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Foreword

I met Mike Barlow a couple of years ago at an industry conference
in New York. Our mutual interest in the Industrial Internet of
Things (IIoT) has led to many interesting conversations, and I have
observed some parallels in our experiences as authors.

We have both written about the convergence of key trends such as
big data analytics, digital manufacturing, and high-speed networks.
We both believe in the IIoT’s potential to create new jobs, open new
markets, and usher in a new age of global prosperity.

And both of us are glad he landed on the name Learning to Love
Data Science for his book. He easily could have named it How Data
Science Is Helping Us Build a Better, Safer, and Cleaner World.

Mike and I agree that information captured from machines, fleets of
vehicles, and factories can be harnessed to drive new levels of effi-
ciency and productivity gains. As much as I love data science, what I
love even more is how it can unleash the power of innovation and
creativity across product development, manufacturing, mainte-
nance, and asset performance management.

We’re not talking about ordinary analytics, like the kind that serve
up recommendations when you use a search engine, but the com-
plex physics-based analytics that detect meaningful patterns before
they become an unforeseen problem, pitfall, or missed opportunity.
This enables us to deliver positive outcomes like predicting service
disruptions before they occur, across a wider spectrum of industries,
affecting more people in more places than we could have dreamed
of even three years ago.




Recently, I've read about how data science and advanced analytics
are replacing traditional science. Commentary like, “All you need to
do is look at the data,” or “The data will tell you everything you need
to know,” is espoused without really understanding or appreciating
what is happening in the background.

Data science isn’t “replacing” anything; to the contrary, data science
is adding to our appreciation of the world around us. Data science
helps us make better decisions in a complex universe. And I cannot
imagine a scenario in which the data itself will simply tell you every-
thing you need to know.

In the future, I envision a day in which data science is so thoroughly
embedded into our daily routines that it might seem as though the
data itself is magically generating useful insights. As Arthur C.
Clarke famously observed, “Any sufficiently advanced technology is
indistinguishable from magic.” Perhaps in the future, data science
will indeed seem like magic.

Today, however, heavy lifting of data science is still done by real
people. Personally, I believe human beings will always be in the
loop, helping us interpret streams of information and finding mean-
ing in the numbers. We will move higher up in the food chain, not
be pushed out of the picture by automation. The future of work
enhanced by data will enable us to focus on higher-level tasks.

From my perspective, data is a foundational element in a new and
exciting era of connected devices, real-time analytics, machine
learning, digital manufacturing, synthetic biology, and smart net-
works. At GE, we’re taking a leadership role in driving the IIoT
because we truly believe data will become a natural resource that
ignites the next industrial revolution and helps humanity by making
a positive difference in communities around the world.

How much will the ITIoT contribute to the global economic picture?
There’s a range of estimates. The McKinsey Global Institute esti-
mates it will generate somewhere between $3.4 trillion and $11.1
trillion annually in economic value by 2025. The World Economic
Forum (WEF) predicts it will generate $14.2 trillion in 2030. I think
it’s safe to say we’re on the cusp of something big.

Of course, it involves more than just embracing the next wave of
disruptive innovation and technology. The people, processes, and
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culture around the technology and innovation also have to change.
Frankly, the technology part is easy.

Standing up a couple of Hadoop clusters and building a data lake
doesn’t automatically make your company a data-driven enterprise.
Here’s a brief list of what you’ll really need to think about, under-
stand, and accept:

o How the cultural transformation from analogue to digital
impacts people and fundamentally changes how they use data.

o Why it’s imperative to deliver contextually relevant insights to
people anywhere in the world, precisely when those insights are
needed to achieve real business outcomes.

o Creating minimally viable products and getting them to market
before your competitors know what you're doing.

 Understanding how real machines work in the real world.

o Rewarding extreme teamwork and incenting risk-takers who
know how to create disruptive innovation while staying focused
on long-term strategic goals.

The Industrial Internet of Things isn’t just about data and analytics.
It’s about creating a new wave of operational efficiencies that result
in smarter cities, zero unplanned outages of power and critical
machinery, enormous savings of fuel and energy, and exponentially
better management of natural resources. Achieving those goals
requires more than just programming skills—you also need domain
expertise, business experience, imagination, and the ability to lead.
That’s when the real magic begins.

This collection of reports will expand your understanding of the
opportunities and perils facing us at this particular moment in his-
tory. Consider it your head start on a journey of discovery, as we
traverse the boundary zone between the past, present, and future.

— William Ruh,
Chief Digital Officer,
GE Software
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Editor's Note

This book is a collection of reports that Mike Barlow wrote for
O’Reilly Media in 2013, 2014, and 2015. The reports focused on top-
ics that are generally associated with data science, machine learning,
predictive analytics, and “big data,” a term that has largely fallen
from favor.

Since Mike is a journalist and not a scientist, he approached the
reports from the perspective of a curious outsider. The reports
betray his sense of amused detachment, which is probably the right
way to approach writing about a field like data science, and his ulti-
mate faith in the value of technology, which seems unjustifiably
optimistic.

At any rate, the reports provide valuable snapshots, taken almost
randomly, of a field whose scale, scope, and influence are growing
steadily. Mike’s reports are like dispatches from a battlefield; they
aren’t history, but they provide an interesting and reasonably accu-
rate picture of life on the front lines.

—Michael Loukides,
Vice President, Content
Strategy, O’Reilly Media

Xiii






Preface

I first heard the term “data science” in 2011, during a conversation
with David Smith of Revolution Analytics. David led me to Drew
Conway, whose data science Venn diagram (reproduced with his
permission in Figure 1-1) has acquired the legendary status of an
ancient rune or hieroglyph.

Like its cousin, “big data,” data science is a fuzzy and imprecise
term. But it gets the job done, and there’s something appealing
about appending the word “science” to “data.” It takes the sting out
of both words. As a bonus, it enables the creation of another won-
derful and equally confusing term, “data scientist.”

Confusing is the wrong word. Redundant is a better choice. Science
is inseparable from data. There is no science without data. Calling
someone a “data scientist” is like calling someone a “professional
Major League Baseball player.” All the players in Major League
Baseball are paid to play ball. Therefore, they are professionals, no
matter how poorly they perform on any given day at the ballpark.

That said, the term “data scientist” suggests a certain raffish quality.
Indeed, the early definitions of data science usually included hack-
ing as a foundational element in the process. Maybe that’s why so
many writers think the term “data science” is sexy—it conveys a
sense of the unorthodox. It requires ingenuity, fearlessness, and
deep knowledge of arcane rituals. Like big data, it’s shrouded in

mystery.
That’s exactly the sort of thinking that gets writers excited and

drives editors crazy. Imprecise definitions aside, there’s an audience
for stories about data science. That’s the reason why books like this
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one are published: They feed our need for understanding something
that seems important and yet resists easy explanations.

I certainly hope you find the contents of this book interesting, enter-
taining, and educational. This book won’t teach you how to become
a data scientist, but it will give you fairly a decent idea of the ways in
which data science is fundamentally altering our world, for better
and for worse.

As you might have already guessed, the main audience for this book
isn’t data scientists, per se. I think it’s safe to assume they already
love data science, to one degree or another. This book is written pri-
marily for people who want to learn a bit about data science but
would rather not sign up for an online class or attend a lecture at
their local library.

Careful readers will notice that I rather carelessly use the terms
“data science” and “big data” interchangeably, like the way some
people use the terms “Middle Ages” and “Medieval Period” inter-
changeably. I am guilty as charged, and I hope you can forgive me.
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CHAPTER 1
The Culture of Big Data Analytics

Topline Summary

Hollywood loves the myth of a lone scientist working late nights in
a dark laboratory on a mysterious island, but the truth is far less
melodramatic. Real science is almost always a team sport. Groups
of people, collaborating with other groups of people, are the norm
in science—and data science is no exception to the rule.

When large groups of people work together for extended periods of
time, a culture begins to emerge. This paper, written in the spring
of 2013, was an early attempt at describing the people and processes
of the emerging culture of data science.

It's Not Just About Numbers

Today’s conversational buzz around big data analytics tends to
hover around three general themes: technology, techniques, and the
imagined future (either bright or dystopian) of a society in which
big data plays a significant role in everyday life.

Typically missing from the buzz are in-depth discussions about the
people and processes—the cultural bedrock—required to build via-
ble frameworks and infrastructures supporting big data initiatives in
ordinary organizations.

Thoughtful questions must be asked and thoroughly considered.
Who is responsible for launching and leading big data initiatives? Is




it the CFO, the CMO, the CIO, or someone else? Who determines
the success or failure of a big data project? Does big data require
corporate governance? What does a big data project team look like?
Is it a mixed group of people with overlapping skills or a hand-
picked squad of highly trained data scientists? What exactly is a data
scientist?

Those types of questions skim the surface of the emerging cultural
landscape of big data. They remind us that big data—like other so-
called technology revolutions of the recent past—is also a cultural
phenomenon and has a social dimension. It’s vitally important to
remember that most people have not considered the immense dif-
ference between a world seen through the lens of a traditional rela-
tional database system and a world seen through the lens of a
Hadoop Distributed File System.

This paper broadly describes the cultural challenges that invariably
accompany efforts to create and sustain big data initiatives in a
global economy that is increasingly evolving toward the Hadoop
perspective, but whose data-management processes and capabilities
are still rooted firmly in the traditional architecture of the data
warehouse.

The cultural component of big data is neither trivial nor free. It is
not a list of “feel-good” or “flufty” attributes that are posted on a
corporate website. Culture (that is, people and processes) is integral
and critical to the success of any new technology deployment or
implementation. That fact has been demonstrated repeatedly over
the past six decades of technology evolution. Here is a brief and
incomplete list of recent “technology revolutions” that have radi-
cally transformed our social and commercial worlds:

o The shift from vacuum tubes to transistors
o The shift from mainframes to client servers and then to PCs
o The shift from written command lines to clickable icons

o The introduction and rapid adoption of enterprise resource
planning (ERP), e-commerce, sales-force automation, and cus-
tomer relationship management (CRM) systems

o The convergence of cloud, mobile, and social networking sys-
tems
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Each of those revolutions was followed by a period of intense cul-
tural adjustment as individuals and organizations struggled to capi-
talize on the many benefits created by the newer technologies. It
seems unlikely that big data will follow a different trajectory. Tech-
nology does not exist in a vacuum. In the same way that a plant
needs water and nourishment to grow, technology needs people and
processes to thrive and succeed.

According to Gartner, 4.4 million big data jobs will be created by
2014, and only a third of them will be filled. Gartner’s prediction
evokes images of “gold rush” for big data talent, with legions of
hardcore quants converting their advanced degrees into lucrative
employment deals. That scenario promises high times for data ana-
lysts in the short term, but it obscures the longer-term challenges
facing organizations that hope to benefit from big data strategies.

Hiring data scientists will be the easy part. The real challenge will be
integrating that newly acquired talent into existing organizational
structures and inventing new structures that will enable data scien-
tists to generate real value for their organizations.

Playing by the Rules

Misha Ghosh is a global solutions leader at MasterCard Advisors,
the professional services arm of MasterCard Worldwide. It provides
real-time transaction data and proprietary analysis, as well as con-
sulting and marketing services. It’s fair to say that MasterCard Advi-
sors is a leader in applied data science. Before joining MasterCard,
Ghosh was a senior executive at Bank of America, where he led a
variety of data analytics teams and projects. As an experienced prac-
titioner, he knows his way around the obstacles that can slow or
undermine big data projects.

“One of the main cultural challenges is securing executive sponsor-
ships,” says Ghosh. “You need executive-level partners and cham-
pions early on. You also need to make sure that the business folks,
the analytics folks, and the technology folks are marching to the
same drumbeat.”

Instead of trying to stay “under the radar,” Ghosh advises big data
leaders to play by the rules. “I've seen rogue big data projects pop
up, but they tend to fizzle out very quickly,” he says. “The old adage
that it’s better to seek forgiveness afterward than to beg for permis-
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sion doesn’t really hold for big data projects. They are simply too
expensive and they require too much collaboration across various
parts of the enterprise. So you cannot run them as rogue projects.
You need executive buy-in and support.”

After making the case to the executive team, you need to keep the
spark of enthusiasm alive among all the players involved in support-
ing or implementing the project. According to Ghosh, “It’s critical
to maintain the interest and attention of your constituency. After
you've laid out a roadmap of the project so everyone knows where
they are going, you need to provide them with regular updates. You
need to communicate. If you stumble, you need to let them know
why you stumbled and what you will do to overcome the barriers
you are facing. Remember, there’s no clear path for big data
projects. It’s like Star Trek—you're going where no one has gone
before.”

At present, there is no standard set of best practices for managing
big data teams and projects. But an ad hoc set of practices is emerg-
ing. “First, you must create transparency,” says Ghosh. “Lay out the
objectives. State explicitly what you intend to accomplish and which
problems you intend to solve. That’s absolutely critical. Your big
data teams must be ‘use case-centric.’ In other words, find a prob-
lem first and then solve it. That seems intuitive, but I've seen many
teams do exactly the opposite: first they create a solution and then
they look for a problem to solve.”

Marcia Tal pioneered the application of advanced data analytics to
real-world business problems. She is best known in the analytics
industry for creating and building Citigroup’s Decision Manage-
ment function. Its charter was seeking significant industry break-
throughs for growth across Citigroup’s retail and wholesale banking
businesses. Starting with three people in 2001, Tal grew the function
into a scalable organization with more than 1,000 people working in
30 countries. She left Citi in 2011 and formed her own consulting
company, Tal Solutions, LLC.

“Right now, everyone focuses on the technology of big data,” says
Tal. “But we need to refocus our attention on the people, the pro-
cesses, the business partnerships, revenue generation, P&L impact,
and business results. Most of the conversation has been about gen-
erating insights from big data. Instead, we should be talking about
how to translate those insights into tangible business results.”

4 | Chapter 1:The Culture of Big Data Analytics



Creating a sustainable analytics function within a larger corporate
entity requires support from top management, says Tal. But the
strength and quality of that support depends on the ability of the
analytics function to demonstrate its value to the corporation.

“The organization needs to see a revenue model. It needs to perceive
the analytics function as a revenue producer, and not as a cost cen-
ter. It needs to see the value created by analytics,” says Tal. That crit-
ical shift in perception occurs as the analytics function forms
partnerships with business units across the company and consis-
tently demonstrates the value of its capabilities.

“When we started the Decision Management function at Citi, it was
a very small group and we needed to demonstrate our value to the
rest of the company. We focused on specific business needs and
gaps. We closed the gaps, and we drove revenue and profits. We
demonstrated our ability to deliver results. That’s how we built our
credibility,” says Tal.

Targeting specific pain points and helping the business generate
more revenue are probably the best strategies for assuring ongoing
investment in big data initiatives. “If you aren’t focusing on real
pain points, you're probably not going to get the commitment you
need from the company,” says Tal.

No Bucks, No Buck Rogers

Russ Cobb, vice president of marketing and alliances at SAS, also
recommends shifting the conversation from technology to people
and processes. “The cultural dimension potentially can have a major
impact on the success or failure of a big data initiative,” says Cobb.
“Big data is a hot topic, but technology adoption doesn’t equal ROI.
A company that doesn’t start with at least a general idea of the
direction it’s heading in and an understanding of how it will define
success is not ready for a big data project.”

Too much attention is focused on the cost of the investment and too
little on the expected return, says Cobb. “Companies try to come up
with some measure of ROI, but generally, they put more detail
around the T and less detail around the ‘R.’ It is often easier to cal-
culate costs than it is to understand and articulate the drivers of
return.”
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Cobb sees three major challenges facing organizations with big
plans for leveraging big data. The first is not having a clear picture
of the destination or desired outcome. The second is hidden costs,
mostly in the area of process change. The third and thorniest chal-
lenge is organizational. “Are top and middle managers ready to
push their decision-making authority out to people on the front
lines?” asks Cobb. “One of the reasons for doing big data is that it
moves you closer to real-time decision making. But those kinds of
decisions tend to be made on the front lines, not in the executive
suite. Will management be comfortable with that kind of cultural
shift?”

Another way of phrasing the question might be: Is the modern
enterprise really ready for big data? Stephen Messer, cofounder and
vice chairman of Collective[i], a software-as-a-service business intel-
ligence solution for sales, customer service, and marketing, isn’t so
sure. “People think this is a technological revolution, but it’s really a
business revolution enabled by technology,” says Messer. Without
entrepreneurial leadership from the business, big data is just
another technology platform.

“You have to start with the business issue,” says Messer. “You need a
coalition of people inside the company who share a business prob-
lem that can be solved by applying big data. Without that coalition,
there is no mission. You have tactics and tools, but you have no
strategy. It’s not transformational.”

Michael Gold, CEO of Farsite, a data analytics firm whose clients
include Dick’s Sporting Goods and the Ohio State University Medi-
cal Center, says it’s important to choose projects with manageable
scale and clearly defined objectives.

“The questions you answer should be big enough and important
enough for people to care,” says Gold. “Your projects should create
revenue or reduce costs. It’s harder to build momentum and main-
tain enthusiasm for long projects, so keep your projects short. Man-
age the scope, and make sure you deliver some kind of tangible
results.”

At a recent Strata + Hadoop World conference in New York, Gold
listed three practical steps for broadening support for big data initia-
tives:
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1. Demonstrate ROI for a business use case.
2. Build a team with the skills and ability to execute.

3. Create a detailed plan for operationalizing big data.

“From our perspective, it’s very important that all of the data scien-
tists working on a project understand the client’s strategic objectives
and what problems we’re trying to solve for them,” says Gold. “Data
scientists look at data differently (and better, we think) when they’re
thinking about answering a business question, not just trying to
build the best analytical models.”

It’s also important to get feedback from clients early and often. “We
work in short bursts (similar to a scrum in an Agile methodology)
and then present work to clients so they can react to it,” says Gold.
“That approach ensures that our data scientists incorporate as much
of the clients’ knowledge into their work as possible. The short
cycles require our teams to be focused and collaborative, which is

how we’ve structured our data science groups.”

Operationalizing Predictability

The term “data scientist” has been used loosely for several years,
leading to a general sense of confusion over the role and its duties. A
headline in the October 2012 edition of the Harvard Business
Review, “Data Scientist: The Sexiest Job of the 21st Century,” had
the unintended effect of deepening the mystery.

In 2010, Drew Conway, then a Ph.D. candidate in political science at
New York University, created a Venn diagram showing the overlap-
ping skill sets of a data scientist (Figure 1-1). Conway began his
career as a computational social scientist in the US intelligence com-
munity and has become an expert in applying computational meth-
ods to social and behavioral problems at large scale.

Operationalizing Predictability | 7


http://bit.ly/hbrdatascience

Hacking Machine  Math & Statistics
Skills eamng — Knowledge

Danger ' Traditional

Zone! Research

Substantive
Expertise

Figure 1-1. Conway’s Venn diagram of a data scientist’s skill sets

From Conway’s perspective, a data scientist should possess the fol-
lowing:

 Hacking skills
o Math and statistical knowledge

o Substantive expertise

All three areas are important, but not everyone is convinced that
one individual has to embody all the skills of a data scientist to play
a useful role on a big data analytics team.

The key to success, as Michael Gold suggested earlier, is operation-
alizing the processes of big data. Taking it a step further, it is also
important to demystify big data. While the Harvard Business Review
certainly meant no harm, its headline had the effect of glamorizing
rather than clarifying the challenges of big data.

Zubin Dowlaty, vice president of innovation and development at
Mu Sigma, a provider of decision science services, envisions a future
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in which big data has become so thoroughly operationalized and
automated that humans are no longer required.

“When I walk into an enterprise today, I see the humans are work-
ing at 90 percent capacity and the machines are working at 20 per-
cent capacity,” says Dowlaty. “Obviously, the machines are capable
of handling more work. Machines, unlike humans, scale up very
nicely.”

Automation is a necessary step in the development of large-scale
systems that feed on big data to generate real-time predictive intelli-
gence. “Anticipation denotes intelligence,” says Dowlaty, quoting a
line from the science-fiction movie The Fifth Element. “Operational-
izing predictability is what intelligence is all about.”

Assembling the Team

At some point in the future, probably sooner rather than later, Dow-
laty’s vision of automated big data analytics will no doubt become
reality. Until then, however, organizations with hopes of leveraging
the potential of big data will have to rely on humans to get the work
done.

In a 2012 paper,' Sean Kandel, Andreas Paepcke, Joseph Hellerstein,
and Jeffrey Heer presented the results of interviews with 35 data
analysts working in commercial organizations in healthcare, retail,
finance, and social networking. Hellerstein, a professor at UC
Berkeley, summarized key findings of the paper at a recent Strata
conference. The paper includes insights and models that will likely
prove useful to anyone tasked with assembling a big data analytics
team. Based on their interviews, the researchers perceive three basic
analyst archetypes:

o Hacker
o Scripter
o Application user
The hacker is typically a fluent programmer and manipulator of

data. The scripter performs most of his work within an existing soft-
ware package and works mostly on data that has been retrieved

1 “Enterprise Data Analysis and Visualization: An Interview Study.”
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from a data warehouse by information technology (IT) staff. The
application user relies on spreadsheets or highly specialized applica-
tions and typically works on smaller data sets than hackers and
scripters.

It is important for management to understand the differences
between those types of analysts when staffing a data analytics team.
Hackers are more likely to have a background in computer science.
“They are folks who have good facility with programming and sys-
tems, but less facility with stats and some of the more ‘scientific’
aspects of data science. They also tend to have less contextual
knowledge of the domain-specific questions being explored in the
data,” explains Hellerstein.

Scripters, on the other hand, are more likely to be trained statisti-
cians, and app users are more likely to be business people. At the
risk of oversimplification, a chart showing the three kinds of ana-
lysts and their typical academic backgrounds might look something
like this:

Analyst type Training or academic background
Hacker Computer science major

Scripter Statistics major

Application user ~ MBA

“No (single) one of these categories is more likely than another to

succeed on its own,” says Hellerstein. “You can teach stats and busi-

ness to a hacker, or you can teach computer science and business to

a scripter, or you can teach stats and computer science to an app
»

user.

Scripters and app users would likely require some sort of self-service
software to function without help from IT. Similar software might
also be useful for hackers, sparing them the drudgery of data prep.

The good news is that several companies are working hard at devel-
oping self-service tools that will help analysts become more self-
reliant and less dependent on IT. As the tools become more
sophisticated and more widely available, it is possible that the dis-
tinctions between the three types of analysts might fade or at least
become less problematic.
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Even when a full suite of practical self-service tools becomes avail-
able, it might still make sense to hire a variety of analyst types. For
instance, an analytics group that hired only hackers would be like a
baseball team that signed only pitchers. Successful teams—whether
in business or in sports—tend to include people with various skills,
strengths, and viewpoints. Or to put it more bluntly, good luck try-
ing to manage an analytics team made up solely of hackers.

The paper also describes five high-level tasks of data analysis:

o Discovery
o Wrangling
o Profiling
o Modeling
» Reporting

Each of the five tasks has a different workflow, presents a different
set of challenges or pain points, and requires a different set of tools.
Clearly, the universe of practical analytics is a blend of various tasks,
tools, and workflows. More to the point, each stage of the analytics
process requires an analyst or analysts with particular skills and a
particular mindset.

Not all data analysts are created equal, nor are they likely to share
the same zeal for different parts of the process. Some analysts will be
better at some aspects of analysis than others. Putting together and
managing teams that can handle all the necessary phases of data
analysis is a major part of the cultural challenge facing organizations
as they ramp up big data initiatives.

Team leadership is another challenge. MasterCard’s Ghosh recom-
mends that big data projects “be led by passionate and creative data
scientists, not by bureaucrats or finance professionals.” Others argue
that big data initiatives should be led by seasoned corporate execu-
tives with boardroom negotiating skills and a keen understanding of
how the C-suite operates.

Some companies have hired a chief analytics officer or created an
enterprise analytics group that functions as a shared service, similar
to an enterprise IT function. Most companies, however, embed ana-
lysts within separate business units.
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