurality Understandable, Trustworthy,
of accurate and relevant attributes Secure

4.3.3 DAUTNIVS+

For our research, we utilized DAUTNIVS+ as the quality attributes for data products. We
describe these quality attributes.

Discoverable

Data consumers should easily find the data they need. Data producers can facilitate this
by sharing information about source, quality, sample datasets, and use cases. In addition,
metadata helps make data products more discoverable. A data catalog is often implemented
within a data mesh architecture to make data products easily discoverable.

Addressable

In a data mesh architecture, there should be a clear structure of how to address data
products, and there should be a consistent pattern throughout the architecture. Data
products should have a permanent and unique address. Next to retrieving data, it should
be easy to adjust and remove a data product.

Understandable

Data products are made understandable, by explaining use cases and providing sample
data, notebooks, and possible use cases. This is needed as data consumers should be able
to understand the data product on their own. This means that they should be able to get
a good understanding of the attributes and the use of the data product. The data user
should be able to understand the attributes, and any ambiguity should be removed by
providing documentation.

Trustworthy and trustful

The data provided by the data product should be truthful and credible. The producer of
the data product should ensure that the product conforms to data quality domains that
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can be established using a data quality framework. In addition, data consumers should be
able to quickly trust the data, which can be accomplished by using service level objectives
(SLOs) that include information about quality attributes of the data, such as timeliness,
completeness, and lineage.

Natively accessible

A data product should be easily accessible to data consumers. This can be done by providing
a way to access the data product that is intuitive or familiar with the data consumer’s
skills and tools.

Interoperable

Data products should be interoperable with other data products, as this can provide
powerful insights. Organization-wide standards facilitate interoperability and consistency,
which should be applied to various aspects of the data product. There should be standards
for describing data products, metadata, and data quality. One way to facilitate this is to
use templates to build data products. Rules and policies that facilitate interoperability
should be created globally as part of federated governance within a data mesh architecture.

Valuable

A data product should be relevant and add value for its consumers. Furthermore, it should
be valuable on its own without using other data products. It is important to track the
value of the data product during its lifecycle. This can be done by monitoring indicators
such as usage.

Secure

Data products should be secure so that unauthorized users do not have access to data
products.

Feedback-driven

A data product should use feedback from consumers to improve the data product. This
should be done as early as possible by building prototypes and gathering early feedback. By
getting feedback early and employing an iterative approach to data product development,
the data product brings more value to the consumer. Data producers are responsible for
delivering value, meaning they should continually adjust their data products and process
feedback.
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Chapter 5

Design and Development

In this chapter, we delve into the structure and function of the Data Product Development
Methodology in Data Mesh Architecture (DPDM-DMA). In the first section, we provide an
overview of the designed methodology and how it addresses the design problem. Next, we
dive into the details of the design.

5.1 Design overview

In this study, we aimed to provide guidelines for building data products within a data mesh
architecture to facilitate its adoption, improve data quality, and more effectively utilize
data assets.

Johanneson and Perjons [23| describe two essential ways of thinking for generating ideas
that can be utilized for the Design Science process: divergent and convergent thinking.
Divergent thinking entails imaginative and innovative approaches to creating new ideas.
This approach should be combined with convergent thinking, which is a more analytical
approach where the designer uses existing ideas and applies this to their design [23].

In this study, we integrate new and innovative ideas with the established methods, principles,
and guidelines described in Chapter 3. We employ concepts that have proven effective in
other contexts and apply them to the data mesh context.

This section explores the key components of the Data Product Development Method-
ology within Data Mesh Architecture (DPDM-DMA). The methodology offers a framework
that outlines the steps for developing a data product. The methodology provides inputs
and outcomes for each step of the development process and offers the necessary skills and
tools to execute each step successfully.

5.1.1 Prerequisites

For our methodology, we expect organizations to have fully implemented the data mesh
architecture. They should have a self-serve data platform and a data strategy. Furthermore,
we expect organizations to have implemented an organization-wide data contract or data
model to facilitate interoperability between data products and to provide guidance on the
components of a data product.
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5.1.2 Structure

We have taken inspiration from the CRISP-DM model [51|, which utilizes different levels
of abstraction from general to specific. We also describe our model from generic to more
specific, beginning with stages, phases, and tasks.

The DPDM-DMA methodology consists of three main stages: a decision-making starting
stage, an iterative development stage, and an end stage. In the starting stage, we identify
the need for a data product and determine the specific needs of the customer. During the
iterative stage, we develop the data product iteratively by gathering feedback from the
data consumer. Finally, during the end stage, we retire a data product in case it is not
used anymore.

We identified these stages through analysis of our gray literature review, which emphasized
the initial identification of problems and business objectives. The initial and iterative stage
aligns with steps of Agile methodologies and DevOps and DataOps |22, 34].

5.1.3 Phases

We systematically derived the phases of the methodology by analyzing 20 articles from
our gray literature review on building data products (see Appendix B). We employed a
thematic analysis for identifying and grouping similar development activities. We grouped
terminologies with a similar meaning.

In our analysis, we discovered four primary phases (Table 5.1). The ideation and de-
sign phase was observed in 60% of the articles. Next, a develop phase was seen in 30%
of the sources. Finally, a deployment and maintenance phase was observed in 45% of the
sources. Only 20% of the sources discussed a separate activity for data exploration.

TABLE 5.1: Analysis of data product development phases in gray literature

Phase Key terms Source IDs (table B.1) Frequency
Ideation and Design  "identify", "understand", "design" G2, G3, G4, G5, G6, G7, G8, G12, G13, G17, G19, G20  12/20
Explore "collect" G3, G6 2/20
Develop "develop", "create", "build" G1, G6, G10, G13, G16, G19 6/20

Deploy and Maintain  "deploy", "release", "maintenance", "monitor" G3, G5, G7, G14, G15, G16, G18, G19, G20 9/20

We validated our initial phases through interviews and identified the following consid-
erations for the phases of our methodology. Firstly, we chose to distinguish between data
exploration and development by further splitting the development phase into an exploration
and a build phase. Secondly, gray literature (G18) and the book of Deghani [13] emphasize
the importance of a retirement strategy, so we also added a retirement phase.

Ultimately, our methodology contains the following five phases:
1. Ideation phase assesses the need and feasibility of the data product.
2. Exploration phase explores data and its quality.
3. Build phase constructs different components of the data product.

4. Deploy phase combines these components and deploys and monitors the data product.
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5. Retire phase encompasses activities related to the end of the data product lifecycle.

Start Stage Iterative Stage End Stage

Y

Build

Y

Deploy > Retire

Ideation > Explore

[ I I

FIGURE 5.1: Phases of the DPDM-DMA

5.1.4 Tasks

Each phase consists of one or more tasks that detail the required actions. These tasks
provide structure to the phases and make them accessible. These tasks are based on frame-
works and user guides, including DAMA DMBOK, CRISP-DM, and the Design Science
Research Framework |21, 23, 51].

To guide the data producer, each task is described using five key factors:
e Task description.
e Skills needed.
e Expected information for the task (input).
e Goal and outcomes of the task (output).

e Models and methods that support the execution of the task.

5.2 Detailed design

This section provides a detailed explanation of the designed methodology. We explain the
goals of each phase and describe their tasks. Figure 5.2 gives an overview of the stages,

phases, and tasks of DPDM-DMA.

Start Stage Iterative Stage End Stage

Ideation l—)| Explore l—)| Build l—)| Deploy l—)| Retire |

Determine business objectives | Explore data | Consume, transform, serve Deploy data product | Retire data product |

Determine customer value Quality, policies, governance Promote data product

Collect initial data Definitions, documentation Observe data product

Create product plan

FIGURE 5.2: Overview of stages, phases, and tasks of DPDM-DMA

5.2.1 Ideation phase

In the ideation phase, the data producer is tasked with identifying the business objectives,
customer needs, and available data. These factors are crucial to determining how to proceed
with the build of the data product. Having a well-defined plan and business understanding
is crucial before starting a project. In this phase, the data producer should investigate if
there is a need for a data product and evaluate whether developing a data product is an

38



appropriate solution for the problem. Furthermore, the data producer should assess the
availability and ownership of the required data. Without this first phase, data producers
will be unable to create a successful data product. By first investigating feasibility, we
mitigate the risk of spending time and resources in building a data product that may not
be feasible or valuable.

Ideation phase - Tasks:

Determine business objectives DAUTNIV S+

It is the responsibility of the data producer to clearly define the problem or opportunity that a data product
is designed to address. Each data product needs to add value (on its own), so the data producer should
analyze the current landscape and the organization’s needs. A well-structured business case should describe
how a data product can add value, taking into account both costs and benefits.

Skills e Benefits management
e Business process improvement
e Business situation analysis
e Demand management
e Innovation

e Strategic planning

Input e Organization-wide vision and goals

e Data strategy

Output e Business objectives
— Describe the problem or opportunity the organization wants to solve
e Background information
— Explain background information
e Ubiquitous language

— Define common language
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Determine customer value DAUTNIVS+

The data producer is tasked with creating a data product that adds value for its customers (data consumers).
The data producer is responsible for creating value with their data product. They need to empathize with
the customer and understand their needs.

Skills e Innovation
e User research
e Strategic planning
e Requirements definition

e Risk management

Input e Background information

Output e Requirements
— Have a clear understanding of the requirements for the data product

e Assumptions & constraints

o Risks

— Identified risks that should be avoided and a plan on how to tackle
these risks

e User story

— Customer point of view and understanding of customer’s needs

Collect initial data DAUTNIVS+

The data producer is responsible for identifying data that could meet the customer’s needs. This is done by
collecting data from source systems or from other data products. The data producer should be the owner
of the data that is needed for the data product.

Skills e Data engineering
e Data management
e Data science

e Knowledge management

Input e Business objectives
e Requirements

e User story

Output e Initial data collection report of customer’s needs
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Create product plan DAUTNIVS+

The data producer needs to create a plan for developing the data product. The data producer combines the
business goals and requirements into a plan, in which they also assign responsibilities. The plan summarizes
the goal, stakeholders, schedule, value & benefits, and cost of the data product. The data producer should
clearly outline the data product and decide if building a data product is profitable and a suitable solution
for our case. When in doubt or inexperienced, they should ask the organization’s expert on data mesh and
data products for guidance.

Skills e Data management
e Feasibility assessment
e Investment appraisal
e Project management

e Strategic planning

Input e Business objectives
e Requirements
e User story
e Risks

e Initial data collection report

Output e Inflection point
— Choose to develop the data product or not
e Product plan

— Document outlines DPDM-DMA including details on responsibili-
ties, schedule, and budget.

e Data product canvas

— A one-page summary for data product development

5.2.2 Explore phase

In the explore phase, the data producer identifies potential sources for the data product.
Data producers gain a better understanding of the available data by performing an in-depth
exploration of the data. Data is explored to understand how it should be transformed, how
it should be stored, its quality, and what level of governance should be applied.
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Explore phase - Tasks:

Explore data DAUTNIVS+

The data producer examines the data to better understand what data transformation, data integration,
data cleansing, and governance policies to be applied.

Skills e Data engineering
e Data science
o Governance

e Quality management

Input e Initial data collection report

e Global governance policies

Output e Data reports

— Data description report
— Data exploration report

— Data quality report

e Governance plan

5.2.3 Build phase

In the build phase, data producers utilize the collected information of the explored data
and the data consumer to collect, transform, store, and serve the data. Data producers
should ensure quality and compliance by establishing governance rules. Ultimately, data
producers are responsible for creating understandable data products. This is achieved by
adding documentation, a data sample, and computational notebooks to help data consumers
understand and gain insight into the data product. After this phase, data producers combine
all the information to deploy the data product.
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Build phase - Tasks:

Consume, transform, serve DAUTNIVS+

The data producer needs to consume the data, transform it into an appropriate form, store it, and create
interfaces for data consumers. The self-serve data platform should facilitate the infrastructure for these
actions. The data producer should consider the input of the data, the best way to store the data, and the
form and interface that are best for consumers to access the data. They should carefully consider the data
model of the data product.

Skills e Data engineering
e Data modeling and design

e Database design

Input e Product plan
e Data reports

e User story

Output e Definition of input interfaces

— The interfaces of the data product need to be defined; this is usually
done in the form of code

e Definition of output interfaces

— The interfaces of the data product need to be defined; this is usually
done in the form of code

e Data transformations
— Code for transforming data in the preferred format
e Data storage

— Storage for data

Qualities, policies, governance DAUTNIVS+

Data products should conform to both local and global policies to ensure interoperability, quality, and
compliance. Data producers should consider the data we consume and determine whether governance
should be applied. Additionally, they should consider the users of the data and whether they should be
able to consume the data.

Skills e Availability management
e Governance
e Information assurance
e Personal data protection
e Service level management

e (Quality management

Input e Data quality report

e Governance plan

Output e Policy as code
e SLO (Service Level Objectives)

— Targeted levels of service
e SLI (Service Level Indicators)

— Metrics used to measure quality
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Definitions, descriptions, documentation DAUTNIVS+

Data providers and consumers need to understand the value and use of the data product. Data producers
must present the data in the best possible way. Data consumers are customers, so we should make it easy
for them to understand the data. This can be achieved by describing the data (fields), providing data
samples, and providing computational notebooks with usage examples.

Skills e Data science
e Data visualisation
e Information content authoring

e Knowledge management

Input e Data description

Output e Metadata
e Data product description

e Examples

— Such as computational notebooks, sample data, visualizations

5.2.4 Deploy phase

In the deploy phase, the information built and collected in the previous phases is leveraged
on the self-service data platform to create a version of the data product and deploy a data
contract.

After deploying a data product, the data producer should ensure that potential data
consumers are aware of the existence and the purpose of the data product. They should
actively promote the data product. Additionally, the data producer is responsible for
delivering valuable data products, which conveys that they should monitor the data product
and address feedback.

Deploy phase - Tasks:

Deploy data product DAUTNIVS+

Use the information from the build phase to create a data contract and deploy the data product by utilizing
the self-serve data platform.

Skills e Acceptance testing

e Product management
Input e Code

e Data

e Metadata

e Interfaces

e Infrastructure

Output e Data product

e Data contract
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Determine business objectives DAUTNIVS+

It is the responsibility of data producers to create valuable data products. After creating a data product,
data producers should ensure that it is easy to use. A data product is appealing when promises are kept
and the product is maintained. Data producers should present and explain their data products on platforms
and in places that are available to the entire organization.

Skills e Marketing

e Stakeholder relationship management

Input e Organization-wide vision and goals
e Data strategy
Output o Feedback

o New users

Observe data product DAUTNIVS+

Data producers are responsible for continually improving and adapting their data products based on the
needs of data consumers. Data producers should be open to feedback and continually improve their data
products. Data products become of a higher quality when data producers communicate with the data
consumers and incorporate their feedback.

Skills e Product management
e Service level management

e Stakeholder relationship management

Input e Feedback
e SLI
Output e Improvement plan

5.2.5 Retire phase

In the retire phase, data producers create a plan for retiring the data product. There can
be multiple reasons to retire a data product. Primarily, the data product may no longer be
of value to customers, and making adjustments does not add value to the data product.
Secondly, a data product may no longer be utilized by data consumers.

Retire phase - Tasks:

Retire data product DAUTNIVS+

It is the responsibility of the data product owner to decide when a data product should be retired. This
may be due to the migration to one or multiple new data products, or because the data product is no
longer required. The self-serve data platform should be able to facilitate the retirement of data products.

Skills e Product management
Input e SLO
e SLI

e Product plan

Output e Plan for retiring data product

e Communication to stakeholders
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Chapter 6

Demonstration

This chapter demonstrates how the Data Product Development Methodology can help data
producers develop high-quality data products with a fictitious case study.

6.1 Case study background

To demonstrate the DPDM-DMA, the case and sample databases AdventureWorks from
Microsoft are used [31]. The AdventureWorks database contains data from Adventure
Works, a fictional multinational company that manufactures and sells bicycles (parts) in
multiple countries on three continents. The company sells both directly to consumers and
to other businesses. The database consists of multiple schemas, which lend themselves to
being structured into different business domains.

In this section, we describe the use case and the application of the data mesh architecture.

6.1.1 Business domains

A data mesh architecture is decentralized, meaning data management efforts are shared
among the business domains of an organization. In this case study, we defined five business
domains:

e Purchasing

Production

Sales

e Finance

Human Relations (HR)

Each of these business domains is responsible for producing its data products. The business
domains and potential data products are shown in Figure 6.1.

6.1.2 Self-Serve Data Platform

Adventure Works employed a central platform team to implement a self-serve data platform.
The platform enables data providers to create, adjust, monitor, and remove data products.
It also allows data consumers to search and access data products. The self-serve platform
facilitates (autonomous) policy checking.
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Adventure Works

FIGURE 6.1: Business domains and their data products

In a previous study on data mesh, Machado et al. [29] proposed a technical architec-
ture for a self-serve data platform as shown in Figure 6.2. This architecture provides insight
into which possible technologies could be adopted by organizations such as Adventure
Works.
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FIGURE 6.2: Self-serve data platform technological architecture (copied from [29])

6.1.3 Data Product Template

Adventure Works utilizes the ProMoTe meta-data model for data products [15] to align
data products across the organization. The model can be used to instantiate the different
components of data products [15]. Furthermore, the model helps keep data products
consistent and thus interoperable across the organization.
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FIGURE 6.3: A UML-representation of ProMoTe (copied from [15])

Adventure Works chose this model because it is designed for a data mesh architecture
context and is built with the DAUTNIVS+ attributes in mind. The model can be found on
GitHub [14]. The model is a good starting point for the structure of the data product.

We have chosen to use the ProMoTe model, as it is academically validated. However,
there are also other models for data products created from the collaboration of multiple
practitioners, like the Open Data Contract Standard (ODCS) [6] by the Bitol project [5]
and the Open Data Product Specification (ODPS) [35].

6.2 DPDM-DMA application

The sales business domain of Adventure Works goes through all five phases of the DPDM-
DMA to build a Consumer Data Product. Figure 6.4 gives an overview of the phases and
tasks of the case study. This section discusses the use of the DPDM-DMA, starting with
the ideation phase.

6.2.1 Ideation

In the starting stage, the organization establishes the need and added value of developing
a data product. In this case, the sales business domain received numerous requests from
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Start Stage Iterative Stage End Stage

Ideation l—)| Explore l—)| Build l—)| Deploy l—)| Retire |

Determine business objectives | Explore data | Consume, transform, serve

Deploy data product | Retire data product |

Determine customer value Quality, policies, governance Promote data product

Collect initial data Definitions, documentation Observe data product

Create product plan

FIGURE 6.4: Overview phases and tasks of demonstration.

other business domains to share customer data. This led the sales domain to decide to
develop a data product.

The sales business domain, which is the data producer, employs the DPDM-DMA to
develop its data product. This process starts with determining the need and feasibility of
developing a data product during the ideation phase.

Determine business objectives

Firstly, the sales business domain studies the company strategy (input) and discovers that
Adventure Works aims to be customer-oriented, develop new products that align with
customer needs, and attract new customers. Furthermore, the company is committed to
becoming even more data-driven.

The data producer decides to write a business case (tool) based on the data requests
and company strategy. In this business case, they describe a Consumer Data Product that
can help the organization with its marketing analysis and customer relationships (output).

Determine customer value

The data producer discusses the need for a data product with various potential data
consumers (tool) to validate this need. From these conversations, they create the following
user stories (output):

e As a marketing analyst, I want access to up-to-date demographic data within the
Consumer Data Product so that I can create targeted marketing campaigns that align
with our customers.

e As a board assistant, I want the ability to analyze customer data within the Consumer
Data Product so that I can provide insights for next year’s strategy.

e As a financial analyst, I want to gain a clearer understanding of customer purchasing
behavior from the Consumer Data Product so that I can develop a price strategy.

These user stories will help out later when developing a product plan and exploring and
building the data product. The data producer defines the following requirements (output):

e The data product should contain:

— Customer demographics

— Purchase history

e The data product should be accessible by the marketing team, board assistants, and
the finance team.
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Collect initial data

The data producer analyzes the available data in the different systems. They find customer
data in the CRM and ERP systems. The data producer utilizes the user stories (input) to
check if the available data could answer their business questions. Luckily, this is the case.

They create a report (output) of the available data, which is used to confirm the availability
and ownership of data needed to develop the data product.

Create product plan

The data producer decides to build the data product after they analyze the business objec-
tives, user stories, and the data report (input). Since there is a need for a data product and
the data is available, the sales business domain decides (output) to build the Consumer
Data Product.

The sales domain utilizes the data product canvas [19] (tool/output) to create an overview
of the data product project. This overview can be easily consulted and communicated. The
canvas is shown in Figure 6.5.

Data Product Name: Customer data product

- Purchasing behavior

- Interfaces
- Governance policies

- Product developer
- Business analyst

demographics & behavior

Data Objects Key Tasks Resource Requirements Value Propositions Consumers
Objects: - Explore data People: This data product provides: | - Finance
- Customer demographics - Build data product - Domain owner Access to accurate consumer | - Marketing

- Board
- Customer service

Variable: Infrastructure, Maintenance

decision-making

Sources: - Documentation which will realize:
-CRM - Deploy System: Improved company strategy
- ERP - Promote - Self-serve data platform and aligned marketing and
customer help.
Cost Benefits
Fixed: FTE Easier data access, improved marketing, better customer help, improved

FIGURE 6.5: Data product canvas, based on Hasan & Legner [19]

6.2.2 Explore

After deciding to build a data product, the sales business domain completed the starting
stage. Next, they move on to the iterative stage, during which the domain iteratively
explored, built, and deployed the data product.

Explore data

The sales domain gathers data from multiple sources and analyzes the data types, relations,
and quality of the data. To better understand the data, they utilize data exploration and
visualization techniques (tools).

The domain utilized the gathered information to create data reports, which summarize
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the findings of data relationships, data quality, and needed governance in multiple reports
(output). These reports include the data model for the data included in the data products.

6.2.3 Build

The data producers, the sales business domain, now have a clear picture of the business
objectives, available data, and the data characteristics. In the following phase, the data
producer is responsible for building the different components of the data product. This
phase consists of three tasks based on three focus areas:

1. Data producers create the infrastructure for the data in the consume, transform,
serve task.

2. Data producers focus on policies and governance in the quality, policies, governance
task.

3. Data producers focus on documentation and communication during the definitions,
description, documentation task.

Consume, transform, serve

The data producer uses the product plan, data model, and data reports (input) to determine
the data needed. This data is then gathered from the source systems, which is done using
the self-serve data platform (tool). The platform provides a user-friendly way of consuming,
transforming, and storing data.

Data products should be natively accessible. Therefore, the data producer decides to
make the data available through an APT interface (tool), which complies with the needs of
the marketing analyst, board assistant, and financial analyst.

Quality, policies, governance

The data producer uses the data strategy, data reports, and organization-wide guidelines
(input) to determine which policies should be applied to the data product. In this case, the
data contains Personal Identifiable Information (PII), which can be linked back to a single
customer.

The data producer decides to anonymize the dataset by tokenizing sensitive data. However,
this means that the data producer has to make some changes to the data. This is done
by changing the transformation process, which they do in the consume, transform, serve task.

The data producer agrees with potential data consumers that the data is updated monthly
and there are no null key fields. These agreements are written down in the SLO (output).

Definitions, descriptions, documentation

The data producer writes documentation (output) on the data product. This helps the
consumers understand the data from the data product and clarifies the data quality.
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6.2.4 Deploy

In the next phase, the data producer uses the information collected in the build phase to
create a data contract and deploy the data product. A deployed data product needs to be
promoted and observed.

Deploy data product

Adventure Works uses the ProMoTe meta-data model for data products. The self-serve
data platform (tool) helps the producer deploy the data product by providing user-friendly
templates to fill in the meta-data model.

To deploy the data product, the data producer utilizes the gathered information from
the build phase (input). The data producer combines the input- and output interfaces, the
data transformations, data storage, policies by code, SLOs, metadata, and descriptions into
one single data product.

Promote data product

The data product is launched in the data catalog on the self-serve data platform. However,
the data producer is responsible for creating a valuable data product. They decide to
contact all interviewed stakeholders (the marketing analyst, board assistant, and financial
analyst) about the data product deployment.

The marketing analyst is really enthusiastic about the new data product. However, they
ask for data on postal codes (tool). The data producer initially anonymized this data.
Observe data product

The data producer receives feedback from the marketing analyst (input) and decides to
change the data product. To do this, the data producer goes through the build phase again.
They reconsider the governance rules and create a new access point specifically for the
marketing analyst to access sensitive data.

6.2.5 Retire

After some years, the data product is no longer used. The marketing analyst uses a
new strategy to determine targeted campaigns, the board assistant utilizes other data to
determine his strategy, and the financial analyst uses other sources to do their job.

The business domain decides to retire the data product.

Retire data product

The Service Level Indicators (tool) show reduced usage of the data product. The data
producer decides to retire it. They inform all stakeholders that the data product will retire
after 1 year (output).
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Chapter 7

Evaluation

This chapter discusses the evaluation of the Data Product Development Methodology within
a Data Mesh Architecture (DPDM-DMA). The DPDM-DMA has been evaluated during
the iterative design and development phase (formative evaluation) and after the final design
(summative evaluation). Furthermore, this chapter considers the ease of use and assesses
whether the methodology meets the defined requirements.

7.1 Formative evaluation: expert-interviews

During the design phase, we utilized semi-structured interviews to evaluate the methodology
and gather practitioner feedback. The feedback is used to refine the DPDM-DMA. This
section describes the collected feedback and recurring themes from the expert interviews.

We have interviewed a total of seven experts on two different versions of our method-
ology. Table 7.1 shows an overview of the seven interviewed experts, including roles and
years of data-related experience. With the interviews, we assessed the functional require-
ments and the structural and environmental qualities of the DPDM-DMA. The interview
script can be found in Appendix C.

TABLE 7.1: Interview participant overview

Expert Role Industry sector Years of experience Familarity Data Mesh
I PhD student - 1 - 3 years Expert

II Data engineer Retail 1 - 3 years Very familiar

111 Consultant Technology 10+ years Expert

v Executive Technology 10+ years Very familiar

\Y Consultant Technology 10+ years Very familiar

VI Executive Technology 10+ years Expert

VII Architect Government 10+ years Very familiar

7.1.1 Interview round 1

During the first interviews, the overwhelming majority of interviewees agreed with the
strength of the structure and found the methodology well-documented and clear. While
several interviewees mentioned that their steps in developing a data product differ in name
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or number, they agreed that their steps could be mapped to the phases of the DPDM-DMA.

Several interviewees emphasized that there needs to be a more concrete distinction between
determining the need for a data product and building one. As one interviewee stated, "You
need a go/no-go moment." We incorporated this feedback by changing the relationship
between the phases of the methodology and by introducing a higher level of abstraction to
the methodology. Further, we specifically mentioned that the ideation and retire phase are
the start and ending phase, respectively we changed the visualization to clarify that these
phases are not part of the iterative cycle.

Most interviewees indicated that certain areas needed more detail or better explana-
tions, particularly regarding specific tools or steps that were not explained in full detail.
We gathered all points for which interviewees asked for clarification and improved the
description or naming accordingly.

A few interviewees were curious about our definition of data product and data mesh
architecture. Due to the novelty of the topic and the different interpretations of practition-
ers, there is a lack of a commonly agreed definition for data products. The interviewees
suggested adding our definition to the methodology.

Additionally, one interviewee asked to improve the stakeholders section in the methodology
and suggested adding skills to minimize ambiguity.

7.1.2 Interview round 2

One interviewee highlighted the importance of using a template or model to guide data
producers when building data products. A model can illustrate the components of a data
product. Furthermore, data products are better interoperable when built using the same
model. An interviewee in round 1 also mentioned the usage of models.

Another interviewee commented that he would benefit from a priority on the tools used in
each task, so he suggested distinguishing the importance of each tool. We applied this by
adding MoSCoW prioritization method to the tools.

One interviewee with a background in the public sector provided interesting insights.
He stressed the importance of an ethical assessment when building data products. Next, he
pointed out the importance of monitoring and checking (ethical) policies. This is especially
important for organizations that need to justify their operations, such as organizations in
the public sector.

7.2 Summative evaluation: Survey

We evaluated the final design by utilizing a survey, which is a way to collect responses to the
same set of questions. This section first discusses the response rate and analyzes the findings.

The overall response to the survey was poor, with only four respondents. We targeted
interviewees from the formative evaluation, colleagues, and experts from a data mesh com-
munity, but despite pre-inviting interviewees from the formative evaluation to participate
in the survey, the number of responses was lower than the number of interviews performed.
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TABLE 7.2: Survey questions

Perceived usefulness

Ul Using the data product methodology would reduce the effort required to develop data products.
U2 Using the data product methodology would improve the quality of produced data products.

U3  Using the data product methodology would increase my productivity.

U4  Using the data product methodology would make it easier to do my job.

U5  Using the data product methodology would make the migration to data mesh easier.

U6  Overall, I found this data product methodology useful.

Perceived ease of use

E1  Using the data product methodology would be easy for me.

E2 I found the data product methodology clear and understandable.

E3 I found the phases of the data product methodology easy to understand.
E4 1 found the tasks of the data product methodology easy to understand.
E5  Overall, I found this data product methodology easy to use.

Intention to use

11 I intend to use this data product methodology if I have to develop data products in the future.
12 I plan to incorporate this methodology into my data product development practices.

We undertook multiple attempts to gain more responses by reminding the target group,
however, without success. One of the reasons for the low response rate may be the length
of the survey [39]. Further causes could be the specialized nature of the target group or
potential survey fatigue among participants.

The design of the questionnaire was based on the Method Evaluation Model (MEM).
The survey includes questions about respondents’ demographics and data mesh experience,
feedback on the DPDM-DMA using questions on a Likert scale questions, and optional
open-ended questions for extra feedback. Table 7.2 shows the survey questions on perceived
usefulness, perceived ease of use, and intention to use

All respondents are based in the Netherlands and have a role in data. The sample comprises
three data engineers and one data architect. The participants had between one and three
years of experience (n = 2), seven and ten years of experience (n = 1), and over ten years of
experience (n = 1). They indicate that they are very familiar with data mesh architectures.

The responses were too low to draw any statistically justified conclusions. However,
the respondents provided positive feedback across all dimensions of the survey. On the
7-point Likert scale, all items received scores at the positive end, as shown in Table 7.3.

TABLE 7.3: Average score for each survey question, rated on a 7-point Likert scale

Perceived usefulness 5.38 Perceived ease of use 5.95 Intention to use 5.25

U1 5.20 El .75 11 9.75
U2 5.50 E2 6.25 12 4.75
U3 9.25 E3 6.50

U4 5.25 E4 5.75

Ubs 9.25 Ed5 5.50

U6 5.75
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Respondents indicated that the DPDM-DMA would reduce the effort required to de-
velop data products (Ul). Further, the respondents agreed that the methodology would
improve the quality of data products (U2) and increase productivity (U3). Finally, the
respondents indicated that the DPDM-DMA would make the migration to data mesh easier
(U5), which aligns with our requirement to develop a methodology that focuses on data
mesh architectures. Overall the proposed methodology is found useful (U6).

The DPDM-DMA is perceived as easy to use (E5). Respondents found the methodol-
ogy easy to use, clear, and understandable (E1, E2). The phases of the DPDM-DMA were
partially well received by the respondents (E3), which shows the successful implementation
of the different phases of the data product lifecycle. These strong scores indicate that the
methodology complies with the usability, comprehensibility, and accessibility requirements.

The respondents suggest that they intend to use the methodology (I1) and incorporate it
into their development practices (12), which shows the relevance of the methodology.

The participants reported that they found the phases quite clear. Further, one respondent
mentioned this would also benefit management as it would give a great overview of the
steps that should be taken by an entire company. Additionally, one participant indicated
that it would be challenging to implement this methodology as these choices are made by
high-level management. One participant observed that the methodology is quite detailed,
which can present challenges in terms of implementation.

Although the response rate was low, we note that data mesh is a novel and special-
ized field, consequently, the insights of these four experts are valuable. We have chosen only
to target experts in data mesh architectures to ensure the high quality of the responses.
However, this survey could have been forward to general data experts.

Despite the low response rate, the survey yielded positive responses, suggesting a positive

reception amongst the respondents. Consequently, the findings underscore the potential
value of conducting further studies on DPDM-DMA.
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Chapter 8

Final Remarks

This chapter presents our final remarks on developing a development methodology for data
products within a data mesh architecture (DPDM-DMA). First, we discuss our study’s
primary findings and their implications, explaining the implications to theory and practice.
Then, we critically reflect on the study and examine its limitations. Finally, we draw the
final conclusions and propose directions for future research.

8.1 Discussion

8.1.1 Interpretation of findings and implications

In this study, we designed and evaluated the Data Development Methodology within a Data
Mesh Architecture (DPDM-DMA) using a gray literature review, interviews, and a survey.
Existing data and software methodologies do not properly align with the socio-technical
structure of data mesh. The DPDM-DMA solves this by focusing on data products within
a data mesh architecture.

We first needed to determine the definition and attributes of high-quality data prod-
ucts. We have chosen to utilize the DAUTNIVS+ attributes as defined by Dehghani [12]
and validated by Driessen et al. [15]. We considered different attributes, such as the FAIR
principles [50]. Nevertheless, the DAUTNIVS+ attributes are the standard for describing
high-quality data products, making them most suitable for a methodology for beginners.
Additionally, we found that there is a lot of overlap between the DAUTNIVS attributes
and the FAIR principles, which is an interesting finding.

We looked at different abstract levels for data product development. From general to
specific, we defined stages, phases, and tasks for developing data products. We identified
three key stages using existing methodologies and expert interviews: (1) a decision-making
starting stage, (2) an iterative development stage, and (3) an end stage. This structure
aligns with other methodologies such as agile development and design thinking [9, 22]. We
emphasize the importance of first determining the need and feasibility of the data product,
which is the first stage of the DPDM-DMA.

Through our research, we identified five distinct phases for developing data products.
These phases were designed based on the analysis of gray literature on developing data
products, existing methodologies [20, 22, 34, 51|, and the formative evaluation. Both
interviews and a questionnaire validated these phases’ utility. The phases provide a useful
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overview for management and data producers.

DPDM-DMA provides structured and practical guidelines by introducing tasks and their
inputs, outputs, needed skills, and useful tools. These are practical and actionable steps
as shown in the demonstration. The demonstration shows the applicability of the DPDM
DMA. The demonstration also shows the importance of an iterative process. Finally, both
the DPDM-DMA and the demonstration demonstrate the importance of and reliance on an
appropriate self-serve data platform.

The data product development methodology addresses two critical gaps: the lack of
structured guidelines for data product development and the organizational challenges of
implementing data mesh.

The evaluation of the methodology indicates that the DPDM-DMA would be useful and easy
to use. The methodology was well received by respondents, who agreed on its usefulness
and perceived it as a great guide and overview of the phases in data product development.
These results may have implications for the organizational and cultural friction as described
in the use case study from Vestues et al. or the study from Bode et al. [7, 46].

8.1.2 Limitations

The study has the following limitations:

e The novelty of the topic forced us to use gray literature in the literature review.
Although the gray literature was aligned with the most recent practices and provided
insights into the latest state of practice, it focused on more abstract levels of the
data mesh implementation, which influenced the knowledge required to explicate the
problem.

e The requirements and first methodology outline were developed through a synthesis
of the gray literature. The involvement of experts in this research phase would have
improved the problem definition and requirements.

e During the design phase, we had difficulty finding suitable experts to interview. Due
to the limited number of experts interviewed, we may have missed insights.

e Due to limited time and resources, it was not possible to conduct an evaluation
based on a real use case. However, due to the socio-technical nature of the research,
a study in a naturalistic setting is needed to evaluate the impact of the designed
methodology in a social setting. The fictional case study provided insight into the use
of our methodology. However, a real-world case study would have provided stronger
empirical evidence.

e Despite the large number of experts we reached out to, the questionnaire had a small
number of respondents, which limited the evaluation and may influence the validity
and confidence with which a conclusion could be drawn. We considered reaching out
to a wider audience by consulting data experts who are not familiar with data mesh
architectures. However, this could impact the quality of the responses because the
methodology is closely tied to data mesh architecture, which is complex and not easy
to grasp.
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Although the current study is based on a small sample of participants, the findings suggest
the usefulness of the DPDM-DMA. Future research should aim to address these limitations
through real-world case studies and broader expert engagement.

8.2 Conclusion

This study advances the field of data management by developing a comprehensive method-
ology for data product development within data mesh architectures, addressing challenges
posed by decentralizing data management. We applied the method framework for Design
Science Research by Johannesson and Perjons [23] to structurally design and evaluate the
DPDM-DMA, which is our methodology to guide data producers to build high-quality data
products.

This research showed that traditional software and data management methodologies are
unsuitable for building data products within a data mesh architecture. Due to their funda-
mentally different organizational and technical structures. Data mesh is a decentralized data
architecture that is characterized by domain-driven ownership and federated governance.
Further, it relies on the availability of a self-serve data platform. Data products encompass
not only data but also code, metadata, and infrastructure. Ultimately, these factors limit
the applicability of traditional methodologies, and DPDM-DMA serves as a starting point
for research on building data products within a data mesh architecture.

This research has identified the relations, importance, and dependency of the data mesh prin-
ciples in the context of data product development. Additionally, we explored and integrated
the DAUTNIVS+ attributes (Discoverable, Addressable, Understandable, Trustworthy,
Natively accessible, Interoperable, Valuable, Secure, Feedback-driven) into DPDM-DMA.
This study shows that by utilizing the DAUTNIVS+ attributes and data mesh principles,
we can create data products that roughly comply with the FAIR data principles.

The designed methodology provides a first guideline for developing data products. It
was designed with the help of experts to ensure completeness. We have shown its applicabil-
ity by demonstrating the methodology in a fictitious case study. Furthermore, we utilized
a survey to assess the perceived usefulness and ease of use. Our evaluations indicate the
usefulness of the proposed methodology.

The methodology provides a structured approach and much-needed guidelines [18] for
data product development. DPDM-DMA makes data product development more compre-
hensible and can therefore reduce the organizational challenges of data mesh migration.

Further studies are needed to validate and refine DPDM-DMA. These studies should
focus on:

1. Conducting real-world case studies to assess the methodology’s impact over time and
investigate its utility and complications.

2. Exploring applications of the methodology in different sectors and industries, as inter-
views already showed different focus points between public and private organizations.

3. Investigating the main differences between the development of datasets in a centralized
architecture and a data product in a decentralized architecture, to further clarify the
differences and challenges presented by decentralized data architectures.
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This future research will help create a deeper understanding of decentralized architectures
and sharing data as a product in other environments, such as international data spaces and
data markets.

In conclusion, this research contributes a methodology for data product development
within data mesh architecture. The DPDM-DMA offers a structured approach to building
high-quality data products adhering to the DAUTNIVS+ attributes.
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Appendix A

Protocol for Gray Literature Study
on Data Products

Background

We undertake a gray literature review to identify the challenges for managing data products.
Furthermore, we want to identify the activities, characteristics, and tools used for working
with data products. The activities will be characterized.

A gray literature review can help get close the gap between academic and professional
practice. In our case data mesh is a novel paradigm, and there is a lack of academic
literature on the topic. A gray literature study can help in this case to get industry insights
on the topic. Thus we chose to use both white and gray literature in our literature review,
thus choosing for a gray literature study.

We will use the extracted data for creating objectives and requirements for a artefact
that helps organizations with managing data products.

Research questions

To design our research questions we use PICOC criteria as described by Kitchenham &
Charters [26].

e Population: Domain teams or organizations looking to adopt data mesh.

e Intervention: Applying product-thinking to data in a data mesh architecture

Comparison: /

Outcome: Improved data quality and data maintaince. Improved efficiency of
domain teams.

Context: Data mesh architectures

These criteria are used to define the following research questions:

e What are the essential activities in the design and maintenance of data products in a
data mesh architecture?

65



Inclusion Criteria Exclusion Criteria
Published after 2019 Article from low-reputation websites
Language is English Article doesn’t focus on data products

Article doesn’t focus on data mesh

Article is of low quality (quality assessment)

TABLE A.1: Inclusion and exclusion criteria

e What steps are characterized for the design and maintenance of data products in a
data mesh architecture?

e What tools are used in the design and maintenance of data products in a data mesh
architecture?

e What roles are involved with the design and maintenance of data products in a data
mesh architecture?

e What problems do organizations experience when designing and maintaining data
products in a data mesh architecture?

Search strategy

We will use both gray literature. For our gray literature review we will be using a general
web search engine: Google, specialized websites: www.datameshlearning.com, and snow-
balling.

We use the following search terms: 1:(build OR design OR maintenance OR maintain)
AND "data product"

In the case of the gray literature, a different approach is necessary in comparison with white
literature, given that the search on Google yielded more than 4000 results. Consequently, a
search will be conducted until no further results are yielded.

Selection

The inclusion and exclusion criteria are stated in Table A.1. We will determine the quality
of the papers during the selection using the quality assessment described in the following
section.

The selection will be performed using the following steps:
1. Reading the title.
2. If there are doubts, we will read the introduction or abstract of the article.

3. If there are doubts, we will further decide during the data collection phase.
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Quality assessment

We have developed the following quality checklist based on Garousi et al. [17]. In order to
align the checklist with the search strategy, adjustments were made. The following criteria
and questions are used to access the quality of an article:

e Authority of the producer
e Methodology

e Objectivity

e Date

e Position

e Novelty

e Impact

e Outlet type

Data collection

The following data will be extracted:
e The source

Publication date

Date of extraction

Author and/or Organization

Quality Assessment

Context of data architecture

Activities

— Description
— Objectives
— Tools

— Stakeholders
— Steps

e DP Characteristics

e Challenges in data product design

Data analysis

We will answer the research questions by using the collected data, Table A.2 shows the
relation between the collected data and the research questions.
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Research Question

Data Collection

What are the essential activities in the design and
maintenance of data products in a data mesh
architecture?

Design or maintenance
activitiy

What steps are characterized for the design and
maintenance of data products in a data mesh
architecture?

Design or maintenance
activitiy, objectives

What tools are used in the design and maintenance of | Tools
data products in a data mesh architecture?
What roles are involved with the design and Stakeholders

maintenance of data products in a data mesh
architecture?

What problems do organizations experience when
designing and maintaining data products in a data
mesh architecture?

Challenges in data product
design

TABLE A.2: Correlation research questions and data collection
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Appendix B

Gray Literature Review - Sources

TABLE B.1: Sources of the gray literature review

ID Title Author Year Type URL

Gl Building an Analytics Ecosystem of Global Data Products at Adevinta; Data Mesh Learning Meetup #12  Real S. & Gumara Rigol X 2021 Webinar https:/ /www.youtube.com /watch?v=av6eT _rdorQ

G2 5 essential steps to building great data products Seow L. 2023 Blog post https:/ /www.thoughtspot.com/data-trends/ product-management,/data-product

@3 How to Build Data Products: Strategies for 2024 and Beyond 2023 Blog post https:/ /atlan.com / how-to-build-data-products

G4 Building Effective Data Products: A Step-by-Step Guide Dahlager T. 2024 Blog post https:/ /www.analyticss.com /blog,/building-effecti a-products-a-step-by-step-guide

G5 How to Build Data Products Kumar A., Shubhanshu J., Ghosh S. 2023 Blog post https:/ /moderndatal01.substack.com/p,/how-to-build-data-products-design

@6 The Ultimate Guide to Data Products Horner M 2023 Blog post https:/ /www. i ler.com/blog/product-technology /the-ultimate-guide-to-data-products

G7 A Not-to-Miss Opportunity: How to Build Data Products West C. 2023 Blog post https:/ /www.instinctools.com /blog,/building-data-products

38 Designing Data Products Blog post https:/ /www.d h-architecture.com /data-product-canvas

39 Build data products in a data mesh Technical Documentation  https://cloud google.com /architecture,/build-data-products-data-mesh

G10  Data Product Thinking: Treating Data as a Product in a Data Mesh Environment Owczarck D 2023 Blog post https:/ /nexocode.com/blog/posts/data-as-a-product-in-data-mesh

G11 Using DataOps To Build Data Products and Data Mesh Segner M 2023 Blog post https:/ /www.montecarlodata.com /blog-how-roche-uses-dataops-to-build-data-products-and-data-mes}

G12 Building An “Amazon.com” For Your Data Products Moses B., Jain M., Porto P. 2023 Blog post https:/ /www.thoughtworks.com /insights,/blog/data-strategy /buildi : for-your-data-products
G13  Data Product Examples To Get Inspired By 2023 Blog post https:/ /www.keboola.com /blog,/data-product-examples

G14  Data product toolkit Professional guide https:/ /www.dataproductbusiness.com, toolkit

G15 What is a Data Product? 2023 Blog post www.k2view.com /what-is-a-data-product

G16  The data product lifecycle: Getting the most out of your data investments Mohan S, Khan S. 2024 Blog post www starburst.io/blog/data-product-lifecycle

G17  Data mesh in practice: Product thinking and development (Part I11) Gafoor A, Murdoch I, Prakash K. 2022 Blog post www.thoughtworks.com/insights /articles/data-mesh-in-practice-product-thinking-and-development
Q18 A streamlined developer experience in Data Mesh (Pt. two) Jain M. 2023 Blog post www.thoughtworks.com/insights, blog/data-strategy /dev-experience-data-mesh-product

G19  Unleashing the data mesh revolution: Empowering business with cutting-edge data products O'Riordan D. 2023 Blog post www.capgemini.com/insights /expert-perspect leashing-the-data-mesh-revol powering-business-with-cutting-edge-data-products

G20 Data Fabric vs Data Mesh: Demystifying the Differenc

Perlov Y. 2023  Blog post www.k2view.com /blog/data-fabric-vs-data-mesh,




0.

TABLE B.2: Activities for developing data products

ID  Activities

G1  Data product ownership, Build data products, Discover data

G2 Identify problem, define objective, Decide architecture and framework, Design data product, Launch data product, Iterate data product
G3  Identify business objectives, Data collection, Data cleaning and transformation, Data analysis and modeling, Prototyping, Production deployment, Continuous monitoring and improvement
G4 Identify current pain points and needs, Define the target audience, Build a cross-functional team, Develop a plan, Test and iterate

G5  Design, Develop, Deploy, Evolve

G6  Understand internal needs, Data collection and preparation, Develop and model DP, Create User-Friendly Interfaces, Implement governance and compliance, Beta testing and feedback, Launch and train
G7  Ideation, Design, Engineering, Release, Maintenance

G8  Design

G9  Consumer requirements, Curation, Provide DP through interfaces

G10 Creation of data products, Developing data products

G11 Configure and publish, Access data product, Governance

G12 Identifying data products, Creating data product SLOs, Implementing SLOs, Monitor as code, Monitoring and visualizing DP health
G13 Understand value that needs to be delivered, Build product, Test value delivery with end users

G14 Need, Draft, Validate, Implementation, Test & Deploy

G15 Define, Engineer, Test, Deploy

G16 Build, Maintain, Operate, Retire

G17 Identify value-oriented use case, Identify DPs that satisfy use-case, Define SLIs SLOs, Analyze bigger picture

G18 Bootstrap, Deploy, Retire

G19 Identify problem and reason, Build DP, Maintain DP

G20 Definition and design, Engineering, Quality assurance, Support and maintenance, Management




Appendix C

Interview Protocol

C.1 Interviewees selection and invite

I made use of multiple sources to get experts from different organizations with different
backgrounds and experiences. I have sent the following invites to participants.

Direct email

Dear [Name],

My name is Mark Langedijk, and I am a master’s student in Business Information Technol-
ogy at the University of Twente (NL). I am contacting you because of your expertise in the
area of data/data mesh.

As part of my thesis research, I am developing a methodology for building and manag-
ing data products within a data mesh architecture. I was wondering if you would help me by
participating in an interview to gather feedback on this methodology.

The interview details are as follows:
e Duration: 30-60 minutes
o Format: Video call, scheduled in the upcoming two weeks

o Topics: Your experience with data mesh and data products, and your feedback on the
proposed methodology

Your participation will help shape this research. In return for your time, I would be happy
to share the final version of the methodology with you, which may offer new insights for
data product development in your organization.

All responses will be anonymized in the research to ensure confidentiality. If you are
willing to participate, please reply to this email, and I will follow up with potential dates
and times for the interview.

Thank you for considering this request.

Kind regards,
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Mark Langedijk
Master Student, Business Information Technology
University of Twente

Group message

Hey Data Mesh Learning Community!

I'm Mark Langedigk, a master’s student at the University of Twente (NL), and I'm working
on my master thesis focusing on data products in a data mesh architecture.

I am developing a methodology for building and managing data products within a data
mesh architecture. I was wondering if you would help me by participating in an interview to
gather feedback on this methodology.

The interview details are as follows:
o Duration: 30-60 minutes
e Format: Video call, scheduled in the upcoming two weeks

e Topics: Your experience with data mesh and data products, and your feedback on the
proposed methodology

What’s in it for you?
e Be part of cutting-edge research on data mesh
o (et access to the results
e Contribute to advancing data product management practices

Interested? Drop me a DM or reply here, and we’ll set up a time to chat! (All responses
will be anonymized in the research to ensure confidentiality.)
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C.2 Script of Interview

The following script is used for the interview:
e Introduction (3 min)

— Thanks for the time
— Explain purpose of the interview

— Assure confidentiality
e Background questions

— Can you briefly describe your role and experience with data products and/or
data mesh architecture?

e Overview of Data Product Lifecycle (methodology) (7 min)

— Where you able to read the Data Product Lifecycle before hand?
— Brief explanation of the Data Product Lifecycle

e Functional requirements evaluation (7 min)

— How well does the methodology define the different phases of the DPDM-DMA?

— To what extent does the methodology clarify goals and tasks for different
stakeholders?

How useful are the presented tools for each phase of the lifecycle?

How useful are the inputs/prerequisites of each phase?

— How useful are the outputs/outcomes of each phase?

e Structural qualities evaluation (7 min)

How well does the frame work prioritize user-centric focus and product thinking?
— To what extent does the methodology support iterative development?
— How effectively does the methodology address scalability for large-scale data?

— How well does the methodology support modularity in data product development?
e Environmental qualities evaluation (7 min)
— How usable do you find the methodology for different stakeholders (data product

developers, owners, and management)?

— How well does the methodology ensure the following qualities of data products:
a) Discoverability b) Addressability ¢) Understandability d) Trustworthiness e)
Accessibility f) Interoperability g) Value h) Security

e Overall evaluation and suggestions? (15 min)

— What do you consider to be the main strengths of this methodology?
— What areas of the methodology do you think need improvement?

— Are there any important aspects of data product lifecycle management that you
feel are missing from this methodology?
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— How likely would you be to recommend or use this methodology in your organi-
zation?

e Conclusion (5 min)

— Any final thoughts or comments?
— Would you be available for a second interview of a second version?

— Explain next steps
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DPDM-DMA

Data Product Development Methodology
within Data Mesh Architecture




Introduction

The Data Product Development Methodology within Data Mesh Architecture (DPDM-DMA) is a
methodology that provides guidelines for the development and maintenance of data products
within a data mesh architecture. It is comprised of three stages: a starting stage, an iterative
cycle, and an ending stage.

We first start this document by explaining our definitions of data mesh and data products. Then
we will give a bird’s eye view of the DPDM-DMA. Thereafter, we will take a deep dive in each
phase of the DPDM-DMA.

Data Mesh

Data mesh is a decentralized data architecture. The architecture consists of organizational and
technological concepts to manage data in an organization. Data mesh emerged from the
challenges of centralized data architectures, where centralized data teams are a bottleneck and
data management become increasingly complex due to the complexity of the organization and
the growing volume of data in an organization.

Data mesh follows four core principles:

1) Domain-Driven Ownership: introduces decentralized data management by splitting an
organization into business domains and making these domains responsible for data
management.

2) Data as a Product: introduces data products by applying "product thinking" to data,
making the business domains responsible for providing high-quality data to other
business domains.

3) Self-Serve Data Platform: A domain-agnostic platform built by a centralized platform
team that provides autonomous business domains with the tools they need for the
entire data product development.

4) Federated Computational Governance: manages decentralized data, ensures
compliance with rules, and maximizes data quality through federated decision-making.

Want to learn more about Data Mesh and the motivation for this decentralized architecture?

e Dehghani, Z. (2020). Data Mesh Principles and Logical Architecture.
https://martinfowler.com/articles/data-mesh-principles.html
e Dehghani, Z. (2022). Data mesh. “O’Reilly Media, Inc.”

Data Products

Data mesh makes uses of the term ‘data product’ and defines data product as:

The node of the data mesh that encapsulates structural components (code, data, meta-data,
and infrastructure) required for providing access to business domain’s analytical data products.

However, data products do not solely exist in data mesh, data productis a term used for
products that utilize data, such as dashboards, Al tools, and APIs. In addition, data product
thinking is applied as strategy in different organizations. In this document, "data product" is
used in the context of data mesh architecture.



A data product consists of code, data, meta-data, and infrastructure. High-quality data
products are dependent on a good data strategy and data platform.

This DPDM-DMA focuses on building high-quality data products. At a minimum, a data product
should meet the following attributes:

Discoverable Data products should be easily discoverable by data consumers
Addressable Data products should have a permanent and unique address
Understandable Data products should be easily understood by data

Trustful Data products should provide trustful and credible data

Natively accessible  Data products should be easily accessible by data consumers
Interoperable Data products should be interoperable with other data products
Valuable Data products should be relevant and add value for its consumer
Secure Data products should be secure

+ Feedback driven Data products should use feedback from data consumers to improve

Our methodology indicates how tasks relate to these quality attributes.

DPDM-DMA from a bird’s eye view

The DPDM-DMA (Data Product Development Methodology for Data Mesh Architecture) consists
of three stages, further divided into five phases:

m

Starting stage: ldeation

In the ideation phase we will explore the business case for our data product, investigate the
need and how it can add value to the data consumer, which aligns with the product-thinking
philosophy of data mesh. Before building a data product, we should consider the benefits and
necessity for building a data product and if data products are the best solution.

After the ideation phase, you will have understood the need, benefits, and viability of the data
product.



Iterative stage: Explore, Build, Deploy

After determining the need for a data product, we create the data product by exploring, building,
and deploying. This process is iterative, allowing use to move between phases while we create
prototypes and gather feedback from data consumers.

Data products are never finished, as a data provider you will be responsible for continuously
delivering value with your data product.

Ending stage: Retire

There may come a time when, after taking feedback from data consumers, you decide to end or
split the data product. This is the final phase of the DPDM-DMA.

You should communicate this decision with the data consumers of the data product and
develop a plan for the retirement of the data product.

Structure
The DPDM-DMA contains the following phases and tasks:

Determine

0 . Determine Collect initial Create product
Ideatlon bgsmgss customer value data plan
objectives
Explore data
Consume, Quality, Definitions,
transform, policies, description,
serve governance documentation
Deploy data Promote data Observe data
product product product

Retire data
product

For each task we dive deeper into the following topics:

Task Description Stakeholders & Skills

Each task is described in detail, and the stakeholders are identified to facilitate a clear
understanding of roles involved in each task. Some tasks need information from other tasks to
be executed most efficiently, this is described in the input of each task. The artifacts that result
from the completion of a task are described in the output. Each task description contains tools
or methods that can facilitate the execution of a task.

Roles and Skills

The methodology makes use of the following roles.



e Data product owner, person accountable for the data product, including its governance
and quality.

e Data product developer, persons responsible for building and deploying data products.

e Data consumer, person that utilizes the data product.

We make use of Skills Framework for the Information Age 8 (SFIA 8) for indicating skills needed
for each task. This can provide insight into the skills needed to successfully perform certain
tasks. For organizations, this provides insight into possible future training or talent recruitment.

Prerequisites
We expect that you have the following things in place when using the DPDM-DMA:

e Your organisation has a data strategy.

e Your organisation is migrating or has migrated to a data mesh architecture.

e Your organisation has a self-serve data platform in place.

e Your organisation has a template/model for building data products. A template or model
can help data producers and ensure interoperability between data products.



1. |ldeation

Introduction:

In the phase, the data producer is tasked with identifying the business objectives, customer
needs, and available data. These factors are crucial to determining how to proceed with the
build of the data product. Having a well-defined plan and business understanding is crucial
before starting a project. In this phase, the data producer should investigate if there is a need for
a data product and evaluate whether developing a data product is an appropriate solution for
the problem. Furthermore, the data producer should assess the availability and ownership of
the required data.

In this phase we decide if it is profitable to build a data product.

Desired outcomes:

> Business objectives

> Customer value proposition
> Initial data collection

> Inflection point

> Data product plan

1.1 Determine business objectives v

Task Determine business objectives
Itis the responsibility of the data producer to clearly define the problem or opportunity
that a data product is designed to address. Each data product needs to add value (on its
own), so the data producer should analyze the current landscape and the organization's
needs. A well-structured business case should describe how a data product can add
value, taking into account both costs and benefits.

Stakeholders Domain experts, Data Product Manager

Skills:
e  Benefits management
e  Business process improvement
. Business situation analysis
° Demand management
e Innovation
e  Strategic planning

Input e  Organization wide vision and goals
e Data strategy
Output e  Business objectives

o Describe the problem or opportunity the organizations want to solve
e  Background information (Ubiquitous language)
o Explain the information known about the situation, including
ubiquitous language (Domain-Driven Design) to make sure
stakeholders have a common language and understanding.

Tools:
What Explanation Sources /Tools MoSCoW
Business case A value proposition for data - Ward, J., & Daniel, E. (2012). M
products Benefits management: how to
increase the business value of your
IT projects. John Wiley & Sons.
Cost-benefit analysis  An analysis to determine financial -  Ward, J., & Daniel, E. (2012). S

and non-financial benefits and Benefits management: how to
costs




increase the business value of your

IT projects. John Wiley & Sons.

Business model
canvas

One-page template for creating a
value proposition using nine
building blocks that we need to
think about

Stakeholder
interviews

Interviews with (domain) experts
to better understand background
of opportunity or problem

Wardley mapping

A map for a business strategy to - Wardleymaps. Medium.

better assess a situation and
improve decision making

https://medium.com/wardleymaps

BCG matrix

Framework to rank products based - Stern, C. W., & Deimler, M. S.

on market share (data product

(Eds.). (2012). The Boston

usage) and growth potential, to consulting group on strategy:

better understand and prioritize

Classic concepts and new

data products. perspectives. John Wiley & Sons.

1.2 Determine customer value

Ve+

Task Determine customer value
The data producer is tasked with creating a data product that adds value for its
customers (data consumers). The data producer is responsible for creating value with
their data product. They need to empathize with the customer and understand their
needs
Stakeholders Data product owner, data product developer, data consumer
Skills:
e Innovation
e Userresearch
e  Strategic planning
. Requirements definition
e  Risk management
Input . Background information
Output . Requirements
o Have aclear understanding of the requirements for the data product.
e  Assumptions & Constraints
e Risks
o Identified risks that should be avoided and a plan on how to tackle
these risks.
e  Userstory
o  Customer point of view and understanding of customer’s needs.
Tools:
What Explanation Sources / Tools MoSCoW
Customer interviews Get a better understanding of the needs M
of the data consumers by discussing
needs.
Requirements Document the requirements for the data - Robertson, S., & S
documentation products. These requirements can be Robertson, J. (2013).
related to schedule, quality, governance, Mastering the
etc. requirements process:
Getting requirements right.
Pearson Education.
Risk review Analyse and identify possible risks forthe -  Chapman, C., & Ward, S. S

data product and during the creation of
the data product.

(20083). Project risk
management processes,




techniques and insights.
John Wiley & Sons Ltd,.

User story Description of the objectives from a data - Patton, J., & Economy, P. S
consumers point of view (2014). User story
mapping: discover the
whole story, build the right
product. " O'Reilly Media,

Inc..
Jobs to Be Done Framework for capturing and defining - Ulwick, A. W. (2016). Jobs C
customer’s needs to be done: Theory to
Practice.
1.3 Collectinitial data TNIVS

Task Collect initial data
The data producer is responsible for identifying data that could meet the customer's
needs. This is done by collecting data from source systems or from other data products.
The data producer should be the owner of the data that is needed for the data product.

Stakeholders Data product developer

Skills:
e Dataengineering
e Data management
e Datascience
e Knowledge management

Input e  Business objectives
e Requirements
e  Userstory

Output ) Initial data collection report of customer’s needs.

Tools:

What Explanation Sources / Tools MoSCoW
Data exploration Identify and explore the available data M
1.4 Create product plan "4
Task Create product plan

The data producer needs to create a plan for developing the data product. The data
producer combines the business goals and requirements into a plan, in which they also
assign responsibilities.

The plan summarizes the goal, stakeholders, schedule, value and benefits, and cost of
the data product.

The data producer should clearly outline the data product and decide if building a data
product is profitable and a suitable solution for our case. When in doubt or
inexperienced, they should ask the organization's expert on data mesh and data
products for guidance.

Stakeholders Data product owner, data product developer, data product expert

Skills:
e Data management
. Feasibility assessment
e Investment appraisal
e Project management




e  Strategic planning

Output e Inflection point
e  Productplan
o Document outlines the DPDM-DMA, including details on
responsibilities, schedule, and budget.
e Data product canvas
o Aone-page summary for data product development

What Explanation Sources / Tools MoSCoW

Budget Plan for number of resources that can be S
used for building and maintaining data
product.

DPDM-DMA Guidelines and principles for building C
data products




2.Explore

Introduction:

In the explore phase, the data producer identifies potential sources for the data product. Data
producers gain a better understanding of the available data by performing an in-depth
exploration of the data. Data is explored to understand how it should be transformed, how it
should be stored, its quality, and what level of governance should be applied.

Exploring data helps us with the decision of which data to share and under which conditions.

Desired outcomes:
> Data reports (collection, description, exploration, quality)

2.1 Explore data TNIVS

Task Explore data
The data producer examines the data to better understand what data transformation,

data integration, data cleansing, and governance policies to be applied.

Stakeholders Data product developer

Skills:
e Dataengineering
e Datascience
e Governance
e  Quality management

Initial data collection report
e Global governance policies

Input

Output e Datareports
o Datadescription report
o Data exploration report
o Data quality report
e  Governance plan

Tools:
What Explanation Sources / Tools MoSCoW
Data exploration Analyse and evaluate data M
Data visualisation Creating a graphical representation of - Wilke, C. 0. (2019). M
data to get a better understanding of the Fundamentals of data
data visualization: a primer on
making informative and
compelling figures.
O'Reilly Media.
Data quality analysis Make use of a data quality framework to - Choosing a framework: M
define product’s quality on multiple Cichy, C., & Rass, S.
dimensions (2019). An overview of

data quality frameworks.
leee Access, 7, 24634-
24648.




3. Build

Introduction:

In the build phase, data producers utilize the collected information of the explored data and the
data consumer to collect, transform, store, and serve the data. Data producers should ensure
quality and compliance by establishing governance rules. Ultimately, data producers are
responsible for creating understandable data products. This is achieved by adding
documentation, a data sample, and computational notebooks to help data consumers
understand and gain insight into the data product.

After this phase, data producers combine all the information to deploy the data product

Desired outcomes:

> Code (extraction, transformation, policies)
> Governance plan

> Access plan

> Documentation and examples

3.1 Consume, transform, serve AUTNIV
Task Consume, transform, serve
The data producer needs to consume the data, transform it into an appropriate form,
store it, and create interfaces for data consumers.

The self-serve data platform should facilitate the infrastructure for these actions. The
data producer should consider the input of the data, the best way to store the data, and
the form and interface that are best for consumers to access the data.

The data producer should carefully consider the data model of the data product.
Stakeholders Data product developer

Skills:
e Dataengineering
e Data modelling and design
e Database design

Input e Datareports
e  Userstory
e  Productplan
Output . Definition of input interfaces
o Theinterfaces of the data product need to be defined; this is usually
done in the form of code.
e Definition of output interfaces
o Theinterfaces of the data product need to be defined; this is usually
done in the form of code.
e Datatransformations
o  Code for transforming data in the preferred format.
e Data storage
o Storage of the data

Tools:

What Explanation Sources / Tools MoSCoW
Self-serve data A self-serve data platform should provide - Dehghani, Z. (2022). Data M
platform tools to data producers for developing mesh. “O’Reilly Media,

data products Inc.”




Data The data platform supports integration of M
integration incoming and outcoming data using Ul
system tools.
Data The data platform supports the M
processing transformation from the data.
Polyglot The data platform helps with storing M
storage polyglot data.

3.2 Quality, policies, governance TNIVS

Qualities, policies, governance

Task

Data products should conform to both local and global policies to ensure

interoperability, quality, and compliance.

Data producers should consider the data we consume and determine whether

governance should be applied. Additionally, they should consider the users of the data
and whether they should be able to consume the data.

Stakeholders

Skills:
e  Availability management
e  Governance
. Information assurance
. Personal data protection
e Service level management
) Quality management

Data product owner, data product developer

Input e Data quality report
e  Governance plan

Output e Policyas code
° SLO

o Targeted levels of service

e Slis

o Metrics used to measure quality

Tools:

What Explanation

Sources /Tools

MoSCoW

Self-serve data
platform

A self-serve data platform should provide
tools to data producers for developing
data products

- Dehghani, Z. (2022). Data
mesh. “O’Reilly Media,
Inc.”

M

Security and
privacy

The data platform helps set security and
privacy requirements for the data, these
requirements should be based on the
consumed data and to whom we provide
data

Monitoring The data platform helps enforce security
and privacy rules, the data producers
should define how they monitor security,

privacy, and quality




3.3 Definitions, description, documentation

D

ur

Task Definitions, description, documentation
Data providers and consumers need to understand the value and use of the data
product. Data producers must present the data in the best possible way.
Data consumers are customers, so we should make it easy for them to understand the
data. This can be achieved by describing the data (fields), providing data samples, and
providing computational notebooks with usage examples.
Stakeholders Data product developer
Skills:
. Data science
. Data visualisation
e Information content authoring
. Knowledge management
Input e Datadescription
Output e Metadata
e Data product description
. Examples (computational notebook, data)
Tools:
What Explanation Sources / Tools MoSCoW
Self-serve data A self-serve data platform should provide - Dehghani, Z. (2022). Data M
platform tools to data producers for developing mesh. “O’Reilly Media,
data products Inc.”
Data catalog  The data platform provides a catalog M

service to publish data, metadata, and
information




4.Deploy

Introduction:

In the deploy phase, the information built and collected in the previous phases is leveraged on
the self-service data platform to create a version of the data product and deploy a data

contract.

After deploying a data product, the data producer should ensure that potential data consumers

are aware of the existence and the purpose of the data product. They should actively promote
the data product. Additionally, the data producer is responsible for delivering valuable data
products, which conveys that they should monitor the data product and address feedback.

Desired outcomes:
> Detailed contract
> Data product

4.1 Deploy data product DAUTNIVS+

Task

Deploy data product
Use the information from the build phase to create a data contract and deploy the data
product by utilizing the self-serve data platform.

Stakeholders Data product developer
Skills:
e  Acceptance testing
e  Product management
Input e Code
e Data
e Metadata
e Interfaces
e Infrastructure
Output e Datacontract
e Data product
Tools:
What Explanation Sources / Tools MoSCoW
Self-serve data A self-serve data platform should provide -  Dehghani, Z. (2022). Data M
platform tools to data producers for developing mesh. “O’Reilly Media,
data products. Inc.”

The data platform should guide the
developer on the deployment of the data
product




4.2 Promote data product DAUT

Task Promote data product
It is the responsibility of data producers to create valuable data products. After creating
a data product, data producers should ensure that it is easy to use. A data product is
appealing when promises are kept and the product is maintained. Data producers
should present and explain their data products on platforms and in places that are
available to the entire organization.
Stakeholders Data product owner, data consumer
Skills:
e  Marketing
e  Stakeholder relationship management
Input . Data product documentation
e Data product examples
Output e Feedback
. New users
Tools:
What Explanation Sources / Tools MoSCoW
Communication You should make use of the available M
channels communication channels in the
organization for promoting the data
product.
4.3 Observe data product VE+
Task Observe data product
Data producers are responsible for continually improving and adapting their data
products based on the needs of data consumers. Data producers should be open to
feedback and continually improve their data products.
Data products become of a higher quality when data producers communicate with the
data consumers and incorporate their feedback.
Stakeholders Data product owner
Skills:
e  Product management
e  Service level management
e  Stakeholder relationship management
Input e Feedback
e SLI
Output . Improvement plan
Tools:
What Explanation Sources / Tools MoSCoW
Communication Data consumers should be able to easily M
channels ask question to the data provider
Service Level SLlIs can be used to understand the S

Indicators (SLI)

quality of your data product, which can
be a reason to make adjustments to your
data product




5. Retire

Introduction:

In the retire phase, data producers create a plan for retiring the data product. There can be
multiple reasons to retire a data product. Primarily, the data product may no longer be of value
to customers, and making adjustments does not add value to the data product. Secondly, a
data product may no longer be utilized by data consumers.

This is the final phase of the DPDM-DMA. You should communicate this decision with the data

consumers of the data product and develop a plan for the retirement of the data product. This
plan contains the specific details for retiring the current data product, however the organization
should have a general plan for retiring data products and an implementation for this in the self-
serve data platform.

Desired outcomes:
> Retirement plan

5.1 Retire data product v+

Task Retire data product
Itis the responsibility of the data product owner to decide when a data product should
be retired. This may be due to the migration to one or multiple new data products, or
because the data product is no longer required.

The self-serve data platform should be able to facilitate the retirement of data products.

Stakeholders Data product owner

Skills:
e  Product management

Input e SLO
e SLI
e  Product plan
Output e  Plan for retiring data product

. Communication to stakeholders

Tools:

What Explanation Sources /Tools MoSCoW
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