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Preface

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the Preface of the final book.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at shunter@oreilly.com.

It's A New Day in Search

“So what’s your take on ChatGPT? How does it change data catalogs? Do you have an
opinion about that?”

Matt Housley was putting me on the spot. I was invited on the podcast Monday
Morning Data Chat' and we were discussing my soon to be published book The
Enterprise Data Catalog, the first edition of this book that you are now reading in the
second edition.

I wasn’t properly miced up, I was not yet used to being on tech podcasts and painfully
aware of my clunky sound. I pulled myself together and managed to answer. I said
that my book ended with a future vision for data catalogs, and that if I was to go into
more depth about that future vision then, obviously I would look into the potential of
ChatGPT and Al in general.

1 Monday Morning Data Chat was a podcast by Joe Reis and Matt Housley, I was interviewed in the episode
The Future of Data Catalogs, Matt asks the question 52:10



https://www.youtube.com/watch?v=VlntRtpTlSA&list=PLIlqnK97FLdtQEad5pi22BefNuaSeBt1e&index=62

It was a paradoxical moment, really. As I was publishing the first edition of The Enter-
prise Data Catalog, in early 2023, the core message of the book was that data catalogs
are like search engines, just for data in companies. That’s why data catalogs need to be
built on knowledge graphs, just like search engines are.

Don’t worry, we will get to knowledge graphs, they play a major
role in this book!

And yet, search engines themselves, the real ones, for the web, were unexpectedly
challenged, right there in early 2023, as I published The Enterprise Data Catalog.

For 25 years, the biggest business on the web - search - had been completely stable.
Not technologically, of course it had evolved, but in terms of how you searched the
web, as an end user. You had one, simple search bar, that would provide the best, the
freshest, the most relevant search hits to you, with the blink of an eye. For 25 years,
we had been using search engines as the most natural extension of our mind to search
for everything from our absolute basic needs to the most complex types of curiosity
the human brain can produce. And then, all of a sudden, it was over.

In November 2022, ChatGPT 3.5 was released by OpenAl

Suddenly, we asked ourselves if the way we search was in fact obsolete. Would we talk
with the web instead? Do conversational search through a chatbot?

In those very early months of 2023 Microsoft CEO Satya Nadella said: “It’s a new day
for search” when Microsoft joined forces with OpenAl. Nadella, Microsoft, was chal-
lenging Google: Microsoft was powering their search engine Bing with conversational
search in a chatbot supported by OpenAl? The race for winning a disruption for
search, as a business, was on - it was a spectacular turn of events after more than two
decades of complete domination by Google. Nothing captured the zeitgeist better
than the cover of the Economist 11th Feb 2023, as depicted in figure x.1. The battle
for search was on.

2 NPR, Feb 7th, 2023: Microsoft revamps Bing search engine to use artificial intelligence
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The parable of Adani

The Earthquake horror
China's rapid recovery

Economist [

FRRRLAEY TTH-TH 183

Figure P-1. The Economist nailed what Al did to search engines

And here I was, arguing that data catalogs were like search engines, just for the data
in your organization. And so, back to Matt’s question: How did this new technological
push forward in Al change data catalogs?
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At the time I was asked the question, it was too early to provide an answer. No one
knew. But something was clearly going to change. I saw things that I knew from my
academic background would never fly, but I also saw interesting experiments.

The first edition of my book was very well received, I was lucky to have thousands of
readers all over the planet. The book was praised in reviews and featured in many
podcasts, and I got to travel the world explaining my ideas at big conferences, events
and for large corporations - the book even got translated.

Its success was its message. Data catalogs are engines to search for data, so that you
could later search in data, directly in databases. Static, preconceived metamodels in
data catalogs led to catastrophic implementations, sky-rocketing costs and no ROI -
because that is basically not how a search engine should work, not on the web, not in
a company.

As a PhD and an aspiring professor, I had taught knowledge organization, informa-
tion retrieval and adjacent topics in my Library- and Information Science classes at
the University of Copenhagen in Denmark, where I live. I went into industry, but I
never forgot what I learned and taught. And it was on that basis, that I argue, that
data catalogs, essentially, are like search engines. And I wrote The Enterprise Data
Catalog from that perspective.

And then came AL All of a sudden there was a new dimension to data cataloging that
I had not covered in my book.

Why | Wrote This Book

Therefore, it is time for a second edition of The Enterprise Data Catalog. All the
insights from the first edition are kept - it all holds true still. The AI perspective has
been added on top, and it falls into two parts:

o Part I: How Al augments data catalogs

o Part II: How data catalogs (ontologies) are a source for Al

You will notice that these two parts are also the parts of this book - because we can
implement and use data catalogs at scale with Al, and we can use the very structure of
the data catalog, the metadata, as a source in itself, to fuel Al

Basically, because of Al, it’s also a new day in search for data catalogs. We are now
beginning to understand what that day is about, and that is what we will unfold in the
following pages. This book is about how AI augments the core message of my book,
namely; how you organize data, defines how you can search it. And this message also
has a new dimension, since the data catalog is in itself a source.

Finally, the data mesh movement was at its peak when I published the first edition of
The Enterprise Data Catalog. At the time of publication, it was difficult to say what
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would remain from the movement, after the buzz would fade. Now, that has become
clear. No one talks about data mesh anymore, but two of the components in the data
mesh complex stood the test of time: data products and data contracts. Therefore, this
second edition covers data products and data contracts, because they are absolute key
components in data catalogs.

Who Should Read This Book

This book is for everyone working in data, meaning

» Data engineering
o Data analysis
 Data science

o Data management

 Data governance

These groups of employees all work with data and they all need to know where data
is, who owns data, the quality of data, how data moves, where data ends up, and who
uses it. The data engineers facilitate the storage, transformation, and movement of
data, and they can monitor that in the data catalog. The data analysts and scientists
use the data catalog to search for interesting data - and then, once found, they will
search in those data sources. Data managers and data governors use the catalog as a
strategic tool to ensure that data governance policies are successfully implemented.

On top of that, a wealth of groups can benefit from using a data catalog, e.g.

o Architects
o Information security

o Data protection officers

Architects can use a data catalog for effective data migration projects, information
security and data protection to ensure an empirical validation of their anticipation of
what data the organization has.

Navigating This Book

This book has two parts, Part I: The AI augmented Data Catalog, and Part II: Data
Catalogs as a resource for AL

Part I: The AI Augmented Data Catalog is all about how data catalogs work and how
they have improved since the first edition - mainly thanks to Al The chapters intro-
duce data catalogs, explains how data is organized in data catalogs and how search is
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performed, furthermore how data is accessed and observed. All these aspects are
improved, made easier and faster, thanks to Al. Also, we will dive deeper into data
domains, data architectures, and especially focus on data products and data contracts,
as these matured significantly since the first edition.

Part II: Data catalogs as a resource for AI uncovers a new perspective: Data catalogs
are now becoming sources themselves, not only a catalog of sources. This new role
for metadata is discussed in the light of the combination of knowledge graphs and
large language models. Furthermore, the emerging standards of effective AI are
explained, such as Model Context Protocol and Agent2Agent. This second ends with
a future vision for data catalogs, and this is substantially updated since the first edi-
tion.

Preface for the First Edition

“This simply can’t be all there is to a data catalog. What does it really do?”

About five years ago, I sat alone in the office among 20 empty desks. My company
had shut off the air-conditioning to go green, so I was uncomfortably warm on top of
being perplexed by the bunch of white papers, both printed and on my laptop, that
were sitting in front of me. The papers explained a new technology called a data cata-
log. As an enterprise architect, I had been asked to implement a data catalog for our
company. But first, I had to understand it.

The papers I was looking at described cool, advanced features: column-based data
lineage, graph visualizations of ontologies, and workflows to access virtualized data.
Useful. Mesmerizing, really. But what was the overall point of a data catalog? I was
sweating, physically and mentally, trying to draw upon my experiences to figure out
the potential of this new technology.

I have a BA, MA, and PhD in library and information science (LIS). I have taught LIS
in university courses and been to conferences all over the world. I've seen a lot of
things in this field, both good and bad. During my first job in pharma, senior man-
agement regularly called me late at night because inspections from the authorities
were going haywire. The inspectors were asking them a multitude of questions: What
was the temperature of this tube, in that machine, in June 1992? Where is the proof
that the fermentation tank was cleaned according to the standard operating proce-
dure (SOP)? When the data managers searched and couldn’t answer, they called my
team—the Records and Information Management team.

We employed our searching superpowers to find the information they needed. We
were adept with our queries, used intuition and creativity to plan our moves, and
drew on our knowledge to guide our search. We were able to do this because we had
one guiding principle: How you organize data defines how you can search it. Because
we knew how the data was organized, we knew ways to begin searching, modifying

xiv | Preface



how we searched, broadening, changing focus, excluding hits, and finding the infor-
mation we needed. Sometimes this was easy, and sometimes it was hard, but we
would get there every time.

This guiding principle has followed me throughout my career. I have cataloged furni-
ture, weapons, human tissue, a lot of paper, and massive amounts of data. I know how
to structure and operate a physical card catalog in a library. I know records and infor-
mation management systems with both physical and digital storage. We both stored
and cataloged data on premises, and then, later, in the cloud. Throughout everything
I experienced, I saw that if you have a poorly organized data landscape, searching for
the information you need will be a terrible experience. You will have to guess where
to search and what to query. If your data is logically and systematically organized,
however, you will know exactly where to look and what to query. It will be a much
better experience.

The idea that how you organize data defines how you search for it is reflected in our
web habits as well. We never really think about how we search it anymore; it’s so intu-
itive. At work, within our company’s IT landscape, it can be a different story. We
search in vain—companies hardly know their own data, let alone how it is processed.
Data is undiscoverable and unmanageable. If only we had an enterprise search
engine...

On that hot summer day, alone in the empty office, surrounded by physical papers
and dozens of open PDFs on my laptop, it suddenly hit me.

“This data catalog has the potential to become a search engine for companies! We are
finally getting an engine that will be able to do for companies what search engines
have done for the web. The data catalog is a search engine!”

That realization led to another a few years down the road. All of the papers I read that
fateful day, along with all of the documentation that followed it, focused on explain-
ing the complex features that are in data catalogs. They did not explain the data cata-
log itself and how it could revolutionize how we organize and search data. Nowhere
has anyone talked about the future of the data catalog as an enterprise search engine.
That realization has brought us to the book you are reading today.

Although I had the epiphany about the potential of a data catalog and it was crystal
clear in my head, I was then faced with the battle of explaining the features to the
important stakeholders of my company. Although I knew they would see the benefits
of this tool if they only took the time to understand it, they were simply not interes-
ted, nor did they have time to study it. I had to come up with a way to reach them.

I went back to the idea of using the data catalog as an enterprise search engine. So, I
asked myself, “What are people searching for? What would a data scientist be search-
ing for? A data protection officer? A chief information security officer?”
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I decided to build demonstrations of the most vital data catalog features into small
stories about specific stakeholders. Each slide deck had one central picture: a mini-
malist search bar with the company’s logo above it. I would explain the information
need of a specific stakeholder, show the search in the search bar, reveal the result,
then close with how the results could be used. In this way, I showed simple searches,
complex searches, how to browse back and forth in the lineage of data, up and down
in domains, and relationally in the graph that depicted our company. It had the same
content as my previous demonstrations, but this time, it was explained from a stake-
holder point of view: a specific person who was searching for something specific. And
that worked.

The stakeholders not only got interested, but they also got excited. They now wanted
the data catalog, because they understood that this tool was not just a collection of
fancy features for data geeks. No, this tool was something way more fundamental: the
data catalog could help them search and find the data they were looking for. I
explained that, implemented with care, a data catalog has relevance for many of the
employees in a company. This approach worked for me and my colleagues, and I
hope that it will work for you and yours as well.

At the end of the day, we are all searching for something. And we search all the time.
The only thing is, at work, it is very difficult to search for whatever we are trying to
find. And we take that for granted, as something that we must just accept.

I'm assuming youre reading this book because youre involved with planning to
implement a data catalog, improve an existing one, sunset it, or simply trying to
understand what kind of technology a data catalog is: what it does, how it should be
used, and if it can help you in a certain way. You might be part of the offices of the
legal counsel, chief data officer, data protection officer, or chief information officer.
You might be a data engineer, data scientist, or data manager, or you might be part of
the data governance team. If you are, then this book will help you understand what a
data catalog is and how it will enable you to find exactly what you are searching for.

However, you may also be a data catalog provider. In my book, I put forward a vision
for the future of data catalogs, which you could benefit from when planning the
future development of your data catalog technology.
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CHAPTER1
Introduction to Data Catalogs

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the 1st chapter of the final book.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at shunter@oreilly.com.

In this chapter, you'll learn how a data catalog works, who uses them, and why. Before
we dive into that, we will focus on why data catalogs have become relevant in a new
way for Artificial Intelligence (AI). Pay close attention to this part, as it will ensure
you strategic buy-in at the executive level, also for data governance and compliance,
which is usually hard to get - as you are perhaps well aware.

Then, we'll go over the core functionalities of a data catalog and how it creates an
overview of the data in your organization’s IT landscape. I'll learn how the data can be
organized in a data catalog, and how it makes searching for your data easy. Search is
often underutilized and undervalued as part of a data catalog, which is a huge detri-
ment to data catalogs. As such, we'll talk about your data catalog as a search engine -
and an AI assistant! - for your enterprise data that will unlock the potential for
success.

In this chapter, you'll also learn about the benefits of a data catalog in an organiza-
tion: a data catalog improves data discoverability, subsequently ensuring data gover-
nance and enhancing data-driven innovation. Moreover, you'll learn about how to set
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up a data discovery team and you’ll learn who the users of your data catalog are. I'll
wrap up this chapter by explaining the roles and responsibilities in the data catalog.

OK, off we go.

The Al Data Catalog and as Source for Al

Before we jump into the nuts and bolts of what a data catalog is, let’s take a moment
and focus on why data catalogs have become relevant both

o with Al and
o for AL

With AL Data catalogs are now substantially easier to implement, use and scale,
thanks to many of the features in them being supported by Al This will become clear
already in this chapter, in the search examples below, and in we will go deeper into
this in the other chapters of Part I.

For AL As you will also see in this chapter, data catalogs are now part of a bigger
search infrastructure, via Al assistants. Al assistants not only search on data catalogs
but in all sources connected to the AT assistant. This has created a remarkable shift:
The data catalog is not only a tool leading to sources, it has become a source in itself.

You might know the term AI assistant under the term chatbot.
Think Claude, Mistral, OpenAl and others, only for dedicated
enterprise use. Throughout this book, we use AI assistants.

Furthermore, data catalogs - if they are built on knowledge graphs - are a rich source
for Al Graphs have proved to increase precision greatly when applying Large Lan-
guage Models (LLM) for generative Al projects. Furthermore, agentic architectures
are also executing tasks more effectively when supplemented by a knowledge graph.!
Overall, the combination of AI and knowledge graphs is promising and we will dis-
cuss this in detail in Part II.

You may think, If you are in data governance or data engineering: “Why does all this
AT stuff matter to me?” I need my data catalog anyway. The answer is simple. It mat-
ters to you because this evolution has made it significantly easier to get your enter-
prise decision makers on board in implementing a data catalog, and you can also
expect a smoother experience in rolling it out for new end users.

1 There will be references to relevant scientific articles documenting this, in Part II also.
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The Core Functionality of a Data Catalog

At its core, a data catalog is an organized inventory of the data in your company.

That’s it.

The data catalog provides an overview at a metadata level only, and thus no actual
data values are exposed. This is the great advantage of a data catalog: you can let
everyone see everything without fear of exposing confidential or sensitive data. In

Figure 1-1, you can see a high-level description of a data catalog.
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Figure 1-1. High-level view of a data catalog
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A data catalog is basically a database with metadata that has been extracted from data
sources in the IT landscape of a given company. The data catalog also has a search
engine and an Al assistant inside it that allows you to search the metadata collected
from the data sources. A data catalog will almost always have a lot more features, but
Figure 1-1 illustrates the necessary core components. And in this book, I argue that
the search capability is the single most important feature of data catalogs.

In this section, we will discuss the three key features of the data catalog, namely that it
creates an overview of the data in your IT landscape, it organizes your data, and it
allows you to search your data. Let’s take a brief look at how data catalogs do this.

With a data catalog, your entire organization is given the ability to
see the data it has. Used correctly, that transparency can be very
useful. For example, data scientists will no longer spend half their
time searching for data, and they will have a much better overview
of data that can really deliver value. Imagine the possibilities. They
could be using their newfound time to analyze that data and dis-
cover insights that could lead the enterprise to developing better
products!

Create an Overview of the Data in the IT Landscape

Creating an overview of the data in your IT landscape involves finding and displaying
all the data sources in it, along with listing the people or roles attached to it.

A data catalog can pull metadata with a connector that scans your IT landscape - each
data source will have its own connector. Furthermore, as data product architectures
are becoming more frequent and mature, data products can automatically publish
themselves at the metadata layer, to the data catalog. We will discuss data products
and data contracts in depth in Chapter 8.

The IT landscape that is reflected in your data catalog will get business terminology
added to it terms that are created in the data catalog (or inherited from other meta-
data repositories) and organized in glossaries. We will discuss glossary terms in
Chapter 2 and how to search with them in Chapter 3. Besides glossary terms, you can
also enhance your data catalog’s assets with other types of metadata, complete with
additional descriptions, classifications, and more.

Furthermore, a data catalog has various roles and permissions built in, such as data
steward, data owner (data catalogs have different role type names), and other roles
that all carry out specific tasks in the data catalog. I will describe those roles for you at
the end of this chapter.

Once your enterprise data is represented and described in your IT landscape and
assigned selected terms, other metadata, and roles to it, it’s searchable in the catalog.
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You Will Always Be Able to See More Metadata than Data

No employee can see all the data in the IT landscape. Even more confusing: no
employee can see what data others can see. Basically, no one knows about all the data
in the IT landscape: it’s opaque.” This reality is also referred to as data silos. Data silos
emerge when several groups of employees work with their own data in their own sys-
tems, isolated and unaware of the data in the rest of the organization.

This state—the data siloed state—is the root cause of an immense set of problems in
many organizations, which the data catalog addresses and ultimately solves. These
problems include data analytics applied to data lacking quality, incomplete datasets,
and data missing security and sensitivity labels.

This perspective can also be flipped: data silos are connected, but
no one can see it or knows how they are connected. This makes the
data siloed state even more dangerous, but as you will see, capabili-
ties in the data catalog can help map the data.

In the data catalog, it's the complete opposite situation of the IT landscape itself.
Everything in the data catalog is visible to all employees. Everyone can see everything
—at the metadata level. And accordingly, all employees can get an idea of all the data
in their company, based on that metadata. They are mindful and aware of the data
outside their own, now past, data silo.

The more the data catalog expands, the more everyone can see. If this makes you
think that a data catalog holds remarkable potential, youre not wrong—and you will
discover the magnitude of that potential in this book.

Based on my experience, I suggest you organize data in a data catalog in the following
way.

Organize Data

As a data catalog crawls the IT landscape, it organizes the metadata for data entities
within the landscape as assets pertaining to a data source and stores them in domains.
The same goes for data products that are published to the data catalog. Data - put
simply - has to belong somewhere.

Therefore, you play a big part in this: you must design the domains and part of the
metadata that data is to be assigned. And keep in mind that most data catalogs offer
automation of this process—it should not be a completely manual task to add meta-
data.

2 certain cyber security functions may be able to see “everything” in the IT landscape.
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What is a data asset? An asset is an entity of data that exists in your IT landscape. It
could be a file, folder, or table, stored in a data source such as an application or data-
base, etc. Assets are, for example, documents in a data lake, SQL tables in a database,
and so on. When the data catalog collects metadata about the asset, whether by push
or pull methods, it obtains information such as the asset’s name, creation date, owner,
column name, schema name, filename, and folder structure. Overall, the collected
metadata depends on the data source and the data that sits in it. You must add meta-
data to the asset beyond what was populated by automatically. We'll talk more about
this in Chapter 5.

And so what is a data source? Simply put, a data source refers to where the data that is
being exposed at a metadata level in the data catalog comes from. It can be an IT sys-
tem, application, or platform, but it can also be a spreadsheet. In the context of this
book, the type of data source is irrelevant because all data sources can be treated in
the same way.

Finally, what is a data product? We will discuss this in chapter 8, for now, keep in
mind that a data product is an autonomous, consumable data asset, in the sense that
it has been made consumable. Contrary to an asset, that simply exposes that a particu-
lar type of data exists, somewhere.

A domain is a group of data assets and or data products that logically belong together.
These assets may stem from one or more data sources. For example, a domain with
finance data may both have analytics data sources and budget data sources. It is criti-
cal to define your domains with care because they should be intuitive for employees
outside that domain—and they should be intriguing to explore for those employees—
a data catalog is an initial step toward breaking data silos!

So far, data catalogs have only been described in the data-
management literature. In that literature, the understanding of
domains typically refers to domain-driven design (DDD), as an
attempt to push DDD thinking into data. In this book, you’ll find
domain architecture based on the century-long tradition of domain
studies in information science. This will provide you with a deeper,
more functional understanding of domains than in normal data-
management literature—you’ll find all this in Chapter 2.

Now that you have a better idea of how assets, data sources, data products, and data
domains work, let’s look at a few examples of how they all fit together. Figure 1-2
shows a table in a database (also called as a data source, in a data catalog) and how the
table visible in the data catalog.
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Figure 1-2. Table in a data source and how its visible in the data catalog

As you can see to the right side of the figure, no values are included in the data cata-
log. In this case, sensitive data customer_ID is not visible in the data catalog as it is in
the data source.’ In the data catalog, only the column name is displayed. In this way,
everyone can see everything in the data catalog. It’s the actual values in, for example,
tables that makes it impossible from a governance perspective to create a complete
overview of data in your company (and then, there is the obvious technical boundary
of such a scenario). With the data catalog, those days are over - you can discover
more and more data.

Column names and other metadata visible in the data catalog can
also contain sensitive or confidential data. Methods must be in
] place to make sure that such metadata is not visible to the users of
\ the data catalog.

You can add metadata to what you represent in a data catalog—in this case, a table—
both at the table level and for each column. Every piece of metadata added will
inscribe it with context relevant to the knowledge universe of your organization. This
will make your asset more searchable. We'll talk more about how to organize it in
Chapter 2 and how to search for it in Chapter 3.

Furthermore, it's important to understand that data is organized into vertical, hori-
zontal, and relational structures, as can be seen in Figure 1-3 and more exhaustively
in the figures in Chapter 2.

Vertical organization enables you to pinpoint exactly from what domain in your orga-
nization the data belongs to. This is achieved through domains and subdomains. In
the Orders table in Figure 1-3, the vertical organization specifies which part of the
company the data comes from; for example, finance.

3 reference til Serras bog
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The horizontal organization of assets allows you to display how the asset moves in
your IT landscape. This is done with data lineage. Data lineage depicts how data trav-
els from system to system and, ideally, how the data is transformed as it travels. Data
lineage can be subdivided into many different layers, in Figure 1-3 below, you see the
layers being divided into

In the Orders in Figure 1-3, lineage would, for example, display that the data resides
in a database and that it is used in a Business Intelligence (BI) report, indicated by an
arrow to the right of the asset, pointing toward the BI report.

The curved lines organize how certain types of data relate to other types of data and,
if done correctly, can render these relations in a knowledge graph - and this is the key
to powerfully organize and search your data. In the Orders table in Figure 1-3, the
relational organization of the Date_ID column could, for example, be related to other
temporal metrics in other data sources, e.g., from manufacture data, referring to
naming conventions for batch series productions, and so on.

All together, an organized table in a data catalog is depicted in Figure> 1-3.

Knowledge Graph

Knowledge Graph
Data Domain ///
T
—_—

Data Lineage

Datalineage  «—— | MRDERS

DataLineage  w—— | @ b ———»  Data Lineage

) Summer_
B

Figure 1-3. A fully organized asset in a data catalog

Once your assets have been organized into neat vertical(domains), horizontal(data
lineage), and relational(knowledge graph) structures (for examples of this, check out
Chapter 2), you might be tempted to think that your job is done and you no longer
need to work on your magical data catalog. That is not the case! You should not con-
sider a data catalog to be a repository that only needs to be organized once. You
should always be open to reorganizing assets and improving the metadata quality and
coverage. Not only will it ensure things are neat and tidy, but it will optimize your
data catalog for search.

Accordingly, let’s take a first look at searching a data catalog.
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Enable Search of Company Data

Search is one of the key functionalities of a data catalog. It is often treated as just a
feature, but it can be so much more than that if you make it the driving factor of your
data catalog strategy. Think of your data catalog as a search engine and an Al assis-
tant, the same kind that youd use to search and ask questions to the web.

A data catalog and a web search engine are similar in that they both crawl and index
their landscapes and allow you to search that landscape. The main difference is that
while a web search engine covers the web as a landscape, a data catalog covers your
organization’s data in the IT landscape.

A data catalog is also like an AI assistant, in the sense that you can interact with it in
natural language and have a conversation with it. It is important for you to remember,
that this feature gives your data catalog a certain plasticity - it can bring about more
search options in it, and it also sometimes makes you search the data catalog outside
of the data catalog itself - the data catalog can be a source for searching with an Enter-
prise wide AT assistant. You can see an example of this in Figure 1.X in this chapter.

So, what does it look like when you treat your data catalog as a search engine and Al
assistant? Let’s take a look at one in action.

Throughout this book, we'll be looking at the data catalog of Hugin
& Munin. Hugin & Munin is a fictitious Scandinavian architecture
company that specializes in sustainable construction that uses
wood from forests close to their building sites.

The Hugin & Munin data catalog revolves around organizing data and searching for
it. Figure 1-4 shows the interface for the Hugin & Munin catalog. The search bar
allows you to enter terms to do a regular search of the data catalog, but you can click
the little squirrel underneath to enter directly in conversational Al search. The mag-
nifying glass allows you to use the browse function and a pile of books icon gives you
access to the glossaries. Note that this looks very similar to most popular web search
engines and Al assistants.
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Figure 1-4. The data catalog frontend in Hugin & Munin

Lets look at how you might use this data catalog. Say that you are an employee at
Hugin & Munin and you overhear a group of people having a conversation during
lunch. They talk about this clever data scientist named Kris, mentioning that he’s the
owner of some visionary data products in your company’s data catalog (you’ll learn
about data owners later in this chapter; right now it's not important). Such data prod-
ucts could be useful in the project you are currently working on. Before you can ask
the group about how to contact Kris, they rush to a meeting room they forgot all
about. Back at your desk, you search the data catalog as depicted in Figure 1-5.

y

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE THC.

lC)‘ I'm looking for data products by soneone called Krig, these products have to be the output of data science projects ;%
2

]

Figure 1-5. Advanced search for the exact information you need

In earlier days, you would have had to type keywords and complicated operators to
make this work, something like this:

Data Owner: “Kris*” AND business glossary: “Data Science” And Asset Type: “Data Product”

But luckily, thanks to the recent developments in Al, those days are over. The Al fea-
tures of a modern data catalog will automatically extract the relevant keywords and
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boolean operators in the natural language you type, translate your questions into a
structured query statement, and then deliver you the results.

Search results in the data catalog for this search: You find seven splendid data prod-
ucts by a data scientist called Kris Kegelstrom. They are data about the long term
durability of the facades of Hugin & Munin family houses. You are certain these are
the data products your colleagues talked about at lunch.

However, even though the description of the data products are very informative, you
feel you lack some more context about what the data products can be used for. Basi-
cally that conversation between your colleagues discussed some really cool ideas and
perspectives going in many different directions, and that’s not really completely cap-
tured in the description of the data products in the catalog. Of course you will find
your colleagues and ask them. But before you do that, you get an idea. What if you
use your enterprise wide Al assistant - called the Hugin & Munin chat - to find the
seven data products in the data catalog, and then check if the data products have been
discussed in some of the many, many threads in slack?

This is possible because both data from the data catalog and data from slack has been
made available on MCP servers, making it queryable for the Hugin & Munin AT assis-
tant. Your prompt is displayed in Figure 1-6.
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Hi Hugin & Munin chat!

]

Hi there, what can I do for you today?

I was searching in our data catalog for data products owned by Kris
Kegelstrom. I can see from the description that they are outputs from
data science projects on long term durability of the facades on our
houses. I would like to know more about these data products.

You find the data products by Kris Kegelstrom in the data catalog, and
then you find the threads in slack, where these data products have been
discussed.

]

You are right: Kris Kegelstrom has 7 data products in the data catalog
[1] and they do indeed look to be of really good quality. I also took a
look in our enterprise slack, and I found 16 different threads
discussing them, over a period of 15 months.[2] The threads discuss
various use cases for Kris' data products, and are about programming for
complex model development. It will take 7-8 hours to read the threads.
Would you like a summary?

[1] Data Catalog: Kris’'s data products

[2] Slack: Discussion of Kris' data products

e 1L

Yes, please!

Here you go.[1] Anything else I can help you with?
[1] Summary: Discussion of Kris' data products

L

No thank you, this is great!

Figure 1-6. Using an Al assistant to search slack and the data catalog

Basically, your assumption was right. Kris’ data products have indeed been the topic
of discussion in slack - 16 different threads have discussed them, for over a year in
total. The summary by the AI assistant of the threads makes it more easy for you to
move forward with your own ideas.

You've got a glimpse of how search works in this example, and just how powerful a
data catalog can be in achieving great things with data. And we have only begun, the
search is described in full depth in Chapter 3. Remember - the more searchable your
data is, the more you enable the one big benefit of a data catalog: data discovery.

28 | Chapter 1:Introduction to Data Catalogs



http://ch03.html#understand_search_conceptscomma_feature

Data Discovery

A data catalog enables all employees to search all data in their company. Searching
and actually finding data is called data discovery, and that’s what a data catalog is all
about.

Nevertheless, data discovery is rarely thought of as searching for data, but often as
searching in data, in databases, to find new insights about customers, products, etc.

Searching for data can be haphazard conversations with colleagues, by memory, or it
can be structured, meaning that searching for data takes place in a formalized man-
ner in a solution designed for the purpose of searching for data, for example, a data
catalog.* The difference between searching for data and searching in data may strike
you as not very important—but it is! And we will discuss it in detail in Chapter 3.

Put simply, data discovery begins with discovering that certain data exists at all, not
what’s inside it. Once you get your data catalog up and running, you will exponen-
tially accelerate data discovery in data, because the preceding search for data is
remarkably more effective with a data catalog than without it.

Data discovery for data, in a data catalog, has a distinct target state: ambient findabil-
ity. This term was coined by Peter Morville in the first literature that shed an intellec-
tual light on the powerful search engines on the web that arose in 1995-2005:

Ambient findability describes a fast emerging world where we can find anyone or any-
thing from anywhere at anytime.

Today, data catalogs are emerging as the equivalent of web search engines and Al
assistants, only for the data in your enterprise. And data catalogs, too, should strive
for ambient findability. That's how smooth data discovery for data must be: in your
data catalog, you should be able to find anyone or anything from anywhere at any
time—in your enterprise.

Ambient findability is completely unrelated to how you search in
data. Searching in data is so persnickety and subtle that an entire
field has evolved out of it: data science. I discuss this more in Chap-
ter 3.

Data discovery in a data catalog serves several purposes:

4 G. G. Chowdhury, Introduction to Modern Information Retrieval (New York: Neal-Schuman Publishers, 2010),
chaps. 1 and 2.

5 Peter Morville, Ambient Findability: What We Find Changes Who We Become (Sebastopol, CA: O’Reilly, 2005),
6.
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o Data engineering
o Data analytics
o Data governance, risk & compliance

« Asasource for Al generative search and agentic orchestration

Data engineering is an activity that will use the data catalog for monitoring of data
pipelines, through technical performance metrics known as data observability. Also,
the data quality metrics of data will be monitored by data engineers (although data
architects will have the subject matter expertise of defining the quality of data).

Data analytics supported by a data catalog is pretty simple: data scientists—analysts
and similar profiles—all need data. Without a unified, global overview of data in your
company, these highly paid employees just work with the data they happen to know—
in their data silo—and not the best-fit data for what they want to do. You can change
that with a data catalog and create a complete overview of all the data in your com-
pany. This means that data-driven innovation can accelerate and deliver substantially
more value.

Data governance, risk and compliance supported by a data catalog has many advan-
tages, and T'll discuss these in depth in Chapter 4. The most important one is the
capability to classify all data in your IT landscape both in terms of sensitivity and
confidentiality. This will be of great value for your data protection officer (DPO) and
your chief information security officer (CISO)—indeed, for your entire company. A
data catalog applies rules to its pull/push capability so that all its assets are automati-
cally assigned a sensitivity classification and a confidentiality classification. You can
take a look in Chapter 2 about this for more details. For now, just remember that the
power of automated classification of sensitivity and confidentiality directly on your
IT landscape is a bedazzling feature that won't be difficult to sell.

As a source for Al generative search and agentic orchestration. Al architects and Al
engineers will use a data catalog as a source for deeper, enterprise wide search, and for
orchestration for an agentic architecture/mesh. This is a new, promising use case for
data catalogs, but it requires that they are based on knowledge graphs. Only a knowl-
edge graph powered data catalog can deliver full potential for AI, because it provides
a useful semantic structure, that guides AI, and help it take better actions.

Altogether, these purposes can be grouped into one term, data intelligence, a term we
will discuss more in chapter 5.

Data catalogs are also used by people who do not have many tech
skills; I discuss them in the following as everyday end users.
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The Data Discovery Team

A data management job—including managing a data catalog—is not the job of one
person alone. Rather, it is the work of an entire team to implement, maintain, and
promote the usage of the data catalog across your organization. Although you could
call this your data catalog team, I encourage you to call this your data discovery team
instead. This tells everyone not just what technology you use, but on what capability
you deliver, which is data discovery.

Data discovery teams can focus solely on data catalogs or more
widely on all metadata repositories. You should push for the latter:
preferably, the data discovery team owns and curates all metadata
repositories like the CMDB (configuration management database),
data sharing agreement system, etc. that describe everything within
the IT landscape. In this way, it can promote data discovery from
the totality of sources where these are exposed at a metadata level. I
discuss the Data Discovery team in depth in my book Fundamen-
tals of Metadata Management (O’Reilly, 2025)

The Data Discovery team maintains the high level overview of the data catalog, called
the metamodel. You can see an example of a metamodel in Figure 1-9. The meta-
model is the model that provides an overview of all types of entities in the data cata-
log. The metamodel also includes all relations between the entities. For example,
departments have people, perform processes, and are supported by technology. Basi-
cally, the metamodel defines how you can physically structure your data catalog,
based on conceptual metadata structures.
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Figure 1-7. Example of a metamodel in a data catalog

Consider the metamodel in Figure 1-9. In this hypothetical example, a company has
two entities, departments and domains. Departments and domains are not alike, as we
will discuss in Chapter 2. A department has people, performs a process, and is sup-
ported by technology. Furthermore, a department possesses a capability. Capability
defines a domain, and domain groups the data that the technology contains.

At a first glance, a metamodel may provoke dizziness. But the metamodel is there to
provide the best possible structure for the data that is represented in the data catalog.
It organizes data into its most relevant dimensions so that it is as easy to search for as
possible.

Knowledge graph-based data catalogs have flexible metamodels.
The metamodel in such data catalogs can be visualized, expanded,
and searched without limits. Beyond purely technical, raw basic
data catalogs, knowledge graph powered data catalogs have won the
market, as they very powerfully caters to the most important fea-
ture in a data catalog: search.

Flexible metamodels provided graphs is a big topic, and it will only become more
important with AI. We will cover it at length in Chapter 2, 5, and 6.

Data Catalog Ownership

Where should ownership of the data catalog be placed? There is not one, but several
possibilities:
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o Data governance
o Chief data officer (CDO)

o Data analytics

The benefits of each way can be described as follows:

Data governance ensures that data is managed in accordance with regulations and
standards. It also focuses on data quality aspects, ownership, etc. The advantage of
placing the data discovery team in a data governance part of the company is that it
leads to better data compliance and efficiency of the operational backbone. You will
ensure that confidential and sensitive data is protected. Nevertheless, if such an
approach is used, a data catalog should merely be considered an expense to ensure
data governance, and not as the key component it is intended to be for data-driven
innovation.

Having a CDO responsible for the data discovery team is the ideal, but also a rare
setup for a data catalog. In this case, the data discovery team is a staff function for the
CDO. The CDO writes and puts into action the executive data strategy of a company
and should therefore have a full overview of all data at hand. In such a case, the exec-
utive data strategy is based on empirical facts, and outcomes are measurable.

Placing the data catalog in a data analytics business unit puts the data catalog directly
into action where it delivers the most value: innovation. However, the risk of this
setup is a lack of control. Without firm data governance, the data catalog can risk
exposing confidential data or processing sensitive data in a way that is a liability to
your company or in a way data subjects have not consented to. It can also create diffi-
culties for data quality, which is a time-consuming effort that an energized team seek-
ing results could be tempted to neglect.

End-User Roles and Responsibilities

End users of a data catalog fall into three categories:

o Data analytics & Al end users
+ Governance end users

o Everyday (efficiency) end users

Data analytics and Al end users search the data catalog for data sources for innova-
tion, and their data discovery does not end in the data catalog when they search for
data. Data discovery for data leads to data discovery and data exploration in data, as
we will discuss in Chapter 3. Data analytics end users should be considered the most
important end users of the catalog, as they will deliver the return on investment
(ROI) for the data catalog. They do so by innovating new offerings to customers,
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based on data they have searched, found, analyzed, and used for business opportuni-
ties and growth.

Governance end users primarily search the data catalog for either confidential data or
sensitive data—or both—in order to protect that data. They do so both as the catalog
expands with new data sources (I discuss this in Chapter 5) and on an ongoing basis,
when performing risk assessments and during daily operations. They also use the
data catalog to get a more managed approach to who can see what data in the organi-
zation. The data catalog will enable them to increase the data governance of the com-
pany, but an ROI is more difficult to document in comparison with data analytics end
users.

Everyday end users are likely to become the most substantial group of end users in the
future. You can go to Chapter 8 to check what that future looks like in detail. At the
point where the data catalog truly evolves to become a company search engine,
employees are going to use it for everyday information needs. These are expressed
with simple searches and are aimed at reports, strategy papers, SOPs, and basic access
to systems. Currently, everyday end users of a data catalog are not a very big group.
But you can plan your implementation in such a way that everyday end users become
larger in numbers, with the effect that the data catalog gets more traction in your
company. I discuss this in Chapter 5.

All end users have one or more of the following roles and responsibilities in the data
catalog:

Data source owner
The data source owner is also known as simply the system owner or data custo-
dian in traditional data management.

Domain owner
A domain owner manages a specific collection of assets. The domain owner ulti-
mately defines which assets belong in the domain and who should have the dif-
ferent roles in the domain.

Domain steward
A domain steward takes on more practical tasks such as conducting interviews
with upcoming data source owners, managing the domain architecture, and pro-
viding access to data.

Asset owner
The asset owner is the owner of the data in the data source. Typically, data own-
ership spans multiple data sources (as data ownership spans multiple systems),
and it can also in rare cases span multiple domains. It is the asset owner that
grants access to data upon request.
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Asset steward
An asset steward has expertise on a particular subset of assets (an entire data
source or parts of data sources) in a domain.

Term owner
Term owners typically own a large subpart of glossaries related to one or more
domains in the data catalog.

Term steward
Term stewards are responsible for managing term lifecycles. (See Chapter 7 for
details.)

Everyday end user
Everyday end users are able to search the data catalog and request data from asset
owners.

Collectively, the end users of a data catalog constitute a social net-
work. If they can work in groups independently of the data discov-
ery team, the data catalog will provide the most value. See
Chapter 5 for details on this.

Summary

You have now gotten the first impression of a data catalog. This unique tool repre-
sents a powerful step for your company toward better, more secure use of your data.

Here are the key takeaways of the chapter:

o Data catalogs are increasingly getting powered by Al and this is a huge benefit
for the end user - organizing, searching, and accessing data is becoming more
simple.

o Al is also changing the nature of data catalogs: A data catalog is not only a tool to
find sources, it is also becoming a source in itself.

o Data catalogs are organized in domains that contain data assets and data prod-
ucts. These are metadata representations of data in source systems.

« Data sources have either been crawled by the data catalog connectors or in the
case of data products, been published to the data catalog.

o AT has now made it possible for your data catalog to cater for a completely free
and flexible search in natural language, however complicated the topic.

 You can also search the content of your data catalog through your enterprise Al
assistant, and combine it with other sources.
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The strategic benefit of a data catalog is data discovery. For the first time, compa-
nies are now able to discover all their data in a structured and endless way.

Data discovery serves data-driven innovation and data governance. Innovation is
the most important and is the reason why data catalogs emerged in the first place.
Data governance, on the other hand, is not as profitable but is important in its
own right—it secures data.

Accordingly, end user types fall into categories of data analytics, governance, and
everyday users. The end users can have different and even multiple roles and
responsibilities in the data catalog.

There are three possible setups for data catalog ownership:

— The team can be focused on data governance, with the risk of losing the inno-
vative potential of the data catalog.

— The team can be focused on innovation, with the risk of compromising data
governance.

— The best possible setup is as a staff function for a CDO, who should take every
strategic decision based on the data that’s actually in the company, be it for
innovative or governance purposes.

Data catalogs powered by knowledge graphs have won the market, and there are
two reasons for that:

— A knowledge graph powered data catalog enables a flexible metamodel, that
allow you to organize, visualize and search the data catalog with great impact

— A knowledge graph powered data catalog is a unique source for Al, that will
increase output of generative technologies and agentic decisions.

In the next chapter, we'll talk about how you organize data in the data catalog.
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CHAPTER 2

Organize Data: Design a Robust
Architecture for Search

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the 2nd chapter of the final book.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at shunter@oreilly.com.

You can’t discover and map the entire world in a day. Likewise, you can’t discover and
map the IT landscape of your organization in one go. As you discovered in Chapter 1,
the effectiveness of a data catalog is heavily dependent on how well it is structured
and managed—this impacts how well it can be searched. Although it may sound
straightforward, organizing data with metadata isn't simple. You will have to ask
yourself: what is the most logical way to group data? What’s the most relevant meta-
data for my data? How do my data relate? Can they relate in multiple ways? And what
is the interplay between how confidential data is, and how sensitive it is?

In this chapter, we'll go through these kinds of questions and walk through the pro-
cess of gathering and organizing the data in a data catalog. We'll begin with how to
organize domains, proceed to a brief discussion of how you populate the domains
with data, and end with how to organize your data once it’s represented in the data
catalog.

Let’s first have a look at how Al is augmenting the way you organize data.
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Using Al to Organize Data

Using Al for enterprise tasks is really great. In fact, it's a gamechanger! Many of the
manual, repetitive tasks are done for you. For data catalogs in particular, there are
great benefits of the AI features that are becoming more and more frequent, and very
specifically for organizing data, Al is simply a catalyst for success. Implementation of
data catalogs is not a given - that is why you are reading this book, after all - and with
Al your chances of successful implementation is significantly increased. The poten-
tial is reduced manual labor: avoid repetitive tagging, avoid enhancing descriptions,
etc.

However, there are also pitfalls. Take great care in avoiding tautologies and false
ontologies:

Tautologies

Certain tasks may seem tempting to do with AI, but can be tautological, meaning,
they just repeat metadata without adding value, or, even worse, creating noisy
search results. Let’s take a simple example, a column name in a table, named Cus
tomer. Adding the description in a data catalog by the help of AI that states “this
table with a column name that describes a customer” provides a seemingly nice
human readable context. But in fact, this is nothing but an obstacle for power-
fully searching for your data. Because humanly added metadata must serve the
purpose of (positive) discrimination - that we make all potential search hits stand
out from one another. That’s not done by repeating metadata with no discrimina-
tory potential. We will dive more into the mathematics of this in chapter 3. How-
ever, remember that you're always organizing your data so that you can search for
it. Al is sometimes a tricky friend in that regard.

False ontologies

Another thing that you cannot rely on, is an LLM powered generation of your
core ontology, your metamodel - materialized in knowledge graph. You will
sometimes see such tempting technological offers from various software vendors.
The idea is, that these companies scan a critical mass of text in your enterprise,
SOP’s, emails, slack threads, and, by relying on Al, generate a knowledge graph
out of the input from the scan, that could potentially work as your metamodel.
Take great care in not following that advice - metamodels based on knowledge
graphs for data catalogs usually are small, and extremely precious. Take the rela-
tively short time it takes to craft them by hand, the return is enormous - and an
accelerator for good Al use cases - as you will learn below in this chapter.

However, organizing data with AI at scale is a real thing - it's a gamechanger. So, with
the above perspectives at hand, think of the potential of AI as you read this chapter,
and when you are working with organizing data in your data catalog.
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Organizing Domains in the Data Catalog

As T discussed in Chapter 1, a domain groups data that logically belong together.
Accordingly, the first thing you need to do is to create your domains. You do not need
to create them all at once, just the ones you need to represent in the catalog. However
- they must follow the same methodology, so pay close attention to that. But what
does organizing the domains really mean in the context of a data catalog? In a data
catalog, it is up to the domain owners to define what data belongs in their domain. In
the following subsections, I will provide you with a guide to architect domains.

Domain Architecture in a Data Catalog

The task of organizing your domains can be a messy one. Without a reference archi-
tecture for your domains, you might not even know where to start.

Imagine a standard classification tree, like the one you can see in Figure 2-1. It has a
root that leads to separated subcategories, which again can have further subcategories
and so on. It’s a structure that can expand as needed in breadth and depth.

The top level that you see in Figure 2-1 is the value chain of your enterprise. The
absolutely most high level depiction of the value that is being delivered by the organi-
zation you find yourself in. All enterprises - public, private, NGO’s - have a value
chain. Find it, to ignite your organization of data in your data catalog!

o

HILIGTM & MLIMIN E)

rrrrrrrrr

Figure 2-1. Classification tree

That point of departure is how you should organize the domains. But exactly how?

Have no fear. I have created a domain architecture for data catalogs to get you started
and group your data sources in a logical, systematic way. You can see it in Figure 2-2.
With this architecture in hand, you get a framework that will allow you to keep a firm
hand on the tiller when you organize your domains. This is the hands-on guide to
group all your data sources in a logical, systematic way.

The top level of Figure 2-2 is the data catalog main entry. The main entry is the root
of all the domains and a logical starting point. Think of it as your entire catalog:
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everything is subdivided from here. It’s not recommended (and in many data catalogs
impossible) to have multiple main entries, for two reasons:

o All data from each data source can be stored in only one place. This means that
all levels need to relate to one top level, as it all constitutes subdivisions of one
body of data: the data of your organization.

o Your data discovery team needs complete control of the entire data catalog, as I
discussed in Chapter 1. Therefore, you need one top level, from which all roles
and responsibilities are assigned in the lower levels.
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Figure 2-2. Domain architecture in a data catalog

Before I talk about the various layers of the data catalog architecture, you first need to
have a deeper understanding of what is meant by domain.
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Understanding Domains

If you want to understand what a domain is, two fields can deliver answers:

o Domain-driven design

o Library and information science

It's domain-driven design (DDD) that has been dominant in data management—and
subsequently most known in a data catalog context. But since the first edition of The
Enterprise Data Catalog in 2023, Library and Information Science methodologies and
practices have won substantial influence within Data & AI. And, as you will see later
in this subsection, DDD is not a completely proper fit when you architect domains in
the data catalog. Therefore, I will first briefly describe the understanding of a domain
in DDD and information science.

DDD emerged in the early 2000s and was formulated in the book Domain-Driven
Design by Eric Evans.! DDD enables software engineers to better understand and
cater to the context to create usable, logical software. In DDD, software design is
driven by the domain it’s created for—domain-driven design.

Remember: DDD is intended for the creation of software. You can see just how inter-
mingled domain and software is in DDD, in this quote from Eric Evans:

Every software program relates to some activity or interest of its user. That subject area
to which the user applies the program is the domain of the software.... To create soft-
ware that is valuably involved in users’ activities, a development team must bring to
bear a body of knowledge related to those activities.... Models are tools for grappling
with this....>

So, in DDD, understanding a domain is about creating software that models users’
activities or interests—taking into account the knowledge those activities/interests
rely on.

These days, DDD is becoming relevant for a new purpose, this time not for software,
but for data. It is the movement known as data mesh, which has applied DDD for
data. Data mesh suggests a way to create scalable data infrastructure that allows for
analytical data to spread faster, and easier, in a federated governance model where
each business unit is responsible for storing, exposing, and providing access to its
data. I discuss data mesh architecture in more depth in Chapter 6, as well as how I see
this architecture in relation to a data catalog. For now, you only need to know that
data mesh understands domains as defined in DDD.

1 Eric Evans, Domain-Driven Design: Tackling Complexity in the Heart of Software (Upper Saddle River, NJ:
Addison-Wesley, 2003).

2 Ibid., Part I.
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And now, we are at the core of the problem: DDD was not intended for data architec-
ture, but for the creation of software. Thought leaders in the data mesh movement
such as Zhamak Dehghani and Piethein Strengholt both point to DDD regarding
how to organize data in domains.* * And they both address that rescoping DDD for
data and not software is far from easy and ideal—although they provide sound and
applicable advice on how to do it. Nevertheless, for a data catalog in particular, I sug-
gest taking another approach in understanding and designing domains, one that
focuses less on software and more on knowledge. This approach is found in informa-
tion science.

I'll first explain domain thinking in information science, and T'll then briefly discuss
the differences between domain thinking in DDD and information science in a note.

In information science, a domain has no links to a technological reality per se. It’s
purpose is not to create software; it simply focuses on people and what they do, and it
defines a domain like this:

A domain, then, can be a group of people who work together if they share knowledge,
goals, methods of operation, and communication. It can be a community of hobbyists,
a scholarly discipline, an academic department, and so on.*

This is the definition of domain that I rely on in this book, and behind this very sim-
ple definition, it follows that a domain is made of:

o Knowledge as an ontological base,” meaning a shared understanding of concepts
and their relations

o Goals as a teleology,® meaning that this group shares ambitions of what they want
to achieve or obtain—what drives them

o Methods of operation, meaning hypotheses and methodologies to test and
expand the domain

o Communication as social semantics, in the sense of what tools and systems the
group uses to communicate

w

Zhamak Dehghani, Data Mesh: Delivering Data-Driven Value at Scale (Sebastopol, CA: O’Reilly, 2021). Pie-
thein Strengholt, Data Management at Scale (Sebastopol, CA: O’Reilly, 2023, second edition), p. 35-49

4 Richard P. Smiraglia, The Elements of Knowledge Organization (Cham: Springer, 2014), 86. The theoretical def-
inition—cited from the same source—goes like this: “A domain is a group with an ontological base that
reveals an underlying teleology, a set of common hypotheses, epistemological consensus on methodological
approaches, and social semantics”

w

Ontology is the study of what exists (implicitly, in a data domain). See: Ontologies, https://www.isko.org/cyclo/
ontologies.htm

(=2}

Teleology is the study of what the intrinsic purpose inside something is (implicitly, in a data domain).
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Each domain also has various degrees of intension and extension.”

The intension is how deep a domain goes in terms of the level of expert knowledge.
For example, academics would have a deeper intension than hobbyists. Intension has
a very concrete meaning: a domain can have an infinite layer of subdomains, so, for
example, winemaking can have subdomains such as natural winemaking and tradi-
tional winemaking. In the case of the hobbyists, the intension stops there, but that
would not be the case for the academics, who would further divide the intension of
natural winemaking into organic winemaking and biodynamic winemaking and
probably even further.

Extension, on the other hand, refers to the level of breadth in the domain, and in this
case, the hobbyists have a broader extension as they are likely to include adjacent
domains into their own domain, without mastering them at a professional level.
Winemaking would be part of a domain also comprising travel and pleasure, for
example.

The fundamental problem of applying DDD for data, in a data
mesh, is that intension and extension are not free. Domains of vari-
ous levels of intension and extension are put together in a string to
define how data flows between software components. That may
work for a data mesh orchestrated in an actual IT landscape, but it
will not work in a data catalog: it will not deliver the total overview
of data in your company in a structure that is searchable enough to
create data discovery. To understand the difference, take a look at
the domain mappings in Figure 2-3, and compare them with the
data lineage depictions. If we were to accept only DDD for data as
structuring our domains at the metadata level, then we would have
to rely only on data lineage. This is technically correct but is con-
ceptually confusing, as domains and subdomains are forced to
structure themselves around the physical movement of data, and
not the conceptual organization of data, thematically, in domains.

In Figure 2-3, I have added intension and extension, to our domain architecture dia-
gram. These elements, which constitute a domain in information science, are all
placed where they belong in the domain architecture of the data catalog. At this point,
we are ready to run through the domain architecture in a data catalog, and I begin
with the layer that can be structured based on either processes or capabilities.

7 Joseph T. Tennis, “Two Axes of Domains for Domain Analysis,” Knowledge Organization 30, no. 3 (July 2003):
191-95.
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Figure 2-3. Domain architecture in a data catalog with domain-specific components

Processes and Capabilities

In this section, I am organizing data in a structure that represents the company in
which the data is created. This structure is defined by either processes or capabilities.
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Processes describe how a company performs its tasks. It's how things are done. Capa-
bilities describe what tasks a company performs—what the company is capable of.
Neither processes nor capabilities reflect the business units of your company 1:1.

Furthermore, processes are part of capabilities: capabilities consist of people, pro-
cesses, and technology.

You can find a great introduction to processes and capabilities in A Guide to the Busi-
ness Architecture Body of Knowledge (BIZBOK),® ® which I recommend you read
before you actually begin mapping domains in your data catalog.

I suggest you organize by capabilities if your data catalog is closely
connected to the enterprise architecture activities, which rely on
capability to manage the IT landscape. I suggest you use processes
if your company already has a highly controlled process map.

The very first step to organizing your domain is to choose between creating the
domains as processes or capabilities. Both will work fine, as they are stable entities. In
either case, you start with high-level processes or capabilities and divide them into
various sublevels.

A process domain is put together based on how things are done. Processes are part of
a value chain that expresses how the products or services of a company are created.
Processes are either directly or indirectly part of this value chain. Direct processes
are, e.g., Research & Development, Manufacturing, and Sales. Indirect processes are
supportive processes or strategic processes that enable the value chain, and they con-
tain processes within themselves also.

In Figure 2-4 you can see an example of an indirect process map in the Hugin &
Munin data catalog, namely HR processes. Pay attention to the process aspect in the
level just below “HR Processes” that expresses how employees join, work in, and leave
a company in the following process steps: Recruitment, Onboarding, Development,
Self-Service, Offboarding, and Resignation. As you can see, all groupings are part of
an overall process. Therefore, the domain depicted would partly lose its meaning if
one of these parts were missing.

The knowledge, goals, and methods must be described in each part of the domain at
the process level. Ideally, the processes displayed are self-explanatory, but you must
ensure as logical an overview as possible for the end user of the data catalog.

8 See A Guide to the Business Architecture Body of Knowledge (Business Architecture Guild, version 11), specifi-
cally section 2.2 for capabilities and section 3.4 for processes.
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Figure 2-4. Domain architecture based on processes

A capability domain is put together based on what things are done. Capabilities are
performed by many different business units and are therefore present in many differ-
ent business processes. Unlike processes, capabilities are expressed using nouns, also
for activities performed, typically coined as Management or Analytics, Determina-
tion, and Prioritization.

In Figure 2-5 you can see an example of a capability mapping in the data catalog, in
this case, Data Analytics. I advise you to look closely at the level just below Data Ana-
lytics, containing the capabilities: Descriptive Analytics (what happened?), Diagnostic
Analytics (why did it happen?), Predictive Analytics (what might happen?), and Pre-
scriptive Analytics (what should we do because of what will happen?).® ® Unlike the
processes you saw in Figure 2-4, the capabilities are not part of a chain of events—
they are not steps in an overall process. They can be performed by many different
parts of your company, simultaneously and independently.

9 A discussion of these capabilities can be found at “4 Types of Data Analytics Every Analyst Should Know—
Descriptive, Diagnostic, Predictive, Prescriptive”.
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Figure 2-5. Domain architecture based on capabilities

Do not be tempted to build your domains directly based on your organization dia-
gram. It's tempting to do so, because you have it at hand and mapped out for you
already. But you must keep in mind that your domains should be stable entities to
land data safely in the data catalog. And organizations change all the time: teams are
merged, split up, outsourced, re-created, and reorganized constantly—and you end
up maintaining a continuously changing domain architecture instead of catering to
data discovery.
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If you work in a highly regulated industry, such as food, pharma, or
oil and gas, your company has an official process map with several
layers, contained in a quality management system (QMS).!? It’s a
requirement for regulated industries to document their processes,
as these industries must explain and show proof of correctly per-
formed processes under audit and inspections from the authorities,
such as the Food and Drug Administration (FDA) in the United
States. If your company has such a process map, use it! You must
organize your domains in the data catalog so that they mirror the
process map 1:1, but you can leave out the lowest levels of the pro-
cess map. They are typically too detailed and explain very specific
actions by employees. Below the process levels, you should define
data sources—take a look at Figure 2-4 if this puzzles you.

If your company does not have an existing process map, you can create either a pro-
cess map or a capability map. You must remember not to mix processes and capabili-
ties, as they are different in nature. You must choose one or the other and stick to
that.

Now we move to the level below processes/capabilities, which is the technology layer
—your actual data sources.

Data Sources

When you have successfully mapped your domain into processes or capabilities, you
move deeper into the architecture and depict the data sources that support them. The
generic data source is a technology component. These technologies can be databases,
data lakes or data warehouses, and actual applications.

Keep in mind that you cannot skip mapping domains in either pro-
cesses or capabilities. Your map of data sources will be meaningless,
close to unreadable for end users, if you move directly from the
data catalog main entry and into generic data sources. Even the
data discovery team will lose track of what data sources are regis-
tered in the data catalog if you proceed in such a way.

Let’s continue with the Hugin & Munin capability domains example from the previ-
ous section. Take a look at Figure 2-6. Hugin & Munin uses Power BI as the data
source to support the capability of Demand Trends Report Management (part of
Report Management, part of Descriptive Analytics, part of Data Analytics). This is first
registered as a generic data source, as there are many specific instances of Power BI,

10 QMSs are specified in standards and must adhere to, e.g., ISO 9001:2015.
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so you must remember to divide your data sources into generic and specific ones. The
generic data source simply refers to the software component, such as Tableau, Qlik

Sense, or, in this case, Power BI.
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Figure 2-6. Generic and specific data source SLET

You should not ignore creating the layers above the data sources,
depicted in Figure 2-6. That comes with the risk of losing the capa-
bility to search for data, as the lack of organization makes it hard to
understand where in the company the data comes from.

Below the generic data source is the specific data source. You need to treat each data
source as a specific instance of a generic data source, so that the data contained in the
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capability are the only ones supporting this capability. This will also ease how you
assign roles and responsibilities to the data.

A specific data source simply means that it is a specific instance of the generic data
source. In this case, it’s a specific subscription of Power BI. You must be aware that it
could also be only part of a subscription; sometimes it’s not relevant to expose all
data.

Think of this from a domain perspective: your data sources are how the domain com-
municates. So how many data sources you have, and how much data from them you
include in the domain, must be no more, no less, than the number of sources the
domain uses to communicate.

The possibility to divide data sources like this is another advantage
of an information scientific approach to domains. DDD domains
always struggle with how to handle data sources (software) used in
several domains, because they are rooted in software process think-
ing.

At this point, you have created a safe landing zone for data sources. Figure 2-2 to Fig-
ure 2-6 illustrated how you organize data: first in domains based on capabilities or
processes, then in generic data sources, and finally in specific data sources, where you
will place your collection of data.

The first thing you need to do is to pull or push your data from the data source into
the data catalog.

Organizing Data in the Domains

How well you organize your data inside their domain will determine if your data cat-
alog is a success or a failure. Data that are not assigned relevant metadata will slowly
disappear in the total amount of data—they will not appear in searches by the end
users of the data catalog. You need your data to be discovered and used, and this sec-
tion will teach you how.

Metadata for Data

I defined data in Chapter 1 as an entity of data that exists in your IT landscape. It
could be a file, folder, or table, stored in a data source such as an application or data-
base, etc. The data in the data catalog consists of metadata that represents that file,
folder, schema, and so on in the data source.

Metadata is popularly defined as “data about data.” This definition lacks the core
characteristics of metadata, and so I therefore define metadata as Data that exists in
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two places at the same time (at source and in a tool pointing to those sources, i.e. the
data catalog).

To elaborate, metadata refers to other data, and it does not exist without the data it
refers to. Data in the data catalog is made up entirely of metadata; all your data in
your data catalog refer to data in data sources. In the sections that follow, you will
learn to describe your data so that you maximize their data discovery potential.

All data have owners and stewards. Consider these roles as mandatory metadata: all
data need to have assigned owners and stewards. data owners are the actual owners of
data in the source system. It will always be the data owner who defines who can access
a data source and what data can be used for.

It’s a strategic gain for your company that the data catalog can help assign data owner-
ship. This is a very difficult task in most companies, due to the common lack of
understanding of this responsibility—it’s complex and only offers hardship. With a
data catalog, that’s different: data ownership suddenly comes with services such as an
overview of sensitive data and a control mechanism of how data owners share data.

In daily operations, it will be the data steward who maintains data in a domain.
Specifically, the data steward adds metadata and handles data access requests and life-
cycle management activities in general—check out Chapter 7 about lifecycles.

To properly organize the data in a domain, you need to think about how the metadata
for each data was derived or added to the data catalog. The metadata for data can be
derived from a data source, it can be added when the data is already in the data cata-
log, or both.

On a more general level, data can have:

o Metadata derived from the data source
o Metadata added in the data catalog

o Metadata either derived from the data source or added in the data catalog

Let’s go through each scenario.

Metadata derived from the data source
There are two types of metadata in an data that are always derived from the data
source:

o Technical metadata

o Business metadata

Technical metadata tells you exactly what data source the data is stored in, who cre-
ated the data, when the data was created, the file format of the data, etc. Its metadata
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that is automatically attached data, during its creation and existence. For example, a
Qlik Sense report created by a business analyst in the HR department on December
13,2021, based on JavaScript and QEXT files.

Business metadata is metadata that describes the data in human language, for example
names of tables and columns, descriptions and definitions of data types, etc.

Derived metadata constitutes the minimum description of your data. It's valuable,
and you need it to get the facts right about your data, but you can't rely on derived
metadata alone: it will not contextualize your data sufficiently to make your data cata-
log perform relevant search experiences for end users—people won't find what they
are looking for. Therefore, you need to add metadata to your data inside the data cat-
alog.

Metadata added in the data catalog

You can add metadata such as descriptions, people, and glossary terms to the data in
your data catalog. You can also modify the metamodel of the data catalog to better
make it express the logic of your company (I discuss classifications separately, later).

Descriptions are high-level descriptions of data, and they should contain at least two
elements: primary and secondary usage. Primary usage is a brief explanation about
what the data is used for in the data source where it was pulled/pushed from. Secon-
dary usage is suggestions from the data provider to potential consumers about what
the data can be used for.

People are all the relevant persons who should be listed in the data catalog. These are,
for example:

e« Domain owner

o Domain steward

o Data source owner
o data owner

« data steward

o Term owner

o Term steward

The domain owner is the owner of a given domain and is responsible for managing
the domain. Typically, this person will also be who data management usually thinks
of as a data owner, as this role spans several data sources. The domain steward is
responsible for curating a domain and providing access to sources. The data source
owner is the owner of a given IT system. The data owner is the person who has cre-
ated the data. The data steward is typically responsible for managing the practical
work of managing many data. The term owner owns a domain term or a global term.

Organizing Data in the Domains | 53



Free glossary terms do not have ownership, as they are unmanaged. The term steward
manages several terms.

Glossary terms are basically words that are found in various glossaries inside the data
catalog. Glossaries allow you to “tag” your data with terms. This increases the discov-
erability of the data when users search for topics where the data could be relevant.
The glossaries are lists of words that describe your company, and the glossaries are
controlled to various degrees, by either a domain glossary team or a centralized
global glossary team.

Figure 2-11 illustrates three different glossary types:
o Free glossary

o Domain glossary

o Global glossary

Free glossary Domain glossary Global glossary
referred term [PT]
i::R%.:f:;serfectﬁs home % F:? F:? Ehat East [BT]
roader term
#dreamhouse b narrower term [NT]
#checkoutmycri related term [R
#nicehouse variant term [VH

Figure 2-7. Glossary types

The free glossary is a folksonomy. Folksonomies are user-generated glossaries that
organize data by the use of tags. If you use social media, you've probably seen posts
relating to a certain topic marked with a hashtag. For example, #puppies for posts
involving dogs, #ootd for posts about someone’s outfit of the day, or more seriously,
#metoo for posts about sexual harassment. There are no formal rules in a folkson-
omy; everyone can create tags and use them as they want. However, don't let its use
on social media fool you into thinking they’re just for fun. In a data catalog, you can
use a folksonomy to describe data in completely unique ways, and this will enable you
to search for specific topics that a central team would not have thought of.

A domain glossary is a taxonomy. Taxonomies have a hierarchy. They can be narrow/
broad or have facets of narrow/broad relationships of terms. It is a user-generated
glossary that organizes data by the use of terms that are agreed upon and aligned on
the domain level. Taxonomies are more controlled than folksonomies. Taxonomies
are created by a small group of people within a domain and not the general public—
or the entire group of employees in a company—and, subsequently, the taxonomy
creates a more formal language. Tags are completely free associations; for example,
#ootd in the folksonomy might be daily clothes in a taxonomy. This is because a group
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within a domain has decided a logical term to describe this specific element of cloth-
ing. Also, taxonomies tend to create hierarchies between terms, some being broader
than others; for example, daily clothes is a narrower term than clothes but broader
than daily clothes when it rains. Some taxonomies, especially in online shopping expe-
riences, apply a faceted approach that enables the user to “build” a unique expression
when organizing data and searching. Such facets could be colors: e.g., blue + garment,
e.g., dress. This is certainly also applicable in data catalogs, and as you will see in
Chapter 3, a faceted approach can be of great benefit. Taxonomies are domain spe-
cific. They represent a domain’s formal description of itself in a glossary. The taxon-
omy alternative to the folksonomy is also very useful when searching the data catalog,
as you will see in Chapters 3 and 4.

The global glossary is a thesaurus. It’s a structure that moves away from hierarchy
thinking and toward cluster thinking instead. It has a center, the preferred term (PT).
This is the core of the cluster, the main thing that is described. Let’s stick to the above
example and say that the preferred term is daily clothes. This preferred term is sur-
rounded by variant terms (VTs), which are synonyms. In this case, a VT could be
#ootd. There are also more freely associated terms, called related terms (RTs). In this
case, it could be, for example, raincoat. Finally, there are narrower terms (NTs), for
example, daily clothes when it rains, and broader terms (BTs), in this case clothes. But
keep in mind that it is the PT that is the center of the cluster; it may have as many BTs
as you see fit, and it does not belong in an overall hierarchy. An ontology is highly
controlled and has a lot of potential for improving search, as you'll see in Chapter 3.

From a systemic point of view, you lose the ability to analyze and improve search
behavior if you believe you have perfectly described the truth of your company in a
highly controlled glossary. You must strive for both no control and control at the
same time.

Do not assume that more-controlled glossaries are less biased than glossaries where
you have little or no control over the terms. What you get with control is a more con-
sistent semantic expression, globally in your glossary, between your terms. But it will
be just as subjective and biased a glossary as a loosely controlled glossary. For exam-
ple, Melissa Adler has succinctly examined the gender and race bias in the cataloging
practice in the Library of Congress in the United States."

Do not take the implementation and management of your glossaries lightly. They are
the cornerstone in improving your data catalog’s search capability. You'll learn the
organizational details in the rest of this chapter, and you’ll realize how in Chapter 3.

11 Melissa Adler, Cruising the Library: Perversities in the Organization of Knowledge (New York: Fordham Univer-
sity Press, 2017).
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A glossary is not to be confused with a data dictionary. The data
dictionary is a basic tool that specifies the types of data you have at
a generic level, typically by listing the field name and providing a
description of the kind of data the field contains. The data dictio-
nary is a natural part of data catalogs and may not always be a sepa-
rate feature, but simply included directly in the data. A glossary, on
the other hand, is an interpretation and reflection of the data that
contextualizes this data into the overall knowledge of your com-

pany.

Knowledge Graph Powered Data Catalogs

Finally, you can change the metamodel. In Chapter 1, I mentioned that data catalogs
have flexible metamodels. Metamodel flexibility can be provided at various levels.
The most advanced and useful level of metamodel flexibility is provided in knowl-
edge graph-based data catalogs - and these are indeed becoming dominant in the
industry, because of their proven superior functionality. Basically, your data catalog
must be built on a graph database, to be knowledge graph native. The metamodels of
knowledge graph powered data catalogs have these characteristics:"

The metamodel is visual.
It's a browsable metamodel that you can see—a structure that shows how all enti-
ties are connected. (certain metamodels need to be queried in a graph language
to be visualized, other knowledge graph powered data catalogs have that as a
default - and useful! - feature)

The metamodel is extendable.
You can add new entities to your metamodel and likewise create new relations.

The metamodel is searchable.
This means, basically, that you can query everything in the data catalog using a
database query language like SPARQL, Cypher, GraphQL etc.

In the context of this section, you should consider that the metamodel is extendable.
This means that you can add entities to the metamodel. For example, in the case of
Hugin & Munin, the metamodel could be extended with entities that represent data
from the people and systems that treat wood, from the moment it is cut, to how it is
inventoried as lumber, to the final building in which it is used.

12 Juan Sequeda, “What Does It Mean for a Data Catalog to Be Powered by a Knowledge Graph?”, September
2022, Datanami.com.
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Adding a specific business context is useful for the metamodel, because you can now
link all the data that is associated to this business context. This will improve your
ability to organize data and search for it.

Data lineage and semantic relations as graphs are important metadata to each data. I
defined both of them in Chapter 1, but let me briefly recap. Data lineage shows how
an entire data travels horizontally, in an ETL/ELT (extract, transform, load/extract,
load, transform) process. Semantic relations show parts of data asset (e.g., a specific
column in a table) and how it relates to parts of other data.

Both lineage and semantic relations are technical features. At a bare minimum, line-
age visualizes ETL jobs in certain data sources, and semantic relations are built on a
graph database that can be combined with natural language processing and machine
learning in cases where it is derived from the data source. You should be able to
expand both, manually and via API, inside the data catalog.

Knowledge graphs are key elements for Al in our era. I discuss this
in chapter 11. take a look now, if you are curious!

Data Assets and Data Products

Figure 2-12 shows the data asset architecture of Hugin & Munin. Notice that it builds
on Figures 1-3 and 2-3, which showed a fully organized data and a domain architec-
ture built on capabilities. What you see is generic Power BI data, including all the
metadata types I have discussed in this section. The straight lines from the central
data and outward are lineage, and they depict the lineage of the entire dataset, where
it comes from and where it travels further. The curved lines from the central data and
outward are graph relations, and they depict parts of the data being conceptually/
semantically related to other data.
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Figure 2-8. data asset architecture
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Figure 2-10 shows a data product in a domain in Hugin & Munin. We will go through
data products in chapter 8 - there is a lot to cover, in fact, data products are revolutio-
nizing data engineering! But at this point, notice already that data products belong
directly in a domain. Unlike data assets, data products are detached from any given
application, in this case Power BI that you saw in Figure 2-8 above. Data products are
completely autonomous containers of data - they exist to reduce the time it takes to
find, access and use data in a company, which is why they are being built and imple-
mented in companies world wide.

Data Assets and Data Products | 59



x>

HUGIN & MUNIN

Strategie
Functions

Data Analytics
Nanagenent

Descriptive Diagnostic Pradictiva Prescriptive
Analytics Analytics Analytice Analytics
™ t ] Ranagement Management

Web Traffie
Demand Report Finance Report
{ Hanagenent } { Management J {m“ HM‘!!“'"‘J

Figure 2-9. Data product architecture

Metadata Quality

In this section, I discuss how to analyze the quality of domains and data in the data
catalog. Because everything in the data catalog consists of metadata, I call this analysis
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metadata quality.""* Metadata quality refers to how well domains and their data are
represented. Without metadata of descriptions, people, and glossary terms, the search
functions in your data catalog will not work well.

Your ability to search a data catalog depends on the quality of this
metadata—not on the quality of the data in your data sources!

Earlier in this chapter, I discussed intension (depth) and extension (width) of
domains. These two things constitute the actual depth and width of the domain—
how the domain happens to be architected in your data catalog.

But there are also ideal depths and widths of domains. They are not universal (no
universal, ideal domain architecture exists). The ideal depth and width of a domain is
based on a domain analysis and is expressed with one term, for both depth and
width: exhaustivity.

Domain analysis is an essential part of information science. If you
need to perform a domain analysis, take an initial look at Smira-
glia’s book, which I quoted earlier in this chapter. It contains a list
of the methods usually applied.

Exhaustivity characterizes a state where a domain is perfectly expressed in depth and
width. Exhaustivity, therefore, can be high if the domain is depicted in perfect depth
and width. Likewise, exhaustivity is low if the domain is depicted in insufficient depth
and width. This goes for its structure in the overall domain map, and it goes for all its
associated metadata.

Let’s say, for example, that the only global glossary term for the building material in
Hugin & Munin is Wood. This is an unacceptable, low level of exhaustivity. All the
buildings that Hugin & Munin design are made of wood, so the glossary would need
to go into depth about what kind of wood was used for which buildings. Was it beech
or pine for the family house just outside Oslo? Was it oak for the skyscraper in down-
town Stockholm? The exhaustivity of the glossary needs to align with the domain in
scope. If the exhaustivity is too low, then the glossary can’t be used, functionally, to
depict the domain, and then searching for data won’t work. But even if the level of

13 I do not discuss how you analyze the data quality of the data sources that the data catalog depicts—it’s another
discipline that you can find numerous sources on. In most of those standards, data quality and metadata qual-
ity are interwoven and made measurable, e.g., FAIR (findable, accessible, interoperable, and reusable).
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exhaustivity is perfect, things can go wrong. You need to get familiarized with specif-
icity also.

Specificity is the usage of the actual intension (depth) and extension (width) in the
domain—and not a potential usage of the exhaustivity. So if you, e.g., have only
pulled or pushed data sources to a few of the actual subdomains in your domain, then
exhaustivity is high and the specificity is low. Likewise, if you have pulled or pushed
data sources to most subdomains in your domain, then your specificity is high.

Lets return to the example above: Wood. Say that the global glossary contains the
words Beech, Oak, Pine, and Wood—and that this level of exhaustivity is acceptably
high for Hugin & Munin. Now, what happens if the only glossary term that data have
been tagged with is Wood? Then, exhaustivity is high, but specificity is low. This
means, basically, that your search features could have worked because the data could
have been tagged with the most appropriate terms from the glossary (the exhaustivity
is high), but that search does not work because those glossary terms were not applied.

If the glossary terms for a specific domain cover the domain appropriately, then the
level of exhaustivity is high. If they do not, then the level of exhaustivity is low. This is
the case if the glossary terms are too broad or simply lacking. If all or most of the
glossary terms for a specific domain are applied to some of the data in the domain,
then the specificity is high. If they are not, specificity is low.

Figure 2-13 provides an overview of how to think about exhaustivity and specificity.
It's a matrix, because you basically have four scenarios for exhaustivity/specificity,
either both are low or high, or one is high and one is low. We'll return to this specific-
ity/exhaustivity matrix in Chapters 3 and 4.
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Figure 2-10. Specificity/exhaustivity matrix for metadata

Exhaustivity and specificity are important for search. We'll talk
about it more in Chapter 3, but here are some questions for you to
think about in the meantime: Is it easy to search for a very special
type of data, if it has been cataloged with only general, broad glos-
sary terms although more specific terms exist in the glossary? Is it

easy to browse your way to a very special type of data in a domain,
if the domain only has few, very broad subdomains? Can you trust
that you have searched correctly, if the only hits you get on some-
thing very general are detailed, specialized data?

Data Assets and Data Products
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Classification

The metadata of a data catalog may include metadata from the data sources them-
selves, as well as glossary terms added in the data catalog, but it also includes the clas-
sification of data. So, what does it mean to classify something?

Classification can mean several things, depending on whom you ask. For example,
you might hear the following dialogue between a CISO and a DPO:

CISO: “T have classified this data ... and it is highly confidential!”

DPO: “What do you mean? I classified this data months ago; it’s not sensitive at all”
CISO: “What? I completely disagree!”

DPO: “Huh? So do I!”

In fact, both the CISO and the DPO have correctly classified the data—it’s often the
case that data is classified as highly confidential and not sensitive at all, at the same
time. This is exactly because classification can mean different things. There are three
types of classification:

« Content
« Confidentiality

« Sensitivity

In your data catalog, you must enable all three types of classifications on each data,
and users must be able to combine them as they want. Remember: high levels of con-
fidentiality do not imply high levels of sensitivity, and vice versa.

Classification of content refers to what your data is. It’s the unique label of your data
that defines exactly what it is about. I advise you to build the content classification in
the data catalog based on the structure of your domains—and that you formalize this
in instructions to domain owners, so that the content classification is consistently
applied. For example, the following expresses the classification of content for an data
in the Hugin & Munin data catalog shown in Figure 2-6:

DA.DeA.RM.DT.Power BI

The logic of this expression is that all the capabilities as acronyms are shortened so
they are all distinguishable from each other, combined with the generic data source.
You can see the expression visually explained in Figure 2-14.
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Figure 2-11. Methodology for content classification

So, this data is within the Data Analytics (DA) domain, under Descriptive Analytics
(DeA), under Report Management (RM), within Demand Trends (DT), and uses
Power BI as the data source. As you will learn in Chapter 3, content classification is a
very powerful element to search your data catalog. You may find it cumbersome to
define content classification for each specific subdomain of data and make users
apply it, but these processes can be automated in data catalogs. And the payoff really
is remarkable.

Classification of confidentiality is how secret your data is. All your data have a level of
confidentiality. Your CISO is the defining authority of confidentiality, in close collab-
oration with the legal counsel. Confidentiality classifications originate from military,
police, and intelligence organizations. The North Atlantic Treaty Organization
(NATO) has the following confidentiality classifications:

o COSMIC TOP SECRET
o NATO SECRET

o NATO CONFIDENTIAL
o NATO RESTRICTED

Also, the label UNCLASSIFIED is added to open, public information in NATO. The
level of confidentiality is determined by the level of damage a breach of the data
would cause. The exposure of COSMIC TOP SECRET data from inside NATO will
cause exceptionally grave damage, NATO SECRET will cause serious damage, NATO
CONFIDENTIAL will cause damage to the interests of NATO, and finally NATO
RESTRICTED will be disadvantageous to NATO.

Although it’s generally good practice to err on the side of caution, the extreme can be
detrimental." If all data in your data catalog is TOP SECRET, then you end up with a

14 The most tragic example of that is the terror attacks in the United States on September 11, 2001. The Congres-
sional Research Service concluded in 2011 that the terror attacks could likely have been avoided if a less
restrictive confidentiality classification had been applied in various ways between the CIA and the FBI.
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cumbersome security structure, and you lose the point of the data catalog: to make
data discoverable, and therefore used in new contexts. You need to be realistic about
how confidential your data actually is. Think about it this way: if the data were to be
accidentally released, how much damage would it cause? A document containing an
SOP for cleaning a production facility is relatively harmless. A BI report containing
the production performance of the production facility would be less harmless, but
not life-threatening to the company. A drawing in DWG format of the production
facility in complete detail would be catastrophic in terms of industrial espionage, if it
were accidentally made public.

Classification of sensitivity is how personal your data is."® All your data have a level of
sensitivity. It is the DPO who ensures that the various regulations on personal identi-
fiable information (PII) are enforced in your company—as such, it is considered a
core part of data governance. If your company is operating on a global scale, these are
the levels of sensitivity you must choose between and assign to your data in the data
catalog:

» Nonpersonal data
o PII
— Personal data

— Sensitive personal data

PIT is a global term that merely distinguishes between data that is not personal and
data that is. Personal data simply means that the data in question can identify a per-
son. In the General Data Protection Regulation (GDPR), PII is further distinguished
between personal data and sensitive personal data. Personal data is private, but not
compromising; for example, name, address, and age. Personal sensitive data, on the
other hand, is compromising data, and includes, for example, membership of a
union, political party, ethnicity, and health data. Many data catalogs can automatically
detect if a data holds a value that is P11, so this classification can be automated.

Your data catalog has a big selling point. Normally, your CISO and
DPO will oppose solutions that let all employees see all data in the
company. But as data catalogs contain only metadata, not only will
the CISO and DPO be OK with this solution, they will support it,
because they get something they didn't have before. The CISO can
control confidentiality, and the DPO can control sensitivity on the
actual IT landscape and not just in policies.

15 The reality is that the personal information can be difficult to ascertain, as several nonpersonal data together
constitute personal information. See Sille Obelitz Sge et al., “What Is the ‘Personal’ in ‘Personal Information’?”
Ethics and Information Technology 23 (2021): 625-33.
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Summary

In this chapter we discussed how to organize data in a data catalog. Here are the key
takeaways of the chapter:

o Data Catalogs are being augmented by Al - you can significantly increase imple-
mentation success of data catalogs with AI features.

o Data sources in your data catalog are organized into domains. The information
scientific understanding of domains is the one used in this book, as it is less
software-centric and more conceptual than the one in domain-driven design.

o Above a generic value chain, the domain structure has three layers that consist of
processes or capabilities, data sources, and data.

« Each layer has metadata.

o At the data layer, there are three types of glossaries, namely folksonomies, taxon-
omies, and ontologies, and they all play an important role in describing your
data.

o Classification means several things, namely classification of content, confidential-
ity, and sensitivity. All three are combined freely, because all kinds of data can be,
e.g., highly confidential and not sensitive at all.

o The data catalog format is a structure that in itself summarizes the content of this
chapter, as it structures all metadata that is necessary to assign to an data in a data
catalog.

In the next chapter, we will talk about how you search for data in a data catalog.

Summary | 67






CHAPTER 3

Search For Data: Concepts, Features,
Mechanics

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the 3rd chapter of the final book.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at shunter@oreilly.com.

You now know how to organize data in your data catalog. Now, you’re ready to search
your data catalog. But why should you search a data catalog? What is it, exactly, you
are searching for in a data catalog? And how do you actually search? How powerful is
your search? How can you browse through data? And what role does AI play - how is
it transforming search? These are the questions I discuss in this chapter.

Here is some good news: Al has completely redefined how you search data catalogs,
and very positively so. Al makes searching for complicated topics very easy, and even
finding your way to the data catalog is getting easier. And finally, Al also makes it
possible to search your data catalog in connection with other precious data sources.

Here is some less good news: In this chapter you will have to pay attention to some
hard stuff - academic vocabulary, technical details, and complex mathematics. But!
There is a payoff: This chapter will empower you to master all aspects of the ultimate
feature behind implementing a data catalog: Search. So, sit tight and expect to get the
secret behind strategic influence in your enterprise.
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Accordingly, this chapter is divided into three sections:

o Concepts
o Features

o Mechanics

Let’s begin!

Concepts

In this section we cover:

o searching in vs searching for data
« information needs
o serendipity (and zemblanity)

e promptism

Searching in Data Versus Searching for Data

What do you search for in a data catalog? The one key thing that you need to under-
stand when working with a data catalog is that, when you search a data catalog, you
are searching for data, not in data. There’s a clear distinction between the two that will
drive how you interact with the data catalog.

So, what’s the difference between searching in data versus for data?

Searching in data is when we search in the actual data for something we want to
know. For example, we might ask: “How many people looked at our website last Sat-
urday night?” The answer to this is a value from access records: 1340 people looked at
our website last Saturday night.

Searching for data is when we search for the sources that contain the data we need.
For example, we might ask: “Where can we find data about traffic on our website?”
The answer will be a data location. We are not searching in the actual data, we are
searching for the sources that hold the data.

As you can see, searching in data and searching for data go hand in hand. Once we
find the data we are searching for, we can search in that data.

Searching in data is done with a database query language (DQL), illustrated in
Figure 3-1. A DQL enables you to write statements and query different database tech-
nologies in the database’s database management system (DBMS). The possibilities are
endless; you can combine as many types of data in as complex ways as you want,
since the DQLs are capable of performing intricate mathematical query statements on
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the data you're searching in. Quite logically, data science has emerged from this. Data
scientists search directly in data, using DQLs at an advanced level. Data science looks
for patterns, connections, and correlations in (very) large amounts of data.

Searching in data

Figure 3-1. Searching in data

The most popular DQL is Structured Query Language (SQL). It allows you to per-
form queries by writing SQL statements in a DBMS to a relational database. Basically,
you can “ask” anything if you master SQL well enough and your relational database
holds the relevant kind of data. So, for example, you could ask about customer behav-
ior at certain hours of the day, across a large geographical area, divided into many
specific locations. To do this, you would translate what you want to know into an SQL
statement, run it in the DBMS, and analyze the results. Further, the results you would
get could be turned into business intelligence (BI) dashboards with reports, telling
you and business leaders about interesting details on consumer behavior at certain
hours of the day across a large geographical area.
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In computer science and the data community in general, it is well-known what lan-
guages you can use when you search in data, but there is far less attention on the lan-
guages you use when you search for data.

Although there’s a ton of literature out there for how to use DQLs to search in data,
there’s actually not much out there in data management literature about how to
search for data. The Data Management Body of Knowledge (DAMA-DMBOK) men-
tions that:

Metadata repositories must have a front-end application that supports the search-and-
retrieval functionality required.!

And thats it. That’s the one(!) sentence on searching for data, in a data catalog,” in the
entire DAMA-DMBOK, the go-to literature for data management. No search func-
tionality is discussed, no techniques are displayed.

Instead of relying on only data management literature, we can broaden our horizons
and consider guidance from another area of study—library and information science
(LIS). LIS has thoroughly studied searching for data for ages.’

In LIS, you will find that there is a parallel dimension of query languages, next to
DQL. It's a dimension of query languages that is completely missing in data manage-
ment literature, as these languages have not been created by data managers and scien-
tists. These languages are known as information retrieval query languages (IRQLs).
IRQL has been developed by librarians, archivists, records managers, and most
importantly: not data scientists, but information scientists.

But what's the role of an IRQL? IRQL allows all kinds of searches, from very simple to
very complex searches. But that sounds just like DQLs, right? Youre correct: IRQL
does the same thing as DQL. The difference lies in what data layer the languages are
applied on: you use DQLSs to search in data, and you use IRQLSs to search for data.

To match DQL and IRQL with databases, LIS operates with two kinds of databases:

« Source databases that hold data

o Reference databases that hold metadata about data stored elsewhere

Chowdhury writes that the fundamental difference between the two kinds of data-
bases are that:

1 Mark Mosley et al. (eds.), DAMA-DMBOK: Data Management Body of Knowledge (Vancouver, WA: DAMA
International, 2010), p. 440.

2 Data catalogs are discussed together with other tools grouped as “metadata” repositories.

3 The most complete overview of studies in search is found in Jutta Haider and Olof Sundin, Invisible Search

and Online Search Engines: The Ubiquity of Search in Everyday Life (London: Routledge, 2019); see especially
chap. 2: “Perspectives on Search.”
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Reference databases lead the users to the source of information. ... Source databases
provide the answer with no need for the user to refer elsewhere.*

A reference database is a concept, not a specific technology. In Figure 3-2, a reference
database holding metadata is illustrated at the left. Once you have searched for data
and found it, in a data catalog, you are referred to the database in question, and you
can continue your search activities there, searching in data.

Searching for data Searchingin data

N i v Y

Metadata Data

o J e J

Figure 3-2. Searching for data versus searching in data

Traditionally, information science deals with three kinds of reference databases,
namely:

o Bibliographic databases. Lists of books on a given topic.
o Catalog databases. The collection of books of one or more libraries.

o Referral databases. Persons, companies, technologies, etc. on a given topic.

I would add a fourth reference database to this list:

4 G. G. Chowdhury, Introduction to Modern Information Retrieval (New York: Neal-Schuman Publishers, 2010),
p-17.
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The data catalog. The collection of data in an enterprise.

So there you have it. The data catalog is a reference database. To search it, you can’t
use DQL, because you are not searching in data. Instead, you can use IRQL, the query
languages in scope for reference databases that allow you to search for and locate the
data so you can use it.

Furthermore, searching for data and searching in data can be defined as a spectrum
of search, as seen in Figure 3-3. This spectrum goes from very simple searches to
search procedures that are very difficult to conduct.

Searching for data Searchingindata
Easy < /\A/_\ /\M » Difficult
Simple search Complexsearch Search and manipulate
Natural language Information retrieval Database query language
query language

The spectrum of search
The Spectrum of Search still holds true, but AI has changed search for the better, as
you can see in Figure 3-3.

Searching for data Searching in data
Easy « /\/\__,,_\ ¥ Difficult
Simple search Complex search Search and manipulate Human search

Natural language

Information retrieval
query language

Database query language

Conversational
search
Complex search
queries expressed in
natural language

Conversational
analytics

Natural language
translated into SQL

Human search
augmented by AI

and back again into
natural language

Figure 3-3. The Spectrum of Search augmented by Al

What has changed?

First and foremost, thanks to A, you are now - to a certain extent - capable of search-
ing for complex data topics in natural language, that will automatically translate into
an IRQL search string behind the scenes. You will not see it, and you no longer need
to write it. But, it can be helpful to know what is going on. Search semantics is less
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explicit, but it still plays a role for finding the data you are searching for. We will
cover this in Chapter 4.

Secondly, you are also able to continue your search in data, in natural language. Al
Analysts are capable of searching in data, by translating your natural language ques-
tions into SQL statements and, once you have let the AI analyst search in the data,
then, the findings can be translated back into natural language, human readable find-
ings and even dashboards. We will discuss this in depth in Part 2 of the book.

Information Needs: Search Like Librarians—Not Like Data Scientists
Let’s look a bit more into what searching for data is all about.

Data scientists excel at analyzing data—from small to massive datasets, they have the
tools and mindset to search in the data to extract the findings they need. That’s their
superpower. Searching for the data for them to work on, however, can be a real chal-
lenge because the skills that make them very good at searching in data don’t necessar-
ily apply to searching for data. But, as you just learned, there’s a significant difference
between searching for data versus searching in data.

Librarians, on the other hand, are very good at locating all kinds of material under
the sun— books, periodicals, papers, everything! If you ask for it, they could probably
search for it and find it. And their superpowers also include searching for data and
knowing what data you need.

Unlike data science, which has gained importance only in the last decades, library
and information science (LIS) has existed for hundreds of years, with as many years
perfecting the art of organizing knowledge and searching for it.

To search as a librarian means, first and foremost, being good at assessing an infor-
mation need, because the information need determines how you search for data.
Information need was coined as a term in 1962 by Robert S. Taylor as the way we ask
questions to reference databases.®

Your information need can be big or small. Ask yourself whether you are searching
for:

o Everything

+ A few good things

o The sole right thing

5 Robert S. Taylor, “The Process of Asking Questions,” American Documentation 13, no. 4 (October 1962): 391-
96.
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o A thing you need again®

Your information need determines how you search for data, as needs express differ-
ent sizes and intentions.

Everything entails complex search—and youre aiming for high recall at the expense
of precision. But you can do this in many different ways, as you will see later in this
chapter.

A few good things is an information need that is not that clear cut. You can be search-
ing for either relatively high recall or relatively high precision, but not both.

The sole right thing, as the name alludes, aims at finding just one asset, or one pre-
cisely defined set of assets. Therefore, these searches strive for precision.

Finally, a thing you need again relies on assets that you already know. It also strives for
precision, but it’s less difficult to search for than the sole right thing.

What you need to keep in mind is that searching for data in metadata repositories like
a data catalog can be a long process (just as Taylor already pointed out in 1962). So
don’t get impatient. We are used to being able to google everything, but that’s simple
search playing tricks on you. Searching for data is not always like that; it can take
many steps before you find what you are searching for, and that's OK. You may need
to make adjustments to searches, both of the translations of what is intended with a
search into how the specific IRQL of the system works and, from that point on, what
terms are included, which of those are subsequently excluded or modified, and so on,
in a multiple-step long search for the most relevant and valuable hits. This means that
search is not just a matter of translating one information need into one search. The
process is way more subtle, and it takes experience.

Searching for data is like driving a car. Sometimes, you're just out for a short ride to
pick up stuff. Occasionally, youre on a long, tiresome road on a straight line. Once in
a while, you cross mountains with endless sharp corners, the feeling of vertigo, up
and down, until you reach the destination. Or it happens that you go one place only
to discover that you need to go to a second place, then a third place, before you can
return home with the things you were out to get. Sometimes you find yourself in
areas with no rules, sometimes the traffic is overwhelming, sometimes the roads are
old and full of holes. And sometimes, you just go as fast as you possibly can because
it’s fun.

Librarians combine all sorts of methods and techniques when they search—you
should, too. The next chapter will go over some of the most commonly applied search

6 Information needs can be grouped differently; this grouping is from Louis Rosenfeld et al., Information Archi-
tecture: For the Web and Beyond (Sebastopol, CA: O’Reilly, 2015), p. 45.
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patterns. Although they each can work fine in isolation, they work best when com-
bined.

Serendipity

Serendipity is when you find good stuff you weren't looking for. If you have ever won-
dered what Google’s “I'm Feeling Lucky” button is all about: it’s serendipity. Go to
Google. Type in a search term and then click the “I'm Feeling Lucky” button. It'll
automatically take you to one of the top search results for that term. It might be
exactly what you're looking for, but it might not. It might lead you down a different
path to get to an answer other than the one you expected. You might even discover
new things along the way. That’s serendipity.

Compared to just browsing search results, serendipity is something
that can be built into the ranking mechanism. At its best, serendip-
ity distracts the user with what they weren’t searching for, but what
they would be interested in anyway.

Data catalogs, too, should offer serendipity. Here, serendipity is finding potentially
interesting assets in unplanned ways. Serendipity is a key enabler for the high usage
of your data catalog: users will be naturally drawn to the data catalog if they know
they will discover surprising and useful assets when they search in it. Think of seren-
dipity as a magnetic force: the stronger it is, the more it pulls users into the data cata-
log and the more value it generates.

Serendipity consists of four elements: insight, experience, luck, and coincidence. You
simply need to maximize each to maximize serendipity, so expressed as a simple for-
mula, it look like this:

Serendipity: insight + experience + luck + coincidence’

The more your data catalog takes into account these four elements, the higher the ser-
endipity. The data sources and how their assets are described and tagged must reflect
the insight of your users, in the sense of what the users know, to appeal to them. Also,
the experience of your users must be put in play: in this case, the users may not neces-
sarily have great insight about an asset but simply know by experience that it exists—
and so being exposed to that creates curiosity. A user—say from HR—may discover

7 The “formula” for serendipity has been put forward as a conceptual way to understand the elements that con-
stitute serendipity in the Danish science forum Videnskab.dk (website in Danish). For further reading on ser-
endipity, see Robert K. Merton and Elinor Barber, The Travels and Adventures of Serendipity: A Study in
Sociological Semantics and the Sociology of Science (Princeton, NJ: Princeton University Press, 2004).
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an asset that describes some experiments from the R&D department that the user has
heard of, and confronted with that asset, the user could be tempted to take a closer
look at it. So, experience means that search results should also take into account not
only what people know due to their field of expertise, but the haphazard experience
they gather by being surrounded by other coworkers in a given context.

Finally, the search mechanisms inside the data catalog must take into account luck
and coincidence—luck is not the same as coincidence! Luck is, for example, when a
query that the user is not sure will work happens to return useful assets. Coincidence
is when the user discovers something that was out of scope of what the user was
searching for. You could argue that serendipity is simply coincidence, but it’s not; the
other elements—insight, experience, and luck—play a role in increasing serendipity
to its maximum performance.

You can encourage the likelihood of serendipity by fine-tuning glossaries and
descriptions of assets. You can further improve it by using certain mechanisms, such
as having the data catalog remember your search history—that would result in a
mechanism providing more search results of potential relevance to you.

Serendipity has an evil twin: zemblanity. Its when you find bad

stuff you absolutely weren’t looking for. Social media is full of zem-

] blanity, of evil, unnecessary comments about—and actions against

\ —other people. Your data catalog will not suffer substantially from
zemblanity, as it is a professional tool and people accordingly keep
a friendly tone—most of the time. But it can occur, since a data cat-
alog is a collaborative platform that normally offers debate about
the quality and potential use of assets. Zemblanity in a data catalog
is when you would, for example, stumble upon a vicious, unjust
comment about yourself or a close colleague, say in a case where
your asset descriptions were misinterpreted to suggest that your
work was poor or even amateurish. Watch out for zemblanity—
keep it out of your data catalog at all costs!

Promptism

With the introduction of Large Language Models (LLMs), as enablers of conversa-
tional search, a new reality has introduced itself to us. As mentioned in the opening
of this book: it’s a new day for search.

AT visionary and technology entrepreneur Yann LeCun stated that in our era, our
eyes have to unlearn to examine what looks like human expressions as human expres-
sions. Instead, what they are seeing is something else, created by machines. With
LeCun, I suggest that we think of this in terms of what is to come. We are the last
humans with eyes like this. We are the last humans to remember this reality. Future
generations will not understand us, but it is our responsibility to carry the legacy of
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what our reality felt like, to future generations. We have to tell them that we trusted
our eyes in a way that is now forever gone.

I am including Sune Selbeek-Reitz’ concept promptism here, alongside well estab-
lished scientific concepts such as information need and serendipity. Why? Because
promptism encapsulates the essence of the medium of our time, the replacement of
search engines with the conversational machines, some call answer engines. We have
to understand that the conversation that is now stimulating our intellectual curiosity
with words from the web, is in fact not a conversation. It is something else, created by
machines.

The definition of promptism is:

The uncritical belief that a well-phrased question to an AI will yield a reliable, objective
answer; the habit of treating machine-generated responses as truth without examining
their source, context, or intention. Often rooted in a misplaced trust in data neutrality
and algorithmic authority. The quiet collapse of interpretation into convenience.?

Accordingly, a new paradigm of search must take the reality that the concept of
promptism addresses, seriously. Just like in the case of zemblanity, the negative conse-
quences of our technological reality of conversational search are less explicit in an
enterprise setting than on the open web. We may however still expect that conversa-
tional search is not pointing us towards truth, but the feeling of truth.

Accordingly, searching conversationally is a craft that goes beyond collecting good
prompts. It's understanding the technology we are using, to not point us towards a
feeling of truth, but the data we are searching for. Examples of this will follow in
Chapter 4.

Features: Search Features in a Data Catalog

At this point, let’s explore how these underlying concepts shape the specific search
features in a data catalog.

Basically, you can search a data catalog by simple search, browse, glossary, and
advanced search, typically expressed conversationally. All vendors will have these fea-
tures, but they look slightly different in all data catalogs. Figure 3-5 shows the Hugin
& Munin data catalog’s search features. By typing directly in the search bar, you per-
form a simple search; by clicking the Advanced button, you get the option to do an
advanced search; click the magnifying glass and you can browse; and finally, if you
click the pile of books icon, you search only the glossaries.

8 Sune Selbaek-Reitz: Promptism - Fluent Machines, Forgotten Questions, and the Fight for Meaning in the Age of
AI (Sedona, Arizona: Technics Publications, 2026), p. 4
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Remember that this is the UI of the data catalog in Hugin &
Munin. Your data catalog’s UI will look a little different, but the
search features will be there.
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Figure 3-4. Typical Search Features in a data catalog

Now that you know what you can search for in a data catalog and why, its time to
discuss how to actually do the search. Before we jump in, just a quick word about
search. When you search, you need to be mindful of Syntax and Semantics.

Syntax is the specific meaning of an element in your search. When you search, you
need to know the exact way to express a value. Be it the spelling of a glossary term,
the precise format of, e.g., the serial numbers of your company product, or whatever,
you have to apply correct syntax; if not, your search simply won’'t work.

Semantics is the overall meaning of your query statement. Does what you have writ-
ten actually search for what you want to find? Are you lacking elements—could some
be left out or do they negatively impact the search? Have you mixed up the logic of
your search somehow with your operators? If you do not have correct semantics,
your search will still run, but the result will be wrong. Your search hits won't be what
you are actually looking for.

Keep in mind also that search can only be performed on what is in
the data catalog. If data sources are poorly tagged with glossary
terms, have no people associated with them, and so on, then the
searches performed may be of good quality but will not provide
useful search hits. How you organize data defines how you can
search it.
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In this section, we will go through simple search, browse, complex/advanced search,
and thanks to Al; conversational search. Let’s look at them one at a time, starting with
the one that is the easiest to use.

Simple Search

The first thing you need to know about simple search is that it really is simple: all you
need to do is type a word or two in the search bar in order to get results. For example,
you can search for data analytics in the Hugin & Munin data catalog, shown in
Figure 3-6, and then you can expect to get a list of good hits with the most precise
one on top. Just like that—simple!

The second thing you need to know about simple search is that it is not simple. The
reason why it is not simple is because the algorithm performing the search is doing
calculations behind the scenes. In Figure 3-6, the data catalog has autocompleted the
word that is being typed, and even proposes several alternatives. We will discuss this

further.
HUGIN & MUNIN
SUSTAINABLE ARCHITECTURE INC,
%

Figure 3-5. Simple search for data analytics

Once the search is launched, another set of calculations takes place: namely, what hits
will be returned and in what order they will appear in the search result. Again, this is
in no way a simple procedure, but a result of the data catalog matching several prop-
erties of the query with the crawled IT landscape, along with exactly who you are (the
data catalog remembers you).

In the following, you will see examples of search that may appear a

bit archaic. That's because Al is changing our search habits fast,

] and we are all unlearning the ability to use search operators and

\ formulaic logic, when we search. And - that is only a good thing!
However, you cannot yet fully count on Al to do the work for you,
yet, so you need a bit of introduction to ways of searching for data
that will most likely disappear in the decades to come.
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In simple search, you can also perform queries of slightly higher complexity, adding
more values by combining them with operators. You can, for example, search for sen-
sitive assets in an HR domain (defined as capability in this case), writing the follow-
ing query, also shown in Figure 3-7:

Capability: HR AND ClassificationOfSensitivity: Sensitive

Also, data catalogs can have a special feature that enables simple search only in the
glossaries. It's accessed by the pile of books icon on the right side of the search bar.
This search feature works just like simple search, except it only searches for glossary

terms.

HUGIN & MUNIN

SUSTAIMABLE ARCHITECTURE TIHC.
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Figure 3-6. Searching for sensitive data from HR

Now, let’s look at how simple search actually works.

Simple search is programmed to help you behind the scenes. To work at maximum
capacity, simple search is powered by a wide range of mathematical procedures. You
will never discover how these procedures work as an end user, as it will be part of the
intellectual property of the data catalog provider. Nevertheless, you would immedi-
ately discover the absence of those mathematical procedures. Without the things
going on behind the scenes, simple search would give you nothing but a big mess of
meaningless noise, with completely irrelevant search results regardless of what you
were searching for. Many of your attempts to do simple search wouldn’t even result in
hits if you, for example, misspelled a glossary term or couldn’t remember an old
project name and guessed wrong—even if you came close.

A well-programmed simple search will subtly help you by correcting your queries,
suggesting other queries, and even remembering your search habits. Some of the
technology features that do this are:

o Autocomplete
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o String matching
o Synonym ring
o Thesaurus

« Ontology

o Search behavior

Although these features work behind the scenes, you need to know them, because you
can influence them and thereby improve your simple search.

Autocomplete is a live suggestion for endings of words as you type them, just like you
see in Figure 3-6. It draws on the glossaries in the data catalog. So the more you
enrich your glossaries and the more you search, the better predictions you get. It can
also be enriched with natural language processing and machine learning.

String matching (also referred to as fuzzy logic) searches for all the values that come
closest to the search that is being performed. String matching not only deals with
misspellings, it can also take into account the many alternative versions of acknowl-
edged ways of writing, for example, names (e.g., Dostoevsky/Dostoievsky), as well as
conventions for digits (e.g., different ways of writing dates, such as 20-05-2022 and
May 20th 2022) and acronyms (e.g., NATO/OTAN) and similar.

Synonym ring refers to a group of data elements that are considered semantically
equivalent for the purposes of information retrieval. You might have seen this when
shopping online and the website suggests other products that might interest you. A
ring of synonyms can also be relevant in a data catalog. It could be in cases where
projects are renamed or when they are reignited or refocused. In global companies
with product names that vary between sales regions, such as is the case in pharma, a
synonym ring will also be very useful in a data catalog simple search, just like product
alternatives on the open web.

Thesaurus is the broadening of synonym rings to the global glossary, as discussed in
Chapter 2. It’s the entire cluster of glossary terms surrounding the value you searched
for, which will affect the selection and ranking of hits in your search result.

Ontology: if your data catalog is based on a knowledge graph, then nodes close to the
node you are searching for would be ranked high in the search result, also.

The better you build your thesaurus, and the more you use it to
organize your data, the better a simple search feature you get.
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Search behavior is when the data catalog simple search remembers your search habits
(what you searched, what you ultimately selected) and those results influence your
later search results. In the best data catalogs, your search behavior is taken into
account by the algorithm performing the search when your search results are selected
and ranked.

Another way to search the data catalog for the information you need is by browsing.

Browsing

We've all browsed through shelves with books, collections of old-school vinyls, or
through massive amounts of pictures in Instagram. You don’t really know when to
stop, and you might not be entirely sure what you are searching for. Browsing is when
youre scanning through content without meticulously looking at all the details of
each element in that flow.

For the sake of simplicity, more than technical overengineering, I suggest you think of
browsing in three dimensions:

o Vertical
o Horizontal

o Graphical

In the data catalog in Hugin & Munin, you browse by clicking the magnifying glass.
Under the magnifying glass, your domain opens downward in the vertical structure
of domains, in more and more specific subdomains. You can always browse up again,
and then down again. Below the most specific subdomains are your data sources and
finally your assets (see Figure 3-8), from Financing, to Customer Management, where
you can find data sources with data assets.
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Figure 3-7. Browsing vertically in domains

From this point on, you can browse sideways - horizontal - in data lineage. This ena-
bles you to see how your data has traveled from the source upstream, and how it con-
tinues further downstream, as depicted in Figure 3-9.
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Figure 3-8. Browsing horizontally in data lineage
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There are at least 14 different ways to approach data lineage,” and you should not
expect all those to be present in one solution—not even close. More, you should
approach data lineage as a mindset - a mindset you decide what should depict."® As
you will see in Chapters 4 and 6, data lineage is a very useful feature for both gover-
nance and analytics stakeholders.

You can also browse graphically. By doing that, you move associatively from your
asset toward other assets that hold data related to some of the data in the asset that
was your point of departure. You can see this illustrated in Figure 3-10.
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Figure 3-9. Browsing graphically - via a knowledge graph

Knowledge graphs power search engines on the web, but knowledge graphs also go
back several decades as technology."! The reason why it is so powerful is that it allows
you to relate all your assets as you want and search for them as you please.'> The latter

9 Bonnie K. O’Neil and Lowell Fryman, The Data Catalog: Sherlock Holmes Data Sleuthing for Analytics (Bask-
ing Ridge, NJ: Technics Publications, 2020), 196-97. Albeit in my view, of these 14, some must be regarded as
semantic relations or knowledge graph relations.

10 A very useful guidance on data lineage is found in; Irina Steenbeek: Data Lineage from a Business Perspective
(Data Crossroads, 2021), p. 77-81

11 Claudio Gutierrez and Juan E. Sequeda, “Knowledge Graphs”, Communications of the ACM 64, no. 3 (March
2021): 96-104.

12 Mark Needham and Amy E. Hodler, Graph Algorithms: Practical Examples in Apache Spark and Neo4j (Sebas-
topol, CA: O'Reilly, 2019).
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is the most desirable for your company, as it best captures the vastness of data and the
connections between it.

If you have organized your data perfectly vertically, horizontally, and relationally, you
have the possibility to browse that organization again in all three directions. You can
browse your data landscape horizontally in domains and subdomains. At any given
point, you can continue browsing vertically, following the lineage of a given asset in a
domain upstream or downstream, outside of the domain where the asset is placed.
Or, if you want, you can continue to browse relationally, in elements that are associa-
tively connected to your asset.

As you can see, if you organize your data to the most complete level in the data cata-
log, what you get is an easy, seamless flow in your browsing experience across all the
data in all directions in your entire IT landscape.

Browse search puts you in a position of perfect discovery for things
you were not necessarily looking for but which could be very useful
now that you know that they exist... Serendipity!

And now, we will look at the kinds of search that require the most from your end
users’ side but will deliver fantastic results if they master it.

Complex Search

The first thing you need to know about complex search is that it really is complex. To
truly master complex search, you must be cautious about two elements:

 You must carefully use the correct syntax in the query language—if you misspell
your operators or values, then your query won’t run; and

 Even more difficult, you must be very aware of the semantics in your search. Are
the assets in your statement actually the ones you are looking for? Did you
reverse the logic of the Boolean operators? Was your grouping of values correct?
You need to be sure of that.

That said, don’t be afraid to fire off wrong queries; just pay attention to what happens,
analyze the result, and eventually adjust and search again. Unlike when searching in
data, searching for data with wrong, heavy queries has no computational cost.

The second thing you need to know is that complex search is in fact very simple. Not
for the user, but for the data catalog as software. It is easy to deliver a complex search
capability from the data catalog provider’s side—a substantially smaller part of the
technologies behind simple search are necessary to perform complex search.
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There is a yin-yang relationship between simplicity and complexity
in search, a complexity of simplicity and simplicity of complexity.
Simple search may appear very easy to you, but it takes computa-
tional efforts. Complex search may, on the other hand, appear
complex to you, but that is because there has been only a little com-
putational effort.

Figure 3-10 shows a complex search. The search combines one or more asset stew-
ards with one or more generic data sources and with one or more glossary terms
from taxonomies. Finally, pay close attention to the use of the asterisk (*), which

allows multiple endings.

HUGIN & MUNIN

SUSTAIMNABLE ARCHITECTURE INC.
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DataSteward: (Kris* OR Handan* DR Peter*) AND DataSource: {PowerBI OR Qlik Sense OR Jaspersoft] AND Business Glessary
Tern: (U5 Sales OR Sales OR US OR Sales in the US OR Sales and Marketing OR wvending OR dealing OR trading)

Figure 3-10. Complex search for BI reports by employees in a sales region.

You may ask yourself: “If complex search is so hard for me as an end user, compared
to simple search, why should I do it at all? Why not just stick to simple search?” It’s
because sometimes simple search simply doesn’'t give you the answers you want, in
relation to what you are searching for. We will discuss this more in Chapter 4.

With complex search, what you see is what you get. There is nothing going on behind
the scenes, as in simple search, or as you will see in a minute, in conversational
search, . You have to write the entire search query, and you have to get syntax and
semantics right. Accordingly, building complex search relies on technologies at a very
low level of complexity. The data catalog has to understand and execute the operators
on the values you apply in the search—thats it.

Complex search will typically yield a long list of hits, and you will need to peruse the
results and assess if any of them fit your needs. You shouldn’t skim through the
results and focus on just the ones that happen to catch your eye, because you might
miss something; that is browsing. Instead, you will be perusing the search results.
Perusing is to read something in a thorough or careful way. In the most intense hunts
after data in complex search, you will be perusing the search results returned.
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Do you find complex search to... complex? Fear not. This is finally changing. AI is
transforming how we search - also in a data catalog. Welcome to a new era, where the
way you search mirrors how you speak.

Conversational Search

As mentioned in the preface, Microsoft CEO Satya Nadella, when announcing the
partnership with Open Al said:

“It’s a new day for search”

He was referring to the end of the search engine era, as conversational search was tak-
ing over, thanks to generative AI, powered by Large Language Models. But - what
happened was not a replacement: Conversational search is not a faster way to per-
form what the search engine does. Conversational search changed the very nature of
search. Complex topics - that were unthinkable to phrase in the keyword language of
the search engine - were finally made possible.

Instead of search engines being completely superseded,” conversational search is
simply of a different nature - another dimension of search, where deep context of a
complex topic is finally able to be expressed by end users not knowing the given
IRQL of the technology they have at their disposal.

Consider the complex search in Figure 3-12, performed in advanced mode with exact
syntax, logically structured query semantics and wisely placed operators to cater for
alternative spelling of names.... It’s not an easy job. And, we have now entered an era,
where this is beginning to not be necessary anymore.End users can ask these complex
questions in natural language, and enter a conversation. That is the new day for
search, and it is depicted in Figure 3-11.

13 see e.g. the conclusion in: Tafesse, Wondwesen, and Yoseph Mamo. 2026. “A Comparison of Conversational
Chatbots and the Internet for Consumer Information Search” Behaviour & Information Technology 45 (2):
314-31. doi:10.1080/0144929X.2025.2517215.
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Figure 3-11. Conversational search, complex search made easy.

Remember. The current Al era is in its infancy. There is a long way
to go, don’t expect this capability to have fully replaced complex
- search in your data catalog.

Now, let’s look at the mechanics at play when we search.

Mechanics: The Mathematics Behind Search

By now, you know why you search in a data catalog, you know what you are searching
for, and you know how to do it. The final section in this chapter is devoted to the
mechanics of search. As you are about to discover, the mechanics of search will help
you understand when to apply which kind of search for data. You need to take into
account the mechanics of search when you are assessing what your information need
is and how you should formulate or perform a search to meet that need. In this sec-

tion we cover:

o Recall and precision

o Zipf’s law
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Recall and Precision

Imagine that you discover a red area on the upper side of your left hand. It itches, and
the skin in that area looks dry. You book an appointment with your doctor. Once you
are face-to-face with your doctor, you ask her: “Is this eczema?”

We all intuitively think that two things can happen from this moment on. The doctor
can say either “yes” or “no.” But in fact, four things can happen because, besides diag-
nosing correctly, the doctor may diagnose wrongly. The doctor can say “yes” but be
wrong, or say “no” and be wrong.

Being diagnosed with a medical condition is referred to as being positive. Diagnosed
as not having the medical condition is called being negative. And accordingly, getting
positively diagnosed without having the medical condition is called false positive.
Likewise, if you have the medical condition but are diagnosed as negative, you are a
false negative.

Not only is this true in medicine when diagnosing patients, it’s also true when calcu-
lating the effectiveness of search in data catalogs. Here’s how.

In Figure 3-11 you can see what is called a confusion matrix. In it, you can see that
the confusion matrix groups true positives and false negatives as all the actual posi-
tives. And it groups the false positives and true negatives as all the actual negatives.
Further, just like patients in the case of medicine, you can see that, despite how you
search in a data catalog, you will have true positives, hits that are relevant, and false
positives, hits that are not relevant. There will also be a series of hits that are not found
in your search, even though they are relevant; these are the false negatives. And there
will be a remaining group of hits you did not get that are true negatives—those are the
hits that are correctly not part of your search result.
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Figure 3-12. Confusion matrix with search results and relevant hits

Recall and precision are the most fundamental mechanics of search. No search you
will ever conduct escapes the confusion matrix: some hits will be retrieved without
being relevant, and some will not be retrieved, even though they were relevant.

The confusion matrix is used to represent many mathematical formulas that go deep
into the inner workings of classification—including for search in a data catalog. You
do not need to know all the formulas at play in the data catalog that are based on the
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confusion matrix."* But you do need to know about recall and precision, because you
must take them into account when you search.

Recall is calculated by dividing the number of true positives (fp) by the sum of the
number of true positives (fp) and the number of false negatives (fn). Metrics must be
put in place to calculate recall or make an approximate assessment of recall.

Recall =tp / tp + fn

Recall measures how many relevant hits you retrieve in your search—in relation to
the total number of relevant hits in your data catalog. The complex search function
ranks recall highest, as you typically want all results of even just potential relevance to
what you are looking for when you formulate long, complex queries in your data cat-
alog. Basically, you are looking for assets of just the slightest relevance in your entire
data catalog when you are maximizing recall.

Recall is often difficult to calculate because you have only approximate ideas about
how many false negatives are actually in your data catalog. Therefore, if you believe
that your search results are not providing enough recall, assess a relative number of
false negatives and do the calculation. Either you work on improving the ratio to
around 0.75 (see Chapter 4, “Flexible Simple Search,” on how) or, as an alternative,
browse the catalog to evaluate if your assessment is correct.

Precision is calculated by dividing the number of true positives (tp) by the sum of the
number of true positives (p) and the number of false positives (fp).

Precision =tp / tp + fp

Precision is always easy to calculate, because you only evaluate the search result and
not what you have not found. It’s therefore also fair to strive for very high precision
and aim for 0.9. It’s also easy to improve, because you can modify search and easily
measure if your precision improves.

The simple search function ranks precision highest, as you typically want just a few,
exact hits, which helps you in what you are doing right now. Contrary to recall, you
cannot expect to find everything of potential relevance when maximizing precision.
Pertinent information in your data catalog is left out when you strive for precision,

14 But a mathematical understanding of these laws can lead to improved search features both in your data cata-
log and beyond; see G. G. Chowdhury, Introduction to Modern Information Retrieval (New York: Neal-
Schuman Publishers, 2010), chap. 9. and H. Nelson, Essential Math for AI (Sebastopol, CA: O’Reilly, 2023), p.
109-111
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and that’s OK—you are not looking for each and every potentially relevant search hit
in the catalog, just for whatever gets you going with what you want to do.

You need to know recall and precision because you cannot search in a way that maxi-
mizes both at the same time. So if you strive for precision in your search, be aware
that you will not receive a search result that caters to recall. And vice versa, if you are
searching for every potential asset of relevance, you will not get a search result with
very high precision.

In “Simple search’, I described mechanisms that improve simple search. These mech-
anisms are all mathematical calculations taking place behind the scenes to make sim-
ple search powerful and easy for the end user. Basically, all these mechanisms serve
the purpose of precision.

When you're aiming for precision, don’t expect recall, and don't try
to obtain it. Precision results in one—or a few—relevant search
hits, not a big set of potentially relevant search hits.

In “Complex search”, I described mechanisms that improve complex search. These
mechanisms are not taking place behind the scenes but are performed by the end
user, either as a query language or as point-and-click options, combined with drag-
and-drop tools to formulate complex queries. Basically, these mechanisms serve the
purpose of recall.

When you are doing complex searches, youre aiming for recall.
Don’t expect precision, and don’t try to obtain it. Take a look at
Figure 4-5. It's a long statement. It results in many, many hits, of
which a lot may be relevant. That’s recall.

In Chapter 2, T discussed exhaustivity and specificity. Think of nicely curated assets,
with many glossary terms assigned to them from exhaustive glossaries, so that the
asset has a high degree of specificity. Now, think of this in relation to recall and preci-
sion. Searching for those nicely curated assets is possible by using a high level of
exhaustivity in glossaries, which increases recall and decreases precision.

Zipf's Law

There is an inevitable problem built into the type of data catalog that crawls: the more
you crawl, the more your crawled metadata loses its meaning; it might be depicting
your assets correctly, but only in ways that group more and more different assets with
the same kinds of metadata, even though the assets have little or nothing in common.
Imagine tables in many different data sources that all have a column called Efficiency,
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Result, or Score. There is nothing wrong with these column names; they depict the
values in them. However, the columns in the different tables in the different data
sources have absolutely no relation to each other. But, when crawled by the data cata-
log, they are all part of the search result if you search for, e.g., Result, even though
they do not have anything in common. The more data sources you crawl, the more
this will happen.

The problem is rooted in Zipf’s law—you need to know it, to avoid it.

Zipf’s law is named after George Kingsley Zipf (1902-1950)." The law states that the
frequency, f, of words are, more or less, inversely proportional to their rank, r.

Frequency(f)oc 1/ rank(r)

For example, the most common word in English is “the,” and it occurs once for every
10 words in a typical text. The second most common word is “of,” and it occurs once
for every 20 words in a typical text—and so it goes. The bigger the body of text, the
more accurate Zipf’s law is. Zipf argued that two opposing forces compete in our lan-
guage: unification (general words with many meanings) and diversification (specific
words with precise meanings).

Zipf’s law is also at play in search.' .!° Here, it has been demonstrated that Zipf’s uni-
fication equals description, meaning a complete description of an asset. And diversifi-
cation equals discrimination, the ability to distinguish assets from each other.

The problem is that more and more data is pulled or pushed into the data catalog
from table and column names, folders and files. And Zipf’s law just gets more and
more true the more times the data catalog does this: the number of names that strive
toward description, and not diversification, will increase as the number of data sour-
ces increases in the data catalog. The same words will inevitably have more and more
meanings. And then suddenly you are in a situation where, say, hundreds of tables
hold data about Efficiency, Result, or Score. And that may be true; these tables are cor-
rectly described with the crawled metadata. But they are not discriminated: you can-
not tell one from the other—you don’t know which is relevant in what context.

This is where glossary terms come into the picture. To counteract Zipf’s law, you sim-
ply need to tag your assets with glossary terms to make your assets stand out and be
distinguishable from other assets that hold the same kind of crawled metadata even

15 Although he didn’t really invent it and it isn’t really a law. See Erez Aiden and Jean-Baptiste Michel, Unchar-
ted: Big Data as a Lens on Human Culture (New York: Riverhead Books, 2013), 249, Zipf’s law.

16 David C. Blair, “The Challenge of Commercial Document Retrieval, Part I”, Information Processing ¢ Manage-
ment 38, no. 2 (March 2002): 273-91.
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though they stem from different parts of the business and are really about different
things.

For example, the above-mentioned tables about Score could be tagged with terms
such as “wood durability,” “customer satisfaction,” or “employee performance” so that
they become distinguishable from one another.

Summary

In this chapter you have become familiar with search - with its concepts, features, and
Mechanics.You need these for understanding the elements at play when searching a
data catalog:

o Concepts

— Searching for versus searching in data. Searching for data takes place before
searching in it. It is really about finding the data sources that you want to use,
outside of the reference tool that you are using, in our case a data catalog.
When the datasource is found, you can search in data.

— Information needs. Not every need for information is the same, sometimes you
are searching for a broad context, asking for many search results, and some-
times not. The information need impacts how you search for data.

— Serendipity. Serendipity is the surprising opportunity to find useful data you
weren't looking for.

— Promptism. The concept that describes blind faith in conversational search,
instead of healthy skepticism.

— When searching for data, you need to apply the mindset of a librarian, not a
data scientist. Searching for data is a discipline that relies on search mechan-
ics, but it also takes experience and understanding your company’s data and
language.

o Features

— Simple search is simple for you, but complex behind the scenes. It provides
search results based on how you have previously searched. It also corrects
your queries and makes suggestions.

— Browse search can be vertical, horizontal, and relational. Vertical browsing is
based on domains. Horizontal browsing is based on data lineage and displays
how data travels across systems. Relational browsing is based on knowledge
graph technology and maps how data is conceptually connected.

— Complex search is complex for you but simple behind the scenes. It requires
you to master an IRQL and apply it when you search. You need to take into
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account syntax and semantics of your searches, so that your hits reflect what
you are actually looking for.

— Al powered conversational search is everything complex search is not: it is
easy for the end user to build long conversations that covers multiple topics
intrinsically connected to each other,

o Mechanics
— The mechanics of search describe the most basic mathematics behind search:

— Recall and precision enable you to measure how well your complex and sim-
ple searches work.

— Zipf’s law explains why you can't rely on crawled metadata. The more you
crawl, the more your crawled metadata loses meaning.

Next up will be an aha moment: in the following chapter, you'll see search applied for
the data in your company.
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CHAPTER 4
Search For Data Patterns

A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and
unedited content as they write—so you can take advantage of these technologies long
before the official release of these titles.

This will be the 4th chapter of the final book.

If youd like to be actively involved in reviewing and commenting on this draft, please
reach out to the editor at shunter@oreilly.com.

Have you ever noticed that how you search depends on what you're searching for? In
this section, I will discuss typical patterns of searching for data. You will see how
recall, precision, serendipity, exhaustivity, specificity, promptism, and other concepts
are at play when you search.

Have you noticed that you are being addressed as a reader - as a
human? Remember that in this chapter, I address you, as a human,
and how you search. AI Agents search for data, too. I describe how
they search, and will search, in Part II of the book.

Search Pattern Overview

All the search patterns are listed in Table 4-1, with a search name, search type, a short
description, and the search’s relative level of precision and recall. Note that precision
and recall are not applicable to browsing, and that the search types soften the distinc-
tion between simple search, complex search and conversational search.
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For clarity and consistency, I have kept all the search patterns from
the first edition. Therefore, as you will see below, certain patterns
seem dated or unrealistic at this point in time. I have kept so that
you know, what conversational search is replacing.

Table 4-1. Search patterns

Category Search name  Search type Description Precision Recall reconfigured
by Al

keyword Basic simple  Simple search Afew precise hits and a lot of ~ High Llow no
+ conversation  search noise
keyword Detailed Simple Slowly formulated simple High Low  yes
+ conversation  simple search  combinatorial search, because the search
search must be precisely formulated
keyword Flexible Simple Truncated search that eases Low High  yes
+ conversation simple search  combinatorial and broadens a simple search
search
keyword Range search ~ Complex Range search that allows High Low  yes
+ conversation combinatorial retrieval of assets between
search two values
keyword Block search ~ Complex Combination of selected terms ~ Low High  yes
+ conversation combinatorial to depict a topic
search
keyword Statement Complex Long statement of precise High Low  yes
+ conversation  search combinatorial conditions assets must meet
search
Browsing Glossary Browse search Lookups after specific word — — yes
browsing results in lists of words in the
glossary that can be browsed
Browsing Domain Browse search Domains as explained in — — no
browsing Chapter 3
Browsing Lineage Browse search Lineage as explained in — — no
browsing Chapter 3
Browsing Graph Browse search Graphs as explained in — — no
browsing Chapter 3

Let’s talk about each search pattern.

Keyword Search and Conversational Al Search

In this first section, we will go back and forth between examples that may seem old
school - pre AI - and examples that are almost not yet possible, with AI. That’s the
moment we find ourselves in, and it’s an exciting moment to be in. Because it means
that we, you and I, get to explore and define what conversational AI should be all
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about. What you see below is only the beginning. Please continue with your own
search experiments. We are defining the future of conversational search together.

Basic Simple Search

In general, your casual searches during a typical workday are probably basic simple
searches with a couple of words in the search bar. You do these kinds of searches
when you are not aiming for anything near total recall—you just want something rel-
evant, instantaneously. What matters in this type of search is the hit at the top of the
search results. That hit, seen in isolation from the rest of the search result, must be a
perfect precision hit. Anything below that top hit doesn’t matter.

Simple searches use plain-language search terms and not query language. Basic simple
search is the least complicated kind of search you can do, as it consists of only one or
two plain-language search terms, such as “good weather” or “summer.”

For example, let’s say that a sales rep for Hugin & Munin assigned to Sweden wants to
find the latest, most relevant sales BI report for their area. They might do a basic sim-
ple search for sales, as shown in Figure 4-1. The sales rep, being an average end user,
expects the top result to be the exact thing they were looking for. If it’s not, then they
move on to more-complex search patterns to try to find what they are looking for - in
today’s era most likely through conversational search. Because simple search takes
into account all of the technologies mentioned in Chapter 3, such as prediction, fuzzy
logic, and history of search behavior, it does a good job of figuring out what the aver-

age user wants.

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE TINC,

[O\ Sales| %;;é]
%

Figure 4-1. Simple search for Sales

The sales rep will expect to get the latest, most relevant sales BI report for the area the
user is a sales rep in. This reflects the most precise, relevant hit on top, based on who
the user is, what kind of data most interests the user, and how the user has previously
searched.
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If your data catalog is based on a knowledge graph, expect to have a very powerful
simple search feature. Search results will enlighten you as to the business contexts of a
given asset and be ranked with high precision. This is, for example, the case with
Google’s Knowledge Graph.

Basic simple search will be the only way many end users will use the data catalog. This
search engine-like experience creates an impression of ambient findability—but that’s
not what it is. It’s the easiest kind of search. It will offer end users precision at the
expense of recall. Users will be able to find the one right thing at the top of the search
results.

It's common for data catalog providers to demonstrate basic simple

search as the only way to search in sales material—it’s often this

- exact way of searching that handles whatever users are searching

\ for. Nevertheless, it's impossible for this kind of search to deliver on
all information needs. But other kinds of searches are more diffi-
cult and time-consuming, and therefore rarely promoted.

Detailed Simple Search

Sometimes you are looking for one type of thing and only that—and you know how
to express it, if you concentrate. This is a relatively simple search that is not fast,
because you have to get your search syntax right; it’s detailed. You might even have to
do a couple of initial searches to test that everything works as intended.

Detailed simple search is when you need to use a bit of query language to formulate
your search statement. This search is slow, because it relies on users to type exact val-
ues, which requires attention, and this slows down the search process. The search
type is a simple combinatorial search, because its a relatively simple search statement
that is combined with only one Boolean operator. If you take a look at the spectrum
of search in Figure 3-3, we are moving away from easy toward difficult.

In Hugin & Munin, our fictional sustainable architecture company, end users make
use of their well-curated glossary, which allows them to search for finely granulated
words, e.g., for types of wood: heartwood, spruce, pine, and so on. Words for wood in
the glossary are the standard English names for kinds of wood combined with their
Latin name. Let’s say you want to search for assets with the steward John Miller that
hold data about ash trees from the global glossary, like this:

GlobalGlossary:Ash Fraxinus AND DataSteward:John Miller

It’s possible to type this in the simple search view without completely losing the over-
view of the search typed inside the simple search bar, as in Figure 4-2.
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HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE IHC.

[O\ GlobalGlogsary:dsh Fraxinus AND DataStewsrd:Jehn Miller %%J

(

Figure 4-2. Detailed simple search

This search gathers all the data assets/data products with the global glossary term Ash
Fraxinus that have John Miller as an steward. In this search, the user would per-
haps need to determine the right way to express the type of wood in the global glos-
sary before performing the search. This search will take some time to build but will
deliver precise results, as only the assets with the distinct characteristics of the search
are returned. So, unlike basic simple search, all hits are relevant here, precision is high
and recall is low, and the search itself takes a little time to create.

Let’s be honest about it: Obviously, this type of detailed simple searching may already
seem archaic. A conversational search style is emerging that is (or will in the years to
come) capable of replacing it, as seen in Figure 4-3.

N—

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE INC.

—
[C\ I‘w searching fer data preducts owned by John Miller about Ash %24]

& Hella!

Would you like the data products awned by John
Miller about Ash to be about "Ash Fraxinus® or Ash
like in “ashes"?

oh, yeah sure, like Ash Fraxinus @

Figure 4-3. Detailed simple search, AI powered conversational search
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Ideally, the conversational search will be able to filter the information need such that
the boolean operators are correctly applied, and the semantic intention is captured.

Besides having to accept learning how to search archaic systems
that have not developed their search features enough, you are also
reading this chapter - with these somewhat old school examples -
so that you can prompt with precision, when you are searching for
data conversationally. That takes understanding of the logic that is
underneath the conversation.

You can also loosen the syntax and move away from a detailed simple search pattern
into a flexible search pattern. In that case, simple searches are not totally precise but
become relatively fast.

Flexible Simple Search

You may also sometimes need to perform searches that are imprecise and that will
require some perusing through the search results to find the assets you had in mind.

That’s flexible simple search, and it’s a little faster to write than detailed simple search
because it depends less on exact syntax; you don’t need to know the exact values in
your query statement. Flexible simple search is also a simple combinatorial search,
but it allows for a larger set of search hits and a higher recall, at the expense of preci-
sion.

For example, a group of Hugin & Munin employees in the communications depart-
ment need to know what kinds of wood the company uses in order to include some
details in a press release. They heard that the info is in a CSV file. They don’t know
how the asset is described in the catalog except that it contains data on wood and it’s a
CSV file. They might search the following, shown in Figure 4-4:

N—

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE TIMC.
lO\ Fr y:#Wood# AND For Losv

3

=
L

ks

Figure 4-4. Flexible simple search
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This search results in all assets that represent CSV files and that have folksonomy
terms with the word wood in them, but truncated on both sides so that the results are
open to all combinations with wood. So, for example, free glossary terms such as
wooden floor, beautiful wood, woods, and so on are automatically included in the
search.

This type of search will provide high recall and therefore compromise on precision.
And that’s the point: the end user does not know how to search this in a way that
delivers complete precision and must therefore aim for higher recall to retrieve a
group of assets wherein the asset is located.

Could this search search be performed with Al, conversationally? Yes, of course.
However, in that case you would expect a set of search results, as is currently provided
in conversational search - and as you are searching for all relevant results, this search
is kept as a classical keyword search with operators.

Range Search

Sometimes you have to search for something between two points, such as dates or
anything that holds organizational logic in serial numbers.

That’s done with range search. It's a more refined complex combinatorial search type,
which uses one or more Boolean operators and at least two values that establish a
range.

For example, if you were looking for a given set of hypotheses that were tested some-
time around when particular projects were carried out, you might search research
projects like this:

> RES.100.7.1003 AND < RES.100.7.1837
It can also be room numbers on floor plans, equipment, and so on.

For example, a project team in Hugin & Munin wants to analyze all pictures of heart-
wood between November 2012 and February 2018. They search like this, shown in
Figure 4-5:

Unstructured Data product:Pictures of heartwood AND (< 01.31.2018 AND > 10.31.2012)

That search returns all hits that refer to pictures of heartwood in the specified period
of time.
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HUGIN & MUNIN

EUSTAINABLE ARCHITECTURE IHKC.

[Q\ Unstructured Data product:Pictures of heartwood AND (< @1.37.28718 AND = 18.31.2812)|

]

i~
kW
| )

Figure 4-5. Range search

Again, with conversational search, this can be turned into a smoother, simpler ques-

tion, like in Figure 4-6.

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE INC.

[O\ I'm gearching for pictures of heartwood. g;gs;—]

& Helle!

Would you like that to be in the shape of
unstructured data products?

¥as, thank you. Only those from Hovenber 2812
until end jan Z@18.

& Here you go!

Figure 4-6. Range search, Al powered conversational search

Block Search

Say an unhappy customer has decided to file a lawsuit against Hugin & Munin. The
house Hugin & Munin built for him has cracks in the facade, and the customer argues
the wood that the house is built of is not solid enough.

Block search is a very comprehensive complex combinatorial search, where you are
searching for an entire topic. Generally, a lot of different things and words are at play
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in such a search, and you order those in related groups as blocks, hence the name
block search.

The lawyers in Hugin & Munin start their due diligence by searching. Using their
basic training, they search the data catalog for reports and test data that examine the
hardiness of different kinds of wood in the company’s own constructions. They com-
bine a large selection of words to maximize recall—they have to get every single
potentially relevant asset, with the consequence of having little precision, so they
expect to be perusing quite a lot through the search results. They search as follows,
shown in Figure 4-7.

(DomainTerm: ((Pine OR Ash OR Beech OR Oak OR Wood) NOT Linden) OR FreeTerm:Wood OR GlobalTerm:(Pine

v

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE TIHNC.

Q, p

advance mode turned: O ¢ OFF %ﬁ,’g
[DemalnTacm: | [Pine OR Ash OR Besch OR Cak OR Wood) MOT Linden) OR FeeeTerm:Wood OR GlebalTerm: {Pine Plaus OR Rah Fraxlooa
OB Beech Fagus OR Uak Quercus) HOT Linden 2ilia) AND DomainTerm: {Hardiness OR Solidity OR Endurance JR Resilience}

Figure 4-7. Block search

The search results will show assets that have one or more combinations of terms for
wood and terms for hardiness.

The search consists of domain glossary terms from different domains that describe
types of wood in standard English. The assets must have one or more of these words,
unless the asset holds the next value, the free glossary term wood, or one or more of
the global glossary terms for wood—as the word wood is not a term found in the
global glossary. It can also hold a mix of these words. If one or more of all these crite-
ria are met, then these must be matched with the domain glossary terms for hardi-
ness.

But not all lawyers have been trained in the data catalog’s query language, and they
get a little dizzy trying to control the syntax while at the same time focusing on the
semantics. Therefore, some of the lawyers just use the search builder. They enter the
search builder from the advanced search field. The search builder allows end users to
formulate their search with point-and-click options, which removes the stress of
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checking the syntax and focuses only on the semantics. You can see the search builder

in Figure 4-8.

T
HUGIN & MUNIN
SUSTAINABLE ARCHITEGCTURE INC.
Py
O\ sdvance mods turned: ON / OFF SEARCH BUILDER EMABLED %_z;é
Operator Property Condition Value
¢ {DomainTerm 3 ({Pine OR Ash OR Beech OR Oak OR Wood) NOT Linden) |
R iFreeTerm i Wood)
=123 iGlobalTern ] (Pine Pinus OR Ash Fraxinus OR Beech Fagus OR Cak Cuercus}NOT Linden Tilia)
AHD iDomainTern i (Hardinese CR Sclidity CR Endurance OR Resilience) |

Figure 4-8. Search builder enabled

The search builder in Hugin & Munin creates a visually navigable overview of long
searches. All the parentheses that are gray are optional; they become active if the end
user clicks them. This way of cutting up the complex search makes it easier to keep an
overview of what the search does, so that the semantics especially are easy to keep an
eye on.

Search builders like the one in Figure 4-8 are standard components
in reference databases such as PubMed. Many data catalogs also
have a search builder.

This type of search is also called block search in LIS. It’s practiced as a method to
obtain large sets of search results for complex searches. Normally, this kind of search
has several phases, where words are added, others removed, in a series of adjustments
that make the searcher capable of translating what data is needed to the language and
structure of the data catalog, based on analysis of the hits retrieved from the previous
steps in the search.

Moreover, this is a kind of search that makes use of how your data catalog glossaries
are applied. The higher the specificity—that is, the more the terms from the glossaries
are actually applied on the assets in the data catalog (using the exhaustivity of the
glossaries), the more your recall mechanism will work.
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Remember Zipf’s law from Chapter 3? If you only rely on technical metadata, your
chance of success with block search is low. You need glossary terms applied by
humans, not machines, to make your assets distinguishable from each other.

Block search is difficult to build, but it is important to master. In legal, compliance,
and complex searches for innovation use cases, block search is the kind of search that
will make or break a positive outcome for your company.

And sometimes you have to do a complex search that is not really a well-defined
topic with glossary terms assigned to it, but a more haphazard accumulation of things
that someone happens to want to know more about.

It is likely that search builders will become even less known and
used, because of the evolution of conversational search.

The question is - in our era, could you express a block search through conversational
AT? Sure. But chances are, users are not searching like that today. It would look some-

thing like in Figure 4-9.

HUGIN & MUNIN

SUSTAINABLE ARCHITECTURE INHC.

Pine Pinus, Ash Fraxinus, Beech Fagus, or Oak Quercus, but HOT Linden Tilia and it hae to be sbout Hardiness, Solidity,

: e
O\ I'n looking for data assets or products about Pine, Ash, Beech, Cak, er Weod, bubt nob Linden, or expressed more formally Qgg,é
Endurancae, OF Rasilienca.

& Hella!

...I'm honestly wondering what you need me for,
but OK, I can help you with that. Are you locking
for all hits related to that information need?

Yes, thank you. @

& I'll send you that as a list of search hits, see
below

Figure 4-9. Block search, Al powered conversational search

Does this depict reality? Most likely not. At the point in time of writing this book
(2020/2026) it is too early to say how you will search for data, conversationally, when
translating a structured block search, into conversational search.
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From a scientific point of view, it is interesting to see a block search
rearchitected into natural language. Why? Because the boolean
logic - the ANDs, the ORs, the NOT’s - stems from the mathemati-
cian George Boole, who established the mathematical expression of
logic in language.! In a sense, conversational Al is bringing boolean
logic closer to its origins - from technical query statements to being
discretely built into natural language itself.

Statement Search

Most complex combinatorial searches are statement searches: an assorted blend of
people, systems, domains, and everything else you can build searches from. These
kinds of searches are necessary to make in many disparate situations, ranging from
managing the data catalog, to gathering data for a project, to ensuring that assets
associated with a given steward who is changing position are passed on to a new
steward (for this latter use case, check out Chapter 10 on lifecycles).

Figure 4-10 shows an example of a search performed by the Hugin & Munin data dis-
covery team. They want to find out how many Tableau reports do not have an asset
owner in Legal, Finance, or IT.

This search returns all Tableau reports from those departments that have been cre-
ated after January 1, 2022, that do not have an owner.

The data discovery team will use this search result to reach out to the data stewards
for the assets to ask that an owner of the asset be added.

Note that Figure 4-10 is conversational. At this point, you get the
logic underneath is doing, you are ready to go!

1 George Boole: An Investigation of the Laws of Thought (Cork: Queen’s College, 1853), see in particular chap. 4
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Perfect, thank you. @

Figure 4-10. Statement search

Browsing Patterns

Browsing patterns are in fact search patterns, but they usually don’t require the end
user to phrase search statements (except for glossary lookups). Instead, browsing
works by clicking back and forth in either lists of glossary terms, lineage, or graphs.
Think of browsing as a phase between other types of search that makes users discover
and learn the language and domains of their company. It will allow them to search
with more savvy if they can browse the data landscape.

Glossary Browsing

Sometimes, you may just want to explore a topic to better understand a domain. You
have many options, but one of the ways is to browse glossaries.

An example from Hugin & Munin is a new employee wanting to better understand
how paint is used as the surface treatment for wooden houses. The user types “paint”
in the dedicated glossary search bar, as seen in Figure 4-11.
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"
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™
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Enamcl paint
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Synthetic rubber paint

Paint procaduras — Demain
&loszary

Paintolicious — Frea
Paorly painted  Glossary
Wall patnted

Figure 4-11. Glossary browsing for paint

Here, the difference between the different glossaries stands out clearly: the global
glossary is made up of highly controlled terms that apply across the company, the
domain glossary refers to a single domain, and the free glossary just adds whatever
people like. Clicking deeper into the glossaries reveals the level of formalized struc-
ture and organizational reach.

Domain Browsing

Domain browsing is when you go through the capabilities or processes in your com-
pany. These kinds of browsings are often driven by lack of context—they allow you to
get ideas of where potentially relevant assets could be located. For example, maybe
someone is working on a project regarding customer profiles and they want to know
if it falls under the purview of Customer Information Management or Customer
Preference Management. This might tell them who they need to speak to regarding
issues.

They can also just be driven by sheer curiosity—and that kind of browsing is never a
waste of time, as it allows you to better understand the data landscape of your com-
pany. If you want to see how domain browsing looks, go back to the examples in
Chapter 3.
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Lineage Browsing

Sometimes, you might want to know where a given asset stems from (upstream), or
where it has traveled to (downstream). Browsing upstream in lineage enables you to
find out why a given data analytics report is broken. Lineage browsing also allows you
to test what the consequences would be downstream of changes in a given asset
upstream, if you were to make a change. You could also be browsing lineage to dis-
cover potential improvements to existing data processing flows or to discover unused
assets in the environment (like a table with flows going in but no flows going out). Or
you can search for lineage that has changed (or not changed) in time spans to identify
old data pipelines.

A DPO can also document how sensitive data is processed downstream. I show such
examples of applied lineage search in Chapter 6.

Remember that lineage functionality will vary from vendor to ven-
dor and that, accordingly, your applied search possibilities will
vary: remember to assess lineage functionality in your vendor
selection, if this criterion is important to you. This assessment is
complex, and it requires substantial time to find the ups and downs
of a given lineage functionality.

Graph Browsing

The ultimate way of browsing your data is by visually exploring your knowledge
graph—if your data catalog is built on a knowledge graph, as discussed in Chapters 1
and 2. The knowledge graph links all parts of your data catalog beautifully together.
It’s the manifestation of all the actual nodes in your metamodel. It’s the ideal way to
maximize serendipity in your search, as you can click your way around everything in
the catalog and discover new connections.

Graphs are excellent at providing overviews of social networks. Graphs are used as
such in these two sectors, for example:

o Law enforcement, military, and intelligence services

« Universities and academia in general

For police, military, and intelligence services, networks of people and the things they
use and have (such as phones, weapons, documents) visually laid out in a graph is an
absolute must. In police investigations, graphs can map criminal organizations like
Mafia families or gangs and help solve the crimes these organizations commit by dis-
playing how people—and networks of people—are linked. Military strategies and tac-
tics on the battlefield are nowadays powered by graphs; they are part of active warfare
to map and defeat the enemy. For intelligence services, graphs generate overviews of
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networks of extremists under surveillance, such as political or religious extremists.
The graph overview helps intelligence agencies to infiltrate and dissolve these net-
works before they act. Graph solutions for these kinds of organizations are provided
by IBM and Palantir, for example.

For universities and academia in general, graphs are used to map and visualize net-
works of researchers or research topics. These are bibliometric maps (sometimes also
called clusters and networks). A beautiful example is this bibliometric cluster of men-
tal health research. Bibliometric maps are used to evaluate the performance of
research activities in universities, and also in industrial predictions, since patent clus-
ters indicate what kind of products specific industries are planning to launch.

Knowledge graphs with metadata - like the ones you find in a data
catalog - are excellent sources to enable AI use cases. We will dis-
cuss this further in part II of the book.

Lets look at an example. In Figure 4-12, a PR manager in the communications
department in Hugin & Munin searches for promotion data; some of the search
results seem skewed, but it is hard to tell why. The PR manager then searches for
“promotion” one more time. The top hit is a dataset with promotion planning details,
and the PR manager opens that hit as a graph. The graph visualizes all the terms, pro-
cesses, and data sources that relate to promotion. Suddenly, the PR manager under-
stands why the results are skewed. Someone has added promotion as a free glossary
term not to depict communication but to depict career advancement. That term is
followed by an exclamation mark (!) because the data catalog automatically detects
that it is a duplicate to the domain glossary term, which defines PR activities. There-
fore, assets tagged with the free glossary term should be filtered out of the search.
With this knowledge, the PR manager can better shape the search to reflect what they
are searching for.
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Figure 4-12. Graph browsing

As you have just read, search is a process. In many cases, it will be a
series of searches that increase, decrease, and refocus search results,
until the search finally matches the information needed.

Searching a Graph-Based Data Catalog

As depicted in Figure 3-3 and 3-4, search can be divided into a spectrum. It goes from
easy executable simple searches to more-complex advanced searches. In the latter
case, the end user has to remember both the syntax of the IRQL and assess if the
semantics of the query statement actually reflect what is being searched for. This is
demanding, but useful. The IRQL that the user searches with has been designed by
the data catalog provider. It is likely that the IRQL will expand over time, as the tech-
nology evolves with the feedback from customers. But an IRQL will never allow you
to search for everything.

However, for knowledge graph-based data catalogs, it is possible to push search even
further and actually search for everything in the data catalog. It requires search skills
beyond the IRQL of the specific catalog: instead, here you would have to master the
DAQL that matches the technology of the catalog in question, for example, GraphQL,
SPARQL, Cypher, or Gremlin. Take into consideration that data lineage can be graph-
based as well and that, if so, this makes data lineage searchable in a similar fashion.
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Searching with a DQL inside a data catalog requires a technical skill set that not all
data catalog use cases rely upon. But if you truly want to organize your data just as
you like, and search it however you want, then this is what it takes. Think of it like
this: an IRQL is always designed by the provider; it will contain some of the elements
that are useful to search for, and leave others out. But the graph DQL lets you search
for everything you want because it is set up to search for everything that the meta-
model contains, however it has been defined.

Summary

This chapter has provided you with examples of patterns for searching for data, in a
data catalog. That said, this chapter’s biggest takeaway is not the detailed list of those
examples. It is this:

o We are in a remarkable situation in the history of search: When it comes to con-
versational Al no single vendor controls the market, right now. We are in a situa-
tion like the one for search engines, before Google won - also for data catalogs.
Things are very uncertain. Nobody really has the definitive answer. Before we
know it, that rare moment in time is gone. Let’s enjoy it while it lasts!

o That said, conversational search is changing all the patterns of keyword search, so
that it becomes more intuitive for the end user to search for data

o The examples in this chapter will move more and more towards conversational
search, and the keyword examples will seem increasingly dated.

o Dear reader - please keep experimenting when you search conversationally. Now
is the time to do it, we are shaping the future!

The following list of search patterns can both be performed with keywords and
increasingly also as conversational search:

o Basic simple search is the way of searching that most end users will apply. A well-
structured data catalog will deliver precise simple search, especially if it’s based
on a knowledge graph. But expect a lot of mess deeper down in the search results
also.

o Detailed simple search requires you to know the syntax of the IRQL in your data
catalog. So it takes a little time to write, or just experience, but you get super-
precise hits in return.

o Flexible simple search also depends on understanding IRQL, but it opens up the
search to give more results, increasing your recall and decreasing your precision,
while at the same time still being a better way to target a well-defined topic than
basic simple search.
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o Range search is searching in intervals, e.g., a time span. This kind of search will
result in high precision and low recall.

o Block search is a structured way to search for a complex topic using IRQL. It
works best if your glossaries are exhaustive and used with great specificity.

o Statement search is a way to search for a complex topic; it simply puts a lot of
things together in a search. It’s not unstructured, but it’s haphazard.

You can also visually browse your data catalog:

o Glossary browsing is searching in which you go exploring to get informed and
enlightened about business terminology.

o Domain browsing, lineage browsing, and graph browsing are ways of searching ver-
tically, horizontally, and relationally, respectively, by clicking through the data
landscape.

In the next chapter, we will look at how to observe data, and provide access to it.
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