

Praise for Data Mesh

Zhamak impressively addresses what any data-driven company needs to implement data mesh at the culture, organizational, architectural, and technical levels to deliver value at scale sustainably. Anyone who works in data must have this book on their shelf and read it a couple of times. Like a good movie, they will discover new subtleties over and over again.
​—​Andy Petrella, Founder of Kensu


In this book, Zhamak provides the nuance and detail that turns data mesh from a compelling idea into a viable strategy for putting data to work inside complex organizations.
​—​Chris Ford, Head of Technology, Thoughtworks Spain


With Data Mesh, Zhamak was able to bring together the technical and organizational design practices that helped engineering organizations scale and package them in a way that makes sense for the data and analytics space.
​—​Danilo Sato, Head of Data & AI for UK/Europe Thoughtworks


Data Mesh is a new concept, and data practitioners need to learn when and how to implement it. Zhamak’s new book provides a good balance of theory and practice that can guide engineers on their path and enable them to make good design choices. The detailed approach in the book makes this new concept clear and useful. The best part, though, are the diagrams—sometimes a picture is worth more than 1,000 words.
​—​Gwen Shapira, Cofounder and CPO at Nile Platform; Author of Kafka: The Definitive Guide


Data mesh is one of those concepts where we ask ourselves why we weren’t doing this all along. This book will be our guide.
​—​Jesse Anderson, Managing Director Big Data Institute; Author of Data Teams


Few concepts have produced as much discussion in the data community as Data Mesh. In this book, Zhamak clearly lays out the principles and demystifies Data Mesh for the practitioner.
​—​Julien Le Dem, Datakin CTO and OpenLineage project lead


A thorough and crucially needed overview of data as a product, including cultural, process, technology, and team changes required to get there. A data-driven organization needs a vibrant data mesh ecosystem where data products and teams emerge from business needs, not centralized data lakes and pipelines where data goes to die.
​—​Manuel Pais, Coauthor of Team Topologies


It’s exciting watching a new paradigm appear. I watched microservices, and the underlying ideas, become mainstream and feel privileged to watch the building blocks of Data Mesh appear. But unlike many incremental improvements, Zhamak and her collaborators have transformed the underlying tension—between cross-cutting analytical data and the decoupling goals that make microservices appealing—into a transformative idea. What some may assume is merely a technical solution extends far beyond that, reconciling long-standing impedance problems between business needs and technology solutions. While complex, its multifaceted nature touches all parts of modern software development and points the way to many future innovations.
​—​Neal Ford, Director/Software Architect/Meme Wrangler at Thoughtworks; Author of Software Architecture: The Hard Parts


In Data Mesh: Delivering Data-Driven Value at Scale, Zhamak shows a new paradigm encompassing technology and people to apply domain-driven thinking to analytics data and data products, thus enabling to derive value from data in an iterative manner.
​—​Pramod Sadalage, Director, Data & DevOps, Thoughtworks


Data products invert the relationship between code and data, encapsulating the data and the code which serves the data—what a clean way to distinguish between data products used in analytics and microservices used for operations.
​—​Dr. Rebecca Parsons, CTO, Thoughtworks
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To Dad

Your light remains


Foreword

I’ve been involved in developing software for large corporations for several decades, and managing data has always been a major architectural issue. In the early days of my career, there was a lot of enthusiasm for a single enterprise-wide data model, often stored in a single enterprise-wide database. But we soon learned that having a plethora of applications accessing a shared data store was a disaster of ad-hoc coupling. Even without that, deeper problems existed. Core ideas to an enterprise, such as a “customer,” required different data models in different business units. Corporate acquisitions further muddied the waters.

As a response, wiser enterprises have decentralized their data, pushing data storage, models, and management into different business units. That way, the people who best understand the data in their domain are responsible for managing that data. They collaborate with other domains through well-defined APIs. Since these APIs can contain behavior, we have more flexibility for how that data is shared and more importantly, how we evolve data management over time.

While this has been increasingly the way to go for day-to-day operations, data analytics has remained a more centralized activity. Data warehouses aimed to provide an enterprise repository of curated critical information. But such a centralized group struggled with the work and its conflicting customers, particularly since they didn’t have a good understanding of the data or the needs of its consumers. A data lake helped by popularizing access to raw data, allowing analysts to get closer to original source, but too easily became a data swamp of poor understanding and provenance.

Data mesh seeks to apply the same lessons we learned with operational data to the world of analytical data. Business unit domains become responsible for publishing analytical data through APIs the same way they do for operational data. By treating their data as a first class product, they communicate the meaning and provenance of the data, and they collaborate with their consumers. To make the work involved in this achievable, the enterprise needs to provide a platform for building and publishing these data products, together with a federated governance structure to keep it all coherent. Pervading all of this is a recognition of the importance of technical excellence so that the platforms and products can evolve swiftly as business needs change.

Data mesh is thus at heart a rather simple, perhaps obvious, application of a well-established data management principle to the world of analytical data. In practice, however, there’s a great deal involved in making this work, particularly since so much vendor investment has focused on centralized models, exacerbated by not supporting the practices (such as testing, abstraction building, and refactoring) that developers of operations systems know are essential for healthy software.

Zhamak has been at the sharp end of this, advising our clients on the path forward, learning from their setbacks and triumphs, and nudging vendors into producing the tools to make it easier to build these platforms. This book collects her and her colleagues’ knowledge in this early but important stage of the adoption of data meshes worldwide. I’ve learned a lot about these pragmatic difficulties while reviewing this book, and I’m convinced that anyone who wants their organization to best utilize their data resources will find this book charts out the best we understand of the path forward.

Martin Fowler

Chief Scientist, Thoughtworks


Preface

Data mesh is the nudge that puts us on a new trajectory in how we approach data: how we imagine data, how we capture and share it, and how we create value from it, at scale and in the field of analytics and AI. This new trajectory moves us away from the centralization of data and its ownership toward a decentralized model. This new path embraces the complexity of our organizations, their rapid change, and their continuous growth. It aims to enable organizations to get value from data at scale, despite the messiness and organizational complexity.

Looking back through the history of our industry, we have been nudged before. The birth of Unix and its philosophy to “Write programs that do one thing and do it well. Write programs to work together …” was perhaps the butterfly flapping its wings that set the conditions for us to tackle complexity at the heart of software, decades later, through distributed architecture, service-oriented design, communications through standard APIs, and autonomous domain team organization. I hope that data mesh sets the condition for a new path to tackle complexity at the heart of data in the field that needs it most, analytics and AI.

I formulated the thesis of data mesh in 2018, after observing common failure patterns in getting value from data in large and technologically forward companies that had made substantial investments in their data technologies. Observing their struggles to scale data management solutions and organization to meet their ambitious data aspirations led to questioning the decades-old assumptions in how we get value from data: we collect it, we centrally store it, we put a data team in charge of it, and then we unleash it on a diverse set of users and use cases. These assumptions had to be revisited.

I shared the ideas behind data mesh in an O’Reilly conference in New York around the same time. I called it “Beyond the Lake” as I was struggling to solve one of the hardest problems in technology, “naming things.” Despite my fear of receiving harsh criticism, as I was speaking sacrilegious words of fundamentally shifting our view on data, the audience positively embraced the talk. The pains of data users—data analyst or scientist—were real; they were all struggling to get timely access to high quality and trustworthy data. The pains of data engineers were shared, stuck in the middle between data providers and data users, trying to get meaning out of data from unreliable upstreams and put it in a form that others can use, and doing all that without close contact with the business. The leaders in the audience nodded that the returns on their data and analytics solutions were middling. I left that conference feeling more confident about what could come beyond the lake. A few months later I missed a week-long tech advisory board meeting in China. My three-year-old daughter had broken a fever the night before the flight out of the US. I made it to the plane, hiding my desperation separating from my sick kid for a week, but I broke down as the pilot announced to the crew to secure the plane doors. I got off the plane. Now I had a week to hide and put the thoughts and experience of data mesh into words in an article called “How to Move Beyond a Monolithic Data Lake to a Distributed Data Mesh”, kindly hosted by Martin Fowler. The article was a success and received an incredible amount of readership, as if I had just said the words that others were quietly thinking of. Three years on, this book goes into the depth of why, what, and how to realize Data Mesh.

Why I Wrote This Book and Why Now

In the handful of years since the creation of data mesh, it has received tremendous support from lead adopter companies implementing it. It has encouraged vendors to attempt to adapt their products to suit data mesh implementations. It has created a thriving learning community to share their experiences.

Despite such rapid movement, I’m perhaps writing this book a bit earlier than I would have liked. We are still in the early years of a fundamentally different approach in sharing and creating data for analytical and machine learning (ML) use cases. But our industry has the tendency to percolate new concepts and buzzwords beyond recognition. Hence, I decided to write this book to create a common foundation for future evolutions of data mesh implementations. I wanted to make sure, before we get carried away with building new technical solutions, we understand why we need to make a change, what the problems we are trying to address are, and how we are trying to do that.

This book creates a foundation of the objectives of data mesh, why we should bother, its first principles. We look at how to apply the first principles to create a high-level architecture and leave you with tools to execute its implementation and shift the organization and culture.

Who Should Read This Book

This book is written for people with a diverse set of roles and skill sets. Data mesh is a paradigm shift, and it needs the collective effort of many complementary roles and disciplines to make it a reality for any organization, from architects, practitioners and infrastructure engineers to product managers, data leaders, and executives.

Here is a quick summary of readers’ personas and what they can take away from this book:

	Analytical data users such as data scientists and analysts should read this book to understand what data mesh enables for them and how they become part of this movement as an active member of the mesh, in turn, providing their insights and inferences as new data products are shared on the mesh.

	Data providers, such as application teams or data engineers, should read this book to understand how data mesh integrates the two planes of operational and analytical data and applications. They will see and how their roles move into cross-functional domain teams and what kind of architecture they will build to enable data mesh.

	Infrastructure product owners, architects, and engineers should read this book to understand the role and design of a self-serve data platform to create a well-integrated set of services that enable data sharing decentrally at scale and by cross-functional domain teams.

	Data governance teams should read this book to understand the new structure and approach to achieving governance objectives in a way that is conducive to independent domain ownership of data, removes organizational bottlenecks, and relies heavily on automation and computation. This book introduces a new role and shape for data governance.

	Data leaders, managers, and executives should read this book to understand the paradigm shift that is coming and learn to formulate a data strategy based on data mesh, execute its transformation, and cultivate their organization along the way.



This book is written for people with backgrounds in traditional data and analytics, and people who have been more focused on software and application delivery. Data mesh closes the gap between these two groups.

If you come from a traditional data background, perhaps having been a data engineer or data analyst, I encourage you to suspend your past biases. Be open to new ways of solving the problem of analytical data management and processing. Embrace computation and automation as an indispensable companion of data.

If you come from an application development background, software architecture or application infrastructure engineering, read this book with empathy for data and analytics. See yourself as part of the solution for sharing data and getting value from data to improve your applications. Imagine a new future where data work and application development are two complementary pieces of making your solutions successful.

How to Read This Book

I highly encourage you to start with the Prologue: Imagine Data Mesh. This short chapter helps you feel and visualize what data mesh looks like in action. It demonstrates the impact of data mesh on a day-to-day basis. It shows the principles of data mesh applied through a fictional story of a digital streaming company: Daff, Inc.

The rest of the book is structured into five parts:

Part I, “What Is Data Mesh?”

This part introduces each of the data mesh first principles and describes their transformational impact. I do hope that everyone reads this section of the book as the content here informs all discussions around data mesh to come.


Part II, “Why Data Mesh?”

If you are unsure that data mesh is the right choice for you, or if you want to understand what problems it solves and how it solves them, or simply influence others, read this part of the book. It compares data mesh to the past and discusses why what has got us here won’t take us to the future. I encourage all readers to go through this content.


Part III, “How to Design the Data Mesh Architecture”

This part is for all technologists, leaders, or practitioners. The chapters in this part of the book focus on the high-level architecture of data mesh components. They help you design your data mesh architecture as well as evaluate off-the-shelf technologies for alignment with data mesh.


Part IV, “How to Design the Data Product Architecture”

This part goes into the detailed design of a core concept in data mesh, called a data product. It intends to simplify complex concepts without compromising on necessary details. It should be approachable for all roles, managers, leaders, or practitioners. However, people who will be in a technical leadership position of implementing various aspects of data mesh will get the most out of this part of the book.


Part V, “How to Get Started”

This part is a guide for people in roles that influence the overall execution of the data strategy and organizational change. It gives actionable advice on how to approach an evolutionary execution of a data mesh transformation, and how to make organizational design decisions around team structure, incentives, culture, and so on.

Conventions Used in This Book

The following typographical conventions are used in this book:

Italic

Indicates new terms, URLs, email addresses, filenames, and file extensions.

Bold

Used for data domain and data product names.

Constant width

Used for program listings, as well as within paragraphs to refer to program elements such as variable or function names, databases, data types, environment variables, statements, and keywords.

Constant width bold

Shows commands or other text that should be typed literally by the user.

Constant width italic

Shows text that should be replaced with user-supplied values or by values determined by context.

Note
This element signifies a general note.


Warning
This element indicates a warning or caution.
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Prologue: Imagine Data Mesh

Imagination will often carry us to worlds that never were. But without it we go nowhere.
​—​Carl Sagan


Behind every successful company stand three, failed and forgotten. This is a ratio by which the failures outnumber the survivors.1 In the age of AI, it is no curious coincidence that the ones standing and leading have cracked the code of complexity, embedded data-driven experimentation in every aspect of their business, embraced continuous change in response to rapid learnings, and partnered with machine intelligence to understand reality beyond human logic and reasoning.

Daff, Inc.,2 a fictional global music and audio streaming company,3 is an example of such a company. Daff has successfully delivered on its mission: “Connect artists and listeners across the globe, in an immersive artistic experience, at every moment of life.” Behind Daff’s mission stands the company’s great expectations from data, analytics, and machine intelligence, delivered through an approach known as data mesh. Data mesh is the backbone of Daff’s data strategy, architecture, and operating model that has given them scale and speed to experiment, learn, and adapt using data and machine learning (ML).

What I want to share with you is Daff’s story after they have implemented data mesh. Through the story of Daff you will learn the essence of data mesh. You will see data mesh principles applied, its benefits demonstrated, its architecture in action, and the organizational structure, up and running.

I find the best way to introduce a complex phenomenon such as data mesh is with an example. However, it’s too early in the life of data mesh to describe an example of a company with a mature data mesh, as we are currently in the process of building the first data meshes. Therefore, I’m describing a fictional organization that exhibits the characteristics I would expect to see in a few years’ time. While we don’t expect that reality will conform to our imagination, our vision of what we’re working toward is a vital part of understanding what we are trying to achieve. To best convey this picture, I’m writing about this fictional company as I would imagine it being featured in the business press.

As I tell the story, I will leave footnotes for you to find your way to later chapters that deep dive into the facets I briefly surface here. However, my intention is for you to stay with me in the story and only fly off to the later chapters after you reach the ending of this prologue.

Data Mesh in Action

It’s the year 2022.

Daff has demonstrated strong growth of its premium subscribers with a relentless focus on a user experience utilizing machine learning. The company remains one of the most loved feature-rich platforms that has used data to personalize an immersive experience, curate an expansive library of content, and reach new and rising artists. Daff has continuously evolved by adding new services and expanding into adjacent domains of streaming podcasts, videos, and organizing events. Today, Daff operates in almost every country worldwide with a growing ecosystem of local and global business collaborators, from event and art venues to workout platforms.

Over the last three years, Daff has pivoted how they manage and use analytical data to an approach called data mesh. Data mesh is a new approach to harnessing value from analytical data at scale that aligns data and business closer than ever.

Daff has deployed sophisticated machine learning models that continuously exploit patterns in a diverse and evolving set of data, internal and external to the organization. Daff has served its listeners with recommendations specialized to their taste, mood, time of day, and location. Using data, they have empowered artists with targeted campaigns to help them grow their reach. They have the real-time pulse of their adaptive business with business analytics, dashboards, reports, and visualization. This is just the tip of the iceberg of how Daff gets value from their data.

Let’s take a walk around Daff to see how they do it.

A Culture of Data Curiosity and Experimentation

One of the most notable changes in Daff is the ubiquitous culture that dares to obsessively ask, “What if …”: what if we could make a change to make things just a little bit better? There is a culture that obsessively runs experiments, observes the results, analyzes the data, makes sense of it, learns from it, and adapts.

This culture is built on a technical foundation that has just made it so easy for everyone to dare to try: try big experiments with applied machine learning or little ones just tweaking user interface features.

Daff is organized around business units that it refers to as domains. The player domain focuses on the core music player used on mobile devices, the partnership domain works with business partners such as exercise applications and art venues, and the playlist domain investigates advanced approaches for generating playlists. Each domain combines software development and broader business capabilities and is responsible for the software components that support that domain.

Walking around Daff you notice that at any point in time, there are many concurrent experiments being run by each domain to improve their applications and services. For example, player teams are continuously experimenting with better engagement with users. The partnership domain team is experimenting with data captured from a variety of external sources such as exercise platforms, art venues, etc. The playlist teams keep applying more advanced machine learning in curating and recommending engaging compilations. And the artist domain team is utilizing machine learning to discover, attract, and onboard artists who normally would have gone unnoticed.

Every domain of the business and their collaborating technology teams have a deep appreciation for meaningful, trustworthy, and secure data. Not only that, everyone has an expectation that on-demand access to data across the organization is a norm. They know their role in making that happen. They are all responsible for data and have a stake in it.

Every domain is enthusiastically applying machine learning models wherever the feature or the function of the domain can be implemented through the exploitation of past data and patterns in it. For example, the playlist teams are using generative machine learning models to create weird and wonderful compilations. The compilations are targeted for different activities, from running to focusing on learning. The artist team is exploiting multiple datasets from social media and other agencies outside of Daff to detect emerging artists and onboard, promote, and connect them with their new audience.

You can feel the enthusiasm around data usage and learning a new reality that allows for the creation and discovery of signals that would have been just noise to our human senses.4

Data culture before data mesh

This culture vastly contrasts what Daff was three years ago. Data collection, experimentation, and intelligence were outsourced to a separate data team. The data team was under sheer pressure. Domains did not have trust in the data, or often couldn’t find the data they needed. The data team was always playing catchup, either chasing the data pipeline havoc caused by every little change in upstream applications and their databases or trying to meet the needs of the impatient domains needing a data solution yesterday. The domains themselves had taken no responsibility and interest in making data readily available, reliable, and usable. The lead time and friction to get to the right data made it incredibly difficult for domains to dare imagine new experiments.

Comparing the two experiences shows how far Daff has come in three years after their pivot to data mesh.

An Embedded Partnership with Data and ML

The data experimentation culture just seems too good to be true. To see what it looks like in practice, let’s follow the story of a recent data-driven business feature Daff has worked on and follow the experience of the people involved.

Smart music playlists have been a successful feature of the Daff platform. The music playlist domain has worked on multiple ML models that cross-correlate data from a variety of sources to recommend better-matched playlists for listeners, depending on where they are, what they’re doing, where their interest lies, and what the occasion is.

The playlist ML models exploit patterns in analytical data products from a variety of sources across the organization such as:

	Data shared by the listener domain, listener profiles, listener social networks, listener locations, etc., to understand the context and cohorts of listeners.

	Data shared by the player domain, play sessions and play events, to understand the behavior and preferences of listeners on their player devices.

	Data from the music album domain, music tracks, and music profiles, to get an understanding of the profiles and classifications of music tracks.



There are multiple trained machine learning models that generate smart playlists such as monday playlists, sunday morning playlists, focus playlists, and so on.

The playlist team shares these continuously improved compilations as data products to other teams. Data as a product is a well-established concept that refers to data shared following Daff’s established data sharing standards. Data products are automatically accessible through the global data discovery tool. They share and guarantee a set of service-level objectives (SLOs), such as how often each playlist is refreshed, its accuracy, and timeliness. They have up-to-date and easy to understand documentation. In short, data products are high-quality data available to users with the right access permissions, and they are easy to understand and use.

The player domain team that focuses on the presentation of content to listeners across different player user interfaces—such as mobile, desktop, car, etc.—is one of the main users of the playlist data products. They continuously consume the latest and greatest playlists and present them to the listeners.

The playlist team is planning to advance their models to recommend a new variety of playlists for different sports activities, e.g., running playlists, cycling playlists, and so on. They need to find existing data that has information about music that listeners have liked and played during sports activities.

To get started, the playlist team goes to the mesh discovery portal and searches for all data products that might have something related to sports activities. Through the discovery mechanism they find that the partnership domain has some data related to this. The discovery tool allows the team to automatically get access to documentation, sample code, and more information about the data products. They automatically request access and get a connection to the partnership data products and examine sample datasets. While they find some useful data involving joint members (listeners who are members of partner workout platforms), they don’t find any information about the music they listen to or like on those platforms when they run, cycle, or do yoga.

The playlist team gets in contact with the partnership data product owner. Each domain has a dedicated product owner who focuses on the data shared by that domain. Through a direct conversation they let the partnership team know that they need to get access to the music tracks that workout platforms play during different activities as well as the ones that their members like. This conversation leads to the prioritization of creating partner playlists data products.

The partnership business team’s purpose is to create a better experience for listeners through seamless integration with partner platforms such as the workout platforms and sharing music. Creating partner playlists data products is aligned with their business objective. The partnership team is best positioned to create these data products. They work most closely with partner platforms and are aware of their integration APIs and the life cycle of those APIs, which directly feed the partner playlists data products.

Given the self-serve data infrastructure and platform capabilities that Daff has built over the course of the last three years, it is fairly simple for the partnership team to create new data products. They start working with one of the most popular cycling and workout partners and use their APIs to access the tracks their members have played and liked.

The partnership team uses the platform data product life cycle management tools to build the transformation logic that presents this data as a data product in multiple modes, near-real-time snapshots of delta files initially. To make the integration of partner playlists with other data products easier, the transformation code focuses on harmonizing the music track ID with the global track ID system that Daff uses across all data products. In the span of a few hours, they have the new partner playlists data product built and deployed to the mesh, and made available to the playlist teams to continue their experiment.

In this simple scenario there are a few fundamentals of data mesh principles at play: one is the decentralized domain ownership of data5 to remove the gap between data users and data providers, in this case allowing the playlist domain to work directly with the partnership domain, with each team having long-term accountability for providing data, playlists, and partner playlists.

The culture and technology of treating data as a product6 is the second principle of data mesh we see in action. The teams have the responsibility to provide data that is easily discoverable, understandable, accessible, and usable, known as data products. There are established roles such as data product owners in each cross-functional domain team that are responsible for data and sharing it successfully.

The feasibility of sharing new partner playlists data products in a span of a few hours or maybe at most a day or two and the possibility of discovering the right data and using it without friction are all dependent on the self-serve data platform.7 The platform provides services to cross-functional teams for sharing and using data, and it paves the path to efficiently and securely create and share data products for that purpose. For example, automated access control, encryption of personal information by default, and registering all data products with a global discovery tool are among the platform services.

Daff depends on a well-established set of governance policies to share data confidently and effectively. For example, a collective understanding around who should own what data is an example of such a policy. In this case, the partnership team became the owners of partner playlists. They are the team closest to the source and control the relationship with the partners. They are closely aware of factors that impact partnership data. While this appeared to be a simple and organic decision, it was made based on a set of heuristics that Daff had established to govern the policy of “assigning long-term owners to data products.” A federated group of domain representatives defines the policies and the data platform automates them. This is data mesh’s federated computational governance8 principle.

Daff has come a long way to arrive at this seamless and frictionless journey. Figure P-1 shows this peer-to-peer and decentralized collaboration.
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Figure P-1. Intelligent playlist creation scenario with data mesh


Data work before data mesh

The same scenario three years ago would have faced weeks of work, many points of friction and bottlenecks, and multiple handovers across multiple teams, likely resulting in poor quality data. Three years ago, the expected length of the effort and all the friction likely inhibited the initiative from starting, leaving it abandoned or in the best case costing a lot more.

Three years ago, the playlist team would have needed to ask a central data and AI team to prioritize building and training a new model for sports playlists. The data scientists within the central data and AI team would have needed to prioritize this among many other ML-based initiatives demanded across the organization. In the best-case scenario of highly prioritizing the playlists request, the data scientists would have had to go to a centralized lake or warehouse team for data and request access to the data from a centralized governance team.

This would have added another few days. Even then, after finding the data, it was likely that data scientists couldn’t quite understand the data. The data would have been stale, as the partnership team had established many new integrations that hadn’t yet made it to the central warehouse or lake. The central data scientist team likely had trust issues with the data.

After realizing that data scientists needed more music-related data from partners, the data lake team would have needed to go to a data engineering team in charge of pipelines to get the new extract, transform, load/extract, load, transform (ETL/ELT) pipelines set up to get data from partner integration APIs and get them to the warehouse or lake, yet another backlog to get stuck behind.

The centralized data engineering teams had to spend days negotiating and understanding a completely new domain, the partnership domain, to get the data from their application databases into the pipeline and then into the lake. They had to understand their internal databases to map internal music IDs to the global ID, among other internal application nuances. This would have taken some more time.

Without direct involvement and understanding of the business case, the partnership team had low incentives to prioritize high-quality partnership music integration9 and support the data engineers’ ETL pipelines. The ad hoc integrations faced days of debugging until some data flew into the lake. And the saga continues.

Daff’s functionally divided organizational design and technology was simply not conducive to data-driven experimentation.10

Figure P-2 shows Daff ’s organizational structure and architecture before data mesh. They had a modern software development architecture and organization structure as they had aligned their business and technology development teams around autonomous domains. However, their data and analytics team and architecture were functionally divided and centralized, using the monolithic architecture of the lake and warehouse.

The central data team and the monolithic architecture had become a bottleneck in response to the proliferation of data sources—inside and outside of the company—and diversity of their use cases. The data team had been under a large amount of pressure and had substantially slowed down in response to the growth of Daff. The returns of investments had now plateaued.

In short, Daff’s data team structure and architecture were out of step with its aspirations and organizational growth.11
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Figure P-2. Daff’s organization and architecture before data mesh


The Invisible Platform and Policies

Post data mesh, in the sports playlist scenario I just shared with you, the experience of data users and providers almost feels magical: no friction, rapid end-to-end results, a sense of shared accountability with clear boundaries of responsibilities.

For this to be remotely possible, Daff has created a set of self-service technologies and automations that feel native to use and almost invisible.

Beneath the experience of the data providers and data users, to rapidly and autonomously share data, sits a platform composed of self-service capabilities that enable a set of key experiences:

The experience of building, deploying, monitoring, and evolving data products

In this example, the data platform facilitated a frictionless experience to create and evolve partner playlists and sports playlists data products in a short amount of time, including integration with the source, building and testing the data transformation code, and serving the data.

The experience of working with a mesh of data products as a whole

In this case, the platform services enable searching and discovering data products, connecting to them, querying their data, subscribing to their evolving data changes, and joining and correlating multiple data products to create new and novel playlists.

These experience-based capabilities of the platform are optimized for the users—data product developers, owners, users—to minimize their cognitive load in data sharing and experimentation.

For Daff, it is not acceptable to optimize the users’ experience—data product developers and users—at the cost of machine deoptimization. The invisible part of the platform, closer to the physical layer and further away from the user, takes care of physical and machine optimizations. While the platform’s experience plane—a set of cohesive services—optimizes the user experience to work with autonomous and yet connected data products, the utility plane of the platform optimizes physical and machine-level performance.12 For example, it supports:

	Efficient polyglot storage of data products

	Efficient query and workload processing across data products

	Efficient search and indexing

	Reduced data movement



The seamless experience of the playlist team using and correlating multiple data products sourced from different teams such as partnerships, listeners, and music profiles depends on a set of global standard policies governing all data products:13

	Standardization of data sharing APIs

	Standardization of metadata including SLOs, documentation, and data modeling language

	Standardization of shared data entity IDs



Limitless Scale with Autonomous Data Products

Data mesh meets Daff’s growth aspirations with a scale-out organizational and technical structure. As you saw in the example of smart playlists, the introduction of new playlists or improving existing ones is simply a matter of adding more data products and connecting them, e.g., running playlists, cycling playlists, workout platform X partner playlists, workout platform Y partner playlists, etc. This is a scale-out architecture where you can achieve limitless scale by adding more coequal nodes and connecting them with each other. Data products are implemented as an architecture quantum, the smallest unit of an architecture that can be deployed independently and still have all the structural components to do its job.

The architecture assures that each data product implements a standard set of contracts for data access and data sharing in a way that each can connect to other data quanta on the mesh to share data and semantics. Each data product encapsulates the data transformation logic and policies that govern their data. The architecture matches the domain-oriented organizational autonomy, with a corresponding data-product-oriented distributed architecture.

Daff’s standardization of data products has given it speed and scale.14

The Positive Network Effect

The success of Daff in using data and analytics can be summarized by the positive network effect created by peer-to-peer connectivity of domains exchanging data products as units of value. The larger the network and the more connections established, the more data that is shared between domains to generate intelligence and high-order insights, ultimately improving the business.

Daff has invested significantly to execute its data mesh strategy, making an organizational and cultural shift and creating the infrastructure and platform foundation. But they have been diligent in tracking the return of their investment with measurable benefits.

Based on their measurements, externally, they have created deeper user engagement and have grown the number of active listeners by applying ML and data to improve the listeners’ experience across multiple touchpoints. Internally, they have reduced the lead time to access data by removing central and middleman bottlenecks. They have reduced the risk of change of data by creating standard contracts and interfaces for discovering and sharing data products. They have reduced the waste of developing data products by adopting automated continuous delivery practices for data products. They have increased the application of data across the business measured by the amount of connectivity between their data products. They have increased the number of teams engaged in creating data-driven solutions by embedding the ownership of data in each domain and team. They reduced the cost of data ownership and end-to-end data solution creation by utilizing the platform services and focusing on the experience of data developers.

These are some of the areas of improvement that they measure against their data mesh investments.15

Why Transform to Data Mesh?

Let’s go back to the year 2019, the year of an inflection point for Daff.16

Over the last few years, Daff had substantially invested in their data solutions such as data lakes and data warehousing to capture data at scale. They had built a large data and AI team under the chief data and AI officer who had been charged with organizational-wide data capture, modeling, and serving, as well as building analytical and ML solutions the business needed. The organizational structure and operating model that Daff had adopted was the industry standard at the time.

This was the year that Daff reflected and realized that their data aspirations had outgrown their ability to execute on them. The central data team and the monolithic architecture had become a bottleneck in response to the proliferation of data sources—inside and outside of the company—and diversity of their use cases. The data team was under a large amount of pressure and had substantially slowed down in response to the growth of Daff. The returns of investments had now plateaued.

They needed to change, and that was when they discovered data mesh.

Before embarking on data mesh, Daff looked closely at the alignment between their business—goals, organization, technical capabilities—and data mesh.

The expected outcomes of data mesh were aligned with addressing their pain points:

Rapid growth and increased complexity

They were growing fast, their business was becoming more complex, and implementing their diverse and audacious analytical aspirations was becoming slow. Data mesh is designed to get value from data and retain agility in complex and large environments.

Getting value from data at scale

They were making substantial investments on their technical foundation for data and analytics and yet the results were plateauing. Data mesh gets value from data more cost effectively by mobilizing the larger population of generalist technologists to become data developers and users.

The objectives of data mesh and the overall scope of the impact sounded promising. However, there was a question of whether this was the right choice for them, right now, given the context of Daff.

The answer to this question was promising.

Data mesh was compatible with the existing domain-oriented organizational design of Daff. It was an extension to their existing design and architecture. Data mesh built up on a decentralized model of data ownership that simply extended their existing business-aligned development teams.

In reality, the centralized data team was one of the last functionally divided teams, somewhat at odds with their current domain-oriented business and tech organizational design. Given their aspirations to make every domain data-driven and embed intelligent decision making in them, it made sense to move the ownership of data and analytics to domains. The company was already operating with business-dev-ops domain-aligned teams, so the extension of these teams with data capabilities and responsibilities seemed like a natural progression to truly democratize access and utilization of data. Naturally, governance needed to follow these organizational seams too.

They knew that as a lead adopter of data mesh, they needed to dedicate their time and resources to building the foundational technology and enabling platforms. Daff viewed itself as a software company with technology at its core, not only enabling its business but shaping and extending it. They didn’t shy away from technical investments.17

Daff realized that implementing a new approach—encompassing changes to data culture, data organizational structure, data roles, data architecture, and technology—was going to be a multiyear transformation.

So, they dedicated the next three years to make the pivot to data mesh incrementally. Throughout the journey they delivered carefully selected data-driven use cases, while transforming the organization and establishing the platform and the technology.18

The Way Forward

Despite the business, cultural, and technical successes, Daff has a way to go. Their evolution of data mesh execution has certainly passed the phases of exploration, which established the ways of working and the foundational platform. They have expanded the mesh to many of their domains. However, to continue to extract value from the mesh, they need to continuously optimize and refine their approach. They need to work on domains that are laggards in becoming active members of the mesh and extend their platform capabilities to domains that work with legacy systems and don’t yet work in a domain-oriented cross-functional team.

This is the expected trajectory of data mesh transformation: an evolutionary path, punctuated with repeating cycles of explore, expand, and extract.19

I hope the tale of data mesh at Daff has nudged you to keep reading past this point, in which case I will see you in the next chapter.

	1	According to the US Bureau of Labor Statistics (BLS) data, only 25% of new businesses make it to 15 years or more. These statistics haven’t changed much over time and have been fairly consistent since the 1990s.
	2	The fictional company’s name, “Daff,” comes from the name of a Persian percussion instrument dating back more than 3,000 years ago and still played today, as a symbol for something long-lasting.
	3	Daff is inspired by my experience as a listener of Spotify. The examples of internal workings of the company and its services are all fictional.
	4	See Chapter 16, “Organization and Culture”, for a discussion on values, culture, incentives, and responsibilities in a data mesh organization, utilizing the Daff example introduced here.
	5	Chapter 2, “Principle of Domain Ownership”, unpacks the long-term data product ownership in a data mesh organization.
	6	Chapter 3, “Principle of Data as a Product”, unpacks the concept of data sharing as a product across a data mesh organization.
	7	Chapter 4, “Principle of the Self-Serve Data Platform”, describes the purpose and characteristics of data mesh infrastructure services as a self-serve platform.
	8	Chapter 5, “Principle of Federated Computational Governance”, describes the operating model and approach to establishing global policies across a mesh of data products.
	9	Chapter 16, “Organization and Culture”, describes the intrinsic motivations of teams in sharing data.
	10	Chapter 8, “Before the Inflection Point”, describes the nature of data teams before data mesh.
	11	Chapter 8, “Before the Inflection Point”, goes into detail about the bottlenecks and inadequacies of existing architectural and organizational approaches for today’s businesses.
	12	Chapter 10, “The Multiplane Data Platform Architecture”, describes the different planes of the platform with further details.
	13	Part IV, “How to Design the Data Product Architecture”, describes shared facets of data products as an architectural quantum on the mesh.
	14	Chapter 11, “Design a Data Product by Affordances”, describes the design and affordances of data quantum.
	15	See Chapter 15, “Strategy and Execution”, on how to measure and monitor the progress of the data mesh execution.
	16	Chapter 6, “The Inflection Point”, goes into the main industry-wide drivers that demand a new approach in managing and using data, similar to the ones mentioned for Daff here.
	17	Part V, “How to Get Started”, introduces a self-assessment tool to evaluate whether data mesh is the right approach for a company or not, at the time of this writing.
	18	This would have been a long novel if I included their multiyear journey. However, if you want to read about the execution and transformation approach see Chapter 15, “Strategy and Execution”, and Chapter 16, “Organization and Culture”.
	19	Chapter 15, “Strategy and Execution”, introduces an approach to establishing data mesh in an evolutionary transformation.




Part I. What Is Data Mesh?

. . .the only simplicity to be trusted is the simplicity to be found on the far side of complexity.
​—​Alfred North Whitehead


When you look at the application of data mesh, like the Daff, Inc., example from the opening of the book, you get a sense of the engineering and organizational complexity required to implement it. We could probably talk about these complex and intricate pieces of data mesh implementation for a while. Instead, to understand data mesh, I like to discuss it from its first principles. Once we understand its basic elements, then we can assemble them from the ground up to create the implementations.

This is how I’m going to introduce data mesh to you in this part of the book, focusing on its first principles and how they interact with each other.

These principles are propositions and values that guide the behavior, structure, and evolution of its implementations. My intention for this part of the book is to create a foundation that provides a baseline for future refinements of practices and technology.

It’s worth considering that this book is being written at the time when data mesh is arguably still in the innovator and early adopter phase of an innovation adoption curve.1 It’s at a phase where the venturesome innovators have embraced it and are already in the process of creating tools and technologies around it, and the highly respected early adopters are shifting their data strategy and architecture inspired by data mesh. Hence, it’s only appropriate to include an articulation of principles and architectural style in my explanation of data mesh at this point in time and leave the specific implementation details and technology to be refined and built over time. I anticipate that any specific implementation design or tooling suggestion will be simply outdated by the time you get to read this book.

I’ve organized this part into five chapters. Chapter 1, “Data Mesh in a Nutshell”, gives you a quick overview of its four principles and their composition into a high-level model. The following chapters each focus on one of the principles: Chapter 2, “Principle of Domain Ownership”, Chapter 3, “Principle of Data as a Product”; Chapter 4, “Principle of the Self-Serve Data Platform”; and Chapter 5, “Principle of Federated Computational Governance”.

The order in which the principles are introduced matter, because they build on each other. The domain-oriented distribution of data ownership and architecture is at the heart of the approach. Everything else follows from that. Data mesh is all of these principles.

I suggest that every reader who is interested in understanding or applying data mesh read this part. I hope that what this part offers informs every conversation about data mesh.

	1	Everett Rogers, Diffusion of Innovations, 5th Edition (New York: Simon & Schuster, 2003).




Chapter 1. Data Mesh in a Nutshell

“Think in simples” as my old master used to say—meaning to reduce the whole to its parts in simplest terms, getting back to first principles.
​—​Frank Lloyd Wright


Data mesh is a decentralized sociotechnical approach to share, access, and manage analytical data in complex and large-scale environments—within or across organizations.

Data mesh is a new approach in sourcing, managing, and accessing data for analytical use cases at scale. Let’s call this class of data analytical data. Analytical data is used for predictive or diagnostic use cases. It is the foundation for visualizations and reports that provide insights into business. It is used to train machine learning models that augment business with data-driven intelligence. It is the essential ingredient for organizations to move from intuition and gut-driven decision making to taking actions based on observations and data-driven predictions. Analytical data is what powers the software and technology of the future. It enables a technology shift from human-designed rule-based algorithms to data-driven machine-learned models. Analytical data is becoming an increasingly critical component of the technology landscape.

Note
The term data in this book, if not qualified, refers to analytical data. Analytical data serves reporting and machine learning training use cases.


The Outcomes

To get value from data at scale in complex and large-scale organizations, data mesh sets to achieve these outcomes:

	Respond gracefully to change: a business’s essential complexity, volatility, and uncertainty

	Sustain agility in the face of growth

	Increase the ratio of value from data to investment1



The Shifts

Data mesh introduces multidimensional technical and organizational shifts from earlier analytical data management approaches.

Figure 1-1 summarizes the shifts that data mesh introduces, compared to past approaches.

Data mesh calls for a fundamental shift in the assumptions, architecture, technical solutions, and social structure of our organizations, in how we manage, use, and own analytical data:

	Organizationally, it shifts from centralized ownership of data by specialists who run the data platform technologies to a decentralized data ownership model pushing ownership and accountability of the data back to the business domains where data is produced from or is used.

	Architecturally, it shifts from collecting data in monolithic warehouses and lakes to connecting data through a distributed mesh of data products accessed through standardized protocols.

	Technologically, it shifts from technology solutions that treat data as a byproduct of running pipeline code to solutions that treat data and code that maintains it as one lively autonomous unit.

	Operationally, it shifts data governance from a top-down centralized operational model with human interventions to a federated model with computational policies embedded in the nodes on the mesh.

	Principally, it shifts our value system from data as an asset to be collected to data as a product to serve and delight the data users (internal and external to the organization).

	Infrastructurally, it shifts from two sets of fragmented and point-to-point integrated infrastructure services—one for data and analytics and the other for applications and operational systems to a well-integrated set of infrastructure for both operational and data systems.
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Figure 1-1. Data mesh dimensions of change


Since the introduction of data mesh in my original blog post (kindly hosted by Martin Fowler), I have noticed that people have struggled to classify the concept. Is data mesh an architecture? Is it a list of principles? Is it an operating model? After all, we rely on the classification of patterns2 as a major cognitive function to understand the structure of our world. Hence, I have decided to classify data mesh as a sociotechnical paradigm: an approach that recognizes the interactions between people and the technical architecture and solutions in complex organizations. This is an approach to data management that not only optimizes for the technical excellence of analytical data sharing solutions but also improves the experience of all people involved: data providers, users, and owners.

Data mesh can be utilized as an element of an enterprise data strategy, articulating the target state of both the enterprise architecture and an organizational operating model with an iterative execution model.

In the simplest form it can be described through four interacting principles. In this chapter I give a very brief definition of these principles and how they work together.

The Principles

Four simple principles can capture what underpins data mesh’s logical architecture and operating model. These principles are designed to progress us toward the objectives of data mesh: increase value from data at scale, sustain agility as an organization grows, and embrace change in a complex and volatile business context.

Here is a quick summary of the principles.

Principle of Domain Ownership

Decentralize the ownership of analytical data to business domains closest to the data—either the source of the data or its main consumers. Decompose the (analytical) data logically and based on the business domain it represents, and manage the life cycle of domain-oriented data independently.

Architecturally and organizationally align business, technology, and analytical data.

The motivations of domain ownership are:

	The ability to scale out data sharing aligned with the axes of organizational growth: increased number of data sources, increased number of data consumers, and increased diversity of data use cases

	Optimization for continuous change by localizing change to the business domains

	Enabling agility by reducing cross-team synchronizations and removing centralized bottlenecks of data teams, warehouses, and lake architecture

	Increasing data business truthfulness by closing the gap between the real origin of the data, and where and when it is used for analytical use cases

	Increasing resiliency of analytics and machine learning solutions by removing complex intermediary data pipelines



Principle of Data as a Product

With this principle in place, domain-oriented data is shared as a product directly with data users—data analysts, data scientists, and so on.

Data as a product adheres to a set of usability characteristics:

	Discoverable

	Addressable

	Understandable

	Trustworthy and truthful

	Natively accessible

	Interoperable and composable

	Valuable on its own

	Secure



A data product provides a set of explicitly defined and easy to use data sharing contracts. Each data product is autonomous, and its life cycle and model are managed independently of others.

Data as a product introduces a new unit of logical architecture called data quantum, controlling and encapsulating all the structural components needed to share data as a product—data, metadata, code, policy, and declaration of infrastructure dependencies—autonomously.

The motivations of data as a product are to:

	Remove the possibility of creating domain-oriented data silos by changing the relationship of teams with data. Data becomes a product that teams share rather than collect and silo.

	Create a data-driven innovation culture, by streamlining the experience of discovering and using high-quality data, peer-to-peer, without friction.

	Create resilience to change with built-time and run-time isolation between data products and explicitly defined data sharing contracts so that changing one does not destabilize others.

	Get higher value from data by sharing and using data across organizational boundaries.



Principle of the Self-Serve Data Platform

This principle leads to a new generation of self-serve data platform services that empower domains’ cross-functional teams to share data. The platform services are centered around removing friction from the end-to-end journey of data sharing, from source to consumption. The platform services manage the full life cycle of individual data products. They manage a reliable mesh of interconnected data products. They provide mesh-level experiences such as surfacing the emergent knowledge graph and lineage across the mesh. The platform streamlines the experience of data users to discover, access, and use data products. It streamlines the experience of data providers to build, deploy, and maintain data products.

The motivations of the self-serve data platform are to:

	Reduce the total cost of decentralized ownership of data.

	Abstract data management complexity and reduce the cognitive load of domain teams in managing the end-to-end life cycle of their data products.

	Mobilize a larger population of developers—technology generalists—to embark on data product development and reduce the need for specialization.

	Automate governance policies to create security and compliance standards for all data products.



Principle of Federated Computational Governance

This principle creates a data governance operating model based on a federated decision-making and accountability structure, with a team composed of domain representatives, data platform, and subject matter experts—legal, compliance, security, etc. The operating model creates an incentive and accountability structure that balances the autonomy and agility of domains, with the global interoperability of the mesh. The governance execution model heavily relies on codifying and automating the policies at a fine-grained level, for every data product, via the platform services.

The motivations of federated computational goovernance are:

	The ability to get higher-order value from aggregation and correlation of independent yet interoperable data products

	Countering the undesirable consequences of domain-oriented decentralizations: incompatibility and disconnection of domains

	Making it feasible to build in cross-cutting governance requirements such as security, privacy, legal compliance, etc., across a mesh of distributed data products

	Reducing the overhead of manual synchronization between domains and the governance function



Interplay of the Principles

I intended for the four principles to be collectively necessary and sufficient. They complement each other, and each addresses new challenges that may arise from others. Figure 1-2 shows the interplay of the principles.
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Figure 1-2. Four principles of data mesh and their interplay


For example, decentralized domain-oriented ownership of data can result in data siloing within domains, and this can be addressed by the data as a product principle that demands domains have an organizational responsibility to share their data with product-like qualities inside and outside of their domain.

Similarly, the domain ownership of data products can lead to duplicated effort, increased cost of data product ownership, and lowered data sharing productivity. In this case, the self-serve data platform empowers the cross-functional domain teams in sharing and using data products. The platform objective is to lower the domain teams’ cognitive load, reduce unnecessary effort, increase domains’ productivity, and lower the total cost of ownership.

Data Mesh Model at a Glance

Operationally you can imagine the principles in action as demonstrated in Figure 1-3.
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Figure 1-3. Operating model of data mesh principles


The domains with cross-functional teams are achieving the business domain’s goals with digital applications and data products. Each domain shares its data and services through contracts. Data products can be composed and owned by new domains. The global policies are defined by a federated group composed of representatives of the domains. The policies along with other platform services are offered as automated capabilities.

This is a simplified operating model of data mesh.

The Data

Data mesh focuses on analytical data. It recognizes the blurry delineation of the two modes of data, introduces a new model of tight integration of the two, and yet respects the clear differences between them.

“What is operational data versus analytical data?” This has been a point of confusion for early enthusiasts of data mesh. Allow me to clarify what I mean by these terms.

Operational Data

Operational data supports running the business and keeps the current state of the business with transactional integrity. This data is captured, stored, and processed by transactions in real time, by OLTP (online transaction processing) systems.

Operational data sits in databases of microservices, applications, or systems of records that support business capabilities. It keeps the current state of the business.

Operational data modeling and storage are optimized for application or microservice logic and access patterns. It is constantly updated, with read and write access to it. Its design has to account for multiple people updating the same data at the same time in unpredictable sequences, which results in a need for transactions. The access is also about relatively in-the-moment activity.

Operational data is referred to as “data on the inside”. It is the private data of an application or a microservice that performs CRUD (create, update, delete) operations on it. Operational data can be intentionally shared on the outside through APIs—e.g., REST, GraphQL, or events. The operational data on the outside has the same nature as the operational data on the inside: it is what we know about the business, now.

Operational data is recording what happens in the business, supporting decisions that are specific to the business transaction. In short, operational data is used directly to run the business and serve the end users.

Imagine Daff. Its listener registration service implements the business function of subscribing new users or unsubscribing them. The transactional database that supports the registration process and keeps the current list of subscribers is considered operational data.

Today, operational data is collected and then transformed into analytical data. Analytical data trains the machine learning models that then make their way into the operational systems as intelligent services.

Analytical Data

This is the historical, integrated, and aggregate view of data created as the byproduct of running the business. It is maintained and used by OLAP (online analytical processing) systems.

Analytical data is the temporal, historic, and often aggregated view of the facts of the business over time. It is modeled to provide retrospective or future-perspective insights. Analytical data is optimized for analytical logic—training machine learning models and creating reports and visualizations. Analytical data is part of the “data on the outside” category, data directly accessed by analytical consumers.

Analytical data has a sense of history. Analytical use cases require looking for comparisons and trends over time, while a lot of operational uses don’t require much history.

Analytical access mode tends to include intensive reads across a large body of data, with fewer writers. The original definition of analytical data as a nonvolatile, integrated, time-variant collection of data3 still remains valid.

In short, analytical data is used to optimize the business and user experience. This is the data that fuels the organization’s AI and analytics aspirations.

For example, in the case of Daff it’s important to optimize the listeners’ experience with playlists recommended based on their music taste and favorite artists. The analytical data that helps train the playlist recommendation machine learning model captures all the past behavior of the listener as well as all characteristics of the music the listener has favored. This aggregated and historical view is analytical data.

Today, analytical data is stored in a data warehouse or lake.

The Origin

To reject one paradigm without simultaneously substituting another is to reject science itself.
​—​Thomas S. Kuhn, The Structure of Scientific Revolutions


Thomas Kuhn, an American historian and philosopher of science, introduced the paradigm shift in his at the time rather controversial book, The Structure of Scientific Revolutions (1962). He observed how science progressed in two main modes: incremental and revolutionary; science progressed through long stretches of legato normal science where the existing theories form the foundation of all further research, followed by the occasional disruption of staccato paradigm shifts that challenged and transcended the existing knowledge and norm. For example, the progress of science from Newtonian mechanics to quantum mechanics is considered a paradigm shift as scientists could no longer explain the governing laws of physics at the quantum level with the existing theories. Kuhn recognized that a prerequisite for a paradigm shift is identifying anomalies, observations that don’t fit the existing norm, and entering the phase of crisis, questioning the validity of the existing paradigm in solving the new problems and observations. He also observed that people try, with increasing desperation, to introduce unsustainable complexities into the existing solutions to account for anomalies.

This almost perfectly fits the origin of data mesh and its principles. It came from the recognition of anomalies—failure modes and accidental complexities that I describe in Part I—and moments of crisis where the characteristics of the existing data solutions didn’t quite fit the realities of enterprises today. We are in a moment of Khunian crisis in the progression of our approach for data. Hence, there is a need for a new paradigm.

I wish I could claim that data mesh principles were novel and new and I cleverly came up with them. On the contrary, the principles of data mesh are a generalization and adaptation of practices that have evolved over the last two decades and proved to solve our last complexity challenge: scale of software complexity led by the mass digitization of organizations.

These principles are the foundation of how digital organizations have solved organizational growth and complexity, while delivering unprecedented digital aspirations: moving all of their services to the web, using mobile for every single touchpoint with their customers, and reducing organizational synchronizations through automation of most activities. They are an adaptation of what formulated the previous paradigm shift in software: the microservices and APIs revolution, platform-based Team Topologies,4 computational governance models such as Zero Trust Architecture,5 and operating distributed solutions securely and across multiple clouds and hosting environments. In the last several years, these principles have been refined and adapted to the analytical data problem space.

Let’s look more closely at each of the data mesh principles.

	1	Chapter 7 unpacks the expected outcomes of data mesh, with a high level of description of how it achieves those outcomes.
	2	Jeff Hawkins and Sandra Blakeslee (2005). On Intelligence (p. 165). New York: Henry Holt and Co.
	3	Definition provided by William H. Inmon, known as the father of data warehousing.
	4	Matthew Skelton and Manual Pais (2019). Team Topologies: Organizing Business and Technology Teams for Fast Flow. Portland, OR: IT Revolution.
	5	Scott W. Rose, Oliver Borchert, Stuart Mitchell, and Sean Connelly (2020). “Zero Trust Architecture”, Special Publication (NIST SP), National Institute of Standards and Technology, Gaithersburg, MD.




Chapter 2. Principle of Domain Ownership

Data mesh, at its core, is founded in decentralization and distribution of data responsibility to people who are closest to the data. This is to support a scale-out structure and continuous and rapid change cycles.

The question is how to identify the boundaries around which the data is decomposed, how to integrate those components, and, consequently, how to distribute the responsibilities.

To find the axis of data decomposition, data mesh follows the seams of organizational units. It follows the lines of division of responsibility aligned with the business. It does not follow the borders set by the underlying technology solutions, such as the lake, warehouse, pipelines, etc., nor the functional lines, data team, or analytics team.

The data mesh approach is contrary to how existing data architectures are partitioned and data responsibility is divided. Chapter 8 demonstrates that traditional data architectures are partitioned around technology, e.g., data warehouses, and give data ownership to teams performing activities related to the technology, e.g., the data warehouse team, data pipeline team, etc. The traditional architectures mirror an organizational structure that centralizes the responsibility of sharing analytical data to a single data team. The previous approaches have been set up to localize the complexity and cost of dealing with a relatively new field of analytical data management within a specialized group.

The past approach in how organizations divide data responsibility is at odds with the organizational structure of modern digital businesses. Organizations today are decomposed based on their business domains. Such decomposition localizes the impact of continuous change and evolution, for the most part, to a domain. For example, Daff has divided its business (and its digital solutions enabling and shaping the business) into domains such as podcast, event, partnership, listener, etc.

Data mesh gives the data sharing responsibility to each of the business domains. Each domain becomes responsible for the data it is most familiar with: the domain that is the first-class user of this data or is in control of its point of origin. For example, the listener team is in charge of listener profiles, listener demographics, listener subscription events, and any other analytical data they have the most understanding, influence, and control of. I call this the principle of domain ownership.

Note
I have used the word ownership as a shorthand for product ownership: long-term ownership of responsibilities to create, model, maintain, evolve, and share data as a product to meet the needs of data users.
All the appearances of data ownership in this book are limited and scoped to the accountability of organizations to maintain the quality, longevity, and lawful accessibility of the data they generate in transactions with internal and external entities such as users, customers, and other organizations.
This should not be confused with data sovereignty, control of data by whom it is collected from. The ultimate sovereignty of data remains with the users, customers, or other organizations whose data is being captured and managed. The organizations act as data product owners while the individuals remain the data owners.
The concept of self-sovereign data—individuals having full control and authority over their personal data—is close and dear to my heart but outside of the scope of this work. However, I’m of the firm belief that data mesh can establish a foundation toward self-sovereign data, but that would be the topic of a different book.
I have also refrained from phrases such as data custodianship that carry a specific and different meaning from past data management and governance methods. This is to avoid confusion with existing data governance roles that are not compatible with data mesh.


This rather intuitive division of responsibility solves a host of problems that I will cover in depth in Chapter 7, “After the Inflection Point”, but it introduces new challenges. It leads to a distributed logical data architecture—distributed architectures are scalable but are more complex to manage. It requires new ways of handling data interoperability and connectivity between domains. The future chapters and principles address these challenges.

In the following section, I unpack how to apply domain-driven design (DDD) strategies to decompose data and its ownership and introduce the transformational shifts necessary for organizations to move to domain-oriented data ownership.

A Brief Background on Domain-Driven Design

Domain-driven design is an approach to decomposition of software design (models) and team allocation, based on the seams of a business. It decomposes software based on how a business decomposes into domains, and models the software based on the language used by each business domain.

Eric Evans introduced the concept in his book Domain-Driven Design in 2003. In the time since, DDD has deeply influenced modern architectural thinking and, consequently, organizational modeling. DDD was a response to the rapid growth of software design complexity that stemmed from the digitization of businesses. As organizations grew their digital assets—backoffice applications, digital services, web and mobile technologies—and kept increasing their features, software became more complex and harder to manage. As the book’s subtitle, “Tackling Complexity in the Heart of Software,” specifies, we needed a new approach to software modeling and ownership.

DDD defines a domain as “a sphere of knowledge, influence, or activity.”1 In the Daff example, the listener subscription domain has the knowledge of what events happen during the subscription or unsubscription, what the rules governing the subscription are, what data is generated during the subscription events, and so on. The subscription domain influences exactly how subscriptions should be done and what data should be known and captured during the subscription process. It has a set of activities to perform such as onboarding listeners, triggering payments, etc. What I like to add to this description is the outcome. The domain has a specific business objective and an outcome it is optimizing for. The subscription domain is optimizing for the outcome of maximizing the number of subscribers and an easy onboarding process and minimizing dropouts.

Domain-driven design, and the idea of breaking software modeling based on domains, has greatly influenced the software architecture of the last decade, for example with microservices. Microservices architecture decomposes large and complex systems into distributed services built around business domain capabilities. It delivers user journeys and complex business processes through loose integration of services.

Domain-driven design has fundamentally changed how technology teams form and has led to the alignment of business and technology cross-functional teams. It has greatly influenced how organizations scale, in a way that a team can independently and autonomously own a domain capability and digital services.

I highly recommend that you familiarize yourself with DDD using resources outside of this book before applying its concepts to data. Defining DDD with enough depth to detail how it can be utilized with data mesh is outside of the scope of this book.

Applying DDD’s Strategic Design to Data

Though we have adopted domain-oriented decomposition and ownership when dealing with operational systems, ideas of decomposition based on business domains have yet to penetrate the analytical data space.

So far, the closest application of DDD in data platform architecture I have seen is for source operational systems to emit their business domain events and for the monolithic data platform to ingest them. However, beyond the point of ingestion the domain team’s responsibility ends, and data responsibilities are transferred to the data team. As more transformations are performed by the data team, the data becomes more removed from its original form, language, and intention. For example, Daff’s podcast domain emits logs of podcasts being played on a short-retention log. Then downstream, a centralized data team will pick these events up and attempt to transform, aggregate, and store them as long-lived files or tables.

To apply DDD to data I suggest going back to the original scripture. In his book, Eric Evans introduces a set of complementary strategies to scale modeling at the enterprise level called DDD’s Strategic Design. These strategies are designed for organizations with complex domains and many teams. DDD’s Strategic Design techniques move away from the previously used modes of modeling and ownership:

Organizational-level central modeling

Eric Evans observed that total unification of the domain models of the organization into one is neither feasible nor cost-effective. This is similar to the data warehouse approach to data modeling, with tightly dependent shared schemas. Centralized modeling leads to organizational bottlenecks for change.

Silos of internal models with limited integration

This mode introduces cumbersome interteam communications. This is similar to data silos in different applications, connected via brittle extract, transform, load procedures (ETLs).

No intentional modeling

This is similar to a data lake, dumping raw data into blob storage.

Instead, DDD’s Strategic Design embraces modeling based on multiple models each contextualized to a particular domain, called a bounded context.

A bounded context is “the delimited applicability of a particular model [that] gives team members a clear and shared understanding of what has to be consistent and what can develop independently.”2

Additionally, DDD introduces context mapping, which explicitly defines the relationship between bounded contexts, the independent models.

Data mesh adopts the boundary of bounded contexts to individual data products—data, its models, and its ownership.

For organizations that have already adopted a microservices or domain-oriented architecture, this is a relatively simple extension. They have built services based on the domain bounded contexts. Now, they apply the same decomposition and modeling to their analytical data in each domain.

Domain data ownership is the foundation of scale in a complex system like enterprises today.

Let’s put this in an example for Daff. There is a media player team that is responsible for mobile and web digital media players. The media player application emits play events that show how listeners interact with the player. The data is used for many downstream use cases, including improving the player application’s performance and improving user engagement by reconstructing and analyzing the listener sessions, the longitudinal journey of discovering and listening to music.

In the absence of a data mesh implementation, the media player team basically dumps the play events—with whatever quality and cadence they arrive from the player devices—on some sort of a short-retention streaming infrastructure or worse in its transactional database. Then these events get picked up by the centralized data team to be put into a lake or warehouse or likely both.

Data mesh changes the behavior of the media player domain. It extends the responsibility of the media player team to providing a high-quality long-retention analytical view of the play events—real-time and aggregated. The media player team now has the end-to-end responsibility of sharing the play events analytical data directly with the data analysts, data scientists, or other people who are interested in the data. The play events analytical data is then transformed by the listener session domain and aggregated into a journey-based view of the listener interactions.
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