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Data acquisition

Data acquisition includes but is not limited to converting
the physical condition of data into a digital and structured
form for further storage and analysis. Typically, IoT data
also includes signals from sensors, voice, text, Textual ETL
outputs, logs, and many more sources. A data lakehouse is

designed to store IoT data.

Sensor Voice Teivel Alien
signals data L et Logs source
g Output 000 .ss.... elC

Acquisition

... Transformation
@}@ is optional here

Figure 9-2. Data Acquisition from heterogeneous sources in a data

lakehouse.

After acquisition, the transformation is optional and
subject to format differences before dumping the data into

the data lakehouse.

Data extraction

Data extraction is the first step in any data ingestion process.
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Data extraction is the process of extracting data from
databases or software as a service platform, including any

architecture pattern like the data lake or data lakehouse.

The extraction happens in both directions. After acquiring
the data, you extract the source data to the data lake. And
there are lots of architectural patterns that need to be
applied to call that data lake a data lakehouse. We can then
extract data from the data lakehouse for various

consumption purposes.

Data extraction is the first step in the data ingestion process.
The data ingestion process can be either ETL or ELT. ‘Extract’
is the first step in both processes.

Data transformation

Data transformation is the process of mapping and
converting data from one format to another. Data
transformation is needed when you expect data from
heterogeneous sources due to different data formats from
across sources. This transformed format is nothing but the
uniform format decided for the data lakehouse. Data
transformation is a component of almost all data
integration and management activities, including data

warehousing and data lakehouse creation.



Data Lakehouse Housekeeping ¢ 141

Data transformation takes place in almost all data integration

and data management activities.

Data transformation is needed in a data lakehouse when
integrating heterogeneous sources like XML, XLS, Word,
text, PDF, RDBMS, textual ETL outputs, CSVs, and flat
files. Transformation can also be for bidirectional
purposes, including inbound and outbound from the data
lake.

Transformation is even required internally as well when it
comes to data lakehouse formation, because data
lakehouse frameworks transform the data from the data
lake.

Hence transformation is needed when the data needs to be
mapped due to data format differences or source-to-
destination file or storage format differences. In s few
cases, it might be simple and straightforward. In another
case, it might be complex, requiring potential changes to
the data and its format before it reaches the destination file
or storage format and is stored for successful hassle-free

uses.

Transformation is needed whenever and wherever there are
format differences, and the data between source and
destination needs a strategic mapping with appropriate

transformation rules.
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Three things are important to decide whether the data
needs any transformation before storing it in the target file
format. First is the source data format understanding,
second is the desired data format expected into the
destination, and third is the transformation logic to be
applied to bring the difference to an acceptable format into

the final destination file and storage data format.

Master references for the data lakehouse

Why master references in a data lakehouse? A data
lakehouse is not a data lake. In a data lake, you might not
need a master reference. But as we have learned, a data
lakehouse is the best of both data warehouse and data
lake. Hence, a managed master reference becomes obvious.
A master reference is the reference of master data to
manage shared data to reduce redundancy and ensure
better data quality through standardized definition and
data values. It helps maintain a single version of the truth

across systems.

A distinction between shared and distinct data across the
organization is very important in data lakehouse

housekeeping. It helps you build the master reference.
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=z

Reference and Master Data

Figure 9-3. The master reference layer in a data lakehouse.

Earmarking such shared data will help maintain a single
version of the truth across the data lakehouse. A data
lakehouse is not the dumping yard. At one end, it will
store data from heterogeneous sources. At another end, it
will be the source of truth for various external but
dependent systems. Various enterprise systems might
extract required data periodically or regularly from the
data lakehouse. In some cases, the data lakehouse might be
the direct source of data for a few enterprise applications,
including but not limited to various analytics, data science,

or cognitive tools/applications.

The data lakehouse can be a source of truth for various

external systems within or outside an enterprise.

Once master reference earmarking is over, the layer needs
to be structured and brought into use. Every system or
segment of data within and outside the data lakehouse
(consumers of data lakehouse) should rely only on the
reference and master data designed for the purpose. It

must be part of all ETL happening over the data lakehouse.
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Next comes the question of precedence of references for
master data. This is a very natural question and it has
solutions already existing and used almost everywhere to
create any master information repository. Product owners
or functional experts decide the precedence of data to
overwrite and/or update a data into reference data or the
master data store. And application engineers need to write
the rule engine that needs to be followed for any master
data overwrite/update or even delete (a soft or physical
delete).

For example, an enterprise has many applications that
capture a customer address. It might be captured in a
CRM, a sales application, and a finance or billing
application. All applications might have captured the same
customer’s address differently. The CRM might have
captured its customer’s address as ‘Sector — 53, Gurgaon,
India.” The sales application might have an older address
from this same customer, ‘Chanakyapuri, New Delhi.” But
today, this customer is staying in ‘Bangalore, India,” and
the billing has the latest updated address.

So, once an enterprise has a master reference, all
applications will rely upon that single version of truth.
And for the first creation of that single version of the truth,
the precedence rule needs to be written that says which
address will go and sit in the master reference. And here in
this example, it should be the billing application address

that is the most current.
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Data lakehouse privacy, confidentiality,
and data protection

Data privacy, data confidentiality, and data protection are

sometimes incorrectly diluted with security.

For example, data privacy is related to, but not the same
as, data security. Data security is concerned with assuring
the confidentiality, integrity, and availability of data. Data
privacy focuses on how and to what extent businesses may

collect and process information about individuals.

You can say that privacy needs security (there is no
privacy without security), but security doesn’t need
privacy. A data lakehouse must maintain data privacy and

data confidentiality with data protection.

Data privacy, interchangeably called information privacy,
often refers to a specific kind of privacy linked to personal
information provided to private actors in various contexts.
Here the definition of personal information is very
subjective and may be defined differently in different
contexts and domains. For example, personal information
on social media might be your personal credentials,
including name, sex, age, address, contact number,
ethnicity, and so on. Personal information in healthcare
might include vital EMR attributes like diagnosis, health

conditions, vitals, treatments, and so on.
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Data confidentiality deals with protecting against the
disclosure of information by ensuring that the data is
limited to those authorized, or by representing the data in
such a way that its actual or original value remain
accessible only to those who are entitled or possess some
critical information (e.g. a decryption or decoding key for

an encrypted or coded data).

For example, a patient was diagnosed with AIDS. But the
patient might not be interested in sharing his/her medical
condition or the diagnosis of AIDS to anyone except
his/her doctor who is treating him/her. Hence it is the
hospital’s accountability to maintain the confidentiality of
the data of that specific patient. The application used to
capture and store his/her data should be capable of
handling this confidentiality. These data confidentiality
rules apply to the data lake or data lakehouse where that

data ultimately resides.

Data protection is the process of safeguarding important
data or information from corruption, compromise, or loss.
The definition of importance can be different for different
entities or organizations. Important data can be
unpublished financial information, customer data, patents,
formulas or new proprietary technologies, pricing
strategies, etc. Hence, the data protection process should
be robust enough and comprehensive enough to address
all such required data protection to defined enterprise

data.
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A few commonly known data or information privacy,

confidentiality, and protection policies are:

¢ The Health Insurance Portability and
Accountability Act (HIPAA)

e The Family Educational Rights and Privacy Act
(FERPA)

e The Children’s Online Privacy Protection Act
(COPPA)

e The Gramm-Leach-Bliley Act (GLBA)

e The European Union’s General Data Protection
Regulation (GDPR)

e The California Consumer Privacy Act (CCPA)

When you do the housekeeping of a data lakehouse, have
a data protection process for privacy policies, applicable
confidentiality rules, and regulations. As mentioned, it is
very subjective and may be defined differently in different

contexts.

Act responsibly while dealing with data privacy and
confidentiality in a data lakehouse architecture pattern.
Remember that a data lakehouse is very much part of the
enterprise system. The data privacy, confidentiality, and
data protection rules should be more comprehensively
applied to a data lake or data lakehouse because a data
lakehouse will accommodate data from hundreds or

thousands of applications.
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While housekeeping a data lakehouse, awareness of the
applicable data privacy and confidentiality rules and a robust

data protection process is essential.

“Data future-proofing™” in a data
lakehouse

In terms of data, ‘future-proofing’ can be defined as the
process of anticipating the future and developing methods
of capturing and arranging the data in a way that can
minimize the gap due to missing data or irrelevant data,
for the future purpose of relevant data driven researches,
correlations, trends, patterns, data supported evidences,
past incidents, and many more. It can give you the
confidence to prove and support your past data findings
and help reduce unwanted shocks and surprises that can

give business stress due to missing future-proof data.

All data of an enterprise might not be relevant for that
enterprise 10-20 or 50 years down the line. It is the
responsibility of organizational stakeholders within an
enterprise to coordinate with data architects to decide and
earmark core entities and attributes relevant and useful for

the business benefits even in the far future.
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“Data Future Proofing” is a new phrase and is the process of
anticipating the future and developing methods of capturing
and arranging the data in a way that can minimize the gap
due to missing data or relevant data for the purpose of
relevance, data-driven researches, correlations, trends,
patterns, data-supported evidences, past incidents, and

experiences.

We should not forget the importance of a data lakehouse
for an enterprise. It is meant for the long term. Technology
will keep evolving, employees, consultants, and vendors
may come and go within an enterprise, but accumulated
data relevance will always be there for an enterprise. Next-
gen business is all about data. All cognitive activities
(including cognitive science) revolve around the data you
accumulate, whether healthcare-related or insurance.
Aviation data, environmental, or weather data. Social,
socio-economic data, or behavioral data. Geographical,
political, or geopolitical data. Space data or the research
data of any field of study. More past data or proven
historical data can help in better future findings. Because,
“Data is the New Gold.”

Technology will keep evolving, organizations will keep
changing, but accumulated data relevance will always be there

for an enterprise.
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The most important question is, “Which data needs to be
preserved, accumulated, stored, and saved for future
purposes?” When creating a data warehouse or data lake,
we think a few years ahead. It was never considered for
decades or centuries. Here we consider the importance of
data till eternity that can be passed from generation to
generation. But we should be sensitive about its
significance and relevance. We can’t consider all gathered
enterprise data as future-proof data. All data might not
retain its relevance in the future. It will be a silly
consideration and may lead to various problems, including
but not limited to size, volume, policies breaches, and

misinterpretations or misuses at later stages.

Future proof data should be capable of fulfilling any past data

needs for various analytics and research purposes.

While considering future-proofing of data, we need to be
sensitive about various aspects of data, including its
relevance, relevant grain level, context, format, dimensions

for different perspectives, future views, and viewpoints.

In this data context, a data view is what data you see and a
data viewpoint is where you are looking from. Data
viewpoints are a means to focus on the business data for
particular aspects of the business. These aspects are
determined by the concerns or business purposes with

whom communication occurs to future-proof the data.
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Remember, the data viewpoints may sometimes depend
upon the stakeholder’s perspective and may be subjective.
Be a little generic while deciding the prospective
candidates (which subjects, entities, attributes to be
captured) for data future-proofing. A little generic does
not mean ‘taking everything’ because being more generic
may capture data that may not be useful in the future, and

that will spoil the purpose of “Data Future Proofing.”

\\‘D//

Figure 9-4. Two different views of the same subject from two

different viewpoints.

Data viewpoints are determined based on the business
concerns and generally created in coordination with the core
stakeholders.

Think about medical records. Capturing medical records is
important. What is the value and benefits of historical
medical records? What are all the benefits it brings to
healthcare if utilized efficiently and effectively? Yes, it can
help save human life. It can help in early diagnosis. It can

help in medical research in many ways. It can help with



152 e Building the Data Lakehouse

faster vaccine creation for deadly health-related threats. It

has the potential to reduce healthcare stress by many fold.

Take even the COVID pandemic scenario. If future-
proofing would have been done for all the past medical
records of similar epidemics or pandemics like Ebola,
Avian Influenza, Mers, and HIN1, today’s scenarios

would have been far better.

But do you know how much privacy and confidentiality
clauses a medical record carries? Handling medical
records is a sensitive subject. Storing medical records at the
application level has a different purpose than storing it in a
data warehouse, data lake, or data lakehouse. When you
bring a medical record to your data lakehouse, the purpose
is not to treat a specific patient. Instead, the organization
might utilize the medical records in the data lakehouse for
various medical research purposes, early diagnosis,

accurate treatment, preventive healthcare, and so forth.

Medical research, early diagnosis, proven treatment
findings, or preventive healthcare methodology findings,
do not require knowing the patient's name and Social
Security Number. Do you really need the phone number of
a patient diagnosed with the influenza virus in 1968 and
was treated in a city hospital? You might need the age (or
age group), sex, city/state, and certainly the medical
conditions, including the symptoms, dates, diagnosis,

treatment, and the result of that treatment.
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Another very common scenario where data future-
proofing can help from data vulnerability is an enterprise
that captures personal and sensitive data. Personal data
like name, address, medical details, and bank details and
sensitive data like racial information, political opinion,
religion, trade union association information, health, sex
life, and criminal activity. The enterprise has been doing its
business for more than two decades. All of a sudden, the
company is acquired by another business house from a
different domain or sector, such as a retail company
acquired a software development company or a
manufacturing company acquired a marketing research
company. What will be the future of the personal and
sensitive data captured by the first enterprise if data
future-proofing was not done? There are chances of
accidental exposure to those tons of personal and sensitive
data kept by the previous organization. You never know if
the new owning organization has the support to handle

such data.

Data future-proofing can help reduce the data vulnerability

risks for an enterprise.

Now let us discuss how data future-proofing is done.

We have divided data future-proofing processes into five
different phases—Identification, Elimination, Future-

proofing, Organization, and Storage.
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Five phases of “Data Future-proofing”

1.

- @tification

—

5.

Storage
\ Data
Future

@ofing*”‘
(ganization

Figure 9-5. Five phases of data future-proofing.

Identification phase

Keeping the purpose of the future data in your mind (such
as for analytics and research), identify all entities and
attributes relevant and meaningful for various business
needs and benefits. You need to identify only those future-
proof entities and attributes of your business domain, such
as healthcare, insurance, aviation, manufacturing,

education, transportation, hospitality, and retail.

For example, the EMR might have hundreds of attributes
in a healthcare domain, but you might need very few of

them. The grain level of an EMR is up to every encounter
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of a patient. Still, for the future, you might need the

extraction level from the disease, number of patients

diagnosed with that disease, their gender, age group, cure

and ultimate treatment.
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Figure 9-6. How to identify future-proof data and attributes.
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The main purpose for future-proofing the data is to help

execute analytics and research work.

Elimination phase

Eliminate all those entities and attributes that have no
significance for any future analysis or research. Eliminate
sensitive, future sensitive, future proof, and controversial
data. Follow an elimination method to be more specific—it

helps narrow down data easily and quickly.

For example, how important is it to capture the shoe
quantity a customer bought per order in the retail domain?
Instead, we should focus on the type, color, or design of
the shoes trending during every decade and what kind of
shoes are trending today. This may give a perspective on
fashion trends over time. This requires capturing
information like shoe types, brands, periods, number of

pairs sold, and so on.

Eliminate sensitive, future-sensitive, and controversial data

while preparing your future-proof data sets.

For example, on the facing page is EMR data from the
healthcare domain. We had shown the future-proof data
sets earlier. There are other types of data as well, like

personal data, sensitive data, and controversial data.
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You can understand that attributes are sensitive only if
they are supported and served with personal data. For
example, a patient’s medical condition and diagnosis can
be sensitive if supported and linked to personal
information like Social Security Number. Similarly, the
patient’s race can only come under the controversial
category of data if it is linked to the specific patient

through an identifier or name.

In general, a data or data set contains its sensitivity or
controversial nature only if it is linked or related to an
individual’s personal information. Else an isolated,
abandoned, or unrelated sensitive or controversial attribute

has no significance.

Future-proofing phase

By following phases 1 and 2, you have completed half of
the future-proofing job. You identified only the data that
will have relevance in the future. You eliminated all
sensitive and controversial personal data. In addition, if
you have data you think might not be fair to expose for
future use, or that it might be misleading, or might bias
any data analysis once exposed for future business
purposes, you should anonymize it. Data to be concerned
about is (a) personal data like name, address, medical
details, and banking details and (b) sensitive data, like

racial or ethnic origin, political opinions, religion,



Data Lakehouse Housekeeping ¢ 159

membership of a trade union, health, sex life, and criminal
activity.

With data anonymization, you retain the purpose yet you

don’t expose the actual data.

These two categories of data might create biased decisions
or may create controversies in the future. Especially
category “(b)” is more sensitive for political subjects. Hence

data anonymization will be a handy tool for this purpose.

Once you notice that a potentially sensitive or controversial
attribute will be part of a future-proof data set, anonymize the

associated personal information.

In most business scenarios, we do not need a detailed level
or the lowest grain level of data for future use. The lowest
level data is generally required in a transactional
environment. Hence, we should judiciously decide the
grain level of data while future-proofing your data.
Deciding the required grain is a very important aspect
while future-proofing the data. This will decide the

volume of your future-proof data every year or decade.

The more data is aggregated, the less the chance of personal

and sensitive data vulnerability.
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Data in its lowest grain level are the raw form of records
that may incorporate personal and sensitive data that are

more vulnerable if not handled responsibly.

A data lake or data lakehouse can contain the lowest grain
level of data. Hence, we need to be more sensible and
preferably give priority to the data future-proofing

features.

In principle, isolated, abandoned, or unrelatable sensitive or
controversial attributes can be part of future-proof data
because it has no significance until it is linked back to a

person, place, or thing.

In a healthcare data use case, 50 years from now, one
might not be interested in knowing whether ‘Mr. Sanjay’
(name) from ‘New Delhi’ (location/address) was a “Hindu’
(religion) and had COVID, and if he had, what was his
CRT value? It might not solve any industrial problem, and
it might not address any business issues at that time.
Rather it might trigger some sensitive political issues or
might fulfill biased interest. But suppose COVID or a
similar type of virus resurfaces in 50 years. In that case, the
healthcare industry might be interested in knowing the
percentage of COVID-positive patients between 40-50
years of age and their average CRT value? What was the
overall mortality rate? What were the recovery rates for

the different age groups of people? Which medicine or
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drug showed the best results during its treatment? What

were the infection spread ratios between males, females,

and kids? What were the recovery rates in people with

comorbidities?
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Figure 9-8. Future proof attributes in an EMR data set.
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And such information requirements and fulfillment will
address lots of business problems at that time. It may
help healthcare professionals solve lots of healthcare
issues. It may save many humans lives. So, it is evident
that we may not have any reason to store data with the

lowest grain level.

Future-proofing of data can help you eliminate unnecessary
data burden, reduce storage, reduce data vulnerability and

minimize enterprise data complexity.

The next important part of future-proofing is to future-
proof the data capture cycle. Once you have decided the
grain level and extraction level, you can write extraction
rules, and then based on the capture cycle, capture your
future-proof data. Your capture cycle can be daily,
monthly, quarterly, or yearly. The mode of capture should
be any supported storage mode, depending upon your
destination system of storage. In this case, your data

lakehouse supported mode will be your mode of storage.

Organization phase

Unlike your conventional organization of data into the
destination system and like any special data management
organization such as MDM or CDM, we propose having a

separate FDM™ (Future-proof Data Management) layer in
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your destination data management, in this case, in the data
lakehouse. If required, a separate data layer can also be
proposed for the FDM. Please remember that FDM has
nothing to do with MDM and CDM design or architecture.
As MDM and CDM help manage enterprise data
efficiently, FDM will help future-proof data be treated
specially for future business benefits efficiently and
strategically. So, this FDM layer should be treated special
and designed by following all of these five phases of data

future-proofing discussed in this section.

FDM is an implementation of an enterprise-wide system
where the organization accesses its historical information for
any future use from a single managed place. A central
repository is created and all requests for future-proof data are

satisfied from that one point.

The creation of an FDM system is not very complex. It is a
repository of past business facts and figures. Keep the
design simple and follow the five-phase process of data

future-proofing.

FDM or future-proof data management allows the business to
get their historical information at a single managed place for
future purposes. A central future-proof data repository is
created, and all requests related to future-proof data are

satisfied from that one point.
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Reference and Master Data

Figure 9-9. The FDM (Future-proof Data Management) layer with a

data lakehouse.

Storage phase

Once it comes to storage of FDM (Future-proof Data
Management), an open format, generic platform-based
system is recommended because data future-proofing is
for the long term. Hence a proprietary or vendor-locked
format or platform will not meet the overall purpose of

data future-proofing.

Most of the Data lakehouse platforms support an open format
of storage that is consistent with the basic requirements of the
FDM.

In this phase, you must ascertain the accessibility of the
future-proof data sets. Who should have access to the data
and have permissions to insert, update, and delete any
data in FDM should be decided and ascertained in this
phase only.

We must also determine the availability of the FDM. It is
the nature of the FDM that it does not fall under 99.99999%

availability requirement category. But yes, it should be
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available for any future use. The future can even be the
next year of your business because this year’s data is past

data for you for next year.

Once you have ascertained accessibility and availability,
storage upgradation is the last but not the least important
strategy under this storage phase. Ensure the storage
upgradation is done for the FDM where you have kept all
your future-proof data to be accessed seamlessly using the
latest storage platform year after year and decade after
decade. Remember, data future-proofing is for eternity or

until your business no longer exists.

Data lakehouse routine maintenance

The data lakehouse maintenance cycle is part of data lakehouse

housekeeping.

Most data lakehouse platforms are self-maintained, and
their framework has robust data governance and data
management methodologies. But still, as the part of data
lakehouse housekeeping, we should use these data
lakehouse maintenance steps to keep the lakehouse in

order year after year:
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Figure 9-10. The data lakehouse routine maintenance lifecycle.

The secret of data lakehouse maintenance is in its
successful implementation. We should automate most of
the processes using the provided utilities or tools into a

data lakehouse platform.

Meticulous planning and design of a data lakehouse supported
with robust data lakehouse housekeeping, will lead to a great

business benefit to the enterprise.




CHAPTER 10

Visualization

hat you see is on sale!

Visualization is a technology that helps
you convert specific data into
information using standard statistical,
numerical, and graphical
methodologies. That information is generally in a
graphical or pictorial form and very easy for our brains to

interpret and understand the value of the underlying data.

Raw data without appropriate visualization is like dumped
construction raw materials at a building construction site.
The finished house is the actual visuals created from those data

like raw materials.

So, until you see the finished construction on that site, you
only know that, yes, it is some dumped raw materials kept
for construction. Until the construction is done, you did
not know whether those raw materials were going to

produce an independent house, villa, or apartment.

Similarly, in the context of an enterprise, you know that

you have your ERP data, you have your CRM data, you

167
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have your financial transaction data, and tons of textual
data in the form of enterprise business text that may
include contracts, agreements, feedbacks, review
comments, and logs. However, we are not sure how this
data can be helpful for your overall enterprise business
benefits. Specifically, your decision makers are not very
conversant with raw data crunching like a data scientist or
data engineer. In such cases, visualization comes to the
rescue of data professionals to make that data presentable
in various forms of dashboards, graphs, charts, and maps.
It helps the enterprise in business decision-making as a
vital decision support system. It can show the business
trends. It can help draft the projection for the next quarter

or financial year using the history of your business data.

For example, a hospitality company has many hotels and
restaurant chains across the globe. As a best-case scenario,
assume that they are now very organized and started
using industry-standard applications and maintain state-
of-the-art technology and infrastructure to run their show.
Their ERP collects enterprise data across their chain of
hotels and restaurants. Hotel booking data is collected
using a cloud-based central booking system. Restaurant
seat reservation data is done through a state-of-the-art
mobile app. They have the industry’s best CRM and
loyalty applications to manage the customer profile,
memberships, and loyalty points. They have every
application they need to run the day-to-day business. All
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their applications are collecting tons of data every day.

Data is getting piled up every minute.

But what next? Decision-makers of the business will not
crunch the pile of data from different sources. They need
technology to help them convert the data stored into their
system to the information that can help them make better
decisions. That technology can help make their strategic
business plans for next quarter, next year, or even five
years from now. A core business decision-maker or CxO
might not be a data guy who can run the query, correlate
various data entities, and get the information out of the

raw data.

Turning data into information

Visualization techniques come in handy to data scientists,
data engineers, and other data professionals working for
that organization. With the help of visualization
techniques and various statistical methodologies or
cognitive science, the data scientist and data engineering
professionals help the business decision-makers make
strong and supported decisions to achieve short- and long-

term business goals.
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on the OpenTable network”

Germany = United Kingdom = United States Global
20%

0% N—

-20%

-40%
-60%
-80%

gl 1 & 5 7 9 " 13 15 17 19 2l

March
* Incl. online reservations, phone reservations, and walk-ins.
For year-over-year comparisons, OpenTable compared each day
to the same day of the week from the same week in 2019.

Source: OpenTable

Figure 10-1. The impact (through year-over-year comparative analysis)
of the lockdown on restaurant business due to COVID, during
the first three weeks of March-2020.

Hence wultimately, the visualization can help the
management understand the underlying business impacts

on their bottom-line. For example:

e Year-over-year growth or loss

e Total sales and revenue

e Impact of a specific marketing campaign

e Opverall revenue boosts due to increased customer
retention rate using loyalty application in use

e Customer retention versus revenue boost

correlation analysis

Another example can be from the healthcare domain. The

healthcare industry has oceans of data including:

e (linical data

e Pharmaceutical data



Visualization ¢ 171

e Insurance data

¢ EMRs (Electronic Medical Records), including
patient demographics and patient behavioral data

e Medical professional’s master data records

e Imaging data

e Pathological findings

e Diagnosis

But do they use this data effectively? For example, they
might have created a Health Information Exchange or
Healthcare Data Hub. They might have a data lake or a
data lakehouse. But what next? How are they using this
data for healthcare betterment, including healthcare
research? How can they achieve the true benefits of these

gold mines of data?

The answer is, by converting data into information, they
bring their business data to life. How can they bring their
business data to life? By extracting all underlying
meanings of associated industry or business data for the
benefits of the healthcare industry. How can you convert
your data to information? Visualization is one of the most

effective ways.

The healthcare EMR data can tell healthcare professionals,
including doctors, the data-supported reasons behind a
specific disease. For example, how can a contagious
disease spread? How can it be contained based on its

behavior? Which medicine is showing better results
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against that specific disease? Which age group is most

exposed?

If the answers to all these questions are available on time
and at the fingertips of healthcare professionals, it will
certainly be a great help to healthcare. It will help medical
research find new upcoming viruses, strains, and
mutations, and research medicines, vaccines, and life-

saving drugs.

But this can only happen if we can present data as
information in a consumable format. We need to know
who is the consumer of the data. In this example, the
consumers are medical professionals, pharmacists,
biotechnologists, bioinformatics professionals,

biochemists.

We need to identify the usable data, analyze the data, correlate
it, and visualize it in a way that is easy to interpret by the end

users.

What is data visualization and why is it
important?

Data visualization is the graphical representation of data
that helps visually show information hidden behind your

raw data. Further, it helps translate data and information



Visualization ¢ 173

into a visual context. It is the illustration that tells a story
behind the data.

We should not forget that the story component is key. Data
visualization without a message is not information at all.

It’s just data.

Visualization makes data easier and natural for us to
comprehend, understand and pull insights. Using visual
elements like plots, charts, graphs, and maps, data
visualization provides an accessible way to see and
understand trends, outliers, and patterns in your large

business data sets you store into your data lakehouse.

It is all about selecting what information to share, as well as

how to share it.

These are the two fundamental choices in the creation of a
visualization. Analysts do data visualization to deliver
data in wuseful and appealing ways to wusers. Data
visualization is about presenting large amounts of
information in ways that are universally understandable or
easy to interpret and spot patterns, trends, and correlations
that directly help the end user extract all beneficial
meaning out of their pile of data. Visuals and diagrams
certainly make it easier for us to identify strongly-

correlated parameters.
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Difference between data visualization, data
analysis, and data interpretation

Data analysis is the process of bringing order and structure
to collected data. It turns data into information teams use
for various purposes, including visualization. Analysis is
done wusing systematic methods to look for trends,
groupings, or other relationships between different types
of data. As discussed earlier, data visualization is the
process of putting data into a graphical representation like
a chart, graph, or other visual format that helps inform
analysis and interpretation for better comprehension and
understanding by a human brain. Data visuals present the
analyzed data in ways that are accessible to and engage
different stakeholders. Multiple visuals will likely be
needed to understand the larger change process and

inform data use. Common data visual formats include:

e Frequency tables

e Cross-tabulation tables
e Bar charts

e Line graphs

e Pie charts

e Bubble charts

e DPictures

e Heat maps

e Scatter graphs

e Plots
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Data interpretation is the process of attaching meaning to
the data. Interpretation requires making conclusions about
generalization, correlation, and causation, and answers
key learning questions about your project. These three
processes are not usually linear—they don’t follow each
other in an orderly process. Instead, they support, inform,
and influence each other, resulting in super-rich and
extremely useful data for any intended purpose or

business.
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Figure 10-2. Commonly used visuals.

Figure 10-3 shows a few specially used visuals.

Correlation diagram

Correlation graph extract

between two entities with from a medical data set

a root representation
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Figure 10-3. A few specially used visuals.

Aduantage of data visualization

The advantages of data visualization are many, and the
common theme is that data visualization makes numbers

accessible to everyone. For example, a CEO with minimal
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finance experience may not understand financial
statements, but he will easily understand a negative bar
chart! It's easier to display numbers with images. Though
we should note here that data visualization is not limited
to numbers—visualization can be done for text, context,

and more. Numbers are the key behind visuals.

Another example is a sun next to the temperature to
indicate warm weather or a dark cloud or water droplets
to indicate rain. You might see a line chart to show GDP or
population over time, or maybe a pie chart to show the

number of men versus women who get COVID in Spain.

Moreover, imagine your state government wants to
influence you by showing that their policies have helped
improve the community. They want to show citizens that
crime rates, death rates, and violence have all decreased
since they have been in office. In this case, the best way to
do so would be to show a line graph with a decrease over

time for these variables.

As a list, here are some pros of data visualization that we’ll

explore further one-by-one:

e Ease of communication

e Attention earner

e Brings credibility

e Memorable or easy to remember

e Message enhancer
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Ease of communication

Ease of communication means how easily, conveniently,
or effortlessly you are communicating to the viewer what
you want to show through your visual representation of
data. There should be an obvious communicative value
that comes from using data visualizations. It should be
simply easier to understand rates and relationships when
we express them visually. At the same time, we can use
colors and simple labels to make the image even easier to
understand. For example, this dashboard created on top of
a lakehouse shows the Voice of Customers for a hospitality

client (data and name scrambled for anonymity reasons).

®

Eroad Classification Classificstion of Object Sentiment Classification Sentiment Object v SentimentTrigger Y [ e
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Figure 10-4. The gauge indicator at the center of the dashboard shows
that the negative sentiment of customers is on the borderline of
the direct business impact (it is at the end of the green and about
to enter the yellow zone). It is assumed here that up to 20% is a
green zone and beyond that is a matter of concern for the
business, and above 40% is dangerous for the hospitality or

restaurant business.
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Figure 10-5. A visualization page shows the Happiness index for

another chain of restaurants in a city.
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Figure 10-6. The overall monthly performance in terms of average
ratings by the customers on various parameters of a hospitality

business.

FoOD

Figure 10-7. The Food rating by customers for a reputed restaurant of

the city.
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Figure 10-8. Even for a reputed restaurant, some factors bring in
negative sentiments in their customers’ feedback. Those who
understood its importance on time and acted judiciously are
doing well. Those who ignored its importance are doomed and
out of business.

Attention earner

Your visuals should get the attention of the users. There’s a
good portion of the population that doesn’t feel
comfortable with numbers and numerical analysis. In fact,
if you try to communicate relationships using any metric
more complex than “rate” or “percent,” you could lose a

huge portion of your readers.

It's not because they’re not intelligent. It might be because

they just aren’t interested in that kind of information—you
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simply don’t earn their attention by doing so. But suppose
you're able to display the relationship you want in a
simple data visualization. In that case, you earn their
thoughts and concentration, even for just a few moments

or till they need to interpret, correlate, and consume.

Data visualization’s key responsibilities and challenges
include the obligation to earn your audience’s attention —do

not take it for granted.
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Figure 10-9. This screenshot of a dashboard-based visualization is

from the health insurance domain. Facility, also known as
hospital or healthcare provider, extends services to beneficiaries
(patients). For services extended to patients, facilities must
submit the incurred expenses as claims to the payers (insurance
companies or the government). So, this dashboard shows the

Facility Claim Analytics portion.

It gives the options of data filtration and shows that out of

“Total Claim,” how much is the “Payable” amount, how
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much was “Denied,” and how much was the “Discount”
on the overall claims? Depending on the agreement,
discounts may vary from service to service or can be
applied to the overall claim. Those two colorful dial
gauges well placed within the dashboard work as
“Attention Earner or Attention Grabber” and say whether
the “Payable Amount” is judiciously and genuinely within
the ideal range (in this case, about 80%). If the payable
amount is below 80% of total claims, there are more denial
and discounts than usual in the system. Hence, it may
require re-checking to confirm that the payable is justified
for that specific period (from 1+ Jan 2020 to 31%t Dec 2020).
If it is below 60% of the total claim, then management
needs to be on alert because more than 40% or rejection of
claims or discounts is a concern and serious “attention
earner.” It clearly says that something is wrong in claims
for that period. They need to investigate why so many

claim rejections occurred?

At another hand, the right-hand side colorful dial gauge
shows the “Denial Amount.” The denial is within 20%
range, so it might be justified (subject to the industry and
conditions). But the moment the Denial/Rejection of claims
crosses that 20% threshold, it becomes “Attention Earner,”
and that may need verification or cross-checks. But once
the denial of claim crosses the 40% mark, it is a serious
“Attention Earner.” In such cases, management needs to

investigate the claims of that period thoroughly. They
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should be convinced or satisfied with all the denial or
rejection reasons. They should know that whether those
denials were genuine or a blunder or mistake. If it is a

mistake, they need to take corrective actions to fix it.

Brings credibility

Data visualization adds credibility to any message. It is
well quoted in the past by various famous thinkers that the
idea that a medium of communication changes the way the
reader interprets it in the field of communication. Think

about these three different media of communication:

o Text
e Television

e Digital radio or podcast

They focus on three different senses. A media can either be
‘hot” or ‘cold’. Hot media requires very little cognitive
participation by its audience. However, cold media
requires much cognitive participation by its audience. You
can say that text is hot media, but a digital radio or a
podcast is cold media. Text doesn’t require the reader ‘fill

the gaps,” however, a digital radio or a podcast does.

Data visualizations are incredibly cold mediums because
they require a lot of interpretation and participation from
the audience. While boring numbers are authoritative, data

visualization is inclusive.
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Data visualizations absorb the viewer in the chart and
communicate the author’s credibility through active
participation. Like a good teacher, they walk the reader
through the thought process and convince him/her effortlessly.

Memorable

Visualization that is memorable or that leaves a long-
lasting impression on your memory is more effective and

complete.

Do you remember the exact word you read in a text last
time? Do you recall an exact figure about an important
topic? I don’t remember either! However, I can easily still
remember the dashboard we looked at earlier with a
“denial amount” that was in the yellow zone and a denial

of claim with more than a 20% threshold.
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Figure 10-10. Perhaps the most important advantage of data

visualizations is how easy they are to remember.
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Message enhancer

The right data visualization works wonders to enhance the
message you want your audience to get across. More than
just memorable, the right graph communicates how you
want data to be communicated to your audience. For
example, two people looking at raw data see two different
stories, and they build graphs to communicate their

message.
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Figure 10-11. The denied amount is 5.76 million.

O

Figure 10-12. This dial gauge shows the same message.

We can clearly see that the dial gauge visual is more
powerful and convincing to management or the end user.
The following figure, therefore, works as a “message

enhancer.”

However, both visuals show the same thing, same number,
and same figure. But one is just a boring number, and
another is an alarm or attention grabber used here as a

“message enhancer.”
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Figure 10-13. Both figures were part of the same dashboard, but one

simply shows the boring numbers to complete the calculation for
number buffs (users who love to play with the numbers). And
another for the management that needs to be alerted for anything

wrong with that number!

Facility Claim Analytics
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Figure 10-14. Message enhancer.
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Importance of filters in visualization

Filters give you the freedom to pan across and the
opportunity to visualize more. It reduces the unnecessary
clutter in your visualization, helps maintain the hygiene
and purpose of the visualization, and gives more flexibility

to select, verify, correlate, and cross-verify.

@ V&

Figure 10-15. A few filter options frequently used in visualizations.

Filters can be time, entity, or attributes of the subject to be

visualized.
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Figure 10-16. The filter can help utilize the same visualization in
multiple ways by applying different filters on the same

visualization.
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Various data lakehouse architectures-based frameworks
available in the market provide open APIs for direct access

to files with SQL, R, Python, and other languages.

For example, Databricks supports various types of
visualizations out of the box using the display and
displayHTML functions. Databricks also natively supports
visualization libraries in Python and R and lets you install

and use third-party libraries.

Once you have your data lakehouse, visualization is
possible by languages too. Python, R, Scala, and SQL are
very good companions for visualizing data directly from

your data lakehouse.






CHAPTER 11

Data Lineage in the Data
Lakehouse Architecture

ne day a financial analyst is asked to go out and

create a report for management. Management

asks, “What has been our corporate revenue for
July?”

The analyst searches a database and finds that corporate
revenue for July was $2,908,472.00. Management looks at
the report and becomes irate. Management says that can’t
be the right number. The credibility of the work the
financial analyst has done comes into question. In a state of
desperation, the analyst sets out to determine the accuracy
of the number reported to management. The analyst finds

the number in a database full of other KPlIs.

Corporate monthly revenue
July: $2,908,472

The analyst then asks the question —how was this number
in the KPI database calculated? In fact, what does this
number mean? The number can mean booked revenue,

projected revenue, or actual cash revenue, depending on

191
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who is asked. The analyst is surprised to discover that

these numbers are three very different things.

Just looking at the final value that has been calculated tells
you almost nothing. To be useful, you have to know
exactly what has been calculated, what data was used in
the calculation, and how the calculation was done. When
the analyst starts to investigate, the analyst finds out that
the calculation of the number results from a circuitous

path of previously made calculations and data movements.

The chain of calculations

The start of the chain of calculations is a payment made in
Matamoros, Mexico, and is in Mexican pesos. Before the
payment can be entered into the organization's books, it
must be converted from pesos t dollars.

Collected payment
Reported to IRS

\
deposi
p\ t /

Combined
Revenue
statement
exchange /
Bank Corporate book

commission

Figure 11-1. Then there is a banker’s commission on the handling of
the payment that must be calculated. Then there is a transfer fee.
Only after all these things are done does the payment enter the
corporate books. By this time, the collected payment value is very

different from the received money into the corporate account.
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The circuitous route that has been described is but one of
many paths that information goes through. Inside the
organization, the information flows from one system to the
next. By the time any piece of data reaches a database, the
data may have gone through many selections and

transformations.

The circuitous flow that has been described is true in one
way or another for almost every type of data—not just
revenue. For example, consider the flow of demographic
data through a geographical system. Data is collected in
Dallas, Texas. From Dallas, the information flows into a
county collection agency. Next, the information flows from
the county collection into a regional collection, then into a
state collection, a national collection, and a North

American collection.

Texas North
American

Arant \ Is this what you want?
County Is this what you really
think it is?
Dallas
USA

Southwest
region

Figure 11-2. At every level, the data passes through a selection and
calculation process. When the data arrives at the highest level,
there is no telling what the data represents. Different cities may
use different algorithms along the way. Houston may calculate
things differently from Dallas. And Austin may have their own
selection and calculation. By the time the data reaches a high
level, all sorts of data may be mixed together based on all sorts of

calculations.
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Selection of data

And the passing of data from one station to the next is not
the only issue with the integrity of the data. There is also
the issue of the selection of data. For example, it is one
thing to say that you have corporate payments. But are
there some types of corporate payments that have been
missed? Does Dallas have the same selection criteria for

payments as Houston? As El Paso? As Austin?

It is normal for there to be different selection processes

throughout a large infrastructure.

Texas North
American

Arant \ How do you know
County what revenues were
included/excluded
Dallas in Dallas?
USA

Southwest
region

Figure 11-3. If there are different selection criteria in different places,

how can the summarized number be accurate? Or even understood?

Algorithmic differences

And the selection criteria for data is not the only issue.
Every time data passes through an algorithm, there is the
chance that the data is calculated differently, from one

algorithm to the next.
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Texas North
American

""" Tarrant

-»
County o \. /
You need to know the
Dallas algorithms used

USA throughout the entire
process
Southwest
region

Figure 11-4. To have iron clad consistency of the data, every algorithm

the data passes through must be known and synchronized.

The process of passing data through many systems
illustrates what happens to data inside the organization.
For the analyst to have confidence in his/her information,
the analyst needs to have the information along with its
lineage. In the case of structured information, the kinds of

lineage that are required are:

e The step of processing that is being described

e The name of the data being considered

e The algorithm identification that the data has
passed through

e The date the algorithm was executed

e The selection criteria for the data passing into the

algorithm

The lineage information required is needed for each step that
the data passes through. It is not sufficient to merely
document one or two steps. Instead, we need the lineage

documentation for all steps.
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Lineage for the textual environment

Lineage information is needed throughout the data
lakehouse. Lineage information is needed not just for
structured information, but also for textual data. The good
news is that lineage information for textual data is much
easier to locate and manage than lineage information in a
structured environment. The reason lineage information is
easier to handle in the textual environment is that lineage

information is regularly captured by textual ETL.

Email - Date: Aug 13

Dear John

I thought you would like to hear that the new company is doing really well
We incorporated in January and made our first sale in March. Then we

Brought on our new CEO in April. She has been a Godsend. She has
Opened doors for us with the major investment firms in Hawaii and New
Zealand. Then we moved our offices to Sydney Australia. From the we
Started new acquisitions in Singapore and Viet Nam. WE expect to
Double our sales in second quarter of next year.

When

Where
Author
Taxonomy

Date of transformation

Figure 11-5. When text is passed through textual ETL.

One of the byproducts of passing raw text through textual
ETL is capturing and storing the metadata that is part of
the document. This makes it natural and easy for
organizations to capture and store lineage information

from text.
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Lineage for the other unstructured
environment

The third type of data in the data lakehouse is other
unstructured data. The data lineage for other unstructured
data is just as necessary as for the other environments, but

nevertheless quite different.

It is normal for much of the data created for the other
unstructured environment to be created by machine. This
is because machine measurements are made continuously.
At the start of collecting other unstructured information,
an identification of the machine making the run and the

date of the run is typically captured.

[ T

XX 7774

Machine number
Date

Batch number
Sequence
Operator

Figure 11-6. Each of the measurements is captured in a database that
ultimately finds its way into the data lakehouse. The
measurements of lineage all relate to this origin of other

unstructured data.

The other unstructured data lineage information typically

consists of:
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e Machine number —the specific machine making or
monitoring the part or equipment being made

e The date the part or equipment was made or
monitored

e The batch number the part is associated with

e The sequence of the part in the batch being
monitored

¢ The name of the operator of the equipment

Of course, the specifics of the lineage information in the
other unstructured environment will vary from one type of
equipment to another. The specifics for lineage
information for other unstructured information shown

here are only suggestions.

Data lineage

However it is done, the specification and the disclosure of
the data lineage is an important piece of information for
the data lakehouse.

structured textual other unstructured
I
Step number When Machine number
Data name Where Date
Algorithm id Author Batch number
Date executed Taxonomy Sequence
Selection criteria Date of transformation Operator

Number of records

Figure 11-7. Data lineage is absolutely necessary for the analyst to

understand how to do analysis properly.



structured

City level step 1
Res tax receipts
Collector

June 28

All residents
56,023 records

County level — step 2
Tax receipts

County collection

Jul 15
Resident/businesses
289,239

State level — step 3
Combined tax receipts
Jul 30

Tax calculation

All — res/bus/other
12,983,558
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textual

Sept 29

Norfolk, Virginia
Donald Trump
speech

Political taxonomy
Oct 14

other unstructured

Rotator

Nov 12

Batch 236
Sequence 2598
Operator - Gilbert

Figure 11-8. An example of how some actual lineage information

might look.






CHAPTER 12

Probability of Access in the
Data Lakehouse Architecture

onsider the query that has to search through a lot
of data to find a single record. Of course, we can
build an index to avoid having to do a sequential
search. But what if the query is run only on an infrequent
basis. If the query is done infrequently, building an index
to service the request makes no sense. Or what if the
structure of the data does not support indexing? Worse
case, the search through the database must be done

sequentially, from one unit of data to the next.

Figure 12-1. Finding the needle in the haystack.

There are several challenges to finding the needle in the
haystack. The first challenge is that of complexity. The
logic to find the record supplied by the end user and the

201
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programmer to find the record may be fierce. And
however it is done, the system’s work required to execute
a large, sequential search is enormous. If an index is built,
there is the overhead of the maintenance and the creation
of the index. If there is no index, there is the overhead of
having to search many records sequentially. We should

avoid large sequential searches for needles in the haystack.

Efficient arrangement of data

It is much more efficient and much simpler to arrange to
have the data that is needed to be located in a closely

contiguous, easy-to-find manner.

) T

Figure 12-2. Efficient and simple access of data.

In this case, the data is organized so that the needed
records are near each other. As such, the records are easy

to search and efficient to find.

It may be farfetched that such a change in architectural
approaches is difficult to achieve—either an efficient way
to organize data or an inefficient method. But in actuality,

it is easy to achieve this arrangement of data.
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Figure 12-3. Two very different ways to organize the same data.

Probability of access

The way to physically arrange the data is in accordance
with its probability of access. When you look at any large
body of data, you find that some data is frequently
accessed and other data is infrequently accessed. This

phenomenon occurs with all bodies of data.

High probability
of access

Low probability
of access

Figure 12-4. Some data is popular to access and process, and other data
is not so popular. The data that is not popular is often called

“dormant data.”
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The criterion for discerning where the dividing line
between the two types of data is different for every
organization. However, some common criteria for

determining where data is or is not accessed are:

e How old is the data? Current data is almost always
accessed more frequently than older, dormant data.

e What types of data are accessed more frequently?
An experienced engineer can tell you how to use
data to troubleshoot a manufacturing process. The
experienced engineer knows what types of data to

look for and what types of data to ignore.

High probability

More current/
of access

Certain types of data

Low probability

Older data/
of access

Other types of data

Figure 12-5. Criteria used to discern the dividing line between the

different types of data.

Different types of data in the data
lakehouse

The need to discern between different types of data is
different in the data lakehouse environment. The data

lakehouse contains three essentially different types of data:
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structured, textual, and other unstructured data. The sheer
volume of these different types of data is very different.
There is little structured data in the lakehouse. There is
more textual data in the lakehouse than structured data.
And there is a lot of other unstructured data in the
lakehouse, more than that found in the structured or

textual environment.

The process of dividing data along the lines of differences
in terms of access probability is called the “segmentation
of data.”

Relative data volume differences

structured textual other unstructured

The relative volumes of data

Figure 12-6. The relative differences in the volumes of data found in

each environment.
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Because of the different volumes of data found in the
lakehouse, the segmentation of data based on probability
of access must be applied to other unstructured data. It is
less important that the technique of segmentation be
applied to textual data. And it may or may not be
necessary to apply the technique of segmentation to the
structured data.

structured textual Other unstructured

Dormant data in the different environments

Figure 12-7. The differences between active data and dormant data in

the data lakehouse environment.

Aduantages of segmentation

There are many good reasons for segmenting data in the
data lakehouse based on the probability of access. But the

two most important reasons are:
1. By segmenting data, the data is simpler to process

2. By segmenting data, there can be a considerable

saving in storage costs and processing costs



Probability of Access ¢ 207

Using bulk storage

High performance
storage

Bulk storage

Figure 12-8. By dividing the data along the lines of highly used data
and dormant data, the designer can take advantage of significant
differences in storage costs. Expensive high-performance storage
can be used for popular data, whereas less expensive storage can

be used for dormant data.

It is simply true that dormant data will be slower and
more cumbersome to access and analyze. But given the
fact that it is rarely analyzed, this limitation is not much of

a burden.

Incidental indexes

However, if there is a need to expedite processing in the
dormant data environment, the designer can always create

one or more incidental indexes. An incidental index is an
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index that is not created for a specific need but is created

for expediting potential needs that may arise in the future.

And certainly, more than one incidental index can be

created for dormant data.

Since many records are found in the dormant data
environment, creating an incidental index is a slow and
tedious process. That's the bad news. The good news is
that these indexes are created in the background, where

there is no rush to create the index.

Incidental indexes

Figure 12-9. When it comes time to analyze dormant data, the

incidental index is there waiting to be used.



CHAPTER 13

Crossing the Chasm

he essence of the data lakehouse is the mixture of
different kinds of data. Each type of data has its
own distinct properties and serves different

communities with different business purposes.

It is true that the different kinds of data can be placed in
the data lakehouse and can be used to serve only their
individual constituents. But there may be even greater
value when the data in the lakehouse serves multiple

communities at the same time.

Merging data

It is necessary to merge the data for more than one
community of users to be served by more than one type of
data. In the simplest of cases, a simple join is required. In

more complex cases, creativity is required.

209
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text u
]

transactions \\

Analog/loT

Figure 13-1. The problem is that the data in the data lakehouse is

widely variant in form and content.

Different Rinds of data

The first and most immediate challenge in merging the
different kinds of data found in the data lakehouse is that
the data format in the different environments varies quite
a lot. For example, text is placed into a standard database
format compatible with structured, transaction-based data
using textual ETL. In that regard, mixing the format of
structured data and textual data is quite simple. But the
key structure of transaction-based data may or may not be
compatible with the key structure of textual data. In some
cases, there is compatibility. In other cases, there is no

compatibility whatsoever.

The analog/IoT data format is usually very different from

either textual data or transaction-based structured data.
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And the key structure of analog/IoT data is normally very

different from transaction-based or textual-based data.

A real challenge is merely getting through the different types
of data formats and finding common ground on which to base

analysis.

Different business needs

But an even greater challenge of using combined
lakehouse data lies in combining the different types of data
to meet a business need. It is like taking an Inuit Eskimo
from Alaska, a tribesman from New Guinea, and a camel
herder from Egypt, and mixing them together. There
simply is very little cultural similarity between the three
types of people. As a result, communication and

cooperation become a challenge.

Crossing the chasm

To make full use of the data found in the data lakehouse, it
is necessary to cross the chasm of technology and business

functionality that separates the different environments.
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text

transactions Analog/loT

Figure 13-2. There is a chasm between the different kinds of data.

direct

dl
transactions e
< indirect

Analog/loT

vy

Figure 13-3. There are two distinct ways to cross the chasm. There is

the direct approach and the indirect approach.

Each of the different types of data has their own unique
characteristics. In the direct approach, data is simply
moved from one environment to the next. Then, a match is
made on a key and the data is linked together (if, in fact, a
match can be made at all). To make sense of the resulting
merged data, there needs to be a common key structure
between the different environments. If there is no common
key between the two environments, it is almost impossible

for the data to be meaningfully merged and analyzed.
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When there is a common key among the different
environments, the common key that is likely to exist can
take many forms—product, name, Social Security Number,

address, state, time, and so on.

The blending of the data found in the data lake that is
done indirectly is much more powerful and useful than the
direct blending of data. And there are many forms that the

indirect blending of data can take.

Consider a simple example to understand how different
data types from the data lakehouse can be indirectly
blended together.

manufacturing

Marketing/ customer
SEIES

Figure 13-4. Suppose there were three entities: a body of customers, a
company with a marketing and sales organization, and a

company’s manufacturing arm.

The customer makes their voice heard in many ways.
Email is one channel that the customer uses. Another

channel is the Internet. Yet another is the call centers that
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most organizations have. In each of these channels, the
customer expresses his/her opinion. And the customer has
opinions about everything. For example, the customer has
opinions about the cost of things, how to install things,
power outages, the weather, the quality of a product or
service, the color of a product, and so on. And in a small or
a large way, each of these opinions is valuable to the

company.

text . *—— call center customer

internet \
\

email
\

Figure 13-5. However they are expressed, these customer opinions are

captured in the form of text.

The manufacturing arm of the organization generates its
own data. One of the places where that data is generated is
in producing the product made by the organization. The
machines used to produce the product generate
measurements of all sorts of things. The speed of
manufacture, the quality of manufacturing, the content of
the goods being manufactured, the flow of progress to the

final product—are all measured.
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manufacturing

machlne
/ |
machine
\ / machine
Analog/ IoT

Figure 13-6. These measurements are gathered into an analog/IoT

database.

The third place that data is generated is in the marketing
and sales arm of the organization. One of the places where
data is generated is in the transaction created by making a
sale. The date of the sale, who the customer is, the sales
price, the salesperson, and the sale location are just some

of the information created by the sales activity.

Marketing/ BN ]

Sales
- - N

\ \W
sale —> I'E Transaction
D

Record

Figure 13-7. These sales information units of data are directed to a

database.
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manufacturing

e
machme

machme
‘//
Analog/loT
. Tt ~
Marketing/ Nl N
Sales \ :
—~Ea N\ text“\\ Call center Customer
\ \‘Emmﬂm internet
A \
— |
— Record email ~

Figure 13-8. The voice of the customer is heard, and the results are fed
to marketing and sales. Marketing and sales then make
adjustments to the products produced and adjustments as to how
the products are marketed. The result of the adjustments that
marketing and sales make ultimately show up in new sales

transactions.

T > manufacturing

g
l

machme
machine
machine

Anal og/IoT

Marketing/
Sales
text . “—— call center customer

internet

email ~

Figure 13-9. The sales transactions are measured and the results are
fed to manufacturing. Manufacturing then adjusts schedules,

objectives, and the roadmap based on actual sales.
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manufacturing
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Analog/IoT
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Marketing/ —r
SEICH]
—~Ea \\« text . *——— call center customer
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Figure 13-10. The manufacturing data is fed to the marketing and
sales department. The kind of data that is fed includes shipment
dates, order completion dates, advisories of delays, information
about quality, and so forth. Marketing and sales use this
information in sales forecasts, delivery scheduling, contracts, and
so forth.

manufacturing

.

i
=

- =m

Analog/loT

The data lakehouse

Marketing/
Sales

text *—— call center customer

™~

email

Figure 13-11. As the data is collected from different sources, it is
loaded in the data lakehouse.
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The scenario depicted here reflects many organizations but
certainly not all organizations. However, there is an
indirect marketing loop for other types of organizations

that is similar to the one described.

event

decision

analysis

The data lakehouse

Figure 13-12. The indirect feedback loop that the data participates in
looks like this.

Data—in whatever form it is in—is taken from the
lakehouse. Analysis is done leading to a decision. A
decision is made, and the decision leads to some sort of
event. The event generates data which is then fed back into
the data lakehouse. This then is the indirect path taken by
the data found in the data lakehouse. Thus, the chasm of
data found in the data lakehouse has been crossed in a

very indirect fashion.



CHAPTER 14

Managing Volumes of Data
in the Data Lakehouse

here are many challenges to the economic and
technical management of the data lakehouse. One
of the largest challenges is managing the sheer
volume of data collected in the data lakehouse. There are
lots of reasons why there are large volumes of data that are

aimed at the data lakehouse:

e Data needs to be collected over time —there may be
five years, ten years, and even more data in the
data lakehouse

e Data needs to be collected at a low level of
granularity in the data lakehouse —the low level of
granularity implies that there will be lots of units of
data that are collected

e Datais generated from a wide variety of sources,
including text, analog, and IoT —the sources of data

are almost endless

There is then an avalanche of data headed for the data

lakehouse.

219
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transactions

Analog/loT

Figure 14-1. An avalanche of data.

Distribution of the volumes of data

The volumes of data found in the data lakehouse are not
normally distributed evenly. Usually, the least amount of
data is structured, transaction-based data. Then there is
textual data. Then having the most amount of data in the

data lakehouse is the analog/IoT environment.

structured textual Other unstructured
e T ———

Relative volumes of data

Figure 14-2. The volumes of data found in the data lakehouse are not

normally distributed evenly.
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And throughout all the levels, the phenomenon of
dormant data being found in a large volume of data is
always present. Whether there is structured data, textual
data, or analog data, there is always dormant data found

in any large collection of data.

structured textual Other unstructured

E—— |

Dormant data in the different environments

Figure 14-3. How much dormant data is there, where is it located, and

how fast is it growing?

High performance/bulk storage of data

Because there is dormant data in the data lakehouse, it is
convenient that there are different types of storage media
for data. There is high-performance storage data and there

is bulk storage of data.

Data needs to be distributed over the different types of
storage based on the probability of data access. The high
probability of access data needs to be placed in high-
performance storage, and the low probability of access

data needs to be placed in bulk storage.
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High performance
storage

Figure 14-4. High-performance storage allows data to be accessed

quickly but is expensive. Bulk storage does not allow data to be

accessed quickly, but bulk storage data is inexpensive.

This storage arrangement is good for the efficient access of
data and for the economics of storing data. When data is

placed as described, it is said to be “segmented.”

High probability of
access

(ﬁ Low probability

Of access
Figure 14-5. From a strategic standpoint, segmenting data is the best

practice that to manage large volumes of data.

Incidental indexes and summarization

However, other practices can be employed to manage
large volumes of data. One of those practices is the
creation of “incidental” indexes. Incidental indexes are

created by background processes that are run against the
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bulk data when not in use. Incidental indexes are for the

low probability access data.

-
/ -

® -

—

Figure 14-6. Creating one or more incidental indexes can save
enormous amounts of time if the need to access bulk data ever
arises. And given that one or more incidental indexes are created
in background processing, it is inexpensive and not inconvenient

to do the processing necessary to build the incidental indexes.

Another technique to manage large volumes of data is the
judicious use of summarizations or aggregations. Used
strategically, summarizations can minimize the need for
searching large amounts of data. In many cases, it makes
sense to place summary data in high-performance storage
and to place the underlying detail in low probability

iR

Figure 14-7. Summarization is often a good idea.
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I
3

Figure 14-8. The summarized data is placed in high-performance

storage.

Periodic filtering

Another approach to the management of large amounts of
data is to employ periodic filtering of data. Monthly,
quarterly, or annually the data is filtered from high-
performance storage to lower performance storage based

on the age of the data. As data ages, it is less in demand.

. e
L Y

Figure 14-9. Periodic filtering of data is useful.

Although filtering can be done based on data other than

date, date is the most common criteria for filtering data.
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Tokenization of data

Another more Draconian approach to the management of
large volumes of data is that of tokenization of data. In
tokenization, data values are replaced by shorter values.
For example, the word “Pennsylvania” can be replaced by
“PA.” While tokenization can reduce the volume of data
significantly, tokenization introduces problems on data
access and analysis. To analyze the data, the tokenized
data must be converted back to its original state, which in
many ways defeats the whole purpose of tokenization. For

this reason, tokenization is an extreme measure:

Pennsylvania—PA

Babe Ruth—BR

James Dean—JD
Argentina—AR
Wednesday—WD
Arlington Cemetery—AC
November—NO

Separating text and databases

In the same vein, when it comes to textual data, one
strategy to reduce the volume of data needed is to place
the contextualized data in high-performance storage and
place the underlying text in bulk storage. Again, this
arrangement works nicely as long as there is no great need

to cross the boundaries of storage types frequently.
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Textual
ETL

B
v &

Figure 14-10. Raw text is placed in bulk storage; the database is placed

in high-performance storage.

Archival storage

And finally, there is archival storage, which can store data
as it moves out of bulk storage. As a rule, archival storage
is less expensive than bulk storage but is much more
awkward in the usage of the storage. Therefore, if there is
any reasonable probability of access, data should not be

placed in archival storage.

. High performance

Bulk storage

IIIIIII Archival storage

Figure 14-11. A third level of storage further alleviates the issues of

massive volumes of data.
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Monitoring activity

Yet another approach to managing very large volumes of
data is monitoring the activity going against the data. By
monitoring the activity going against the data, the analyst
has a very precise idea of what data should be placed in

bulk storage and what data should be placed elsewhere.

D

query

—
@ -

Figure 14-12. Monitoring activity against the data lakehouse.

Parallel processing

Another approach to managing large volumes of data is
that of parallelizing the processing that needs to occur. The
notion behind parallelizing the processing of data is that if

one processor takes an hour to process data, then two
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processors will take half an hour to process the same data.
And parallel processing indeed reduces the amount of

time required to process a workload.

But there is a limitation to parallel processing, and that
limitation is that parallel processing only reduces the total
length of time that is required to process data. Thus,
parallel processing actually raises the cost of processing
significantly. Nevertheless, parallelizing a workflow can

reduce the time required to process data.

\ \ l l l l l |
\ \ \ \ \ \ \ \
N B B N B N B
Figure 14-13. Parallelization reduces total processing time but

increases expense.



CHAPTER 15

Data Governance and the
LakRehouse

he evolution to the data lakehouse is centered
around data. Data today is the primary asset in an
organization where an asset is an economic
resource that is owned, controlled, or measured to produce
value. The most common is structured data. However,
other types of data include textual data, which does not
contain structure, and other unstructured data such as IoT
and analog data. This chapter will discuss some key
concepts and components of data governance to ensure the

most value through data.

Purpose of data governance

Data governance is about providing oversight to ensure
the data brings value and supports the business strategy,
which is the high-level business plan to achieve the
business goals. Data governance is important to protect the
needs of all stakeholders. Unfortunately, many

organizations focus too much on the architecture and lose
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sight of data and how the data supports the business goals
or stakeholder needs. Data governance aligns data-related
requirements to the business strategy using a framework
across people, processes, technology, and data focusing on

culture to support the business goals and objectives.

Data

Governance

CULTURE

Figure 15-1. Data Governance Framework.

While data governance ensures the strategic alignment of
data to support the business strategy for all stakeholders,
data management focuses on activities in compliance with
data governance policies, principles, and standards to
deliver trusted data. Data management activities are
usually project-focused with shorter defined delivery
activities, and data governance is treated as a program to

realize longer-term benefits.

There are many business drivers for data governance,

including minimizing risks, effectively managing costs,
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and increasing revenue. In addition, with the rise of data
breaches, cyber security, and ransomware attacks,
governance can play a key role in understanding what
data assets exist, where data is located, and how it is

managed or protected.

Business Goals

o ()
8 ks
Business Strategy g .S
= DATADRIVEN |5 Strategic
Data Strategy g CULTURE = A||gnment
o c
n 2
3 g

Data
Governance

Figure 15-2. Data governance and business strategy alignment.

For example, the Equifax data breach in 2017, which
exposed the personal data of 147 million people, could
have been prevented if data governance had been
sponsored by the executive team and implemented across
the organization. Accountabilities across the data lifecycle
could have ensured internal processes and ownership
were followed to protect the data. Under a strategic data
governance umbrella, accountabilities and responsibilities
are defined with appropriate tools and processes to
execute. At the time, the CEO of Equifax was willing to
take a risk and was not willing to invest in a strategic data
governance program. The value of data governance across
all organizations is now better understood from this

unfortunate case.
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Although data governance goals may vary or be unique to
a business, common components fall within the data

governance framework. These may include the following:

e A data governance operating model to define roles,
responsibilities, and accountabilities across the
organization related to data processes

e Principles, policies, procedures, and standards to
guide behaviors and enforce data-related decisions

e Data quality for the best use of the data

¢ Metadata management for data governance
through an understanding of attribute level details

e Data lifecycle management to ensure all phases

support the usage of the data for business value

Data governance provides oversight of the analytical
infrastructure to extract value through the use of all types
of data. The components of data governance support the

priorities to execute the strategy.

Data lifecycle management

For each type of data, it is important to understand the
data lifecycle to identify governance requirements. A
lifecycle is a series of stages the data goes through during
its lifetime. Many organizations have well-defined data

governance processes across the lifecycle for structured
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the

requirements for textual data or other unstructured data

data. However, understanding lifecycle and
must also be considered. For all data types, extracting
value from data occurs in the usage of the data. The usage
of structured data is usually associated with a transaction
that requires trusted data. The usage of textual or other
unstructured data may include building a data science
model or interactive visualization for analysis and
business decisions. Although the value is in the usage,

data governance needs to understand the data lifecycle to

ensure governance at each phase.

Data Lifecycle Phase

Structured

Textual

Other Unstructured

Capture

Is the data source valid?
Authentication?

*  What's the data source?
e Whatis the Context?

e  Trusted content?

Is the data source valid?
Authentication?

Create or generate

. Is data classified?
* Isdata certifiable?

®  Accurate representation of
the source?
e Are there taxonomies?

Permissible use?

Store

. What data is stored or
shared?

. Is stored data protected?

. Is data accessible?
. What needs to be
protected?

What is stored or accessible?

Process or maintain

. Triggers or Rules for
changes

. What data will be
transformed prior to

. What data can be
transformed?

. What data should be
cleansed?

Who approves or needs to know
about changes?

Data compression rules?

dispose of the data? Is the data
concurrent?

dispose of the data?

movement?
Use . Certifiable data sets for . Is the right data available? | e  Available or permissible
use? . Is it in the right format? for use?
. Who should have or . Who should have access, . What are the constraints
approve access? who should approve or limitations?
access
Dispose Is there a policy to archive or Is there a policy to archive or Is there a policy to archive or

dispose of the data?

Table 15-1: A data lifecycle phase and some considerations for each

phase by type of data. To govern data correctly, the data

governance framework (people, process, technology, and data)

will be used across each data lifecycle phase for all data.
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With the Internet of Things, all types of data are being
generated. For example, unstructured data is generated
with every click or internet interaction and may be tied to
an individual’'s digital footprint. With so many data
sources being generated, individual privacy and ethical
concerns must be considered, and governance across the
lifecycle will be required if this data is collected or used by

an organization.

Data privacy and security should be considered in every phase
of the data lifecycle.

Data quality management

Data quality is another important component of data
governance and is becoming more important as Al models
generate more data. For the analytical infrastructure to
support the needs of all end users, including the data
scientist, the quality of the data is critical. For example,
data science has many data dependencies that depend on
quality data. When quality is not considered, bias and

other issues can result in a machine learning solution.

Data quality management processes for structured data are
well-defined for most organizations using a similar
approach as the six sigma DMAIC (Define, Measure,

Analyze, Improve, and Control) methodology. However,
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data quality for unstructured or textual data becomes more
challenging to ensure quality dimensions are met for

trusted results.

Real World
Evidence &
Modeling

Al/
Machine
Learning

Development

Figure 15-3. Data science model dependencies on data governance.

Data quality dimensions include completeness, accuracy,
consistency, validity, uniqueness, timeliness, and integrity.
Another data quality dimension not often discussed is
concurrency. The consistency of the data as it resides in

different locations should always be considered.

As data is extracted, sometimes transformed, and loaded
to a different place, the quality of that data should be
understood. A common definition for quality is ‘fit for
use.” This definition can help support and increase the
value of using unstructured textual data to transform into
a structured format for analytics. When data from a data
lakehouse is used, it is easier to implement standard

quality processes and define data quality rules and
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processes across all types of data when they come

together.

Importance of metadata management

Metadata management is one of the most important data
governance disciplines. Metadata is another type of data
that supports the value in the use of data. There are many
types of metadata, including technical, business, and
administrative metadata. A data dictionary, commonly
known as the repository to manage metadata, defines
attribute-level details such as entities, tables, data sets, and
related fields, columns, and data elements. A data catalog
captures, stores, and retrieves data. As data governance
evolves, metadata can also help manage and implement

data governance policies such as user permissions.

« Structured )
U dT + Transactions
. nstructured Text Requi
quired to create
* Models —
« Other Unstructured
(Examples: video, » KPIs
audio, streaming, loT)
Required
to create
Required to creaIeT

Metadata (Attribute level details)

Required to create

« Analytical Results (reports, dashboards, visualizations)

+ Machine Learning Results

4_

« Data governance processes (example user permissions)

Figure 15-4. A metadata framework related to the importance of

metadata across all types of data.
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Data gouernance over time

Over time, data governance has evolved to align with
changes in the business environment and technology
changes. With this data governance evolution, the
maturity and organizational awareness for the need for
formal data governance has also increased and continues
to increase. As a result, it's estimated the data governance
market will have significant growth in the next five years

as the amount of data grows.

Faster technology processing power and technical

solutions have also driven the need to govern data. In
addition, with the global pandemic in 2019, many
companies quickly learned the importance of digital
transformation to survive. This also has had an impact on

the demands to govern data.
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Types of governance

As data governance maturity increases, the awareness for
the value data governance brings has also increased over
time. Although the awareness and need for data
governance have increased, there is still some confusion
about what data governance is compared to other types of
governance models, such as information governance, BI
governance, cloud governance, or model governance. Data
governance and information governance are often used
interchangeably, as technology advances are closing the
gap. For example, when using unstructured textual data,
there may be policies controlled by information
governance regarding using that data for analytics. The
data governance policies should be aligned to address
unstructured or textual data usage and aligned to the
corporate policies related to compliance and security.
There are similarities on all governance initiatives, as all
focus on meeting business goals and objectives, but here is

a summary of the key differences:

e Data governance provides the strategic vision to
govern the data associated with broad strategic
initiatives

¢ Information governance specializes in records
management and the legal requirements for storing
or using documents or other information such as

writings, drawings, or data compilations
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¢ Business intelligence governance specializes in
governing Bl reports and dashboards

e Data lakehouse or cloud governance monitors and
mitigates risks associated with an IT environment

e Model governance specializes in governing data

science models to minimize model risk or bias

. Regulatory or Customer Driven
External Requirements

Aligns to

Translated & Defined Policies
Corporate Governance required across the Organization
(Compliance, Security)

Aligns to
Data Strategy to support

the business goals and
objectives.

Business Intelligence Infrastructure
Bl Governance and Analytics

Lakehouse or Cloud  [RMGIICIUILE

Model Governance Data Science Models

Figure 15-6. Types of governance.

Data Governance

More Specific, Executable, and Measurable

Aligns to

To ensure the organization complies with regulatory or
other requirements, strategic governance activities are
needed and governance at levels that are more specific,

executable, and measurable.

Data governance across the lakehouse

Data governance will continue to evolve with new

technology-driven data challenges (such as machine
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learning, business intelligence visualizations, knowledge
graphs, Virtual Reality (VR), textual unstructured data
such as Textual ETL, audio, video, and other evolving
technologies. When large amounts of different types of
data come together for end users, such as for the data
scientist or analyst, governance can be difficult to enforce.

Some questions for governance include the following:

e How will the data be used?

e  Where did the data originate?

e What rules were used to transform the data?

e Who has access to the data? Who should or should
not have access?

e Will the data or data products be shared?

e Is there permissible use of the data or data
products?

e Is there trust in the quality of the data for use?

e Is the correct data being used to build a data
product?

e Is the governance permissions model scalable and
flexible to manage access?

e Does the user have the tools to ensure the right

data is being used?

Solutions to address these questions should not be
complex or limit the stakeholders who need access to data.
Lakehouse technology can help with some specific data

governance requirements to better address and govern
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such challenges. In addition, lakehouse technology can

support some important governance solutions including:

e Single and unified permissions model across all
data assets

e Simplified governance process that leverages
existing user rules when new data sources are
added

e Ability to define access controls at a granular level
on tables, fields, and views

e Ability to manage user permissions by user or
group

e Audit logs to review and track actions and
operations using alerts and monitoring capabilities

e Integrated metadata to include descriptive
metadata as well as administrative metadata
through a unified catalog (capture, store and

manage metadata)

Data governance considerations

Data governance governs the data, no matter where it is
located within the scope of the organization. This scope
may expand to third-party providers as defined by

regulatory or external requirements.



242  Building the Data Lakehouse

e Data governance must consider the data lifecycle
for all data types, structured, textual, and other
unstructured

e Using a data lakehouse can support governance
requirements as the amount and type of data to be
governed grows—bringing the data into a central
location can support some governance
requirements

e Data governance must include traditional
governance and current integrated approaches to
govern data as the technology matures—a strategic
governance focus is needed no matter what tools

are implemented
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