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PRAISE FOR BECOMING A DATA HEAD

Big Data, Data Science, Machine Learning, Artificial
Intelligence, Neural Networks, Deep Learning ... It can be
buzzword bingo, but make no mistake, everything is
becoming “datafied” and an understanding of data
problems and the data science toolset is becoming a
requirement for every business person. Alex and Jordan
have put together a must read whether you are just
starting your journey or already in the thick of it. They
made this complex space simple by breaking down the
“data process” into understandable patterns and using
everyday examples and events over our history to make the
concepts relatable.

—Milen Mahadevan, President of 84.51°

What I love about this book is its remarkable breadth of
topics covered, while maintaining a healthy depth in the
content presented for each topic. I believe in the
pedagogical concept of “Talking the Walk,” which means
being able to explain the hard stuff in terms that broad
audiences can grasp. Too many data science books are
either too specialized in taking you down the deep paths of
mathematics and coding (“Walking the Walk”) or too
shallow in over-hyping the content with a plethora of
shallow buzzwords (“Talking the Talk”). You can take a
great walk down the pathways of the data field in Alex and
Jordan's without fear of falling off the path. The journey
and destination are well worth the trip, and the talk.

—Kirk Borne, Data Scientist, Top Worldwide Influencer in Data Science

The most clear, concise, and practical characterization of
working in corporate analytics that I've seen. If you want to



be a killer analyst and ask the right questions, this is for
you.

—KTristen Kehrer, Data Moves Me, LLC, LinkedIn Top Voices in Data
Science & Analytics

THE book that business and technology leaders need to
read to fully understand the potential, power, AND
limitations of data science.

—Jennifer L. L. Morgan, PhD, Analytical Chemist at Procter and Gamble

You've heard it before: “We need to be doing more machine
learning. Why aren't we doing more sophisticated data
science work?” Data science isn't the magic unicorn that
will solve all of your company's problems. Data Head brings
this idea to life by highlighting when data science is (and
isn't) the right approach and the common pitfalls to watch
out for, explaining it all in a way that a data novice can
understand. This book will be my new “pocket reference”
when communicating complicated concepts to non-
technically trained leaders.

—Sandy Steiger, Director, Center for Analytics and Data Science at Miami
University

Individuals and organizations want to be data driven. They
say they are data driven. Becoming a Data Head shows
them how to actually become data driven, without the
assumption of a statistics or data background. This book is
for anyone, or any organization, asking how to bring a data
mindset to the whole company, not just those trained in the
space.

—Eric Weber, Head of Experimentation & Metrics Research, Yelp

What is keeping data science from reaching its true
potential? It is not slow algorithms, lack of data, lack of
computing power, or even lack of data scientists. Becoming
a Data Head tackles the biggest impediment to data



science success—the communication gap between the data
scientist and the executive. Gutman and Goldmeier provide
creative explanations of data science techniques and how
they are used with clear everyday relatable examples.
Managers and executives, and anyone wanting to better
understand data science will learn a lot from this book.
Likewise, data scientists who find it challenging to explain
what they are doing will also find great value in Becoming a
Data Head.

—Jeffrey D. Camm, PhD, Center for Analytics Impact, Wake Forest
University

Becoming a Data Head raises the level of education and
knowledge in an industry desperate for clarity in thinking.
A must read for those working with and within the growing
field of data science and analytics.

—Dr. Stephen Chambal, VP for Corporate Growth at Perduco (DoD
Analytics Company)

Gutman and Goldmeier filter through much of the noise to
break down complex data and statistical concepts we hear
today into basic examples and analogies that stick.
Becoming a Data Head has enabled me to translate my
team's data needs into more tangible business
requirements that make sense for our organization. A great
read if you want to communicate your data more effectively
to drive your business and data science team forward!

—Justin Maurer, Engineering and Data Science Manager at Google

As an aerospace engineer with nearly 15 years experience,
Becoming a Data Head made me aware of not only what I
personally want to learn about data science, but also what I
need to know professionally to operate in a data-rich
environment. This book further discusses how to filter
through often overused terms like artificial intelligence.
This is a book for every mid-level program manager



learning how to navigate the inevitable future of data
science.

—Josh Keener, Aerospace Engineer and Program Manager

A must read for an in-depth understanding of data science
for senior executives.

—Cade Saie, PhD, Chief Data Officer

Gutman and Goldmeier offer practical advice for asking the
right questions, challenging assumptions, and avoiding
common pitfalls. They strike a nice balance between
thoroughly explaining concepts of data science while not
getting lost in the weeds. This book is a useful addition to
the toolbox of any analyst, data scientist, manager,
executive, or anyone else who wants to become more
comfortable with data science.

—]Jeff Bialac, Senior Supply Chain Analyst at Kroger

Gutman and Goldmeier have written a book that is as
useful for applied statisticians and data scientists as it is
for business leaders and technical professionals. In
demystifying these complex statistical topics, they have
also created a common language that bridges the
longstanding communication divide that has — until now —
separated data work from business value.

—Kathleen Maley, Chief Analytics Officer at datazuum
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For my children Allie, William, and Ellen.

Allie was three when she discovered dad was a “doctor.”
Puzzled, she looked at me and said, “But, you don't help
people... .”

In that spirit, I also dedicate this book to you, the reader.

I hope this helps you.
—Alex

For Stephen and Melissa
—Jordan
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Foreword

Becoming a Data Head is well-timed for the current state of
data and analytics within organizations. Let's quickly
review some recent history. A few leading companies have
made effective use of data and analytics to guide their
decisions and actions for several decades, starting in the
1970s. But most ignored this important resource, or left it
hiding in back rooms with little visibility or importance.

But in the early to mid-2000s this situation began to
change, and companies began to get excited about the
potential for data and analytics to transform their business
situations. By the early 2010s, the excitement began to
shift toward “big data,” which originally came from
Internet companies but began to pop up across
sophisticated economies. To deal with the increased volume
and complexity of data, the “data scientist” role arose with
companies—again, first in Silicon Valley, but then
everywhere.

However, just as firms were beginning to adjust to big data,
the emphasis shifted again—around about 2015 to 2018 in
many firms—to a renewed focus on artificial intelligence.
Collecting, storing, and analyzing big data gave way to
machine learning, natural language processing, and
automation.

Embedded within these rapid shifts in focus were a series
of assumptions about data and analytics within
organizations. I am happy to say that Becoming a Data
Head violates many of them, and it's about time. As many
who work with or closely observe these trends are
beginning to admit, we have headed in some unproductive
directions based on these assumptions. For the rest of this



foreword, then, I'll describe five interrelated assumptions
and how the ideas in this book justifiably run counter to
them.

Assumption 1: Analytics, big data, and AI are
wholly different phenomena.

It is assumed by many onlookers that “traditional”
analytics, big data, and Al are separate and different
phenomena. Becoming a Data Head, however, correctly
adopts the view that they are highly interrelated. All of
them involve statistical thinking. Traditional analytics
approaches like regression analysis are used in all
three, as are data visualization techniques. Predictive
analytics is basically the same thing as supervised
machine learning. And most techniques for data
analysis work on any size of dataset. In short, a good
Data Head can work effectively across all three, and
spending a lot of time focusing on the differences
among them isn't terribly productive.

Assumption 2: Data scientists are the only people
who can play in this sandbox.

We have lionized data scientists and have often made
the assumption that they are the only people who can
work effectively with data and analytics. However,
there is a nascent but important move toward the
democratization of these ideas; increasing numbers of
organizations are empowering “citizen data scientists.”
Automated machine learning tools make it easier to
create models that do an excellent job of predicting.
There is still a need, of course, for professional data
scientists to develop new algorithms and check the
work of the citizens who do complex analysis. But
organizations that democratize analytics and data
science—putting their “amateur” Data Heads to work—



can greatly increase their overall use of these
important capabilities.

Assumption 3: Data scientists are “unicorns” who
have all the skills needed for these activities.

We have assumed that data scientists—those trained in
and focused upon the development and coding of
models—are also able to perform all the other tasks
that are required for full implementation of those
models. In other words, we think they are “unicorns”
who can do it all. But such unicorns don't exist at all, or
exist only in small numbers. Data Heads who not only
understand the rudiments of data science, but also
know the business, can manage projects effectively, and
are excellent at building business relationships will be
extremely valuable in data science projects. They can
be productive members of data science teams and
increase the likelihood that data science projects will
lead to business value.

Assumption 4: You need to have a really high
quantitative IQ and lots of training to succeed
with data and analytics.

A related assumption is that in order to do data science
work, a person has to be very well trained in the field
and that a Data Head requires a head that is very good
with numbers. Both quantitative training and aptitude
certainly help, but Becoming a Data Head argues—and
I agree—that a motivated learner can master enough of
data and analytics to be quite useful on data science
projects. This is in part because the general principles
of statistical analysis are by no means rocket science,
and also because “being useful” on data science
projects doesn't require an extremely high level of data
and analytics mastery. Working with professional data
scientists or automated Al programs only requires the



ability and the curiosity to ask good questions, to make
connections between business issues and quantitative
results, and to look out for dubious assumptions.

Assumption 5: If you didn't study mostly
quantitative fields in college or graduate school,
it's too late for you to learn what you need to work
with data and analytics.

This assumption is supported by survey data; in a 2019
survey report from Splunk of about 1300 global
executives, virtually every respondent (98%) agreed
that data skills are important to the jobs of tomorrow.1
81% of the executives agree that data skills are
required to become a senior leader in their companies,
and 85% agree that data skills will become more
valuable in their firms. Nonetheless, 67% say they are
not comfortable accessing or using data themselves,
73% feel that data skills are harder to learn than other
business skills, and 53% believe they are too old to
learn data skills. This “data defeatism” is damaging to
individuals and organizations, and neither the authors
of this book nor I believe it is warranted. Peruse the
pages following this foreword, and you will see that no
rocket science is involved!

So forget these false assumptions, and turn yourself into a
Data Head. You'll become a more valuable employee and
make your organization more successful. This is the way
the world is going, so it's time to get with the program and
learn more about data and analytics. I think you will find
the process—and the reading of Becoming a Data Head—
more rewarding and more pleasant than you may imagine.

Thomas H. Davenport
Distinguished Professor, Babson College
Visiting Professor, Oxford Said Business School



