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preface

Many Al projects are in progress today, and many of them will fail. This book will help
you avoid starting an Al project that’s doomed to failure and will guide you toward the
projects that can succeed.

I wrote this book to help you get concrete business results, and to help you influ-
ence how Al is used in industry today. Current discussions about Al focus on algo-
rithms and case studies of successful applications. What’s lost in this discussion is the
human element of Al. We see algorithms, and we know what large organizations have
done with them, but what we don’t hear about is the leadership needed for an Al proj-
ect to achieve business success and the principles applicable to our own organizations
for leading Al projects. That causes us to have unrealistic expectations of what Al can
do, and when paired with only a vague understanding of the actions leaders must take
for their Al projects to succeed, the result is that many of the Al projects we have in
progress will fail.

This book addresses what differentiates the Al projects that will succeed from the
ones that will fail. In one word, it is agency—a capacity that Al lacks. Conventional wis-
dom tells us that the determinant of success or failure of an Al project is the project
team’s in-depth knowledge of Al technology. Believing that success with Al is deter-
mined solely by technical prowess confounds an enabler with a capability. Although you
do need to have technical skills on your team for your Al project to succeed techni-
cally, to implement Al in your business, you also need to link technical success with
business results.

The very definition of Aigh tech is that it refers to a newly emerging technology. As a
corollary, the best practices of that technology are only developed later, once the
experiences and early application of technology are understood and systematized.



PREFACE

This book introduces the best practices for using Al. It guides you through the treach-
erous waters of running an Al project in 2020 and beyond.

This book shows you how to lead an Al project toward business success, measure
technical progress in business terms, and run your projects economically. You’ll learn
how to determine which Al projects are likely to give you actionable results, and how
to get those results. Finally, this book teaches you how to analyze your technical solu-
tions to help you find the investment opportunities with the greatest business impact.
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about this book

The purpose for writing Succeeding with AI: How to Make AI Work for Your Business was to
help you lead an Al project toward business success. This book starts by showing you
how to select Al projects that can become a business success, and then how to run
those projects in a way that will achieve it.

Who should read this book

I wrote this book for the business leader who’s tasked with delivering results with Al
and views technology as a vehicle to deliver those results. I've also written it for the
leadership team that is working with and advising such a business leader.

As a prerequisite, the reader of this book should have experience on the leader-
ship team of a successful software project and should understand the business basics
of their organization. Although an engineering background or deep knowledge about
Al isn’t required, an open mind and a willingness to facilitate conversations between
people with technical and business backgrounds are.

I also wrote this book for leadership-focused and business-focused data scientists
and data scientists who want to learn more about the business applications of Al meth-
ods. I purposely don’t focus on specific technologies in Al, so if you're interested
solely in the technical side of Al, this is not the book for you.

How this book is organized

This book is organized into eight chapters:

Chapter 1 is an introduction to the Al project landscape today. It introduces
you to the critical versus nice-to-have elements of a successful Al project and
helps you understand business actions you can take based on Al project results.
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ABOUT THIS BOOK

It also provides a high-level overview of the process that a successful Al project
should use.

Chapter 2 introduces you to topics project leaders must know about Al It helps
you find which business problems benefit from the use of Al and match Al
capabilities with the business problems you need to solve. It also helps you
uncover any data science skill gaps on your team that might affect your project.
Chapter 3 helps you select your first Al project and formulate a research ques-
tion directed at your business problem. It also presents pitfalls to avoid when
selecting Al projects, as well as best practices of such projects.

Chapter 4 shows you how to link business and technology metrics and how to
measure technical progress in business terms. It also shows you how to over-
come organizational obstacles that you will typically encounter at the start of
your first Al project.

Chapter 5 helps you understand an ML pipeline and how it would evolve
throughout the project life cycle. It shows you how to balance attention between
business questions you are asking, the data you need, and Al algorithms you
should use.

Chapter 6 shows you how to determine if you’re using the right ML pipeline for
your Al project. It introduces you to the technique called MinMax analysis and
shows you how to both perform it and interpret its results.

Chapter 7 shows you how to correctly choose the right parts of your ML pipe-
line to improve for optimal business results. It also introduces the technique of
sensitivity analysis and demonstrates how to interpret its results, as well as how
to account for the passage of time in a long-running Al project.

Chapter 8 focuses on trends in Al and how they’ll affect you. This chapter intro-
duces you to trends such as AutoML (automation of the work that data scien-
tists do in AI) and explores how Al relates to causality and Internet of Things
(IoT) systems. It also contrasts Al system errors with the typical errors humans
make and shows you how to account for those differences in your project.

Some further comments about the organization of the book:

The material in this book is multidisciplinary and requires a combination of both
theory and practice to understand. Each chapter in this book combines the use
of concrete examples illustrating general concepts and a detailed explanation of
those concepts. The exercises at the end of each chapter will help you apply what
you’ve learned in the chapter in the context of new business problems.

Executives should make sure they read and understand both the content and
details of the first four chapters and the last chapter. The business-focused
exercises in those chapters will help every reader, up to and including the level
of business-focused executives. Even if you prefer to skip the exercises, I
recommend you still carefully review the answers provided in appendix B,
“Exercise solutions.” Business-focused readers should understand chapters 5, 6,
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and 7 broadly, while technically-focused readers should understand those chap-
ters in detail.

Some concepts discussed in this book are complicated. Instead of overwhelm-
ing you with every part and particle related to a concept the very first time you
encounter it, I start with a high-level description of the idea. After you’ve mas-
tered the basics of a concept, later chapters refer to the concept you already
know and explore the finer points of its applications. If you ever wonder “Hey,
didn’t you already cover that concept in a previous chapter?” I certainly did,
and now we’re applying that concept in a brand-new context.

Speaking of examples, I use examples from many different business verticals.
I encourage you to scrutinize even more the examples of verticals with which
you are not familiar. They're chosen to be small, self-contained, and described
so that you can easily understand them in a business sense. I then show you
how to apply the technical concepts you’re learning in this book to these busi-
ness examples. This is the position in which you will find yourself when apply-
ing Al to a new problem in your own business. No two business problems are
identical, so you should already be used to comprehending the simple business
concepts that come with new problems, even when they’re in an unfamiliar
business domain.

The methods described in this book are independent from any underlying
technical infrastructure. That infrastructure is evolving rapidly and consists of
cloud or on-premise big data systems, development frameworks, and program-
ming languages. I focus this book on the mechanisms of how to tie Al and busi-
ness together, and I hope that the material in this book will serve you well years
from now. I stay technology-neutral and leave it for other books to discuss the
characteristics and tradeoffs of various infrastructure products marketed today.

As in any other business book, the audience and readers for this book come
from diverse backgrounds. Business and Al are broad topics, but most leaders
of Al projects are already familiar with most of the terms I'm using. If you find a
term you’re not familiar with, please consult appendix A, “Glossary of terms,”
which contains the definitions of these terms.

This book covers a wide range of topics and builds on the work of many other
people. You will find many citations of other works, such as “[4].” The citation
style used is Vancouver style notation, and [4] is an example of a citation. You
can find the reference corresponding to [4] in appendix C, “Bibliography.” In
addition to giving credit where credit is due, the references cited direct you to
where you can find more in-depth information about topics discussed in this
book. Those references range from popular texts intended for a wider audi-
ence, to books focused toward practicing management professionals, to aca-
demic business publications, to technical and academic references requiring an
in-depth knowledge of theoretical aspects of data science. I hope that the refer-
ence list will be of interest to everyone on your team.
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liveBook discussion forum

Purchase of Succeeding with Al: How to Make AI Work for Your Businessincludes free access
to a private web forum run by Manning Publications where you can make comments
about the book, ask technical questions, and receive help from the author and from
other users. To access the forum, go to https://livebook.manning.com/#!/book/
succeeding-with-Al/discussion. You can also learn more about Manning’s forums and
the rules of conduct at https://livebook.manning.com/#!/discussion.

Manning’s commitment to our readers is to provide a venue where a meaningful
dialogue between individual readers and between readers and the author can take
place. It is not a commitment to any specific amount of participation on the part of
the author, whose contribution to the forum remains voluntary (and unpaid). We sug-
gest you try asking the author some challenging questions lest his interest stray! The
forum and the archives of previous discussions will be accessible from the publisher’s
website as long as the book is in print.
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Introduction

This chapter covers

The state of the Al project landscape today

Distinguishing between critical and nice-to-have
elements of a successful Al project
Understanding business actions you can take
based on Al project results

A high-level overview of the process that a
successful Al project should use

Today, the topic of Al comes up quite often, not only in the technical and business
communities but also in the news intended for nontechnical audiences. Discus-
sions of Al are even entering the domain of public policy. It’s likely that your own
organization is considering the impact of Al and big data on its business, and that
will lead to projects that use Al I've written this book to help organizational leaders
succeed with those Al projects.

As a consultant and trainer, I've been privileged to work with a large number of
clients since topics like big data, Al, and data science have been taking off. Those
clients have ranged from startups to Fortune 100 companies. Between projects, I've



1.1

CHAPTER 1 Introduction

witnessed an emerging picture of the state of the industry. That picture includes many
positive elements, with many millions of dollars made on successful projects. It also
includes less talked-about projects. Those projects were managed in a way that
doomed them from the start. But before they met their doom, those projects sent mil-
lions of dollars circling down the drain. The goal of this book is to help your project
avoid becoming one of those doomed projects.

You might have heard of an Al platform called IBM Watson. The University of
Texas MD Anderson Cancer Center partnered with IBM to create an advisory tool for
oncologists. It was reported that Watson was canceled after $62 million was spent on
it [5]! This example shows that even a high-profile project supported by a famous
company with highly visible technology isn’t a guaranteed success.

In this book, you’ll see that the successful use of Al requires significant human
involvement and insight. Al on its own isn’t a substitute for business knowledge, nor can
it improve your business by solely looking at the data and making recommendations.

WARNING The fastest way to fail with Al is for the executive and business lead-
ers to think, “Al can solve our problems; we don’t need to do anything except
hire the right tech geeks and unleash them on our data,” or for the whole data
science team to think, “Businesspeople take care of the business; we focus on
technology.” Business and technology must work together for success.

Initially, this situation may seem disappointing, but on closer examination, it’s good
news for a project leader. If Al could figure out your business, it would quickly put you
out of a job. It can’t, so your job is safe for the foreseeable future. But to intelligently
apply Al, you need special skills and knowledge to enable you to combine your busi-
ness domain with it.

WARNING Technical knowledge regarding Al algorithms isn’t sufficient to
get business results using Al.

This book teaches you what you need to know to run and get good results from an
Al-based project. It’s assumed that you can run a general technical project.

The methods and techniques I teach are process neutral; you can use them in
organizations of all sizes. To help you successfully run Al projects in such a wide range
of organizations, this book focuses on the principles and skills that you must apply to
your project, as opposed to providing rigid checklists and sequences of steps that you
must perform in only one way. By learning these principles and skills, you can apply
the techniques that are critical for the success of your project to any environment and
process. But before we talk about how to get results with Al, let’s first review the skills
you need to have to get the most out of this book.

Whom is this book for?

If you feel that insufficient information has been published on how to deliver business
results with Al, this book is for you. You’ll find many books on the technical side of Al,
data science, and big data, and some universities recently have started to add data
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science and Al programs. The result is that a lot of data scientists (and academics) know
a lot about Al technology; however, they know far less about the business applications
of AL

I wrote this book for the business leader who is tasked with delivering results with
Al and views technology as a vehicle to deliver those results. I also wrote it for the lead-
ership team that’s working with and advising such a business leader. This section pro-
vides an overview of the skills these leaders need to follow the book.

To get the most value out of this book, you’ll need the following qualifications:

You've been part of the leadership team of a successful software project. It
doesn’t matter whether the project used Agile or some other software develop-
ment methodology. It doesn’t matter whether the project used Java, Python, or
some other programming language. What matters is that this isn’t your first
software project and that you're confident you can deliver a successful software
project with the technologies you’ve used before.

Whatever software development methodology you're using (Agile or not), you
must understand how your organization manages software development. This
includes managing the requirements, deliverables, resources, and reporting
mechanisms used to track progress in a timely fashion.

You understand the basics of the business your organization is in, on a level
commensurate with your position in the organization. This means that you
understand your organization’s day-to-day business and what it involves, what
business actions are possible for your organization, the main sources of income
for your organization, and the basics of its budgeting process.

If you’re a leader with profit and loss (P&L) responsibility, it’s also assumed that
you understand how your business generates profit, as well as how to succeed in
your business.

You have experience with using business metrics to score the success of a busi-
ness initiative. You know why metrics are important, how to measure the value
of metrics, and how to recognize a metric that’s inappropriate for your busi-
ness. Data science and Al are quantitative fields, and the data sizes used make it
difficult to get an intuitive feel for how well a project is progressing based on a
few examples.

Although an engineering background or previous deep knowledge about Al
isn’t required, an open mind and a willingness to facilitate conversations be-
tween people with technical and business backgrounds is.

With regards to the prior technical knowledge you’ll want to have, the due diligence
you already did before you decided to join the Al project should suffice. You need to
have a basic understanding of what terms such as Al and big data mean. You need to
know that you’ll need data scientists on your Al team. And you need to know that
before you can use an Al algorithm, you must collect the necessary data and train that
Al algorithm. As long as you meet these qualifications, your official title doesn’t
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matter. Your position in an organization might range from executive or senior vice
president to product manager. You may also be a software architect or a business-
focused data scientist in one of the teams working as part of a much bigger project.
Your team may be working on a big data infrastructure or may be analyzing data using
various techniques from the fields of data science, machine learning, artificial intelli-
gence, and statistics.

I also expect that the organization you’re working in already has a team with some
basic technical knowledge of data science or can hire some specialists in the area, or
at the very least has enthusiastic engineers willing to learn. You already know that you
can’t hope to manage successful web projects unless you have people on your team
who know something about web development. Al is no different. As long as your orga-
nization meets this basic requirement, you can use techniques in this book whether
you're in a large or small organization.

WARNING A team that pays attention to how to link technology with the busi-
ness problem will beat a team that consists of (slightly) better specialists in a
limited area of technology or business. If you aren’t taking a genuine interest
in what the other side does, this book isn’t for you.

If your interest in business is limited, and your main interest is in AI methods and
algorithms (or if your interest is mainly academic), this is not the book for you. My
focus in covering any Al methods isn’t on the technology but on what those methods
mean in the context of the overall business.

NOTE If you're a data scientist, this book will be of value to you, as long as
you're interested in how to achieve business results with Al. This book expects
the reader who has a business background to be willing to learn the basics of
how AI works. Similarly, if you're a leadership-focused data scientist, you're
expected to be willing to learn about the business side of the equation.

If you’re interested solely in the technical side of the Al you’ll be better off with books
that focus on the technical side of AL If you’re just getting familiar with Al, some good
places to start for some current trends are Practical Data Science with R [6], as well as
Deep Learning with Python [7] or Deep Learning with R [8] (depending on your program-
ming language preference).

Al and the Age of Implementation

Organizations new to Al have a lot of confusion regarding how to best organize projects
around it. The root cause of that confusion is that the ways Al is best used in academia
and industry are different. This section highlights the differences and advises you on
what aspects of Al are most applicable to the typical project in business and industry.
When you hear terms like data science or things like “we should use the methods
described in this scientific paper,” it’s easy to imagine academic disciplines and dili-
gent scientists trying to discover new scientific principles. That’s certainly happening,
as plenty of recent and widely publicized research has been going on in the Al field.
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WARNING  Successfully applying Al to business problems is not research in the
traditional academic sense. Unless you're a researcher at a university (or in an
industry-supported basic R&D effort) who’s getting paid for conducting
research itself, additional research results are difficult to monetize. You need
the best practices for implementing Al projects, and those practices are the
focus of this book.

If you’re working in a typical corporation, you shouldn’t organize your Al efforts in
the mold of traditional scientific research. There are debates as to whether business
success in the Al field as a whole is even contingent on the need for new Al discover-
ies. Influential voices [9] in the Al community believe that, as far as Al is concerned,
we are entering the Age of Implementation of our existing knowledge.

Kai-Fu Lee, in Al Superpowers [9], uses the terms Age of Implementation and Age of Dis-
covery to describe the state of Al today. He states that Al could be considered to be in
the Age of Implementation in the sense that, in such an age, a scientific discovery (for
example, the steam engine or electricity) that’s already known needs to be widely dis-
seminated throughout different areas of business and society. This is contrasted to the
Age of Discovery, in which progress is driven by regular new discoveries of new scien-
tific principles (for example, the second law of thermodynamics or the existence of
X-rays). His argument that we are in the Age of Implementation is founded on the
fact that many of the basic technical principles behind the current Al explosion have
been known to the research community for a long time.! What we’re doing today is
applying known principles of Al to concrete business problems. For example, we know
that Al excels in recognizing what’s in an image, and we’re now using that ability to
recognize what is in that picture in a business context.

TIP If we're in the Age of Implementation, what we need most are practices
for the best application of Al to new areas of the business. This book describes
such practices.

Kai-Fu Lee is not alone. Andrew Ng, another prominent Al pioneer, believes that we
need wider applications of already-known Al techniques to problems in business and
industry, as opposed to more academic publications describing research results [10].

At the time of this writing, it isn’t clear whether AI’s long-term progress is more
representative of the Age of Implementation or the Age of Discovery. While this may
not be clear on the level of Al as a field of endeavor and its influence on broader soci-
ety, in the context of an Al project you start in business and industry today, that question is
settled. For the duration of such a project, you're working in the Age of Implementa-
tion mindset. This book, therefore, focuses on applying what’s already known, so let’s
start talking about how to succeed with Al in the context of your business.

! For that matter, the argument could be made that a lot of the recently published papers are more focused on
how to apply deep learning on the new problem domain rather than on investigating new fundamental prin-
ciples of AL
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WARNING In almost all industry projects, it’s dangerous for both your project
and your career to depend on the need to make new scientific discoveries to
be able to deliver the project.

How do you make money with Al?

There’s often a perception that using Al makes it possible for you to make a lot of
money (or, in the case of nonprofits, help some cause). This section highlights the
relationship between Al and making money.

What you may have heard is

Data + AI = §

This is partially true. Actually, in at least one situation, it’s completely true: if § stands
for cost, you can rest assured that, most certainly, those systems (and people operating
them) would come with a significant cost. But if you want § to stand for profit, the
equation looks somewhat different:

Data + Al + CLUE = Profit

This book is about the CLUE part of the equation. I define CLUE in more detail in
section 1.10; briefly, what I mean here is that you need to think (have a clue) about
how to make a profit.

Often, people hope that data and technology will pave the way forward. That hope
may tempt you to proceed with a significant investment without being sure of how to
monetize the results of your data science project.

TIP  The main insight to remember is that using Al to analyze data doesn’t make
money; properly reacting to the results of the correct analysis does.

If you don’t have any idea how you’d react to the results of a data project before those
results are delivered, chances are you won’t have a clue about what to do with the results
once you receive them. People who make money correctly tie technology to the busi-
ness problem. The right time to figure out how to tie technology and business is at the start of the
project, not once the analysis is already complete. Both now and in the foreseeable future, that
tie-in would have to be conceived, engineered, and executed by people, not Al

It’s not always about money!

Not all organizations are interested just in making profit. If you’re working for a charity
or non-governmental nonprofit organization (NGO), you have nonmonetary goals, such
as the number of people you help. These are worthy goals, and the methods in this
book are fully applicable in nonprofit environments.

For the purpose of brevity, I'll often use phrases such as “the way to make money
with Alistodo X . .. .” In all those examples, the techniques described aren’t limited
to just making money. | don’t think that the for-profit sector is more important than
the nonprofit sector. I'm just using “money” as a convenient shortcut.
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If you’re a nonprofit devoted to helping people, then substitute an appropriate, quan-
tifiable metric for the word “money.” How many people did you help? To what degree
did you help them?

What matters for your project to succeed?

Before we talk about what matters most in an Al project, let’s talk about best practices
of time and project management. Not every technology you’d use on your project is
equally important for success. Nor is every part of your project equally important. Your
time should be focused on those parts of your project that matter the most for success.

An Al project’s leadership has to make many choices, and it’s easy to get lost in
them. Those choices are in many different technical areas—areas like what infrastruc-
ture to use, how to handle big data, whether to use cloud or on-premise solutions, and
which Al algorithms to use. Within each one of those categories are many additional
choices you’d have to make.

Here are some concrete examples of some of those further choices:

If you’re using the cloud, is it AWS [11], Google Cloud Platform [12], Microsoft
Azure [13], or something else?

Do you need a big data solution? If you do, do you use Apache Spark [14],
Apache Hadoop [15], or Apache Flink [16]?

What monitoring and security infrastructure do you need?

It’s understandable that with so many choices to make, the temptation is to put the early
focus of management’s attention on making the choices I've listed. If you see that hap-
pening, you should stop the discussion. You’re getting pulled into the details and
should refocus the conversation back on the business problems you’re trying to solve.

TIP  Think about the following analogy. There is a similarity between going
on a sailing vacation and running an Al project. If you’re sailing for the first
time and have an experienced captain with you, your main expectations are
that the sailboat is a seaworthy vessel that will sail and that it won’t sink. It’s of little
relevance whether the sailboat is capable of a speed of 9 knots or is limited to
8 knots. Just as the first question for your sailing vacation should be where you
intend to sail, the first question for your Al project is how to properly react to
results of the analysis.

Although you must choose your infrastructure correctly (on a do not sink level), the
primary determinant of the Al project’s success lies in how well you connect the
answer to your research question with a specific business action. Once you’re confi-
dent in that connection, then you can focus your attention on infrastructure and mak-
ing good infrastructural choices.

TIP  When embarking on an Al project, the highest priority for management
attention must be on linking a research question to specific business action.
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Speaking of infrastructure, it’s easy to assume that you need to start by building infra-
structure that’s capable of supporting any conceivable Al project. You have plenty of
choices in the space of big data and Al frameworks. But always remember that those
frameworks are just enablers. As a project leader, you must be careful that you don’t
intermix the enabler with the value you're building. Your primary focus should be on
value. You should never allow yourself to be in the situation in which you’re discussing
infrastructure but have no concrete idea of what specific business questions you
intend to use Al to answer.

TIP  Vendors make the fair point that if you have many Al projects using dif-
ferent and incompatible infrastructural stacks, you're risking a significant
amount of chaos in the infrastructure space. I also agree that infrastructure is
an important consideration, as there are real and substantial differences
between the technology stacks of different vendors. I encourage you to pay
attention to infrastructure, but not at the expense of losing focus on the busi-
ness value you’re creating.

Starting with technology stack considerations as your main focus can lead you into the
trap of overconcentrating on the infrastructure, and you can lose focus on the
sequence of data science use cases that you should implement. Remember, your atten-
tion is a finite resource too.

TIP Let’s embrace the analogy that data is the new oil. If you need a new oil-
field, you’d put your greatest focus into finding oil and understanding what
an oilfield looks like. You most certainly wouldn’t start by buying the best oil
drilling equipment in the world, with the drilling location as an afterthought.
The same thing applies to data—concentrate on finding oil, not on the drill-
ing equipment.

There is one exception to the “Don’t start with the infrastructure” rule. If your enter-
prise is large and has already made the decision to adopt data science across the
board, you may need an infrastructure that supports as wide a range as possible of
technologies used in Al today. Only the largest companies with the biggest data sci-
ence departments are in this position, and, for them, my advice is that they build
infrastructure in parallel with the definition and development of data science use cases
that need to be supported.

Finally, because this field is rapidly evolving, in this book I don’t discuss any of the
individual frameworks available today. Some are better than others, but I want this
book to outlast the current generation of frameworks.

Machine learning from 10,000 feet

For the successful application of Al to business problems, close human involvement,
with the application of engineering and business skills, is essential. This section
explains the roles that humans will need to fill for a project using Al to succeed.

Al and machine learning (ML) are closely related. ML allows computers to learn
an underlying pattern in data on their own, without being programmed with the prior
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knowledge of those data [17]. Today, in business and industry, most Al projects use
algorithms that are (strictly speaking) part of ML.? There’s a lot of confusion among
the wider public about what ML can do, so if you aren’t an expert in ML, it’s easy to
imagine that ML is some magical box that’s given data and somehow produces an
impressive result.

Let’s clarify just how that somehow happens. ML uses various algorithms—a
sequence of predefined steps—that produce an answer. An ML algorithm guarantees
that if you provide it data in a particular format with some metric related to its output,
it will generate some mathematical transformation that reveals the optimal value of
the metric that you provided. ML isn’t a genius that discovers what you missed. It’s an
idiot savant that performs complex math on the numbers you feed it, but it has no
comprehension of the meaning of those numbers. The only goal an ML algorithm has
is to find an optimal value of a given evaluation metric, all the while not knowing or car-
ing about why it’s optimizing that particular metric. Figure 1.1 shows what an ML algorithm
is actually doing.

Fedinto—| ML Algorithm Produce

That happens

to optimize
Evaluation
Metric
Figure 1.1 A machine learning algorithm produces a result -
that minimizes the evaluation metric. At its core, machine -—
learning is data transformation from some predefined input to P— J
an answer in a predefined output format. It’s a human’s job —

to align the evaluation metric with the business goals.

TIP Informally, ML is the application of some mathematical algorithm that
requires data input in a certain format, produces an answer in a predefined
output format, and doesn’t provide any other guarantee except that it will
minimize some number that we call the evaluation metric.

When you look at the definition provided in the TIP, ML certainly doesn’t sound mag-
ical, nor is there some genius lurking around in the algorithm. The trick of using ML
isn’t so much in what ML algorithms do, but in how you use them.

2 Exceptions are in the field of robotics, which can use algorithms that are traditionally not part of ML but are
part of Al as a broader field. The broader field of Al includes not only ML, but also fields of robotics and
machine perception [18]. To address the broadest category of projects used in the industry today, the early
chapters in this book primarily concentrate on projects using ML.
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Let’s expand on how data scientists use ML. Who defines the format of the data,
the answer, and the metrics? To understand how to apply ML algorithms, it helps if
you think about ML in the form given in the paper “A Few Useful Things to Know
About Machine Learning” [19]:

Machine Learning = Formulation + Optimization + Fvaluation

Those terms are defined as follows:

Formulation—Finding a clever way to describe a business problem so that it
relates to the input and output data that your ML algorithm knows how to pro-
cess. This means you package data related to your business problem in the for-
mat an ML algorithm expects as its input and find a way to interpret the answer
provided by that ML algorithm in your business context.

Optimization—What the ML algorithm does internally. It’s the process of apply-
ing math to get an optimal solution. How is that optimal solution defined? It’s
defined according to an evaluation metric.

Evaluation—The application of the aforementioned evaluation metric to mea-
sure the success of the optimization.

It’s up to you as the user of the algorithm to understand which evaluation metric is
best and what the best format is for your data. Figure 1.2 shows the roles that humans
and computers play in ML.

Wait—what do all these concepts in figure 1.2 even mean? What do they have to do
with your business? As far as ML or Al is concerned, it doesn’t care at all about your busi-
ness. That’s your job.

Formulation Optimization Evaluation

? ?

Primary O O
Actor

Human ML Algorithm Human
timi .
; Formulates ((v)vﬁi;n;zrise Defines
Actions Evaluation
Problem human Metrics
help)

Figure 1.2 Machine learning is a combination of formulation, optimization, and evaluation.
The only part that the computer can do (mostly) on its own is optimization.
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TIP If you're an executive, one way to think about ML is as a black box that
operates on numbers. Who then is responsible for bringing intelligence to
that ignorant black box? Humans, through the proper formulation (that’s the
job of data scientists) and application of the appropriate evaluation metric that
measures something relevant to your business (that’s your job as an executive,
in cooperation with the data scientist).

If you’re a data scientist, you're aware of what ML is. But here’s a detail that’s easy to
miss: because the only guarantee provided by the algorithm is that it will optimize the
evaluation metrics, those metrics must have a business meaning. Those metrics can’t just be
something you’ve seen in an academic paper, and certainly not something you don’t
know how to relate to anything concrete in your business.

When a data science team is choosing the evaluation metrics, they must do so in
close cooperation with the executive team. Here’s the scary thing—a lot of ML proj-
ects use evaluation metrics that aren’t clearly tied to business results. Evaluation
metrics have their roots in ML theory and history, as opposed to in business. At best,
most of the technical evaluation metrics are merely correlated with but not identical to the
business resull you're trying to get. At worst, those evaluation metrics that your data scien-
tist can’t even explain in business terms are in the will not help your business category.

TIP If you're an executive, a good habit for you to form is to speak up when
you see an acronym in a business presentation that you don’t know (for exam-
ple, RMSE).? Similarly, with ML, demand an explanation in the form of,
“Don’t tell me the mathematical definition of that metric; tell me how to
relate the value of that metric to something in my business.”

If your evaluation metric isn’t tied to your business result, you're using a black box
(the ML algorithm) to generate a random number (a value of the evaluation metric)
and then trying to figure out how to run your business based on that random number.
Good luck!

1.6 Start by understanding the possible business actions

Focused human involvement and attention makes or breaks an Al project. This sec-
tion discusses the first questions you should ask in the context of every Al project, as
well as the most important ideas to keep in mind during any Al project.

You don’t make money simply by knowing the answer to a business question—you
make money when you take action. And that action is constrained by what you can
and can’t do in the physical world (for example, the number of possible management
decisions). A business action can require approval from your boss(es), the creation of
external partnerships, and getting the whole team to buy in on that decision—that’s
the real world we’re talking about.

¥ RMSE stands for root mean square error metric, defined with a mathematical formula whose terms aren’t inher-
ently related to any business concept. Chapter 4 shows you how you can express the RMSE using metrics
related to business.
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TIP  The number of good, effective actions you can take to affect the physical world is
relatively small. Many analyses you can perform will yield results that are not
actionable.

The limits to business actions you can take can come in many forms. They may be lim-
its of knowledge and know-how in your organization, or the limits of your budget.
They may be imposed by the organization’s internal politics and what you’re able to
rally people around, or they can be the result of which battles you're willing to fight.
Whatever has summoned these limits into being, you're stuck with them.

You can spend a lot of time on analysis, get some results, and then say, “Well,
there’s nothing I can do to change this.” The time and money spent on such analysis is
wasted, and it is a preventable waste.

TIP  Don’t ask a question if you can’t imagine what you’d do with the answer.
You should start an Al project by asking, “What actions can I take, and what
analysis do I need to do to inform those actions?”

Once you know the business actions you can take, you should use these actions to
drive the analysis, not vice versa. Figure 1.3 illustrates the relationship between the
business actions you can take and the possible analyses you can perform.

f

Random analysis is not
likely to be actionable.
Such analysis burns money,
and smoke goes to the sky.

Analytical - Affects Jr #
—Informs—=| Reaction - -
Result something In G

Result
Chooses one action

+ ———
There are always many Only some of the
The number of possible analyses. posm:(l;:::gllzes are The number of
analyses you . actions we
can do is

always larger
than the number
of actions you
can take.

can take in the
physical world
is always
constrained.

Possible
Action

Possible

Possible Analysis

Analysis

Analytical questions
should be driven by
actions you can take.

Figure 1.3 You can perform many more analyses than there are business actions you can take. Don’t spend a

ton of time and money on an analysis just to figure out it was never an actionable one. (Earth image is from
Wikipedia [20].)



Don'’t fish for “something in the data” 13

There’s always something in the data, and it’s possible to conduct hours of analysis on
only a few hundred numbers.* Often, you'll find some interesting properties in even a
small dataset. The problem is that the large majority of those analyses fall into the cat-
egory of that’s interesting, but not really relevant to the business. If you’re focused primarily
on analysis, you can spend a lot of money and time on interesting analysis and then
not have any idea of how to execute on the results.

What about EDA?

There’s a limited exception to the rule of “consider first what you’ll do with results
before you perform analysis.” This exception is Exploratory Data Analysis (EDA),
which helps data scientists understand the structure and basic properties of data-
sets. If an EDA effort is small (compared to the total project budget), it may be worth
doing EDA just to better understand the datasets.

But to claim to be an exception to the rule, EDA and all preparatory work necessary
for it (such as any cleaning of the data) must be a small effort that’s part of the larger
project.

If the effort needed to perform EDA is instead a significant part of your project, you'll
need to justify the collection of those datasets, decide which datasets you’ll perform
EDA on, and explain why you think there’s some value in looking at that data.

In every Al project, these are the two most important ideas to remember:

Action is where you make profit; analysis without action is just cost. You make money
when you perform an appropriate business action, not when some analysis is com-
pleted. Analysis can be an enabler of making profits, but from an accounting
perspective, analysis is a cost. Analysis stops being a cost and becomes an invest-
ment only when it can help you take good business actions.

To succeed, focus on the whole system, not on its individual parts. Your customers will
never see the individual parts of the system. For instance, they don’t care about
the ML algorithms that you're using. They care only about the result, and that
result depends on how well the system works as a whole.

1.7 Don’t fish for “something in the data”

Teams that fail to start a project by focusing on which business actions they can take
will routinely encounter two failure modes. They typically start by copying something
that “worked for another organization,” or use Al to look for “something in the data.”
This section explains why neither of those approaches works well in practice.

* Improving business with data is not new. There’s a long history of projects that were done in the factory and
business process improvement space prior to the rise of big data. Those projects were done on small datasets
but often used complex statistical analyses that required high technical proficiency with statistics and signifi-
cant time to perform. Many such projects would fall under the umbrella of Six Sigma—see [21] and [22] for
details.
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Copying parts of a system that worked for someone else doesn’t work, because that
copying then confines you to the decisions someone else made for their context,
whereas your project should deliver a whole system customized to solve your business problem.
When you copy someone else’s solution, you have no way of knowing if that system will
be useful in the context of your problem and your organization. You may then learn too
late that it’s too difficult to modify the copied system to solve your business problem.

Nor does it work to collect a lot of data and then throw various Al methods at it
hoping that one of them will reveal an action you’ve never considered. Suppose it
does. What’s the chance that you’d actually be able to execute on some random action
that the analysis just divined? How much money do you want to spend on the off
chance of getting an idea unrelated to your day-to-day business operations?’

Sometimes you can execute on an unexpected insight. Your batting average will be
much higher if the studies you perform are related to areas of your business where it’s
obvious that you can take action based on the possible results of your study. For exam-
ple, one of those famous anecdotes you might have heard is that analysis has shown
that in supermarkets, beer and diapers are often bought together [23].°® What hap-
pened next? Supermarkets supposedly put diapers next to beer and saw an increase in
beer sales. The ability to react on the analytical result was already there, which is why the
association study was done in the first place.

Profit of $10 million per unit
Imagine that your data scientist comes to your office with the following proposal:

Data Scientist: | have great news! | looked at that dataset you gave me, and | think
| have a fantastic way to make money.

You: Great! Tell me more! [thinking to yourself] Just in the nick of time. We've spent a
ton of money on that project so far, and we badly need success.

Data Scientist: | found a way to make a profit of $10 million per unit.
You [thinking to yourself]: Sounds too good to be true.
You: Any risks that could sink us?

Data Scientist: None that | can see. There are no competitors. We're able to serve
at least 100 units. It'd be easy to execute.

You [thinking to yourself]: Wow, that’s a billion dollars!

Data Scientist: | even checked with the organizations that take the welfare of the
units into account. They love the idea. Consultants also say that the governments
and populations of the countries involved would like the idea too.

® One extreme case of this question is “How much would you pay for just an idea of a totally new business that

you can undertake, without any associated execution of that idea?” All venture capitalists have encountered
this situation, and the usual answer from that community is “I wouldn’t pay anything.”

% This popular story has many details wrong or changed in the retelling, but, for the sake of argument, let’s go

with it in the form it’s most often told.
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[You start thinking about talking to the Board about the plan.]
You: Excellent! So what are those units?

Data Scientist: Elephants!

You [dumbfounded]: Elephants?!

Data Scientist: Yes, you see, elephants from region X will be much better off and will
be safer if we move them to region Y. It’s great for the ecosystem. Also, as | said,
the governments and populations in X and Y will love it. Elephants would enjoy it too,
and they’d be safer in region Y. Charities that worry about the well-being of elephants
love it as well. We can get a profit of $10 million from the government of Y by . . .

[You aren’t sure what to say next.... No, you shouldn’t act on your first
instinct . . . . Take a deep breath now and speak like a leader . . . .]

Then, you wake up from your nightmare and say, “Thank goodness it was just a
dream. | don’t think it was looking plausible anyway.” But you can’t go back to sleep.
You still need to find a good business case. You wonder what your data scientist
might find in that data.

There’s always something in the data. It might be unexpected, insightful, and even
potentially wildly profitable. The elephant in the room is that something being “unex-
pected, insightful, and even wildly profitable” doesn’t mean it is actionable. It might
be difficult to transform your current business into an elephant hauling business.?

@ No animals were hurt during the construction of this elephant example, and | don’t advocate elephant relo-
cation or profiting from elephants in the real world—this is just a hypothetical example. If you're in any
way offended by the idea of hauling elephants, feel free to use hamsters (or stone marbles) in the example
instead.

Al finds correlations, not causes!

One word of warning, which I'll cover in more detail in chapter 8, regards a common
misunderstanding that I want you to be aware of early on. Al as practiced in business
and industry today finds correlations, not causes. This is important to recognize because
newcomers to Al, after seeing Al answer a complicated question, sometimes anthropo-
morphize Al and attribute to it the ability to know the reason behind the answer when it’s
often just guessing.

Humans are causal model driven. Even if they don’t know how a given system
works, they usually have a theory, a model, of how that system works. The models built
make it possible for humans to reason about cause and effect. Because that’s how we
work, we have the tendency to assume that AI works that way too. That’s not correct.

When a human sees A and B going together, the human would easily give you
some theory (very often, not a correct theory) of why A and B are causally related. Al
wouldn’t be able to give you any causal theory (much less ensure that the theory is cor-
rect), it would just say, “I think that A and B go together.” You as a human can reason
about causes, but Al as practiced today can’t establish causal relationships on its own.



16

1.9

CHAPTER 1 Introduction

NOTE If your neighbors look distant every time they see you, you might
assume that they don’t like you or that something is troubling them. You’ve
just assumed a model of why people behave in certain ways. AI might predict
that your neighbors will appear distant the next time you see them, but few Al
algorithms would impute any cause: they don’t say why it is, just that if is.

When you’re thinking about what you need Al to do for your business, keep in mind
the differences between the human use of causal models and how Als work:

The expectation that Al can automatically find causes (as opposed to patterns)
isn’t realistic in most cases.

If you're required to explain why an Al algorithm made some decision, you
must carefully consider how to translate the algorithm’s behavior in a way that
you and your audience can understand.

Most Al algorithms used today, especially in the big data domain, have a limited
ability to guide change. That ability is limited to situations in which you have
data for both where you are now and where you want to go. Because Al recog-
nizes patterns, if you have no data (or lack the ability to collect new data) on how
the world will look after a change occurs, Al can’t do much to guide you.

Always tread carefully when you think about using Al to impute causes or to guide
change.

Most industry Al projects don’t address causality

If you're interested in causality, several sources in appendix C [24-27] summarize
the state of the field. Causality is an area of active academic research and isn’t
addressed by most Al projects in industry today.

Obstacles to the wider use of causality include the scarcity of experts in the field
(especially among industry practitioners) and the need for more mature software sup-
port. There are also significant limits to what is known even in academic settings
about inferring causality in complex scenarios.

Business results must be measurable!

For an Al project to succeed, you need to be able to measure the results of the data
science project in the context of its business impact. That measurement needs to be
quantifiable. AI and ML algorithms can’t use gut feeling metrics as feedback on how
well the project is doing, so someone needs to define a quantitative metric. This sec-
tion discusses important considerations and pitfalls of the business metric used in the
context of Al projects.

Before you can measure how your data scientists would impact your business, you
need to be able to measure your business as it is today. As a business leader, you should
have a way to measure how well your business is doing based on some numerical metrics
directly tied to the business. Some examples of such metrics are revenue, number of
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customer purchases, and internal rate of return (IRR). Once you have those business
metrics, you should have a way to tie those metrics to the technical evaluation metric that
the ML algorithm uses. Chapter 4 describes in detail how to make that connection.
Depending on the methodology you’re using to run your business, business met-
rics could be readily available, or you might have to develop them yourself. Various
methodologies are available for running a business and measuring its results. If you’re
looking for a starting point, the Lean Startup methodology described in Ries’s book
[28] is popular in startup and IT settings. I also recommend reviewing the Business
Performance Excellence (BPE) model described in Luftig and Ouellette’s book [1].

NOTE You may not have a direct business metric at your department level to
which you can direct your data science project. If that’s the case and you
don’t already have a metric to use, define one yourself.

Although I could provide examples of business metrics you could use, defining appro-
priate business metrics isn’t a simple operation; there are many considerations to take
into account to do it right. If you define the wrong metrics for the business problem
you're trying to solve, your employees may work toward maximizing metrics as
opposed to solving the business problem. At a minimum, the methodology you’re
using should ensure that the metric correctly measures whether the business goal is
achieved and that the metrics on the department level help you align individual
departments toward a common goal. A number of resources are available to you
[1,2,29-33], and you may want to review some of them for a few guidelines.

The complexity associated with recognizing and defining good business metrics is

exactly why I recommend that you develop a thorough understanding of the opera-
tions of your business. You need to recognize the appropriate metric to run your busi-
ness with, versus which metrics might sound reasonable but will actually not measure
what’s really important for your business success. For example, it’s your job to under-
stand if it’s better to direct your business in the next six months based on preferring to
increase revenue growth or to increase total number of users.”
NOTE A good business metric yields a number that’s directly related to some
business result. Such a metric is actionable. In the case of a recommendation
engine, a good business metric could be expected increase in profit. Any
technical metric that has no clear meaning in the context of business is obvi-
ously not a good business metric. In the absence of quantitative business
metrics, you're running a project based on gut feeling.

What if you can’t measure business results in a numerical way and can only use gut
feelings? Then you’re at a severe competitive disadvantage, at least as far as Al projects
are concerned. Businesses that can’t systematically measure business results aren’t well
suited for running Al projects. If the project’s progress is measured based on the gut

7 Quite often, early stage startups are looking for high growth. Such startups prefer to increase users in the
short term, before they reach profitability.
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feeling of a business leader, then measuring that progress takes considerable time and
involvement of that leader. Even if a business leader’s gut feeling is 100% accurate,
due to the limited amount of times the data science team can consult the business
leader, they will only get one or two data points on how well their Al project is doing.
It’s difficult (and often impossible) for data scientists to optimize their approach
based on so few data points.

Without a business metric to measure progress, you're asking your data science
team to use mathematics to produce something you already told them can’t be quan-
tified. To me, if a business result can’t be quantified (at least approximately) with a
metric, there’s no reason to believe that math-based tools can help. And make no
mistake—AI algorithms are a math-based tool.

Does having a lot of data guarantee results?

Think about your next-door neighbors. What do you know about them? Please take a
moment to think about your neighbors before proceeding.

Great—welcome back to reading! You might know a significant amount about your
neighbors: the size of the family, pets, cars they drive, and so forth. If you've ever
talked with them or invited them to lunch/dinner, you might have learned even more:
where they work, hobbies, their dietary preferences, and so on. Now ask yourself:

How much money did | make off my neighbors last year?

If your answer was, “I didn’t make any money off my neighbors,” welcome to the club.
Almost without exception, everyone asked has the same response.

I've asked quite a few executives the same question. As you can imagine, many of
them live in well-to-do neighborhoods. Their neighbors often have high net worth and
command large budgets. And most of those executives have never made any money
off their neighbors. Even successful executives aren’t particularly successful in mone-
tizing random knowledge.

A common assumption that organizations make is that the more you know about
someone (client, customer, competitor, employee), the more money you’ll make.
That’s true only if you have no idea what kind of data you need, so you think more is
better because you hope that by some random chance there’ll be something useful
in all that data. Having a good idea of what to do with your data in the first place helps
much more.

To make money doing business with your neighbors, you don’t need a lot of random
data about them. You need to know how they make purchasing decisions in a busi-
ness area in which you (or your company) have an ability to sell to them. Not all data
is created equal, and some data are just superfluous.

Finally, just in the case you were wondering, the second most common answer to the
question posed in this example isn’t “I made $X,” it’s “I don’t socialize in my neigh-
borhood, so | don’t know much about my neighbors.”
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1.10 What is CLUE?

Many data science projects today are taking a haphazard approach, which doesn’t
amount to much more than “Let’s look at the data and test the hypothesis that comes
to our team members’ minds, hoping we’ll find the right one.” The elephant in the
room is that few things you find in data are actionable. The end result is likely to be a
long, unpredictable research project that leaves you uncertain about its ability to ever
turn a profit.

In the absence of a systematic process for generating and evaluating hypotheses,
and then cost effectively managing that, you’re missing a clue. Figure 1.4 shows you
elements of the CLUE.

CLUE

Consider Link Understand Economize
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Figure 1.4 Elements of CLUE. Al projects that don’t have good answers for all elements of CLUE
experience difficulties.

CLUE is an acronym for

Consider (available business actions)—What business actions are possible for you
to take? What business decisions can you make? What are some possible options
for those decisions? How can you best choose among those options?

Once you know what business actions you can take, the obvious question is,
“Why haven’t you taken that action?” Clearly, you have some doubt, some ques-
tion that needs to be answered before you can take that action. That’s good
news! You now have a business question that should be answered with Al

Link (research question and business problem)—The information you need to make
a choice among available business options leads you to research questions that
your data science should answer. You need to ask that research question in the
form that a typical data science project can answer. You'll need to link the busi-
ness problem, the business action to be taken, and the research question with
each other.

Understand (the answer)—How will you know what the answer means when your
chosen data science method produces it? How can you translate some technical
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metrics produced by the data science method (for example, a metric like
RMSE) to your business domain? For that matter, how many people in your
average business meetings know what RMSE means? If they don’t know it, then
why is a result presented using that metric?

Economize (resources)—Your resources are scarce. Run your data science project
in the way that provides you the highest expected payoff for resources invested.

Although subsequent chapters elaborate on each one of these elements, let’s just
quickly expand on why these steps are important.

You need to start contemplating your options from the business side. You can find
a lot of the non-actionable things in the data. Conversely, there are much fewer
actions you can execute on. You should start from the few things you can execute on.

Technical metrics are not business metrics

Suppose you're running a small sporting goods store. One business action you can
take is choosing between stocking snowboards or mountain bikes.

Once you know which business action you have, two questions arise: why haven’t you
taken it yet, and what are you concerned about? Well, you might be concerned about
the demand in the next three months. So now you have the question, “Based on his-
torical trends and expected average temperatures, how many bikes or snowboards
will | sell in the next three months?”

Your data scientists operate with mathematical formulas, computers, and software.
They’ll define some evaluation metrics to be used with their ML algorithms, but the
project leader needs to work with the business domain specialists to understand how
the values that those evaluation metrics yield map to business.

If your data scientists are off by three bicycles/week, how much would having three
extra bicycles cost? How much would it cost if you lost the sale of three bicycles that
you didn’t have in inventory?? That’s what the U in CLUE means. Would you rather
hear in a business presentation that RMSE is 2.83 or that you expect that a wrong
prediction would cost you between $7K and $12K a month?

@ This is the reason why you need a business domain expert here. What’s your cost of inventory? What's
your profit margin?

NOTE If you've never encountered RMSE and are wondering what it is and
what it has to do with your business, you’re not alone. Just throwing a technical
melric at business users is confusing. What units is 2.83 in—dollars, meters, points?
Depending on the business problem, that RMSE can be all of the previous
units—or none of them. If you are a data scientist, always use business metrics
in presentations to the business user. You're better positioned to translate tech-
nical metrics to business terms, and you should do so before a meeting. If for
any reason you can’t do it, how can you possibly expect a much less mathemat-
ically inclined business user to do it, in real time, during the presentation and
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using only mental math?! Chapters 3 and 4 discuss the process of linking techni-
cal and business metrics, and appendix A has an explanation of RMSE.

Once you know what business actions are available, you can start an Al project that
will help you choose between those actions. Every project has finite resources, so you
should be a good steward of those resources. The foundations of the project you
establish (for example, the architecture of the software or the business relationships
you need to form to get data and execute on the project) need to be right the first
time, because it will cost you a fortune to change them. The E in CLUE (economize)
is about how you combine project management and data science best practices so that
you can assign resources optimally in your project.

An overarching theme here is that a properly organized Al project can be man-
aged with the management tools that successful executives are already familiar with.
CLUE is the glue between the existing management practices you know and those
specific to data science projects.

Overview of how to select and run Al projects

Throughout the rest of
this book, I construct a

Avoid overfocus on

process for getting con-
crete business results with IiEsuEu V°:5’::: of Algorithms
Al Let’s briefly review the
process here (figure 1.5).
Concentrate on
Define Formulate
Possible Research Triage Projects
Business Questions to by Difficulty
Actions Answer
Formulate
Business
LUE Metrics

Figure 1.5 High-level overview
of the process that a successful
Al project should use. This
workflow shows you how to
make sure that all elements of
CLUE are part of your project.

Initiate and
Run Individual
Projects
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This process should be understood as a group of considerations that must be
addressed in a successful Al project, not as a sequence of steps that always must be exe-
cuted in the same order. If some part of your existing process already addresses the
given considerations, you don’t necessarily have to modify it.

For your process for running an Al project to be successful, you must do the
following:

Distinguish between what’s most important to get right for success (having a
CLUE) versus what’s nice to get right—that which is mostly supporting your
project.

In the sailing example I gave earlier, the most important question was,
“Where do you want to sail?” not “What is the max speed of the boat you’re on?”
Similarly, in the AI project, having a CLUE matters more than the infrastruc-
ture you’re using, the collection of volumes of data, or the knowledge of the
exotic, recently published Al algorithms.

Start your analysis with the business actions you can take. If you instead start by
saying, “Let me try some Al algorithms on data I already have,” chances are that
even if something is found in the data, you won’t know what business action to
take based on that discovery.

Once you understand the business actions you can take, consider why you
haven’t taken them yet.

You typically have a question or uncertainty there, and that’s how you find a
research question that your project should answer. On the business level, it’s a
question that, when answered, will cause you to take some business action.

It’s important to understand that a single business question can require from
one to many research questions to answer. For example, you can break an over-
arching question such as “What inventory mix should I hold?” into several
research questions like: “What are the best-selling items I have in inventory?
What’s the predicted supplier’s availability of the items I have in inventory?
What are the predicted future sales of these items?” You might be able to think
of others as well.

Not all of the projects are equally valuable or equally easy to do. As you already
know, you need to triage them so that the easiest to implement, high-value proj-
ects are scheduled first.

Formulate the business metrics you’ll use to measure the results of your business
actions. One of the common errors facing Al projects is that they make technical
decisions without carefully considering the business impact of those decisions.
The business metric is there not only to help your executives run the business,
but also as a quantitative measure whose importance both the Al and business
teams agree on. This business metric could be specific to each research question
you ask, or a single business metric can apply to multiple research questions.
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Initiate individual efforts that will answer your research questions. It isn’t neces-
sary to initiate one project per research question, and the exact number of
research questions that a project should answer depends on the research ques-
tions, team expertise, and the difficulty of answering the questions (or obtain-
ing data for them).

At the end of this process, you’ll have a set of Al projects that are in advantageous
positions to succeed and make a difference. You’ll know how difficult the implementa-
tion of those projects will be. You’ll know that there’s an implementable business
action that you can take once Al provides you with an answer, and you have a way to
measure how beneficial that action will be for your business.

Is CLUE limited to large companies?

CLUE is focused on highlighting the questions that you need to answer for your Al
project to be successful. Those questions are derived from how Al functions, not from
the size of your organization. As such, CLUE is applicable to Al projects in organiza-
tions of all sizes.

Larger organizations typically will need to coordinate larger teams and may have peo-
ple specifically assigned to managing that communication or some parts of the CLUE
process. They also would typically have to follow additional organizational processes
compared to smaller organizations. Early startups with fewer employees may address
all components of CLUE in a more informal way and may even have a single employee
managing the whole CLUE process in parallel with many other duties.

If anything, it’s more important in a smaller company to use CLUE or an equivalent
process. Such a process is what prevents you from spending a lot of money on
answering analytical questions that weren’t actionable to start with. Well-funded proj-
ects in a Fortune 10 company could recover from the kind of error that causes a 10-
person team to be wandering for six months in the wrong direction. Can a 10-person
startup survive a comparable error?

Exercises

I strongly encourage you to complete these exercises to get a better understanding of
the material covered in this chapter. This book’s exercises highlight and reinforce the
best practices in, and common pitfalls of, Al projects in business. If you elect to skip
the exercises, I still recommend reading the answers to the questions.

These exercises may introduce some new concepts that aren’t discussed in the
chapters, but they should be already familiar to you or, if not, well within your ability
to grasp. This is intentional and will help you practice the application of the skills and
concepts you learned in this chapter to new business situations.

Solutions to the exercises are in appendix B at the end of this book.



24

1121

1.12.2

CHAPTER 1 Introduction

True/False questions

Answer the following questions with True or False.
Question 1: You always need a lot of data to make significant money with Al

Question 2: The first step when starting an Al project is to select the right technology
tools to use.

Question 3: Sometimes, simple Al algorithms can produce large business results.

Question 4: Some tools can significantly automate Al projects. Just by using those
tools, you can ensure a significant and lasting advantage over your competitors.

Question 5: Making money with Al requires a PhD in math, physics, or computer
science.

Question 6: Every Al PhD is guaranteed to know how to make money with Al
Question 7: All Al tools are created equal.

Question 8: You're a project executive, and you leave the definition of the evaluation
metrics to your data science team. Unfortunately, your data science team doesn’t have
strong business domain knowledge, and they provide you with a metric that you don’t
understand—Ilet’s call it the Gini coefficient. If they do well on that metric, the project
will help your business.

Longer exercises: Identify the problem

A short narrative description of a hypothetical project or actions taken during the
individual projects follows. What’s your opinion of the situation described?

Question 1: A friend who works in the IT department of an organization somewhat
similar to yours uses tool X and approach Y with great success. Should you use that
tool and approach because your friend was successful with them?

Question 2: X, a Fortune 100 company, begins their Al efforts by creating an infra-
structure holding petabytes of data and buying an array of tools capable of solving a
broad spectrum of Al problems. They’ve also created a department responsible for
using and maintaining all those tools. Should you buy the same set of tools?

Question 3: You want to start your Al efforts with the use cases that other people suc-
cessfully employed. Can you ask consultants with Al experience for an example of Al
use cases often seen in your industry?
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Question 4: What’s wrong with the following approach? You’re seeing that Al is getting
better in video recognition. You plan to start an Al project that would apply Al to rec-
ognizing and scoring Olympic skating. By using such an Al, you can show the viewers
what the predicted scores would be as soon as the skaters are done, without needing
to wait for the judges. Your Al solution must be ready before the next Olympics.

Question 5: Is the following a good idea? You're in a heavily regulated industry that
delivers products to end consumers. You have to run all your changes by a regulator,
and changes are evaluated (almost exclusively) based on legal compliance, with a typi-
cal change taking five years to be approved. You plan to use Al to understand online
customer feedback and your customers’ satisfaction. The technical term for this pro-
cess is sentiment analysis.

Question 6: What are some problems with the following proposal? We’ll use this Al
and feed it patterns of our customer behavior, and it will reveal to us the causes of our
customers’ decisions.

Question 7: You're working in a domain in which it isn’t easy to define business
metrics that you can use to measure the business result. Someone has proposed to use
AT and make business decisions based only on technical metrics. Is this a good idea?

Summary

Machine learning (ML) is a combination of problem formulation, optimiza-
tion, and result evaluation. The only part of ML that artificial intelligence (AI)
can (mostly) do on its own is optimization—a human has to do everything else.
Profit isn’t made when Al provides an answer to a research question; it’s made
when you take a business action. Always start by asking, “What business actions
can I take?”

Al is mostly about finding correlative patterns: A is often present in vicinity of B. Al
has significant limitations in its ability to impute cause or operate in the chang-
ing world.

Succeeding with Al requires a CLUE, the acronym for Consider the business
actions available, Link a research question to the available business action,
Understand the answer to the research question in the business context, and
Economize scarce resources. Total absence of any of these elements is usually
enough to doom the Al project.

You should use a standardized workflow in every Al project. That workflow con-
sists of triaging the possible business actions, defining research questions, defin-
ing business metrics to track, and estimating project difficulty and expense.



How to use Al
in your bustness

This chapter covers

What project leaders must know about Al

Finding which business problems benefit from the
use of Al

Matching Al capabilities with the business problems
you’re solving

Finding the gap between the skills the data science
team has and the ones your Al project needs

You can spend years learning about Al, but because of the fast evolution of this field,
even fully proficient data scientists need to spend a significant portion of their time
on continuous and ongoing learning. The market of Al books and papers is domi-
nated by technical information about Al. With all that wealth of knowledge, it’s dif-
ficult to distinguish between what you need to know to manage Al and the
knowledge necessary to have if you’re an engineer building an Al system.

This chapter talks about aspects of Al and ML that are necessary to understand
to lead an Al project. It also teaches you how to find business problems that benefit
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from the application of Al It provides examples of how to make Al insights actionable
by linking Al capabilities with the business actions you already know you can take.

I've chosen the examples given in this and subsequent chapters from different
business domains. It’s possible that some of the examples will come from a business
domain unfamiliar to you. This is a good opportunity to practice one of the primary
skills in successfully applying Al: adapting Al capabilities to business situations that
you encounter for the first time.

What do you need to know about Al?

Al projects are very complex, combining business, computer science, mathematics,
statistics, and machine learning. This section explains why technical knowledge about
Al'isn’t the primary knowledge needed for managing Al projects. If you're an Al proj-
ect leader who doesn’t have an analytical background, it’s understandable if you feel
that you need to grasp all of those concepts to be able to make the best decisions.

The situation could be even worse: not only are the data scientists talking about
concepts with which you’re unfamiliar, but those concepts might look like something
youre supposed to know but can’t fully recall. The jargon they use is often rooted in (or
related to) statistical terminology. You might have taken a statistics class or two during
your MBA program, and you might not have paid particular attention to all the topics
covered. Don’t worry. The most important decisions for project success don’t require
or even necessarily benefit from an extensive knowledge of statistics or the details of
Al algorithms.

What you do need to know to manage Al projects is the same as with any other
project: how to define metrics and processes that allow you to properly comprehend
and monitor the direction and success of the project. Once you understand that, man-
aging Al projects is similar to running those projects you’ve overseen before.

Managing an Al project is another application of management science

To use an analogy from a well-understood domain, if you were managing a factory,
you wouldn’t think that you’d need to become as good a worker as your foreman to
run it. For that matter, it's a safe bet that quite a few executives who successfully
manage factories aren’t remotely handy.

The same principles apply for IT projects. Do you really need to know your database
as well as your database administrator (DBA)? Do you feel you need to become a DBA
to manage a database project?? You manage database projects by separating the

2 In case someone wants to argue that Al isn’t a factory, no, it isn’t, but then neither is a database project.
We’'ve learned how to manage database projects without executives needing to become DBAs. Manage-
ment as a profession is based on some universal principles for running organizations and projects, and
that body of knowledge applies to Al too.
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(continued)

business and architectural aspects of such projects from the skills needed to main-
tain RDBMS systems.

Just like a factory manager benefits from knowing how a factory works, having tech-
nical knowledge about Al doesn’t hurt the project leader. However, the factory man-
ager can’t focus on the details of their foreman’s job as a substitute for knowing how
to manage a factory and actively managing it. Likewise, an Al project leader must
focus on management considerations.

Still, there’s often a feeling that managing Al projects requires significant focus on
the details of how Al works internally, while comparable focus on details isn’t neces-
sary when managing factories or database projects. To the extent that this is true, it
isn’t so much because Al is different from other fields, but because Al is simply a
much younger field.P In the case of factories, we've had enough time to develop man-
agement theory to understand that management knowledge isn’t the same as
domain-level knowledge about manufacturing. Having more time has allowed us to
build methods and systems that allow us to compartmentalize skillsets: those
needed to run a factory versus those needed to build a product. The goal of this book
is to help you to do the same with Al.

b Yes, finding good data scientists is difficult, and, currently, they’re rare. Today, some of them might object
to being compared to a foreman. But do you think that a shift foreman for a railroad was a common skillset
when early railroads were built? Or that the DBA skillset was common when databases were introduced?
That’s what | mean when | say Al is a young profession.

Most Al concepts that are relevant to making executive decisions could be explained
to businesspeople in business terms. Ideally, your data scientists should be able to do
that. If they can’t, you should supplement your project team with people who have
expertise in both Al and business to help with communications.

NOTE Ifyou’re feeling that you need to better comprehend analytics to make
business decisions, what you have isn’t a knowledge deficiency but rather a
communications problem.

What you need to know to manage an Al project is how to relate Al concepts to busi-
ness. Namely, you need to be able to answer the following questions:

What can Al do, and how can I use that in my business?

What type of Al project should I start with first?

How will I measure how successful Al is in helping my business?
How should I manage an Al project?

What resources are scarce, and how should I best assign them?

The rest of this book shows you how to organize a data science project in such a way
that you can apply the management skills you already possess with minimal modifica-
tions to run Al projects.
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How is Al used?

You make money when you perform an appropriate business action. That leads us to
where Al plays into any system it’s using—AI directs you in which action to take. This sec-
tion explains how Al does that.

While AI, ML, and data science are perceived as new, the role that they play in
making businesses successful isn’t new. There are quite a few professions that have his-
torically used some form of data analysis to make money. Some examples of those pro-
fessions include actuaries and quantitative analysts. Experts in the application of
statistical methods to process engineering and quality improvement science also have
a long history of using data analytics to improve business results. Al doesn’t change
the way analytics and business relate, it just changes the methods for doing the analy-
sis and the capabilities (and cost) of the analysis. There are significant parallels
between how Al fits in with business today (and in the future) and traditional uses of
data analysis in business.

To understand how to identify an opportunity to apply Al to a business problem,
you first need to understand how a successful application of Al to a business problem
has to look at a high level. In any problem in which data is used to inform further
actions, there’s a common pattern describing that process. We collect data, analyze it,
and then react to it. This is simply an age-old control loop, and it’s important to
understand the elements of this loop. Al just adds new capabilities in the analytical
part of that loop. Figure 2.1 shows how these elements interact.

1. Sense

Speed of

3. React closing the 2. Analyze
loop

Figure 2.1 The Sense/Analyze/
React loop. Any successful
analytical project must have all
three elements of this loop.

Elements of figure 2.1 are as follows:

Sense—The sensor part of the loop is where you get the data that the analysis
looks for. For the majority of enterprise systems in the pre-big data age, data
was in disparate databases. For big data systems, it’s common to store data in a
data lake.
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Analyze—That’s the box in which you now apply Al to your dataset. Before Al,
we used simpler algorithms (for example, a PID controller [34]) or human
intervention (for example, a manual loan approval in the context of a bank).
Although the introduction of Al to help with analysis is perceived as a recent
development, it isn’t—Al research started in 1956 [35]. We’ve been using com-
puterized systems to perform analysis for decades. What’s new is that today, with
modern Al techniques, computerized analysis is much more powerful!
React—Reactor/effector is the part responsible for the action in the real world.
That reaction might be performed by a human or by a machine. Examples of
manual reaction include many decision-support scenarios in which a manage-
ment decision is made based on the results of the analysis. Examples of auto-
matic reaction include robotics systems, smart thermometers [36,37], and
automated vehicles [38].

The speed of closing the loop is the time between the moment some event occurs and
the time when a reaction is performed. How much the speed of closing the loop mat-
ters depends on the domain. In a high-frequency trading system, there may be a
strong requirement for completing a loop with the utmost speed. In other situations
(for example, if you're performing data analysis in the context of archeological
research), timing requirements may be much more relaxed. Sometimes the ability to
guarantee that you’ll meet time-critical deadlines matters too; an autonomous vehicle
may require that your Al analytics never take longer than a specified time.

NOTE The speed of closing the loop also depends on how often data is
ingested into the system. Sometimes it’s acceptable that data is periodically
ingested into your system. In other cases, data must be analyzed in real time
as it’s arriving into the system. (This is called streaming analytics.)

An important consideration in the application of a Sense/Analyze/React loop is the
question of who or what is reacting. It could be the system itself in some automated fash-
ion. (That’s what a self-driving car [38] does.) Or, based on the results of the analysis,
it could be a human. The latter case is much more common today within an enter-
prise use of data science.

The Sense/Analyze/React loop is widely applicable

The Sense/Analyze/React loop is applicable across many scales. It could be applied
on the level of a single device (as in the case of smart thermometers like Nest [36]
and ecobee [37]), a business process, multiple departments, the whole enterprise,
a smart city, or an even larger geographical area. | believe that the Sense/Analyze/
React pattern loop will, in the future, be applied to the level of whole societies, in
systems such as disaster relief and the tracking and prevention of epidemics.

The Sense/Analyze/React pattern isn’t limited to the domain of big data and data
science. That pattern applies to the domain of development and organizational pro-
cesses t0o. You might be aware of various forms of the control loops that management
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sciences define and use. Examples of those loops are concepts like PDCA [39,40],
OODA [41,42], and CRISP-DM [43], which have commonalities with and are further
elaborations of this pattern. The Sense/Analyze/React pattern even applies to biol-
ogy (for example, how octopuses and other animals behave [44]). In some domains,
people might call the React part of the loop the Effector instead [45].

Automation of any business process is just an application of the Sense/Analyze/React
loop. Using Al allows the application of that loop to some problem domain in which
an automated reaction wasn’t previously possible.

Automated data analysis is a recent development?

Even uses of fully automated and rapid Sense/Analyze/React loops using compli-
cated and computerized analysis are nothing new. Capital markets, especially com-
bined with algorithmic trading, implement this pattern on a large scale. With the
further advancement of the Internet of Things [46] and robotics, these large-scale,
fully automated, closed control loops will become much more prevalent within the
physical world.

What’s new with Al?

The advance of Al broadened the applicability of the Sense/Analyze/React loop,
because Al brought to the table new analytical capabilities. This section explains those
new capabilities.

What’s new with Al and big data is that automated analysis has become cheaper,
faster, better, and (using big data systems) capable of operating on much larger data-
sets. Analysis that used to require human involvement is now possible to do with com-
puters in areas like image and speech recognition. Thanks to this new Al-powered
capability, whole Sense/Analyze /React loops became viable in these contexts, when it
wasn’t economical to apply them before.

Examples of Al making automation viable

The following are some examples where an introduction of Al makes it possible
to automate tasks that previously required a human to perform them:

Automated translations from one language to another—Language translation is
nothing new and is something that humans have done since the beginning of
time. What’s new is that Al has reached a level at which automated translations
are now viable and, as such, a translation web service becomes practical.?

2 Note that the actual control loop in a real translation system typically requires that at least two control
loops are present. One loop translates from one language to another, while another loop makes money
for this service. That second loop may also work by collecting information about what translations you
need, analyzing them, and performing some action that makes money for the provider of the translation
service.
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(continued)
Autonomous cars—We've had some form of the automobile for the last
250ish years, always requiring a human operator.® What's new with Al is that
we may be on the verge of being able to construct a car that doesn’t need a
human driver.
Ability to diagnose eye diseases—We've all read letters at a distance for oph-
thalmologists and optometrists and stared into the bright light on command.
What’s new is the ability of Al to detect diabetic retinopathy from simple reti-
nal images [49].
Ability to read comments posted on the web—If you read enough material in
the comments section of a website, you can surmise whether people are
enthusiastic or skeptical with regards to some topic. Now Al can do it too. Al
can read a much larger number of comments faster and cheaper than a
human ever could, and then tell you whether the audience is predominantly
enthusiastic or skeptical. We call this capability sentiment analysis.®
Product recommendations—Each one of us has friends that recommend
books, movies, and products we might like. When Al does that (for example,
on the Amazon website), it's called a recommendation engine.

Historically, when the size of datasets was small, humans were able to perform the
same analysis that was done by Al. In some cases, what Al does is worse than what
humans can do looking at the same dataset. But Al is more economical in the long
run, and it can operate on datasets that are too big for humans to look at.

b The first self-propelled vehicle with wheels was invented in 1769 [47], with the first gasoline-powered cars
appearing in 1870 [48].

¢ At the time of this writing, Al isn’t nearly as good a reader of web content as a human is, and it’s struggling
with cynicism and subtle messages in text—it often misses even the basic thesis of the message. How-
ever, for the purpose of answering the question, “Has sentiment about the product improved in the last
three months?” Al is good enough and can provide an answer much more cheaply than you or | can.

What’s not new or different with Al is that analysis still can’t make money all by itself.
Note that in none of the use cases given in the previous examples did I talk about how
to make money. While some of those use cases are clearly straightforward to monetize
(for example, an autonomous vehicle that drives better than humans), in others it
may not be clear how to monetize Al.

Al can’t help you with a poor business case

Sometimes you won’t be able to make a profit regardless of how good your Al-powered
analysis is. Suppose that an ill-advised manufacturer of traffic signs decides to do
sentiment analysis of the public opinion of those signs. The manufacturer would likely
lose money on this analysis. It’'s not clear that drivers’ feelings have a significant
practical influence on the selection of traffic sign vendors (or for that matter, that sen-
timent about the sign would be determined by the choice of vendor as opposed to
where the sign is placed).
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When you perform an analysis, you incur the cost of that analysis. Profit may happen
when you react based on the results of analysis. If there’s no business action you
can take after getting the results of analysis, such an analysis is always a loss.

Making money with Al

If AT allows for improved analytics with the Sense/Analyze/React loop, how do you
make money with AI? By finding a situation in which Al allows you to apply Sense/
Analyze /React loops so that one of the business actions available to you could be auto-
mated using that loop. This section shows you how. Figure 2.2 presents the general
process of making money with Al

Business

R i ?
Problem Applicable to?

Figure 2.2 Making money with Al is based on finding a business problem in which you can apply the
Sense/Analyze/React loop to one of the actions you can take.

You can apply this control loop in a new context because of the capabilities of Al. But
to successfully apply the Sense/Analyze/React loop, you must make sure that all com-
ponents of the loop are technically possible:

On the Sense side, you must have the ability to collect the data that Al-supported
analysis will need. Chapter 3 addresses how to ensure you’ve collected the appro-
priate data for your chosen Al method.

On the Analysis side, you must make sure that you stay within the boundaries of
what’s possible with the available Al technology.

On the React side, you must link the results of the analysis with one of the
actions that you can actually implement in your business. You’ll make a list of
the possible business actions that you can take, and ask, “Is there an Al analysis
that I can perform that will better inform this business action?”
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Once you know that the Sense/Analyze/React loop is applicable to your business
problem, you know that you have the ability to solve that business problem using Al.
Let’s start with an example.

2.4.1 Al applied to medical diagnosis

Suppose you're part of a software development team in a large hospital. Your team’s
goal is to apply Al to clinical and diagnostic procedures in the hospital. This section
shows you how to find a use case in which AI can help.

To keep this example small and manageable, I’ll concentrate on a single diagnos-
tic workflow: a patient getting an eye exam. An image of a patient’s retina is taken to
check if there are any diseases. Assume that this procedure consists of the steps shown
in figure 2.3.!

2. Patient is 3. Image is 4. Image is read;
Step in 1. Patient is positioned in the developed in a doctors are
briefed about imaging device, | workflow that is | looking for
the exam the procedure and an image is already abnormal
taken automated conditions

O
O O —
step n @)

performed by H

Technician Technician Automated Optometrist,
possibly consulting
ophthalmologist

the tep $ $ 5 $8%

Figure 2.3 A workflow of a routine optometry exam. We’ll apply Al to automate part of this workflow.

The workflow shown in figure 2.3 consists of the following steps:
Patient is briefed about the procedure. This step could be performed by a tech-
nician with minimal involvement of the optometrist.

Patient is positioned in the imaging device, and an image is taken. This step is
also performed by the technician.

' An actual optometry/ophthalmology exam is more complicated and is simplified here for the sake of
illustration.
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Image is developed in a workflow that’s already automated.
Image is read by the optometrist, looking for abnormal conditions. If necessary,
additional doctors would be consulted.

Now you’d find a place where Al can help. In this workflow, you have three steps to
which you could apply Al: two interactions with the patient and the final reading of
the eye image.

Never start by thinking which analysis to do!

To illustrate why you don’t start by asking, “What analysis can | perform?” let’s con-
struct a scenario in which you start with an analysis based on knowing that Al can do
something for you.

You might be aware of voice assistants like Apple Siri [50] and know that their voice
recognition is getting better. What if you combine a voice assistant/voice recognition
with the chatbot so the patient can be briefed by a machine? You’'re lucky to have a
good data science team that’s happy to work with this cool technology. This looks
like a good application of Al, doesn’t it? Let’s build a quick prototype!

Unfortunately, any time you spend on such a prototype will be wasted. Replacing a
technician has limited value—the cost of the time a technician spends on briefing
the patient is relatively small. More importantly, you're serving a diverse patient pop-
ulation, including multiple languages, disabilities, ages, and comfort with interacting
with the machine. Human technicians are good at dealing with this population;
today’s Al isn’t, if for no other reason than some segments of the population aren’t
used to talking with a voice assistant.

The idea you had was based on an interesting technology. The use case is inherently
interesting and straight from sci-fi—many sci-fi stories feature patients talking with
an Al doctor. The problem is that you’ve tried to apply Al to a situation in which a busi-
ness action isn’t profitable from the start, due to factors beyond your control.

This is a common trap. Everyone who works with Al in a business setting claims that
they have a good business case, but often the business case was an afterthought,
and the team’s initial excitement about the project was caused by the opportunity to
work with interesting Al technology.

In the worst case scenario, it might be impossible to monetize the project from the
start, even if its technical portion was successful. Good Al implementation can’t bail
out a poor business case.

Let’s use a systematic approach to better apply Al to this optometric exam. You start by
enumerating the domain actions that you can perform and then see if you can apply
the Sense/Analyze/React loop to those actions.

TIP  Start by asking, “What are my viable domain actions?” As the number of
domain actions that you can take is limited, you need to consider only a small
number of use cases.
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In this workflow, you have the two interactions of a technician with the patient, and
you have the ophthalmologist/optometrist reading eye images to check for the pres-
ence of eye diseases. The interactions with the patient consist of an initial briefing and
then positioning the patient in the imaging device so that a good image can be taken.
You saw a moment ago why you can’t automate the briefing. What about positioning
the patient? That requires robotics expertise, and your executives are adamant that
you’re a software development company and not a robotics company. In your case, no
action in the domain of direct patient interaction is viable.

What about interpreting the images? It turns out that interpreting images for cer-
tain eye diseases is complicated and that, in some cases, optometrists may miss impor-
tant conditions. Professional interpretation is also costly and something that your
hospital would save money on if you could make an alternate system that’s helpful
when diagnosing eye diseases. This use case is worth further investigation.

Further research from your data science team shows that there has been significant
progress in the application of computer vision to medical diagnosis. You find that
Google’s team created an Al capable of diagnosing cases of moderate to severe diabetic
retinopathy [49]. You have enough data from past optometry exams that you can train
Al on that data. To make sure the Sense/Analyze/React loop is applicable in this use
case, you need to cover only the Sense part. That proves to be easy; you already have an
image of the retina of the patient, and you can send that image to your Al system.

General principles for monetizing Al

The previous example showed you how to find an opportunity for using Al in one
business scenario. This section shows you what general principles you can extract
from this example. Figure 2.4 shows those principles for applying Al

Can you obtain data?

|

Sense
Can concrete Is analysis
domain action +——| React Analyze |-—— technically
be taken? possible?

N

Figure 2.4 General principles for applying Al to a business problem.
The basic idea is to make sure that you’ll be able to implement all
parts of the Sense/Analyze/React loop.
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The approach shown in figure 2.4 covers each part of the Sense/Analyze/React loop:

Sense—Can you collect the data you need? How much does it cost to collect that
data?

Analyze—Can Al do that analysis under ideal circumstances, or has anyone ever
succeeded in doing something similar with AI? Is it well known that AI has such
a capability? Does your team have expertise in applying those Al methods? How
difficult is it to apply them?

React—Find a domain action that would be of value and possible for AI. What is
the economic value of that action? This information lets you judge if automat-
ing that action with Al is economically viable.

Chapters 3 and 4 will discuss how to use business metrics to cover the economic
aspects and the application of the Sense/Analyze/React loop. For the time being, lets
concentrate on how to cover the React and Analyze parts of the loop. You need to
answer the following two questions:

Is there a systematic way to think about your business that helps to find domain
actions that can benefit from AI?

What are the high-level capabilities of AI?

Once you know the answer to these two questions, you can perform an analysis like
the one shown in section 2.4.1 to find viable use cases for Al

Making money with Al isn’t based on Al being smarter than humans

Examples in this chapter (and chapter 1) show why, to achieve success with Al, link-
ing Al with business is much more important than specific algorithms and technology.
Al isn’t bringing superhuman intelligence to the table; it possesses humanlike capa-
bilities in limited domains, such as image recognition. It can also apply those capa-
bilities economically and operate with larger datasets than any human can. But you
still need to figure out how Al's capabilities translate into improving your business.

Al can sometimes find insights that escape human intelligence because of its ability
to process large datasets. However, when operating in complicated domains, Al still
lags behind humans. By itself, Al can’t figure out how to make money.

Peter Drucker believed that it’s more important to do the right thing than to do things
right.? Al's job is to help you do better analyses, and it could help you do things right,
but only you can ensure that Al is applied to the right problem.

2 From the article “Managing for Business Effectiveness” [4]: “It is fundamentally the confusion between
effectiveness and efficiency that stands between doing the right things and doing things right. There is
surely nothing quite so useless as doing with great efficiency what should not be done at all.”
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Finding domain actions

Now that you understand that the application of Al is simply a matter of applying the
Sense/Analyze/React loop to some domain action, the next question is how you can
systematically find domain actions that you can take. This section shows you how to
find them.

There’s a limited set of high-level roles that Al can play in your business. Figure 2.5
shows those roles.

Business Area of

Al Application
Decision Al as Part Autor;]fatlon Al as the
Support of a Larger Business Product
System Product Process
Applying Al
Fully : iliti
Autonomous H Heplaclz_lng Capibllltles
System uman Labor to Large
Datasets

Figure 2.5 Al taxonomy based on the high-level role it plays in business. You could use
this taxonomy to guide you in eliciting available business actions you can help with Al.

You can use Al as a part of the following:

Decision support system—AI helps an employee or manager of your organization
to make better decisions. Uses of such systems range from helping management
make decisions affecting the whole organization to helping line employees in
their day-to-day tasks.

Larger product—Al could be just part of a larger product. Such a product has
capabilities that AI may enable but that aren’t purely Al capabilities. An exam-
ple here would be house cleaning robots (like Roomba [51]) or smart thermo-
stats (like ecobee [37] and Nest [36]). In the case of a fully autonomous system,
Al guides the system’s operation and makes its decisions without needing
human involvement.

Automation of the business process—Al automates some steps in the business pro-
cess. Sometimes this is done to replace human labor; other times, it’s done to
process datasets that are so large that humans can’t possibly handle them.

Al as the product—You can package Al tools as a product and sell them to other
organizations. An example is an Al product capable of recognizing images on
traffic signs that will be sold to manufacturers of autonomous vehicles.

The rest of this section provides discussion of each of these bullet points.
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Al as part of the decision support system

One of the most common scenarios for the use of data science in the enterprise today
is the one in which Al is used as a decision support system. This section shows you how
to use Al as a part of such a system to find domain actions.

Al as a part of the decision support system is the easiest scenario for elicitation of
domain actions. In any decision support system, you’re already focused on the options
you need to decide on. When using Al as a part of the decision support system, you
should consider the user (or management team) whose decisions you're supporting.
Then you enumerate a spectrum of the decisions they can make. Finally, you ask your-
self this question: “What information is needed to choose between these possible
options?” The project is then organized around providing that information.

Al helps the management team

Suppose you're supporting a large manufacturing operation. The operation has mul-
tiple large suppliers that ship thousands of components to it every day. A big cost
concern for your organization is that if a certain percentage of the supplier’'s compo-
nents are faulty, the organization will spend a lot of time in the manufacturing pro-
cess on troubleshooting problems. Such troubleshooting is costly. Even worse, the
quality of the manufacturer’s own end product could suffer.

Although individual suppliers are a big part of your business, this sector is dominated
by a few large suppliers, and your ability to force suppliers to improve the quality of
their product is limited. How can Al help the management team for your manufactur-
ing operation?

Start by enumerating the options regarding what the management team can imple-
ment and which ones are viable. Because your organization has little leverage on an
individual supplier, the only viable business action your organization can take is to
change suppliers.

What questions do you need to answer to change the supplier? Here we concentrate
on one possible answer:

Ideally, you want to be proactive and switch suppliers before their quality
deteriorates—by then, our manufacturing operation has already incurred
costs. It’s difficult to decide to terminate the relationship with the supplier,
because you don’t know what the cost of staying with the supplier will be. Ide-
ally, you want to act proactively, based on where the trend of the supplier’s
quality is heading. You don’t want to cut a supplier whose trend in quality is
improving. Nor do you want to wait to switch suppliers if the trend is diving.

Based on management response, you now know that if you could use Al to analyze
the historical trend of quality and to predict a trend in future quality, you'd have a sys-
tem that would be useful to management. This is an example of using Al as a part of
the decision support system.

This example also illustrates why customizing Al’s use to your own business case is
better than applying Al solutions that worked for someone else. If you were a much
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larger customer to those suppliers, your management team might be able to negoti-
ate the terms of the relationship, as opposed to just switching suppliers. Examples
of adjusting such relationships might include escalating problems to the supplier’'s
management or asking for monetary compensation for defective parts.

While those might be viable actions for customers of your suppliers that are much
bigger than your organization is, they aren’t viable actions for your organization.
Generic Al solutions tailored to much bigger organizations might focus on actions you
can’t take.

One final question in this scenario: Supposing that you're a large organization with
many departments, on which level of granularity should you request that business
actions be supported by the decision support system? You should consider the options
that are directly within the scope of responsibility and execution of the team that’s
performing the analysis.

WARNING It’s critical that you choose the right level of organization to look
for possible actions you can take. If you finish with a list that enumerates 20 or
more different options that you believe you can take, the granularity level on
which you performed analysis was wrong.

When discussing the use of Al as a part of a decision support system, the danger lies in
diving in too deep. If you’re applying Al as part of a decision support system for the
team of senior managers, then you should analyze the actions that senior managers
take, not the actions that each individual worker working in their organization can
take. Don’t analyze the actions an intern can take on their first day.

TIP The decision maker doesn’t have to be a high-level manager. Imagine an
Al that recommends to your sales force which customers to approach and dis-
plays a dashboard with the further information about each customer. How-
ever, that Al leaves the final choice to the individual sales professional. Such
an Al is a decision support system.

Al as a part of a larger product

Another common situation occurs when Al capabilities are part of a larger product. In
this situation, a key characteristic is that the end customer isn’t buying the Al itself;
they pay for some capability that the larger product wouldn’t have without using Al
This section shows you how to use Al in the context of a larger product.

Al as a part of the product itself is already extremely important. Examples include
products that range from smart speakers (Amazon Alexa [52], Google Home [53,54],
and Apple HomePod [55]) to autonomous vehicles [38]. Although you can think of
Al as a way to differentiate products, you’re generally better off thinking about it as an
enabler of your value proposition to the customer.
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TIP Few people would buy a product specifically because it uses Al. The key
question is, “What value is the product providing for your customers?”

There might have been a time when saying “We use AI” was a viable marketing/fund-
raising technique, but that time is over. Over time, Al will play the same role in auton-
omous products as an engine plays in a car today: you can’t go anywhere without it.
However, most car buyers don’t care about a particular engine, but rather its ability to
move the car from point A to point B.

Al as a part of the product

An example of an Al product that also loops in humans is a home security company
that uses an Al-powered device as a part of the security system. What are the rele-
vant actions that such a system can take? For one, it can sound an alarm if it believes
there’s an intruder.

For various cost and liability reasons, management will probably require that the final
action of sounding the alarm or calling the police must always be initiated by a
trained, live operator in a monitoring center. Management could also decide how
many operators will be assigned to monitor the properties. This business would be
much more profitable if a single person could monitor multiple secured properties.

Al could be leveraged in such a system to help the operator seated in the monitoring
center. If Al can recognize faces, it can also sound an alert when humans are in the
house who are not part of the family that lives in the home. The Al can then notify the
operator so that a check can be made and, if necessary, the operator can raise an
alarm.

When Al functions as part of a larger product, that product operates somewhere
within the physical world. Because the customer is paying for some capability the
product has, not for the fact that the product is using Al, start with how the product
functions. Which potential actions could the system carry out? Once you know the set
of possible actions, the next question is, “When should the system take each one of
those actions?”

NOTE When Al is part of a larger product, the product itself could be fully
autonomous, or it could be a hybrid product that performs some functions
automatically, while depending on humans for other tasks.

Al in the fully autonomous product

An example of a fully autonomous system would be a vacuum cleaning robot like the
Roomba [51]. In this case, the vacuum needs to clean the whole room. The relevant
domain action is, “Where should | go, and what areas should | avoid?”

Al can be used to provide navigation capabilities for the device in its environment.
Note that such an Al could range from a sophisticated navigation system to relatively
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simple operations. A robotic vacuum can use Al to learn the layout of your rooms and
recognize changes in that layout. You can also trade sophisticated mappings of the
room for a bigger battery, allowing obstacle avoidance using a time-intensive trial-and-
error approach.

That bigger battery is another example of the whole system being more important
than the choice of Al algorithms. A few years back, it was simpler (and cheaper) to
add a larger battery to increase run time than to spend a lot of time and money on
significantly improved Al navigation.

In the context of a fully autonomous product, you also need to consider not only what
actions the product can take, but that some actions and outcomes are neither desir-
able nor permissible. You don’t want to watch an expensive robotic vacuum such as
the Roomba crashing down the stairs.

How would capabilities of your product evolve?

It's important when using Al as a part of a larger product to consider not only the
capabilities you're planning to add in the initial product, but also the whole roadmap
of product capabilities that you plan to add later.

Often, your product is a physical system shipped to the customer. For example, in the
case of the Al-powered autonomous vehicle [38], you’d ship the vehicle itself. Once
the vehicle is delivered, an additional capability could be added to it as a software
upgrade. But you're stuck with the sensors and effectors (engine, brakes, steering
mechanisms, horn, signal lights, headlights, and so forth) that are shipped with the
car. Once you distribute physical systems to your customers/users, it's often impos-
sible (or expensive) to add the capacity to perform new actions that you didn’t envi-
sion at design time. Whatever autonomous cars we have in the future, it's a safe bet
that some of their capabilities will be fixed at the time the car is manufactured and
will be difficult to change later.

Using Al to automate part of the business process

One of the uses of Al that’s getting increasing attention in both industry and the pop-
ular press is the use of Al to perform actions that previously required humans. This
section shows you how to apply Al to optimize existing business processes.

Al automating part of the workflow

Suppose you have a facility that’s using CCTV cameras and security guards to moni-
tor it. Looking at the screens is part of the workflow of the security guards. Al could
be used to make this part of the security guard’s workflow more efficient by monitor-
ing the video streams and highlighting unusual situations.
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When you’re looking at using Al to automate part of the business process, start by
sketching out that process and then ask, “Can any of these steps be made more effi-
cient or eliminated using AI?” This is using Al to perform a one-to-one task replace-
ment: the task that used to be done by humans is now done by Al

As the capabilities of Al and humans differ, a one-to-one replacement of tasks per-
formed by people with performing them using Al is complicated and expensive. In
most workflows, a few tasks are essential, and they prove to be difficult to automate,
even if the most time-consuming function of the job is automatable!

In practice, it’s usually necessary not only to apply Al to steps in an existing pro-
cess, but also to re-engineer business processes. Re-engineering should separate out
operations that are easy to automate with current technology into a separate step of
the workflow. Then you assign Al to only those parts of the process that are easy for Al
but time-consuming or error-laden for people.

Creating new jobs with Al

The use of Al for automation is a controversial topic. If Al replaces a human in per-
forming some action, and that action is the primary purpose of that person’s job, that
job can now be in jeopardy.

There are significant costs that should be considered when eliminating jobs. Fore-
most are the costs to the people whose jobs disappear. There are also costs to your
company, not just monetary, but also in the goodwill of both the public and your
remaining employees. It's important to keep that human perspective in mind when
you talk about automation of your processes, and to understand that this scenario is
often a zero-sum game.

If you're limiting yourself when thinking about Al only to scenarios in which you're
replacing jobs with Al, then you’re actually missing an opportunity. Al can allow you
to create new businesses that weren’t possible or economical before. This scenario
generates new jobs—not only jobs building and supporting that Al system, but also
all other jobs that come with such a business.

Take, for example, using Al to monitor the behavior of pets when owners are at work.
At the moment, no one is doing this, because such monitoring isn’'t economically via-
ble as a service if it has to be done by humans. An Al that’s capable of monitoring
the behavior of pets and entertaining them requires people in the loop to handle
some rare situations that Al can’t (for example, situations in which the pet appears
to have a medical issue). Such an Al creates jobs for the people monitoring those
pets. These jobs weren’t economically viable at all when 100% of the work had to be
done by humans. Such jobs become viable once an Al handles most of the monitoring
and humans handle the exceptions.

2.5.4 Al as the product

Sometimes you have an Al solution, or an infrastructure solution supporting Al, that
you believe to be applicable to many business contexts and many different customers.
When that happens, such an Al solution is valuable in and of itself and could be
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packaged and sold as a standalone product. This section talks about some special
considerations that apply when you’re intending to sell an Al solution as a complete
product.

You have a complete product when you have customers who are willing to pay for
the Al capability that you can develop. There’s a long history of companies offering
various analytical products (such as SAS [56] or IBM’s SPSS [57]), and Al-based prod-
ucts could be considered a continuation of this tradition, wherein complicated analyt-
ical capability is packaged in a format that customers can use.

TIP  You're selling a product. The key question is whether you can find cus-
tomers that are willing to purchase this product. With regards to the sales
cycle, the fact that the product itself is based on Al is secondary to all other
sales considerations.

But there’s a specific consideration that you must address when you base your product
on Al You must correctly assess the capabilities of your organization and your team
regarding their knowledge of Al. There’s a vast difference between developing an
unprecedented Al solution and applying known Al capabilities in a new and specific
context.

Developing new Al solutions and capabilities is a different ballgame that requires
significant prior expertise in the field. When you’re selling Al as a product, you must
assess not only the ability to deliver an initial version of the product, but also your abil-
ity to out-innovate the competition.

WARNING  Unless you have a team of experts in Al research working for you,
stick to applying an existing Al capability to a new context. Avoid Al products
that require you to develop new Al capabilities that no one else has demon-
strated yet, because they’re unpredictable, difficult, and risky to develop.

On the other hand, if you understand a general Al capability, then there is much less
risk in applying that capability to a product in some new field. For example, it’s known
that Al is getting very good at recognizing the context of an image—that’s a general
capability. If you can apply that capability to a specific area, you might have a viable
product. One example would be software that’s able to recognize defects on a factory
line. This could be invaluable, provided you know to whom you would sell it.

Is my Al product widely applicable?

Some Al products are general frameworks that are (clearly) widely applicable, but oth-
ers are specific to one category of problems.

If your Al solves one category of problems, it can stand alone as a product if you can
find multiple examples where the use of your Al solution makes new business actions
viable. If, instead, you find only a single example of Al producing a new business
action, then you’re better off thinking about what you have as an example of Al being
part of a larger product.
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When trying to figure out what new business actions Al makes viable, you’ll be apply-
ing the techniques in sections 2.5.1, 2.5.2, and 2.5.3. However, instead of applying
them to your own business, you’ll apply them to your potential customer’s business.

Overview of Al capabilities

Section 2.5 showed you how to find a business question on which you can act if you
can pair it with the appropriate Al capabilities. This section presents the taxonomy of
Al capabilities that helps you answer the question, “Is there a broad area of Al capabil-

ities that could address my business problem?” Figure 2.6 presents such a taxonomy of
Al methods.

Role in Step of

Business
Process
Use Use
Know Predict Structured Unstructured
Faster
Data Data

Replace Human Replace Expert
in Perceptual in Perceptual
Task Task

Figure 2.6 Taxonomy based on Al capabilities. This framework groups broad areas of Al
capabilities so that you can quickly check if any of them are applicable to the business
problem you’re addressing.

This taxonomy is a modification of the taxonomy originally presented in Bill
Schmarzo’s books [58,59] with the “Use of unstructured data” category expanded to
highlight the use of Al in perceptual tasks. The main goal of this taxonomy is to guide
a discussion between the Al expert and the business expert. Categories in this taxon-
omy follow:

Know results faster. Here, Al helps you discover a result more quickly, and that
has a business value in many scenarios [58,59]. Suppose that you run a car man-
ufacturing plant and you’re assembling cars from parts that are made in one
area of your factory. If you know that some car part is defective as soon as it’s
made, you can discard it at once and never install it in the car. This is much bet-
ter than learning that the part was defective after you’ve already installed it in
the car and shipped that car to the customer.
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Predict some event that occurs in the future, based on current trends. You saw this tech-
nique used in section 2.5.1 when predicting the future quality of the supplier
based on historical trends.

Use structured data. Sometimes you can find the answer you're looking for in one
of the relational databases that you already have, especially if you have a large
volume of data [58,59]. There are also AI methods that work well with data
that’s already in tabular format.?

Use unstructured data. Al methods can also help you process and comprehend a
large quantity of unstructured data, such as text, images, video, and audio
[58,59]. In this case, you can use Al methods to recognize the context of the
image, video, or audio recording.

Replace humans in perceptual tasks. This subcategory of unstructured data use is
based on the fact that, in recent years, Al has matched and even exceeded
human abilities on many simple recognition tasks, such as image recognition
[62,63]. You can think about this category of Al as having the ability to perform
simple perceptual tasks that humans easily and instinctually perform. An exam-
ple of such a task is recognizing objects in a photographic image.

Replace experts in perceptual tasks. This subcategory of Al capability also compre-
hends unstructured data, but here Al performs perceptual tasks that otherwise
require a high-level human expert. Such an expert uses skills that, after years of
training, have become instinctual. An example of this would be using Al to inter-
pretmedical imaging. In recent years, Al has demonstrated an ability to interpret
medical images on a level that in some cases rivals human experts [64,65].

Now you see how we’ve found Al solutions applicable to the business problems pre-
sented in section 2.5. In all those examples, you start by finding an actionable business
problem and then the domain actions that could be taken. You ask the question, “Can
we apply any of the six categories of Al capabilities shown in figure 2.6 to this business
problem?”

Can you enumerate all the individual Al methods out there?

There’s no way to describe all the capabilities that Al has in any single book, including
this one. Al is a rapidly developing area, and Al capabilities transform daily with the
development of novel methods and applications. If you're interested in the details of
individual Al methods, you need an experienced data scientist or consultant to guide
you through the details of the latest capabilities of Al.

The taxonomy presented in this section isn’t a substitute for Al expertise, but it's a
systematic way to frame a discussion between a business expert and an Al expert.

2 An example of such a method is gradient boosting. If you're interested in the technical details of this method,
see the discussions on Wikipedia [60] and the Kaggle website [61].
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It provides common terminology and concepts in a way that’s easy to comprehend
for the business users. If you're an expert in Al, you can use the taxonomy presented
in this chapter as a quick checklist for a class of methods and algorithms that should
be checked for applicability to business questions.

Introducing unicorns

This chapter has shown you how to determine which business problems can benefit
from Al techniques, but does your particular development team have the knowledge
necessary to implement the solution you just proposed? This section helps you answer
that question.

The skills we’re using on Al projects are still new (and rare), and there’s still some
amount of confusion in the industry about the skillsets that data scientists and data
engineers should possess. Because of the rarity of those skills, there’s a joke that such
experts are unicorns. In this section, I'll start by describing the skills that are often
attributed to unicorns. Then I’ll explain why most real-world teams will never have all
those skills. Finally, I’ll show you how to make sure your team possesses all the skills
that the specific Al project you’re running requires.

Data science unicorns

Data science could be considered an umbrella term that covers many skills. A survey
performed in 2013 lists 22 different areas that are part of data science [66]. Examples
of those areas include topics like statistics, operational research, Bayesian statistics,
programming, and many others. It gets worse! Today, there are new areas that would
certainly be considered important (for example, deep learning).

NOTE Clearly, a data science unicorn should be a world-class expert in each
one of those areas, right? No, these are individually very complex areas. Many
distinguished professors in leading universities spend the totality of their time
and effort to be an expert in just one of those areas. Most likely, no one in the
world has expertise (defined as being on a level comparable to the skills of
the aforementioned professors) in all those disciplines. Even if such a uni-
corn exists, which Al projects would have the budget for one?

Why are so many different skillsets part of data science? Because different practical
problems benefit from different skills. No single ML method beats out all other meth-
ods across all possible datasets.® Each of these methods emerged because when the Al
community tackled real, practical problems, some of them worked better than others.
After many years, we use a combination of many methods from different disciplines.

3 This is also known as the No Free Lunch Theorem [67].
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How to grow unicorns

Did the leading data scientists start by learning all the methods that they know
today? To be an accomplished data scientist, must you first build a skillset that emu-
lates the skillset of a famous data scientist? No. Often, the skills of two accom-
plished data scientists don’t match. Even among accomplished data scientists, it's
virtually guaranteed that one will have expertise in at least one area with which the
other is unfamiliar.

The skillset of accomplished data scientists is often acquired by working through
problems that benefited from specific types of Al methods. They had to learn those
particular Al methods because they were necessary to solve a concrete problem in the
domain in which they worked. Each new project brings them new skills, sometimes in
new areas that weren’t previously part of their core domain of expertise. For example,
in 2011, few people in the world, in business or academia, were working on what
today is known as deep learning.

If you want to become a unicorn, work on problems worth solving. You’ll acquire a
strong skillset along the way.

As a manager, you should look for two things when hiring data scientists for your
team. You should look for a candidate who has skills in the core domain that your ini-
tial Al project is likely to use, but you also need them to have a demonstrated ability to
learn new skills. Chances are good that, along the way, your data scientist will need to
learn many new methods. When hiring senior data science team members, don’t just
look for a strong background in one set of AI methods. Senior data scientists should
have a history of solving concrete problems using a diverse set of methods.

TIP  Data science is a team sport. To completely cover all of the knowledge
that’s part of data science, you need a whole team, so you must assemble a
team with complementary skillsets.

How should you assemble your initial data science team? Your team needs both
enough business expertise to understand your business problem and enough profi-
ciency in Al methods to perform an initial analysis and determine if Al can address
your problem. Keep in mind that on the way to delivering a full Al solution, the team
will have to learn some new skills.

What about data engineers?

When we discuss Al, we often talk about operating with some datasets so large that they
don’t fit on a single machine and require a big data framework to manage. While data
scientists are proficient with the use of big data frameworks, they’re rarely experts in the
details of those frameworks. As a result, you’ll need specialists who are primarily
focused on the use of the big data frameworks themselves. We call them data engineers.

Just like data science, big data is a large area. Let’s take the example of just one
popular product in the big data space—the Apache Hadoop framework [15]. A few



2.7.3

Introducing unicorns 49

years back, the distribution of one of the leading Hadoop vendors consisted of 23 sep-
arate components, each one of which was large enough that a separate book could be
(and often has been) written about it [68].

The body of knowledge that falls under the umbrella of data engineering is much
larger than any single big data framework. Data engineers often need to be able to
operate in both an on-premise and cloud environment. Cloud services like Amazon
AWS [11], Microsoft Azure [13], and Google Cloud Platform [12] have different plat-
forms with significant differences between them. That means that in addition to the
specialist skills in big data frameworks, data engineers you hire may also need to have
a skillset in the cloud platform of your choice.

Clearly, the same limits that apply to data scientists also apply to the data engi-
neers: they’re also humans and can’t know everything. Data engineers are characteris-
tically experts in a few of the components of the leading big data frameworks.

So where are the unicorns?

I hate to break this to you, but it’s highly unlikely that you’ll find any single human
that has a strong expertise in each one of the methods, products, and technologies
that are part of data science and data engineering. At best, you could hope to find a
couple of senior people who have strong experience in individual data science and
data engineering topics and who have enough familiarity with other related subjects
to talk with specialists in areas in which they themselves aren’t experts.

Although universities have started offering programs and degrees in data science
and data engineering topics in recent years, it’s not likely that this problem is solvable
through better education. The field of knowledge is simply too large, so you should
have a realistic expectation of what these institutions can teach their students.

WARNING As a project leader, you must differentiate between the skillsets
that your team possesses and skillsets that you need for your project. You
should identify and close skill gaps. Don’t assume that your senior data scien-
tists and architects know everything in their fields, and don’t impose expecta-
tions on them that they should. Such expectations only make people less
likely to acknowledge skill gaps.

Project leaders must know where the knowledge gaps are in the team. Piloting an Al
project that requires skills your team doesn’t already possess means that you need to
close these knowledge gaps. You do that by applying gap analysis [69]. An example of a
gap analysis between the skillset a team presently has and the skillsets that are needed
is shown in figure 2.7.

1. Propose high-level 2. Enumerate 3. Enumerate
technical solution technical skills technical skills 4. Find skill gaps
for your Al project team would need team has

Figure 2.7 Gap analysis between skills the team has and the ones needed. This analysis allows you to
create a plan for how to address missing skills.
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You perform gap analysis by applying the following steps:

You first work with your technical team to sketch a high-level technical solution.
Match the time spent on this technical solution with the likelihood that you’ll
implement it. If you’re just considering the project, then the solution should be
a high-level one. If you're planning to initiate the project soon, then your initial
technical solution needs significant detail.

Based on the solution, take an inventory of the technical skills you expect the
project will need to address your identified use cases. This summary of skills
should be made by people who both are familiar with the business problem
you're trying to solve and have enough technical expertise to quickly identify a
high-level technical approach to solving it.

Which skills do your team members already have? Ask your team about their
skillsets and avoid assumptions in this area—AI and data engineering are highly
technical fields, and it’s easy to have unfounded assumptions.

Find any gaps between the needed and current skillsets. These gaps are useful
in estimating the project’s difficulty level for your team. Keep this list. If you
decide to proceed with a project that addresses this business question, you’ll
need to make a plan for how to close the gap. (You close knowledge gaps by
training your team, hiring new team members, or hiring consultants.)

Understand that gap analysis is always performed based on the current situation. If
you're just thinking about an Al project as a possibility, you should perform this gap
analysis on a coarse level with just an outline of a technical solution. For projects that
are in progress, you need a much more detailed solution as a starting point. That
means that throughout the project life cycle, you’ll typically perform gap analysis mul-
tiple times.

Beware how you ask

When you ask about gaps in technical skills, you're asking your technical staff to
admit to areas in which they personally don’t have expertise. If poorly handled, they
might rightly consider it a landmine. Put some thought into this before you ask; it's
your job as a leader to make sure that you create an atmosphere in which it’s easy
for team members to admit that they don’t possess some technical skills.

One preferred technique to create such an atmosphere is based on building trust
among team members so that they can talk about issues like this. Other techniques
you might find useful are asking for the skillset in private, creating an anonymous sur-
vey, or asking a trusted intermediary to approach the subject with your team members.

Exercises

The goal of this book is to help you develop practical skills you can use when running
your project. To help you with that, the exercises in this section ask you to apply skills
learned in this chapter to new business scenarios.
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Short answer questions

Please provide brief answers to the following questions:

Question 1: Think about a failed project in your enterprise. Would that project have
failed in the exact same way if it also had a component based on AI?

Question 2: Do you personally have enough knowledge of data science and data engi-
neering to understand the gap between the technical skills that your team has and the
skills that they need for this project?

Question 3: Do you have a good enough relationship with your team members that
they’re comfortable admitting the limitations of their skillset to you?

Scenario-based questions

Answer the following questions based on the scenarios described:

Question 1: One of the important skills in applying a Sense/Analyze/React loop is to
identify who will execute on the React part of the pattern. For the following scenarios,
answer this question: Who or what will carry out the action and fulfill the React part of
the Sense/Analyze/React loop?

Scenario 1: You’re making an automated car, and the Al that you’re using will
allow fully autonomous driving under all conditions (so-called Level 5 auton-
omy [38], in which there are no available controls for the driver).

Scenario 2: You're writing a recommendation engine in which products are sug-
gested to the customer.

Scenario 3: You’re writing an Al program to regulate a smart thermostat that
controls the temperature in your home.

Question 2: Use Al to create a new job. Find an example of an Al capability that would
let you offer a new service that your organization doesn’t yet provide. (For the job to
count as a solution to this exercise, it must be a job that’s so unrelated to the software
development team that’s building the Al, that the person hired for the job is unlikely
to ever meet that team.)

Question 3: Suppose you’'re using an Al algorithm in the context of a medical facility—
let’s say a radiology department of a large hospital. You're lucky to have on the team
the best Al expert in the field of image classification, who has you covered on the Al
side. While you’re confident that expert will be able to develop an Al algorithm to clas-
sify medical images as either normal or abnormal, that expert has never worked in a
healthcare setting before. What other considerations do you need to address to
develop a working Al product applicable to healthcare?
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Question 4: Apply the previous example from a hospital setting to a classification
problem in your industry. What are the new considerations that exist in your industry
as compared to the healthcare industry?

Question 5: Provide an example of an Al that has replaced a human role but doesn’t
provide as good of an experience as a human would.

Question 6: You're a manufacturer of security cameras, and you’'ve developed an Al
algorithm that can detect a person in a picture. Regarding the taxonomy of its role in
your business, how would you classify this use of AI?

Question 7: You're an insurance company, and you've developed an Al program that,
based on static images from an accident site, could recognize which parts of the car
are damaged in a wreck. Can this replace an insurance adjuster?

Summary

Managing Al projects doesn’t require expertise in the details of Al algorithms.
Instead, you need to know how to explain the benefits of an Al project in busi-
ness terms. What business problem is being solved? What business benefit does
Al provide? How is that benefit measured?

You can discover business actions you can take and those that may benefit from
Al using a systematic process. Apply the taxonomy described in figure 2.5 to
your organization.

Al capabilities are based on being able to know sooner, predict, process struc-
tured and unstructured data, and perform perceptual tasks.

Al can help your business by performing analysis that informs some concrete
business action. Al opportunities arise when you can apply a Sense/Analyze/
React loop, with the Analyze part based on Al capability and the React part
based on concrete business actions you can take.

No individual is an expert on all topics of Al, data science, and data engineer-
ing. Project leaders must identify and close any relevant gaps in the knowledge
and capabilities a team has.



Choosing yowr-first
Al project

This chapter covers

= Selecting Al projects that are matched to your
organization’s Al capabilities

= Prioritizing your Al projects and choosing which
Al project to run first

= Formulating a research question that’s related
to a business problem

= Pitfalls to avoid when selecting Al projects, and
best practices of such projects

To develop a sustainable analytical organization, you shouldn’t start with an Al
project that involves complex technical challenges. Instead, you should choose
your initial project so it provides clear and actionable results quickly. Your whole
process should be organized to optimize time to success.

This chapter shows you how to select your first Al project. It also teaches you
how to check if the research question that your Al project uses correctly reflects the
business concerns it’s supposed to address. Finally, it presents a list of common pit-
falls that young Al teams might fall into.
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Choosing the right projects for a young Al team

I assume that your long-range goal is to build an Al team that will help the success of
your parent organization by delivering a series of successful Al-related projects. To
achieve that, you need to understand the journey that a successful Al team will take.
This section explains that journey.

TIP If you're after a one-off Al project, you might be better off buying an off-
the-shelf solution or contracting with an outside partner to do it for you.

One of the most crucial decisions that you as a leader need to make is how you want to
prioritize the order of the initial Al projects that your team must undertake. Before
you're ready to make that decision, you need to understand its impact. To understand
how Al teams succeed or fail, you first need to understand what success and failure
look like.

The look of success

Leo Tolstoy wrote in Anna Karenina [70]:

All happy families are alike; each unhappy family is unhappy in its own way.

Likewise, all successful Al teams are alike: your Al team is growing in expertise (and
possibly headcount) and is solving more and more complicated problems. Unsuccess-
ful Al projects result from an assortment of errors (many of which are described in
section 3.4), and they may take your whole Al team down with them. This section
explains why you should start with projects that are quick to deliver but still provide
significant value for your business.

If you're initiating Al efforts in your organization (or even if you’re part of an
established analytical organization), you're subject to three forces:

Plentiful opportunities—You’re operating with technologies (Al and big data)
that weren’t present in business and industry historically, and you’re the first to
apply them to the many datasets your organization has.

Limited time and resources—You have limited resources to devote to analysis.
Chances are, you don’t have enough qualified people to run Al projects you're
thinking about.

Success makes you stronger—If you make money for your business, your analytical
resources will increase over time. Management invests in teams with a good
track record of providing value. Additional data scientists will want to join proj-
ects with a history of success. Solve some easy problems first, and you’ll get the
resources you need to address larger problems.

How do you succeed in an environment like this? Does it make sense to first concen-
trate on large wins regardless of how difficult they are (for example, projects that pro-
vide significant monetary value)? Clearly not. What’s difficult today will be easier
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tomorrow, so start with a project that has significant monetary value and can be deliv-
ered quickly.

TIP The key is a fast turnaround on initial projects so that you can learn
quickly. You’re the first one in your company that has applied Al to your data
and business problems, and there are plenty of opportunities to succeed with

Al Frankly, if you can’t find an easy win in such a setting, then Al simply can’t
help your business.

Let’s use another analogy here. The position your team is in (with respect to the
opportunities) would be similar to a hunter that finds a rich hunting ground. If
opportunities to make money were animals, and you were a prehistoric hunter, you’d
be operating in a targetrich environment (see figure 3.1).

< 2

Simple Simple
Al project Al project
& Simple
. Simple ) Al project
Complex Al project Al project
Simple
Al project

d 4

Simple

" Simple
) Al project Al project i! J
Simple ) Simple
Al project Simple Al project

Al project

4 2

Al project
Simple )
Al project .
Simple
) ‘ Al project
Simple
Al project Simple

Al project

Figure 3.1 You’re in a rich hunting ground—plenty of rabbits and a big mammoth are in sight. Which
animal should you try to catch first?
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Building a successful analytics organization is similar to surviving and prospering as a
hunter. Now, ask yourself, “If I were in that position, would I aim for the biggest ani-
mal in the field first?”

The answer is probably no, if for no other reason than that you're at the end of a
long and distinguished line of ancestors that have succeeded in passing their genes to
the next generation. They had the common sense and the skills to survive. You don’t
initially have the hunting skills that bring you success if you go after the mammoth
first! If you’re like me, the author, chances are that by the time that mammoth turned
around, you’d deep-six it, run far away, and convert to vegetarianism for the rest of
your life. But I'd like to believe that even I can be successful snaring a rabbit. All suc-
cessful hunters should be able to catch rabbits (see figure 3.2), right?
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Figure 3.2 Start with easy projects. Success with those projects enhances your skills and reputation
within the rest of the company, allowing you to attempt more difficult hunts later.

You don’t want to start with a technically difficult project that requires a long time to
deliver, even if that project is perceived to have a high business value. If your team is
the hunter, the easier projects are the rabbits of the project world.

TIP  Once you're known as a good hunter, the rest of the tribe is going to be
more willing to help you with hunting mammoths. As your Al team learns and
builds a solid reputation with the executive team, you’ll get more resources.
That’s the time to take on difficult Al projects.
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Start simple and build from there: An example

A large and established engineering company building heavy machinery was inter-
ested in using Al. The initial project was relatively simple, and the Al technologies
used were something that you'd find in almost every machine learning (ML) introduc-
tory textbook. Analysis consisted of the basic clustering of problems encountered
with the equipment and a basic trend prediction. But the volume of data about equip-
ment failure was large, so that type of analysis wasn’t something that could be per-
formed manually across the complete line of equipment manufactured by this
company. The details of the business case were specific to that operation, but a mon-
etization case was simple and straightforward. The higher level management agreed
that it was a good idea to start that project and agreed to take business actions
based on what Al advised. The business action to be taken (based on analysis) was
changing the allocation of resources for future equipment maintenance.

A small team finished the technical side of the project quickly. It was simple to per-
suade managers to immediately adapt the results. A strong business case had
helped the Al team leader to navigate the many organizational constraints and
bureaucratic obstacles, which are a fact of life in any large organization. (And the Al
team learned how to avoid many of those obstacles the next time around.)

The solution provided high visibility to the Al team and an excellent relationship with
the executive team. The Al team now had access to all the resources it needed and
was able to hire new people and take on more difficult projects. Regardless, the next
project selected was again relatively simple technically and, again, had large busi-
ness consequences. This is a virtuous cycle: the Al team becomes more highly
respected and has access to even more resources. Today, as you can imagine, the
team is much larger and works on some of the most complicated Al projects in its
industry.

The look of failure
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What must you avoid to prevent a massive failure? Yes, there are many ways in which
individual small Al projects can fail, but there’s only one general way in which a whole
Al team fails. Total team failure occurs when the Al team places all their bets on a sin-
gle Al project that subsequently fails.

Let’s extend our previous analogy of the hunter. How does the hunter fail? At the

doesn’t. Why do unsuccessful hunters starve in a target-rich environment?

end of the day, a successful hunter has something to eat, and an unsuccessful one

In a targetrich environment, you don’t starve because your hunt for the biggest

animals is when you’ve honed your skills on the smaller ones and have a full belly.

NOTE When you’re just starting your Al efforts, you’ll have a hard time
assembling a large enough team that’s capable of tackling your biggest,
toughest opportunity. The dangerous approach, “Let’s go for the big oppor-
tunities first,” too often becomes a risky bet that can destroy your team.

animal failed. You starve because you spent too much time chasing the biggest animal,
overlooking smaller ones that would have been an easy dinner. The time to hunt big
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Choosing to start with the technically challenging projects, even if they have a higher
perceived value, is dangerous. If your project is complicated, your analytics team
might not have enough resources to run any other significant projects. All of your
eggs are in one basket.

Medical diagnostics is a difficult problem

Suppose you're part of a hospital team that’s interested in Al, and you try for the big-
gest moonshot—using Al to help in the oncology department. You form a large project
team to build a decision support system for the oncology department. But cancer is
a complicated illness, and in hospitals, within clinical guidelines, doctors have the
last word in how things get done.

So now you’re working on a complicated project requiring millions of dollars of invest-
ment, and you're trying to address an overly broad problem. You also didn’t build trust
incrementally with your end user (the oncologists), so they're skeptical of the results
of your Al system. Even worse, they’re right to be skeptical! Early system prototypes
working on a different problem provided poor results. You're stuck in a vicious cycle,
with no alternative but to double down on the project into which you've already
invested millions of dollars.

Your team might have done much better if they’d concentrated on a simpler problem
and built good relations with the doctors first. To start with, cancer isn’t a single dis-
ease, but a large group of illnesses. Significant advances have recently occurred in
Al's use in medical imaging [64], allowing for a good diagnosis of heart arrhythmia,
for example. Why not build a good relationship with some cardiologists and take on
more difficult projects later? It certainly won’t hurt your chances of success if the
head of cardiology is willing to recommend your expertise to their colleagues in other
departments.

Figure 3.3 shows what can happen if you take on a project that’s too hard for the ini-
tial skills of your team.

Sometimes, if you start with a complicated project, you might get lucky. Perhaps
you’d be able to keep management’s trust for long enough to be able to deliver a suc-
cessful project, and success can help when tackling larger efforts later. But is betting

N\
4

&

Figure 3.3 You’ve cornered the
Complex Al project mammoth on your first hunt.
What are you going to do now?




Prioritizing Al projects 59
on that kind of support wise, or is it a huge risk in which your most precious resource
(your team’s time) is spread thin on one large attempt? Furthermore, remember that
this type of success will also set high expectations for future accomplishments. Even if
your first project succeeds, now you have to find another large and risky project. How
long will it be before your luck runs out?

When running a data science team, the real dangers lie in taking on a complex
project, persisting too long on the wrong track, monopolizing your scarce resources,
and having nothing to show for your efforts. All the while, you’re incurring significant
costs. Also, you’re putting management in the position that they have to continue sup-

porting an expensive project that doesn’t deliver any result quickly. What if they
decide that pulling the plug is the rational thing to do?

WARNING When you’re building an Al project that will be used as a decision
support system, your business organization needs time to learn how to implement
the results of your Al-powered analytics. If your management team gets ner-
vous before the technical part of the project is completed, your project is
dead on arrival.

3.2  Prioritizing Al projects

How do you choose the right first Al project? Simple: it must be, from a business
standpoint, viable, valuable, and simple. That means each project must be able to
deliver a result that’s actionable for your business. It must have a significant business
value, and you must be able to estimate how difficult it is to deliver. This section shows

you how to create a list of projects that meet that criteria. Figure 3.4 describes the pro-
cess that you should use to create a list of projects.

C T

\,

1. Is Sense/Analyze/ 1.1 React \\\
React loop N

applicable to 3

1.2Senseand | *\
business problem? Analyze \

2. Find business
metric [I

Applicable
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Figure 3.4 The C part of the CLUE allows you to create a list of viable Al projects and estimate their complexity.
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Figure 3.4 shows these elements:

Start by looking at all the business areas your team is responsible for.

In which of those areas is it possible to apply Al and make sure you cover all ele-

ments in the Sense/Analyze/React loop? (A good reference for this step is fig-

ure 2.4 in chapter 2.)

— Start with React, by finding the available actions that can be taken. (See sec-
tion 3.2.1 for details.)

— Then make sure that you can cover the Sense and Analyze side of the loop.
(See section 3.2.2 for details.)

Determine which business metric you’ll use to measure how much your Al proj-

ect is helping you to achieve the business goal. (See section 3.2.3 for details.)

Estimate the business value of the given Al project.

Estimate the difficulty of implementing this business case and how long it will

take to implement (section 3.2.4).

I’ll assume you’re able to estimate the business value (step 4) of the Al project on your
own, as I don’t know your organization or your business as well as you do. The rest of
this section shows you how to implement the other steps in this workflow.

React: Finding business questions for Al to answer

After reading chapter 2, you’re already aware of Al taxonomy based on the role Al
plays in business. Using that taxonomy is a good way to elicit business actions that can
be used in the React loop. This section shows you how to apply that taxonomy.

You find the appropriate React part of the Sense/Analyze/React loop by using a
process of elimination. First, look at all the areas of your business. Then determine
which of those areas will benefit from Al by applying an Al taxonomy at a high level
(as described in figure 2.5 in chapter 2). Figure 3.5 shows you how to use that taxon-
omy to help facilitate discussions to discover the domain actions that cover the React
part of the loop.

Figure 3.5 simply applies the existing business-related taxonomy of Al and asks a
question designed to find a business problem that needs to be answered by Al I'll
show you an example of how you can use it.

Imagine you’re working with a retailer that’s nominally independent but part of a
bigger franchise. Any process changes require the franchise owner’s approval, and
store management isn’t willing to ask for that until you’ve shown them that Al can
improve the bottom line. Consequently, the retailer’s management isn’t willing to
change or automate their business processes yet, but it can change the product mix
(how many products of which type are in the store).
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Ask: What actions would
your customers take based

on analytics in your

Al product?
) Apply Analysis
Describe Shown in Other
Process Three Branches

Ask: What is the
intended result
at the end of the
process step?

Can the business
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re-engineered for
use with Al?

Don’t forget to ask:

Figure 3.5 The React part of the Sense/Analyze/React loop: finding business problems that Al can react
to. Once you’ve identified the role Al plays in your business, ask the questions provided here.
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TIP  Management’s skepticism toward an Al-based solution is an issue that
often needs to be addressed in the real world. Technologists often take Al
capability for granted, but businesspeople can be skeptical. You need to earn
their trust before larger and more effective Al projects can be adopted. Put
yourself in the shoes of the retailer’s management. How would you feel about
going to the franchise owner and opening up with, “Can we change the pro-
cesses that impact all the stores in the franchise? I want to try something
called Al in my store, but I don’t know how it will work out.”

In this example, the only use of Al you can make is helping the store management
itself. This is clearly an example of creating a decision support system. Look at figure
3.5 in the branch Al for Decision Support System. Questions applicable to this branch
are which decisions can management make and why haven’t they made them yet?
That’s where you learn that all your management team can do right now is change the
product mix—you can put different products on different shelves. This is the React
part of the Sense/Analyze/React loop.

The business question you’re answering is, “What is the most profitable product
mix in my store, based on historical sales?” Now you can move to the Sense/Analyze
part of the loop.

Don’t stop as soon as you find the first business problem

Before we proceed, let’s see if there are other options for using Al in this retail store.
Look again at figure 3.5. Is there any way to use the Al as Part of a Larger Product
branch? Well, there’s already a video surveillance system in the store. Can you use
that video surveillance system with Al? If management wants to optimize the store’s
product mix, what function of Al combined with video surveillance can you perform for
management? This is how you find additional actionable business questions:

Did a customer look at the product and walk away? Is that product more
expensive than the competition’s?

Did a customer look for a product that’s out of stock? (They approached the
area where that product is displayed, saw that you’re out of the product, and
walked away from the store.)

If you can use Al to answer these questions, you may have found a viable use case
that can help you with the product mix optimization. When using figure 3.5, remember
that each area of the business can generate multiple use cases.

But before you spend too much time on using Al for video stream analysis, be aware
that this isn’t an easy problem to solve, and it will take time to implement such an
Al project.

Before you start the prototype, you decide to ask the retailer’'s management how they
feel about the use case you’ve found. Good that you asked! Management tells you that
they’re worried about legal and public relation aspects of this use of Al in their store.
They aren’tinterested in using video analysis. You’ve just saved the company the cost
of implementing an Al solution that wouldn’t be used even if it was successful.
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Sense/Analyze: Al methods and data

Once you’ve established the React part of the loop, you must decide which Al algo-
rithms you’ll use, and make sure that you have sufficient data to use them. This sec-
tion talks about the relationships between Al methods and data.

This is one area where, if you aren’t proficient in Al yourself, you need an expert
with a strong command of a broad range of Al and ML algorithms to help you. The
field of Al is simply too large and changing too fast for any single book to teach you
enough to replace that expert. Still, the taxonomies presented in figure 2.6 in chapter
2 can be useful to frame the discussion and remind you of high-level Al capabilities
that you can apply to the business questions you want to address.

Once you have an idea of the type of Al methods you’ll use, you need to be aware
of the relationship between those methods and data, as shown in figure 3.6.

Data Science
Methods

Data influences Data influences

which methods Some“mf?s methods which methods
can achieve much

you can use. ) you can use.
better results if you
Methods you can can collect some data
use depend on that is easily available.
data you have
available.
Data You Data You Don’t Have
Already Have But Can Get

Figure 3.6 Data science methods and data are interconnected and influence each other.
Never discuss a method without asking where you can get the data needed to train it.

You must always consider the data and Al methods that you’re planning to use
together. You can divide data into two groups: data that your team has and data that
your team can collect.

TIP Data you can collect isn’t only data that you have somewhere in your
organization but that isn’t immediately available to your team. It can also be
data you can acquire from sources external to your organization or data you
can purchase from business partners. Getting access to such data often
requires negotiation and signed contracts.
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Considerations when collecting data

Data collection has many pitfalls, and you must carefully govern it. Ask at least the

following questions:
What does your chosen ML algorithm need to train on this data? What data
format does it require? What volume of data does this algorithm need to be
trained? What quality?
What sources provide this data?
Who owns the dataset?
What is the cost of acquiring this dataset? How long would it take to acquire
it? Is it necessary to negotiate (or even sign legal contracts) to get access to
that data?
How closely does this dataset conform to the data format that you’d obtain in
a production system? Do you need to preprocess the training data before it
can be used, and does the data need to be labeled?
How big of a data infrastructure will you need to store the dataset?
How can you collect new data after the initial dataset is constructed?
Is it possible that your organization has some data, but that your team isn’t
able to access it? It often happens that you're not able to access some of the
data that your organization already has. Data can be confidential for reasons
of ethics, regulations, or company privacy policy.
What are the legal and ethical considerations (copyright, privacy policy, expec-
tations, and so forth)? You should always consider ethics, organizational
policy, and regulations (with GDPR [71] and HIPAA [72,73] being some
examples) when collecting data.

Once you go through this checklist, you'll notice that, in some cases, you're able to
easily collect the data that your ML algorithms need. In other cases, you may find that
the data is unavailable or too expensive to collect.

In the retail example given in the previous section, your data scientist assures you that
you can use one ML method to predict sales trends and another to optimize product
mix. The names of these algorithms and methods don’t mean much to you; some
terms like ARIMA, LSTM, and operational research might pop up. Those methods
require data about past sales. Such data is available internally in your organization,
and your project can access it immediately. You’ve now identified a use case for which
all elements of the Sense/Analyze/React loop are covered—this is a viable use case
for an Al project.

Al that recognizes your food

Another example of the relationship between data and the algorithm used can be
seen when using Al to do image recognition of food. The context can be a food pro-
cessing plant or a smart, internet-connected oven [74] that has a camera inside it
and uses Al to automatically recognize the food you put into the oven.
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To make such an oven, you need to use an Al algorithm that can recognize an image
(at the time of this writing, usually some form of convolutional neural network), and
you need data to train such an Al method. This data consists of pictures of various
kinds of food.

When you're beginning a project, you won’t have many pictures of food in-house. But
there may be some external sources from which you can collect data. Such sources
are websites that feature pictures of food, or even pictures of the foods that users
of your oven are cooking. There are additional considerations when collecting pic-
tures of food from these sources that are typical to data you don’t have but can poten-
tially collect. You need to make sure that copyright and privacy laws are respected.

Another interesting aspect of collecting data is that some data you collect is subtly
different from the ideal data you’ll want for training your Al. The position and type of
the camera in the oven make the pictures of food it takes look a little different from
pictures of food on a plate (which is what you’ll typically find on the web). Also, ovens
are greasy places, and grease on the glass may impact the image of the food in the
oven. No picture of food on the web is shot through a greasy lens!

What if some of your business questions could have benefited from some Al tech-
nique that isn’t known to the best data scientist you were able to find? If the best Al
experts you can find aren’t even remotely familiar with that particular Al technique,
drop it from consideration, as it’s unlikely that you can assemble a team that’s strong
enough to deliver using it.

Big data or small data?

Big data has a large mindshare, and most Al conversation occurs in the context of
big datasets. Big data is certainly necessary: if you're going to store hundreds of pic-
tures per person, at high resolution, taken by millions of people, you certainly need
a large storage capacity.

But big data is just one type of data your Al algorithms can use, so you shouldn’t think
solely of big versus small data. Think instead about all the data necessary to make
decisions. Sometimes you don’t need (or can’t get) big datasets. For example, quar-
terly results happen once per quarter. A drug study won’t be able to recruit millions
of patients. Car accidents are common, but (fortunately) aren’t measured in trillions
per year.

Some datasets may be small, but they still hold information about important out-
comes. They also may be expensive to collect. Consider a reinsurance market like
Lloyd’s of London. When claims are measured in the hundreds of millions, the data-
set is (hopefully) small but important and expensive to acquire.

3.2.3 Measuring Al project success with business metrics

By making sure that all parts of the Sense/Analyze/React loop are covered for a spe-
cific use case, you’ve verified that this case is technically possible and actionable. But
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how can you know how it affects the bottom line? This section shows you why you
should use business domain metrics to measure the outcome of your Al project.

Al is metric driven, but you must use Al to satisfy a business goal. That goal should
be represented by a business metric. That business metric should, in turn, indicate
how valuable an answer to your question is when used to improve your business. The
measured metric doesn’t have to be a single, exact number like “Profit improved
10%.” It can also be estimated, such as “Profit improved between 8% and 12%.”

WARNING The business metric must be defined for every single Al project. Al
methods are, by their nature, quantitative methods, in the sense that they
operate only with hard data. Don’t attempt to use Al if you're unable to
define a business metric first that you can use to measure the project’s result.

Being able to choose an appropriate business metric is a business skill that’s anything
but trivial. But the good news is that if your organization is using metrics correctly, you
should already have a business metric defined for you—the same one that already
measures business results in the area to which you’re trying to apply Al. That metric
should also measure how much Al improves your business.

Examples of possible business metrics

As a word of caution, the correct business metrics are always specific to your organi-
zation, not something you pick up from someone else just because it worked for
them. The following metrics aren’t exceptions to that rule—they’re examples of what
can work for some organizations.

When choosing between different suppliers, one possible metric could be the
total cost of using their parts in your product. Note that this is different from
the price of their parts, as it includes other related costs you’ll incur due to
the use of those parts. This includes the cost of support or repair of your
product when those parts break.

If you'’re a book publisher debating how many new books to print, one good
metric could be the expected profit from the sales of physical books. This is
different from profit per book sold, as it includes factors such as the cumula-
tive cost of the printed books, the cumulative cost of storing the books in the
bookstore or some other storage facility, the schedule and price you expect to
sell the books at, and the cost of capital.

Suppose you're a retailer optimizing your product mix, as in the example given
in section 3.2.1. One correct business metric for that retailer was how much
did the change in net income relate to all items in the product mix? The net
income is impacted not only by the sales volume of individual items in the
mix, but also by the costs of changing that mix, storage, transportation, and
many other expenses specific to each individual retailer.

A good business metric should be customized to your organization’s needs and the
concrete business outcome that you’'re measuring.
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This book can’t provide all the best practices for building good organizational
metrics; that would be a book in itself (Luftig and Ouellette’s book [1] and Ries’s
book [28] discuss the topic of business metrics). But I'd like to point out that a good
business metric should be specific to your organization, quantifiable, measurable, rel-
evant to the desired result, and free of unintended consequences.

TIP Sometimes your organization is using a business metric, but you suspect
that what it’s measuring is wrong and isn’t helpful for running your business.
If you're in such a situation, fix the metric before you start an Al project, and
use that fixed metric to measure the end results of your Al project. Otherwise,
you’ll optimize Al to produce the wrong business results.

Once you’ve selected a business metric that you can use to measure the business con-
tribution of your Al project, you can define the threshold. This threshold represents
the minimum value that Al directed action must accomplish for your project to be
worthwhile. As an example, if the business metric you choose to use is “profit
increase,” your threshold might be that your profit must increase by at least $2M/year
for the Al project to be worthwhile.

Threshold for the retailer example

Thresholds are always organization-specific, as they depend on your organization’s
cost and profit structure. You need to obtain them from the business team. The
following is an example of you getting targets for the retailer example given in
section 3.2.1.

You: If the Al project provides an increase in net income of 1%, would you be willing
to change the product mix?

Retailer’s manager: While I’'m willing to change the product mix, signing on new sup-
pliers is costly. | need to account for the costs of signing the supplier: not only mon-
etary costs, but also management attention and the time required to sign them. Our
metric should account for how many new suppliers | need to sign on. Specifically, |
need my net income to increase by 0.3% to justify signing on a single new supplier.
So | can’t say across the board that 1% is enough to change the product mix—it's
enough if | need to sign up to three new suppliers, but not if | need to sign 20 new
suppliers.

In this example, net income is the metric, and 0.3% for each new supplier is the
threshold.

Now that you have the metrics that you intend to use with your project, you need to
confirm that it’s possible to measure the results of your Al project using those metrics.
Present the business metrics to your Al expert, and request that they confirm that
their team will be able to report the result of the Al project using those metrics.
Your Al expert needs to establish a link between that business metric and one of the
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technical evaluation metrics (as in RMSE, for example) that they intend to use in the
Al project. Chapter 4 shows you how to tie together business and technical metrics.

TIP A business metric is appropriate for an Al project when it correctly mea-
sures the business result you want to achieve, and when technical experts
know how to report their technical progress using that business metric.

What if you can’t find an applicable business metric?

The inability to easily recognize business metrics by which an Al project should be
measured raises a big red flag. If you can’t quantify the business result you're hoping
to achieve, you have to ask yourself and your colleagues, “Should we start an Al proj-
ect in the first place?”

Without the ability to define your business metric, you also can’t define any value
threshold for your Al project. Without the threshold, you don’t know if the results of
your project are substantial enough to use in your business. Without a business
metric and threshold, you also have no way to estimate the business value of your Al
project, and you won’t know if it’s cost-efficient. In all cases, in the absence of a good
business metric, management of the Al project will degenerate into a series of deci-
sions made by gut feeling.

The inability to select a business metric for your Al project may be a sign of a poorly
constructed business metric, creating a situation in which you may provide value to
the business but can’t measure it. It can also indicate that you're not able to provide
a business value at all. Or it may indicate that the Al project is so disconnected from
the core business that the business has no idea of what to do with the results. Such
projects are risky at best.

Sometimes there is a clear business value, but management may perceive it as intan-
gible and something that can’t be measured. Examples of intangibles might be
employee morale and brand value. This happens when management isn’t aware that
intangibles could be measured by using a range instead of a single number. See Hub-
bard’s book [75] for many examples of the best practices for using ranges to mea-
sure so-called intangible quantities in business.

Estimating Al project difficulty

Now you’ve confirmed that the Al project you're considering is technically possible,
and you have a way to measure its business impact and its business value. To deter-
mine if the Al project is viable, you need to know its cost, the difficulty of its imple-
mentation, and how long it will take. This section details considerations in estimating
those quantities.

To estimate difficulty, you need to sketch an outline of the technical solution that
will be used in the Al project. You need to have representatives from your data science
and data engineering teams, plus your software architect, work together on this out-
line. Your goal is to provide a high-level outline of the solution, to compare a selection
of possible Al projects.
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Once you have this outline, use it to estimate the difficulty, cost, and length of time
to deliver the project. These are, again, rough estimates intended for comparing dif-
ferent Al project options.

Considerations for estimating Al project difficulty
When estimating Al project difficulty, be aware of the following considerations:

Account for the time required to collect the data you need.

Do you have the infrastructure necessary for your data size? Do you even
need a big data framework?

If you're using large datasets, don’t forget to account for the time necessary
to process the data and train Al algorithms.

Does your team have all the skills necessary to cover this use case? What
are the gaps in their skillsets, if any? (As advised in chapter 2, a team leader
should be aware of knowledge gaps in the team.)

Is it certain that the project is even technically possible? Do you understand
the proposed Al methods enough to be positive that your team can build it, or
do you just know that area of Al enough to assume that the project is possible?

Once you can account for the specifics of the Al project, you can use any estimation
methodology that you’re familiar with in your organization to estimate other software
projects.

TIP  Remember that people aren’t particularly good in estimations [75], are
worse if the estimate is based on just a sketch of the solution, and are worse
still if they must estimate in technical areas they know little about. Your esti-
mate will be very rough by necessity. It’s only intended to compare different
Al project options, and you should make no strong commitments to manage-
ment based on this estimate.

At this point, you have all the information you need to create a list of viable and
actionable AI projects. You know how to determine whether the proposed project is
actionable and technically possible. You know how to measure the business value of
the Al project, and you can make a rough estimate of the cost, difficulty, and duration.
Now it’s time to select the first Al project to run. The next section guides you through
the selection and preparation for running your first Al project.

Your first project and first research question

As discussed in section 3.1, if your goal is to build an Al team that’s a long-term asset
to your business organization, then initial projects should be simple and fast to
deliver. The criteria for selecting your first Al project to run is therefore simple:
choose the project that’s fast to deliver and has significant business value. When
you’ve chosen that project, you need to do the following:

Define the research question that the project would answer (section 3.3.1).
Organize the project so that if it fails, it fails fast (section 3.3.2).
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The rest of this section shows you how to define the research question and explains
what fail fast means.

Define the research question

You’ve chosen your first Al project. That project has a clear business question that
needs to be answered, and that question is written in a form that a business decision
maker will understand. Now that question needs to be translated into a format that Al
can understand—the “research question.” This section shows you how to ensure that
your research question matches your business question.

Suppose you’re a manufacturer, and your research question is, “Should I go with
supplier A or supplier B based on the quality of their product?” You need Al to answer
this question, but there’s a problem: Al has no idea what the concept of supplier means.

Al DOESN’T UNDERSTAND BUSINESS CONCEPTS

People unfamiliar with Al capabilities are often under the impression that Al can find
some novel business reaction that’s escaping human capacity. With the current level of
Al, that’s rarely possible.

There’s no Al algorithm that could look at a retailer and figure out how to
improve profits. The reason is that Al doesn’t know what the words retailer; product, and
profit mean. Al has no idea what a supplier even is, much less what makes one supplier
better than another. Those are business concepts. Nor does Al understand that there
could be ethical, public relations, and legal considerations regarding the use of Al in
analyzing surveillance video in the store.

Business concepts may be understandable to humans, but the data regarding those
concepts must be packaged in a format that AI/ML algorithms expect. That’s your
data science team’s job. To do that, they must first formulate a research question. You
can view the research question as a translation of the business question into a form
that Al can understand.

THE CONTRACTUAL LANGUAGE OF THE TECHNICAL DOMAIN
Al methods operate in a technical domain. Language used in that domain is contrac-
tual in nature and is of the form, “If you present me an input in format X, I guarantee
that I'll provide answer Y.” Those contracts are often convoluted and require an
expert in the field to really understand their precise meaning, as well as all the impli-
cations of what is said.

Let’s demonstrate this contractual language in some concrete examples:

Al that’s based on classical statistical methods will use the language of hypothe-
sis testing: “Is there a statistically significant difference between part samples
from supplier A and supplier B at p = 0.05?”

AT that’s based on image recognition will express in the language of ML: “If this
is a picture of your part, I can tell you with 95% confidence that it’s much more
similar to the class of parts you labeled as defective, compared to other classes.”
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Al can also tell you that, overall, it reaches 98% accuracy in correctly classifying
parts between classes.

Al used in the publishing industry, to predict how many physical books should
be printed in a second batch if the first batch sold in three months, might be
based on a time series model. Depending on the model used, one research
question can be, “Predict with a 95% confidence interval the book sales in the
next three months, based on the sales in the previous three months.”

If you aren’t a data scientist, your head is probably spinning right now. What do those
sentences even mean? Sounds geekish? That’s because it is! Al methods are defined in
an abstract format that’s intended to be understood by computers and data scientists,
not by business users. To solve business problems, you need to translate them into A/
language. That’s what I mean by formulation of the problem when I say that ML is a com-
bination of formulation, optimization, and evaluation. Figure 3.7 shows this process.

Research Question

Business Question
| Needstobe

Should we change translated to
supplier B with supplier A?

Is there a statistically
significant difference between
sample from A and sample
from B at p = 0.05?

Figure 3.7 The translation of a business question into a research question. Al doesn’t
understand business concepts. If you aren’t familiar with statistics, a research question
formulation might be difficult to understand.

The job of your Al experts is to select the appropriate research question and translate
it into a format the Al methods can answer without compromising its relationship to
your business question.

WARNING  Projects often go awry when the business and data science teams
don’t communicate closely. Business questions can be incorrectly translated
to poor research questions, causing you to get an answer to a question you
didn’t ask. The problem is compounded if you then use that answer to take
the wrong business action.

It’s important to understand that this translation is a highly complex activity requiring
that your team share an understanding of both the business and Al domains. This
translation isn’t straightforward. It’s almost impossible to devise a translation that
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evaluates all possible business actions. It’s the job of the business leader to guard
against misalignment between the business question and the research question.

Misaligned business and research questions
Here’s an example of how business and research questions can get misaligned in a

way that a business leader or a data scientist is unlikely to catch unless they talk
directly.

Business leader: Give me an example of one possible answer that you’d provide
when you finish the analysis.

Data scientist: We have enough statistical evidence to infer that there’s only a 5%
chance that we’d get the result we did if supplier A wasn’t indeed better than sup-
plier B.

Business leader: So, you're telling me that supplier A is better than supplier B? |
expect that, three months from now, we’ll have a big project that we need a good sup-
plier for. | plan to replace supplier B with supplier A. We'll increase orders from sup-
plier A 100 times. Is your analysis sufficient to support such a business decision?

Data scientist: Well, what we know is that on the sample we tested, A was likely to
be betterthan B . . . .

Business leader [thinking to himself]: This is interesting. What does the technical jar-
gon mean? This isn’t a simple yes or no. Let’s dig deeper . . . .

Business leader: Wait. How is that different than what | just said? Give me an exam-
ple of a situation where you’d report that we have enough evidence to interfere . . .,
and it would still be wrong to drop supplier B.

Data scientist: Well . . . when | say we have enough statistical evidence to. ..
um . . . infer, we cover only the sample that was given to us last week. We can’t say
that would still be the case in three months. We also can’t say that supplier A could
deliver the same level of quality if the order you make is 100 times the size of the
sample we tested.

Business leader: | see. What if it’s important to me to consider trends of improve-
ment in suppliers A and B? | need to know what’s likely to happen in three months,
if current trends continue. I'll place an order of 10,000 parts to be delivered by sup-
plier A in three months. Does your analysis support these actions?

Data scientist: No, it doesn’t. We need to perform a different type of analysis . . . .

BEST PRACTICES FOR THE BUSINESS LEADER OF AN Al PROJECT

The “Misaligned business and research questions” sidebar shows an example of a proj-
ect that could have gone horribly wrong, as the business leader and data scientist are
talking about totally different questions. But until that conversation happens, you
won’t notice that you're not talking about the same thing. The following provides best
practices for business leaders who are starting an Al project:

Never sign a document that proposes a highly technical research question you
don’t understand. Instead, call a meeting with the data scientists. Ideally,
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someone who has a strong background in both business and Al should facilitate
this meeting. If there’s no such person in your organization, you should enlist a
consultant to help you.

Ask your data scientist to provide you with a couple of the possible answers that
the proposed research question can produce.

Play out a scenario analysis (as in the previous example). Take the answer to a
research question and describe what you think it says. Then, state the exact
business decisions you’d make, explaining all your assumptions.

Always repeat how you interpret the answer that the data scientist gives you. Use
simple, nontechnical terminology.

Don’t worry about looking stupid if you misunderstand something. Finding mis-
understandings at this stage saves a ton of money later. You’d really look stupid
if you waited until the wrong Al project was run.

State clearly the business actions that you intend to take, based on their answers.
Ask if those business actions are reasonable.

If the data scientist responds to your planned business action with anything other
than a simple yes or no, investigate in which circumstances it would be wrong for
you to take such a business action, based solely on the results of the analysis.
Don’t be afraid to further explore your research question, together with your Al
experts. Get educated about the details of what the research question means; by
the same token, educate your data scientist on the details of your business.
Understand that the mapping between a business question and a research ques-
tion is never perfect. Research questions rarely correctly capture all aspects of
the business problem. The question is, “Are those aspects important to you?”
Beware of discussing business problems using highly technical terminology.
Terminology that isn’t shared between all meeting participants is an excellent
vehicle to hide misalignment between technology and business. If a business
doesn’t have properly thorough discussions to ensure that research questions
and business problems are aligned, they're in fact leaving it up to the technol-
ogy team to fill in critical business details.

Always make your business experts available to the technical team for consulta-
tion about clarification of important details. It isn’t realistic to expect that the
technical team will make optimal business decisions when the specification of
the business problem is vague.

WARNING  Always perform a scenario analysis of a research question before the
Al team starts its work. The chance of a project succeeding if you ask the
wrong research question is about zero.

A final point to remember when defining a research question is that correspondence
between business questions is not “one research question per one business question.”
You might need multiple research questions to cover a single business question. It’s
also possible (although rare in practice) to have a single research question that can
answer multiple business questions.
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If you fail, fail fast

You’'re starting this first Al project with the assumption that it will be an easy project to
deliver. However, your estimates were coarse; it’s quite possible that the project, once
you start it, will be more difficult to deliver than you initially calculated. This section
explains how you should manage that initial AI project so that if the project is unex-
pectedly difficult, that becomes immediately obvious.

TIP You should optimize your project delivery process for speed to success. When
hunting in rich hunting grounds, the more you hunt, the more you catch. In the
early days of your Al efforts, you shouldn’t persist on projects that looked easy
early on, but on closer examination were difficult. Instead, stop them early and
use the remaining project’s time to start an easier project instead.

Your project should start with a proof of concept that builds a quick prototype. That
prototype serves four purposes:

It demonstrates to you that the engineering team has the technical expertise
needed to deliver the project.

It gives you a concrete Al implementation, which is the Analyze in the Sense/
Analyze /React loop you identified. Now you can test the React part of the loop
(for example, you can test how difficult it would be to implement the required
business action).

The prototype can be analyzed to determine how your proposed system solu-
tion behaves when exposed to either more data or different ML algorithms.
Chapters 6 and 7 of this book show you how this analysis is performed.

The prototype shows you how difficult it will be to implement your Al project. If
the level of difficulty is much greater than you expected, that should be quickly
obvious.

Until you have an experienced team that has passed through such processes many
times, don’t get stuck on projects that take a lot of time to implement. As a hunter,
you won’t starve because you failed to catch a single prey; you'll starve because you
were trying to catch a single prey for way too long.

TIP If your project is more difficult than expected, pause it and choose an
easier one instead. If you stumble upon the Gates of Hell, turn around and run!

Pitfalls to avoid

When running an Al project, there are some common pitfalls that you should avoid.
Some of the most important ones are as follows:

Not communicating with the organizational actors that own the React part of
the Sense/Analyze/React loop, or, even worse, not working with them at all
until your Al project is well on its way

Transplanting use cases (and metrics) from other projects or organizations
Running fashionable Al projects that are likely to grab headlines
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Believing that you can buy a tool, any tool, that will give you a sustainable
advantage

Hoping that throwing random analysis at your data will produce results
Selecting which project to run based on a “gut feeling” instead of the results of
analysis

This section discusses each one of these pitfalls in more detail.

Failing to build a relationship with the business team

When using Al as a decision support system, it’s never enough to just deliver a good
analysis; you need to execute well on the specific business actions recommended by an
Al-powered analysis. That means that executive attention must hone in on the link
between the analytical result and the business action. This section highlights why the
Al team must build good relationships with the department of your organization that
will take business actions, based on your Al analysis.

TIP  Analytics is just like a speed gauge in a car. If the speedometer is telling
you that you’re going too fast, the driver must reduce the car’s speed. Who's
the equivalent of the driver in your project/organization?

A nonspecialist can misinterpret analytical results. A classic problem is that nonspe-
cialists won’t understand the limits of the analysis and when the assumptions basic to
the analysis are violated. An example of that problem was shown in section 3.3.1, when
the research question and business question were misaligned.

I’'ve personally witnessed several organizations hand off an analysis report to sepa-
rate business teams. These business teams proceeded to take business actions without
the input of data scientists. This is always a mistake.

TIP  Analytical expertise should always be represented in any group that’s dis-
cussing how to react to analytical results. You need to ensure that the business
team understands your analytical results and prescriptions fully and correctly.
The analysis result must be valid in the light of the intended business actions.

If you're the leader of an analytical project, your job isn’t done when you deliver the
results. Your job is done when the analyst’s prescription is successfully implemented.
You must build good working relationships with departments that will implement the
analysis. If the analysis has prescribed a particular business action, don’t underesti-
mate the need for you to help and follow through with its execution.

Using transplants

People are often tempted to copy what worked for the people and organizations that
surround them. As a result, you see what I call transplant projects. Here, an enterprise
decides to form an Al team and embarks on some Al project they’ve heard other
organizations similar to theirs performed. This section explains why transplants are a
bad idea.
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Examples of transplant projects abound. Some examples are projects like “let’s
have our own recommendation engine” or “let’s do sentiment analysis of customer
feedback.” Sometimes these projects make sense in the context of the business, but all
too often they’re just vanilla use cases that you heard about from someone else and
didn’t analyze in the context of your own business.

NOTE For some reason, people have more common sense when they’re
thinking about real transplants as opposed to business transplants. You’d
never get a kidney transplant just because it worked well for your neighbor.
Why should you behave differently in your business?

Instead of just blindly adapting a project that worked well for someone else, consider
it to be just one of many possible Al projects. Use the analytical approach presented in
this chapter to determine which Al project you should start first.

Trying moonshots without the rockets

Many of the world’s largest technology companies have made fortunes based on the
use of data. In the core, companies such as Google, Microsoft, and Baidu are heavily
dependent on Al for their success. They have significant research capabilities and
have a vested interest in ensuring that they won’t miss the train of important Al
advancements. This section explains why your organization shouldn’t blindly follow
those companies.

Imagine that you’re a CEO

Suppose you’re running a company that’'s making $30 billion a year, and you're in a
business that’s associated with Al. Let’s go a step further and assume that there’s
a 1% chance that someone in the next 10 years might invent something approaching
a strong, human-level Al—so called Artificial General Intelligence (AGl) [76]. If the
search for AGI fails, there may still be an autonomous vehicle [38] as the consolation
prize. Finally, you know that your competitors are investing heavily into Al.

Will you invest substantial money into Al and hire accomplished researchers to help
you advance the frontiers of Al knowledge? Or will you opt not to invest in Al, and
accept the risks that:

Your competitors develop AGI or autonomous vehicle technology. Your com-
pany may have been better positioned, but you failed to even try!
Your error will be taught in every business school for many years to come.

While the logic from the sidebar “Imagine that you’re a CEO” applies to businesses
such as Google, Baidu, or Microsoft, there’s an unfortunate tendency for many enter-
prises to emulate these companies without understanding the rationale behind their
actions. Yes, the biggest players make significant money with their Al efforts. They also
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invest a lot in Al research. Before you start emulating their Al research efforts, ask
yourself, “Am I in the same business?”

If your company were to invent something important for strong AI/AGI [76],
would you know how to monetize it? Suppose you’re a large brick-and-mortar retailer.
Could you take full advantage of that discovery? Probably not—the retailer’s business
is different from Google’s.

Almost certainly, your company would benefit more from Al technology if you
used it to solve your own concrete business problems. This means that instead of
teams populated by the smartest researchers and processes oriented toward the acqui-
sition of new Al knowledge, your organization needs people who know how to make
money in your business domain with existing Al technologies.

Don’t emulate organizations richer than yours without first understanding how
you’d exploit success. For most organizations, the road to success isn’t found in
advancing the frontiers of Al knowledge, but in knowing how to tie Al results into their
business. You need a data science team focused on applications, not research. That
doesn’t mean that you shouldn’t hire bright PhDs, but that the leadership of your Al
teams must primarily be experts in applying Al to the task of making money.

It’s about using advanced tools to look at the sea of data

Another common pitfall is the belief that you can buy an Al or big data tool that will
make it trivial to look at your data, find insights, and then monetize the insights
found. Some organizations adopting Al might even take the attitude that the main
focus of early Al efforts should be on finding the right tools. This section explains why
this is a pitfall to avoid.

TIP If monetization is trivial, so is explaining how it happens. Ask vendors
detailed questions until you really understand the finest points of how to
apply an out-of-the-box tool all the way from the point of purchase to the end-
point where your organization makes profit as a result of use of that tool.

In most business verticals, it isn’t trivial at all to monetize Al. And while many tools can
help you get there, it’s unlikely that these tools can solve monetization problems for
you. Even if there are tools that let you monetize by just installing and running them,
what you’re dealing with is a commoditized use case. Heck, someone already has a
product that does it!

TIP  The early focus for your business should be on finding Al projects that
provide a concrete business value. Tools are enablers of those projects.

A salesman might advise you to “Build a large data lake and unleash your data scien-
tists on it; there has to be something in all that data.” You might even have been given
an example of the unexpected insights that only analytics on a big dataset can pro-
vide. However, those situations are rare and unpredictable. Don’t count on the tooth
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fairy. Don’t start with the Analyze part of the Sense/Analyze/React loop. In our frame-
work, always start with the React part.

WARNING It’s always possible that there might be something special lurking
deep within your data. With the proper analysis, it might give you some unex-
pected business idea that you can implement and with which you can make a
ton of money. While possible, this is certainly not guaranteed, isn’t predictable,
and there’s a big question of is it likely enough to justify it as a main strategy you
should adapt? Worse, the lucrative bluefin tuna you hope to catch might turn
out instead to be a slimy monster of the deep. Instead of going on a fishing
expedition, organize your early Al projects for predictable success.

Using your gut feeling instead of CLUE

Often a decision about running an Al project is made in a haphazard way, as little
more than a technical idea that excites the team. Running an Al project primarily
because you want experience with the underlying technology is the tech equivalent of
buying a sports car. This section explains why following your gut may result in poor
business results.

Video analysis of the behavior of retail customers

Let’s return to our retailer from section 3.2.1, for whom you’re optimizing a product
mix. There were two proposed approaches: one based on predicting sales trends and
another one based on video recognition of customers’ behavior.

If | put my data scientist hat on, I’d have to admit that video recognition of customer
behavior is a more technically interesting project for me. That project would excite a
lot of the technology teams today. It uses cutting-edge Al video recognition abilities,
whereas sales prediction may make do with older time series analytics methods.

Sometimes that technical allure is all it takes for a team to decide to build a proto-
type, and the data scientist in me certainly understands this urge. However, this is a
classic “gut” or “Oh, shiny!” approach to project selection.

To see why this would be a mistake in this example, recall what happened in section
3.2.1. When you’re talking with management, you may learn that your business isn’t
comfortable with the legal and public relations ramifications of doing video analysis
of customers’ behavior. Your effort is unlikely to be adopted even if it's technically
successful. This doesn’t take long to learn when you bother to talk with business
leaders about your proposal before building a prototype.

Also, even if you somehow persuade management to allow you to continue building
your Al prototype, you failed to define a business metric for measuring success. Now
you’ve created problems in managing your project. Suppose your project is in prog-
ress and has achieved some initial success. How would you know if it’'s good enough
to release? How precisely does it need to recognize customer behavior? Can it make
recognition mistakes, and, if so, under which circumstances? Which mistakes are
most damaging?
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Be extremely skeptical about counting on intuition to select which Al project to run
first. Section 3.2 showed you the steps necessary to correctly determine which is the
best project to run. When selecting a first project, there are simply too many moving
parts to consider for gut feeling to provide the right answer. You need to verify that
the project is actionable, technically possible, and business valuable. You need to
know its cost, as well as the outline and difficulty of the proposed technical solution.
It’s highly unlikely that you can assess all those attributes of a proposed Al project by
just thinking about the problem for a minute or two.

TIP Above all, be on the lookout for any situation in which, during a well-
attended and important company meeting, everyone immediately exclaims,
“This looks like a great idea!” Such a social situation isn’t exactly conducive to
encouraging people to perform the careful analysis needed to disprove the
group consensus. In short, beware of groupthink.

But we’re using an MVP approach!

Some teams are Agile and/or use Lean Startup [28] methodologies for developing
their software projects. In a Lean Startup methodology, the team is encouraged to
dice projects into small chunks of work that can be presented to the customer for
feedback. This chunk of work is called the minimum viable product (MVP). Part of the
Lean Startup methodology is that if you find that your MVP isn’t what the customer
wants, you can then try something else—the so-called pivot.

Some will argue that because you’re building an MVP, you should quickly select some
initial Al idea, show it to the customer, and see what the customer says. Don’t do that!

Using MVP has many advantages with real-world products, and CLUE can combine
well with a Lean Startup strategy. However, MVPs taken alone aren’t solving the
same problems that CLUE is addressing; for example:

If you choose an MVP based on a gut feeling, you've started a project before
knowing if the business is willing and able to adopt your analytical solutions.
Although MVP can show you that you're on the wrong track faster, you're on
the wrong track, right from the beginning.

If your gut feeling was to think about the analysis you can do (versus starting
with the React part of the Sense/Analyze/React loop), you're playing analysis
roulette. You're hoping and praying that the analysis you do will yield a result
that your business can somehow implement.

MVPs aren’t valid excuses to promote a gut feeling approach to selecting and running
an Al project. MVPs reduce the cost of finding out that you're on the wrong track, but
that’s just reducing the price of failure. The ability to pivot isn’t an excuse to run proj-
ects haphazardly, hoping that with enough random Al ideas you’ll stumble on some-
thing that just happened to be actionable.

The CLUE approach can be integrated, and is compatible, with MVPs and Lean
Startup. The C part of CLUE analysis is about selecting a first Al project, and such a
project can be an MVP—an MVP that’s based on analysis, not gut feeling.
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The biggest cause of failure of Al projects today might be technical. But even among
technically successful projects, there are far too many that aren’t even used by the
businesses that paid for them. Those Al projects shouldn’t have been started at all and
were usually started because a gut feeling about their value was wrong.

Exercises

The following questions each give a concrete business scenario and then ask follow-up
questions about that scenario. Please answer the following questions:

Question 1: Suppose you’re working in the publishing industry, and you’re wondering
if it’s better to release printed, electronic, and audiobooks at the same time or one
after another. Also, if delivery is staged so that printed books are released first, how
long should you wait before releasing the other formats? Within this setting, answer
the following question: “What business metrics should you use?”

Question 2: If you’re a business leader, define a business question and an appropriate
metric to measure it. Think about some hypothetical scenarios not directly applicable
to your organization (for example, some scenarios related to philanthropy). Think
about actions that you can take while running a nonprofit. Use the techniques intro-
duced in chapter 3 to select your first hypothetical business question, as well as the
metrics you’d use to measure success.

Question 3: Once you’ve identified your business question from the previous exercise,
take your senior Al expert to lunch and talk about the business problem. Ask them
how they’d formulate a research question. Use the process described in chapter 3 to
check whether or not the answer supports the business action you intend to take. And,
while you’re having that lunch, talk about how you’d find a dataset to answer such a
research question. Do you think you can acquire that dataset?

Summary

Al, when introduced to new businesses, falls on rich hunting grounds. Don’t
start by chasing difficult projects that tie up all your resources and destroy you if
they fail. Start instead with simple projects that have big business value and are
quick to complete.

Use CLUE to select and organize Al projects. The C part of CLUE (figure 3.4)
allows you to create a list of actionable Al projects that you can implement and
helps you estimate their size and value.

The business question that Al needs to answer must be translated into a techni-
cal format by defining a research question. If that translation is incorrect, it can
wreck the business outcomes. Before starting a project, check your research
question using scenario-based testing.
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Use business metrics to measure the progress of your Al project. Business
metrics should be customized for your project and organization. Don’t start an
Al project if you don’t have the business metric for measuring its success.
Organize your Al project so that if it fails, it fails fast.

Start with the proof of concept. If the project happens to be more difficult than
you thought, stop it and work on an easier project instead. The goal is to opti-
mize time to the next success.

There are common pitfalls to avoid when running Al projects. They include
failure to build a relationship with relevant business leaders, transplanting use
cases, adopting a “moonshot” project but missing the rockets, placing too much

hope in random tools (or random analysis), and substituting a gut feeling for
CLUE.



Linking business
and téchnology

This chapter covers

= Linking business and technology metrics

= Measuring technical progress in business
terms

= Applying the L and U of the CLUE process

= QOvercoming organizational obstacles to
measuring technical progress

In chapter 3, you selected your first Al project to run. Now you have the research
questions that project needs to answer. This chapter shows you how to properly
organize that project by using metrics to link a business problem with the technical
solution you’re building. It also shows you how to understand what your technical
progress means when translated into a business result. Finally, it shows you how to
avoid typical organizational obstacles you might meet in your quest to link business
and technology. But before we get to all that, I'll first explain what causes the aver-
age organization to fall into the trap of making Al project decisions based on intu-
ition as opposed to data.
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A project can’t be stopped midair

Running any project is more like piloting a plane than driving a car. When you’re pilot-
ing a plane, if something happens, you don’t have the option of pulling onto the side
of the road and sorting out the problems. The flight has to continue, and you have to
sort things out while you’re still flying. This section shows why such a situation could
incentivize an organization to make many decisions based on instinct rather than data.

Once a project starts, you have people working on it and money and time being
spent on it. That puts pressure on the team to do something because all team members
want the project to succeed. And once the project starts, team members on all levels of
the project devote themselves to working on what they’re directed to work on. However,
in the absence of directions, they’d most likely work on what they perceived to be the
most important activity for the project’s success. As every manager knows, team mem-
bers working in isolation and without knowing what a project’s priorities are often work-
ing on the wrong thing because they aren’t aware of what should really happen first.

Managers are people too. In the absence of knowing what the best thing to do is,
they still need to make management decisions, because there comes a point in the
project when it’s in flight, and decisions must be made. In the absence of guiding
principles, managers would try to help a project the only way they know how. That’s
why gut feeling projects are so common in the industry.

How do you know what or how well your Al project is doing? The simple answer is
that when you’re getting good business results, it’s doing well. But how do you know
you’'re getting good business results? Let’s look at one typical situation in which it’s
difficult to have an intuitive feel for what good results are for your Al project.

What constitutes a good recommendation engine?

You’re in charge of the recommendation engine of a large retailer. The retailer is sell-
ing 200 K products, and it has a total of 80 million customers and close to 2 million
products viewed every day. Your recommendation engine suggests to every customer
additional products they might be interested in buying. You’ve just made an update to
your recommendation engine. How do you know that the latest update is moving the
system in the right direction?

You can look at a few products overall, but looking at a few products doesn’t actu-
ally tell you if your latest change is doing well across all of your customers. Instead, you
need to develop some metric that would summarize the behavior of the system as a
whole. Such a metric should tell you how you’re doing overall, across all products and
customers.

In this situation, you have the following alternatives, all of which I’ve seen used in
the context of Fortune 500 companies (even when they should have known better):

Manually look at the recommendations given by the engine and see if they
appear to make sense to a human. Clearly, one problem is what “makes sense”
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and how to ensure that two different testers have the same criteria. It’s difficult
to ensure reliable, repeatable, and correct scoring of the recommendations
with this approach.

Application of various metrics seen in the scientific papers (such as “Evaluating
Recommendation Systems” [77]) on recommendation engines. An example of
such a metric is novelty [78], which measures how many new items that the user
didn’t know about were recommended. What is often not clear is if such techni-
cal metrics positively impact any aspect of the business—I might not have
known that the retailer stocks garden hoses, but do I care?

Measure the sales increase from improved recommendations. This approach
has clear business relevance and is unambiguous. You don’t have to deploy your
recommendation engine fully in production to test the sales increase. You can
also perform a test on a limited subset of your customers to measure the prog-
ress of the recommendation engine.

The very nature of the Al project is that it’s difficult to get a feel for the results by sim-
ply inspecting a few samples. By definition, if you’re using Al, you’re using it because
the answer to the question of what is the best thing to do isn’t self-evident, and/or the
size of the data is too large for any single human to manually inspect.

NOTE This characteristic of an Al project makes managing such projects dif-
ferent from managing other software projects. It’'s much easier to say what
good progress is for a web application than for a recommendation engine.
Similar problems emerge when you’re wondering what task the team should
work on next.

Once a project is in flight, decisions need to be made. You're better off if those deci-
sions are made in a systematic way. Figure 4.1 uses an analogy from another domain to
contrast systematic decisions with making decisions based on feel.

That light indicates a class
2 fault, information only. Safe
to continue. Report to
maintenance upon
landing.

It doesn’t feel
important.

We have a
warning light!

Figure 4.1 Once a project starts, decisions have to be made. In which plane would you rather be?
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What is gut feeling?

If you can’t explain the reasons for the business decisions you make, you re making those
decisions based on gut feeling. You can’t be sure that you’ve explained something well
when people present at the meeting nod their heads and say, “That makes sense!”
People often nod their heads just to fit in with a group. You've explained something
well when someone not present at the meeting looks at the same data and makes the
same decision you did.

Making decisions based on gut feeling doesn’t mean that you’re making wrong
decisions, but good gut-feeling decisions in the field of Al aren’t easy. This means that
even if it was the right call, it’s improbable that anyone else would make the same
decision, that anyone (including you) would always make the same decision in similar
circumstances, or that an organization would learn from the decision. Such lack of
consistency is a red flag for any project, even if a few decisions happen to work out.

Making your decisions based on business metrics ensures that they’re explainable,
repeatable, and predictable. It also makes it easy to train new team members on how
to make good decisions and learn as an organization from your past decisions.

Linking business problems and research questions

So far in this book, I've shown you how to select actionable business problems to solve
with Al and how to use business metrics to measure business results. You’ve also
selected your first Al project to run. This section elaborates on how to run that Al
project. Your first step is to link the research questions with the business questions.

Act based on the information you have now!

There’s another similarity between managing a project and piloting a plane: you oper-
ate under a time limit. For example, what would you do if the plane’s instruments sud-
denly showed that only one hour of fuel remained? Would you land as soon as
possible, which could be unnecessary and somewhat costly? What if it’s just a faulty
fuel gauge? If you wait for an hour, you’d know for sure, but by then it would be too
late. You'll have to act soon and make the best decision you can.

When managing a project, you face a similar dichotomy between being able to make
a better decision after you collect more data about a problem and the cost of obtain-
ing that information. The right way to address that dichotomy is to compare the cost
of waiting to obtain the information and the value of the decision you can make once
you have that information, which is hopefully much higher. You should focus on the
cost and value of information and understand the expected value of better information
(or “expected value of perfect information” [75,79]).

A consequence of time sensitivity is that most of the models we use to make a proj-
ect management decision would develop iteratively. This is already something to
which you’re well accustomed. Modeling the cost of the project is a typical example.
Initially, you’d start with rough estimates and decide if it's worthwhile to begin the
project. As the project progresses, and you find new information, you're likely to
refine the model’s cost further.
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To link a business problem with the research questions for your Al project, you must
make sure that you have the right research questions and that you're using the correct
business metrics. You do that by following the CLUE process, and it’s time for the L
part of CLUE.

Introducing the L part of CLUE

In section 1.10, I defined CLUE in detail. Now we’ll talk about the L part of CLUE:
Link the research question and the business problem. This is done by scrutinizing and
further refining both the research questions and the right business metrics. Figure 4.2
(and the rest of this section) guides you through how that linking is done and why it’s
necessary.

CLUE

Research Question
Business Translated

Question into F'%4 ‘/, T
Link Right translation T Il D’
D),

Research question
and
business problem

Right Business
Metric

Figure 4.2 Linking business and technology. You must make sure you have the right relationship
between business questions and business metrics.

To correctly link a business problem and a research question (or questions), you must
ensure that you have the right research question and business metric. Yes, you already
thought about the research questions and business metrics in chapter 3 (when doing
the C part of CLUE), but there you thought about them at the granularity necessary
for a triage between the projects. You needed only a level of precision necessary for
ranking the projects and choosing the first Al project to run. Now you’re running that
project and need better estimates.

Additionally, it’s possible that the team running the projectis a different team than
the one that participated in the initial triage. Your new team may have different skillsets
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and maybe even a different idea about how to approach the problem. Even if the team
is the same (as is usually the case in smaller organizations and early efforts), it’s now
more focused on the specifics of your Al project and able to refine initial estimates.

NOTE This iterative refinement is part of the fail-fast philosophy that I advo-
cated in chapter 3. You’d start an Al project by addressing early the questions
that, if you were unable to answer them, would sink a project. Only once you
knew that the answers to those early questions justified running the project
would you make additional investments—such as detailed refinement of the
research questions.

Do you have the right research question?

As already discussed in section 3.3.1, the answer to the right research question needs
to support business actions that you would take based on that answer. You determine
this through a conversation between the data scientists and business management
team, during which you test the research question by describing scenarios of what
answers are possible and what business actions are planned based on those answers.

The reason why you're repeating this exercise at the start of the Al project isn’t just
due diligence, it’s also to make sure that the team performing the Al project is famil-
iar with the business problem you’re trying to solve.

NOTE If you’re a startup or part of a small team piloting Al in your organiza-
tion, describing possible business actions to the Al team at the start of the
project is less important. In a small company, the team members may have
already participated in previous conversations about the business objectives.
However, in large organizations, it’s typical that the team that performed the
C part of CLUE is different from the Al project team.

When you know that you have the correct research question you’re trying to answer,
have your Al team discuss how they’d go about solving the problem. You only need to
know the high-level outline of the ML algorithms that they’re considering so that you
can identify which evaluation metrics you would most likely use to evaluate the results
of those algorithms. Now we can take a closer look at the metrics you’d typically use
(and the ones that you should use) to evaluate an Al project.

What questions should a metric be able to answer?

How do you know that you have the right metrics to run your Al project? You know
because good metrics answer the business questions that you would encounter in the
project. This section gives examples of some of those business questions.

WARNING It’s generally not a productive activity to ask the average Al soft-
ware team in the industry today, “Do you have a good business case, and are
you aware of how well your product is doing in business terms?” What do you
expect the team that spent a lot of time and money on a project to say when
put on the spot? I expect them to say, “Yes!”
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The most important question you should be able to answer when running a project is:
“For this project, am I going to be able to get the answers to the business questions
that I'm likely to ask?” Here are some typical questions that you might encounter on
the project:

If I release the software today in the state it’s currently in, how much money will
we make or lose?

If we can’t release a product today, how much better would our results need to
be before we could release it?

Is it worth investing $100 K extra in getting 5% better results than we have today?

A good project metric should be able to answer such questions. But how good is the
typical metric used in an Al project today at doing that?

Can you make business decisions based on a technical metric?

If this isn’t your first Al project, chances are you’ve sat in on a business meeting in
which some technical metric was represented as a measure of progress. If you never
were part of an Al project, it’s just a matter of time before you sit in on such a meet-
ing. Let’s briefly review what this experience typically looks like.

Suppose you're a decision maker on a project, and that project uses as a metric
RMSE!, which is one of the more common technical metrics. The team has presented
that the current value of RMSE is 5.143. Quickly, answer the following questions:

Is it worth investing 5% of the whole project budget into further improving
RMSE?

How much should you improve RMSE?

Is an improvement of 3.1415927 enough?

If you’re in the majority that’s not able to answer these questions (or are wondering
what in the world is RMSE), then I have several easy questions for you:

Have you ever made (or have you seen other people make) business decisions
impacting an Al project after being at a presentation similar to the one I
described?

How did you establish that the audience at the meeting knew what RMSE was?
Note that they need to know it so well that they can immediately apply it to mak-
ing business decisions.

What mechanisms were used in such a meeting to ensure that the few people
who knew what RMSE is, and knew it well, were the most influential voices in
the meeting?

When you’re done with the easy questions, let’s move on to the more difficult ones:

Why was RMSE even presented to the audience of that meeting?
A year from now, how would you find out what the team thought about what an
RMSE improvement of 3.1415927 would even mean in business terms?

! A definition for RMSE is included in appendix A—Glossary of terms.
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Making business decisions based on the value of a technical metric isn’t trivial. Most
businesspeople won’t know how to do it. It’s not just a problem of having someone at
the meeting who’s able to translate the value of the business metric into a technical
metric. The voice of that person needs to be heard and needs to be influential in mak-
ing decisions. It’s also not clear what business result would be expected from an RMSE
improvement of 3.1415927.

TIP A business meeting is not the time to learn new technical metrics.
Attempting to do so may even result in a meeting dynamic that looks like an
unruly college class headed by a difficult-to-follow professor. Decisions
become tentative, people are afraid to speak because they aren’t confident
they know the class material, and decisions are made based on the personali-
ties of the people present rather than comprehension of the situation.

The preceding example is by no means hypothetical: every single Al project would, at
some point, have to decide if further expenditure for improving results would be worth-
while. Similarly, management would have to decide if the project would be worth pur-
suing further, or if it would be better to reassign the Al team to other projects.

Clearly, the inability to use metrics to answer common and unavoidable business
questions means that a metric, while useful for the technology team, is less useful to
management. If you find yourself in this situation, you’ve suffered a case of a technical
metric that has escaped into the wild, as figure 4.3 shows.

AN

/ ~ / ~
Figure 4.3 Technical

metrics are known to escape

into the wild. This is not a
reason to invite them to

business meetings.

Technical Metric

One more problem with presenting technical metrics at a business meeting is the neg-
ative impact they have on training new engineering managers of Al projects. Put your-
self in the position of a new engineering manager. A new manager can see that most
of the other experienced managers are appearing to use the technical metric to make
business decisions. No one is questioning, “What does that technical metric have to do
with business?” The new manager may be excused if they conclude that the connec-
tion between the technical metric and business is evident to all their peers, who
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instinctively know how to relate RMSE to business decisions—as opposed to being just
as puzzled with RMSE as the new manager is.

Many new managers in that position end up trying to learn the technical details of
what RMSE is and then try to (somehow) make business decisions based on that.
Sometimes, an unfortunate new manager only remembers the conclusion—that some
magic happens when RMSE is improved to a value of 3.1415927, which also happens
to approximate the value of the constant of 7.

NOTE Every data scientist knows that you should never use the value of x
when looking to improve RMSE. The right value to use instead should have
been ¢ (approximately 2.7182818). All joking aside, in a business context,
there’s no good value for RMSE; there’s only a good value for the business
metric—like making a profit.

The previously described situation unfortunately happens a lot today. In some rare
circumstances, such as when your company can afford to hire a management team
that’s so knowledgeable that they know all the technical metrics cold, it might even be
reasonable to present the technical metrics directly. Good for you! You’re working in a
company that’s so affluent that you can afford tech-savvy managers.

We are G-MAFIA!

Let’s suppose you're a member of G-MAFIA (Google, Microsoft, Amazon, Facebook,
IBM, and Apple), or your company is so good that you might as well be a part of
G-MAFIA. Maybe your team is so lucky as to be populated by managers who also hap-
pen to have PhDs in Al and know well what RMSE (or any other technical metric pre-
sented) is.

Run the following experiment: have a meeting, and let the meeting progress and con-
clude as usual. Note what business decision was made based on the technical
metrics presented. Ask people who made the business decision to stay in the room
and to write on a piece of paper (write, not say) what business results they expected
from such a technical metric. Then compare the results and check how similar they
are to each other. Is there a shared understanding of the data you presented, or was
there an expectation of widely different business results?

I recommend you do the exercise anonymously. If you get widely different results from
this exercise (by no means an uncommon occurrence), it makes it easier to transition
to talking about why the results are different. This is more productive than having a
discussion about which people got the right result.

The rest of this chapter shows you how to translate a technical metric to a business
metric. When you see how that’s done, you’ll see why I’'m skeptical that even brilliant
people are particularly good at doing this right immediately, in real time, in their
head, and in the same way.
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4.2.5 A metric you don’t understand is a poor business metric

One of the main problems in a typical Al project is what I call the technology smoke-
screen, and it works in the following manner:

Some technical concept (like RMSE, or some other technical metric) is pre-
sented to you.

You start by trying to understand what RMSE is.

It becomes a game of who’ll give up first—the data scientist trying to explain to
you what the concept means, or you trying to understand what it means.

After a while, everyone is tired, some decision needs to be made, and that deci-
sion is made based on the understanding of the concept that has emerged
thus far.

If you’re a data scientist, be empathetic

If you happen to be a data scientist, how long did you need to learn what various tech-
nical metrics mean? How long did it take before you became really comfortable with
using them and with understanding what they meant in various problem domains you
were working in? How does that time compare with the time you spent on your pre-
sentation, explaining what the technical metric means to your business audience?

Is it realistic to expect that the business audience (self-selected for their interest in
business) would learn the concept faster than the average student in an ML class in
college does? Remember, the college student probably chose that field because of
their interest in mathematics!

Most of the time, that situation emerges without anyone intending it. The team is hon-
estly trying to educate management, and if management proceeds down this path,
they’re contributing to the situation.

Trying to understand a technical metric in such a situation is always a part of the
trap. Instead, in this chapter, I'll concentrate on what helps you succeed. It’s not a
question of what the concepts are that you don’t understand. It’s a question of are those
concepts something that’s relevant to making business decisions?

The answer to that question for any technical metric is always going to be “No.”
Any technical metric is either irrelevant to a business decision or is relatable to some
other business metric that makes the business decision straightforward. In the former
case, the metric shouldn’t have been presented in the first place. In the latter case,
what should have been presented is a corresponding business metric. The question
isn’t “What is RMSE?” It’s “What is an exchange rate between dollars and RMSE?”

People who know what RMSE is may object, “It’s often easy to translate RMSE to
dollars!” But if it’s easy to translate RMSE to a business metric, then it’s also easy to use
a business metric instead of RMSE, so you should use the business metric.
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WARNING Sometimes you’ll encounter technical metrics you don’t under-
stand. Never try to learn that metric during the meeting and translate it to a
business metric in real-time. Insist that business metrics be presented instead.

When mental math doesn’t work

This sidebar targets the data scientists in the audience. You’re familiar with RMSE,
and you may counter that RMSE is a simple concept to understand, so why not expect
managers to understand it? Certainly it can’t be that difficult to learn, right?

Even if we were to agree that RMSE is a simple concept for everyone to grasp, there
are still good reasons to always present using business metrics instead of RMSE:

If the translation between RMSE and the business metric is easy, why doesn’t
the data science team just do it before the meeting? Do you want the full
attention of your audience, or do you want them to be performing mental
math (“X units of RMSE is Y dollars”) while they're listening to you?

| can’t think of a scenario in which presenting results using the business
metric would make a strong business case weaker. On the contrary, | could
see many business professionals thinking, “If you had a strong business
case, you'd try to state it as clearly as possible.”

On the technical side, it’s incorrect to assume that it's always trivial to trans-
late RMSE to business metrics.

To translate RMSE to a business metric, it isn’t enough for the audience to under-
stand RMSE. The meeting participants also need to understand the relationship
between RMSE and the business metric. Even someone who understands RMSE may
need to concentrate to translate RMSE to the business metric if the relation between
the two is not trivial.

If all you need to do is multiply numbers in your head, you may be able to do some
mental math on the fly. For example, if your profit curve is, “Every unit of RMSE would
cost me $10,” you could argue that such mental math could be done in your head,
or even during a meeting. It’s much more likely that you’d encounter something like
“$1.241 per unit of RMSE” than friendly, round numbers such is $10.

Quickly, what is 0.87 times $1.21?

The manager | just asked responded “Oneish!” Is such a mental calculation what you
want applied to your project, after you’'ve spent considerable time trying to optimize
a technical metric?

Moving past the linear relation between a business metric and RMSE, what about
more complicated relations between RMSE and business metrics? What if the rela-
tion is best described by the exponential function? Are you going to ask meeting par-
ticipants to consult a lookup table, mapping values of RMSE to a business metric?

All of the previous discussion applies even when you're using RMSE, arguably one of
the simplest technical metrics to understand. It only gets worse when you're using
more complicated technical metrics.
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If you have a good business case, and your Al project can demonstrate the ability to
achieve a good business result, then present results using a business metric. Any
technical metric, if presented at all, should always take a back seat.

Moving past RMSE, you’ll encounter many technical metrics in the Al field. Stay
focused on business! Running a successful Al project requires knowing some Al con-
cepts but shouldn’t require the equivalent of a PhD in Al and ML. The number of
managers who’d be able to acquire such a PhD is always going to be limited. Conse-
quently, any argument that a PhD is needed to manage an Al project is actually an
argument that a successful Al project is a rarity.

You need the right business metric

As explained in chapter 3, it’s important to use the right business metrics to measure
the progress of your Al project. Surprisingly, often the right business metrics aren’t
developed early in the project. This section reminds you of the pitfalls of having the
wrong business metrics.

One common anti-pattern is to allow business metrics to emerge from the nomina-
tion of various team members with no additional analysis. Often, those metrics are
transplants that someone has seen used on previous projects.

WARNING It’s not uncommon for teams to think that because previous proj-
ects used a business metric successfully, they should use the same metric
again. A history of past use of the metric is irrelevant—what matters is applica-
bility of the business metric to measure the desired business goal on the
current project.

Common errors when defining the business metric are as follows:

Having a business metric that’s not related to the business goal at all

Having a business metric that’s too vague to measure the underlying business goal
Trying to substitute a business metric that’s more difficult to measure with a
business metric that happens to be easy to measure

The first situation typically emerges when you take or transplant a metric from a previ-
ous project. An example (exaggerated for effect) is using a metric based on cost plus in
an early startup. Cost plus pricing is common in government and defense contracts,
where you might be guaranteed a profit of (for example) 15% above your costs.
Clearly, the meaning of high cost in such environments isn’t necessarily negative.

Transplant metrics you don’t understand are dangerous!

While high cost isn’t a problem when you’re working in a cost plus environment, mak-
ing your product and processes costly is usually fatal for an early startup that needs
to minimize costs. If such a startup were to adapt metrics from an organization that
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(continued)

uses a cost plus model, it would increase its cost of doing business. That applies not
only for the obvious metrics (like cost itself) but for the secondary impact of any metric.

As an example of the secondary impact of a metric, imagine that an aerospace man-
ufacturer tracks a “Number of designs approved by an external regulator” metric.
That metric may help legal compliance and client communication (intended effect),
but it also has a secondary effect of increasing the cost. It may make sense for an
aerospace company operating in a cost plus environment to use this metric. But
using the metric doesn’'t make sense for a startup building an iPhone app!

Second, metrics that are too vague to measure business goals are much more common
than they should be. They might be vague because they’re poorly formulated and
aren’t correctly measuring a concrete business goal. However, they could also be
vague because they’re trying to measure ambiguous business goals. An example would
be a business goal of our products having a fanatical following, which happens to be
better formulated as “We’ll have industry-leading retention and referral rates among
our customers.”

NOTE A good way to determine if a business goal is too vague is to ask people
to state the business goal and then ask “So, how is it (the goal) going?” [3]

The third error of metric substitution happens in practice because you know what an
ideal metric would be, but you don’t know how to precisely measure it.

Don’t use surrogate metrics

The metric you choose should be the exact business metric you want to affect, not
some surrogate. If you're doing algorithmic trading on Wall Street, your metric is how
much money you made after the actual trades were completed and settled, and all
the fees and taxes applied. It’s not how much money you’d have made if you were
able to instantly complete the trades and didn’t have to pay fees and taxes.

Measuring progress on Al projects

You should measure the progress that your analytical teams are making on the
research questions by referring to the business metric that measures the success of the
business problem you’re trying to solve. This section will show you how.

Guiding the construction of a business metric that’s capable of measuring business
impact should be the overall responsibility of the business leader. Of course, work on
it could be delegated, but ownership and responsibility should stay with the executive
sponsor of the project. That business metric could be considered a contract among
the executive sponsor, the business team, and the data science team.
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Defining business metrics is a team sport. Let’s look at an example that you can
also present to your team and determine if you’re lucky enough to have a team that’s
perfectly capable of choosing the right metrics on their own.

Suppose you're at a university that wants to help students bike between buildings
on the campus. A few years ago, as a trial, the university created three bike rental sta-
tions at various locations on the campus. The university also collects bike rental data
that includes weather information and rental times for each bike. You're probably
wondering if there’s a way to improve the use of the bikes. How many bikes do you
need at each station? To know the answer to that question, you clearly would have to
predict what the demand for bikes would be at each station.

For the time being, let’s assume that you choose an appropriate ML algorithm to
use.? Ask your team (and yourself), how would we evaluate how well that algorithm is
doing?

If you have a data science team handy, ask them to help you select an evaluation
metric they’d use to measure the algorithm’s performance. If you want to save time,
you might even skip constructing the algorithm and metric and just ask them if they
feel that the RMSE could be a reasonable metric to measure the progress of such a
project.

Also ask the team if they’d use additional metrics and what they’d report to you
when showing progress. And, of course, if you're a data scientist, you might answer
those questions yourself.

If you don’t have a data science team handy, you can just assume that they advised
you to use RMSE. If your team chooses a different evaluation metric, it doesn’t matter—
regardless of the metric you choose, you can follow the rest of this section with it.

NOTE Be prepared. Your team might not choose the correct business metric.
Guide a discussion by asking business questions and how the metric could be
modified to better answer those questions. This is a learning exercise, not an
exercise in saying “Gotcha!” to the team.

When you’ve chosen a metric and confirmed that the team will use it to report on the
progress of the project, you’ll need to make some simple management decisions. Let’s
try to answer a few questions based on the RMSE. For the sake of argument, assume that
the value of the evaluation metric came back as 0.83. Answer these three questions:

I'm a student who just finished a class on a Monday, at 5 p.m., in July. What’s the
chance that there wouldn’t be a bike available for me to use?

I'm a facilities administrator in charge of the project. How many bikes should I
have on the lot to ensure that 95% of the people who’d like to rent a bike can
do so?

2 If you're a data scientist, assume that you've chosen multiple regression as your baseline model for this
example.
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I'm the college administrator running the project. What do you think is an
important business question to ask for the project? Answer it, under the
assumption that your evaluation metric has a value of 0.83.

What happens when you try to answer the three questions? If you know the data sci-
ence yourself, what answers do you come up with? If not, ask your data science team.
How do they do with answering such questions? These are the type of questions that a
business is likely to ask on such a project, and if you aren’t able to use RMSE to answer
them, then RMSE is clearly not the right metric to use for making business decisions
on this project.

Now, what would be the right business metric? That depends on the business goal,
but I’ll provide a business metric for one of the scenarios. The first question to ask is,
“What are we trying to achieve with this system?” Are you trying to maximize profit of
the bike rental operation? Or are you trying to encourage the maximum number of
students who can bike?

NOTE A business metric that’s appropriate to use depends on the problem
you're trying to solve. You can’t define a good metric for a problem you
poorly understand, so don’t hesitate to ask questions about business goals.

If you’re trying to maximize profit, chances are you're charging people to rent bikes,
and profit is maximized when you don’t have many bikes lying around unused. A good
metric will be expected profit (in dollars) after accounting for all costs of bike rentals.

If you’re just trying to encourage people to ride bikes, they might be free to rent,
and having extra bikes lying around unused is much better than not having enough
bikes. The best business metric could be the percentage of the time the rental station
is out of bikes.

There’s also a hybrid case. Suppose the campus wants to encourage biking, but it
also wants to minimize the cost of the program. Then your business metric should be
based on making the maximum profit with the constraint that you want to make sure
there are always enough bikes per lot during peak usage times.

NOTE Remember this bike example and, in particular, the hybrid business
metric. We’ll use that metric later in this chapter when constructing a profit
curve.

Once you’ve defined the business metric, it’s time to link technical progress to the
business metric.

Linking technical progress with a business metric

Linking technical progress and business metrics is done using an artifact known as the
profit curve. It lets you translate the value of the technology metric into the value of the
business metric.

Once you’ve defined a business metric, if it’s the right business m