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“It’s about time a
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guide to analyzing
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are good in theory
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Advance Praise for Head First Data Analysis

“It’s about time a straightforward and comprehensive guide to analyzing data was written that makes
learning the concepts simple and fun. It will change the way you think and approach problems using
proven techniques and free tools. Concepts are good in theory and even better in practicality.”

— Anthony Rose, President, Support Analytics

“Head First Data Analysis does a fantastic job of giving readers systematic methods to analyze real-world
problems. From coffee, to rubber duckies, to asking for a raise, Head First Data Analysis shows the reader
how to find and unlock the power of data in everyday life. Using everything from graphs and visual aides
to computer programs like Excel and R, Head First Data Analysis gives readers at all levels accessible ways
to understand how systematic data analysis can improve decision making both large and small.”

— Eric Heilman, Statistics teacher, Georgetown Preparatory School

“Buried under mountains of data? Let Michael Milton be your guide as you fill your toolbox with the
analytical skills that give you an edge. In Head First Data Analysis, you’ll learn how to turn raw numbers
into real knowledge. Put away your Ouija board and tarot cards; all you need to make good decisions is
some software and a copy of this book.”

— Bill Mietelski, Software engineer
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Praise for other Head First books

“Kathy and Bert’s Head First fava transforms the printed page into the closest thing to a GUI you've ever
seen. In a wry, hip manner, the authors make learning Java an engaging ‘what’re they gonna do next?’
experience.”

—Warren Keuffel, Software Development Magazine

“Beyond the engaging style that drags you forward from know-nothing into exalted Java warrior status, Head
Furst fava covers a huge amount of practical matters that other texts leave as the dreaded “exercise for the
reader...” It’s clever, wry, hip and practical—there aren’t a lot of textbooks that can make that claim and live
up to it while also teaching you about object serialization and network launch protocols.”

—Dr. Dan Russell, Director of User Sciences and Experience Research
IBM Almaden Research Center (and teacher of Artificial Intelligence at
Stanford University)

“It’s fast, irreverent, fun, and engaging, Be careful—you might actually learn something!”

—LKen Arnold, former Senior Engineer at Sun Microsystems
Coauthor (with James Gosling, creator of Java), The Java Programming
Language

“I feel like a thousand pounds of books have just been lifted off of my head.”
—Ward Cunningham, inventor of the Wiki and founder of the Hillside Group

“Just the right tone for the geeked-out, casual-cool guru coder in all of us. The right reference for practi-
cal development strategies—gets my brain going without having to slog through a bunch of tired stale
professor-speak.”

—Travis Kalanick, Founder of Scour and Red Swoosh
Member of the MIT TR100

“There are books you buy, books you keep, books you keep on your desk, and thanks to O’Reilly and
the Head Furst crew, there is the ultimate category, Head First books. They’re the ones that are dog-eared,
mangled, and carried everywhere. Head First SOL is at the top of my stack. Heck, even the PDF I have
for review s tattered and torn.”

— Bill Sawyer, ATG Curriculum Manager, Oracle

“This book’s admirable clarity, humor and substantial doses of clever make it the sort of book that helps
even non-programmers think well about problem-solving.”

— Cory Doctorow, co-editor of BoingBoing
Author, Down and Out in the Magic Kingdom
and Someone Comes to Town, Someone Leaves Town
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Praise for other Head First books

“I received the book yesterday and started to read it...and I couldn’t stop. This is definitely trés ‘cool.” It is
fun, but they cover a lot of ground and they are right to the point. I'm really impressed.”

— Erich Gamma, IBM Distinguished Engineer, and co-author of Design
Patterns

“One of the funniest and smartest books on software design I've ever read.”

— Aaron LaBerge, VP Technology, ESPN.com

“What used to be a long trial and error learning process has now been reduced neatly into an engaging
paperback.”

— Mike Davidson, CEO, Newsvine, Inc.

“Elegant design 1s at the core of every chapter here, each concept conveyed with equal doses of
pragmatism and wit.”

— Ken Goldstein, Executive Vice President, Disney Online

“I $ Head First HTML with CSS & XHTMIL—it teaches you everything you need to learn in a ‘fun coated’
format.”

— Sally Applin, UI Designer and Artist

“Usually when reading through a book or article on design patterns, I'd have to occasionally stick myself
in the eye with something just to make sure I was paying attention. Not with this book. Odd as it may
sound, this book makes learning about design patterns fun.

“While other books on design patterns are saying ‘Buehler... Buehler... Buehler...’ this book is on the
float belting out ‘Shake it up, baby!””

— Eric Wuehler

“I literally love this book. In fact, I kissed this book in front of my wife.”

— Satish Kumar
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Dedicated to the memory of my grandmother, Jane Reese Gibbs.
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the author

Avuthor of Head First Pata Analysis

Michael Milton has spent most of

his career helping nonprofit organizations
improve their fundraising by interpreting
and acting on the data they collect from their
donors.

He has a degree in philosophy from New
College of Florida and one in religious ethics
from Yale University. He found reading

Head Furst to be a revelation after spending
years reading boring books filled with terribly
important stuff and is grateful to have the
opportunity to write an exciting book filled with
terribly important stuff.
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introduction to data analysis
Break it down

Data is everywhere.
Nowadays, everyone has to deal with mounds of data, whether they call

themselves “data analysts” or not. But people who possess a toolbox of data

analysis skills have a massive edge on everyone else, because they understand

what to do with all that stuff. They know how to translate raw numbers into

intelligence that drives real-world action. They know how to break down and

structure complex problems and data sets to get right to the heart of the problems

in their business.

Acme Cosmetics needs your help

The CEO wants data analysis to help increase sales

Data analysis is careful thinking about evidence

Define the problem

Your client will help you define your problem

Acme’s CEO has some feedback for you

Break the problem and data into smaller pieces

Now take another look at what you know

Evaluate the pieces

Analysis begins when you insert yourself

Make a recommendation

Your report is ready

The CEO likes your work

An article just came across the wire

You let the CEO’s beliefs take you down the wrong path
Your assumptions and beliefs about the world are your mental model
Your statistical model depends on your mental model
Mental models should always include what you don’t know
The CEO tells you what he doesn’t know

Acme just sent you a huge list of raw data

Time to drill further into the data

General American Wholesalers confirms your impression
Here’s what you did

Your analysis led your client to a brilliant decision
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Test your theories

Can you show what you believe?

In a real empirical test? There’s nothing like a good experiment to solve your problems

contents

and show you the way the world really works. Instead of having to rely exclusively on

your observational data, a well-executed experiment can often help you make causal

connections. Strong empirical data will make your analytical judgments all the more

powerful.
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One month later...
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One month later...
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optimization
Take it to the max

We all want more of something.

And we’re always trying to figure out how to get it. /f the things we want more of—

profit, money, efficiency, speed—can be represented numerically, then chances

are, there’s an tool of data analysis to help us tweak our decision variables, which

will help us find the solution or optimal point where we get the most of what
we want. In this chapter, you'll be using one of those tools and the powerful

spreadsheet Solver package that implements it.

You’re now in the bath toy game

Constraints limit the variables you control

Decision variables are things you can control

You have an optimization problem

Find your objective with the objective function

Your objective function

Show product mixes with your other constraints

Plot multiple constraints on the same chart

Your good options are all in the feasible region

Your new constraint changed the feasible region

Your spreadsheet does optimization

Solver crunched your optimization problem in a snap
Profits fell through the floor

Your model only describes what you put into it
Calibrate your assumptions to your analytical objectives
Watch out for negatively linked variables

Your new plan is working like a charm

Your assumptions are based on an ever-changing reality
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data visualization
Pictures make you smarter

You need more than a table of humbers.

Your data is brilliantly complex, with more variables than you can shake a stick at.
Mulling over mounds and mounds of spreadsheets isn’t just boring; it can actually be a
waste of your time. A clear, highly multivariate visualization can, in a small space, show

you the forest that you’d miss for the trees if you were just looking at spreadsheets all

the time.

New Army needs to optimize their website 112

The results are in, but the information designer is out 113

The last information designer submitted these three infographics 114

What data is behind the visualizations? 115

Show the data! 116

Here’s some unsolicited advice from the last designer 117

Too much data is never your problem 118

Making the data pretty isn’t your problem either 119

Data visualization is all about making the right comparisons 120

Your visualization is already more useful than the rejected ones 123

- Use scatterplots to explore causes 124
| ] The best visualizations are highly multivariate 125
. i Show more variables by looking at charts together 126
¢ £ ;g The visualization is great, but the web guru’s not satisfied yet 130
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meonsie
Home Page #2 Ho::::: " Ho:;”:;’:f#z The experiment designers weigh in 132
A The experiment designers have some hypotheses of their own 135
H § g The client is pleased with your work 136
A Orders are coming in from everywhere! 137
TimeOnSite Pageviews ReturnVisits
Home Page #3 Home Page #3 Home Page #3
o 10 2 % RV T
Timeonsie pagerons N
xiii

Download at Boykma.Com



table of contents

hypothesis testing
Say it ain’t so

The world can be tricky to explain.

And it can be fiendishly difficult when you have to deal with complex,
heterogeneous data to anticipate future events. This is why analysts don’t just
take the obvious explanations and assume them to be true: the careful reasoning
of data analysis enables you to meticulously evaluate a bunch of options so that
you can incorporate all the information you have into your models. You're about to

learn about falsification, an unintuitive but powerful way to do just that.

Gimme some skin... 140
When do we start making new phone skins? 141
PodPhone doesn’t want you to predict their next move 142

Here’s everything we know 143
ElectroSkinny’s analysis does fit the data 144
ElectroSkinny obtained this confidential strategy memo 145
Variables can be negatively or positively linked 146
Causes in the real world are networked, not linear 149
Hypothesize PodPhone’s options 150
You have what you need to run a hypothesis test 151
Falsification is the heart of hypothesis testing 152
Diagnosticity helps you find the hypothesis with the least disconfirmation 160
You can’t rule out all the hypotheses, but you can say which is strongest 163
You just got a picture message. .. 164

It’s a launch! 167
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bayesian statistics
Get past first base

You’ll always be collecting new data.

And you need to make sure that every analysis you do incorporates the data you have
that's relevant to your problem. You’ve learned how falsification can be used to deal
with heterogeneous data sources, but what about straight up probabilities? The
answer involves an extremely handy analytic tool called Bayes’ rule, which will help

you incorporate your base rates to uncover not-so-obvious insights with ever-changing

data.

The doctor has disturbing news 170

Let’s take the accuracy analysis one claim at a time 173

How common is lizard flu really? 174

You’ve been counting false positives 175

All these terms describe conditional probabilities 176

You need to count false positives, true positives, false negatives, and true negatives 177

1 percent of people have lizard flu 178

Your chances of having lizard flu are still pretty low 181

Do complex probabilistic thinking with simple whole numbers 182

Bayes’ rule manages your base rates when you get new data 182

You can use Bayes’ rule over and over 183

Your second test result is negative 184

Q The new test has different accuracy statistics 185
o New information can change your base rate 186

What a relief! 189
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subjective Prqbabﬂ%ties
Numerical belief

Sometimes, it’s a good idea to make up numbers.
Seriously. But only if those numbers describe your own mental states, expressing
your beliefs. Subjective probability is a straightforward way of injecting some real
rigor into your hunches, and you're about to see how. Along the way, you are going
to learn how to evaluate the spread of data using standard deviation and enjoy a

special guest appearance from one of the more powerful analytic tools you've learned.

Backwater Investments needs your help 192
Their analysts are at each other’s throats 193
Subjective probabilities describe expert beliefs 198
Subjective probabilities might show no real disagreement after all 199
The analysts responded with their subjective probabilities 201
The CEO doesn’t see what you’re up to 202
The CEO loves your work 207
The standard deviation measures how far points are from the average 208
You were totally blindsided by this news 213
Bayes’ rule is great for revising subjective probabilities 217
The CEO knows exactly what to do with this new information 223
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heuristics
Analyze like a human

The real world has more variables than you can handle.
There is always going to be data that you can’t have. And even when you do have data
on most of the things you want to understand, optimizing methods are often elusive
and time consuming. Fortunately, most of the actual thinking you do in life is not
“rational maximizing”—it’s processing incomplete and uncertain information with rules
of thumb so that you can make decisions quickly. What is really cool is that these rules

can actually work and are important (and necessary) tools for data analysts.

LitterGitters submitted their report to the city council 226
The LitterGitters have really cleaned up this town 227
The LitterGitters have been measuring their campaign’s effectiveness 228
The mandate is to reduce the tonnage of litter 229
Tonnage is unfeasible to measure 230
Give people a hard question, and they’ll answer an easier one instead 231
Littering in Dataville is a complex system 232
You can’t build and implement a unified litter-measuring model 233

Heuristics are a middle ground between going with your gut and optimization 236

Use a fast and frugal tree 239
Is there a simpler way to assess LitterGitters’ success? 240
Stereotypes are heuristics 244
Your analysis is ready to present 246
Looks like your analysis impressed the city council members 249
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histoprams
The shape of numbers

How much can a bar graph tell you?

There are about a zillion ways of showing data with pictures, but one of them is
special. Histograms, which are kind of similar to bar graphs, are a super-fast and
easy way to summarize data. You're about to use these powerful little charts to
measure your data’s spread, variability, central tendency, and more. No matter
how large your data set is, if you draw a histogram with it, you’ll be able to “see”
what’s happening inside of it. And you're about to do it with a new, free, crazy-

powerful software tool.

Your annual review is coming up 252
Going for more cash could play out in a bunch of different ways 254
Here’s some data on raises 255
Histograms show frequencies of groups of numbers 262

Gaps between bars in a histogram mean gaps among the data points 263

Install and run R 264
Load data into R 265
R creates beautiful histograms 266
Make histograms from subsets of your data 271
Negotiation pays 276
What will negotiation mean for you? 277
Don’t negotiate
Negotiate

/
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regression
Prediction
Predict it.

Regression is an incredibly powerful statistical tool that, when used correctly, has the
ability to help you predict certain values. When used with a controlled experiment,
regression can actually help you predict the future. Businesses use it like crazy to help
them build models to explain customer behavior. You're about to see that the judicious

use of regression can be very profitable indeed.

What are you going to do with all this money? 280
An analysis that tells people what to ask for could be huge 283
Behold... the Raise Reckoner! 284
Inside the algorithm will be a method to predict raises 286
Scatterplots compare two variables 292
A line could tell your clients where to aim 294
Predict values in each strip with the graph of averages 297
The regression line predicts what raises people will receive 298
The line is useful if your data shows a linear correlation 300
You need an equation to make your predictions precise 304
Tell R to create a regression object 306
The regression equation goes hand in hand with your scatterplot 309
The regression equation is the Raise Reckoner algorithm 310
Your raise predictor didn’t work out as planned... 313

Xix



table of contents

error
Err well

The world is messy.

So it should be no surprise that your predictions rarely hit the target squarely. But if
you offer a prediction with an error range, you and your clients will know not only
the average predicted value, but also how far you expect typical deviations from
that error to be. Every time you express error, you offer a much richer perspective
on your predictions and beliefs. And with the tools in this chapter, you'll also learn

about how to get error under control, getting it as low as possible to increase

confidence.
Your clients are pretty ticked off’ 316
What did your raise prediction algorithm do? 317
The segments of customers 318
The guy who asked for 25% went outside the model 321
How to handle the client who wants a prediction outside the data range 322
The guy who got fired because of extrapolation has cooled off 327
You've only solved part of the problem 328
What does the data for the screwy outcomes look like? 329
Chance errors are deviations from what your model predicts 330
Error is good for you and your client 334
Chance Error Exposed 335
Specify error quantitatively 336

Payofs for negotiators Quantify your residual distribution with Root Mean Squared error 337

Your model in R already knows the R.M.S. error 338

R’s summary of your linear model shows your R.M.S. error 340

Segmentation is all about managing error 346

H] Good regressions balance explanation and prediction 350
é Your segmented models manage error better than the original model 352
Your clients are returning in droves 357
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relational databases
Can you relate?

How do you structure really, really multivariate data?
A spreadsheet has only two dimensions: rows and columns. And if you have a
bunch of dimensions of data, the tabular format gets old really quickly. In this
chapter, you’re about to see firsthand where spreadsheets make it really hard
to manage multivariate data and learn how relational database management

systems make it easy to store and retrieve countless permutations of multivariate

data.
The Dataville Dispatch wants to analyze sales 360
Here’s the data they keep to track their operations 361
You need to know how the data tables relate to each other 362
A database is a collection of data with well-specified relations to each other 365
Trace a path through the relations to make the comparison you need 366
Create a spreadsheet that goes across that path 366
Your summary ties article count and sales together 371
Looks like your scatterplot is going over really well 374
Copying and pasting all that data was a pain 375
Relational databases manage relations for you 376
Dataville Dispatch built an RDBMS with your relationship diagram 377
Dataville Dispatch extracted your data using the SQL language 379
Comparison possibilities are endless if your data is in a RDBMS 382
You’re on the cover 383
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cleaning data
Impose order

Your data is useless...

...if it has messy structure. And a lot of people who collect data do a crummy job

of maintaining a neat structure. If your data’s not neat, you can’t slice it or dice it,

run formulas on it, or even really see it. You might as well just ignore it completely,

right? Actually, you can do better. With a clear vision of how you need it to look
and a few text manipulation tools, you can take the funkiest, craziest mess of

data and whip it into something useful.

Just got a client list from a defunct competitor

The dirty secret of data analysis

Head First Head Hunters wants the list for their sales team
Cleaning messy data is all about preparation

Once you’re organized, you can fix the data itself

Use the # sign as a delimiter

Excel split your data into columns using the delimiter

Use SUBSTITUTE to replace the carat character

You cleaned up all the first names

The last name pattern is too complex for SUBSTITUTE

Handle complex patterns with nested text formulas

R can use regular expressions to crunch complex data patterns
The sub command fixed your last names

Now you can ship the data to your client

Maybe you’re not quite done yet...

Sort your data to show duplicate values together

The data is probably from a relational database

Remove duplicate names

You created nice, clean, unique records

Head First Head Hunters is recruiting like gangbusters!

Leaving town...

386
387
388
392
393
394
395
399
400
402
403
404
406
407
408
409
412
413
414
415
416



Surveys

Confidence intervals
Standard error
Sample averages

The multiplication rule
Independence
The binomial formula

leftovers

table of contents

The Top Ten Things (we didn’t cover)

You’ve come a long way.

But data analysis is a vast and constantly evolving field, and there’s so much left the

learn. In this appendix, we’ll go over ten items that there wasn’t enough room to cover

in this book but should be high on your list of topics to learn about next.

#1: Everything else in statistics 418
#2: Excel skills 419
#3: Edward Tufte and his principles of visualization 420
#4: PivotTables 421
#5: The R community 422
#6: Nonlinear and multiple regression 423
#7: Null-alternative hypothesis testing 424
#8: Randomness 424
#9: Google Docs 425
#10: Your expertise 426
The null and the alternative
t-Test
Tests of significance Chi Squared Test
Sampling z-Test
Sﬂ{:is£ics h°£ COVCV‘Cd in The law of averages
Head FW‘S‘E Da{:a Ah&"/SiS han Probability histograms
Va:ilalgﬁity The normal approximation
Box models
Probability

% N

{ Lots and lots of other stuff... 1‘

\ ~
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install r
Start R up!

Behind all that data-crunching power is enormous
complexity.

But fortunately, getting R installed and started is something you can accomplish in

just a few minutes, and this appendix is about to show you how to pull off your R

install without a hitch.

Get started with R
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install excel analysis tools
The ToolPak

Some of the best features of Excel aren’t installed by
default.

That's right, in order to run the optimization from Chapter 3 and the histograms from
Chapter 9, you need to activate the Solver and the Analysis ToolPak, two extensions

that are included in Excel by default but not activated without your initiative.

Install the data analysis tools in Excel 432
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how to use this bool:
Intro

T can't believe
they put thatina
data analysis book.

Is this book for you?

This book is for anyone
With the money to pay
for it. And it makes

a great gift for that
special someone.

swev the burning «\ucs(:ion:

+ that in @ data ana\\/sis book?"

[n £his section we an

“So why DID they pw
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Who is this book for?

If you can answer “yes” to all of these:

0 Do you feel like there’s a world of insights buried in your
data that you’d only be able to access if you had the right
tools?

e Do you want to learn, understand, and remember how
to create brilliant graphics, test hypotheses, run a
regression, or clean up messy data?

e Do you prefer stimulating dinner party conversation to dry,
dull, academic lectures?

this book is for you.

Who should probably back away from this book?

If you can answer “yes” to any of these:

o Are you a seasoned, brilliant data analyst looking for a
survey of bleeding edge data topics?

e Have you never loaded and used Microsoft Excel or
OpenOffice calc?

e Are you afraid to try something different? Would you
rather have a root canal than mix stripes with plaid?
Do you believe that a technical book can’t be serious
if it anthropomorphizes control groups and objective

functions?
[

this book is not for you. ..‘

[Note from mavketing: this book is
for anyone with a tredit card.]

XXViii
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We know what youre thinking

“How can #hs be a serious data analysis book?”
“What’s with all the graphics?”

“Can I actually learn it this way?”

We know what your brain is thinking

Your brain craves novelty. It’s always searching, scanning, waiting for something
unusual. It was built that way, and it helps you stay alive.

So what does your brain do with all the routine, ordinary, normal things
you encounter? Everything it can to stop them from interfering with the
brain’s real job—recording things that matter. It doesn’t bother saving the
boring things; they never make it past the “this is obviously not important”
filter.

How does your brain know what’s important? Suppose you'’re out for a day
hike and a tiger jumps in front of you, what happens inside your head and

body?
Great. Only 488

more dull, dry,
boring pages.

Neurons fire. Emotions crank up. Chemicals surge.

And that’s how your brain knows...

This must be important! Don’t forget it!

But imagine you're at home, or in a library. It’s a safe, warm, tiger-free zone. \/our \J‘fa::; workh
You're studying. Getting ready for an exam. Or trying to learn some tough ~ TH|S " °

technical topic your boss thinks will take a week, ten days at the most. <avInYy \

Just one problem. Your brain’s trying to do you a big favor. It’s trying to
make sure that this obviously non-important content doesn’t clutter up scarce
resources. Resources that are better spent storing the really ig things.
Like tigers. Like the danger of fire. Like how you should never have
posted those “party” photos on your Facebook page. And there’s no
simple way to tell your brain, “Hey brain, thank you very much, but
no matter how dull this book 1s, and how little I'm registering on the
emotional Richter scale right now, I really do want you to keep this
stuff around.”

XXix
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We think of a “Head First’ reader as a learner.

So what does it take to learn something? First, you have to getit, then make sure you
don’t forgetit. It's not about pushing facts into your head. Based on the Jatest research
in cognitive science, neurobiology, and educational psychology, learning takes a lot

more than texton a page. We know what turns your brain on.

some of the Head First learning principles:

Make it visual.Images are far more memorable than words alone, and make learning

much more effective (up to 89 percent improvement in recall and transfer studies). It also
makes things more understandable. Put the words within or near the graphics
they relate to, rather than on the bottom of on another page, and learners will be up to

twice as likely to solve problems related to the content.

Use a conversational and personalized style. Inrecent studies, students performed up to

40 percent better on post-learning tests if the content spoke directly t0 the reader, using a first-person,

conversational style rather than taking a formal tone. Tell stories instead of lecturing. Use casual language.

Don't take yourself too seriously. Which would you pay more attention to:a stimulating dinner party

companion, or a lecture?

Get the learner 1o think more deeply. Inother words, unless you actively

flex your neurons, nothing much happens in your head. A reader has to be motivated,

engaged, curious, and inspired to solve problems, draw conclusions, and generate new

knowledge. And for that, you need challenges, exercises, and thought-provoking questions,

and activities that involve both sides of the brain and multiple senses.

Get—and keep—the reader’s attention. We've all had the !l really want to learn this but | can’t stay

awake past page one” experience. Your brain pays attention to things that are out of the ordinary, interesting,

strange, eye-catching, unexpected. Learning a new, tough, technical topic doesn't have to be boring. Your

brain will learn much more quickly if it's not.

Touch their emotions. We now know that your ability to remember something

is largely dependent on its emotional content. You remember what you care about.

You remember when you feel something. No, we're not talking heart-wrenching

stories about a boy and his dog. We're talking emotions like surprise, curiosity, fun,

myhat the...?”, and the feeling of “1 Rule!” that comes when you solve a puzzle, learn

something everybody else thinks is hard, or realize you know something that“I'm

more technical than thou” Bob from engineering doesn't.

XXX
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Metacognition: thinking about thinking

If you really want to learn, and you want to learn more quickly and more

I wonder how
I can trick my brain
into remembering
this stuff...

deeply, pay attention to how you pay attention. Think about how you think.
Learn how you learn.

Most of us did not take courses on metacognition or learning theory when we
were growing up. We were expected to learn, but rarely laught to learn.

But we assume that if you’re holding this book, you really want to learn data 0o
analysis. And you probably don’t want to spend a lot of time. If you want to
use what you read in this book, you need to remember what you read. And for
that, you've got to understand it. To get the most from this book, or any book

or learning experience, take responsibility for your brain. Your brain on this
content.

The trick is to get your brain to see the new material you’re learning as
Really Important. Crucial to your well-being. As important as a tiger.
Otherwise, you're in for a constant battle, with your brain doing its best to
keep the new content from sticking.

So just how DO you get your brain to treat data
analysis like it was a hungry tiger?

There’s the slow, tedious way, or the faster, more effective way. The
slow way 1s about sheer repetition. You obviously know that you are able to learn

and remember even the dullest of topics if you keep pounding the same thing into your
brain. With enough repetition, your brain says, “This doesn’t fee/ important to him, but he
keeps looking at the same thing over and over and over, so I suppose it must be.”

The faster way is to do anything that increases brain activity, especially different
types of brain activity. The things on the previous page are a big part of the solution,
and they’re all things that have been proven to help your brain work in your favor. For
example, studies show that putting words within the pictures they describe (as opposed to
somewhere else in the page, like a caption or in the body text) causes your brain to try to
makes sense of how the words and picture relate, and this causes more neurons to fire.
More neurons firing = more chances for your brain to get that this is something worth
paying attention to, and possibly recording.

A conversational style helps because people tend to pay more attention when they
perceive that they’re in a conversation, since they’re expected to follow along and hold up
their end. The amazing thing is, your brain doesn’t necessarily care that the “conversation”
is between you and a book! On the other hand, if the writing style is formal and dry, your
brain perceives it the same way you experience being lectured to while sitting in a roomful
of passive attendees. No need to stay awake.

But pictures and conversational style are just the beginning. ..

XXXi
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Here’s what WE did:

We used pictures, because your brain is tuned for visuals, not text. As far as your brain’s
concerned, a picture really «s worth a thousand words. And when text and pictures work
together, we embedded the text i the pictures because your brain works more effectively
when the text is within the thing the text refers to, as opposed to in a caption or buried in the
text somewhere.

We used redundancy, saying the same thing in different ways and with different media types,
and multiple senses, to increase the chance that the content gets coded into more than one area
of your brain.

We used concepts and pictures in unexpected ways because your brain is tuned for novelty,
and we used pictures and ideas with at least some emotional content, because your brain

1s tuned to pay attention to the biochemistry of emotions. That which causes you to _feel
something is more likely to be remembered, even if that feeling is nothing more than a little
humor, surprise, or interest.

We used a personalized, conversational style, because your brain is tuned to pay more
attention when it believes you’re in a conversation than if it thinks you’re passively listening
to a presentation. Your brain does this even when you’re reading.

We included more than 80 activities, because your brain is tuned to learn and remember
more when you do things than when you read about things. And we made the exercises
challenging-yet-do-able, because that’s what most people prefer.

We used mudltiple learning styles, because you might prefer step-by-step procedures, while
someone else wants to understand the big picture first, and someone else just wants to see

an example. But regardless of your own learning preference, everyone benefits from seeing the
same content represented in multiple ways.

We include content for both sides of your brain, because the more of your brain you
engage, the more likely you are to learn and remember, and the longer you can stay focused.
Since working one side of the brain often means giving the other side a chance to rest, you
can be more productive at learning for a longer period of time.

And we included stories and exercises that present more than one point of view,
because your brain is tuned to learn more deeply when it’s forced to make evaluations and
judgments.

We included challenges, with cxercises, and by asking questions that don’t always have

a straight answer, because your brain is tuned to learn and remember when it has to work at
something, Think about it—you can’t get your body in shape just by watching people at the
gym. But we did our best to make sure that when you’re working hard, it’s on the rght things.
That you’re not spending one extra dendrite processing a hard-to-understand example,
or parsing difficult, jargon-laden, or overly terse text.

We used people. In stories, examples, pictures, etc., because, well, because you’re a person.
And your brain pays more attention to people than it does to things.
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Cut this out and stick it

s’ on Your refrigerator.

0 Slow down. The more you understand, the
less you have to memorize.

Don’t just read. Stop and think. When the book asks
you a question, don’t just skip to the answer. Imagine
that someone really s asking the question. The

more deeply you force your brain to think, the better
chance you have of learning and remembering.

Do the exercises. Write your own notes.

We put them in, but if we did them for you, that
would be like having someone else do your workouts
for you. And don’t just look at the exercises. Use a
pencil. There’s plenty of evidence that physical
activity a/ule learning can increase the learning

Read the “There are No Dumb Questions”
That means all of them. They’re not optional
sidebars, they’re part of the core content!
Don’t skip them.

Make this the last thing you read before bed.

Or at least the last challenging thing.

Part of the learning (especially the transfer to
long-term memory) happens g/ you put the book
down. Your brain needs time on its own, to do more
processing. If you put in something new during that
processing time, some of what you just learned will
be lost.

Talk about it. Out loud.

Speaking activates a different part of the brain. If
you’re trying to understand something, or increase
your chance of remembering it later, say it out loud.
Better still, try to explain it out loud to someone else.
You’ll learn more quickly, and you might uncover
ideas you hadn’t known were there when you were
reading about it.

6]

7

the

Here’s what YOU can do fo bend
your brain into subwission

So, we did our part. The rest is up to you. These tips are a
starting point; listen to your brain and figure out what works
for you and what doesn’t. Try new things.

Drink water. Lots of it.

Your brain works best in a nice bath of fluid.
Dehydration (which can happen before you ever
feel thirsty) decreases cognitive function.

Listen to your brain.

Pay attention to whether your brain is getting
overloaded. If you find yourself starting to skim
the surface or forget what you just read, it’s time
for a break. Once you go past a certain point, you
won’t learn faster by trying to shove more in, and
you might even hurt the process.

Feel something.

Your brain needs to know that this matters. Get
involved with the stories. Make up your own
captions for the photos. Groaning over a bad joke
is still better than feeling nothing at all.

Get your hands dirty!

There’s only one way to learn data analysis: get
your hands dirty. And that’s what you’re going to do
throughout this book. Data analysis is a skill, and
the only way to get good at it is to practice. We’re
going to give you a lot of practice: every chapter has
exercises that pose a problem for you to solve. Don’t
just skip over them—a lot of the learning happens
when you solve the exercises. We included a solution
to each exercise—don’t be afraid to peek at the
solution if you get stuck! (It’s easy to get snagged

on something small.) But try to solve the problem
before you look at the solution. And definitely get it

working before you move on to the next part of the
book.

xxxiii

Download at Boykma.Com



how to use this

Read Me

This 1s a learning experience, not a reference book. We deliberately stripped out everything
that might get in the way of learning whatever it is we’re working on at that point in the
book. And the first time through, you need to begin at the beginning, because the book
makes assumptions about what you’ve already seen and learned.

This book is not about software tools.

Many books with “data analysis” in their titles simply go down the list of Excel functions
considered to be related to data analysis and show you a few examples of each. Head First
Data Analysis, on the other hand, is about how to be a data analyst. You’ll learn quite a
bit about software tools in this book, but they are only a means to the end of learning how
to do good data analysis.

We expect you to know how to use basic spreadsheet formulas.

Have you ever used the SUM formula in a spreadsheet? If not, you may want to bone up on
spreadsheets a little before beginning this book. While many chapters do not ask you to use
spreadsheets at all, the ones that do assume that you know how to use formulas. If you are
familiar with the SUM formula, then you’re in good shape.

This book is about more than statistics.

There’s plenty of statistics in this book, and as a data analyst you should learn as much
statistics as you can. Once you're finished with Head First Data Analysis, it'd be a good idea
to read Head First Statistics as well. But “data analysis” encompasses statistics and a number
of other fields, and the many non-statistical topics chosen for this book are focused on the
practical, nitty-gritty experience of doing data analysis in the real world.

The activities are NOT optional.

The exercises and activities are not add-ons; they’re part of the core content of the book.
Some of them are to help with memory, some are for understanding, and some will help
you apply what you’ve learned. Don’t skip the exercises. The crossword puzzles are the
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only thing you don’t fave to do, but they’re good for giving your brain a chance to think
about the words and terms you’ve been learning in a different context.

The redundancy is intentional and important.

One distinct difference in a Head First book is that we want you to really get it. And we
want you to finish the book remembering what you’ve learned. Most reference books
don’t have retention and recall as a goal, but this book is about learning, so you’ll see some
of the same concepts come up more than once.

The book doesn’t end here.

We love it when you can find fun and useful extra stuff on book companion sites. You’ll
find extra stuff on data analysis at the following url:
http: / /www.headfirstlabs.com/books/hfda/.

The Brain Power exercises don’t have answers.

Tor some of them, there is no right answer, and for others, part of the learning
experience of the Brain Power activities is for you to decide if and when your answers
are right. In some of the Brain Power exercises, you will find hints to point you in the
right direction.

Download at Boykma.Com
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1 introduction to data analysis

*
- Break it down *

I detect ginger, garlic, \
paprika, and perhaps a
hint of fish sauce...

Data is everywhere.

Nowadays, everyone has to deal with mounds of data, whether they call themselves “data
analysts” or not. But people who possess a toolbox of data analysis skills have a massive
edge on everyone else, because they understand what to do with all that stuff. They know
how to translate raw numbers into intelligence that drives real-world action. They know
how to break down and structure complex problems and data sets to get right to the

heart of the problems in their business.

this is a new chapter
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Acwe Cosmetics needs your help

It’s your first day on the job as a data analyst,

and you were just sent this sales data from the
CEO to review. The data describes sales of
Acme’s flagship moisturizer, MoisturePlus.

What has been haypcning dw'mg

the last six months with sales?
How do theiv gross sales ‘cigwgs
tompare to their taraet sales figures?

/ September | October November December |January February
Gross sales % $5,280,000 $5,501,000 $5,469,000 $5,480,000 $5,533,000 $5,554,000
Target sales $5,280,000 $5,500,000 $5,729,000 $5,968,000 $6,217,000 $6,476,000
Ad costs $1,056,000 $950,400 $739,200 $528,000 $316,800 $316,800
Social network costs S0 $105,600 $316,800 $528,000 $739,200 $739,200
Unit prices (per oz.)\ $2.00 $2.00 $2.00 $1.90 $1.90 $1.90
Do you see a Fa‘li‘l:cvh Wha{.: do You ‘{;kl.hk is.going
. ) on with these unit prices?
in Aeme’s expenses? :
Why are they going down?
Take a look at the data. It’s fine not to
know everything—just slow down and
take a look.
What do you see? How much does the
table tell you about Acme’s business?
About Acme’s MoisturePlus moisturizer? GOO J (Iata analysts
always want to see

the data.
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The CEQ wants data analysis
to help increase sales

He wants you to “give him an analysis.”

It’s kind of a vague request, isn’t it? It sounds simple,
but will your job be that straightforward? Sure, he
wants more sales. Sure, he thinks something in the

data will help accomplish that goal. But what, and
how?

Welcome to the team. Take a
look at our data and give me an
analysis to help us figure out
how to increase sales. Looking
forward to your conclusions.

\ Now what ¢ould he mean by this?

Heve's the CEO.

.@'yvtnu
‘PQWEWR
Think about what, fundamentally, the

CEQ is looking for from you with this

question. When you analyze data, what
are you doing?
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the steps of analysis

Pata analysis is careful
thinking about evidence

The expression “data analysis” covers a lot of

different activities and a lot of different skills. If \E/"“ '“i5h't bet 'l'«lha{i she knows
someone tells you that she’s a data analyst, you still xeel, but that's about i‘U
won’t know much about what specifically she knows or w

does.

But all good analysts, regardless of their skills or goals,

go through this same basic process during the Heve's the meat of the anal\/sis, wheve
course of their work, always using empirical evidence You draw your tontlusions about what
to think carefully about problems. \/ou'vc learned in the first two steps.

Define Your problem.

Define —_— Disassemble —_— Evaluate —_— Decide

Data anal\/sis is all about
breaking problems and

data into smaller pieces Firall, you put it all back together

and make (or recommend) a decision.
—_——

Knowing Your ?YOHC"‘
is the very Liest chcg-

In every chapter of this book, you’ll go
through these steps over and over again, and
they’ll become second nature really quickly.

Ultimately, all data analysis is designed to lead
to better decisions, and you’re about to
learn how to make better decisions by gleaning
insights from a sea of data.

4 Chapter 1
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Pefine the problem

Doing data analysis without explicitly
defining your problem or goal is like heading

out on a road trip without having decided on a
destination.

Sure, you might come across some interesting
sights, and sometimes you might want to
wander around in the hopes you’ll stumble
on something cool, but who’s to say you’ll

data analysis

find anything?

Heve’s a gigantic analytical veport.

Ever seen an “analytical report” that’s a

million pages long, with tons and tons

of charts and diagrams?

Every once in a while, an analyst really
does need a ream of paper or an hour-
long slide show to make a point. But

in this sort of case, the analyst often
hasn’t focused enough on his problem
and 1s pelting you with information

as a way of ducking his obligation to

solve a problem and recommend a
decision.

Sometimes, the situation is even worse:
the problem isn’t defined at all and the
analyst doesn’t want you to realize that
he’s just wandering around in the data.

Road trip with a

Road trip without
destination.

destination.

Mission accomplis Who knows wheve

\/ou,” end u??

=)

See the similavity?
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looking for?

Your client will help you
define your problem

He is the person your analysis is meant to
serve. Your client might be your boss, your
company’s CEO, or even yourself.

Your client is the person who will make
decisions on the basis of your analysis. You
need to get as much information as you can
from him to define your problem.

The CEO here wants more sales. But that’s
only the beginning of an answer. You need to
understand more specifically what he means
in order to craft an analysis that solves the
problem.

There's a bonus in it for
you if you can figure
out how to increase

MoisturePlus sales.

This is Your tlient, the
guy You e wovk'mg ‘("or.

[t's a rcan\/ 5ood idea to know
your client as well as you an.

CEO o‘(" ACmc )

%BUL[ET POINTS

Your client might be: "

= well or badly informed

about his data "

= well or badly informed .
about his problems or .
goals

Cosmeties

well or badly informed
about his business

focused or indecisive
clear or vague

intuitive or analytic

Keep an eye at the bottom of the
page during this chapter for these
cues, whith show Yyou where You ave.

The better You understand Your tlient, the
move likely your analysis will be able to help.

k& Define | ——» Disassemble | ——— Evaluate | —— Decide
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introduction io data analysis

therejare no
Dumb Questions

Q,: | always like wandering around in data. Do you mean that A: Of course!
I need to have some specific goal in mind before | even look at

my data? Q,: Sounds to me like that kind of person needs professional

help.
A: You don’t need to have a problem in mind just to look at data.
But keep in mind that looking by itself is not yet data analysis. Data

i + ORI i AI Actually, good data analysts help their clients think through their
analysis is all about identifying problems and then solving them.

problem; they don't just wait around for their clients to tell them what
. to do. Your clients will really appreciate it if you can show them that

Q- I've heard about “exploratory data analysis,” where you they have problems they didn’t even know about.

explore the data for ideas you might want to evaluate further.

There’s no problem definition in that sort of data analysis! Q: That sounds silly. Who wants more problems?

A: Sure there is. Your problem in exploratory data analysis is to
find hypotheses worth testing. That’s totally a concrete problem to
solve.

A: People who hire data analysts recognize that people with

analytical skills have the ability to improve their businesses. Some

people see problems as opportunities, and data analysts who show
. their clients how to exploit opportunity give them a competitive

Q; Fine. Tell me more about these clients who aren’t well advantage.

informed about their problems. Does that kind of person even

need a data analyst?

\harpen your pencil

The general problem is that we need to increase sales. What
questions would you ask the CEO to understand better what he
means specifically? List five.

© 060600
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response

Acme’s CEQ has some feedback for you Your questions might

be di‘q:crcn{.

This email just came through
in response to your questions.
Lots of intelligence here...

Heve ave some sample ch{ions From: CEO, Acme Cosmetics

he CEO 4o defi To: Head First
\J;zuécjn;yiical 8 :;l:. e Subject: Re: Define the problem

By how much do you want to increase sales?
\/ / I need to get it back in line with our target sales,
which you can see on the table. All our budgeting is
built around those targets, and we’ll be in trouble if
we miss them.
Always ask “how much.” How do you think we’ll do it?
Make your goals and Well, that’s your job to figure out. But the strategy
beliefs quantitative. is going to involve getting people to buy more, and
by “people” | mean tween girls (age 11-15). You're
going to get sales up with marketing of some sort or
another. You're the data person. Figure it out!

|y How much of a sales increase do you think is feasible?
Are the target sales figures reasonable?

These tween girls have deep pockets. Babysitting
. money, parents, and so on. | don’t think there’s
An.hc-pa{c what your client any limit to what we can make off of selling them
gu;ks about. He's definitely going MoisturePlus.

e tonterned wi mpeti

neerned with competitors. | How are our competitors’ sales?

| don’t have any hard numbers, but my impression
is that they are going to leave us in the dust. I'd say
they’re 50—100 percent ahead of us in terms of gross
moisturizer revenue.

What's the deal with the ads and the social networking
marketing budget?

Gee something turious

in the numbers?

Ask about it We’re trying something new. The total budget is
\_/ 20 percent of our first month’s revenue. All of that

used to go to ads, but we’re shifting it over to social

networking. | shudder to think what'd be happening if

we’d kept ads at the same level.

Define
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introduction o data analysis

Break the problem and
data into smaller pieces

The next step in data analysis is to take

what you’ve learned about your problem

from your client, along with your data, and
break that information down into the level of
granularity that will best serve your analysis.

Disassemble

Pivide the problem into smaller problems

You need to divide your problem into manageable,
solvable chunks. Often, your problem will be vague,

like this:
QQH (IO . l 9" "What do our best customers want from us?”
ow we 1ncrease sales’ § "What promotions are most lilcely to work?”
"How is our advertising doing?”

You can’t answer the big problem directly. But by
answering the smaller problems, which you’ve analyzed

out of the big problem, you can get your answer to the big Answer the smaller problems

one. 1o solve the bigger one.
September | October November | December | January February
HH : Gross sales $5,280,000 $5,501,000 $5,469,000 $5,480,000 $5,533,000 $5,554,000
Vlvlde fhe dafa I"TO smal'er chu"ks Target sales $5,280,000 $5,500,000 /ﬁg,ooo I 55,968,000 $6,217,000 $6,476,000
/
: 3. o Ad costs $1,056,000 5%400 $739,200 $528,000 $316,800 $316,800
Same deal Wlth the data' People aren t gOIHg tO Social network costs $0 /{105,600 $316,800 $528,000 $739,200 $739,200
present you the precise quantitative answers you
Unit prices (per 0z.) $2.00, $2.00 $2.00 $1.90 $1.90 $1.90

need; you’ll need to extract important elements

on your own. These might be
If the data you receive is a summary, like what December Target Sales $5,968,000 ‘Ehcdc::"ks g°"

> : > nee watth.
you've received from Acrr}e, you’ll want to know November Unit Prices $2.00
which elements are most important to you.
If your data comes in a raw form, you’ll want toe_\
summarize the elements to make that data more More on H‘C’SC buzzwords Let’s give disassembling
useful. in a moment!/ a shot...

9
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revisit

Now take another look
at what you know

Let’s start with the data. Here you have a

summary of Acme’s sales data, and the
best way to start trying to isolate the most
important elements of it is to find strong

comparisons.

How do the gross and target sales (:igurcs
tompavre o eath other for Ottober?

Break C[OWH your summary

data l)y searclting for

interesting comparisons.

How do Januar\/'s gross sales

tompare to February's?

September | October November December |January February
Gross sales $5,280,000 $5,501,000 $5,469,000 $5,480,000 $5,533,000 $5,554,000
Target sales $5,280,000 $5,500,000 $5,729,000 $5,968,000 $6,217,000 $6,476,000
Ad costs $1,056,000 $950,400 $739,200 $528,000 $316,800 $316,800
Social network costs $0 $105,600 $316,800 $528,000 $739,200 $739,200
Unit prices (per oz.) $2.00 $2.00 $2.00 $1.90 $1.90 $1.90

How ave ad and sotial network tosts
thanging velative to eath other over time?

10

Disassemble

Does the detrease in unit prices tointide
with any change in gross sales?

Making good comparisons is at the core of

data analysis, and you’ll be doing it throughout

this book.

In this case, you want to build a conception

in your mind of how Acme’s MoisturePlus

business works by comparing their summary

statistics.

[\Rewplcd diatBryivia Con]
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introduction o data analysis

From: CEO, Acme Cosmetics
To: Head First

3 . Subject: Re: Define the problem
You've defined the problem: figure out how l :

By how much do you want to increase sales?

to increase sales.

; But that prOblem tells I need to get it back in line with our target sales,
you very little about Aow you’re expected to do which you can see on the table. All our budgeting is
it lici built around those targets, and we’ll be in trouble if
it, so you elicited a lot of useful commentary we miss them.
from the CEO. Heve's the How do you think we’ll do it?

“how" a\ucs{:i on. Well, that's your job to figure out. But the strategy
is going to involve getting people to buy more, and

by “people” | mean tween girls (age 11-15). You’re
going to get sales up with marketing of some sort or
another. You're the data person. Figure it out!

This Commentary pI‘OVldCS an 1mportant How much of a sales increase do you think is feasible?

baseline set of aSSumptions about how Are the target sales figures reasonable?
These tween girls have deep pockets. Babysitting

the CO.Smi:?tICS business works. Hopefully, the money, parents, and so on. | don’t think there’s

CEO is I‘lght about those assumptions, because any limit to what we can make off of selling them
. MoisturePlus.

they will be the backbone of your analysis!

What are the most important points that the

CEO makes?

How are our competitors’ sales?

| don’t have any hard numbers, but my impression
is that they are going to leave us in the dust. I'd say
they’re 50-100 percent ahead of us in terms of gross
moisturizer revenue.

What'’s the deal with the ads and the social networking
marketing budget?

We’re trying something new. The total budget is

20 percent of our first month’s revenue. All of that
used to go to ads, but we’re shifting it over to social
networking. | shudder to think what'd be happening

Wha{:’s mos{: uscgul? if we’d kept ads at the same level.

This (,ommcnfar\/ is itself a
kind of data. Which pars
ot it ave most imPo\r'{:&n‘f‘,?

N -'f:.&arp&n your pencil

Summarize what your client believes and your thoughts on the
data you've received to do the analysis. Analyze the above email
and your data into smaller pieces that describe your situation.

Your client’s beliefs. Your thoughts on the data.

© © 00

© © 00
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analyze the client

_ -.f.;v&&arpm your pencil

"N &]Iutlun You just took an inventory of your and your client’s beliefs. What
: did you find?

Your own answers might
Your client’s beliefs. be slightly diffevent.

€  MoisturePlus customers are tween giels (where tweens are people aged I1-15). They've basically the

0 Sales are slightly up in February ompared to September, but kind of flat.

Now it’s time to evaluat
You've suteessfully broken your problem {hoscl Picc;s :h Sr:;'z:\ dcc{:ail
inko smaller, move manageable pieces.

Disassemble

12 Chapter 1
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Evaluate the pieces

Here comes the fun part. You know what you
need to figure out, and you know what chunks

of data will enable you to do it. Now, take a close,
focused look at the pieces and form your own
judgements about them.

introduction o data analysis

Evaluate
Just as it was with disassembly, the key to
evaluating the pieces you have isolated is
comparison. Pick any {wo elements and

What do you see when you compare these
elements to each other?

vead them next to eath other.

What do You see?

Observations about the problem Observations about the data

MoisturePlus customers are tween girls (where
tweens are people aged 11-15). They're basically
the only customer group.

Acme is trying out reallocating expenses from
advertisements to social networking, but so far,
the success of the initiative is unknown.

We see no limit to potential sales
growth among tween girls.

Acme’s competitors are extremely dangerous.

Use Your im&gin&{ion’

Download at Boykma.Com

Sales are slightly up in February
compared to September, but kind of flat.

Sales are way off their targets.

Cutting ad expenses may have hurt Acme’s
ability to keep pace with sales targets.

Cutting the prices does not seem to have
helped sales keep pace with targets.

You have almost all the
right pieces, but one
important piece is missing...

13



you are

Analysis begins when you insert yourself

Inserting yourself into your analysis means making

your own assumptions explicit and betting your

credibility on your conclusions.

Your prospeets for suttess ave muth better

Whether you’re building complex models or making .
if You are an cx?lici‘{: ?art of Yyour anal\/5|s.

simple decisions, data analysis is all about you: your
beliefs, your judgement, your credibility.

Insert yourself

Good for you Good for your clients

You'll know what to look for in the data. Your client will respect your judgments

You'll avoid overreaching in your more.

conclusions. Your client will understand the

You'll be responsible for the success of limitations of your conclusions.

your work.

Don't insert yourself

Bad for you Bad for your client
You’ll lose track of how your baseline Your client won’t trust your analysis,
assumptions affect your conclusions. because he won’t know your motives

) . and incentives.
You’ll be a wimp who avoids

responsibility! Your client might get a false sense of
“objectivity” or detached rationality.

As you craft your final report, be sure to refer to yourself, \ Yikes! You don't want to

so that your client knows where your conclusions are vun into these Problcm.
coming from.

Evaluate

14
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Make a recommendation

As a data analyst, your job is to empower yourself
and your client to make better decisions, using
insights gleaned from carefully studying your
evaluation of the data.

Making that happen means you have to package
your ideas and judgments together into a format
that can be digested by your client.

That means making your work as simple as it can
be, but not simpler! It’s your job to make sure
your voice is heard and that people make
good decisions on the basis of what you have to
say.

introduction o data analysis

Decide

An analysis is useless unless
it’s assembled into a form
that facilitates decisions.

The report you present to your client
needs to be focused on making yourself
understood and encouraging intelligent,
data-based decision making.

_ .;Qarpen your pencil

Look at the information you've collected on the previous pages.
What do you recommend that Acme does to increase sales? Why?

15
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findings

Your report is ready

Acme Cosmetics

. ['s a g00d idea to sta
Analytical Report e

Your and Your elients’

Context assumptions in Your veport.

MoisturePlus customers are tween girls (where tweens are

This is the stuff we people aged 11-15). They’re basically the only customer group.
30{3 £eom the CEO Acme 18 trying out reallocating expenses from advertisements
at the beginning, to social networking, but so far, the success of the initiative is
unknown. We see no limit to potential sales growth among
tween girls. Acme’s competitors are extremely dangerous.

Interpretation of data
A simple graphic
to illustrate Your

tontlusion.

.

Sales are slightly up in

, February compared to x
Heve's the meat September, but kind of Tac:

of Your analysis. flat. Sales are way off their Aekudl [Ad vs.

targets. Cutting ad expenses sotial
may have hurt Acme’s

ability to keep pace with nmmmseeesssnniiiiiilll
sales targets. Cutting the
prices does not seem to S 0 N D J F
have helped sales keep pace

with targets.

\/ow tontlusion Recommendation

“iEh{: be It might be that the decline in sales relative to the target is
ditfevent. \/) linked to the decline in advertising relative to past advertising
expenses. We have no good evidence to believe that social
networking has been as successful as we had hoped. I will
return advertising to September levels to see if the tween girls
respond. Advertising to tween girls is the way to get
gross sales back in line with targets.

What will the
CEQ think?

Decide

16
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introduction io data analysis

The CEO likes your work

Excellent work. I'm totally persuaded.
T'll execute the order for more ads at
once. I can't wait to see what happens!

Your report is concise,
professional, and direct.

It speaks to the CEO’s needs in a
way that’s even clearer than his own
way of describing them.

You looked at the data, got greater
clarity from the CEO, compared his
beliefs to your own interpretation
of his data, and recommended a
decision.

Nice work!

How will your recommendation
affect Acme’s business?

Will Acme’s sales

increase?

17
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surprise

An article just came across the wire

Seems like 3 nice artitle,

on the face of it.

;

MoisturePlus

achieves complete
market saturation
among tween girls

Our very own cosmetics

industry analysts report
that  the tween girl
moisturizer — market  is

completely dominated by
Acme Cosmetics's flagship
product, MoisturePlus.
According to the DBD's
survey, 95 percent of tween
girls report "Very Frequent"
usage of  MoisturePlus,
typically twice a day or
more.

The Acme CEO was
surprised  when our
reporter told him of
our findings. "We are

commited to  providing
our tween customers the
most luxurious cosmetic
experience possible at just-
accessible prices," he said.
"I'm delighted to hear that
MoisturePlus has achieved
so much success with them.
Hopefully, our analytical
department will be able
to deliver this information
to me in the future, rather
than the press."

Acme's only viable

competitor in this market

Pataville Business Daily

space, Competition
Cosmetics, responded to
ourreporter'sinquirysaying,
"We have basically given up
on marketing to tween girls.
The customers that we
recruit for viral marketing
are made fun of by their
friends for allegedly using
a cheap, inferior product.
The MoisturePlus brand is
so powerful that it's a waste
of our marketing dollars
to compete. With any luck,
the  MoisturePlus  brand
will take a hit if something
happens like their celebrity
endorsement getting caught
on video having...

What does +his mean for Your anal\/sis?

On the face of it, this sounds good for Acme.

But if the market’s saturated, more ads to
tween girls probably won’t do much good.

18
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introduction io data analysis

You're lucky I got this
call. I canceled the tween
girl ad campaign. Now come
back to me with a plan that
works.

It’s hard to imagine the tween girl
campaign would have worked. If the
overwhelming majority of them are using
MoisturePlus two or more times a day, what
opportunity is there for increasing sales?

You’ll need to find other opportunities for sales
growth. But first, you need to get a handle on
what just happened to your analysis.

BRANN
]
D)) = BARBEL L
Somewhere along the way, you picked up some
bad or incomplete information that left you

blind to these facts about tween girls. What was
that information?

you are here » 19
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bad models

You let the CEQ’s beliefs take
you down the wrong path

Here’s what the CEO said about how
MoisturePlus sales works:

Take a look at how these beliefs fit with the
data. Do the two agree or conflict? Do they

The CEO’s beliefs about MoisturePlus

Acme’s competitors are extremely dangerous.

MoisturePlus customers are tween girls (where tweens are people aged
11-15). They’re basically the only customer group.

. . . . . 4
Acme is trying out reallocating expenses from advertisements to social -
networking, but so far, the success of the initiative is unknown.

We see no limit to potential sales growth among tween girls.

describe different things?

This is a

mcn{',al modcl.“

September | October November December |January February
Gross sales $5,280,000 $5,501,000 $5,469,000 $5,480,000 $5,533,000 $5,554,000
Target sales $5,280,000 $5,500,000 $5,729,000 $5,968,000 $6,217,000 $6,476,000
Ad costs $1,056,000 $950,400 $739,200 $528,000 $316,800 $316,800
Social network costs $0 $105,600 $316,800 $528,000 $739,200 $739,200
Unit prices (per oz.) $2.00 $2.00 $2.00 $1.90 $1.90 $1.90

The data doesn’t say anything about tween
girls. He assumes that tween girls are the only buyers
and that tween girls have the ability to purchase more

MoisturePlus.

We've batk to the bcginningf

20

Define

\
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In light of 4he news artitle, you might
want to veassess these beliefs.
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Your assumptions and beliefs about
the world are your mental wmodel

And in this case, it’s problematic. If the Your brain is a toolbox.
newspaper report is true, the CEO’s beliefs
about tween girls are wrong. Those beliefs are
the model you’ve been using to interpret the
data.

The world is complicated, so we use mental
models to make sense of it. Your brain is like
a toolbox, and any time your brain gets new
information, it picks a tool to help interpret
that information.

Mental models can be hard-wired, innate
cognitive abilities, or they can be theories that
you learn. Either way, they have a big impact
on how you interpret data.

Mental models ave the tools.

A?/ time You've fated with new
in o‘rma{:ion, Your brain Fu“s out

a tool to make sense of it.

Aren't you supposed to be
analyzing data, not people’s
minds? What about data
models?

Sometimes mental models are a big help,
and sometimes they cause problems. In this
book, you’ll get a crash course on how to use
them to your advantage.

What’s most important for now is that
you always make them explicit and give
them the same serious and careful
treatment that you give data.

Always make your
mental models as
explicit as possil)le.

21
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interaction

Your statistical model depends
on your mental model

Mental models determine what you see.
They’re your lens for viewing reality.

ST e —
Your mental model is \
like the lens You use \
{o view the world.

You can’t see everything, so your brain has to You look at +he world.
be selective in what it chooses to focus your

attention on. So your mental model largely

determines what you see.

One mental model will draw your attention .and a different mental model will draw
to some features of the world... Your attention 1o other ‘(—\ga-{;wcs‘

Ry, — (e
S N
NEORS

The world
looks one way.

The world looks
slightly different!

If you’re aware of your mental model, you’re
more likely to see what’s important and
develop the most relevant and useful statistical
models.

Your statistical model depends on your

9
mental model. If you use the wrong mental You C[ l)ettel' get tlle

model, your analysis fails before it even begins. men tal mOc[el I'igll t!

Define

22
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introduction io data analysis

Let’s take another look at the data and think about what other
mental models would fit the data.

_ --g.&arpen your pencil

September | October November December |January February
Gross sales $5,280,000 $5,501,000 $5,469,000 $5,480,000 $5,533,000 $5,554,000
Target sales $5,280,000 $5,500,000 $5,729,000 $5,968,000 $6,217,000 $6,476,000
Ad costs $1,056,000 $950,400 $739,200 $528,000 $316,800 $316,800
Social network costs $0 $105,600 $316,800 $528,000 $739,200 $739,200
Unit prices (per oz.) $2.00 $2.00 $2.00 $1.90 $1.90 $1.90

Use your (,rca{:ivi{:\/,’
List some assumptions that would be true if MoisturePlus is
actually the preferred lotion for tweens.

e List some assumptions that would be true if MoisturePlus was
in serious danger of losing customers to their competition.

23
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meet

N ;«.&ﬁrpen

i

r pencil

Solution

You just looked at your summary data with a new perspective:

L
how would different mental models fit?
September | October November December |January February
Gross sales $5,280,000 $5,501,000 $5,469,000 $5,480,000 $5,533,000 $5,554,000
Target sales $5,280,000 $5,500,000 $5,729,000 $5,968,000 $6,217,000 $6,476,000
Ad costs $1,056,000 $950,400 $739,200 $528,000 $316,800 $316,800
Social network costs $0 $105,600 $316,800 $528,000 $739,200 $739,200
Unit prices (per 0z.) $2.00 $2.00 $2.00 $1.90 $1.90 $1.90

List some assumptions that would be true if MoisturePlus is
actually the preferred lotion for tweens.

Here's

a happy
world.

\\b Sotial networks are the most tost—effettive way to sell to people nowadays.

Price intreases on MoisturePlus would vedute market shave.

List some assumptions that would be true if MoisturePlus was
in serious danger of losing customers to their competition.

-~

Thisis @
challenge.

\ H:'s no‘{: unusual -(:o\r \/ow L|iCnJc {',o have ‘{:hc Lom?lcfcl\/ wrrong
mental model. |n fac{:, it's rca”\/ tommon for ?co‘ﬂc to ignore

what might be the most important part of the mental model...

Define

24
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Mental models should always
include what you don’t know

Always specify uncertainty. If you’re explicit
about uncertainty, you’ll be on the lookout for
ways to use data to fill gaps in your knowledge,
and you will make better recommendations.

Thinking about uncertainties and blind spots
can be uncomfortable, but the payoff is huge.
This “anti-resume” talks about what someone
doesn’t know rather than what they do know.
If you want to hire a dancer, say, the dances
they don’t know might be more interesting to
you than the dances they do know.

This would be a

painful resume

write.

When You hive ?co?lc, You often

find out what H\c\/ don't
know onl\/ when it's oo la{:c\

It’s the same deal with data analysis. Being clear
about your knowledge gaps is essential.

Specify uncertainty up front, and you
won’t get nasty surprises later on.

introduction o data analysis

Head First Anti-Resume

Experiences I haven’t had:

Being arrested
Fating crawfish
Riding a unicycle
Shoveling snow

Things I don’t know:

The first fifty digits of Pi
How many mobile minutes I used today
The meaning of life

Things I don’t know how to do:

Make a toast in Urdu
Dance merengue
Shred on the guitar

Books I haven’t read:

James Joyce’s Ulysses
The Da Vinct Code

N .-g-,&arpen your pencil

What questions would you ask the CEO to find out what he
doesn’t know?

25
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the client

The CEOQ tells you what
he doesn’t know

26

From: CEO, Acme Cosmetics
To: Head First
Subject: Re: Managing uncertainty

Where would you say are the biggest gaps in your
knowledge about MoisturePlus sales?

[+'s fine to get the

Well that’s an interesting question. I'd always
tlient to speculate.

thought we really understood how customers felt
about our product. But since we don’t sell direct to
consumers, we really don’t know what happens after
we send our product to our resellers. So, yeah, we
don’t really know what happens once MoisturePlus
leaves the warehouse.

How confident are you that advertising has increased
sales in the past?

Well, like they always say, half of it works, half of it
doesn’t, and you never know which half is which.
But it’s pretty clear that the MoisturePlus brand is
most of what our customers are buying, because
MoisturePlus isn’t terribly different from other
moisturizers, so ads are key to establishing the
brand.

Who else might buy the product besides tween girls?

Not a lot of t,er-tain{:\/

heve on how well
adver{ising wovks.

I just have no idea. No clue. Because the product
is so brand-driven we only think about tween girls.
We’ve never reached out to any other consumer
group.

Are there any other lingering uncertainties that | should
know about?

This is 3 big blind SPO‘U

Sure, lots. You've scared the heck out of me. | don’t
feel like | know anything about my product any more.
Your data analysis makes me think | know less than |
ever knew.

Who else might be
buying MoisturePlus?

Are there other buyers besides
tween girls?

Disassemble
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Q: That’s a funny thing the CEO said
at the end: data analysis makes you feel
like you know less. He’s wrong about that,
right?

A: It depends on how you look at it.
Nowadays, more and more problems can
be solved by using the techniques of data
analysis. These are problems that, in the
past, people would solve using gut instincts,
flying by the seat of their pants.

Q} So mental models feel more and
more flimsy compared to how they felt in
the past?

- Alot of what mental models do is help
you fill in the gaps of what you don’t know.
The good news is that the tools of data
analysis empower you to fill those gaps in
a systematic and confidence-inspiring way.
So the point of the exercise of specifying
your uncertainty in great detail is to help you
see the blind spots that require hard-nosed
empirical data work.

therejare no
Dumb Questions

Q} But won’t | always need to use
mental models to fill in the gaps of
knowledge in how | understand the
world?

A: Absolutely...

Q: Because even if | get a good
understanding of how things work right
now, ten minutes from now the world will
be different.

- That's exactly right. You can’t know
everything, and the world’s constantly
changing. That’s why specifying your
problem rigorously and managing the
uncertainties in your mental model is so
important. You have only so much time
and resources to devote to solving your
analytical problems, so answering these
questions will help you do it efficiently and
effectively.

Q,: Does stuff you learn from your
statistical models make it into your
mental models?

introduction io data analysis

A: Definitely. The facts and phenomena
you discover in today’s research often
become the assumptions that take you into
tomorrow’s research. Think of it this way:
you'll inevitably draw wrong conclusions from
your statistical models. Nobody’s perfect.
And when those conclusions become part of
your mental model, you want to keep them
explicit, so you can recognize a situation
where you need to double back and change
them.

Q; So mental models are things that
you can test empirically?

A: Yes, and you should test them. You
can't test everything, but everything in your
model should be testable.

Q: How do you change your mental
model?

A: You're about to find out...

The CEQ ordered more data
to help you look for market

segments hesides tween girls.
Let's take a look.

Download at Boykma.Com
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copious data incoming

Acwe just sent you a huge list of raw data

When you get new data, and you haven’t done S vl ol b
. . .y . 9/1/08 | Sassy Girl Cosmetics 5253 20817 | 575643
anything to change it yet, it’s considered raw 75705 | Sy i Cosmens o]z | smon
. 9/4/08 | Prissy Princess 8931 20012 | $128,606
data. You willl almeost always need to 5714708 | Sassy Gl Commetics 2031 | a0817] 2906
. 9/14/08 | Prissy Princess 8029 20012 | 3115618
manlpulate data you get from someone 9/15/08 | General American Wholesalers 3754 20012 | $54,058
9/20/08 | Sassy Girl Cosmetics 7039 20817 | $101,362
else in order to get it into a useful form for the . of skulf 72108 | sy Peices zos | aoora] svores
< Th‘s is a lo«t s{"u 9/25/08 | General American Wholesalers 2646 20012|  $38102
number CrunChlng you want to dO. d 9/26/08 | Sassy Girl Cosmetics 6361 20817 ] 591,598
b ovre £han \Iou NEEO. [ 10208 prissy Princess 9481 20012 | $136526
may c m 10/7/08 | General American Wholesalers 8598 20012 $123,811
. ] 10/9/08 | Sassy Girl Cosmetics 6333 20817 $91,195
Just be sure to save your originals.
10/15/08 | Prissy Princess 1550 20012 | $22320
And keep them separate from any data 02010 | s G ot £ T T
. . 10/25/08 | Sassy Girl Cosmetics 2064 20817 | 529722
manipulation you do. Even the best analysts 0270 Ganet Amencom s | sz | zoona oot
. 10/28/08 | Prissy Princess 8300 20012 | $119,520
make mistakes, and you always need to be able 33708 | General AmeicanWrotesaers | o1 | o2 | sov70
11/4/08 | Prissy Princess 3775 20012 | $54,360
to Compare your work to the raw data. 11/10/08 | Sassy Girl Cosmetics 8320  20817[ $119.808
11/10/08 | Sassy Girl Cosmetics 6160 20817 | $88,704
11/10/08 | General American Wholesalers 1894 20012 $27,274
1715708 | ey P e | oo e
11/24/08 | Prissy Princess 4825 20012 | $69,480
172608 | S0y Gl e o] o smwr
11/28/08 | General American Wholesalers 4157 20012 $59,861
12/3/08 | Sassy Girl Cosmetics 6841 20817 $98,510
12/4/08 | Prissy Princess 7483 20012 | $107,755
12/6/08 | General American Wholesalers 1462 20012 $21,053
12/11/08 | General American Wholesalers 8680 20012 $124,992
12/14/08 | Sassy Girl Cosmetics 3221 20817 | 546,382
V271008 | iy P TR RN
U 12/24/08 | General American Wholesalers 4504 20012 $64,858
That's sooo much
12/28/08 | Sassy Girl Cosmetics 5943 20817 |  $85579
datal What do I do? s sy cometis ] | e
. 1/10/09 | Prissy Princess 2726 20012 | $39,254
Where do T begin? O AT N O N
1/15/09 | Sassy Girl Cosmetics 9602 20817 $138,269
1/18/09 | General American Wholesalers 7025 20012 $101,160
V2008 | iy P s ] o] senase

A lot of data is usually a good thing.

Just stay focused on what you’re trying to
accomplish with the data. If you lose track of
your goals and assumptions, it’s easy to get “lost”

messing around with a large data set. But good data analysis is all
about keeping focused on what you want to learn about the data.

Disassemble

28 Chapter 1
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introduction io data analysis

Take a close look at this data and think about the CEO’s mental model.
. Does this data fit with the idea that the customers are all tween girls, or
ET-@RC‘ISQ might it suggest other customers?
Date Vendor Lot size Shipping Cost
(units) ZIP
9/1/08 | Sassy Girl Cosmetics 5253 20817 $75,643
9/3/08 | Sassy Girl Cosmetics 6148 20817 $88,531
9/4/08 | Prissy Princess 8931 20012 $128,606
9/14/08 | Sassy Girl Cosmetics 2031 20817 $29,246
9/14/08 | Prissy Princess 8029 20012 $115,618
9/15/08 | General American Wholesalers 3754 20012 $54,058
9/20/08 | Sassy Girl Cosmetics 7039 20817 $101,362
9/21/08 | Prissy Princess 7478 20012 $107,683
9/25/08 | General American Wholesalers 2646 20012 $38,102
9/26/08 | Sassy Girl Cosmetics 6361 20817 $91,598
10/4/08 | Prissy Princess 9481 20012 $136,526
10/7/08 | General American Wholesalers 8598 20012 $123,811
10/9/08 | Sassy Girl Cosmetics 6333 20817 $91,195
10/12/08 | General American Wholesalers 4813 20012 $69,307
................................................................ 10/15/08 | Prissy Princess 1550 20012 $22,320
10/20/08 | Sassy Girl Cosmetics 3230 20817 $46,512
................................................................ 10/25/08 SaSSy Girl Cosmetics 2064 20817 $29’722
10/27/08 | General American Wholesalers 8298 20012 $119,491
10/28/08 | Prissy Princess 8300 20012 $119,520
................................................................ 11/3/08 | General American Wholesalers 5791 20012 $97.790
11/4/08 | Prissy Princess 3775 20012 $54,360
................................................................ 11/10/08 | Sassy Girl Cosmetics 8320 20817 $119,808
11/10/08 | Sassy Girl Cosmetics 6160 20817 $88,704
11/10/08 | General American Wholesalers 1894 20012 $27,274
................................................................ 3715708 | Prisey Prmcess py oo peyges
11/24/08 | Prissy Princess 4825 20012 $69,480
................................................................ 11/28/08 | Sassy Girl Cosmetics 6188 20817 589,107
11/28/08 | General American Wholesalers 4157 20012 $59,861
12/3/08 | Sassy Girl Cosmetics 6841 20817 $98,510
12/4/08 | Prissy Princess 7483 20012 $107,755
12/6/08 | General American Wholesalers 1462 20012 $21,053
WY‘i‘tC \/OUY' answev hCY‘C- 12/11/08 | General American Wholesalers 8680 20012 $124,992
12/14/08 | Sassy Girl Cosmetics 3221 20817 $46,382
12/14/08 | Prissy Princess 6257 20012 $90,101
12/24/08 | General American Wholesalers 4504 20012 $64,858
12/25/08 | Prissy Princess 6157 20012 $88,661
12/28/08 | Sassy Girl Cosmetics 5943 20817 $85,579
1/7/09 | Sassy Girl Cosmetics 4415 20817 $63,576
1/10/09 | Prissy Princess 2726 20012 $39,254
1/10/09 | General American Wholesalers 4937 20012 $71,093
1/15/09 | Sassy Girl Cosmetics 9602 20817 $138,269
1/18/09 | General American Wholesalers 7025 20012 $101,160
1/20/09 | Prissy Princess 4726 20012 $68,054
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scrutinize

What did you see in the data? Is the CEO right that only tween girls purchase MoisturePlus, or
might there be someone else?

RCiSe

utio
Lution
Date Vendor Lot size Shipping Cost
(units) ZIP
9/1/08 | Sassy Girl Cosmetics 5253 20817 $75,643
9/3/08 | Sassy Girl Cosmetics 6148 20817 $88,531
9/4/08 | Prissy Princess 8931 20012 $128,606
9/14/08 | Sassy Girl Cosmetics 2031 20817 $29,246
9/14/08 | Prissy Princess 8029 20012 $115,618
ThCSC COmFahiCS SOIAY\d |IkC 9/15/08 | General American Wholesalers 3754 20012 $54,058
‘{‘,hc\/ SC“ ‘{;o '{:WCCV\ Sirls, 9/20/08 | Sassy Girl Cosmetics 7039 20817 | $101,362
9/21/08 | Prissy Princess 7478 20012 $107,683
9/25/08 | General American Wholesalers 2646 20012 $38,102
9/26/08 | Sassy Girl Cosmetics 6361 20817 $91,598
10/4/08 | Prissy Princess 9481 20012 $136,526
10/7/08 | General American Wholesalers 8598 20012 $123,811
10/9/08 | Sassy Girl Cosmetics 6333 20817 $91,195
10/12/08 | General American Wholesalers 4813 20012 $69,307
10/15/08 | Prissy Princess 1550 20012 $22,320
We ¢an CCY“{Z&ihly see 'tha{-’ AC"\C is SClliha ‘{')O Comyanics 10/20/08 | Sassy Girl Cosmetics 3230 20817 | $46,512
10/25/08 | Sassy Girl Cosmetics 2064 20817 $20,722
10/27/08 | General American Wholesalers 8298 20012 $119,491
Jcha{: 90 on {10 sell {',0 \[OW\QCY' 3i\r|s. Sassy 6iv'| Cosamc{:ics 10/28/08 | Prissy Princess 8300 20012 | $119,520
1173708 | Gemeral Americam Wioresalors po 20012 597,790
11/4/08 | Prissy Princess 3775 20012 $54,360
and Prissy Printess definitely seem to £it the bill o oo ccomes 0] o[ sromos
11/10/08 | Sassy Girl Cosmetics 6160 20817 $88,704
Bu{ ‘l’)\CY‘CIS ano{:he\r Y‘CSC“CY‘ on ‘H’\C I'IS‘(:: “6CV\CY‘8| 11/10/08 | General American Wholesalers 1894 20012 | $27,274
11/15/08 | Prissy Princess 1697 20012 $24,437
11/24/08 | Prissy Princess 4825 20012 $69,480
Amevrican Wholesalers.” The name alone doesn't say who 11/28/08 | Sassy Girl Cosmetics s18s) 20817| 589107
11/28/08 | General American Wholesalers 4157 20012 $59,861
12/3/08 | Sassy Girl Cosmetics 6841 20817 $98,510
."{:5 tlic"{is are, b“{: i't "‘iﬁh‘{? be WOV"H'\ VCSC&YCMV‘Q' 12/4/08 Priss); Princess 7483 20012 | $107,755
Py T ————— v oo pevy
12/11/08 | General American Wholesalers 8680 20012 | $124,992
12/14/08 | Sassy Girl Cosmetics 3221 20817 $46,382
12/14/08 | Prissy Princess 6257 20012 $90,101
12/24/08 | General American Wholesalers 4504 20012 $64,858
12/25/08 | Prissy Princess 6157 20012 $88,661
12/28/08 | Sassy Girl Cosmetics 5943 20817 $85,579
l 2 1/7/09 | Sassy Girl Cosmetics 4415 20817 $63,576
Who are these peoples 1/10/09 | Prissy Princess 2726 20012 | $39,254
\_2 1/10/09 | General American Wholesalers 4937 20012 $71,093
1/15/09 | Sassy Girl Cosmetics 9602 20817 $138,269
1/18/09 | General American Wholesalers 7025 20012 $101,160
1/20/09 | Prissy Princess 4726 20012 $68,054
Evaluate
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introduction io data analysis

. . . Acme
Time to drill further into the data
You looked at the mass of data with a
very clear task: find out who’s buying General
besides tween girls. Sassy Girl American

i Wholesal
You found a company called General Cosmetics / \ clesalers
sells to sells to

American Wholesalers. Who are they?
And who’s buying from them?

sells o sells {:ol
Tween girls

i It's a 90od idea to

d Ahw label Your avrows!

At Acme’s request, General American Wholesalers sent over this breakdown of their customers
for MoisturePlus. Does this information help you figure out who’s buying?

ExerciSe
Weite down what this data tells you
about who's buying MoisturePlus. >

GAW vendor breakdown for six months ending 2/2009 ..ot
MoisturePlus sales only

Vendor Units %

Manly Beard Maintenance, Inc. 9785 D
GrUffCUStomer.com 20100 46% .............................................................
Stu's Shaving Supply LLC 8093 19%

Cosmetics for Men, Inc. 5311 1208 | voveeeme e
Total 43289 1000 | e

you are here » 31
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ideas validated

ercise
OLutiON

GAW vendor breakdown for six months ending 2/2009
MoisturePlus sales only

Vendor Units %

Manly Beard Maintenance, Inc. 9785 23%
GruffCustomer.com 20100 46%
Stu's Shaving Supply LLC 8093 19%
Cosmetics for Men, Inc. 5311 12%
Total 43289 100%

What did General American Wholesaler’s vendor list tell you about who'’s buying MoisturePlus?

General Awmerican Wholesalers
confirms your impression

Yeah, the old guys like it, too, even though
they're embarrassed that it's a tween

product. It's great for post-shave skin
conditioning.

This could be huge.

It looks like there’s a whole group of people out
there buying MoisturePlus that Acme hasn’t
recognized.

With any luck, this group of people could be
where you have the potential to grow Acme’s sales.

32 Chapter 1

Evaluate

Download at Boykma.Com




You’ve made it to the final
stage of this analysis.

It’s time to write your report. Remember,
walk your client through your thought
process in detail. How did you come to
the insights you’ve achieved?

Finally, what do you suggest that he do to
improve his business on the basis of your
insights? How does this information help
him increase sales?

I'm intrigued. This intelligence might bring about
a huge shift in how we do business. Could you just
walk me through how you came to this conclusion?
And what should we do with this new information?

introduction

data analysis

N .-g.&arpen your pencil

How has the mental model changed?
What evidence led you to your conclusion?

Do you have any lingering uncertainties?

Download at Boykma.Com
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communicate

— Wgharpen your pencil
\ "N %Iutlun How did you recap your work, and what do you recommend that
the CEO do in order to increase sales?

thereqare no R
Dumb Questions

Q} If I have to get more detailed data to answer my questions, Q,: Does analysis ever stop? I’'m looking for some finality
how will I know when to stop? Do | need to go as far as here.
interviewing customers myself?

A: You certainly can answer big questions in data analysis, but

A: How far to go chasing new and deeper data sources is you can never know everything. And even if you knew everything
ultimately a question about your own best judgement. In this case, today, tomorrow would be different. Your recommendation to sell
you searched until you found a new market segment, and that was to older men might work today, but Acme will always need analysts
enough to enable you to generate a compelling new sales strategy. chasing sales.

We'll talk more about when to stop collecting data in future chapters.

. Qj Sounds depressing.
Q- Is seems like getting that wrong mental model at the

beginning was devastating to the first analysis | did. A: On the contrary! Analysts are like detectives, and there are

always mysteries to be solved. That's what makes data analysis so
A: Yeah, getting that assumption incorrect at the beginning much fun! Just think of going back, refining your models, and looking
doomed your analysis to the wrong answers. That's why it's so at the world through your new models as being a fundamental part of
important to make sure that your models are based on the right your job as data analyst, not an exception the rule.

assumptions from the very beginning and be ready to go back and
refine them as soon as you get data that upsets your assumptions.

Decide

34
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introduction o data analysis

Here’s what you did

Here’s one last look at the steps you’ve gone You su35c5{:cd that intreasing
through to reach your conclusion about how to ads +o tweens mighjc,
increase the sales of Acme’s MoisturePlus. bring sales back in line.

You ompared the elements

You got elavification and You summarized what you your summary.

data from the CEO. knew into a useful format.

Define I EEE—— Disassemble EEEE—— Evaluate EEE—— Decide

e il S

Then the tween market veport
thallenged Your mental model.

Define e Disassemble e Evaluate e Decide

(MOVCVCd older men You !rct‘,ornmwdcd5

o

You colleeted amony MoisturePlus buyers intreasing marketing
to older men.
YO'A looked at Your move data about older men
areas of uncertainty. MoisturePlus customers.

Well, I'm sold. Let's go
after the old guys all
the way!

you are here » 35
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smart decisions

Your analysis led your client
to a brilliant decision

After he received your report, the CEO quickly
mobilized his marketing team and created a
SmoothLeather brand moisturizer, which is
just MoisturePlus under a new name.

Acme immediately and aggressively marketed
SmoothLeather to older men. Here’s what

happened:
Here's wheve the CEO K/ Acetual Gross Sales
detided to start
arketing to older men N/
Sles | T Q
Target Sales

Month

Sales took off! Within two months sales figures
had exceeded the target levels you saw at the
beginning of the chapter.

Looks like your analysis paid off!

Decide

36
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2 experiments

*

**Test your theoriei

They always say, "Ben, you'll never
learn anything flying that kite all

day,"” but I've got a hunch that T'll
prove them all wrong...

Can you show what you believe?

In a real empirical test? There’s nothing like a good experiment to solve your problems
and show you the way the world really works. Instead of having to rely exclusively on
your observational data, a well-executed experiment can often help you make causal
connections. Strong empirical data will make your analytical judgments all the more

powerful.

this is a new chapter

Download at Boykma.Com
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starbuzz needs you

s a coffee recession!

Times are tough, and even Starbuzz Coffee
has felt the sting. Starbuzz has been the place
to go for premium gourmet coffee, but in

the past few months, sales have plummeted
relative to their projections.

Sales are way down, and we
need a plan to get back on

track. It's up to you to make a
recommendation to the board.

Today  Projected

Sales

Time

This isnt 5ood at all!

The Starbuzz CEO )

The Starbuzz CEO has called you in to help
figure out how to get sales back up.

38 Chapter 2
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The Starbuzz hoard
meeting is in three months

That’s not a lot of time to pull a turnaround
plan together, but it must be done.

experiments

From: CEO, Starbuzz
To: Head First .
Subject: Fwd: Upcoming board meeting

Did you see this?!?

We don'’t totally know why sales are down, but
we’re pretty sure the economy has something
to do with it. Regardless, you need to figure
out how to get sales back up.

What would you do for starters?

Yikes!/

~_ |-

From: Chairman of the Board, Starbuzz
To: CEO _
Subject: Upcoming board meeting

The board is expecting a complete
turnaround plan at the next meeting.
We're sorely disappointed by the sales
decline.

If your plan for getting numbers back
up is insufficient, we’ll be forced to
enact our plan, which first involve the
replacement of all high-level staff.

Thanks.

N .-g.&arpen your pencil

Interview the CEO to figure out
how Starbuzz works as a business.

Do a survey of customers to find
out what they’re thinking.

Find out how the projected sales
figures were calculated.

Take a look at the following options. Which do you think would
be the best ways to start? Why?

Interview the Chairman
of the Board

Pour yourself a tall, steamy mug
of Starbuzz coffee.

Write in the blanks what you think
about eath oF these o?‘{',ions‘

39
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random surveys

— (g harpen your pencl
\ R &Iutwn Where do you think is the best place to start figuring out how to
- increase Starbuzz sales?

Interview the CEO to figure out Interview the Chairman of the
how Starbuzz works as a business. Board

Do a survey of customers to find Pour yourself a tall, steamy mug
out what they're thinking. of Starbuzz coffee.

Find out how the projected sales
figures were calculated.

T like the idea of
looking at our surveys.

Give them a gander and
tell me what you see.

Marketing runs surveys monthly.

They take a random, representative sample

of their coffee consumers and ask them a
bunch of pertinent questions about how they
feel about the coffee and the coffee-buying
experience.

“Random’ ... remember

that wo\rd"

What people say in surveys does not always fit
with how they behave in reality, but it never
hurts to ask people how they feel.

40 Chapter 2
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experiments

The Starbuzz Survey

Here it is: the survey the marketing 1 you'\rc a Starbuzz tustomer,
department administers monthly to a large there’s a 9ood thante someone will
sample of Starbuzz customers. hand you one of these 4o fill out.

Starbuzz Survey

Thank you for filling out our Starbuzz survey! Once you're finished,
our manager will be delighted to give you a $10 gift card for use at any
Starbuzz location. Thank you for coming to Starbuzz!

Date January 2009

Starbuzz store # 04524

Circle the number that corresponds to how you feel about each
statement. 1 means strongly disagree, 5 means strongly agree.

“Starbuzz coffee stores are located conveniently for me.”
1 2 3 4 @
“My coffee is always served at just the right temperature.”
y Yy J ) P

1 2 3 ) 5

“Starbuzz employees are courteous and get me my drink quickly.”

1 2 3 4

“I think Starbuzz coffee is a great value.”
1 ) 3 4 5

“Starbuzz is my preferred coffee destination.”

1 2 3 4 GO

A higher store means Yyou agree strongly.
This tustomer veally prefers Stacbuzz. HOW W 01[[(:[ you summarize

this survey data?

you are here » 41
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comparison

Always use the method of comparison

One of the most fundamental principles

of analysis and statistics is the method

of comparison, which states that data is
interesting only in comparison to other data.

Starbuzz Survey

Thank you for filling out our Starbuzz survey! Once you're finished,
I be

Starbuzz store #

¢{  Circle the number that corresponds to how you feel about each
statement. 1 means strongly disagree, 5 means strongly agree.

In this case, the marketing department takes

X X R . “Starbuzz coffee stores are located conveniently for me.”
the average answer for each questlon and S{A‘tls‘tlcs are l“u"‘"‘a{:"‘S 1 ]r ! 3 " 4 )
compares those averages month bY month. ohl\/ n \rc|a‘{:'|ov\ '{'ﬁ My cofleis avaysserved a jus the ight “"“‘“"""C“‘S.
. . 1 2 3 3 5
O‘{:\’\CY‘ s{:a{‘,ns{:lc& “Starbuzz employees are courteous and get me my drink quickly”

Each monthly average is useful onfy when you
compare it to numbers from other months.

1 2 3 4

“I think Starbuzz coffee is a great value.”
1 (el 3 4 5

“Starbuzz is my preferred coffee destination.”

Here’s a summary of marketing surveys for the 6 months ending January 2009. The figures
represent the average score given to each statement by survey respondents from participating

stores.
Aug-08 | Sept-08 | Oct-08 | Nov-08 | Dec-08 | Jan-09
Location convenience 4.7 4.6 4.7 4.2 4.8 4.2
Coffee temperature 4.9 4.9 4.7 4.9 4.7 4.9
Courteous employees 3.6 4.1 4.2 3.9 3.5 4.6 The answers to
Coffee value 4.3 3.9 3.7 3.5 3.0 2.1 the questions
Preferred destination 3.9 4.2 3.7 4.3 4.3 3.9 are all averaged
and grouped
— — into this table.
Participating stores 10| 101 99 | 9| 10 100 |

This number is only useful when

You Lompare it to these numbers.

Always make comparisons
explicit.

you need to explain why in terms of

how that statistic compares to others.
If you’re not explicit about it, you’re assuming that
your client will make the comparison on their own,
and that’s bad analysis.

WﬂfCh i t' If a statistic seems interesting or useful,
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experiments

Comparisons are key for
observational data

The more comparative the analysis In experiments, on the other hand o
is, the better. And this is true especially decide which aroups people 30 i {_‘of Y
in observational studies like the

analysis of Starbuzz’s marketing data.

e
In observational data, you just watch people the ’
and let them decide what groups they belong c 0 ar s Cornef
to, and taking an inventory of observational bz
data is often the first step to getting better .

data through experiments. Observational S‘[‘,ud\/ A S‘{:ud\/ where the

people being described detide on their

Groups of people might be “big own which groups they belong to.

s‘?cndc\rs," “Lea dvinkers,” ete.

Look at the survey data on the facing page and compare the averages
across the months.

.
ExeRrciSe
Do you notice any patterns?

Download at Boykma.Com
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seek out

Now you've looked closely at the data to figure out what patterns the data contains.

Exercise

oLution

Do you notice any patterns?

s
Could value perception be N
Summary of marketing surveys for six months ending January 2009. The figures represents the

caUSi"q fhe reve"ue d ecl i ne? average score given to each statement by survey respondents from participating stores.

Aug-08 | Sept-08 | Oct-08 | Nov-08 | Dec-08 | Jan-09

According to the data, CVCI‘ythil’lg’S going Location convenience 4.7 4.6 4.7 4.2 4.8 4.2

. . Coffee temperature 4.9 4.9 4.7 4.9 4.7 4.9
along just fine with Starbuzz customers,

. . Courteous employees 3.6 4.1 4.2 3.9 3.5 4.6
except for one variable: perceived Coffee value 13 3.9 3.7 35 3.0 21
Starbuzz coffee value. Preferred destination 3.9 4.2 3.7 4.3 4.3 3.9
It looks like people might be buying less E o] o %] %] o o]
. : icipati 101 101

because they don’t think Starbuzz 1s articipating stores
a good bang for the buck. Maybe the This vaviable shows .
economy has made people a little more a prett s{cad\/ ) v n ~
cash-strapped, so they’re more sensitive d:{,linc Zvcr the ‘ ‘
to prices. past six months. ‘PQWEWR
Let’s call this theory the “value problem.” Do you think that the decline

in perceived value is the
reason for the sales decline?
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Q} How do | know that a decline in
value actually caused coffee sales to go
down?

A: You don’t. But right now the perceived
value data is the only data you have that is
congruent with the decline in sales. It looks
like sales and perceived value are going
down together, but you don’t know that the
decline in value has caused the decline in
sales. Right now, it’s just a theory.

Q,: Could there be other factors at
play? Maybe the value problem isn’t as
simple as it looks.

A: There almost certainly are other
factors at play. With observational studies,
you should assume that other factors are

Y

therejare no
Dumb Questions

confounding your result, because you
can’t control for them as you can with
experiments. More on those buzzwords in a
few pages.

Q,: Could it be the other way around?
Maybe declining sales caused people to
think the coffee is less valuable.

A: That’s a great question, and it could
definitely be the other way around. A good
rule of thumb for analysts is, when you're
starting to suspect that causes are going in
one direction (like value perception decline
causing sales decline), flip the theory around
and see how it looks (like sales decline
causes value perception decline).

Q: So how do I figure out what causes
what?

Your so-called “value problem” is
no problem at all at my stores! Our

Starbuzz is hugely popular, and no one
thinks that Starbuzz is a poor value.
There must be some sort of mistake.

experiments

A: We're going to talk a lot throughout

this book about how to draw conclusions
about causes, but for now, you should
know that observational studies aren’t that
powerful when it comes to drawing causal
conclusions. Generally, you'll need other
tools to get those sorts of conclusions.

Q} It sounds like observational studies
kind of suck.

A: Not at alll There is a ton of

observational data out there, and it'd

be crazy to ignore it because of the
shortcomings of observational studies.
What's really important, however, is that you
understand the limitations of observational

studies, so that you don’t draw the wrong
conclusions about them.

The manager of the SoHo stores
does not agree

SoHo is a wealthy area and the home of a
bunch of really lucrative Starbuzz stores,

and the manager of those stores does not
believe it’s true that there’s a value perception

problem. Why do you think she’d disagree?

Are her customers lying? Did someone record

the data incorrectly? Or is there something

The manager
of Starbuzz’s
Solto stoves.

itself?

Download at Boykma.Com

problematic about the observational study
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causal

A typical customer’s thinking

Jim: Forget about Starbuzz SoHo. Those guys just
don’t know how to read the numbers, and numbers
don’t lie.

Frank: I wouldn’t be so quick to say that. Sometimes
the instincts of the people on the ground tell you more
than the statistics.

Joe: You're so right on. In fact, 'm tempted to just
scrap this entire data set. Something seems fishy.

Jim: What specific reason do you have to believe
that this data is flawed?

Joe: I dunno. The fishy smell?

Frank: Look, we need to go back to
our interpretation of the typical or
average customer.

Evcr\/onc's abfected by this.

Joe: Fine. Here it is. I drew a picture.
\\é Economy Frank: Is there any reason WhY.this chain of
down events wouldn’t apply to people in SoHo?

Jim: Maybe the SoHo folks are not hurting
economically. The people who live there are sickly
rich. And full of themselves, too.

v
| have less money

|

Starbuzz is less of a

Joe: Hey, my girlfriend lives in SoHo.

Frank: How you persuaded someone from the
fashionable set to date you I have no idea. Jim, you
may be on to something. If you’re doing well money-
wise, you'd be less likely to start believing that Starbuzz
1s a poor value.

' It looks like the SoHo

Starbuzz sales
go down

Starl)uzz customers
[t's always a good idea

t e b may be different
draw piet L h eoples action
you think g vlste making his happen from all the other

K/ Starl)uzz customers...

Download at Boykma.Com
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experiments

Observational studies Heve are the Softo people
are full of confounders 9999999999 99999959
A confounder is a difference among the %% %%% % % % %% % % % % % % %

people in your study other than the factor Heve ave all of %% %%% % % % %% % % % % o9 %
’ 1 h d ki ! )
Jout e lesssensible, Starbuzass futomers 1Y ITXXITXXTTRRT XY

In this case, you're comparing Starbuzz \j 100000000000996000
customers to each other at different points % % % % % % % % %% % % % % % % % %

b St et o ST
people. ’ 19600000000909009 ¢
19699090960909699¢ ¢

But if they’re different from each other

in respect to a variable you're trying to
understand, the difference is a confounder, and
in this case the confounder is location.

Thc tustomers that are lotated in SoHo
might be diffevent from the vest in
a way that confounds our results.

_ sgﬂl\warpen your pencil
: 9 Redraw the causal diagram from the facing page to distinguish

between SoHo stores and all the other stores., correcting for the
location confounder.

Assume that the SoHo manager is correct and that SoHo
customers don’t perceive a value problem. How might that
phenomenon affect sales?
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darned

How location might be
confounding your results

Here’s a refined diagram to show how
things might be happening, It’s a really
good idea to make your theories
visual using diagrams like this, which
help both you and your clients keep
track of your ideas.

Economy
down

This shows what’s
haPFChihg among
Solto store customers.

SoHo stores

11 2%

People are still

The arvows show
the ovder in

whith {‘,h'mgs are
happening and which
effeets Yollow

Lrom whith tauses.

S

Starbuzz sales
are still strong

\

rich

l

Starbuzz is
still a value

|

—

48

The etonomy bcin5 down
affeets everyone.

All other stores

People have less
money

N

People think Starbuzz
is less of a value

\,

Starbuzz sales
go down

BRANN
BARKREL L

What would you do to the data to show whether
Starbuzz value perception in SoHo is still

going strong? More generally, what would you
do to observational study data to keep your
confounders under control?
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experiments

therejare no

Dumb Questions

Q: In this case, isn’t it really the wealth of the customers
rather than the location that confounds the results?

A: Sure, and they’re probably related. If you had the data on

how much money each customers has, or how much money each
customer feels comfortable spending, you could run the analysis
again to see what sort of results wealth-based grouping gets you. But
since we don’t have that information, we’re using location. Besides,
location makes sense, because our theory says that wealthier people
tend to shop in SoHo.

Q} Could there be other variables that are confounding this
data besides location?

A: Definitely. Confounding is always a problem with observational
studies. Your job as the analyst is always to think about how
confounding might be affecting your results. If you think that the
effect of confounders is minimal, that's great, but if there’s reason

to believe that they’re causing problems, you need to adjust your
conclusion accordingly.

Q: What if the confounders are hidden?

A: That's precisely the problem. Your confounders are usually not
going to scream out to you. You have to dig them up yourself as you
try to make your analysis as strong as possible. In this case, we are
fortunate, because the location confounder was actually represented
in the data, so we can manipulate the data to manage it. Often, the
confounder information won’t be there, which seriously undermines
the ability of the entire study to give you useful conclusions.

Qj How far should | go to figure out what the confounders
are?

A: It's really more art than science. You should ask yourself
commonsense questions about what it is you're studying to imagine
what variables might be confounding your results. As with everything
in data analysis and statistics, no matter how fancy your quantitative
techniques are, it’s always really important that your conclusions
make sense. If your conclusions make sense, and you've
thoroughly searched for confounders, you've done all you can do for
observational studies. Other types of studies, as you'll see, enable
you to draw some more ambitious conclusions.

Q: Is it possible that location wouldn’t be a confounder in
this same data if | were looking at something besides value
perception?

A: Definitely. Remember, location being a confounder makes
sense in this context, but it might not make sense in another context.
We have no reason to believe, for example, that people’s feelings
about whether their coffee temperature is right vary from place to
place.

Q} I’'m still feeling like observational studies have big
problems.

A: There are big limitations with observational studies. This
particular study has been useful to you in terms of understanding
Starbuzz customers better, and when you control for location in the
data the study will be even more powerful.
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chunk

Manage confounders by
breaking the data into chunks

To get your observational study confounders under
control, sometimes it’s a good idea to divide your groups
into smaller chunks.

These smaller chunks are more homogenous. In other
words, they don’t have the internal variation that might Heve's the orig'mal
skew your results and give you the wrong ideas. data summary.

Here is the Starbuzz survey data once again, this time
with tables to represent other regions.

Starbuzz Coffee: All stores
Summary of marketing surveys for six months ending January 2009. The figures represents the
average score given to each statement by survey respondents from participating stores.

Aug-08 | Sept-08 | Oct-08 | Nov-08 | Dec-08 | Jan-09
Location convenience 4.7 4.6 4.7 4.2 4.8 4.2
Cloffee temperature 4.9 4.9 4.7 4.9 4.7 4.9
Courteous employees 3.6 4.1 4.2 3.9 3.5 4.6
Coflee value 4.3 3.9 3.7 3.5 3.0 2.1
Preferred destination 3.9 4.2 3.7 4.3 4.3 3.9

Mid-Atlantic stores only

Aug-08 | Sept-08 | Oct-08 | Nov-08 | Dec-08 | Jan-09
Location convenience 4.9 4.5 4.5 4.1 4.9 4.0
Coffee temperature 4.9 5.0 4.5 4.9 4.5 4.8
Courteous employees 3.5 3.9 4.0 4.0 3.3 4.5
Coffee value 4.0 3.5 29 2.6 2.2 0.8
Preferred destination 4.0 4.0 3.8 4.5 4.2 4.1

Seattle stores only

Aug-08 | Sept-08 | Oct-08 | Nov-08 | Dec-08 | Jan-09
Location convenience 4.8 4.5 4.8 4.4 5.0 4.1
Coffee temperature 4.7 4.7 4.8 5.1 4.5 49
Clourteous employees 3.4 3.9 4.4 4.0 3.5 4.8
Coffee value 4.3 3.8 3.2 2.6 2.1 0.6
Preferred destination 3.9 4.0 3.8 4.4 4.3 3.8

SoHo stores only

Aug-08 | Sept-08 | Oct-08 | Nov-08 | Dec-08 | Jan-09
Location convenience 4.8 4.8 4.8 4.4 4.8 4.0
Coffee temperature 4.8 5.0 4.6 4.9 4.8 5.0 e ThCSC QTOMFS
Clourteous employees 3.7 4.1 4.4 3.7 3.3 4.8 ihicrha”: /
Coffee value 4.9 4.8 4.8 4.9 49 4.8 homo eNhous.
Preferred destination 3.8 4.2 3.8 4.2 4.1 4.0
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experiments

Take a look at the data on the facing page, which has been broken
into groups.

Exegcise

How much of a difference is there between the Mid-Atlantic store subgroup
average scores and the average scores for all the Starbuzz stores?

Was the SoHo manager right about her customers being happy with the value of Starbuzz
coffee?

51
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split

When you looked at the survey data that had been grouped by
location, what did you see?

?mi-‘ze
OLut\ON

How much of a difference is there between the Mid-Atlantic store subgroup
average scores and the average scores for all the Starbuzz stores?

Was the SoHo manager right about her customers being happy with the value of Starbuzz
coffee?
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experiments

It’s worse than we thought!

The big guns have all come out to deal

with the problems you’ve identified.

.

Chief
Finantial
0fficer

CFO: This situation is worse than we had anticipated,
by a long shot. The value perception in our regions other
than SoHo has absolutely fallen through the floor.

Marketing: That’s right. The first table, which
showed all the regions together, actually made the
value perception look better than it is. SoHo skewed the
averages upward.

CFO: When you break out SoHo, where everyone’s

rich, you can see that SoHo customers are pleased with

the prices but that everyone else is about to jump ship, if

they haven’t already. VP Ma\rkcfing

Marketing: So we need to figure out what to do.
CFO: I'll tell you what to do. Slash prices.
Marketing: What?!?

CFO: You heard me. We slash prices. Then people will
see it as a better value.

Marketing: I don’t know what planet you’re from, but
we have a brand to worry about.

CFO: I come from Planet Business, and we call this
supply and demand. You might want to go back to
school to learn what those words mean. Cut prices and
demand goes up.

Marketing: We might get a jump in sales in the short
term, but we’ll be sacrificing our profit margins forever
if we cut costs. We need to figure out a way to persuade
people that Starbuzz is a value and keep prices the same.

CFO: This is insane. I'm talking economics. Money.
People respond to incentives. Your fluffy little ideas won’t

get us out of s jam.

Is there anything in the data
you have that tells you which
strategy will increase sales?
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experiment

You need an experiment to say
which strateqy will work best

Look again at that last question on the previous page:

Is there anything in the data
you have that tells you which
strategy will increase sales?

k_/ Obsevvational data by itself can't tell

You what will happen in the future.

You have no observational data that will tell you what

will happen if you try out what either the VP of
Marketing or the CFO suggests.

If you want to draw conclusions about things
that overlap with your data but aren’t completely

described in the data, you need theory to make the
connection.

These theovies might be true or totally
£alse, but Your data doesn't say.-

Marketing’s strategy
Marketing’s Branding Theory

Appeal to people’s judgement. Starbuzz
i E—
People respond to persuasion.

really 1s a good value, if you think about it in
the right way. Persuading people to change
their beliefs will get sales back up.

CFO’s Economic Theory

CFO’s strategy
People respond to price. \

Slash the cost of coffee. This will cause
people to perceive more value in Starbuzz
coffee, which will drive sales back up.

You have no data to support either of these theories,
no matter how passionately the others believe in them
and in the strategies that follow from them.

1 | | . You need to experiment with
n order to get more clarity about which strategy is
better, you’re going to need to run an experiment. tllese strate gies in or C[er 10

know which will increase sales.
54

Download at Boykma.Com



T've run out of patience.
T like CFO's argument.

Cut prices and see what
happens.

Download at Boykma.Com

experiments

The Starbuzz CEQ
is in a big hurry

And he’s going to pull the trigger
whether you’re ready or not!

Let’s see how his gambit works out...

you are here » 55



cheaper coffee

Starbuzz drops its prices

Taking a cue from the CFO, the CEO ordered
a price drop across the board for the month of
February. All prices in all Starbuzz stores are
reduced by $0.25.

56 Chapter 2

Will this change create

a spike in sales?

How will you know?
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experiments

One wmonth later...

Great! Our board was upset at lowering
prices, but look how well it went. Now I
need o know how much more money we
made as a result of the move.

Average store revenue per day New pricing

T

Old priting

o

Daily
Sales

\

Day

N

Heve's wheve
we s{:ariccd
the ?romojcion-

[t'd be nice to know how much extra Starbuzz earned in February that they wouldn’t
have earned if prices hadn’t been dropped. Do you think sales would have the data to
help figure this out? Why or why not?

you are here » 57
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baseline

Does sales have the data that would help you figure out how much more money you
made off the cheaper $3.75 coffee?

ExeRrcise

Control groups give you a baseline

You have no idea how much extra you made.

the
Sales could have skyrocketed relative to what 8 h 1 ? Co
they would have been had the CEO not cut c o ar s Yner
prices. Or they could have plummeted. You
just don’t know.

Control group A group of treatment
sub\')cc{:s that vepresent the status quo,
By, not veceiving any new treatment.

y

You don’t know because by slashing prices
across the board the CEO failed to follow the
method of comparison. Good experiments

always have a control group that enables the
analyst to compare what you want to test with
the status quo.

the voof if Starbuzz had

Sales ould have gone through \ -
maintained status quo. _

What a control group
might have looked like.

Daily
Sales

v
- - . - k Sales tould have fallen
ﬂ\\rough the floor.

Day

No control group means no comparison.

No comparison means no idea what lta])])enec[.
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Q} Can’t we compare February’s sales
with January’s sales?

A: Sure, and if all you're interested in is
whether sales in February are higher than
January, you'll have your answer. But without
a control, the data doesn’t say whether your
price-cutting had anything to do with it.

Q: What about comparing this
February’s sales with last year’s
February’s sales?

A: In this question and the last one you're
talking about using historical controls,
where you take past data and treat it as the
control, as opposed to contemporaneous
controls, where your control group has

its experience at the same time as your
experimental group. Historical controls
usually tend to favor the success of whatever
it is you're trying to test because it's so hard
to select a control that is really like the group
you're testing. In general, you should be
suspicious of historical controls.

Q,: Do you always need a control? Is
there ever a case where you can get by
without one?

A: A lot of events in the world can’t

be controlled. Say you're voting in an
election: you can't elect two candidates
simultaneously, see which one fares better
relative to the other, and then go back and

therejare no
Dumb Questions

elect the one that is more successful. That's
just not how elections work, and it doesn’t
mean that you can’t analyze the implications
of one choice over the other. But if you could
run an experiment like that you'd be able to
get a lot more confidence in your choice!

Q_: What about medical tests? Say you
want to try out a new drug and are pretty
sure it works. Wouldn’t you just be letting
people be sick or die if you stuck them

in a control group that didn’t receive
treatment?

A: That's a good question with a
legitimate ethical concern. Medical studies
that lack controls (or use historical controls)
have very often favored treatments that are
later shown by contemporaneous controlled
experiment to have no effect or even be
harmful. No matter what your feelings are
about a medical treatment, you don'’t really
know that it's better than nothing until you do
the controlled experiment. In the worst case,
you could end up promoting a treatment that
actually hurts people.

Q: Like the practice of bleeding people
when they were sick?

A: Exactly. In fact, some of the first
controlled experiments in history compared
medical bleeding against just letting people
be. Bleeding was a frankly disgusting
practice that persisted for hundreds of years.
We know now that it was the wrong thing to
do because of controlled experiments.

experiments

Q_- Do observational studies have
controls?

A: They sure do. Remember the definition
of observational studies: they’re studies
where the subjects themselves decide what
group they’re in, rather than having you
decide it. If you wanted to do a study on
smoking, for example, you couldn't tell some
people to be smokers and some people

not to be smokers. People decide issues
like smoking on their own, and in this case,
people who chose to be nonsmokers would
be the control group of your observational
study.

Q: I've been in all sorts of situations
where sales have trended upwards in
one month because we supposedly

did something in the previous month.
And everyone feels good because we
supposedly did well. But you're saying
that we have no idea whether we did
well?

A: Maybe you did. There’s definitely

a place for gut instincts in business,

and sometimes you can’t do controlled
experiments and have to rely on
observational data-based judgements. But
if you can do an experiment, do it. There’s
nothing like hard data to supplement your
judgement and instincts when you make
decisions. In this case, you don’t have the
hard data yet, but you have a CEO that
expects answers.

The CEQ still wants to know how much

extra money the new strategy mac[e...

How will you answer his rec[uest?
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communication pitfalls

Jim: The CEO asked us to figure out how
much money we made in February that we
wouldn’t have made if we hadn’t cut costs.
We need to give the guy an answer.

Frank: Well, the answer is a problem. We
have no idea how much extra money we
made. It could have been a lot, but we could
have lost money. Basically, we’ve fallen flat
on our faces. We’re screwed.

Joe: No way. We can definitely compare the

revenue to historical controls. It might not be
statistically perfect, but he’ll be happy. That’s
all that counts.

Frank: A happy client is all that counts?
Sounds like you want us to sacrifice the war
to win the day. If we give him the wrong
answers, it’ll eventually come back on us.

Joe: Whatever.

Frank: We’re going to have to give it to him
straight, and it won’t be pretty.

Jim: Look, we’re actually in good shape

here. All we have to do is set up a control
group for March and run the experiment
again.

Frank: But the CEO 1s feeling good about
what happened in February, and that’s
because he has the wrong idea about what

happened. We need to disabuse him of that
good feeling.

Jim: I think we can get him thinking clearly
without being downers about it.

60 Chapter 2
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Not getting fired 101

Having to deliver bad news is part of being a
data analyst. But there are a bunch of different
ways of going about delivering the same
information.

Let’s get straight to the point. How do you
present bad news without getting fired?

We've blown our brains
out. Catastrophic

meltdown. Please don't
fire me.

You're right! Sales
are rocking and rolling.
We're up 100%. You're a
genius!

Option 2: The news is
bad, so let’s panic!

Option 1: There is
no bad news.

Download at Boykma.Com

experiments

The best data analysts
know the right way
to deliver Potentially

upsetting messages.

This event doesn't give us
the information we want,
but the good news is that
I know how we fix it.

Option 3: There’s bad
news, but if’ we use it
correctly it’s good news.

Which of these approaches
won’t get you fired...

Today?
Tomorrow?

Tor your next gig?
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a better experiment

for realt
Let’s experiment again_

We’re running the experiment again for the From: CEO, Starbuzz
month of March. This time, Marketing To: Head First
divided the universe of Starbuzz stores into Subject: Need to re-run experiment

control and experimental groups I get the picture. We still have two

The experimental group consists of stores months before the board meeting.
from the Pacific region, and the control group Just do what you need to do and get
consists of stores from the SoHo and Mid- That was a it right this time.

Atlantic regions. tlose onc,’

Experimental Group
Pacific region

Control Group
SoHo and Mid-Atlantic

regions

$4.00 Keep this price

$4.00
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experiments

One month later...

Things aren’t looking half bad! Your
experiment might have given you the answer
you want about the effectiveness of price
cutting.

Average store revenue per Jay

Expevimental group

Daily
Sales

If we're going to tell the
CEO, we'd better be sure
there aren't confounders
like we had in the past.

Are there confounders?

Remember, a confounder is a
difference among the groups in your
study other than the factor you’re
trying to compare.

Look at the design on the facing page and the results above.
Could any of these variables be confounding your results?

Culture Location

Download at Boykma.Com
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confounded

N .-g.&arpen your pencil

K %Iutlun Is it possible that these variables are confounding your results?

Culture Location

Coffee temperature Weather

This should be the same everywhere, too. Could be! Weather is part of location.

Confounders also e o e o e bsbmert
plague experiments \

Just because you’ve stepped out of the world

Control group

of observational studies to do an experiment : SoHo and Mid-Atlantic stores

you’re not off the hook with confounders.

In order for your comparison to be valid, your
groups need to be the same. Otherwise,
you’re comparing apples to oranges!

¥>

Experimental group .
Pacific stores .

All Starbuzz
Customers

Split stoves into
9grroups b\/ chion

Confeunding Up Clase

Your results show your experimental group making more
revenue. It could be because people spend more when the coffee
cost less. But since the groups aren’t comparable, it could
be for any number of other reasons. The weather could be keeping
people on the east coast indoors. The economy could have taken off
in the Pacific region. What happened? You’ll never know, because
of confounders.
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experiments

Avoid confounders by

selecting groups carefully T oo

. Control group

Just as it was with observational studies,
avolding confounders is all about splitting the

stores into groups correctly. But how do you

do it? All Starbuzz

Customers

What's the best
way of splitting?

: Experimental group

— wadharpen your pencil
\ N Here are four methods for selecting groups. How do you think

each will fare as a method for avoiding confounders. Which one
do you think will work best?

Charge every other customer differently ..o
as they check out. That way, half of your
customers are experimental, half are

control, and location isn't a confounder.

Use historical controls, making all the ..o
stores the control group this month and
all the stores the experimental group
next month.

Randomly assign differ@nt StOres t0 oeeiiiiniiii i
control and experimental groups.

Divide big geographic regions into small  .....oiiiii i
ones and randomly assign the micro-
regions to control and experimental
groups.

Download at Boykma.Com
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randomization

_ @aoharpen your pencil
\ &F_I&n y s{llllj;lﬂﬂ

Charge every other customer differently
as they check out. That way, half of your
customers are experimental, half are

control, and location isn't a confounder.

Use historical controls, making all the
stores the control group this month and
all the stores the experimental group next
month.

Randomly assign different stores to
control and experimental groups.

Divide big geographic regions into small
ones and randomly assign the micro-
regions to control and experimental
groups.

Which method for selecting groups do you think is best?

66

Looks like there is somet]ming
to this randomization method.
Let's take a closer look...
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experiments

Randowization selects
similar groups

Randomly selecting members from your pool
of subjects is a great way to avoid confounders.

What ends up happening when you randomly
assign subjects to groups is this: the factors that
might otherwise become confounders end up
getting equal representation among your
control and experimental groups.

Control
groups

Experimental
groups

Heve's your ovevall vegion.

.

Micro Micro

region region Micro
Micro region Mlgro
Micro Micro region region
region region

Micro
] region . Micro
Micro Micro Micro \\ /" Micro . Micro region
region . o . Micro region
region 9 region region
Micro Micro
region . .
Micro rl\(’ahcigz Micro regen
Micro region 9 Fegion
region
rlr'cig; Micro Micro
9 region region

Mid-Atlantic

By selecting members of
your groups randomly,

Each mitro—region will tend to

the groups will be like
have the same thavacteristies each other and therefore
3s the other miC\ro—rcgions_ comparable.
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random

~ Randomness Expesed

This week’s interview:
OMG that was so random!

Head First: Randomness, thank you for joining us.
You're evidently a big deal in data analysis and it’s
great to have you.

Randomness: Well, my schedule from one second
to the next is kind of open. I have no real plan per se.
My being here is, well, like the roll of the dice.

Head First: Interesting. So you have no real plan or
vision for how you do things?

Randomness: That’s right. Willy-nilly is how I
roll.

Head First: So why are you useful in experimental
design? Isn’t data analysis all about order and
method?

Randomness: When an analyst uses my power to
select which experimental and control groups people
or stores (or whatever) go into, my black magic makes
the resulting groups the same as each other. I can
even handle hidden confounders, no problem.

Head First: How’s that?

Randomness: Say half of your population is
subject to a hidden confounder, called Factor X.
Scary, right? Factor X could mess up your results big
time. You don’t know what it is, and you don’t have
any data on it. But it’s there, waiting to pounce.

Head First: But that’s always a risk in observational
studies.

Randomness: Sure, but say in your experiment
you use me to divide your population into
experimental and control groups. What’ll happen

1s that your two groups will end up both containing
Factor X to the same degree. If half of your overall

population has it, then half of each of your groups
will have it. That’s the power of randomization.

Head First: So Factor X may still affect your
results, but it’ll affect both groups in the exact same
way, which means you can have a valid comparison
in terms of whatever it is you're testing for?

Randomness: Exactly. Randomized controlled
1s the gold standard for experiments. You can do
analysis without it, but if you have it at your disposal
you’re going to do the best work. Randomized
controlled experiments get you as close as you can
get to the holy grail of data analysis: demonstrating
causal relationships.

Head First: You mean that randomized controlled
experiments can prove causal relationships?

Randomness: Well, “proof” is a very, very strong
word. I’d avoid it. But think about what randomized
controlled experiments get you. You’re testing two
groups that are identical in every way except in the
variable you're testing, If there’s any difference in
the outcome between the groups, how could it be
anything besides that variable?

Head First: So how do I do randomness? Say I
have a spreadsheet list I want to split in half] selecting
the members of the list randomly. How do I do it?

Randomness: Easy. In your spreadsheet program,
create a column called “Random” and type this
formula into the first cell: =RAND () . Copy and paste
the formula for each member of your list. Then sort
your list by your “Random” column. That’s it! You
can then divide your list into your control group

and as many experimental groups as you need, and
you’re good to go!
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experiments

It's time to design your experiment. Now that you understand
observational and experimental studies, control and
experimental groups, confounding, and randomization, you
should be able to design just the experiment to tell you what you
want to know.

_ .;Qarpen your penci

What are you trying to demonstrate? Why?

Hey! You should add
an experimental group

for persuading people that
Starbuzz is a good value. That
way we'll know who's right—me
or the CFO!

69
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design

_ & S_harpen your pencil
\ N &Iutmn You've just designed your first randomized controlled experiment.
: Will it work as you had hoped?

What are you trying to demonstrate? Why?

70
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Your experiment is ready fo go

Before we run it, let’s take one last
look at the process we’re going
through to show once and for all
which strategy is best.

Split the
listinto
microregions

Assign the
microregions
randomly to control
and experimental
groups

— T

experiments

quo for a month

Control: maintain the status

Experimental group #1:
drop prices for a month

Experimental group #2:
persuade customers that
Starbuzz is a value for a
month

Iy

Collect the
results

Analyze the results by
comparing the groups
to each other

Download at Boykma.Com
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review

The results are in

Starbuzz set up your experiment and let it run
over the course of several weeks. The daily
revenue levels for the value persuasion group
immediately went up compared to the other
two groups, and the revenue for the lower
prices group actually matched the control.

Average store
revenue per Jay

Daily
Sales

Looks like this s{:\raJccg\/ is the winner!

Value persuasion
group

- Lower prices group

%\A

Control group

The ycr(:ormandc diffeventes
showed themselves immediately.

/

Here's where the experiment began.

This chart 1s so useful because it makes an
excellent comparison. You selected identical
groups and gave them separate treatments, so
now you can really attribute the differences in
revenue from these stores to the factors you’re
testing:

72

Day

Theve doesn't seem to be a vevenue .
difference between these two strategies.

These are great results!

Value persuasion appears to result in
significantly higher sales than either lowering
prices or doing nothing. It looks like you have
your answer.
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experiments

Starbuzz has an ewmpirically
tested sales strategy

When you started this adventure in experiments, Starbuzz
was 1n disarray. You carefully evaluated observational survey
data and learned more about the business from several bright
people at Starbuzz, which led you to create a randomized
controlled experiment.

That experiment made a powerful comparison, which
showed that persuading people that Starbuzz coffee is a more
effective way to increase sales than lowering prices and doing
nothing.

I'm really happy about this finding!
I'm giving the order to implement
this strategy in all our stores. Except
for the SoHo stores. If the SoHo
customers are happy to spend more,
let them!

you are here » 73
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3 optimization

*
+« Take it to the max +

Oh man, this is a blast!
If only I had a rubber ducky,
it'd be even better!

We all want more of something.

And we’re always trying to figure out how to get it. /f the things we want more of—profit,
money, efficiency, speed—can be represented numerically, then chances are, there’s an
tool of data analysis to help us tweak our decision variables, which will help us find the
solution or optimal point where we get the most of what we want. In this chapter, you'll be

using one of those tools and the powerful spreadsheet Solver package that implements it.

this is a new chapter

Download at Boykma.Com
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squeaky squeak

You're now in the bath toy game

You’ve been hired by Bathing Friends
Unlimited, one of the country’s premier The vubber fish is an untonventional
manufactures of rubber duckies and fish thoite, but it's been a big sellev.
for bath-time entertainment purposes.
Believe it or not, bath toys are a serious
and profitable business.

They want to make more money, and
they hear that managing their business
through data analysis is all the rage, so
they called you!

Some ¢all it the tlassie, some say it's
too obvious, but one {;hmg is tleav:
the vubber dueky is heve to stay.

T'll give your firm top
consideration as I make
my toy purchases this
year.

Duckies make
me giggle.

\/ou have demanding, disterning tustomers.

76 Chapter 3
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optimization

Here’s an email from your client at Bathing Friends Unlimited,
describing why they hired you.

N .-g.&arpen your pencil

From: Bathing Friends Unlimited
To: Head First
Subject: Requested analysis of product mix

Dear Analyst, Heve's what your client
says about what she needs.

We’re excited to have you!

We want to be as profitable as possible,
and in order to get our profits up, we
need to make sure we’re making the right
amount of ducks and the right amount of
fish. What we need you to help us figure
out is our ideal product mix: how much of
each should we manufacture?

Looking forward to your work. We’ve heard
great things.

Regards,
BFU

What data do you need to solve this problem?

Download at Boykma.Com
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--g{ﬁrp&n your pencil

control

«  golution

What data do you need to solve this problem?

From: Bathing Friends Unlimited
To: Head First

Subject: R lysis of p
mix

Dear Analyst,

We’re excited to have you!

We want to be as profitable as possible,
and in order to get our profits up we

need to make sure we’re making the right
amount of ducks and the right amount of
fish. What we need you to help us figure
out is our ideal product mix: how much of
each should we manufacture?

Looking forward to your work. We’ve heard
great things.

Regards,
BFU

“Jour Data Needs Up Close

Take a closer look at what you need to know.
You can divide those data needs into two
categories: things you can’t control, and
things you can.

= How profitable fish are = How profitable ducks are
These are things = How much rubber they have = How much time it takes to
you ean't tontrol to make fish make fish
= How much rubber they have ~ = How much time it takes to
to make ducks make ducks

And the basic thing the client wants you to find
out in order to get the profit as high as possible.
Ultimately, the answers to these two questions
you can control.

These are things = How many fish to make

You tan tontrol. = How many ducks to make You need the hard

numbers on what you
can and can’t control.

78
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Constraints limit the
variables you control

These considerations are called constraints,
because they will define the parameters for your
problem. What you’re ultimately after is profit,
and finding the right product mix is how you’ll
determine the right level of profitability for next
month.

But your options for product mix will be limited by
your constraints.

These are Your actual
tonstraints ‘Fok this F\robICm‘

Pecision variables are
things you can control

Constraints don’t tell you how to maximize profit;
they only tell you what you can’t do to maximize
profit.

Decision variables, on the other hand, are the things
you ean control. You get to choose how many
ducks and fish will be manufactured, and as long as
your constraints are met, your job is to choose the
combination that creates the most profit.

Fish
count

0 03s

Bc{:{:cr s{:a\/
within Your
constraints/

/

optimization

\/Ou 5:‘[‘, to thoose
K_ the values for
eath of £h§i

Duck
count

From: Bathing Friends Unlimited
To: Head First
Subject: Potentially useful info

Dear Analyst,

Great questions. Re rubber supply: we
have enough rubber to manufacture 500
ducks or 400 fish. If we did make 400 fish,
we wouldn’t have any rubber to make
ducks, and vice versa.

We have time to make 400 ducks or 300
fish. That has to do with the time it takes to
set the rubber. No matter what the product
mix is, we can’t make more than 400 ducks
and 300 fish if we want the product on
shelves next month.

Finally, each duck makes us $5 in profit,
and each fish makes us $4 in profit. Does
that help?

Regards,
BFU

_ <@§!RA\N -
‘PQWEWR

So, what do you think you do

with constraints and decision

variables to figure out how to
maximize profit?
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optimization

You have an optimization problem

When you want to get as much (or as little) of
something as possible, and the way you’ll get
it is by changing the values of other quantities,
you have an optimization problem.

Here you want to maximize profit by changing
your decision variables: the number of ducks
and fish you manufacture.

Your detision vaviables

product mix?

Manufacture
time for fish

“:' Duck
count
Rubber
. supply
0 il 26 for fish
count supply for
ducks

Manufacture
time for ducks

How to get from here...

What'’s the best Your tonstraints

But to maximize profit, you have to stay within
your constraints: the manufacture time and
rubber supply for both toys.

To solve an optimization problem, you need to
combine your decision variables, constraints,
and the thing you want to maximize together
into an objective function.

80
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optimization

Find your objective with
the objective function

The objective is the thing you want to
maximize or minimize, and you use the
objective function to find the optimum
result.

Here’s what your objective function looks like,
if you state it algebraically:

Each “x” vefers +o
detision i .
Each “¢” vefers ? decision varizble “P” is your objective: U_‘C.
to a tonstraint. } 2 £hing You want to maximize.
c,Xx,+c,x,=P

S .. .
Don’t be scared! All this equation says is that \ ome optimization problems have more

you should get the highest P (profit) possible claborate objective funetions.
by multiplying each decision variable by a
constraint.

Your constraints and decision variables in this
equation combine to become the profit of
ducks and fish, and those together form your

objective: the total profit. Ard here’s ¢ x Vou want your ob\')cc{:ivc o
2™

be as high as You £an 56{: it

Heve's & % ; n’ /
N . @ = Total Profit

fish profit
duck profit

BRANN

All optimization B -
prol)lems have @ 7 BARBEL

. c[ What specific values do you
constraints and an think you should use for the

. . . constraints, ¢, and ¢,?
o]o]ectlve function. ! 2
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objective function

Your objective function

The constraints that you need to put into
your objective function are the profit for
each toy. Here’s another way to look at that
algebraic function:

The profit you get from selling fish and ducks
1s equal to the profit per duck multiplied by
the number of ducks plus the profit per fish
multiplied by the number of fish.

profit per
duck ducks

Total duck F\ro(:i-{:.

Now you can start trying out some product
mixes. You can fill in this equation with the
values you know represent the profit per item
along with some hypothetical count amounts.

100

( $5 profit ducks

This objective function projects a §700 profit
for next month. We’ll use the objective function
to try out a number of other product mixes,
too.

82

count of

Heve's your client from
Ba{:hmg Friends Unlimited.

profit per , count _ .
fish of fish = Profit

[+

This is what your yro«cl{: would
be hc ou detide ‘{:o make

|00 ducks and 90 ‘Clsh)
50

=$700

QO o if’
\

( $4 profit *

fish

Hey! What about all
those other constraints?
Like rubber and time?
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Show product wmixes with
your other constraints

Rubber and time place limits on the count of
fish you can manufacture, and the best way
to start thinking about these constraints is

to envision different hypothetical product
mixes. Let’s start with the constraint of fime.

cks, and vice versa.

We have time to make 400 ducks or 300
, fish. That has to do with the time it takes to
Heve's what they say about |  set the rubber. No matter what the product

their time tonstraint. mix is, we can’t make more than 400 ducks

| and 300 fish if we want the product on
\\/7 shelves next month.

A hypothetical “Product mix 1” might be
where you manufacture 100 ducks and 200
fish. You can plot the time constraints for that
product mix (and two others) on these bar

graphs. This line shows the maximum

number of ducks You tan produte.

Bathing Friends Unlimited has time to
produce 400 ducks in the next month

Bathing Friends Unlimited has time to
produce 300 fish in the next month

500 - 500
kK
é 400 ——— — — — — — 7 P - = g 400 x
g =]
S 300 v S 300/~ — — — — -——F-===-
L2 I3 v
5 200+ % 200+
a 200 v 2z v

100 ’—‘ 100 -

0 0

Product  Product  Product
mix 1 mix 2 mix 3

Product  Product  Product
mix 1 mix 2 mix 3

This line shows how many fish
You have time to produce.

Product mix 1 doesn’t violate any constraints,
but the other two do: product mix 2 has too
many fish, and product mix 3 has too many

ducks. BRANN
Seeing the constraints in this way is progress, &) 20 '1.. BBARRKREL LA

but we need a better visualization. We have yet

more constraints to manage, and it’d be clearer How would you visualize the

if we could view them both on a single chart. constraints on hypothetical product
mixes of ducks and fish with one chart?
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make your graphics

Plot multiple constraints
on the same chart

We can plot both time constraints on a single chart,
representing each product mix with a dot rather
than a bar. The resulting chart makes it easy to
visualize both time constraints together.

Bathing Friends Unlimited has time to Bathing Friends Unlimited has time to
produce 400 ducks in the next month produce 300 fish in the next month
500 - 500
o
S 40 — — — — — — — — - r— - —|= - B 400
3 < X
g 3
% 300 \/ 6 300~ — — — — - - - - - - =
E = v
3 = —
32 200 v 2 200 v
100 - ’—‘ 100 -
0 T T T 0 T T T
Product  Product  Product Product  Product  Product
mix 1 mix 2 mix 3 mix 1 mix 2 mix 3

500 L4

400|— — — — —

300 Produet mix 2

Ducks

Produet mix | 200

100 .
U

100 200 300 400 500
Fish

We’ll also be able to use this chart to visualize the
rubber constraints. In fact, you can place any
number of constraints on this chart and get
an idea of what product mixes are possible.
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optimization

Your good options are all
in the feasible region

. . . 500 ° |
Plotting ducks on a y-axis and fish on an x-axis |
makes it easy to see what product mixes are 400 |— — — — — - - - -
Jeasible. In fact, the space where product mixes |
are within the constraint lines is called the ¢ 300
feasible region This s the j/_ = o
gron. -(:casiblc Y‘CS'IOY\- o 200 |
When you add constraints to your chart, the \_/ |
feasible region will change, and you’ll use the 100 ° |
feasible region to figure out which point is optimal. |
0 100 200 300 400 500
Fish

Let’s add our other constraint, which states how many fish and
ducks can be produced given the quantity of rubber they have.
Bathing Friends Unlimited said:

_ --g-,SI\ﬁrpen your pencil

Each fish takes a little move Great questions. Re rubber supply: we
vubber to make than each duck. have enough rubber to manufacture 500
= | ducks or 400 fish. If we did make 400 fish,

we wouldn’t have any rubber to make
ducks, and vice versa.

500 |

You have a fixed supply of vubb
400|— — — — — - - — - the number of dueks You malrc vslTl) ”
o | limit the number of gsh You an make.

Draw a point representing a product

Ducks
()

200 | mix where you make 400 fish. As she
says, if you make 400 fish, you won’t
have rubber to make any ducks.

100
| e Draw a point representing a product
0 | mix where you make 500 ducks. If you
100 200 300 400 500 made 500 ducks, you’d be able to make
. zero fish.
Fish

e Draw a line through the two points.
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visualize

_ aoharpen your pencil
\ -LF.I&H y SUIE;IUH

Draw a point representing a product
mix where you make 400 fish. As she
says, if you make 400 fish, you won’t

o

have rubber to make any ducks.

Draw a point representing a product
mix where you make 500 ducks. If you
made 500 ducks, you'd be able to make
zero fish.

(2]

Draw a line through
the two points.

How does the new constraint look on your chart?

Great questions. Re rubber supply: we
have enough rubber to manufacture 500
ducks or 400 fish. If we did make 400 fish,

we wouldn’t have any rubber to make
ducks, and vice versa.

¢ N
500. Heve's where we make
\500 dueks and no Fish.

N\

400

300

Ducks

200 \

100 Move fish, fewer

ducks, and vice versa.

|This line shows possible

|va|ucs in between.

| Here's where we make

400 fish and no dueks.
N

I\
N\
I

100 200

300 400 500

Fish
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optimization

. You ean't use duck/fis
Your new constraint changed tombinsbiom that eveh

in any of these spates.

the feasible region ;o

When you added the rubber constraint, you 500 |
changed the shape of the feasible region. \ |

400|— ~ — — —fF — — —
Before you added the constraint, you might have \ |
been able to make, say, 400 ducks and 300 fish. But %’ 300 \ |
now your rubber scarcity has ruled out that product a N
mix as a possibility. 200 h N !

I
100 I\
Your potential product mixes P I \

all need to be inside hc\rc‘&/ / 100 200 300 400 500

Fish
_ & S_harpen your pencil
\ "% Here are some possible product mixes.

Are they inside the feasible region?

Draw wheve each Draw a dot for each product mix on the chart.
produet mix 9oes How much profit will the different product mixes create?
C on the thart. Use the equation below to determine the profit for each.
500 1 | 300 ducks and 250 fish
N | i
40| - <~ —— —|— — — — PO
h |
% 300 \ |
3 \ 100 ducks and 200 fish
200 A
N Profit:
100 l\ .................................................................
AN
0 |

100200 300 400 500 50 ducks and 300 fish

Fish

Profit:

Use your objct{ivc Lunetion

to determine ?ro(:i{-
$5 , count of . $4 ., count - Profit
( profit ducks ) ( profit of fish -

Download at Boykma.Com



new

_ & S_harpen your pencil
\ "N &Iutmn You just graphed and calculated the profit for three different
: product mixes of ducks and fish. What did you find?

500 \ |
\ 300 dutks and 250 fish.
400 |— ~ — —
\

¥ 300 \ |00 dutks and 200 fish.
@)
>
0O 200

100

S0 dutks and 300 fish.

100 200 300 400 500
Fish

300 ducks and 250 fish.

Profit: (§5 profit ¥300 dueks)+(i4 profit¥250 fish) = $2500

100 ducks and 200 fish.

Profit: (5 profit k100 ducks)H(i4 profit¥200 fish) = §1300

This product mix defimitely works. Now all you
have to do is
] try every possible
50 ducks and 300 fish. product mix and
Profit: (5 profit¥50 ducks)H(f4 profit*300 fish) = {1450 see which one has
....................................................................................... the most pI‘Oﬁt,
This produet mix works and makes even more money. right?
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Even in the small space of the
feasible region there are tons and
tons of possible product mixes.

There's no way you're going to get
me to try them all.

Because both Microsoft Excel and
OpenOftice have a handy little function
that makes short order of optimization
problems. Just turn the page to find out
how...

Download at Boykma.Com
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optimization

89



software crunches your numbers

Your spreadsheet does optimization

Microsoft Excel and OpenOfice both have a handy little
utility called Selver that can make short order of your
optimization problems.

If you plug in the constraints and write the objective
function, Solver does the algebra for you. Take a look at
this spreadsheet, which describes all the information you
received from Bathing Friends Unlimited.

*

Lo&d t}HS'

www. headfirstlabs. com/books/hfda/
bathing_friends_unlimited.xls

Ot 27 1

s Ham ranrt [ Erppe— Farmgian Buta Brirm Viem - a8
I LG FA (et o] caireal | b
GetDbmral Retwn — | §| Soit | P Tost to oy, O
Data AN {r agvanied | Colmne Dupsmte SF -
These ¢ells show a product ',,;;:' - ...,.‘_-_: ;“ T i =l
mix wheve You manufacture 4 A i B C D ®
100 ducks and fish eath. — Bathing Friends Unlimited
chmb«er |
3
4 Count
5 Duck \ 100 I
& Fish 100
This box shows Yyour 7 1 |
vubber su‘?\ﬂ\/ ——— | & Rubber pellets :
o> Meeded per unit Used .
10 Duck 100 10000~ =
11 Fish 125 12500 |
12 |
13 Total pellets used 22500 |
14 Pellet supply 50000 |
15 .
This box shows Yyour yro(:ih 16 Unit profit |
17 Duck % 5 |
18 Fish 5 4 .
20 Total profit $ 500 '
21 I
22
= e v u sheel)  Seeetd  Shesrd T ST N =

Trasy

There are a few simple formulas on this spreadsheet. First,
here are some numbers to quantify your rubber needs.
The bath toys are made out of rubber pellets, and cells
B10:B11 have formulas that calculate how many pellets
you need.

Second, cell B20 has a formula that multiplies the count of
fish and ducks by the profit for each to get the total profit.

90 Chapter 3
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Heve's
Solver.

H: ou make |00

ducks at 100 vubber
Fc“c{:s per duck, \/ou
use 100,000 pellets.

Take a look at Appendix i if you use OpenO££ice

or if Solver isn't on Your Extel menu.

Try clicking the Solver button under
the Data tab. What happens?

Com



optimization

rpen your pencil
N Let’s take a look at the Solver dialogue box and figure out how it
works with the concepts you've learned.

Draw an arrow from each element to where it goes in the Solver
dialogue box.

Rubber and time
Decision variables Constraints </ Objective
The number of j K Profit
duéks make
Sabver Parameters @
Set Target Cel: | | Solvr
Equal To: @ May M0 walue of: i ———y
gy Changng Cels: | Gom= |
=] [ gwss |
Sybsect to the Constraints: mi

Draw an arrow from eath element
4o wheve it should 9o on the Solver.

Where do you think the objective function goes?

you are here » 91
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solver configuration

- cndterpen o per

1 &lutlun How do the spaces in the Solver dialogue box match up with the
optimization concepts you've learned?

Draw an arrow from each element to where it goes in the Solver
dialogue box.

Decision variables Constraints Objective

/ Excel calls your ob\')cc{:ivc
Salver Pararetes = the Target Cell.

The detision vaviables
are the values you
will thange to +ind
Your ob")cc'l:ivc.

Constraints 90 in the constraints

box... no big surprise theve!

Where do you think the objective function goes?

16 Unit profit The objettive function is in this cell
17 Duck 5 5

18 Fish 7 4

19

20 Total profit [3 500 | <——|

21

22

How b W Sleet] | Seestd  fhewrd Fa JTIEET

Trady

92 Chapter 3
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optimization

—Test DRIVe

Now that you’ve defined your optimization

model, it’s time to plug the elements of D:Z'.) ':M ......:: 'mw = e
it into Excel and let the Solver do your , ) & | Py Duns anatp
number crunching for you. i 6 Ty 5ot
| o Cafriubilies Ulll.!:-ﬁ'l Loidim
T =
| S =
. c D B
Q Set your target cell to point to your 1 Bathing Friends Unlimited
objective function. 2 Manufacturing plan for December
3
4 Count
5 |Duck 100
e Find your decision variables and add & Fish 100
them to the Changing Cells blank. 7 - _— |
sihg E Rubber pellets
9 Meeded per unit Used
| 10 Duck 100 10000
. I 11 (Fish 125 12500
e Add your constraints. 12
I 13 Total pellets used 22500
| 14 Pellet supply so000
15
16 Unit profit
O Clicksolvel 17 Duck $ 5
18 Fish 4 4
19
| 20 Total profit 1% 900
Here's your vubber g; s [P}
tonstraint. 53 stepace: B [N G
[ 24 i ol e S et =
25 FraT - [
26 Sybect s B Coralranit o
27 pEee A=
[ 2 B o= 200 e ]
Dot ot e ==
time COnsbrainﬁs! 30 txb
31
| .'.‘j'?j'_'!'_ “Shant] - Shasd - Shamd -FJ | A
— e ]

What ]aappens when
you click Solve?

you are here » 93
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solver does the grunt work

Solver crunched your optimization

problem in a snap

Nice work. Solver took all of about a
millisecond to find the solution to your
optimization problem. If Bathing Friends
Unlimited wants to maximize its profit, it need
only manufacture 400 ducks and 80 fish.

Solver tried out a bunth of
Count values and found the
ones that maximize ?ro(:i{:‘

Looks like \/ou'rc using

all \/ow \rubbcr, '[:oo.

What’s more, if you compare Solver’s result

to the graph you created, you can see that the
precise point that Solver considers the best is on
the outer limit of your feasible region.

400 [— &
\
2 300 \
@)
>
0 200
100
0
100 200 300 40
Fish

94 Chapter 3
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O
_Jl

{3 13 bty te

) e |1 sl Mode] - Manoch Dee - %

14 Pellet supply 50000
15 ,
\_/ 16

17 Duck

18 Fish

19

20 Total profit
21

22
-4 nw MI. Shawtl el
e

Heur  nisf Paprlgael Pemele | Des | Brvew Ve B d X
20l 0 T P B = e
Gt Do Baeeth | fee | Tlls Femge . Detww
oda e Ly khieod | Coimey Dpdcitn =7
Leerropeal fart i Nl [= LR Rrminne
ﬂ.'ﬂ_ = _,ﬂ B P =10 1F o 2 lL
A ) & ™
1 Bathing Friends Unfimited |
2 Manufacturing plan for December
3 |
4 Count |
5 Duck 400 |
& Fish / 80 |
7 |
|8 Ruabber pellets |
2 Heeded per unit Used
10 Duck 100 40000
11 Fish 125 10000
12
13 Total pellets used 50000

5 5
% 4

= 1

Heve's the ?Vof it

you tan expect.

Looks like great work.
Now how did you get to
that solution again?

Better explain to the
client what you’ve
been up to...



N r.&arpen your pencil

optimization

How would you explain to the client what you're up to? Describe
each of these visualizations. What do they mean, and what do

they accomplish?

400[= x — — — = —

A |
2 300 \
S N
O 200 N
\ |
100 A
\
0 | N

100 200 300 40

Fish

= T =
S e e [Sr— [— W o
e . v.:::...
e = T ihannt ey B o
[ & ..r B 1
A B [= oM
1 Bathing Friends Unlimited
2  Manufacturing plan for December
A
4 Count
............................. 3 Duck 400
& Fish EO
7
3 Rublbeer pellels
............................. g r.eed‘d aa unit um
10 Duck oo 40000
11 Fish 125 10000
12
13 Total pallets used s0000
14 Pallet supply 50000
15
............................ 16 Unit Pmﬁl[
17 Duck % 5
16 Fish i 4
Total profit 5 2.320

Download at Boykma.Com
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interpret optimization results

— & Shar r pencil
_fm ywSoIEEiun

-
>
o
wn
>
[-3)
o
o
o

-9
[-3)
s
+
o+
>
=
>
2
[-3)
-
>
(%)
-
Q
k3
w
=
&
o
S
w
Y,
g
o
Ducks

How did you interpret your fi

ndings to your client?

A B c o N
1 Bathing Friends Unlimited
2 Manufacturing plan for December
3
2 Count
This spreadsheet, shows the product mix computed by - e+
r
8 Rubbes pellets
Excel 1o be the optimum. OF all possible product mixes, o Needed per unit Used
.............................................................................. 10 Duck 100 40000
11 Fish 125 L0000
. . 12
mam‘caé‘l:wlng 400 dutks and 80 fish Yrodudcs the 13 Total peliets used 50604
............................................................................ P £5000
15

most profit while staying inside our constraints. o > ¥

............................................................................. Ejous : s
0 Totlprofit _ [§ 7,300
l!lal - o |

nran

o | ]
_— R -
S == - FE
i ol Kt it | G, Bapiis

400[— x — — — = —

A |
300 \
< |
200 N
\ |
100 A
\
0 | \

100 200 300 40

Fish

| P

[T e ]
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optimization

Profits fell through the floor

You just got this note from Bathing
Friends Unlimited about the
results of your analysis...

ducks. That means our gross profit is only
$420, which you might realize is way below
the estimate you gave us of $2,320. Clearly,
we wanted something better than this.

We haven’t ever had this sort of experience
before with our duck sales, so for the
moment we’re not blaming you for this until
we can do our own internal evaluation of
what happened. You might want to do your
own analysis, too.

Regards,
BFU

This is pretty bad news. The fish sold out,
but no one’s buying the ducks. Looks like you
may have made a mistake.

I want to see
your explanation.

How does your
model explain
this situation?

Download at Boykma.Com

Theve ave lots of ducks left over/

From: Bathing Friends Unlimited (g P -,

To: Head First o

Subject: Results of your “analysis” g Tar
s et e

Dear Analyst, - _"'!'!. i i‘-‘_?.fg: .

Frankly, we’re shocked. We sold all 80 of - _'t_,'-‘h. ;!:.'”, - ;!‘ 3

the fish we produced, but we only sold 20 B f e f', - ®

97



models

Your wmodel only describes
what you put into it

Your model tells you how to maximize profits

only under the constraints you specified. hatictholbeet
product mix?
Your models approximate reality and are never ety
perfect, and sometimes their imperfections can @
cause you problems.

Rubber
supply
for fish

Maximized
profit

ﬂ Fish Rubber
’ count supply for

ducks

Manufacture
time for ducks

Theve's a lot more 1o )

veality than +his model.

It’s a good idea to keep in mind this cheeky
quote from a famous statistician:

But does it matter?

"All models are wrong, but some are useful.”

- George Box

Your analytical tools inevitably simplify reality,
but if your assumptions are accurate and
your data’s good the tools can be pretty reliable.

So how will T know
if my model has the

right assumptions?
Your goal should be to create the most useful

models you can, making the imperfections
of the models unimportant relative to your
analytical objectives.

98
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optimization

Calibrate your assumptions
to your analytical objectives

You can’t specify all your assumptions, but if
you miss an important one it could ruin your
analysis.

You will always be asking yourself how far you
need to go specifying assumptions. It depends
on how important your analysis 1s.

How important is your analysis?

Nothing

o The Earth
ious. < hangs in the
Just poking balance
around. '

1 How far should you I

Who cares? Don’t . Write down everything
sweat it. Give it a gO catalogumg y our you think you know
moment or two of your

. 2 and everything you
time. assumphons ‘ think you don’t know.

N .iéarpen your penci
B What assumption do you need to include in order to get
your optimization model working again?

929
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demand prediction

_ waoharpen your pencil
\ -LPE y s{lllljt-lﬂﬂ

Is there an assumption that would help you refine your model?

therejare no
b Questions

Dum

Q: What if the bad assumption were true, and people would
buy everything we manufactured? Would the optimization
method have worked?

A: Probably. If you can assume that everything you make will sell
out, then maximizing your profitability is going to be largely about
fine-tuning your product mix.

Q: But what if | set up the objective function to figure out
how to maximize the amount of ducks and fish we made overall?
It would seem that, if everything was selling out, we’d want to
figure out how to make more.

A: That's a good idea, but remember your constraints. Your
contact at Bathing Friends Unlimited said that you were limited in the
amount of fish and ducks you could produce by both time and rubber
supply. Those are your constraints.

Q: Optimization sounds kind of narrow. It’s a tool that you
only use when you have a single number that you want to
maximize and some handy equations that you can use to find
the right value.

100

A: But you can think of optimization more broadly than that. The
optimizing mentality is all about figuring out what you want and
carefully identifying the constraints that will affect how you are able
to get it. Often, those constraints will be things you can represent
quantitatively, and in that case, an algebraic software tool like Solver
will work well.

Q: So Solver will do my optimizations if my problems can be
represented quantitatively.

A: A lot of quantitative problems can be handled by Solver,

but Solver is a tool that specializes in problems involving linear
programming. There are other types of optimization problems and a
variety of algorithms to solve them. If you'd like to learn more, run a
search on the Internet for operations research.

Q: Should I use optimization to deal with this new model, will
we sell people what they want?

A: Yes, if we can figure out how to incorporate people’s
preferences into our optimization model.

Download at Boykma.Com




optimization

Here’s some historical sales data for rubber fish and ducks.
. With this information, you might be able to figure out why
EIQRCJSQ no one seemed interested in buying all your ducks. 5.5
_ 2,
Load his!
www. headfirstlabs.com/books/hfda/
historical_sales_data.xls
h.:._l"""' B v S e ety [Cerpriisley o] W =
Is there a pattern in the sales over time that hints at why L I MRS A e e e
ducks didn’t sell well last month? A & c D E K
L Month  Year Fish Ducks Taral
21 0D Tl 5 96
......................................................................... 3 F J00e e 9 105
4 M 2006 73 29 102
5 A 2006 81 29 110
......................................................................... c o ey s = s
71 2006 25 81 106
......................................................................... g1 2006 s &9 124
3 A 2006 32 81 123
10 5 2006 25 &7 112
......................................................................... i s = oF e
12 N 2006 113 51 164
13 D 2006 125 49 174
14 1 2007 %0 34 124
15 F 2007 g1 30 21
16 M 2007 %0 30 120
17 A 2007 s 97 132
18 M 2007 34 36 130 |
This sales data is for the whole r,ubbcr 191 2007 34 a7 131
boy industry, ot just BFU, soit's 20 4 2007 s w05 1
good inditator of what people vveﬁzr to i A W
bu\/ and when ‘{')‘C‘/ V"&r to bu\/ v 3o 1007 134 a5 179
24N 2007 139 58 a7
5 D 2007 148 &0 208
.l T | 2008 103 a7 140
27 F 2008 7 106 143
28 M 2008 34 103 137
2 A 2008 45 114 159
Do You see any month—to—month Pa{:{;crn;? 20 m P a0 147 37
31 1 008 7 1 150
321 J008 129 a8 177
33 A 2008 127 45 172
M § 2008 137 a5 182
s o 2008 isD 56 216
Heve's the most vetent month, %N 2008 125 175 300
when cvcr\/{‘)\ing wc\n{:l\rong./ >

you are here » 101
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more ducks, less fish

What do you see when you look at this new data?
o
LutiOoN

Bl I L

e e Nt Pt 'l ikin | i L M = 1
Is there a pattern in the sales over time that hints at why oo T |
Ducks didn’t sell well last month? A B L n = .
1 Manth Year Fish Ducks Tatal
. . . 21 0D Tl 5 96
Dutk sales and fish sales seem to 90 in opposite o S
4 M 2006 73 29 102
divettions. When one’s up, the other’s down. Last 5 A 2006 81 29 1
......................................................................... c o ey s % s
month, everyone wanted fish A f o]
9 A 2006 32 91 123 |
10 5 2006 25 &7 e |
......................................................................... 1o 1006 31 96 117 |
12 N 2006 113 51 16 |
There are big dvops in sales every January. -k s o
14 J a0 34 14
2007 g1 30 21 |
16 M 2007 %0 30 120 |
17 A 2007 s 97 132
) .
Here's switeh, where ducks sell well :: :'ﬂ Ei 3 :: i:f '
and then fish Jump ahaead.. 201 2007 43 105 1s |
21 A 2007 38 105 143 |
\_M 119 a3 162
3 0 2007 134 ah i |
24N 2007 139 58 a7 |
% D 2007 148 &0 08 |
.l T | 2008 103 a7 140
143
) 137 |
Heve's another switeh/ 159
157 |
\_/ ; 150
321 J008 129 a8 177
33 A 2008 127 45 17z |
35 2008 137 a5 182 |
s o 2008 isD 56 216
®E N 2008 125 175 300
A D 2008 137 201 338
T 'v.-__h_l- - "

102 Chapter 3
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Watch out for negatively
linked variables

We don’t know why rubber duck and fish sales
seem to go in opposite directions from each other,
but it sure looks like they are negatively linked.
More of one means less of the other.

optimization

Togethev, they have an inereasing
trend, with holida\/ season sales spikes,

Sometimes, fish are

but always one is ahead of the other.

Sometimes, ducks But nowhere in

down and ducks are down and fish the data are they
are up. are up. both up.
¥ o 3o of3s ¥

0 b3

Fish Ducks

Don’t assume that two variables are
independent of each other. Any
time you create a model, make sure
you specify your assumptions about
how the variables relate to each
other.

Fish Ducks Fish Ducks

Units sold

400

Fish and ducks
350 + together
200

Ducks

T E e

S0 — -

Fish

JFMAMJJASQONDJFMAMJJASQNDJFMAMJJASQND
Manth

_ @@;QA\N
‘PQWEWR
What sort of constraint would you add to your

optimization model to account for the negatively
linked fish and duck sales?

103
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optimization around demand

Oy Wl

-

30

Il F
25 M
23 A
30 oM
31}
Ry
3 A
Ms
o
36N
o

L.08% ExerciSe

You need a new constraint that estimates demand for ducks and fish for the month in which
you hope to sell them.

Looking at the historical sales data, estimate what you think the highest

amount of sales for ducks and fish will be next month. Assume also
that the next month will follow the trend of the months that precede it.

oo
ety Eed S el b D

SEERURdEREEEd

EEEEEEEEYLE

dEEEEEREREEE

B e W -

L
c o E E
Ducks  Total
N F 6
7% ] 105
73 2] 102
B ] 18
83 a2 us
1 Bl 1%
5 ] 128
12 a1 123
25 87 13
2 55 17
113 51 1
125 & 174
50 54 124
at ¥ i
90 30 120
5 o7 2
ET] o5 130
34 a7 131
43 105 us
33 105 143
119 &3 1+
134 &5 7%
139 1] 147
148 ] e
03 a7 140
17 106 143
ET] 103 137
45 114 158
a0 117 157
37 113 130
129 5 arr
127 a5 172
137 a5 182
160 56 HE
125 175 300

e <01 135 I
pEo-3 —

Run the Solver again, adding your estimates as new constraints. For

400
350 Fish and ducks /
300 Jcogc‘{',\'\cr III-'I
\—jl
250 f
Ij'l Ducks

200 s

Units sold

150 Fish

100
50 -

JFMAMJJASQNDJFMAMJJASQNDJFMAMJJASQN

What usually happens after
Detember to bath toy sales?

Whieh {:o\/ do you think will
be on ‘{;o? next month?

both ducks and fish, what do you think is the maximum number of

units you could hope to sell?

104
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optimization

None of these elements have
Lhangcd S0 You £an leave
the spreadsheet itself as is.

You want to thange Yyour f
tonstraints in this box. |

e - -
Home Intert Fage Laynut Famulas ks Review  View B - 7 X
(i a3 ;:"_ 7 -:'.-'.-r-' T - - % | 5ot tnabpi
e v 2 g1 e $TT i o
Connestion: !-m‘l Il.Flle Dala T“h Arutpid
| 82‘0 . ' \_“n B\l? i.'ﬂﬂlB HE o . .Iil
i 4 A | B c D
. 1 Bathing Friends Unlimited
2 Manufacturing plan for December
3
¢ 4 Count
{ 5 |Duck 400
| 6 Fish . 80
e
8 Rubber pellets
<] Needed per unit Used
10 Duck 100 40000
11 Fish 125 10000
12
| 13 Total pellets used 50000
14 Pellet supply 50000
15 1
16 Unit profit
| 17 Duck 3 5
| 18 Fish $ 4
19
- 20 Total profit i S 2,320 {
Ea—— =
23 :;::“:"I’. HH-MEI Yol of |0 iII
| 24 By Charing Cel: i (o]
Fl W50 sl [ guess |
| 26 Subject tn the Contrants: [ gotons |
AN -y =
| [ | <m0 (oo}
T == [ Besetaa |
i 20 T e ]
31 T ———

| —aa]
| Mo r W Shestl - Sheet? - Shewtd "f.:,.(..!_._.l'.
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a new profit estimate

Lon® ExerciSe

SoLution

You ran your optimization model again to incorporate estimates about rubber duck and fish
sales. What did you learn?

o Looking at the historical sales data, estimate what you think the highest
amount of sales for ducks and fish will be next month. Assume that the
next month will be similar to the months that preceded it.

We should prepare for a big drop
in January sales, and it looks like

400 -
dueks will still be on top.
350 3 v
E;;‘;J::i s /| We probably won't be able to sell

= =] move than 150 dutks.
o 250 IJI
] |
@ 200 Ducks
5 150 " .

Fish e—\
100 We probably won't be able
0 to sell more than 50 -cish.
g

JFMAMJJASQND JFMAMJJASQNDJFMAMJJASQND
Month

e Run the Solver again, adding your estimates as new constraints. For example, if
you don’t think that more than 50 fish will sell next month, make sure you add a
constraint that tells Solver not to suggest manufacturing more than 50 fish.

Heve are your new Sobver Parameters =l
tonstraints. Set Tergee Col: =25 B
Exqual To; @ Max Mo wale of: |0 ]
By Changing Crls: (Lo ] Your syccif‘uc numbers
RS S, EI [ puess W\ay var\/ a little... these
Subject to the Constranis: [ pbons ave estimates after all.
56513 «= SESLY = |
Dut/ | 3545 <o 150 [ gsd | s_J
£855 <= 400 '
e <= 0 [ ghoge | T
/.asm <= 50 Cosen ]
Fish

106 Chapter 3
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optimization

Here’s what Solver returned:

i bo-m-0 bsthing friends_unbmsted [Compatibility Mode] - Maorosaft Encel - '®m &
"_'/] Home e Fnge Layout Frmuli Dlata Heview  veew B =T X
A T a1z] | o e e S omem A e e s

L &3] r o Rrappn il E Ty Sabvur
GetEdemal Refoesn — | §| o | Fmer Tetto  Remowe . Outling
Buta ae = Lradvanced  Cowmni Duplioned -?' *
Canneilsms ool B Fillar Drala Togln Lhahren
A - "-—ﬁ._l ERETRI+RIZ"AG

I | e

A e C D
1 Bathing Friends Unlimited

/— 2 Manu i lan for December
3

Heve's your product 4 Count )
mix for next month. 5 Duck 150
® {Fish . 50
? .
8 Rubber pellets
9 Meeded per unit Used
10 Duck 100 15000 1
1 Fish 125 6250
12
12 Total pellets used 21250
14 Pellet supply 50000
Looks like you won't need to use 15 -
anywhere nZa\r all your vubber. ig g“'t profit
uck £ 5
18 Fish 3 4
19
20 Total profit | &
21
oAk W Shusd] - Sheetd - Sheetd T 8 B
oy

Here's the profit estimate ['s not as large as last

for next month month’s estimate, but it's
a lot move veasonable!

you are here »
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plan implemented

Your new plan is

e ]

working like a charm

From: Bathing Friends Unlimited
. . . To: Head First
The new plan is working brilliantly. . "
. 1

Nearly every duck and fish that comes Subject: Thank you:=:

out of their manufacturing operation Dear Analyst,

1s sold immediately, so they have no

excess inventory and every reason to Ivoeurg:I‘ll M : S exa?t:y ‘-At’h;t we wanted, and

believe that the profit maximization o timizey d g preCIaf-‘: 1 ?t only have you

model has them where they need to be. P : ur pr(? ' y.ou ve made our
operations more intelligent and data-driven.

Not too shU We'll definitely use your model for a long

time to come. Thank you!
Regards,
BFU
P.S. Please accept this little token of our
appreciation, a special Head First edition of
our timeless rubber duck.

Good job! One question: the model
works because you got the relationship
right between duck demand and fish
demand. But what if that relationship
changes? What if people start buying them
together, or not at all?

En\)o\/ Your dutk’

‘.1- SR

T
Ll |

Pwgtiig v
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optimization

Your assumptions are based
on an ever-changing reality

All your data is observational, and you don’t know what
will happen in the future.

Your model is working now, but it might break
suddenly. You need to be ready and able to reframe
your analysis as necessary. This perpetual, iterative
framework is what analysts do.

Who knows what tomorrow
tould have in store.

400 -
350
300

250
200

Units sold

150

100

50

JFMAMJJASQNDJFMAMJJASQND JFMAMJJASQND
Month

[£ the rcla{:ionshi\?s between Your
variables change tomorrow, \/ou'”
need to overhaul Your model.

Be ready to change your model!

you are here » 109
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4 data Visualization

*

Pictures mike you smarter *

Now hold still... we want
to get all the variables
together in one shot.

You need more than a table of humbers.

Your data is brilliantly complex, with more variables than you can shake a stick at. Mulling
over mounds and mounds of spreadsheets isn'’t just boring; it can actually be a waste

of your time. A clear, highly multivariate visualization can in a small space show you the

forest that you’d miss for the trees if you were just looking at spreadsheets all the time.

this is a new chapter 111
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you’re in the

New Arwmy needs to
optimize their website

Home Page #2

New Army is an online clothing retailer that
just ran an experiment to test web layouts. For GLLE
one month, everyone who came to the website
was randomly served one of these three home
page designs.

ARA

(=l-e LT T
New Army
Men’s
Women'’s
HCV‘C)S Home Children’s

Pets

Page #l

—

This is their tontrol, because
it's the stylesheet they've
been using up 40 now.

Men’s Women’s Children’s Pets

Home Page #3 |11 )

They had their experiment designers e/ I
put together a series of tests that
promise to answer a lot of their
questions about their website design.

What they want to do is find the best
stylesheets to maximize sales and get

people returning to their website.

112
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The results are in, but the
information designer is out

Now that they have a store of fantastic data from
a controlled, randomized experiment, they need
a way to visualize it all together.

So they hired a fancy information designer
and asked him to pull together something that
helped them understand the implications of their
research. Unfortunately, all did not work out as
planned.

What we want to see is which

You’ll need to redesign the visualizations for
the analysis. It could be hard work, because
the experiment designers at New Army are
an exacting bunch and generated a lot of
solid data.

But before we start, let’s take a look at the
rejected designs. We’ll likely learn something
by knowing what sort of visualizations won’t
work.

stylesheet or stylesheets maximize
revenue, the time our visitors spend on
the site, and return visits to the site.

visualization

We got a lot of crap back from the
information designer we hired. It didn't help
us understand our data at all, so he got the
ax. Can you create data visualizations for us
that help us build a better website?

Web guru £rom New A‘f"“/

Let's take a look at the
rejecteJ Jesigns...

113
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dubious designs

The last information designer
subwmitted these three infographics

The information designer submitted these Keyword tlicks... what
three designs to New Army. Take a look at does that mean?
these designs. What are your impressions?
Can you see why the client might not have
been pleased?

New Army
favorite keyword
clicks

blue

The size of the text must

have something to do with
the number of elicks.

kiop
z sandals
belt

|%2]
v
O
=5
m

ants

=
-

o o —
sses aCke
E orts boofs(n

bikini

P
bla““ék N

m a coat

You tan make tag clouds like this J
for free at http//www.wordle.net.

Looks like this

¢hart measures how -ro‘(:al Pagc hl{:s by S'tYICShCC‘t

many visits each
home page got.

—

[t seems that they've
all about £he same.
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data visualization

Typical paths through the New Army website

What do those
arrows m\ca_h?

0K, lots of arrows

on this one.

N>

>
g

1 [T
’
ﬂ@\
) (o
:,:,

i

o (o
N

(]
T
o
o

These visualizations are dc(:inifcly
flashy, but what's behind them?

What data is behind the visvalizations?

“What is the data behind the visualizations?” is
the very first question you should ask when
looking at a new visualization. You care about
the quality of the data and its interpretation,
and you’d hate for a flashy design to get in the
way of your own judgments about the analysis.

What d'ya 9ot back theve?

_ @RA\N -
PQWEWR

What sort of data do you think

is behind these visualizations?

The data is what it’s all about.

you are here » 115
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let’s see that daia

Show the data! @
o e a al ﬁ m favorite keyword
| . blue o 8 @ "o
You can’t tell from these visualizations ) & Typical paths through the New Army website
iz

what data is behind them. If you’re the
client, how could you ever expect to be
able to make useful judgments with the
visualizations if they don’t even say clearly
what data they describe?

Show the data. Your first job in creating
good data visualizations is to facilitate
rigorous thinking and good decision
making on the part of your clients, and
good data analysis begins and ends with
thinking with data.

These 2Y3Phid$ ean fit a lot

of diffevent V
You \')us{: don't know what's behind
£hem until the designer tells you

And these graphs are not solutions
to the problems of New Army.

Here are some of New

A\rmy’s data sheets.

New Army’s actual
data, however, is really
rich and has all sorts of
great material for your

visualizations.

This is what it’s all about.

~— -

ESRESTEBELR IR EEYBE
EdefenBiEER

“2

116 Chapter 4

Download at Boykma.Com



visualization

Here’s some unsolicited advice
from the last designer

You didn’t ask for it, but it appears that
you’re getting it anyway: the outgoing
information designer wants to put in
his two cents about the project. Maybe

To: Head First
From: Dan’s Dizzying Data Designs
Re: Website design optimization project

his perspective help...
Dear Head First,
| want to wish you the best of luck on the New
Well that's “nice” Army project. | didn’t really want to do it anyway,
of him to say- so it's good for someone else to get a chance to

. __________—+>giveitashot.

=5 One word of warning: they have a lot of data.
Too much, in fact. Once you really dig into it,
you’ll know what | mean. | say, give me a nice
little tabular layout, and I'll make you a pretty
chart with it. But these guys? They have more
data than they know what to do with.

From the looks of the table

on the (:acing page, it appears
that Dan is torvect.

And they will expect you to make visuals of

all of it for them. | just made a few nice charts,
which I understand not everyone liked, but I'll

tell you they’ve set forward an insurmountable

Too muth data to _Ptask. They want to see it all, but there is just too
visualize it all, huh? much.
Dan

N ,.{,.&arpen your penci
& Dan seems to think that an excess of data is a real problem for

someone trying to design good data visualizations. Do you think
that what he is saying is plausible? Why or why not?
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the more data the betier

rpen your pencil
"N &]Iutlun Is Dan being reasonable when he says it's too hard to do good
- visualizations when there is too much data?

H L3 ] . [ [:] L
oo muc a a Is I LD Resgrue TimeDnSite  Pagesows Remeamifres
2 1 16 5 1 2
1 | 1 & 1 3 i
4 3 5 7 9 3 2
hever your problem e
& 5 1 ] T4 3 L
= ! L S i e
I UsriDl m ¥ - A L] [:] r
5 d b 1 k 2 q & : LiseriD J Rewriue i 'I'-rwem'snem Pageyoen ” Rwﬂ\'-l-ﬂ;?
1 B 1
It’s casy to get scare Yy looKIng ata : :I: ::- A : + e L5
L] 3 1r Fel 51}
lot of data. : i kL 2 :—-. bl
. x o [] [ 4 1]
@ 1 UeeriD Bavenue 6]
2 3 i L n
1 serdl 5 i BF a2
2 F 1 n L
1 ] a n n
A [ H o al
z ¥ [ 4 ¥¥
[ ? £ w
So... much... datalll : 3 " u !
(1] 9 1 L
9 1] i 55 1
19 12 1 = &
i 13 12 5 4
iz T} 13 A W
] 15 " L} a8
14 16 5 &Y
17 16 7
(L] iy 8
19 i BS
20 e £
e ]

But knowing how to deal with what seems like a

lot of data is easy, too. Some of this stuff is
9oing 1o be useful o You.

If you’ve got a lot of data and aren’t sure what
to do with it, just remember your analytical And some of it won't
objectives. With these in mind, stay focused on be useful 4o you

the data that speaks to your objectives and ignore

the rest.
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visualization

Duh. The problem is not too much
data; the problem is figuring out how
to make the data visually appealing.

Oh, really? Do you think it’s
your job as a data analyst
to create an aesthetic

experience for your clients?

Making the data pretty
ish’t your problem either

If the data visualization solves a client’s
problem, it’s always attractive, whether it’s
something really elaborate and visually
stimulating or whether it’s just a plain ol’
table of numbers.

Making good data visualizations is just like
making any sort of good data analysis. You
just need to know where to start.

—

What do You think the

, So how do you use a big pile of data with a
tlient’s looking for?

bunch of different variables to evaluate your
objectives? Where exactly do you begin?
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compare well

Pata visvalization is all about
making the right comparisons e e e

revenue, the time our visitors spend on
the site, and return visits to the site.

To build good visualizations, first identify what are the
fundamental comparisons that will address your client’s
objectives. Take a look at their most important spreadsheets:

(0]
Heve's Home Page #3 0
e —
L= A E [ #] E
1 UserID Revenue TimeQnSite  Pageviews ReturnVisits
2 1 92 34 31 ]
3 2 59 12 10 9
4 3 77 41 2
5 4 Yy A . - T  paweiom - - Think abou‘{: {:hc
B 5 . .
7 & 1 |UserlD Revenue TimeOnSite Pageviews  ReturnVisits Comyawson’s that ‘F'Al‘cl"
] 7 2 L 16 5 11 2 our tlient’s objectives.
. . 5 5 T4 e 23 3 Y ent ochd‘Elvcs
10 -] 4 a 5 7 9 3
11 10 5 4 17 5 10 5
12 11 ] 5 i0 5 24 2
13 12 7 (] 11 5 . ——
14 13 ] 7 15
15 14 ] 8 2= , L k-
16 is 10 P 121 1 UserlD Revenue TimeQnSite  Pageviews Retumiisits
17 16 11 10 E-V- 2 1 19 16 54 12
18 17 12 11 7 3 2 26 12 47 14
19 18 13 12 g ¢ 3 25 17 25 10
20 19 14 11 s 5 4 12 5| 21 21
21 20 15 14 a4l © 5 13 16 51 7
ol 7 ] 23 10 32 4
- ] 7 101 16 35 10
] 29 18 42 7
k| 19 20 61 2
10 25 14 37 18
11 11 16 41 7
12 53 17 37 14
13 i 14 37 13
14 18 11 28 14
15 25 12 56 17
16 62 16 49 12
17 &0 12 63 11
Heve! i 18 57 12 4 3
eve's Hom 20 19 28 13 39 13
¢ Paac #2' 21 20 31 13 45 4

SHR | AN

While New Army has more data than

these three sheets, these sheets have the Heve's Home Page #I
comparisons that will speak directly to what

they want to know. Let’s try out a comparison

now. ..
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visualization

N .-;;iSI\ﬁrpen your pencil

Take look at the statistics that describe the results for Home Page #1. *
Plot dots to represent each of the users on the axes below.

Use your spreadsheet’s average formula (AVG) to calculate the average L@&d ﬂwis'
Revenue and TimeOnSite figures for Home Page #1, and draw those
numbers as horizontal and vertical lines on the chart. *
) Lor +h www. headfirstlabs.com/books/hfda/
This value vepresents the New Aemy's goals tor the average hfda_ch04_home_page1.csv
number of minutes eath user spends on the website.
\
Home Page #1
o T
[ |
!
S !
8 ] :
!
o 1
g 8 - .
c 1
(0] |
> 1
& g \
o = R i e
I
!
S - :
!
!
© !
I [ I I I
0 10 20 30 40
TimeOnSite

How do the results you see compare to their
goals for revenue and time on site?

This value vepresents the
90al New Avrmy has for
the average amount of
money eath user spends.
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your

_ & S_harpen your pencil
\ N &Iutmn How did you visualize the Revenue and
- TimeOnSite variables for Home Page #1?

Home Page #1

o
S — \ o
A I
I
: Heve's the average amount of
8 ] ! fime spent on the website.
| \J
I
I
I O
o _ I
g o : S
c
) , O
3 .
o |
o e e e it

How do the results you see compare to their
goals for revenue and time on site?
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data visualization

Your visualization is already more
useful than the rejected ones

Now that’s a nice chart, and it’ll definitely be useful
to your client. It’s an example of a good data

visualization because it... Heve’s another feature

of gvrca{ visualizations.
= Shows the data

= Makes a smart comparison

= Shows multiple variables

Summar\/
| AN
Home, Page #1 a New Army
blue % keyw;:dnclicks
8_ 7 g{ ° N “ : lew Army website
! Data point ‘_"' ERAEERRRER

80
|

()
=3
c
e
€ o d oo\
¥ Summar\/
7\ 680
o _| 0]
N o

Vaviable Vaviable

So what kind of chart
is that? And what can
you actually do with i+?

you are here » 123
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for causes

Use scatterplots to explore causes

Scatterplots are great tools for exploratory data
analysis, which is the term statisticians use to describe
looking around in a set of data for hypotheses to test.

Analysts like to use scatterplots when searching for causal
relationships, where one variable is affecting the other.
As a general rule, the horizontal x-axis of the scatterplot
represents the independent variable (the variable

we imagine to be a cause), and the vertical y-axis of a

scatterplot represents the dependent variable (which we Heve's a scatterplot.
imagine to be the effect). @)
A
O
Heve's the ekfect. 8
o Each of these dots
\Dependent vepresents an observation,
Variable ° o in this tase a user

on the website.

\

Independent Variable

[t's a good idea to use little civeles for ,
your stattevplots, because they've easier Here's the cause.
1o see when they overlap than dots.

You don’t have to prove that the value
of the independent variable causes
the value of the dependent variable,
because after all we’re exploring the
data. But causes are what you're

That's cool, but there is a lot more
data than two variables, and a lot

looking for. more comparisons to be made. Can
we plot more variables than just
two?
|
b -
124
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The best visvalizations are
highly wmultivariate

A visualization is multivariate if it compares three or
more variables. And because making good comparisons
1s fundamental to data analysis, making your
visualizations as multivariate as possible makes it
most likely that you’ll make the best comparisons.

And in this case you’ve got a bunch of variables.

[ Tata”
=3 A
1 UserlD
| 2 1
3 F
4 3
5 i Xal
[ 5 3
| 7 & 1
A 7 ] 1
| 9 & 1 1
10 ] 4 3
11 1@ 3 4
12 11 B 5
13 12 7 [ .
] 4 > 3
- p 1 UseriD Rerverium TimeDnSite
F) 1 19 16
3 2 26 12
L] 3 26 17
5 4 12 21
& 5 13 1B
7 [] 23 1]
B ¥ 101 16
-] B 29 1%
9 19 20
10 25 14
1 11 16
12 53 17
13 4 14
14 1B 11
15 25 12
18 &2 16
17 &b 12
18 57 1z
19 8 13
20 31

Thevre's a lot of opportunit:
for tomparisons herc,’ ‘M

data visualization

You have multiple variables.

[4]
Pageviews

13

E
Refurnigts
12
14
Ia
21

How would you make the scatterplot visualization
you've created more multivariate?
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multivariate

Show wore variables by

looking at charts together

One way of making your visualization more

multivariate is just to show a bunch of similar

scatterplots right next to each other, and here’s an

example of such a visualization.

All of your variables are plotted together in

this format, which enables you to compare a
huge array of information right in one place.
Because New Army is really interested in revenue

comparisons, we can just stick with the charts

that compare TimeOnSite, Pageviews, and

ReturnVisits to revenue.

Hevre's the thart that you ereated.

This graphic was eveated
with a open sourte softwave
program talled R, whith \/ou)“
learn move about later-

\/7

126

The dotted lines
vepresent New

Avmy’s goals.

The solid lines are
the averages for
that home page.

A

Revenue
40

Revenue

80

Revenue
40

Home Page #1

0 10 20 30 40

TimeOnSite

Home Page #2

TimeOnSite

Home Page #3

TimeOnSite

Revenue

Revenue

Revenue

80

40

80

40

Home Page #1

Pageviews

Home Page #2

Pageviews

Home Page #3

Pageviews

Revenue

Revenue

Revenue

80

40

80

40

Home Page #1

ReturnVisits

Home Page #2

ReturnVisits

Home Page #3

ReturnVisits
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visualization

You've just created a pretty complex visualization. Look at it and
think about what it tells you about the stylesheets that New Army
decided to test.

_ .-g.&arpen your penci

Do you think that this visualization does a good job of showing the data? Why or why not?

Just looking at the dots, you can see that Home Page #2 has a very different sort of spread
from the other two stylesheets. What do you think is happening with Home Page #2?

Which of the three stylesheets do you think does the best job of maximizing the variables
that New Army cares about? Why?
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analyze the

_ & S_harpen your pencil
\ N &Iutmn Does the new visualization help you understand the comparative
: performance of the stylesheets?

Do you think that this visualization does a good job of showing the data? Why or why not?

Just looking at the dots, you can see that Home Page #2 has a very different sort of spread
from the other two stylesheets. What do you think is happening with Home Page #2?

Which of the three stylesheets do you think does the best job of maximizing the variables
that New Army cares about? Why?
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therejare no
b Questions

Dum

Q: What software tool should | use to create this sort of
graphic?

A: Those specific graphs are created in a statistical data analysis
program called R, which you’re going to learn all about later in

the book. But there are a number of charting tools you can use in
statistical programs, and you don’t even have to stop there. You

can use illustration programs like Adobe lllustrator and just draw
visualizations, if you have visual ideas that other software tools don’t
implement.

Q} What about Excel and OpenOffice? They have charting
tools, too.

A: Yes, well, that's true. They have a limited range of charting
tools you can use, and you can probably figure out a way to create a
chart like this one in your spreadsheet program, but it's going to be
an uphill battle.

Q: You don’t sound too hot on spreadsheet data
visualizations.

A: Many serious data analysts who use spreadsheets all the time
for basic calculations and lists nevertheless wouldn’t dream of using
spreadsheet charting tools. They can be a real pain: not only is there
a small range of charts you can create in spreadsheet programs, but
often, the programs force you into formatting decisions that you might
not otherwise make. It's not that you can’t make good data graphics
in spreadsheet programs; it's just that there’s more trouble in it than
you'd have if you learned how to use a program like R.

Q: So if I'm looking for inspiration on chart types, the
spreadsheet menus aren’t the place to look?

visualization

A: No, no, no! If you want inspiration on designs, you should
probably pick up some books by Edward Tufte, who’s the authority on
data visualization by a long shot. His body of work is like a museum
of excellent data visualizations, which he sometimes calls “cognitive
art.”

Q} What about magazine, newspapers, and journal articles?

A: It's a good idea to become sensitive to data visualization
quality in publications. Some are better than others when it comes

to designing illuminating visualizations, and when you pay attention
to the publications, over time, you'll get a sense of which ones do a
better job. A good way to start would be to count the variables in a
graphic. If there are three or more variables in a chart, the publication
is more likely to be making intelligent comparisons than if there’s one
variable to a chart.

Q} What should | make of data visualizations that are
complex and artistic but not analytically useful?

A: There’s a lot of enthusiasm and creativity nowadays for
creating new computer-generated visualizations. Some of them
facilitate good analytical thinking about the data, and some of them
are just interesting to look at. There’s absolutely nothing wrong
with what some call data art. Just don’t call it data analysis unless
you can directly use it to achieve a greater understanding of the
underlying data.

Q: So something can be visually interesting without being
analytically illuminating. What about vice versa?

A: That's your judgement call. But if you have something at stake
in an analysis, and your visualization is illuminating, then it's hard to
imagine that the graphic wouldn’t be visually interesting!

Let’s see what the
client thinks...
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communicate

The visualization is great, but the

web guru’s not satisfied

You just got an email from your client, the
guru at New Army, assessing what you cre
for him. Let’s see what he has to say...

yet

web
ated

Niee!
Here's a

reasonable

‘\uc@/

To: Head First
From: New Army Web Guru
Re: My explanation of the data

| Your designs are excellent and we're
pleased we switched to you from the other
guy. But tell me something: why does
Home Page #3 perform so much better

> than the others?

All this looks really reasonable, but | still
want to know why we have these results.
I've got two pet theories. First, | think that
Home Page #3 loads faster, which makes
the experience of the website more snappy.
Second, | think that its cooler color palette
is really relaxing and makes for a good
shopping experience. What do you think?

He's short and sweet. What can
You do with his vco\ucs{:?

Looks like your
tlient has some
ideas o‘c his own
about why the
data looks the
way it looks.

130

He wants to know about causality.

Knowing what designs work only takes him so
far. In order to make his website as powerful
as possible, he needs some idea of why people
interact with the different home pages the way
they do.

And, since he’s the client, we definitely need to
address the theories he put forward.

Download at Boykma.Com



data visualization

Good visual designs help you
think about causes

Your and your client’s preferred model will
usually fit the data.

This model vepresents your
favorite hypothesis or
explanation of the data.

N s

=" O\

Of tourse the model fits... that’s
why it seems most Plausible 4o You.

But there are always other possibilities,
especially when you are willing to get
imaginative about the explanations.
What about other models?

This model fits, tool

This one’s no good-

On the surface, this model has a diffevent I£ the data is true, this
shape, but it totally accommodates the data. model ¢an't be true.

You need to address alternative causal models
or explanations as you describe your data
visualization. Doing so is a real mark of integrity: it
shows your client that you’re not just showing the version
of the story that you like best: you’re thinking through
possible failure points in your theories.

you are here » 131
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the boss’s

The experiment designers weigh in

The experiment designers saw the web guru’s
theories and sent you some of their thoughts.
Perhaps their input will enable you to evaluate
the web guru’s hypotheses about why some
home pages performed better than others.

To: Head First
From: New Army experiment designers

Re: The boss’s ideas Heve's what the experiment
. o designers think about
He thinks that page loads count? That the Livst h\/yothcsis.

could be. We haven't taken a look at the
data yet to see for sure. But in our testing,
#2 was the fastest, followed by #3, and
then #1. So, sure, he could be right.

As for the cooler color palette, we kind

of doubt it. The color palette of Home
Page #3 is coolest, followed by #2, then
#1, by the way. There’s research to show
that people react differently, but none of it
has really persuaded us.

Here's their vesponse to
the setond h\/yo{hcsis.

We better take a look at the data
to see whether it confirms or
disconfirms these hypotheses.
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visualization

| f\ShaiFﬁn your percl

Let’s take a look at the data to see whether the bosses hypotheses fit.
Does the data fit either of the hypotheses?

Hypothesis 1: The snappy performance of
snappy web pages accounts for why Home
Page #3 performed best.

8 g 8
i E] | El B
......................................................... § ° § o | s |
EE < % < g ~
o o o
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Hypothesis 2:The relaxing, cool color TimeOnSite Pageviews ReturnVisits
palette of Home Page #3 accounts for why it Home Page #3 Home Page #3 Home Page #3
performed best. - —
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N s | 48] S
g o s ] : o]
......................................................... Eac) N B % Al g A
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Home Page #1

Do the web gwu's
h\/‘?o{‘)\cses £it this data?

Home Page #1

Home Page #1

TimeOnSite

Pageviews

0 5 10 20 30

ReturnVisits
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fitting

_ @aoharpen your pencil
N f&n 4 SalEfiun

Hypothesis 1: The snappy performance of
snappy web pages accounts for why Home
Page #3 performed best.

This ean't be true, since #3 isn't the

Hypothesis 2: The relaxing, cool color
palette of Home Page #3 accounts for why it
performed best.

How well did you find the web guru’s hypotheses

to fit the data?

Home Page #1
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visualization

The experiment designers have
some hypotheses of their own

They’ve had an opportunity to take
a look at your scatterplots and sent
you some of their own thinking To: Head First

about what's going on. These From: New Army experiment designers

people are data junkies, and their Re: We don’t know why Home Page #3 is stronger
hypotheses definitely fit.

We're delighted to hear that #3 is the best, but we really don’t
know why. Who knows what people are thinking? But that is
actually OK: as long as we’re showing improvement on the
business fundamentals, we don’t need to understand people
in a deep way. Still, it's interesting to learn as much as we
can.

Here's what the expeviment
designers want to do next.

The stylesheets are really different from each other in many
ways. So when it comes to isolating individual features that
might account for the performance differential, it's hard. In the
future, we'd like to take Home Page #3 and test a bunch of
subtle permutations. That way, we might learn things like how
Maybe it's fonts and layout. button shape or font choice affect user behavior.

&) But we conjecture that there are two factors. First, Home
Page #3 is really readable. We use fonts and a layout that

are easy on the eyes. Second, the page hierarchy is flatter.

Maybe it's hievavehy You can find pretty much everything in three clicks, when

of the pages. “1 for Home Page #1 it takes you more like seven clicks to find
what you want. Both could be affecting our revenue, but we

need more testing to say for sure.

N -gﬁarpen your pencil

On the basis of what you've learned, what would you recommend
to your client that he do regarding his web strategy?
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happy

_ --g{ﬁrpan your pencil

K &Iutmn What would you tell your client to do with his website on the
: bases of the data you visualized and the explanatory theories you
evaluated?

The client is pleased with your work

You created an excellent visualization
that enabled New Army to quickly and
simultaneously assess all the variables
they tested in their experiment.

Very cool. I agree with your assessments of
the hypotheses and your recommendation.
I'm implementing Home Page #3 for our

e website. Job well done.
And you evaluated that visualization in

light of a bunch of different hypotheses,
giving them some excellent ideas about
what to test for in the future.
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Orders are coming in
from everywhere!

Because of the new website, traffic is
greater than ever. Your visualization of
the experimental results showed what
they needed to know to spruce up their
website.

New Army sent you these shivts as a thank—you.

data visualization

Even better, New Army has embarked
on a continuous program of
experimentation to fine-tune their new
design, using your visualization to see
what works. Nice job!

k Hope they fit!

New Avmy's optimized website
is veally paying off.

Download at Boykma.Com
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5 hypothesis testing

oy *
L sayitaint so

That marlin I caught was 10,000
pounds, and we had to let it go before
it sank the boat... what? Well I'd like
to see you prove me wrong!

The world can be tricky to explain.

And it can be fiendishly difficult when you have to deal with complex, heterogeneous data
to anticipate future events. This is why analysts don’t just take the obvious explanations
and assume them to be true: the careful reasoning of data analysis enables you to
meticulously evaluate a bunch of options so that you can incorporate all the information

you have into your models. You're about to learn about falsification, an unintuitive but
powerful way to do just that.

this is a new chapter 139
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electroskinny

Gimwme some skin...

You’re with ElectroSkinny, a maker of
phone skins. Your assignment is to figure
out whether PodPhone is going to release
a new phone next month. PodPhone is a
huge product, and there’s a lot at stake.

With my active lifestyle, I need a
great skin for my PodPhone, that's
why I'm all about ElectroSkinny!

EleetroSkinny hipster

N -

PodPhone will release a phone at some point
in the future, and ElectroSkinny needs to start
manufacturing skins a month before the phone
is released in order to get in on the first wave of
phone sales.

If they don’t have skins ready for a release, their
competitors will beat them to the punch
and sell a lot of skins before ElectroSkinny

can put their own on the market. But if they
manufacture skins and PodPhone isn’t released,
they’ll have wasted money on skins that no
one knows when they’ll be able to sell.

140
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hypothesis testing

When do we start making
"ew pho“e Ski"S? Does ElectroSkinny

manufacture the skin?

The decision of when to start
manufacturing a new line of skins is a

big deal.

N\
o~

Heve's Your tlient, the
Elcc‘[:voSkinn\/ CEO.

New
PodPhone
delayed

New
PodPhone
out

K\ /

™ o

I£ PodPhone veleases, — =
we want our skins “

manu‘pad:wcd‘

\,

tions

PodPhone releases are always a surprise, so /\ These are the situa

ElectroSkinny has to figure out when they’re about we vant to avoid.

to happen. If they can start manufacturing a month
before a PodPhone release, they’re in great shape.

I£ theve's a delay, but Elcé‘{:\rogkinh\/ hasn't

help them? )
Can you help them started manufacturing, they've in great shape.

_ m&erpm your penci

What sort of data or information would help you get
started on this analytical problem?

you are here » 141
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scant data

e oharpen your pencil
\ &F&n y s{lllljt-lﬂﬂ

What do you need to know in order to get started?

PodPhone doesn’t want you
to predict their next move

PodPhone takes surprise seriously: they really
don’t want you to know what they’re up to. So you
can’t just look at publicly available data and expect
an answer of when they’re releasing the PodPhone
to pop out at you.

These data points veally aven't
g0ing o be of much help...

.unless you've got a veally smart

way to think about them.

~_ -

You need to figure out how to compare the data
you do have with your hypotheses about when
PodPhone will release their new phone. But first,
let’s take a look at the key pieces of information
we do have about PodPhone...

142

PodPhone knows \/ou'” see all this information, so they
won't want any of it to let on their velease date.

Stuff that

Blogs
everyone

1(110WS Patents

Phone specs
for accessory
manufacturers

Consumer news

PodPhone
government filings

Public economic data

Specs for accessory
manufacturers

Competitor product lines

PodPhone press releases
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hypothesis

Here’s everything we know

Here’s what little information ElectroSkinny has been
able to piece together about the release. Some of it is
publicly available, some of it is secret, and some of it

1S TUMOT.

PodPhone has
invested more in
the new phone
than any other
company ever
has.

There is going to
be a huge increase
in features

CEO of PodPhone
said “No way we're
launching the new

compared to phone tomorrow.”

competitor phones.

There was just a
big new phone
released from a
competitor.

CEO of
Elcc{rogkinn\/

Internally, we don't expect a release, because their
product line is really strong. They'll want to ride out their
success with this line as long as possible. I'm thinking we

should start several months from now...

The economy There is a rumor
and consumer that the PodPhone
spending are both CEO said there'd
up, so it's a good be no release for
time to sell phones. a year.

_ @VAuu
‘PQWEWR
Do you think her hypothesis makes sense

in light of the above evidence we have to
consider?
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fits

ElectroSkinny’s analysis

does fit the data

The CEO has a pretty straightforward account of step-
by-step thinking on the part of PodPhone. Here’s what

she said in a schematic form:

PodPhone’s
current product
line is strong.

\»

This model of the world

1ci{:$ Your evidente. \_/

Here's what the ElectroSkinny CEO thinks
is going o be PodPhone’s ‘U\inking.

PodPhone will want
to ride out their
success for now.

This model or hypothesis fits the evidence, because
there is nothing in the evidence that proves the model
wrong. Of course, there is nothing in the evidence that

strongly supports the model either.

\ The new product

release will be
delayed.

Nothing in heve that disagrees
with EleetroSkinny's hypothesis.

PodPhone has
invested more in
the new phone
than any other
company ever
has.

There is going

to be a huge
increase in
features compared
to competitor
phones.

CEO of PodPhone
said “No way we're
launching the new
phone tomorrow.”

There was just a
big new phone
released from a
competitor.

144

The economy

and consumer
spending are both
up, so it's a good
time to sell phones.

There is a rumor
that the PodPhone
CEO said there'd
be no release for
ayear.

Seems like pretty

solid reasoning...
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hypothesis

ElectroSkinny obtained this
confidential strategy memo

ElectroSkinny watches PodPhone
really closely, and sometimes stuff like
this just falls in your lap.

PodPhone phone release strategy memo
We want to time our releases to maximize sales and to
beat out our competitors. We have to take into-account a

. variety of factors to do it.
This strategy memo outlines a v

number of the factors that PodPhone
considers when it’s calculating its
release dates. It’s quite a bit more
subtle than the reasoning the
ElectroSkinny CEO imagined they

are using.

Can this memo help You (:igwc out
when @ new PodPhone will be veleased?

First, we watch the economy, because an increase in
overall economic performance drives up cOnsumer
spending, while economic decline depresses consumer
spending. And consumer spending is where all phone
sales comes from. But we and our competitors are after
the same pot of consumer spending. Every phone we sell
is one they don’t sell, and vice versa.

We don’t usually want to release a phone when they have
a new phone on the market. We take a bigger bite out

of competitor sales i’ we release when they have a stale
product portfolio.

Our suppliers and internal development team place
limits on our ability to drop new phones, too.

_ .g;,&arpen your pencil
& '{:ink carefully about how PodPhone thinks the variables mentioned in

the memo rel.ate. Do the pairs below rise and fall together, or do the

in opposite directions? Write a “+" or “-"i : You

in each ci i
ok circle depending on your

Put 3 “4” in eath civele if the two
vaviables vise and fall {:ogc{:hc?

Write a “-” sign if the variables move in opposite divections.

Economy e Competitor PodPhone

4—(:)—> Spending Product <—O—> Product

Releases Releases

PodPhone PodPhone

Sales <—O—> Product E —(O— PodPh

Releases conomy Sa";;ne
Supplier PodPhone PodPh . O |
one i
Output O Sales Sales CO;:‘::;"(O"
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linked

n

our pencil

- iy

Solution

Edonom\/ goes up, so does
tonsumer spending,

In the mind of PodPhone, how are the pairs of variables below
linked to each other quantitatively?

[£ a competitor has a

vecent produtt release,

PodPhone avoids veleasing.

L} PodPhone

ST Competitor
Economy 4—@—» Soendin Product 4—(:)—> Product
P 9 Releases Releases
PodPhone
PodPhone PodPhone
el —()— Product Economy | «—(+)—» e
Releases
Supplier @ PodPhone PodPhone | @ Competitor
Output Sales Sales Sales
Evcvy phone PodPhone sells is a phone that j

their competitor doesn't sell, and vice versa.

Variables can be negatively
or positively linked

When you are looking at data variables, it’s a good
idea to ask whether they are positively linked,

Here are a few of the other
velationships that ¢an be vead
Lrom PodPhone'’s S‘Era{:cgy memo.

Download at Boykma.Com

where more of one means more of the other (and PodPhone Internal
vice versa), or negatively linked, where more of Product 4_®_> develqpment
one means less of the other. Releases activity
On the right are some more of the relationships
PodPhone sees. How can you use these relationships -
to develop a bigger model of their beliefs, one Competitor Cgr::)%e::fr
that might predict when they’re going to release their Sales @
Releases
new phone?
Competitor PodPhone
Product <+—()— | Product
. linked Releases Releases
These ave all positively linked.




hypothesis

Let’s tie those positive and negative links between
variables into an integrated model.

_ sg{ﬁrpen your pencil

Using the relationships specified on the facing page,
draw a network that incorporates all of them.

These two velationships

ave alveady done. Consumer
Spending
Economy
PodPhone
Sales

147
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networked

_ & S_harpen your pencil
\ % &Iutlun How does your model of PodPhone’s worldview look once you've
- put it in the form of a network?

There are a bunth of {:h‘mgs going on here.

Consumer
Spending

Economy

\@/' Competitor
Competitor @ > Product
Sales Releases

PodPhone
PodPhone

Sales ‘®-> Product
Releases

PodPhone seems o be
wafthihg the infcrat‘.{:ion
O‘p alot o‘c vaviables.

Supplier Internal
Output development

activity

One of these cant \rca“\/ thange without
affecting all the other variables.

148
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hypothesis

Causes in the real world are
networked, not linear

Linearity is intuitive. A linear explanation
of the causes for why PodPhone might

decide to delay their release is simple and
straightforward.

PodPhone's strateay memo suggests that

theiv {:hinking is movre Com‘?lcx than this.
PodPhone’s
current product
line is strong.
\ PodPhone will want
to ride out their
success for now.
Thls IS ‘gi\l £oo Si"\PIC-
\ The new product
release will be
But a careful look at PodPhone’s strategy report delayed.
suggests that their actual thinking, whatever the

details are, is much more complex and sophisticated
than a simple linear, step-by-step diagram would
suggest. PodPhone realizes that they are making
decisions in the context of an active, volatile,
interlinked system.

As an analyst, you need to see beyond simple models
like this and expect to see causal networks. In

the real world causes propagate across a network of
related variables. .. why should your models be any
different?

So how do we use that to figure out
when PodPhone is going to release their
new phone? What about the data?

149
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generate

Hypothesize PodPhone’s options

Sooner or later, PodPhone is going to release a
new phone. The question is when.

And different answers to that question are your e

hypotheses for this analysis. Below are a
few options that specify when a release might
occur, and picking the right hypothesis is what

ElectroSkinny needs you to do.

You'll somehow combine Your
hypotheses with this evidence
Here ave a few estimates and PodPhone’s mental
of when the new PodPhone model to 3:{ Your answer.
might be veleased.

PodPhone has
invested more in
the new phone
than any other
company ever
has.

There is going
to be a huge
increase in

features compared
to competitor
phones.

CEO of PodPhone
said “No way we're
launching the new
phone tomorrow.”

The economy
and consumer
spending are both

There was just a
big new phone

released from a
competitor.

up, so it's a good
time to sell phones.

Your evidence

There is a rumor
that the PodPhone
CEO said there’'d
be no release for
ayear.

4 N

H1:
Release
will be

t

H2:
Release
will be next

month

H3:
Release will
be in six

H4:
Release will
be in a year

H5:

150

No release,
Your product ‘é\
hypotheses canceled

The hypothesis that we consider
strongest will determine

E|cd:!ro$kinn\/’s manmca(.{:u\ring sthedule.
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You have what you need to
run a hypothesis test

Between your understanding of PodPhone’s
mental model and the evidence, you have
amassed quite a bit of knowledge about the
1ssue that ElectroSkinny cares about most:
when PodPhone is going to release their
product.

®

You just need a method to put all this
intelligence together and form a solid
prediction.

®)

Your l)ig

preJiction

Here's what
Elcd:roSkinny's
|ook'm5 ‘COY‘!

Consumer
Spending

Competitor
Sales

PodPhone
Sales

Supplier
Output

But how do we do it? We've already seen
how complex this problem is... with all that
complexity how can we possibly pick the
right hypothesis?

Download at Boykma.Com

hypothesis

Here's the variable

Product
Releases

Competitor

PodPhone
Product
Releases

development

Internal

activity

PodPhone’s mental model

You tave most abou{:-
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falsify

Falsification is the heart
of hypothesis testing

Don’t try to pick the right hypothesis; just
eliminate the disconfirmed hypotheses.
This is the method of falsification, which is
fundamental to hypothesis testing.

Picking the first hypothesis that seems best is called
satisficing and looks like this:

Don’t satistice!

H1: H2: H3: Ha: H5:
Release Release Release will . r\ii rere,
" N R Release will
will be will be next be in six be in a vear ct
tomorrow month months y cahceled
Satisficing is really simple: it’s picking the first This is Sa{‘sw
option without ruling out the others. On the
other hand, falsification looks like this:
Falsification is more reliable.
H1: H2: H3: 4 H5:
e e Re ill Reld will No release,
wil ext b X b & - product
tomorri ontl on canceled
AYN

It looks like both satisficing and falsification
get you the same answer, right? They don’t
always. The big problem with satisficing is
that when people pick a hypothesis without
thoroughly analyzing the alternatives, they
often stick with it even as evidence piles up
against it. Falsification enables you to have

a more nimble perspective on your
hypotheses and avoid a huge cognitive trap.

152
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This is all that's left. )

Use falsification in hypothesis
testing and avoid the Janger
of satisficing.




hypothesis

_ & S_harpen your pencil
\ "N Give falsification a try and cross out any hypotheses that are
: falsified by the evidence below.

H1: H2: H3: Ha: H5:
Release Release Release will . No release,
. . L Release will
will be will be next be in six . product
bein a year
tomorrow month months canceled

Heve are your hypotheses.

Heve's your evidence.

AN

Which ones do Yyour evidente suggest ave wrong?

PodPhone has
invested more in
the new phone
than any other

company ever
has.

There is going

to be a huge
increase in
features compared
to competitor
phones.

CEO of PodPhone
said “No way we're
launching the new
phone tomorrow.”

There was just a
big new phone
released from a
competitor.

The economy

and consumer
spending are both
up, so it's a good
time to sell phones.

There is a rumor
that the PodPhone
CEO said there'd
be no release for
ayear.

Why do you believe that the hypotheses you picked are falsified by the evidence?
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hypotheses eliminated

N r.&arpen your pencil

i &]Iutmn Which hypotheses did you find to be falsified?

l!l’ H2: H3:

. H4:
j e Release Release will .
. R Release will
will be next be in six

A month months sl pEEr

PodPhone has

There is going

invested more in to be a huge
the new phone increase in

than any other features compared
company ever to competitor
has. phones.

This evidente

CEO of PodPhone
said “No way we're
launching the new

phone tomorrow.”

This evidente

vules out HS. colos ook HI.
There was just a The economy There is a rumor
big new hJone and consumer that the PodPhone
re?easedpfmm a spending are both CEO said there’'d
competitor. up, so it's a good be no release for
P ' time to sell phones. ayear.
Why do you believe that the hypotheses you picked are falsified by the evidence?
Hl is definitely falsified by the evidente, betause the CEO has gone on vetord saying that there was no way

154 Chapter 5
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Q: Falsification seems like a really
elaborate way to think about analyzing
situations. Is it really necessary?

A: It's a great way to overcome the
natural tendency to focus on the wrong

answer and ignore alternative explanations.

By forcing you to think in a really formal
way, you'll be less likely to make mistakes
that stem from your ignorance of important
features of a situation.

Q: How does this sort of falsification
relate to statistical hypothesis testing?

A: What you might have learned in
statistics class (or better yet, in Head
First Statistics) is a method of comparing
a candidate hypothesis (the “alternate”
hypothesis) to a baseline hypothesis (the
“null” hypothesis). The idea is to identify a
situation that, if true, would make the null
hypothesis darn near impossible.

Q: So why aren’t we using that
method?

A: One of the virtues of this approach
is that it enables you to aggregate

thereqare no R
Dumb Questions

heterogenous data of widely varying quality.
This method is falsification in a very general
form, which makes it useful for very complex
problems. But it's definitely a good idea to
bone up on “frequentist” hypothesis testing
described above, because for tests where
the data fit its parameters, you would not
want to use anything else.

Q_: I think that if my coworkers saw
me reasoning like this they’d think | was
crazy.

A: They certainly won't think you're crazy
if you catch something really important.

The aspiration of good data analysts is to
uncover unintuitive answers to complex
problems. Would you hire a conventionally
minded data analyst? If you are really
interested in learning something new about
your data, you'll go for the person who thinks
outside the box!

Q: It seems like not all hypotheses
could be falsified definitively. Like
certain evidence might count against a
hypothesis without disproving it.

A: That's totally correct.

Download at Boykma.Com

Nice work! I definitely know more now
than I did when I brought you on board.
But can you do even better than this?
What about eliminating two more?

hypothesis

Qj Where’s the data in all this? I'd
expect to see a lot more numbers.

A: Data is not just a grid of numbers.
Falsification in hypothesis testing lets you
take a more expansive view of “data” and
aggregate a lot of heterogeneous data. You
can put virtually any sort of data into the
falsification framework.

Q: What's the difference between
using falsification to solve a problem and
using optimization to solve it?

A: They're different tools for different
contexts. In certain situations, you'll want to
break out Solver to tweak your variables until
you have the optimal values, and in other
situations, you'll want to use falsification to
eliminate possible explanations of your data.

Q: OK. What if | can’t use falsification
to eliminate all the hypotheses?

A: That's the $64,000 question! Let's see
what we can do...
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beyond

156

We still have 3 hypotheses
left. Looks like falsification

didn't solve the whole problem.
So what's the plan now?

How do you choose among
the last three hypotheses?

You know that it’s a bad idea to pick
the one that looks like it has the
most support, and falsification has
helped you eliminate only two of the
hypotheses, so what should you do

now?
H2: H3:
Release Release will
will be next be in six
month months

H4:
Release will
be in a year

Whieh one of these will You ul‘{:ima‘f:cl\/ consider to be the s{:\rongcs{?
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hypothesis

_ .-g.&arpen your pencil
"N What are the benefits and drawbacks of each hypothesis-
elimination technique?

Compare each hypothesis to the evidence and pick the one that
has the most confirmation.

Just present all of the hypotheses and let the client decide
whether to start manufacturing skins.

Use the evidence to rank hypotheses in the order of which has
the fewest evidence-based knocks against it.

157
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weigh

N .-g,&arpen your pencil

salutlun Did you pick a hypothesis elimination technique that you

L
like best?

Compare each hypothesis to the evidence and pick the one that
has the most confirmation.

Just present all of the hypotheses and let the client decide
whether to start manufacturing skins.

Use the evidence to rank hypotheses in the order of which has
the fewest evidence-based knocks against it.

158

Download at Boykma.Com




hypothesis

Wiait a second. By putting the hypothesis that seems
strongest at the top of the list, don't we run the risk
of satisficing and picking the one we like rather than
the one that's best supported by the evidence?

Not if you compare your
evidence to your hypotheses
by looking at its diagnosticity.

Evidence is diagnestic if it helps you

rank one hypothesis as stronger than

another, and so our method will be to look
3 at each hypothesis in comparison to each

piece of evidence and each other and see
g | which has the strongest support.

Let’s give it a shot...

&Echolar’s Corner L

Diagnosfici‘(:\/ is the abi|i‘[:\/ of evidente to help You
assess the velative likelihood of the hypotheses
\/ou'\rc COnsidcring‘ I«C evidente is diagnos{:ic,

it hclys You vank Your h\/‘?o{:hcscs.
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diagnosticity

Diagnosticity helps you find the hypothesis
with the least disconfirmation

Evidence and data are diagneostic if they help you
assess the relative strengths of hypotheses. The tables The weights you assign to these
below compare different pieces of evidence with several values ave analytically rigorous but
hypotheses. The “+” symbol indicates that the evidence subjective, so use your best judgment.
supports that hypothesis, while the “~” symbol indicates

that the evidence counts against the hypothesis.

This evidente tounts but it veally tounts
In the first table, the evidence is diagnostic. in favor of HI... in favor of HZ.

This evidente is diagnos{jc.

H1 H2 H3

Evidence #1 St ++ -

This evidente doesn't J\

diabl . ) disconfivm H3 outright, but
In the second table, on the other hand, the evidence is it leads us to doubt H3.

not diagnostic.

It equally supports each of these hypotheses.
This evidente is not diagnos{:ic. \( C
H1 H2 H3

Evidence #2 + + +

K [t might seem like an otherwise interesting piece of evidente,

but unless it helps us vank our hypotheses, it's not of muth use.

When you are hypothesis testing, it’s important to
identify and seek out diagnostic evidence. Nondiagnostic
evidence doesn’t get you anywhere.

Let’s try looking at the
diagnosticity of our evidence...
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hypothesis

Take a close look at your evidence in comparison to each of your hypotheses. Use the plus and
A minus notation to rank hypotheses with diagnosticity.
ExerciSe

Q Say whether each piece of evidence supports or hurts each hypothesis.

e Cross out pieces of evidence that aren’t diagnostic.

H2: H3: H4-
Release Release will t
. L Release will
will be next be in six be in a vear
month months y

The investment from PodPhone is the
biggest investment in new phone tech ever.

There is going to be a huge increase in
features compared to competitor phones.
CEO of PodPhone said “No way we’re
launching the new phone tomorrow.”
There was just a big new phone released
from a competitor.

The economy and consumer spending are
both up.

Rumor: PodPhone CEO said there’d be
no release this year.

161

Download at Boykma.Com



remove nondiagnostic evidence

How did you rank your hypotheses?

xetcise
LutiON

(1)
2]

The first three pieces of evidente are not diagnostic
and ¢tan be ignorcd £rom this yoin{: onward.

Cross out pieces of evidence that aren’t diagnostic.

Say whether each piece of evidence supports or hurts each hypothesis.

\{ow answcvs-gis\v\tn*/
be 5\‘5\‘*’\\, dixxe!

H2: H3: H4:
Release Release will C
X L Release will
will be next be in six be in a vear
month months y
espealon PRIgre S | g |
biggestifivestmenitirrnew ph ch ever:
N e S e " e U D C P P Y W o
feat ompar compe ones.
b o o e G U € Y N W Y e\ "
laun the ne one to

There was just a big new phone released

PodPhone tries to avoid 9oing head—to—head
with a tompetitor’s new phone, as you learned.

We don't use this piece of evidente to
«calsi\c\/ HZ and H3, betause it’s a vumor.

from a competitor. s ++ < +

The economy and consumer spending are + + \

both up. \ SN
Rumor: PodPhone CEO said there’'d be +

no release this year. - -

[n six months, the competitor’s new phone
might have faded in popularity, so it'd
be +ime for PodPhone o make a move.

The economy tould be worse in a year
‘F\rom now, so a s’{:\rong ctonomy chaks
in favor of the velease being sooner-

162 Chapter 5
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hypothesis

You can’t rule out all the hypotheses,
but you can say which is strongest

While the evidence you have at your disposal doesn’t
enable you to rule out all hypotheses but one, you
can take the three remaining and figure out which
one has the least disconfirmation from the evidence.

That hypothesis is going to be your best bet until you

know more.
When will PodPhone release a new phone?

Today

| | | |

I I I |

RS 6 months 1 year
/ i 7
This one’s the weakest. K This one’s the strongest. 4his one’s in

the middle.

I'm completely persuaded by this and have
decided not to manufacture skins in the short

term. Hopefully, something will come up that will
let us figure out for sure whether it'll happen in
six months or at some point afterward.

Looks like Your analysis j

had the desived effect.

Too bad we touldn't start manu-cad:uring...
it'd be exciting and lutrative to be
out in front of a PodPhone launth.
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the plot thickens

You just got a picture message...

Your coworker saw this crew of PodPhone
employees at a restaurant just now.

Everyone’s passing around new phones,
and although your contact can’t get close

enough to see one, he thinks it might be the
one.

Why would all these PodPhone
employees be out having a
bash at a vestaurant?

Passing around phones? Evcr\/onc's

seen motk—ups, but why throw
a party for motk—ups?

This is new evidence.

Better look at your hypothesis grid again.
You can add this new information to

your hypothesis test and then run it again.
Maybe this information will help you

distinguish among your hypotheses even
further.

164 Chapter 5
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hypothesis

_ sg{ﬁrp&n your pencil

Do your hypothesis test again, this time with the new evidence.

H2: H3: H4-
Release Release will t
. R Release will
will be next be in six be in a vear
month months y
There was just a big new phone released
from a competitor. - ++ +
The economy and consumer spending are
both up. + + -
Rumor: PodPhone CEO said there'd be +
no release this year. - -

Write down the new J

piece of evidente heve.

o Add new the evidence to the list. Determine the diagnostic strength of

the new evidence.

e Does this new evidence change your assessment of whether PodPhone
is about to announce its new phone (and whether ElectroSkinny should

start manufacturing)?
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incorporate

_ --g{ﬁrpan your pencil

K &Iutmn Did your new evidence change your ideas about the relative
: strengths of your hypotheses? How?

H2: H3: H4-
Release Release will R
. . Release will
will be next be in six be in a vear
month months y
There was just a big new phone released
from a competitor. - ++ +
The economy and consumer spending are
both up. + + -
There is a rumor that CEO isn’t going to +
release this year at all. - -
The development team is seen having a
. . +++ — -
hugc telebration, ho|dm5 new phones.

This is a big one! J\

o Add new the evidence to the list. Determine the diagnostic strength of
the new evidence.

e Does this new evidence change your assessment of whether PodPhone
is about to announce its new phone (and whether ElectroSkinny should
start manufacturing)?
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hypothesis

It’s a launch!

Your analysis was spot on, and ElectroSkinny
was had a line of cool new skins for the new
model of the PodPhone.

Thanks to you, we totally saw that launch
coming and were ready for it with a

bunch of awesome new skins. What's more, our
competitors all thought PodPhone wasn't going
to release a new phone, so we were the only
ones ready and nhow we're cleaning up!

Nice work!
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6 bayesian statistics

iy +
+ Get past first base

He says he's not like
the other guys, but how
different is he exactly?

You’ll always be collecting new data.

And you need to make sure that every analysis you do incorporates the data you have
that'’s relevant to your problem. You've learned how falsification can be used to deal
with heterogeneous data sources, but what about straight up probabilities? The
answer involves an extremely handy analytic tool called Bayes’ rule, which will help you

incorporate your base rates to uncover not-so-obvious insights with ever-changing data.

this is a new chapter 169
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feeling

The doctor has disturbing news

Your eyes are not deceiving you. Your doctor
has given you a diagnosis of lizard flu.

The good news is that lizard flu is not

fatal and, if you have it, you’re in for a full
recovery after a few weeks of treatment. The
bad news is that lizard flu is a big pain in
the butt. You’ll have to miss work, and you

will have to stay away from your loved ones
for a few weeks.

170

LIZARD FLU TEST RESULTS

Date: Today

Name: Head First Data Analyst
Diagnosis: Positive

Here’s some informationson fizard:flu:

Lizard flu is a tropicaldisease,first
observed among lizard researchers in
South America.

The disease is highly.contagious, and
affected pafientsineed to be quarantined
in their homes.for'no fewer than six
weeks.

Patients diagnosed with lizard flu have
been known to “taste the air” and

in extreme cases have developed
temporary chromatophores and
zygodactylous feet.

Your doctor is convinced that you have it,
but because you’ve become so handy with
data, you might want to take a look at the
test and see just how accurate it is.
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bayesian statistics

arpen your pencil

A quick web

search on the lizard flu diagnostic test has yielded

this result: an analysis of the test’s accuracy.

Gl

= e

e [ o s vwws vt et

90%... that looks
pretty solid.

N

Mep-O-PEDIA

LE il 2E2 ]
27 -HsEA
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Cighai
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ol N TR R TR - e AL LA FMIS - B - bt

= H

N, [

— Lizard flu c[iagnostic test

Accuracy analysis

If someone has lizard flu, the probability
that the test returns positive for it is 90
percent.

If someone doesn’t have lizard flu, the
probability that the test returns positive
foritis 9 percent.

LI I I T T S T LT O O O T I
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w5 Wil {6+ Lt Ll ©
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This is an in-[:cv-cs{:ing statistie.

S

In light of this information, what do you think is the probability that
you have lizard flu? How did you come to your decision?
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probabilities

N .;Qarpen your pencil

L

Solution

You just looked at some data on the efficacy of the lizard flu

diagnostic test. What did you decide were the chances that you

have the disease?

percent.

foritis 9 percent.

— Lizard {lu Jiagnostic test — |

Accuracy analysis

If someone has lizard flu, the probability
that the test returns positive for it is 90

If someone doesn’t have lizard flu, the
probability that the test returns positive

In light of this information, what do you think is the probability that
you have lizard flu? How did you come to your decision?

;Watch it!

75% is the answer that most
people give to this sort of
question. And they’re way off.

Not only is 75% the wrong answer,
but it’'s not anywhere near the right

answer. And if you started making decisions with
the idea that there’s a 756% chance you have lizard
flu, you’d be making an even bigger mistake!

There is so much at stake
in getting the answer to
this question correct.

We are totally going to get to the
bottom of this...
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bayesian

Let’s take the accuracy
analysis one claim atf a time — Lizard flu dingnostic test —

There are two different and obviously important Accuracy analysis
claims being made about the test: the rate at which

« ce e . . If someone has lizard flu, the probability
the test returns “positive” varies depending on

that the test returns positive for it is 90

whether the person has lizard flu or not. percent.
Start here i doesn't have lizard flu, th

So let’s imagine two different worlds, one someone doesn't have lizard flu, the

. probability that the test returns positive
where a lot of people have lizard flu and one where for itis 9 percent.
few people have it, and then look at the claim \
about “positive” scores for people who don’t have
lizard flu.

) 4
Let's veally get the meaning
of this statement...

Take a closer look at the second statement
and answer the questions below.

_ .-g.S\harpen your penci

— Lizard flu Jiagnostic test |

Accuracy analysis

If someone doesn’t have lizard flu, the
probability that the test returns positive
for it is 9 percent.

Think veally hard

aboutk £his. \/\/\,\[\,\[\/\/\:\/\/\,\,J\/\/\/\NVN\N

Scenario 1 Scenario 2
If 90 out of 100 people have it, how many If 10 out of 100 people have it, how many
people who don't have it test positive? people who don't have it test positive?
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prevalence

_ & S_harpen your pencil
\ "N &Iutmn Does the number of people who have the disease affect how
- many people are wrongly told that they test positive?

— Lizard flu Jiagnostic test — |

Accuracy analysis

If someone doesn’t have lizard flu, the
probability that the test returns positive
for it is 9 percent.

—~ AN NN AT

Scenario 1 Scenario 2
If 90 out of 100 poeple have it, how many If 10 out of 100 people have it, how many
people who don't have it test positive? people who don't have it test positive?
This means that 10 ycoylc don't have it, so This means that 90 ?coylc don't have it,

We need more data
to make sense of that
diagnostic test...

How common is lizard flu really?

At least when it comes to situations where people
who dor’t have lizard flu test positively, it seems
that the prevalence of lizard flu in the general
population makes a big difference.

In fact, unless we know how many people
already have lizard flu, in addition to the
accuracy analysis of the test, we simply cannot
figure out how likely it is that you have lizard flu.
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bayesian

You've been counting false positives

In the previous exercise, you counted the
number of people who falsely got a positive And heve’s Seenario
result. These cases are called false positives. 2 wheve few people

Heve's Seenario |, wheve lots have the disease.

of people have lizard flu

has lizard flu

doesn’t have
lizard flu

false \/<
positive doesn’t false A\has it

. positive o

have it 9% of the people who
don't have it is qucc a
lo‘{: o«c ‘(:alse Posrf;nvcsl

9% of people who
don't have it is \')usjc

The OPPOSH'C Of a fa'se one Qalsc yosi{:’nvc.
pOSHive is 2 frue "ega‘ﬁve I‘(: you don £ have lizard ¥lu don't have lizard £lu, the Lest vesult

itive or ~Talee vositive or Lrue negative.
In addition to keeping tabs on false positives, you’ve is either false post™ J

also been thinking about true negatives. True

negatives are situations where people who don’t have Fal i "

the disease get a negative test result. dlse positive vate Teue negative vate
If someone doesn’t have lizard flu, the é)

0 né If someone doesn’t have lizard flu, the probability
probability that the test retumns positive that the test returns negative for it is 91%.
for it is 9 percent.

g\ rpen your penci

What term do you think describes this statement, and
what do you think is the opposite of this statement?

If someone has lizard flu, the probability q
that the test returns positive for it is 90

percent.
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conditional probability

— % S_har r pencil
N fen ywScIEfiun

Accuracy analysis

If someone has lizard flu, the probability
that the test returns positive for it is 90
percent.

— Lizard {lu Jiagnostic test

What term would you use to describe the other
part of the lizard flu diagnostic test?

This is the true

positive vate. This is the false

negative vate.

[£ someone has lizard flu, the Probabili{:\/
that he tests negative for it is 10%.

All these terms describe
conditional probabilitfies

A conditional probability in the probability
of some event, given that some other event has
happened. Assuming that someone tests positive,
what are the chances that he has lizard flu?

Here’s how the statements you’ve been using look
in conditional probability notation:

This rcyrcscn{:s

the true yosi{:ivc-w

P(+IL) = 1-P(IL)

This is the probability
of a positive test
vesult, given lizard £lu.

This vepresents
the false negative.

This is the probability of
positive test vesult, given that the
Person doesn't have lizavd fl..

This vepresents
the true negative.

a 4
P(+~L)=1- P(-I~§)

This vepresents

the false positive. The tilde symbol means that

the statement (L) is not true.

Conditiona] Probability Netation Up Close —

Let’s take a look at what each symbol means in this statement:

The probability of lizard flu given a positive test result.

probability ‘Q/ — gjven
(L]+)

lizavd £lu positive test vesult
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false positives, bayesian
true positives,

false negatives, and

true negatives

You need to count

|
Figuring out your probability of having lizard flu is ?iwi m{‘inZa%
all about knowing how many actual people arc : b;bili £y avoupinas?
represented by these figures. pro Y groupingst

P(+|~L), the probability at someone tests positive, given that they don’t have lizard flu
P(+|L), , the probability at someone tests positive, given that they do have lizard flu
P(-|L), the probability at someone tests negative, given that they do have lizard flu

P(-|~L), the probability at someone tests negative given that they don’t have lizard flu.

Yeah, I get it. So
how many people
have lizard flu?

But first you need to know how many people have
lizard flu. Then you can use these percentages to
calculate how many people actually fall into these
categories.

This is the (:igwre you want!/
P(L[+)

What is the probabilit
of lizavd £y, given a !
positive test vesult?
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base rate

1 percent of people have lizard flu

Here’s the number you need in order to interpret
your test. Turns out that 1 percent of the

population has lizard flu. In human terms, that’s cen‘f er for Visease Tl’ackiVIg
quite a lot of people. But as a percentage of the is on _l.op of Iizard ﬂU

overall population, it’s a pretty small number.

One percent is the base rate. Prior to learning Stut-ly finds that I‘p ercent of
anything new about individuals because of national population has lizard flu
the test, you know that only 1 percent of the The most recent data, which is current as
population has lizard flu. That’s why base rates of last week, indicates that 1 percent of
are also called prior probabilities. the national population is infected with

lizard flu. Although lizard flu is rarely fatal,
these individuals need to be quarantined
to prevent others from becoming infected.

Watch out for the base rate fallacy

T just thought that the
90% true positive rate
meant it's really likely that
you have itl

That’s a fallacy!

Always be on the lookout for base rates. You
might not have base rate data in every case, but
if you do have a base rate and don’t use it, you’ll
fall victim to the base rate fallacy, where

you ignore your prior data and make the wrong
decisions because of it.

In this case, your judgment about the probability
’ that you have lizard flu depends entirely on the
‘ ‘ base rate, and because the base rate turns out to
be 1 percent of people having lizard flu, that
90 percent true positive rate on the test
doesn’t seem nearly so insightful.
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bayesian

_ .;Qarpen your pencil
"N Calculate the probability that you have lizard flu. Assuming you

start with 1,000 people, fill in the blanks, dividing them into
groups according to your base rates and the specs of the test.

— Lizard flu Jiagnostic test — |

Accuracy analysis

If someone has lizard flu, the probability
that the test returns positive for it is 90
percent.

If someone doesn’t have lizard flu, the
probability that the test returns positive
for itis 9 percent.

Remember, 1% of people
have lizavd flu.

1,000 people éJ

The number of The number of people
people who have it who don’t have it
The number who The number who The number who The number who
test positive test negative test positive test negative
The probability that # of people who have it and test negative

you have it, given that
you tested negative

(# of people who have it and test negative) +
(# of people who don’t have it and test negative) ~ «oooeeeiiiii
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so bad

— Wgharpen your pencil
\ "N &Iutlun What did you calculate your new probability
of having lizard flu to be?

— Lizard flu c[iagnostic test — |

Accuracy analysis

If someone has lizard flu, the probability
that the test returns positive for it is 90
percent.

If someone doesn’t have lizard flu, the
probability that the test returns positive
for itis 9 percent.

1,000 people
9% of people who've tested N% of people who've tested
bositively have lizard positively don't have lizard flu.
L M.

The number of people

The number of
who don’t have it

people who have it

The number who The number who The number who The number who
test positive test negative test positive test negative
The probability that # of people who have it and test negative 9 g
o =00
you ?a\;e(;t, g|vetp that = (# of people who have it and test negative) + = 9149
you tested negative (# of people who don’t have it and test negative) ~ -voooveeiieiiiiennn ~

Theve's a 9% thante that | have lizard £lu/
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tics

statis

bayesian

a false
likely that \/ou'v-c a false positive.

either a true positive or

it's a lot move
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keep it

afs . . . \/ou)vc 50{: {',o?ls in
VO GOWlplex pl’ObabﬂIS‘I'lc Thl"k["g heve for dealing

H : with whole numbers.
with simple whole numbers

When you imagined that you were looking at 1,000

people, you switched from decimal probabilities to whole
numbers. Because our brains aren’t innately well-equipped
to process numerical probabilities, converting probabilities
to whole numbers and then thinking through them is a very
effective way to avoid making mistakes.

But probabilities aren’t quite

as salient as whole numbers.

Bayes’ rule manages your base
rates when you get new data

Believe it or not, you just did a commonsense
implementation of Bayes’ rule, an incredibly powerful
statistical formula that enables you to use base rates
along with your conditional probabilities to estimate new

conditional probabilities. This formula will give

ou the same vesult
If you wanted to make the same calculation algebraically, you just caleulated.

you could use this monster of a formula:

The base vate (people

The probability of lizard flu who have the disease) N
5ivcr\‘>a yosi{:’nvz test vesult 2 /_\ The true ?°5'+«'VC vate
P(L)P(+|L)
PL|+) =
PL)P(+|L) + P(-)P(+|~L)

The base vate (people who

don’t have the disease) The false positive vate
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bayesian

You can use Bayes’ rule
over and over

Bayes’ rule is an important tool in data analysis,
because it provides a precise way of incorporating new

information into your analyses. C Ba\/cs' vule lets You
add move information
over time.
My Analysis
My Analysis
/> Base
rate

My Analysis

More
test
results

Base
rate + +

So the test isn't that
accurate. You're still nine times
more likely to have lizard flu

than other people. Shouldn't you
get another test?

Yep, \/ou're 9% more likely
4o have lizard £lu than
the vegular population.

The base rate: 1 %

Your doctor took the suggestion
and ordered another test. Let's
see what it said...
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a new test

Your second test result is negative

The doctor didn’t order you the more
powerful, advanced lizard flu test the first
time because it’s kind of expensive, but

now that you tested positively on the Al)VA\‘(‘l‘l) LIZARD FLU TEST

first (cheaper, less accurate) test, it’s time 5 RESULTS

to bring out the big guns...
Date: Today
Name: Head First Data Analyst
Diagnosis: Negative
Here’s some information on lizard flu:
Lizard flu is a tropical disease first

d among lizard researchers in
The dottor ordered a slightly observe g

diffecent test: the “advanced” South America. .

lizard flu diagnostic test. The disease is-highly contagious, anq
affected patients need to be quarantined
in their homes for no fewer than six
weeks.

Patients diagnosed with lizard flu have
been-known to “taste the air” and

in extreme cases have developed
temporary chromatophores and
zygodactylous feet.

That's a relief!

Q

You got these probabilities

wrong before. :

1 Better run the numbers again. By

.Watch it now, you know that responding :

: to the test result (or even the test  :

: accuracy statistics) without looking at base :

. rates is a recipe for confusion. :
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bayesian

The new test has different
accuracy statistics

Using your base rate, you can use the new
test’s statistics to calculate the new probability
that you have lizard flu.

This is the Fivst test you took.

/ This new test is more
S . . . - €xXpensive bu{: ™ ‘C .
Lizard flu Jlagnostlc test ( ore powerful

Accuracy analysis
Advanced
If someone has lizard flu, the probability

that the test returns positive for it is 90 Lizarc[ ﬂu Jiagnostic test
percent. Accuracy analysis
If someone doesn’t have lizard flu, the

probability that the test returns positive If someone has lizard flu, the probability that
for it is 9 percent. the test returns positive for it is 99 pergent.

If someone doesn’t have lizard flu, the
probability that the test returns positive for it is

1 percent.
Should we use the same \\ \
base rate as before? You tested /
o positive. It seems like that should

These aceuracy figures

count for something. ave a lot stronger.

N .-g-,&arpen your pencil

What do you think the base rate should be?
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base rate revision

_ aohar r pencil
N fm ywSoIEEiun

What do you think the base rate should be?

New information can
1% of everybody
change your base rate has lizard flu

When you got your first test results Old base vate
back, you used as your base rate

the incidence in the population of

everybody for lizard flu.

You used to be part of this group...

- D

But you learned from the test that your
probability of having lizard flu is higher
than the base rate. That probability is
your new base rate, because now you’re

¥\

Everybody

part of the group of people who’ve
tested positively.

~-now You've part of this group. =

9% of people who tested
positively have lizard flu

4 ‘ﬁ
i 1
Your new base vate v '
People
who’ve tested
positively once

186 Chapter 6
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bayesian

Using the new test and your revised base rate, let’s calculate the
probability that you have lizard flu given your results.

_ .;Qarpen your penci

Advanced
" Lizard flu Jiagnostic test

Accuracy analysis

If someone has lizard flu, the probability that
the test returns positive for it is 99 percent.

If someone doesn’t have lizard flu, the
probability that the test returns positive for it
is 1 percent. Remember, 9% of people
like You will have lizard flu.

1,000 people

The number of The number of people
people who have it who don’t have it
The number who The number who The number who The number who
test positive test negative test positive test negative
The probability that # of people who have it and test negative

you have it, given that =
you tested negative

(# of people who have it and test negative) +
(# of people who don’t have it and test negative) ~ «oooeeeiiiii
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bayes

— Wgharpen your pencil
\ "N &Iutlun What do you calculate your new probability
of having lizard flu to be?

Advanced
 Lizard flu Jiagnostic test

Accuracy analysis

If someone has lizard flu, the probability that
the test returns positive for it is 99 percent.

If someone doesn'’t have lizard flu, the
probability that the test returns positive for it

is 1 percent.
1,000 people
9% of people who've tested N% of people who've tested
positively have lizavd Ll positively don't have lizavd £lu.
0 o
The number of The number of people
people who have it who don’t have it
.......... 8. SO e e dol
The number who The number who The number who The number who
test positive test negative test positive test negative
The probability that # of people who have it and test negative |
o — = 0.00
you have it, given that = (# of people who have it and test negative) + = 1490

you tested negative (# of people who don’t have it and test negative) ~ +voceeveiiieieennn ~

Theve's a 0.1% chance that | have lizard flu/
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bayesian statistics

What a relief!

You took control of the probabilities
using Bayes’ rule and now know how to
manage base rates.

The only way to avoid the base rate fallacy
is always to be on the lookout for base rates
and to be sure to incorporate them into your
analyses.

Your ?robabilif\/ of having
lizard Flu is so low that you
tan VVC‘H:\/ much vule it out.

No lizavrd £lu for \/ou!

Now you've just got to
shake that cold...

you are here » 189
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7 subjective Prgbabﬂ‘ities
*
Numerical belief *

She's a perfect 10...

Before the ice
cream, I gave him a
3, but now he's a 4.

Sometimes, it’s a good idea to make up numbers.

Seriously. But only if those numbers describe your own mental states, expressing your
beliefs. Subjective probability is a straightforward way of injecting some real rigor into
your hunches, and you're about to see how. Along the way, you are going to learn how
to evaluate the spread of data using standard deviation and enjoy a special guest

appearance from one of the more powerful analytic tools you've learned.

this is a new chapter 191
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opportunity in obscurity

Backwater Investments needs your help

Backwater Investments is a business that tries to
make money by seeking out obscure investments
in developing markets. They pick investments that
other people have a hard time understanding or
even finding.

Backwater owns tompanies here...

...and heve...

...and even "\CY‘C!

Their strategy means that they rely heavily on the
expertise of their analysts, who need to have
impeccable judgment and good connections to be
able to get BI the information they need for good
investment decisions.

It’s a cool business, except it’s about to be torn
apart by arguments among the analysts. The
disagreements are so acrimonious that everyone’s
about to quit, which would be a disaster for the

fund. The internal crisis at Backwater

Investments might force the company
to shut down.

192 Chapter 7
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Their analysts are at
each other’s throats

The analysts at BI are having big disagreements
over a number of geopolitical trends. And this is a
big problem for the people trying to set investment
strategy based on their analyses. There are a bunch
of different issues that are causing splits.

The analysts are in full revolt!
If I don't get them agreeing
on something, they'll all quit.

Where precisely are the disagreements? It would
be really great if you could help figure out

the scope of the dispute and help achieve

a consensus among the analysts. Or, at the

very least, it’d be nice if you could specify the
disagreements in a way that will let the BI bosses
figure out where they stand.

Download at Boykma.Com

subjective

Let’s take a look at
the disputes...
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what’s

_ .;Qarpen your penci

Take a look at these emails, which the analysts have sent you. Do
they help you understand their arguments?

From: Senior Research Analyst, Backwater Investments
To: Head First
Subject: Rant on Vietham

For the past six months, I've consistently argued to - ‘
the staff that the Vietnamese government is probably 1Cc;e analysts are kind
going to reduce its taxes this year. And everythi.ng that ot bent out of shape.
we’ve seen from our people on the ground and in news

reports confirms this.

Yet others in the “analytical” community at Bl seem

to think this is crazy. I'm a considered dreamer by the
higher-ups and told that such a gesture or the part of
the government is “highly unlikely.” Well, what do t_hey
base this assessment on? Clearly the government is
encouraging foreign investment. I'll tell you this: if taxes
go down, there will be a flood of private investment, and
we need to increase our presence in Vietnam before the

From: Political Anal
To: Head First

Subject: Investing in obscure places: A Manifesto

— Russia, Indonesia, Vietham. The community at Bl has
become obsessed with these three places. Yet aren’t
Lhe apswgrs to a.ll our questions abundantly clear?
c the disagreement all bovt , t;ls‘zlaa \Sm'l]l continue to,subsidizg oil next quarter like
B e ies? ! ys has, and they_re more likely than not to buy
L_II‘OAII‘ next quarter. Vietham might decrease taxes
thls_yea.r, and they probably aren’t going to encourage
_forelgn. investment. Indonesia will more likely than not
invest in ecotourism this year, but it won’t be of much
help. Tourism will definitely fall apart completely.

If Bl doesn’t fire the dissenters
. and troublemakers wh
dispute these truths, the firm might as well close... °

yst, Backwater Investments
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subjective

To: Head First

quarter may be the most tentative it’s ever been

From: VP, Economic Research, Backwater Investments

Subject: Have these people ever even been to Russia?

While the analytic stuff in the Economic division has
continued to flourish and produce quality work on
Russian business and government, the rest of Bl has
shown a shocking ignorance of the internal dynamics
of Russia. It’s quite unlikely that Russia will puchase
EuroAir, and their support of the oil industry next

To: Head First

Even a top manager is Subject: Indonesia

s{ar{:ing to lose his ¢ool!

corporate headquarters.

This guy’s weiting from and Indonesia is all about eco
the B‘"d’ wheve he’s don’t know anything, and I'm start
doing firsthand vesearth. intel would be better used by a compe

What are the key issues causing the disagreement?

The authors each use a bunch of words to describe what they think the
likelihoods of various events are. List all the “probability words” they use.

|~ From: Junior Researcher, Backwater Investments

You need to stop listening to the eggheads back at

ective from the ground is that tourism
-Iizzr‘\)iet!;f; has a good chance of increasing this year,
tourism. The eggheads
ing to think that my
ting firm...
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areas of

— dgharpen your pencil
\ K &Iutlun What are your impressions of the arguments, now that you've
: read the analysts’ emails?

There are a bunth of probabili{:\/

wovds used in these emails...

From: Political Analyst, Back
water Inv
To: Head First , estments

Subject: Investing in obscure places: A Manifesto

From: Senior Research Analyst, Backwater
Investments

To: Head First

Subject: Rant on Vietnam

For the past six months, I've consistently argued to
the staff that the Vietnamese government is probabl
going to reduce its taxes this year. And everythi_ng that
we’ve seen from our people on the ground and in news
reports confirms this.

Yet others in the “analytical” community at Bl seem
to think this is crazy. I’'m a dreamer by the higher-
ups and told that such a gesture or the part of the
government is “highly unlikely.” Well, what do they
7 base this assessment on? Clearly the government
is encouraging foreign investment. I'll tell you this:
if ta go down, there will be a flood of private

Russia, Indonesia, Vietnam. The communit

become obsessed with these three places. yY:tt aBrle':::Its
the al_'nsw.ers to all our questions abundantly clear?
_Russw will continue to subsidize oil next quarter I.ike
it alwa_ys has, and they’re more Jike| t to bu
EL_II'OAII‘ next quarter. Vietnam might decrease taxesy
this Yyear, and they probably aren’t going to encourage
_forelgn_ Investment. Indonesia will more likely than not
Invest in ecotourism this year, but it won’t be of much
help. Tourism will definitely fall apart completely.

If Bl doesn’t fire the dissenters
i and troublemakers who
dispute these truths, the firm might as well close...

PN

From: VP, Economic Research, Backwater Inv
To: Head First , From: Junior Researcher, Backwater Investments

Subject: Have these people ever even been to |  To: Head First
Subject: Indonesia

While the analytic stuff in the Economic divisi .
continued to flourish and produce quality w:r: You need to stop listening to the egghe:
Russian business and government, the rest of |  corporate headquarters.

shown a shocking ignorance of the internal dyn| ive from the ground is that tourism

of Russia. It’s quite unlikely that Russia will p{:c Z:;,ﬁf;;pﬁgg‘;egood char?ce of increasing this year,
EuroAir, and their support of the oil industry ne and Indonesia is all about ecotourism. The eggheads
quarter may be the most tentative it’s ever bee don’t know anything, and I’'m starting to t!\ink _that my
intel would be better used by a competing firm...

ads back at

What are the key issues causing the disagreement?

The authors use a bunch of words to describe what they think the likelihoods
of various events are. List all the “probability words” they use.
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subjective

Jim: So we’re supposed to come in and tell everyone
who’s right and who’s wrong? That shouldn’t be a
problem. All we need is to see the data.

Frank: Not so fast. These analysts aren’t just regular
folks. They’re highly trained, highly experienced,
serious domain experts when it comes to these countries.

Joe: Yeah. The CEO says they have all the data

they could ever hope for. They have access to the best
information in the world. They pay for proprietary data,
they have people digging through government sources, and
they have people on the ground doing firsthand reporting,

Frank: And geopolitics is highly uncertain stuff.
They’re predicting single events that don’t have a big trail
of numerical frequency data that you can just look at
and use to make more predictions. They’re aggregating
data from a bunch of sources and making very highly
educated guesses.

Jim: Then what you’re saying is that these guys are
smarter than we are, and that there is really nothing we
can do to fix these arguments.

Joe: Providing our own data analysis would be just
adding more screaming to the argument.

Frank: Actually, all the arguments involve hypotheses

about what’s going to happen in the various countries,

and the analysts really get upset when it comes to those
probability words. “Probably?” “Good chance?” What
do those expressions even mean?

Jim: So you want to help them find better words to
describe their feelings? Gosh, that sounds like a waste
of time.

Frank: Maybe not words. We need to find something
that will give these judgments more precision, even

though they’re someone’s subjective beliefs. .. HOW WOU[C[ you
make the Prol)al)ility

words more Precise?

197
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meet

Subjective probabilities
describe expert beliefs

When you assign a numerical probability to
your degree of belief in something, you’re
specifying a subjective probability.

Subjective probabilities are a great way to
apply discipline to an analysis, especially when
you are predicting single events that lack hard
data to describe what happened previously
under identical conditions.

Everyone talks like this... ...but what do they really mean?

I believe there is a 60% chance
that Russia will continue to
support the oil industry.

Continued Russian support
of the oil industry is

highly probable.

..there is a 70% chance...

..there is a 80% chance...

..there is a 90% chance...

These are sub')cc{,ivc probabilities.

These 1ci5wcs are muth move
precise than the words the analysts
used to desevibe their beliefs.

198
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subjective

Subjective probabilities might show
no real disagreement after all

T think it's highly probable.
Fooll It's totally unlikely!

Well, I'd say that there is a
40% chance that it'll happen.

Hmm. Well, T'd say there is
a 35% chance it'll happen.

Doesn't seem like we're
so far apart after all.

Yeah. Maybe "fool” was a
little too strong a word...

Sketch an outline of a spreadsheet that would contain all the
subjective probabilities you need from your analysts. How would you
structure it?

etive 5

What You want is @ sub\')c

Draw a picture of the probability from eath analyst for
spreadsheet you want here. eath of the key aveas of dispute.
199
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visualize them in a grid

_ -:;»Q&arpm your pencil

k &Iutmn What does the spreadsheet you want from the analysts to
describe their subjective probabilities look like?

Russia will subsidize oil business next quarter.

Russia will purthase a European airline next quarter-.

The Lable will take each Vietnam will deevease taxes this year.
of the six statements . ) . Loveian i .
and list them at the bop. Vietnam's government will encourage toreign investment this year.

[ndonesian tourism will inerease this year.

[ndonesian government will invest in ecotourism.

We ¢an fill in the blanks of what each
analyst thinks about eath statement heve.

Analyst | Statement | | Statement 2 | Statement 3 | Statement 4 | Statement 5 | Statement b

p_—_S\Da\\O*\S\_P\NN-
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subjective probabilities

The analysts responded with
their subjective probabilities

That is really intriguing
work. The arguments don't
seem so nasty from this

B C D E F G _i
Statementl Statement2 Statement3 Statementd StatementS Statements

B7% 68% I7% 39% 3% 7% [
B8% 40% 11% 56% 28% 81%
B9% 47% 67% 33% 0% 85%
91% 85% 7% 38% 24% 78%
91% 37% 8% 19% 0% 72%
9.2% 60% 30% 19% 18% 84%
87% 47% 66% 27% 5% 88% |
92% 46% 41% 33% 3% B9%
B8% 59% B3i% 14% 12% 74%
92% 23% 9% 0% 9% 21%
38% 4% 0% 8% 2% 92%
89% 78% 46% 28% 2% 0%
92% 0% 45% 3% 1% 3% |
B8% 80% 35% 35% 13% 81%
B9% 54% 15% 16% 5% 87%
0% 67% 63% 19% 3% 0%
9.2% 74% 14%: 33% 0% 9%
91% 21% 22% 40% 7% 89%

21% 42% 28% 6% 81%
B7%

This anal)'s{: from Bl is s{;a\r-{:ing

to look a littl |
Now we’re getting somewhere. ttle more upbeat!

While you haven’t yet figured out how to
resolve all their differences, you have definitely
succeeded at showing where exactly the
disagreements lie.

And from the looks of some of the data, it ’
might not be that there is all that much Let 5 see Wllat tlle CEO llas
disagreement after all, at least not on some .
s to say about this data...
you are here » 201
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ceo puzzled

The CEQ doesn’t see

what you're up fo

It appears that he doesn’t think these
results provide anything that can be
used to resolve the disagreements
among the analysts.

He doesnt think these
figures ave of any help-

202

N

From: CEO, Backwater Investments
To: Head First
Subject: Your “subjective probabilities”

’ .
I’m kind of puzzled by this analysis. Ouch! [s he vight?

What we’ve asked you to do is resolve

the disagreements among our analysts,
and this just seems like a fancy way of
listing the disagreements.

We know what they are. That’s not
why we brought you on board. What
we need you to do is resolve them or
at least deal with them in a way that
will let us get a better idea of how to
structure our investment portfolio in
spite of them.

You should defend your choice of The pressure’s on!

subjective probabilities as a tool for
analysis here. What does it get us?

- CEO

You should probably explain
and defend your reason for
collecting this data to the
CEO...
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subjective probabilities

.&ﬁrp&n your pencil

Is your grid of subjective probabilities...

R = e -
kel Pt | S e’ ..
A B C ¥ E F & L]
1 Analyst Statementl Statement2 Statement3 Statementd Statement5 Statement(
2 1 BT % 58% 3% 30% 5% T7%
3 2 BE%, 40% 11% 56% 8% 81%
4 3 B9% 47% 67% 33% 0% 85%
5 4 91% Ba% 7% 8% 4% 8%
G 5 01%; 37 % B% 19% 0% T &%
7 [ Q3% B0% 30% 19% 1E% 8B40
-] ) B % 47% BE% 2% 5% 8%
9 8 03% H6% 41% 33% 30 69%
10 9 B8%, 59% B3% 14% 12% Fdbs
11 10 02% 23% 0% 3I0% L 91%:
12 11 BE%, 34%h 0% 58% 1% 92%
13 12 B9%a 78% 46% 2B% 5% T0%
14 13 92% T0% 45% I3% 1% I%
15 14 BE% BO%h 35% 35% 13% 1%
16 15 B % Sil%h 15% 16% 5% B7%
17 16 0% B/%h b3% 19% 3% T0%
18 17 02% Tid% 14% 33%% 0% 9%
19 18 91% 21% 22% 40% 7% 9%
20 19 B9%, 21% 42% ZB% 6% Bl%
21 20 1% 36% B7% 27% 5% Hatg
=5E e smiam —

..any more useful analytically than these angry emails?

From: Political Analyst, Backwat
er |
To: Head First ' ™

Subject: Investing in obscure places: A|
Russia, Indonesia, Vietnam. The commi

From: Senior Research Analyst, Backwater
Investments

To: Head First

Subject: Rant on Vietham

1S

From: VP, Economic Research, Backwai h t

From: Junior

become obsessed with these three plad]
the answers to all our questions abund:
_Flussla will continue to subsidize oil ne;
it always has, and they’re more likely th:
ElllroAir next quarter. Vietham might dec]|
th|s'year, and they probably aren’t going
_forelgn investment. Indonesia will more
invest in ecotourism this year, but it won|
help. Tourism will definitely fall apart cor|

If Bl doesn’t fire the di and troub|

For the past six months I've consistently|
the staff that the Vietnamese governmen|
going to reduce its taxes this year. And ¢
we’ve seen from our people on the grou
reports confirms this.

Yet others in the “analytical” community
think this is crazy. 'm a dreamer by the
told that such a gesture or the part of the|
is “highly unlikely.” Well what do they ba|
on? Clearly the gt

dispute these truths, the firm might as wq

foreign investment. Ill tell you this: if taxes

To: Head First
Subject: Have these people ever even b

While the analytic stuff in the Economic

continued to flourish and produce qualit
Russian business and government, the r
shown a shocking ignorance of the inter:
of Russia. It's quite unlikely that Russia

EuroAir, and their support of the oil indu:
quarter may be the most tentative it’s ev|

To: Head First

Subject: Indonesia

You need to stop listening to the eggheads back at
corporate headquarters.

i is that tourism

The perspective from the groum‘i is tl t s
deﬁr?itelyphas a good chance of increasing this year,
and Indonesia is all about ecotourism. The'eggheads
don’t know anything, and I'm starting to t!unk _\na! my
intel would be better used by a competing firm...

there will be a flood of private investment, al

Why or why not?
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client

— Gadhar
N

pencil

ution

Is your grid of subjective probabilities...

there will be

Any more useful analytically than these angry emails?
[ [= o I
[ Soptermeera] SLalewsenr] SEalerreent] SEAteTerid STgtarees o ———
? i LY St 1 Ty Firig g TT%
1 ] i B i T %
[T A7 T 1 % v
From: Politi ¥ ¥l . e ™ 2 »
T;?:é::;’g:'r:' Analyst, Backwater Investments & 5 cIL 17 ey it ,': .;:
bject: - ] w s 0w 1om e "
Subject: Investing in obscure places: A Manifesto & £ e nihed s 1% e ,t:_
Russia, In ' B L Y P, 1% 1% ey ey
] ] 4 3 i
become off  From: Senior Research Analyst, Backwater i i& =I'5:: : f_: e:: L 1% iy
the answe Investments ' 1 ;-- Vil [ -::: : -I i
Russia will|  To: Head First i iy ey e - he Lo
galw:ys hy Subject: 3 e Tir A 1 1%, i
uroAir ne: From: VP, i . o 15 19% ' tag
i h cad F . = . a ¥ Y 1%
this year, a r:r ‘leﬁP: To: Head First [’ 1] B P T 1 e -lag
foreign invq e sta Subject: Have thes: 1 bbb i L L o P
investinec| 90ingtor * e people ever even been to Russia? Lh s Ty e T8% ey iy
help. Touris| We'Ve se€|  While the apaluti - i 1 e T Fi e e
reports ¢ continued t N " e 1% AT% P g b
llel doesn’| Yet otherd Russian buj From: Junior a 0 1% Wi it 3Ty ey e
dispute thes I:in(l,( t:i:; shownash{ To: Head First L =
told thatd  ©f Russia. It Subject: Indonesia =l
is “highl EuroAir,and  you need to stop listening to the eggheads back at
assessmlj quarter may|  corporate headquarters.
foreigni The perspective from the ground is that tourism

definitely has a good chance of increasing this year,
and ia is all about i The egghead:
don’t know anything, and I'm starting to think that my
intel would be better used by a competing firm...

You've bought some Lime and

tan tontinue Your work.

204

From: CEO, Backwater Investments
To: Head First
Subject: Visualization request

> OK, you’ve persuaded me. But | don’t
want to read a big grid of numbers.
Send me a chart that displays this
data in a way that is easier for me to
understand.

-CEO

Download at Boykma.Com
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subjective probabilities

| - -
A [ [ 3] [ F G [
I Analyst Statement] Statement? Statement3 Statementd Statements Statemants
2 1 e 17 oty Sty 770
For each value. plot a ] z BEY, A% 1% SEth 264 a1%
P 4 3 A% a7% 67% 3% 0% a5%
dot corresponding to the 5 4 91% a8% % E 4% 7%
. . .. B ] S91% J7% 8% 15%%: %% F2%
subjective probability. 7 3 a8, B9 0% 19% 1685 8408
] 7 B7% a7% 66% 2% 5 Aa%
a ] 9% 46% a1% 335 1 69%
10 9 88% 9% 831% 14%% 12% J485
11 10 9ty 230 9% I gy 918
12 11 BE% 34% 0% S 2% 92%
13 12 69% 78% 6% 6% 5% 70%
14 13 9% 70% 45% 3% 1% 3%
15 14 BEY, a0 150 5% 134 815
16 15 G S4% 15% 16% 544 a7%
17 16 a0% 67% 63% 19% % 70%
18 17 9% 4% 14% 3% 0% 9%
19 18 a1y 21% 22%% e T B9%
R . ) 20 19 B9% 21% 2% Fiiy ] 6% B1%
The vertical axis doesn't veally FT 20 g1 36% #7% 2 5% B4% I
matter, you tan just jitter dots T2 — -

around so You ¢an see them all.

Statement 1 Statement 2
Russia will subsidize 0il business next quarter. Russia will purchase a European airline next quarter.
HCVC)S an
example.
| | | | | | | | | | | |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Statement 3 Statement 4
Vietnam will decrease taxes this year. Vietnam’s government will encourage foreign investment this year.
00 ° 2
o ° °
5 ?
o
5 o
5 o
o 5 2
| | T | | | | | | | | I
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Statement 5 Statement 6
Indonesian tourism will increase this year. Indonesian government will invest in ecotourism.
| | | | | | T T T T T |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
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visualize the spread

_ aohar r pencil
N .-fm ywSoIEEiun

How do the spreads of analyst
subjective probabilities look on
your dot plots?

[t looks like theve is actually some
tonsensus on this statement.

Statement 1
Russia will subsidize oil business next quarter.

ﬁe

(¢}
[¢}
[¢}

°®

szzf

Statement 5 /

Indonesian tourism will increase this year.

Theve is some partial tonsensus here.

6509
%Ooo
o

o]
o
[¢]
o o
T T T T T T

0.0 0.2 0.4 0.6 0.8 1.0

=38
7

FEFFrFFEREF,
£
¥

,
PRI

]
pHEpE
#
¥

g
#
¥
H
FEdRRF R FRFand iy
i
]
| #FIFTEFFFIFETFRTET
2
iiddag

Statement 2
Russia will purchase a European airline next quarter.
P 9
5 ©
@ o
Qg
50
= g0
o . 5
o ©
o
|

0.0 0.2 0.4 0.6 0.8 1.0

The anal\/s{:s are all over the
place on these statements.

Statement 3 Statement 4
Vietnam will decrease taxes ths year. Vietnam’s government will encourage foreign investment this year.
o
00 ° o o ° o °
o o ° &*
o © °
°© o ° o Q
o © o =% o0
& ° 60
o & 5 o
|

T T T
0.0 0.2 0.4 0.6 0.8 1.0

People ave within 20% of eath

other heve, extept for one person.

Statement 6
Indonesian government will invest in ecolourism.

o914
o
ﬂo 0T e
° 8
o?© 00 =7
059
50
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
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subjective

The CEQ loves your work

From: CEO, Backwater Investments
To: Head First
Subject: Thank you!

Now this is actually a big help. | can
see that there are a few areas where

we really should concentrate our
resources to get better information.
And the stuff that doesn’t appear to
have real disagreement is just fantastic.

From now on, | don’t want to hear
anything from my analysts unless it'sin
the form of a subjective probability (or
objective probability, if they can come
up with one of those).

Can you rank these questions for me
by their level of disagreement? | want
to know which ones specifically are the
most contentious.— CEO

Subjective probabilities are something
that everyone understands but that don’t get
nearly enough use.

Great data analysts are great communicators,
and subjective probabilities are an illuminating

way to convey to others exactly what you think
and believe.

@y RANN
‘PQWEWR
What metric would measure disagreement

and rank the questions so that the CEO
can see the most problematic ones first?

Download at Boykma.Com
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standard deviation

The standard deviation measures how
far points are from the average

You want to use the standard deviation.
The standard deviation measures how far
typical points are from the average (or mean)
of the data set.

Most of the points in a data set will be within
one standard deviation of the mean. Most observations in any data
set ave 9oing o be within one

Heve le data set standard deviation of the mean.
a sample data set.
“ " Average =0.5

1.0

One standard deviation = 0.1

The unit of the standard deviation is
whatever it is that you’re measuring. In the
case above, one standard deviation from the
mean is equal to 0.1 or 10 percent. Most
points will be 10 percent above or below the
mean, although a handful of points will be

. STDEV formula in Extel to
two or three standard deviations away. Use the STDEY "

caleulate the standavd deviation.

Standard deviation can be used here to
measure disagreement. The larger the

standard deviation of subjective probabilities - S TDEV ( da t a ran g e)

from the mean, the more disagreement there
will be among analysts as to the likelihood
that each hypothesis is true.

208
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subjective probabilities

For each statement, calculate the standard deviation. Then, sort the list of questions
E iSe to rank highest the question with the most disagreement.

What formula would you use to calculate the standard deviation for the first statement?

Lo&d ﬂllS'

This data has been turned on
its side so that You €an sort
the statements onte you have

fhe standard d viati www. headfi rstlabs.com/books/hfda/
e ndav eviation.

hfda_ch07 _data_transposed.xls

re -

A B GC..D E F G f:H I 1 K L MO B R ] T u ¥ WwWoN
1  Analyst 1 F 3 4 5 & T 8 7 W0 11 12 13 14 15 16 17 18 19 205D

4 Statement]l B7% BEY: 85%% 91% 9% 92% B7% 92% EH% 97% S8% B9%R 91% EH% B9 0% 9% 91% E9% ﬂ!%]:i
3 Statement? GB% 40% 47% E% 3I7% G60% 47% 46% 39% 13% 3% TE% 0% B0% S54% 6% T 71% F1% 6%
4 Statementd 37 11% 67% 7% BE% 30% 66% 41% EJ% 9% 0% 46% 45% 35% 15%% 63% 14% 31% 42% BT%
5 Statementd 39% 536% 33% 8% 19% 19% 37% 13 4% 0% S8% JE% 33% I5% 16% 19% 13% 40% 8% 2T%
6 Statementd 5% 28% 0% 4% 0% 18% 5% 3% J2% 9% 2% 5% 1% I3% 5% 3% 0% T % 3%
7 Statemantt 77% Bl% 85% TE% 71% B4% B8% 609 T4% 9I% 9% T0% 3% Bl% AT T0% TR 29% El1% B4%
8

L

Put Your answer heve.
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measuring contention

What standard deviations did you find?

ise
LutiON

What formula would you use to calculate the standard deviation for the first statement?

STDEV(B2:U2)

)

1

Bk Rl il biaicdos Mool Pl (sl Sclie:
6§ 7 B 9 10 11 12 13 14 15 I\ 17 18 19

Analyst 1 2 3 4 5
Staternentl 87% B8% B9% %1% 91%

Staterment? G6B% 40% 47% BE% 3%
Staternentd 37% 11% 679% 7w 0%
Staternentd 39% 56% 33% 38% 19%
Staternents 5% 28% 0% 24% 0%

92% B7% 92% B2% 92% 88% 89% 92% 88% 59% 90% SN 91% 89% 91%[  J0,

60% 47% 46% 50% 23% 34% YE% 0% 80% S4% 67% T480NI1%
310% 66% 41% B3% 9% 0% 460 45% 35% 15% 63% 14% 22w
19% 27% 33% 14% 30% S58% 28% 313% 35% 16% 19% 33% 40%
18% 5% 3% 12% 9% 2% 5% 1% 13% 5% 3% 0% 7%

21% 36%
1306 BTN
2B% 235
6% 5%

Statementb 77% B1% B5% 78% 72% B4% 88% 69% 74% 91% 92% T0% 3% 81% 7% 0% 79% 9% 81% 84%

WD Oh LA e LR e

10

You might need to hit the “%” button on

Cliek the Sort Descending button to the toolbar to get the right ‘Formaf{‘,ins.

put the statements in order.

w5
S - |

s e

=

D E E K L Ll N o P Q R 5 T
4 -] I B 9 10 11 12 13 14 15 16 17 18 19
67% 79 B0 30% 66% 41% B3% 0% 0% 46% 45% 35% 15% 63% 14% 22% 429% =

47% BB% 37% 60% 479 40% 59% 23% 34% 7% 70% BO0% S4% 67% T4 Z1% 2

u g
Analyst i 20 5D
Statement3 379% 11% :
Statermnent? 68% 40%
Statements 77% B1%
Statermnentd 39% 56%
Staterments 5% 28%

Statementl 87% 88%

=W ohE7_eimge . T4

LB A e L B e

e,

Looks like Statement 3 has the lavgest standard
deviation and the greatest disagreement among analysts.
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subjective

therelgre no

o

Dumb Questions
Q: Aren’t subjective probabilities kind of deceptive? Q: That’s it.
A: Deceptive? They're a lot less deceptive than vague expressions A: It's a good concern. But the deal with subjective probabilities is
like “really likely.” With probability words, the person listening to the same as any other tool of data analysis: it's easy to bamboozle
you can pour all sorts of possible meanings into your words, so people with them if what you're trying to do is deceive. But as long
specifying the probabilities is actually a much less deceptive way to as you make sure that your client knows that your probabilities are
communicate your beliefs. Subjective, you're actually doing him a big favor by specifying your

beliefs so precisely.
Q; I mean, isn’t it possible or even likely (pardon the

expression) that someone looking at these probabilities would Q,: Hey, can Excel do those fancy graphs with the little dots?
get the impression that people are more certain about their
beliefs than they actually are? A: Yes, but it’s a lot of trouble. These graphs were made in a

. handy little free program called R using the dot chaxrt function.
. You mean that, since the numbers are in black and white, they Yo'l get a taste of the power of R in later chapters.
might look more certain than they actually are?

Good work. I'm going to base my trading
strategy on this sort of analysis from
now on. If it pans out, you'll definitely
see a piece of the upside.

The big boss
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problems

Russia announces that it will
sell all its oil fields, citing loss
of confidence in business

In a shocking move, Russian president
poo-poohs national industry

“Da, we are finished with oil,” said the Russian
president to an astonished press corps earlier
today in Moscow. “We have simply lost
confidence in the industry and are no longer
interested in pursuing the resource...”

This is awfull We all predicted
that Russia would continue to
have confidence in business.

Anal\/s‘{:
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subjective

You were totally blindsided by this news

The initial reaction of the analysts to this news is
great concern. Backwater Investments is heavily
invested in Russian oil, largely because of what you
found to be a large consensus on oil’s prospects for
continued support from the government.

Statement 1
Russia will subsidize oil business next quarter.

QZ%][bOOOOQJOQQéb

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

But this news could cause the value of these
investments to plummet, because people will
suddenly expect there to be some huge problem
with Russian oil. Then again, this statement could
be a strategem by the Russians, and they might not
actually intend to sell their oil fields at all.

N .;Qarpen your pencil

Does this mean that your analysis was wrong?

Download at Boykma.Com
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the tools are working

_ aohar r pencil
E\ fm ywSoIEEiun

Were you totally off base?

We've picked up a lot of analytic tools so far.
Maybe one of them could be useful at figuring
out how to revise the subjective probabilities.

214 Chapter 7
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subjective

Better pick an analytic tool you can use to incorporate this new
information into your subjective probability framework. Why would you
or wouldn't you use each of these?

N .-g.&arpen your pencil

Experimental design?

215
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the return

-;_iSI\ﬁrpen your pencil

% selutlun Better pick an analytic tool you can use to incorporate this new
information into your subjective probability framework. Why would you
or wouldn't you use each of these?

Experimental design?

216
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Bayes’ rule is great for revising
subjective probabilities

Bayes’ rule is not just for lizard flu! It’s great for
subjective probabilities as well, because it allows you
to incorporate new evidence into your beliefs about your
hypothesis. Try out this more generic version of Bayes’
rule, which uses H to refer to your hypothesis (or
base rate) and E to refer to your new evidence.

The onbability
of the hypo{:hcsis,
given the evidente.

—

PHIE) =

subjective

Heve's the formula gou used o (:igwc

\/ out Your thantes ot having lizard £lu.

b PP+ L)
PL)P(+|L) + P(~L)P(+|~L)

N . The Frobabili‘t\/ that you'd
The ?\robabull{:\/ of the h\/?o{hcsns. f see the evidence, givcv:/ that

the h\/FO'H\CSiS is true.

P(H)P(E |H)

This is what you M

Using Bayes’ rule with subjective probabilities is all
about asking for the probability that you’d see
the evidence, given that the hypothesis is true.

The Frobabili{:\/ that J\

the h\/yofhcsis is false.

After you've disciplined yourself to assign a subjective
value to this statistic, Bayes’ rule can figure out the rest.

PH)P(E | H) + P(~H)p(E[~H)

The ?vobabili‘{:‘/ that \/ould
see the evidente,

the h\/?o{:\'\csis is

Bivcn that

alse.

Why go to this trouble? Why not just
go back to the analysts and ask for

new subjective probabilities based on
their reaction to the events?

You already have
these pieces of
data:

The subjective probability that Russia will
(and won’t) continue to subsidize oil

‘{ou know this.

The subjective probability that the news
report would (or wouldn’t) happen, given
that Russia will continue to subsidize oil

P(E|H) P(E|~H)

You just need to
get the analysts
to give you these
values:

You could do that.
Let’s see what
that would mean...

What ave these?
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why use

Fireside Chats

Gut Instinct:

I don’t see why the analyst wouldn’t just ask me
for another subjective probability. I delivered like a
champ the first time around.

Well, thanks for the vote of confidence. But I still
don’t appreciate being kicked to the curb once I've
given the analyst my first idea.

I still don’t get why I can’t just give you a new
subjective probability to describe the chances that
Russia will continue to support the oil industry.

Would anyone ever actually think like this? Sure,
I can see why someone would use you when he
wanted to calculate the chances he had a disease.
But just to deal with subjective beliefs?

I guess I need learn to tell the analyst to use you
under the right conditions. I just wish you made a
little more intuitive sense.

Not that! Man, that was boring...

218

Tonight’s talk: Bayes’ Rule and Gut Instinct smackdown

Bayes’ Rule:

You did indeed, and I can’t wait to use your first
subjective probability as a base rate.

Oh no! You're still really important, and we need
you to provide more subjective probabilities to
describe the chances that we’d see the evidence
given that the hypothesis is either true or untrue.

Using me to process these probabilities is a rigorous,
formal way to incorporate new data into the
analyst’s framework of beliefs. Plus, it ensures that
analysts won’t overcompensate their subjective
probabilities if they think they had been wrong,

OK, it’s true that analysts certainly don’t have to use
me every single time they learn anything new. But if
the stakes are high, they really need me. If you think
you might have a disease, or you need to invest a ton
of money, you want to use the analytical tools.

If you want, we can draw 1,000 little pictures of
Russia like we did in the last chapter...
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subjective probabilities

Here’s a spreadsheet that lists two new sets of subjective probabilities that have been collected

Exeuise from the analysts.

1)  P(EIS1), which is each analyst’s subjective probability of Russia announcing that they’d
sell their oil fields (E), given the hypothesis that Russia will continue to support oil (S1)

2) P(EI~S1), which is each analyst’s subjective probability of the announcement (E) given that
Russia won’t continue to support oil (~S1)

This is the probability that

K the h\/\?o{hcsis is true, given
the new evidente.

Write a formula that implements Bayes’ rule to give you P(S1IE).

Heve are the two new

tolumns of data.
www. headfirstlabs. com/books/hfda/
hfda_ch07_new_probs.xls
oy M
A B C E F ]

1 Analyst P51} P{~51} MEIS1) P(E|~31) S1|E

2 1 8% 13%% 549%0 B61%

3 2 BA% 12%0 57% 6%

a a BY9% 11%0 55% F0%;

5 4 1% % 588 S48

6 5 1% % 58% 53%

7 6 2% 8% 64% A40%,

a 7 87% 13% 65% S48

9 & 92% 8% 50% 45%

10 9 B8% 12% 53% 55%,

11 10 2% 8% 62% 51%

12 11 88% 12% 568 St

13 12 89% 11% 598 62%

14 13 2% 8% 61% 62% Put your Lormula
15 14 88% 12% 66%% 40% d /vaste
16 15 89% 11% 549 29% heve and topy/p
17 16 0% 10% 69% 589 it for eath ay\al\/s{;
18 17 92% 8% 67% 55%

19 18 1% A% 14% 55%

20 19 9% 11% 22% 3%

21 0 91% 9% 168 65%
‘"'_-'- a1 s o ..—.—I:_P

P(H)P(E/| H)
PH)P(E | H) + P(~H)p(E[~H)

Here's Ba\/cs’ vule again. P(H | E) =

you are here » 219
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revised subjective probabilities

Es:e@i'-je
Lution

This formula tombines the analysts’ base
vate with their \')udgmcnjcs about the new
data to come up with a new assessment.

What formula did you use to implement Bayes’ rule and derive new
subjective probabilities for Russia’s support of the oil industry?

=(B2*D2) / (B2*D2+C2*E2)

Here are the vesults.

220 Chapter 7
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Dy 1l 2 0 4 2 sindl
n g —% i =R DA TR
& B & D E

1 Analyst P{51) P(~51) P(E|S1) P(E|~S51) P{S1|E

2 1 87% 13% 54% 61%
3 2 88% 1290 57% 67% B6%
4 3 8949 11% 55% 39% 92%
5 4 91% 9% 58% 5440 92%
[ 9 91% 9% 58% 53% 92%
7 ] 92% 8% 64% 4005 9405
8 7 87% 13%% 65% 5404 89%
9 ] 92% BY% 50% 45% 93%
10 9 88% 12%% 53% 55% 88%
11 10 92% 8% 62% 51% 93%
12 11 88% 12% 56% S6% 88%
13 12 B9% 11%: 59% 62% 89%
14 i3 020% B8l 651% 620%% 02%
15 14 88% 129% 56% 40%, 92%
16 15 89% 11%% 54% 29% 94%
17 16 0% 10%% 69% S58% 91%
18 17 92% 8% 67% 55% 93%
19 18 91% 9% 14% 55% 72%
20 19 B9% 11%: 22% Q3% 66%
21 20 91% Q%% 16% B5% /1%

ST e T et = i

Those hew probabilities look
hot! Let's get them plotted and see
how they compare to the base rates!




subjective

| ,{,.'&arpen your penci
"N Using the data on the facing page, plot the new subjective
probabilities of each analyst on the chart below.

Make this thart
show P (S1|E), Your
vevised probability.

=~

0.0 0.2 0.4 0.6 0.8 1.0

As a point of reference, here is the plot of people’s beliefs in the
hypothesis that Russia would continue to support the oil industry
as they were before the news report.

Thisis P (S1), the
F\rior subjective
probabalii

ies.

NG

C%)OOOO%O%

0.0 0.2 0.4 0.6 0.8 1.0

How do you compare the new distribution of subjective
probabilities with the old one?

221
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small change

_ & S_harpen your pencil
\ N &Iutmn How does the now distribution of beliefs about Russia’s support
: for the oil industry look?

Heve is the new plot.

fo
N o
O%O

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

Thcs-c three analysts must have lost at least some
tonfidence in the hypothesis after the news veport.

Most are still in the 90% vange.

Here's what people used to think about the hypothesis:

RS

0®
00 0O

Qz%IbO

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

How do you compare the two?

222
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subjective

The CEQ knows exactly what fo
do with this new information

Everyone is selling their Russia holdings,
but this new data on my analysts’ beliefs
leads me to want to hold on to ours.
Let's hope this works!

The news about
sc”ing the oil fields.

-

E \/ow Livest anal\/sis of

E sub)cd:ivc ?robabih{ies. 5

E «——Today

2 :

c

% LC‘{',’S hoFc
> the stoek
E ma\rkc{; SOCS
§ ? back “F-l

S

Time

Backwater [nvestments CEO

On close inspection, the analysts concluded
that the Russian news is likely to report the
selling of their oil fields whether it’s true that
they will stop supporting oil or not.

So the report didn’t end up changing their

analyses much, and with three exceptions, .

their new subjective probabilities [P(S1 | E)] BUt are tlle analYSts r lgl’lt?
that Russia would support their oil industry

were pretty similar to their prior subjective

probabilities [P(S1)] about the same

hypothesis.
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cha ching!

Russian stock owners rejoice!

The analysts were right: Russia was bluffing
about selling off their oil fields. And the market
rally that took place once everyone realized it
was very good for Backwater.

Looks like your subjective probabilities kept
heads cool at Backwater Investments and
resulted in a big payoft for everyone!

224

Chapter 7

Value of Russian stock market

\/ow fiest anal\/sis of
sub\')cc{:ivc probabilities.

\//-

The news about
selling the oil fields.

Toda\/

: Your setond
{ e—analysis.

H

Time

Do a little more work like that, and this
will be the start of a long relationship.
Don't spend all your earnings in one placel




8 heuristics

* *
Analygke like @ human +

T have good simple
models... inside my brain.

The real world has more variables than you can handle.

There is always going to be data that you can’t have. And even when you do have data
on most of the things you want to understand, optimizing methods are often elusive and
time consuming. Fortunately, most of the actual thinking you do in life is not “rational
maximizing”—it's processing incomplete and uncertain information with rules of thumb so
that you can make decisions quickly. What is really cool is that these rules can actually

work and are important (and necessary) tools for data analysts.

this is a new chapter 225
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meet the

LitterGitters submitted their
report to the city council

The LitterGitters are a nonprofit group
funded by the Dataville City Council
to run public service announcements to
encourage people to stop littering.

They just presented the results of their
most recent work to the city council, and
the reaction is not what they’d hoped for.

Databurg had a 10%
reduction in tonnage!

We want tonnage
reduction!

We're cutting your funding in
1 month, unless you can come
up with a way to show you've

That last comment is the one we’re really reduced litter tonnage.

worried about. It’s starting to look as if
LitterGitters will be in big trouble very soon
if you can’t persuade the city council that
LitterGitters’ public outreach programs have
been a success relative to the city council’s
intentions for it.

226
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heuristics

The LitterGitters have really
cleaned up this town

Before the LitterGitters came along, Dataville was a
total mess. Some residents didn’t respect their home
and polluted it with trash, damaging Dataville’s
environment and looks, but all that changed when
LitterGitters began their work.

It’d be terrible for the city council to cut their
funding. They need you to help them get better at
communicating why their program is successful so
that the city council will continue their support.

I just know that our
program works... help!

Heve's what

Li{f“ré.‘{?‘kﬂs does.
\/ The LitterGitters divector
Public service \ Publications
announcements Education
Clean-up in schools
events

l‘('\ the Ci*{:y tountil tuts .
LittecGitters funding, Dataville will

+uen back into a big trash dum\?_’

N ,E,Qarpen your pencil
9 Brainstorm the metrics you might use to fulfill the mandate.
Where exactly would litter tonnage reduction data come from?

227
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measure

— Ggdharpen your pencil
\ & &Iutlun How exactly would you collect the data that would show whether
: the LitterGitters’ work had resulted in a reduction in litter

tonnage?

The LitterGitters have been measuring
their campaign’s effectiveness

LitterGitters have been measuring
their results, but they haven’t measured
the things you imagined in the
previous exercise. They’ve been doing
something else: surveying the general o}
public. Here are some of their surveys.

Questions for the general public
¢ Questions for the general public

Have you heard of the LitterGitters program?
I

f you saw someone litteri
ng, would you tell them i
trash away in a trash can? 1@ throw their Yes

Do you think littering is a problem in Dataville?

Has LitterGitters helped
you better to understa i
of preventing litter? n the importance st

Would you support continued city fundi i
) unding of i 3
educational programs? i’ geftinerGiters ‘/cs

Their tactics, after all, are all about
changing people’s behaviors so that
they stop littering. Let’s take a look at a
summary of their results...

Volunteer

228
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Questions for the general public Last year | This year

educational programs?

The ma“da‘re is ‘ro reduce These are the ycvccn{:ages"o(:
The ‘ro""age Of Iiﬂer people who vesponded “yes.

And educating people about why they need to change
their behaviors will lead to a reduction in litter tonnage,
right? That’s the basic premise of LitterGitters, and
their survey results do seem to show an increase in public
awareness.

But the city council was unimpressed by this report, and
you need to help LitterGitters figure out whether
they have fulfilled the mandate and then persuade the
city council that they have done so.

Do you litter in Dataville? 10% 5%
Have you heard of the LitterGitters program? 5% 90%
If you saw someone littering, would you tell them to throw their o N
trash away in a trash can? 2% 25%
Do you think littering is a problem in Dataville? 20% 75%
Has LitterGitters helped you better to understand the importance N N
of preventing litter? >% 85%
Would you support continued city funding of LitterGitters’

you supp y 9 rottters 20% 81%

heuristics

N .-g.&arpen your pencil

in the tonnage of litter in Dataville?

Does the LitterGitters’ results show or suggest a reduction

Download at Boykma.Com
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elusvie

_ & S_harpen your pencil
\ N &Iutmn Does the data show or suggest a litter tonnage reduction
: because of LitterGitters’ work?

Of course we don't measure tonnage. Actually
weighing litter is way too expensive and logistically
complicated, and everyone in the field considers

that Databurg 10% figure bogus. What else are we
supposed to do besides survey people?

This could be a problem. The city
council is expecting to hear evidence
from LitterGitters that demonstrates
that the LitterGitters campaign has
reduced litter tonnage, but all we
provided them is this opinion survey.

If it’s true that measuring tonnage

directly 1s logistically unfeasible, then
the demand for evidence of tonnage
reduction is dooming LitterGitters to

The LitterGitters
divettor

failure.
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Give people a hard question, and they’ll
answer an easier one instead

LitterGitters knows that what they are
expected to do is reduce litter tonnage, but
they decided not to measure tonnage directly
because doing so is such an expense.

This is complex,

expensive, and hard.

This is fast, easy, and
clear. It’s just not what
the city council wants.

Reacting to difficult questions in this way is
actually a very common and very human
thing to do. We all face problems that are
hard to tackle because they’re “expensive”
economically—or cognitively (more on this
in a moment)—and the natural reaction is to
answer a different question.

This simplified approach might seem like
the totally wrong way to go about things,
especially for a data analyst, but the irony is
that in a lot of situations it really works. And,
as you’re about to see, sometimes it’s the
only option.

heuristics

You've going to need a big stale to weigh all this...

Thc\/’vc got trash dumps like this all over Dataville. 5

‘ Questions for the general public

Your

[ vaur

(1‘ +i for tha Lnuhlic
n Y F TN 1 N H

LY

‘ Your

educational programs?

Questions for the aeneral public
Questions for the general public Your
answer
Do you litter in Dataville? No
Have you heard of the LitterGitters program? ch
If you saw someone littering, would you tell them to throw their \/ <
trash away in a trash can? ¢
Do you think littering is a problem in Dataville? ‘/cs
Has LitterGitters helped you better to understand the importance \/ <
of preventing litter? ¢
Would you support continued city funding of LitterGitters’ \/cs

Heve ave some of the opinion surveys D
LitterGitters got back from people.
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systematics

Littering in Dataville is

a complex system

Here’s one of LitterGitters’ internal research

documents. It describes things you might want to

measure in the world of litter.

Parks

Drainage ditches
Roadside ditches
Suburban neighborhoods
Urban neighborhoods

P ——

Adults  General ——

Cigarette

butts

. Pet waste

Where it's found

Plastic food wrappers

Types of litter Bottles and cans
Leftover food
Fishing line

Weird, random stuff

I
} o Public Te——
ildren —— . R .
‘ ) - Litter in Dataville:
| Solid waste workers \ hi
i Public health officials People you can survey about litter J Things you can Street sweeper
_/ measure processing station
| Academic researchers = ) . e
- . — Pl q LitterGitters cleanup activities
aces to dandfion  lls
measure
tonnage Private landfills

Public Litter cleanup
contractors

Private
Litter reduction outreach programs
Negative public health outcomes
Non-residents' poor impression of the city
Wild animals injured by litter

Costs you can measure

Where it's found

All of these factors for
neighboring cities

And here is the director’s
explanation of this big system
and the implications that its
complexity has for the work of
LitterGitters.

232

From: Director, LitterGitters
To: Head First

Subject: Why we can’t measure tonnage

In order to measure tonnage directly, we’d need staff at all the
contact points (processing stations, landfills, etc.) at all times. The
city workers won’t record the data for us, because they already
have plenty of work to do.

And staffing the contact points would cost us double what the city
already pays us. If we did nothing but measure litter tonnage, we
still wouldn’t have enough money to do it right.

Besides, the city council is all wrong when it focuses on tonnage.
Litter in Dataville is actually a complex system. There are lots of
people involved, lots of types of litter, and lots of places to find it.
To ignore the system and hyper-focus on one variable is a mistake.

Download at Boykma.Com



heuristics

You can’t build and implement a
unified litter-measuring model

Any sort of model you created to try to measure
or design an optimal litter control program would
have an awful lot of variables to consider.

Not only would you have to come up with a
general quantitative theory about how all
these elements interact, but you’d also have to
know how to manipulate some of those variables
(your decision variables) in order to minimize
tonnage reduction.

In order to optimize, you have An ob\')cd:ive Lunction shows how You
to know the entire system. want Lo maximize your ob)ct{ivc

in an oy{imiza{:ion ?roblmm-

Decision variables
and Constraints

Sooo many vaviables
{0 tonsider here.

S~

Objective function
Manimaze hitter
tonnage

e

The Ci{:\/ ountil wants to 56{: litter {',onhagc
as low as possible, and we need to show
that LitterGitters’ program does this.

This problem would be a beast even if you had
all the data, but as you've learned getting all the
data is too expensive.

Is giving the city council what
they want even Possible?
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handle all

Jill: This situation is a mess. We have a city
council asking for something we can’t give them.

Frank: Yeah. And even if we could provide
the tonnage reduction figure, it would not be of
much use. The system is too complex.

Joe: Well, that figure would the satisfy city
council.

Jill: Yes, we’re not here just to satisfy the
council. We’re here to reduce litter!

Joe: Couldn’t we just make something up? Like
do our own “estimate” of the tonnage?

Frank: That’s an option, but it’s pretty dicey. I
mean, the city council seems like a really tough
group. If we were to make up some subjective
metric like that and have it masquerade as a
tonnage metric, they might flip out on us.

Jill: Making up something is a sure way to get
LitterGitters’ funding eliminated. Maybe we
could persuade the city council that opinion
surveys really are a solid proxy for tonnage
reduction?

Frank: LitterGitters already tried that. Didn’t
you see the city council screaming at them?

Jill: We could come up with an assessment
that incorporates more variables than just
public opinion. Maybe we should try to collect
together every variable we can access and just
make subjective guesses for all the other variables?

Frank: Well, maybe that would work...
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heuristics

Stop! We're making this
way too complicated. Why
can't we just pick one or two
more variables, analyze them
too, and leave it at that?

You can indeed go with just a
few more variables.

And if you were to assess the effectiveness
of LitterGitters by picking one or two
variables and using them to draw a
conclusion about the whole system, you’d
be employing a heuristic...
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meet

Heuristics are a middle ground between
going with your qut and optimization

Do you make decisions impulsively, or with a few
well-chosen pieces of key data, or do you make
decisions by building a model that incorporates
every scrap of relevant data and yields the perfect
answer?

Your answer is probably “All of the above,” and

it’s important to realize that these are all different , d 4o

ways of thinking. Maybe you don t nee
incorporate all the data.

Intuition is seeing Heuristics are seeing
one option. [ntuition tan be a few options.
seary for analysts.

- > -

Most of your thinking {:akW

Analys{:s try to avoid velyi intuition i

(o]] ylha on |h'{:v|£|oh |‘F
Jchcy. tan, but detisions You make veally quickly
or without any data often have to be intuitive.

If you’ve solved an optimization problem, you’ve . .

found #he answer or answers that represent WlllCll Wlll you

the maximum or minimum of your objective c[
function. use for your data
And for data analysts, optimization is a sort of analysis Prol)lems?
ideal. It would be elegant and beautiful if all

your analytic problems could be definitively
solved. But most of your thinking will be
heuristic.
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heuristics

° Scholar’s Corner %

Heuristic |. (Psythological definition.) Substituting a
difficult or COn‘(:using attribute for a more accessible

one. 1. (Com?u{:cr stiente dc‘(:ini{:ion.) A way o‘c solv'mg
a problem that will tend to give you aceurate

answers but that does not guarantee optimality.

Optimization is seeing
all the options.

OP‘l:imiZa‘{;ion IS an
ideal for analysts

> Optimization &/

s “o‘a{:imiza{:ion"
even in heve?

Some psychologists even argue that a/l human
reasoning is heuristic and that optimization is
an ideal that works only when your problems are

ultra-specified.

But if anyone’s going to have to deal with an ultra-
specified problem, it’ll be a data analyst, so don’t
throw away your Solver just yet. Just remember

that well-constructed heuristic decision-making
protocols need to be part of your analytic toolkit.
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data analysis

Q: It seems weird that you’d have a
decision procedure that didn’t guarantee
a correct answer and call it “data
analysis.” Shouldn’t you call that sort of
thing “guesswork”?

A: Now that wouldn’t be very nice! Look,
data analysis is all about breaking down
problems into manageable pieces and
fitting mental and statistical models to data
to make better judgements. There’s no
guarantee that you'll always get the right
answers.

Q: Can’t | just say that I'm always
trying to find optimal results? If I've got
to dabble in heuristic thinking a little, fine,
but my goal is optimality?

A: That's fair to say. You certainly don’t
want to use heuristic analytical tools when
better optimizing tools are available and
feasible. But what is important to recognize
is that heuristics are a fundamental part of
how you think and of the methods of data
analysis.

Q: So what'’s the difference between
the psychological and the computer
science definition of “heuristics”?

A: They're actually really similar. In
computer science, heuristic algorithms have
an ability to solve problems without people
being able to prove that the algorithm will
always get the right answer. Many times,
heuristic algorithms in computer science

can solve problems more quickly and more
simply than an algorithm that guarantees the
right answer, and often, the only algorithms
available for a problem are heuristic.

Q: What does that have to do with
psychology?
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therejare no
Dumb Questions

A: Psychologists have found in
experimental research that people use
cognitive heuristics all the time. There is just
too much data competing for our attention,
so we have to use rules of thumb in order

to make decisions. There are a number of
classic ones that are part of the hard-wiring
of our brain, and on the whole, they work
really well.

Q: Isn’t it kind of obvious that human
thinking isn’t like optimization?

A: It depends on who you talk to. People
who have a strong sense of humans as
rational creatures might be upset by the
notion that we use quick and dirty rules

of thumb rather than think through all our
sensory input in a more thorough way.

Q,: So the fact that a lot of reasoning is
heuristic means that I'm irrational?

A: It depends on what you take to be

the definition of the word “rational.” If
rationality is an ability to process every bit

of a huge amount of information at lightning
speed, to construct perfect models to make
sense of that information, and then to have

a flawless ability to implement whatever
recommendations your models suggest, then
yes, you're irrational.

Q: That is a pretty strong definition of
“rationality.”

A: Not if you're a computer.

Q,: That’s why we let computers do
data analysis for us!

A: Computer programs like Solver live in
a cognitive world where you determine the

Download at Boykma.Com

inputs. And your choice of inputs is subject
to all the limitations of your own mind and
your access to data. But within the world
of those inputs, Solver acts with perfect
rationality.

Q; And since “All models are

wrong, but some are useful,” even the
optimization problems the computer
runs look kind of heuristic in the broader
context. The data you choose as inputs
might never cover every variable that has
a relationship to your model; you just
have to pick the important ones.

A: Think of it this way: with data analysis,
it's all about the tools. A good data analyst
knows how to use his tools to manipulate the
data in the context of solving real problems.
There’s no reason to get all fatalistic about
how you aren’t perfectly rational. Learn the
tools, use them wisely, and you'll be able to
do a lot of great work.

Q; But there is no way of doing data
analysis that guarantees correct answers
on all your problems.

A: No, there isn’t, and if you make the
mistake of thinking otherwise, you set
yourself up for failure. Analyzing where
and how you expect reality to deviate from
your analytical models is a big part of data
analysis, and we’ll talk about the fine art of
managing error in a few chapters.

Q,: So heuristics are hard-wired into
my brain, but | can make up my own, too?

A: You bet, and what's really important
as a data analyst is that you know it when
you're doing it. So let's give it a try...



Use a fast and frugal tree

Here’s a heuristic that describes different
ways of dealing with the problem of having
trash you need to get rid of. It’s a really
simple rule: if there’s a trash can, throw it
in the trash can. Otherwise, wait until you
see a trash can.

This schematic way of describing a
heuristic is called a fast and frugal tree.
It’s fast because it doesn’t take long to
complete, and it’s frugal because it doesn’t
require a lot of cognitive resources.

What the city council needs is its
own heuristic to evaluate the quality
of the work that LitterGitters has
been doing. Their own heuristic is
unfeasible (we’ll have to persuade
them of that), and they reject
LitterGitters’ current heuristic.

Can you draw a fast and frugal tree
to represent a better heuristic? Let’s
talk to LitterGitters to see what they
think about a more robust decision
procedure.

heuristics

I’m done with my food wrapper.
Is there a trash can nearby?

Tes No

Throw itin the
trash can.

Put it in my pocket and
go somewhere else.

/

Now is there a
trash can?

Tes No

Throw itin the
trash can.

The City Council’s heuristic

Has the tonnage of litter been
reducedafter LitterGitters?

s

Keep funding Stop.funding
LitterGitters LitterGitters

LitterGitters' heuristic

Do/people have better attitudes
about litter after LitterGitters?

Ves No

Keep funding
LitterGitters

Stop funding
LitterGitters

239
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simplifying

Is there a simpler way to assess
LitterGitters’ success?

Using a heuristic approach to measure
LitterGitters’ work would mean picking one or

more (?f these variables ar'ld addmg th(?m to your Which of £hese vaviables can you add
analysis. What does the LitterGitters director think . . i .
1d be the best - £o your analysis to give a tuller picture
would be the best approach: of LitterGitters effectiveness?
. Parks \\\\\\\\\\\\ Cigarette
Drainage ditches ~~o butts

[
|
|
} Roadside ditch \ P
oadside ditches o | et waste
I X Where it's found | )
| Suburban neighborhoods J Plastic food wrappers
|
\

— Bottles and cans

Urban neighborhoods o Types of litter
B - Leftover food
Fishing line
77777777777777 T —— Weird, random stuff
| Adults  General Te——
} T Public ———
ildren Te— q q a
! " T Litter in Dataville:
} Solid waste workers \ Thi
| Public health officials People you can survey about litter J ings you can Street sweeper
| Academic researchers R measure processing station
\\ 7777777777777777777777777777777 Pl . LitterGitters cleanup activities
aces to
Public landfills
measure
tonnage Private landfills
Public Litter cleanup Where it's found
X contractors
Private
Litter reduction outreach programs
Negative public health outcomes Costs
Yyou can measure
Non-residents' poor impression of the city A". of the_se fa_ct_ors o
neighboring cities

Wild animals injured by litter

You just can't leave out public opinion surveys.
And, like T've said, there is just no way to weigh all the
litter in order to make a good comparison. But maybe you
could just poll the solid waste workers. The biggest problem
is cigarette butts, and if we periodically poll the street

sweepers and landfill workers about how many butts they're
seeing, we'd have a not totally complete but still pretty solid
grip on what is happening with litter.
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N .-g.&arpen your pencil

heuristics

Draw a fast and frugal tree to describe how the city council
should evaluate the success of LitterGitters. Be sure to include
two variables that LitterGitters considers important.

The final judgment should be whether to maintain or eliminate
the funding of LitterGitters.
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your first heuristic

,&erpen your pencil
&lutlun What heuristic did you create to evaluate whether LitterGitters
has been successful?

While Your own tree mlg\'\{: be diffevent, heve's an
example of wheve you might have ended up-

Fi\rs{:, the ci’cy tountil needs +o
ask whether the public is veacting
positively to Litter§itters.

s LitterGitters intreasing people’s
enthusiasm about stopping litter?

Has the public increased
its litter awareness? I£ not, LitterGitters'

No Fumdmg should be
[ £he public is supportive, do clnmma{cd
the solid waste workers think

there has been a veduttion? Do solid waste workers believe Klllfundlng
there has been a reduction?

This attribute is what
" N \ we've substituting for
divectly measuring tonnage.
r) Maintain funding Kill funding
C "c the solid waste workers don .E

Heve's the ouktome that LittecGitters wants. think there’s been any effect,
that's the end of Fuhdmg

242 Chapter 8
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N .-g-,&arpen your pencil

T am looking forward to seeing that report
T hear you redid. But I'm expecting you to
be like all the other nonprofits that get

Dataville money... a bunch of incompetents.

It sounds as if at least one of the city
council members has already made up
his mind. What a jerk. This guy totally
has the wrong way of looking at the work
of LitterGitters.

City countil member

heuristics

This city council member is using a heuristic. Draw a diagram
to describe his thought process in forming his expectation
about LitterGitters. You need to understand his reasoning if you

are going to be able to persuade this guy that your heuristic
assessment ideas are valid.
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stereotypes

_ @aoharpen your pencil
N f&n 4 SalEfiun

How do | \')udgc
LitterGitters?

From my experiente,
\_> what are other
nonyro«ci'ﬁs like?

\> Other hOhYYO‘(:.I‘{ZS ave
intompetent.
N LibberGikters ave

ih(,om\?c{xn{:.

How does it seem this unpleasant city council member is forming
his expectations?

[£ seems as if he isn't even
intevested in LitterGitters =
itself... his other experiences

are determining his veaction.

Stereotypes are heuristics

Stereotypes are definitely heuristics: they don’t

require a lot of energy to process, and they’re super-
fast. Heck, with a stereotype, you don’t even need to
collect data on the thing you’re making a judgement
about. As heuristics, stereotypes work. But in this

case, and 1n a lot of cases, stereotypes lead to poorly How do | judge

. LitterGitters?
reasoned conclusions.
Not all heuristics work well in every case. A fast l
and frugal rule of thumb might help get answers

for some problems while predisposing you to make

Ask some probing

inadequate judgements in other contexts. questions.
A muth bcH:cr wa\/ ‘{')O
Jjudae LitterGitters would

be somc{hing like this:

\_/

Are their answers
impressive?

Jes No

Heuristics can be downright dangerous!

LitterGitters are
incompetent.

LitterGitters are quite
sharp.
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heuristics

Maybe we can get some data to describe what the
sanitation workers think about what is happening with

litter. Then we can present our original analysis along with
our decisions heuristic and new data to the city council.

Let’s see what those sanitation
workers have to say...

you are here » 245
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ready for takeoff

Your analysis is ready fo present

Between your heuristic and the data

you have, including the just-received

responses from the sanitation

workers below, you’re ready to start

explaining what you see to the city

council. Hevre's how You decided the city couneil
should assess the work of LitterGitters.

Has the public increased
its litter awareness?

Jes No

Do solid waste workers believe  Kill funding
there has been a reduction?

Yos No Here's our original data
deseribing the attitudes of the
geneval public about litter.

Maintain funding Kill funding
Questions for the general public Last year | This year
Do you litter in Dataville? 10% 5%
Have you heard of the LitterGitters program? 5% 90%

If you saw someone littering, would you tell them to throw their
. 2% 25%
trash away in a trash can?

Here's some new data destribing
. . ) . .
‘{',"\C Sahl‘{',a'{',loh WOV‘kCY‘S ImFY‘CSSIOV\S Has LitterG_itters helped you better to understand the importance
0‘(: litter in Dataville since of preventing litter?
. . Would ; ; : [——
LitterGitters began their program. Wouldyou supportcontinued ciy unding o LiterGitrs

Do you think littering is a problem in Dataville? 20% 75%

5% 85%

Questions for the sanitation workers This year
Have you noticed a reduction in litter coming into Dataville 75%
landfills since LitterGitters began their work?
Are there fewer cigarette butts being collected off the streets 90% We Can){: compare this f;Sm L
since LitterGitters began their work? las.t Yca‘_] e \)us{: S{:aw&d
Have high-litter areas (downtown, city parks, e?c.) seen a 30% ¢ ‘
reductic?n in litter since LitterGitters began their work? Co”ct{:mg data 1cor this YCPo\r{',.
i i 0
Is littering still a significant problem in Dataville? 82%

These numbers vepresent the yc\rccw[:agc_J

of ?ca‘ﬂc who answeved “\/cs."
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Download at Boykma.Com



heuristics

N .-;_;Sl\ﬁrpen your pencil

Why can’t you measure tonnage directly?

Answer the following questions from the city council about
your work with LitterGitters.

Can you guarantee that your tactics will continue to work?

247

Download at Boykma.Com



interrogation

N .-;;J\ﬁrpen your pencil

"N &Iutmn How did you respond to the city council?
Why can’t you measure tonnage directly?

Hmmm. It's like you
actually know what
you're talking about.

248
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Looks like your analysis impressed
the city council members

Memorandum
Re: LitterGitters and litter in Dataville

The city council is pleased to renew the

contract of LitterGitters, thanks to the excellent
work from the Head First data analyst. We
recognize that our previous assessment of the
work of LitterGitters did not adequately treat
the whole issue of litter in Dataville, and we
discounted the importance of public opinion
and behavior. The new decision procedure you
provided is excellently designed, and we hope
the LitterGitters continue to live up to the high
bar they have set for themselves. LitterGitters
will receive increased funding from the Dataville
City Council this year, which we expect will
help...

Thanks so much for your help. Now there
is so much more we'll be able to do to

get the word out about stopping litter in
Dataville. You really saved LitterGitters!

Dataville will stay clean
because of your analysis.

Thanks to your hard work and subtle
msight into these analytical problems, you
can pat yourself on the back for keeping
Dataville neat and tidy.
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9 histoprams

* *

* The shape of numbers
* *

Most of the action in
this city concentrates
right here. That's why
I'm so tall.

So what? The important
work is done in this area.
If you understood the

landscape, you'd see why!

How much can a bar graph tell you?

There are about a zillion ways of showing data with pictures, but one of them is special.
Histograms, which are kind of similar to bar graphs, are a super-fast and easy way to
summarize data. You're about to use these powerful little charts to measure your data’s
spread, variability, central tendency, and more. No matter how large your data set is,

if you draw a histogram with it, you’ll be able to “see” what’s happening inside of it. And

you're about to do it with a new, free, crazy-powerful software tool.

this is a new chapter 251
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quest for

Your annual review is coming up

You've been doing some really excellent
analytical work lately, and it’s high time you
got what’s coming to you.

The powers that be want to know what you Oh b
think about your own performance. o2 self evauation

Starbuzz Analyst Self-review

Thank you for filling out our self-review! This document is important for
our files and will help determine your future at Starbuzz.

Date

Analyst Name

Circle the number that represents how well-developed you
consider your abilities to be. A low score means you think you
need some help, and a high score means you think your work is
excellent.

The overall quality of your analytical work.

1 2 3 4 5

Your ability to interpret the meaning and importance of past events.

1 2 3 4 5
Bet )'ou'd stovre highcr

now than Yyou would

Your ability to make level-headed judgements about the future. have in thapber 1]

1 2 3 4 5

Quality of written and oral communication.

1 2 3 4 5

Your ability to keep your client well-informed and making good choices.

1 2 3 4 5

You deserve a pat on the back.

Not a literal pat on the back, though...
something more. Some sort of real

Your Worl( is totally SOli C[. recognition. But what kind of recognition?

252

And how do you go about actually getting it?

Download at Boykma.Com



histograms

You'd better brainstorm about strategies to get recognized. Write
down how you'd respond to each of these questions.

_ .-g.&arpen your penci

Should you just say thanks to your boss and hope for the best? If your boss really believes you've
been valuable, he'll reward you, right?

Should you give yourself super-positive feedback, and maybe even exaggerate your talents a
little? Then demand a big raise?

Can you envision a data-based way of deciding on how to deal with this situation?

253
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is more money

We so deserve a raise.
But how do we get the
boss to give it fo us?

However you answered the questions
on the last page, we think you should go for
more money. You’re not doing this hard work
for your health, after all.

Going for more cash could play
out in a bunch of different ways

People can be skittish about trying to get more money from
their bosses. And who can blame them? There are lots of
possible outcomes, and not all of them are good.

H
Ask for a I|ttle eve are Your thoices.
_ -n/ —-\

You’re “put back

Does your boss

in your place”
Ask for a lot /\ think you’re being
reasonable?
T Is she delighted or g
” - disappointed?
F.I'_'
Do nothing Incredible
raise!
sl
;!‘
You’ve been This would
canned icel
Ris\'\{‘, now, You have be nice/
no idea what your
boss will think or do.
Could research help you predict the outcomes?
Even though your case is unique to you, it still might make sense
to get an idea of your boss’s baseline expectations.
254
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histograms

Here’s some data on raises

Because you’re so plugged in to Starbuzz’s * L i C{ })O '
data, you have access to some sweet numbers: oad 1nis!
Human Resource’s records about raises for the

past three years. *

www. headfirstlabs.com/books/hfda/
hfda_ch09_employees.csv

Your com\?an\/'s raises

_—

Each line of the database
vepresents someone’s vaise

for the specified year.

11 10 10.5 TRUE 2009
L — e o This column says whether the
: ' o 19T 2007 is male or female... You
Here’s the person’s LA . L pevson is male | y .
vaise amount, 15| 15 86 TRUE 2009 know, there mlgh{: be a torvelation

TRLIE

1 53
measured as a ~_ _ra(nz 165  TRUE
L] 18 112 TRLIE

percent intrease.

between gender and vaise amount.

This tolumn tells you whether the
person asked ("o\r movre monc\/ or v\o{‘,-
TRUE means ‘{‘)\CY asked (:ov w;ov'c
¢ash, FALSE means they didnt.

This data eould be of use
to You as You figwc out
what types of raises ave
You might be able to wring some powerful veasonable to expeet.
insights out of this data. If you assume that

your boss will act in a similar way to how

previous bosses acted, this data could tell you

what to expect.

RANN
Problem is, with approximately 3,000 [
employees, the data set is pretty big. PQWE?

How would you deal with this data?
Could you manage it to make it more
useful?

You've going 4o need to do something
to make the data useful.

you are here » 255
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negotiation

Jim: We should forget about the data and

just go for as much as we can get. Nothing in
there will tell us what they think we’re worth.
There’s a range of numbers in the boss’s head,
and we need to figure out how to get the upper
end of that range.

Joe: I agree that most of the data is useless
to tell us what they think we are worth, and 1
don’t see how we find out. The data will tell
us the average raise, and we can’t go wrong
shooting for the average.

Jim: The average? You've got to be joking.
Why go for the middle? Aim higher!

Frank: I think a more subtle analysis is in
order. There’s some rich information here, and
who knows what it’ll tell us?

Joe: We need to stay risk-averse and follow the
herd. The middle is where we find safety. Just
average the Raise column and ask for that
amount.

Jim: That’s a complete cop-out!

Frank: Look, the data shows whether people
negotiated, the year of the raise, and people’s
genders. All this information can be useful to
us if we just massage it into the right format.

Jim: OK, smarty pants. Show me.

Frank: Not a problem. First we have to figure
out how to collapse all these numbers into
figures that make more sense...

Better summarize the data. There’s just too
much of it to read and understand all at once, and
until you’ve summarized the data you don’t really
know what’s in it.

Start by breaking the data down into its basic
constituent pieces. Once you have those pieces,
then you can look at averages or whatever other
summary statistic you consider useful.
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histograms

As you know, much of analysis consists of taking information and
breaking it down into smaller, more manageable pieces.

Draw a picture to describe how you would break these data fields
down into smaller elements.

Draw pictures heve to
vepresent how you'd split

the data into smaller pieces. N

i) 23 16.4 TRUE
) 26 14.1 TRUE

............... i 27 102 TRUE
2 197 TRUE
.'-. 34 29 68 TRLIE

Women

il g 1.6 TRUE

1 M
2 F

1 "

4 £

5 M

[ F

7 M

8 16 TRUE F

Heve are some g 82 TRUE M

10 105 TRUE F

examples. 11 18 TRUE M

12 %7 TRUE F

13 59 TRUE M

14 134 TRUE F

................. 15 86 TRUE M
D 16 53 TRUE F
s Raises O‘F " 17 165 TRUE M
L obg% 1§ 112 TRUE F
-8 19 84 TRUE M
................ 0 149 TRUE F
21 146 TRUE M

22 17 TRUE F

23 LK TRUE M

24 8 TRUE F

M

L

"

E

"M

F

T 176  TRUE M\
et o Em = -:‘;- = s 08 em TESY

What statistics could you use to summarize these elements?
Sketch some tables that incorporate your data fields with
summary statistics.

you are here » 257
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chunks of data

_ _rpen your penul

Solution

You ¢an break the da
Your ¢olumns into pieces...

Here are a few ways you might integrate

This +able shows the

average vaise for male

and female negotiators.

your data chunks with summary statistics.

What sort of pieces would you break your data into?

Here are some examples...

our answers might be

a little different.

Women 7
................. Raiscs
4_5% Men
...and You tan tombine those pietes of
data with Flctcs ‘From other tolumns. R
................. " Menin .
FCmalc 2008
negofna{'p.vs ............................

You've got loads

of oP'f;ions heve.

C

meceded  regotiated lﬂﬂ'ﬂf yaar [

1 121 TRUE M 2005

2 89 TRUE F 2006

] 88 TRUE M 2007)

4 7.1 TRUE F 2008 |

5 10.2 TRIFE M 2009}

[ 7 TRUE F 2005

7 151 TRUE M 2006

8 16 TRUE F 2007|

8 82 TRUE M 2008

10 105 TRUE F 2009|

11 1.9 TRSE ™ 2005

12 9.7 TRUE F 2006|

13 99 TRUE M 2007

14 134 TRUE F 2008

15 86 TRUE M 2009

16 53 TRUE F 2005 |

17 16,5 TRUE ™ 2006}

18 112 TRUE F 2007

19 84 TRUE M 2004 |

20 149 TRUE F 2009|

2| 21 14.6 TRLIE M 1
| 2 17 TRUE F
4 1 85 TRUE M
5| 24 8 TRUE F
26| 25 164 TRUE M
r 26 4.1, TRUE F
3| 27 102 TRUEE M
29| 8 197 TRUE F
|| 29 LE] TRUE M
F
™

This ehart counts the number
of vaises in eath interval
of vaise yossibili{:ics.

How man\/
.. | i Frequenties \"°\’.'° had
B . ad vaise
(or tounts) . between
. : of band 7
: vaises | Peveent?

Let's actually eveate
this last visualization...

258 Chapter 9
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histograms

Tt sure is fun to imagine
summarizing these pieces
of the data, but here's a

thought. How about we
actually do it?

Using the groupings of data
you imagined, you’re ready to
start summarizing.

When you need to slice, dice, and
summarize a complex data set, you want
to use your best software tools to do the
dirty work. So let’s dive in and make your
software reveal just what’s going on with
all these raises.
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excel for histograms

— TasTt DRIve

A visualization of the number of people who fall in each
category of raises will enable you to see the whole data set at

once. _
So let’s create that summary... or even better, let’s do it | lats | Rewiew i @ -
graphically. = E g =i - & % Data Analysis
=] = Fa |l | 2
Open the Data Analysis to Remowe . | Outline|
dialogue box nns Duplicates =P~ ||~
Data Toals | Apfalysis

With Yyour data open in
Extel, elick the Data Anal\/sis
button under the Data +ab.

In OpenOffice and older versions of
i Excel, you can find Data Analysis under the
Tools menu. Heve it is!

|£ you don't see the Data
Analysis button, see Appendfx
iii for how to install it.

M bah ben e vwa e toevw [EEEDY Dma sescon . e

TYEE ™ &% # me | uslen [ = T
L | Ducissary :
flrmes  Wa®in ) U EES) sl EEim-a-gg -

= — e e V.

1 X v @l = i I
w Tk Sl ¥ e Select Histogram.

] PR ._;‘iﬂ i

BT e me,

Ll i E1 ] T furaphocs N

3 . 1 THRE | Cempabenylesd | 2008 'V\ {')\C POF-‘IAF WIV\dOW; '[',C” E?‘CCI
8 El Wy T Preiea Poe 2009 {h { {: {-p {: N {-p
r . T e ams

. : W1 e | TR ama a \,OU wan treate a his 5v~am.
a [ T T e o | Ao

in 1 i TmE | o ams

1 11 168 TRE | e anie

i 11 18 tme 2004

Tomidy % P Welh

‘Data Analysis Ea ]
apvbysis Tooks
| Anova: Single Factor - | EE

| Bneva: Two-Factor With Repboaben [ Camel |
Helo ]

| Anwova: TwoFachor Withou! Replcation |
| Correlation |F
| Covaniance

| Desriptive STOCODCT
| Exponenbal Smaothing
:F-TE[TW'SHT..*.‘ for Vartances

i —
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histograms

(5]

Select your data.

Seleet all Your vaise data undev

the receiveq tolumn.

':,'-.-- —r‘m 3k o
Input
Input Hange:
Bin Range:

]| Labalg

Be sure 4o thetk this box so N
£hat Excel makes a thart. m”p:"“ |
' Mew Woarksheet Ply:
7 Mew Workbook

| Cumulative Mercentage
B [¥] chart output

A B C o

When Your vaise data is

> 1]-'3':::1”{,?_1',5"““““""” selected, there should be a
: d e big “marehing ants” selection
: N box all the way from the top..
& s s M
x F
L] ]
2 F
M
:. 'l',o fhc bo'H',Om.
=
e Run it./_\
Press OK and

let ‘ev vip!
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EE =
iGK]

susBs001 [N

=) | Conce
T

| Paretn {sorted histogram)

2971 BW: 3.0 FALSE F
2992 1) 5.3 FALSE
2993 a9z S8 FALSE F
7554 1593} 4.8 FALSE
was  m 48 FALSE
2054 2985! 313 FALSE
2997 291 S FAISE F
2958 T 4,2 FALSE
2990 22981 4.6 FALSE
30000 o) 4.7 FalsE

FALSE

M4+ hida chO9_employess
Calculating Histogram

What hap]oens when
you create the chart?
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histograms for counting

Histograms show frequencies
of groups of numbers

Histograms are a powerful visualization
because, no matter how large your data set
1s, they show you the distribution of data
points across their range of values.

Tor example, the table you envisioned in the
last exercise would have told you how many
people received raises at about 5 percent.

What kind of
contentration
people get vaises
avound 5%

Frequenties
: o :

raises

shows us
drama{:ically.

This histogram shows graphically how many
people fall into each raise category, and it
concisely shows you what people are getting
across the spectrum of raises.

The his-(;ogram

(‘ Here's the output from Exeel.

3 TTaOFAATY

¥ 251851851

LATITIIN IR

Histogram

whole numbevrs.

gl= -l

LR R R o .
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C— -
S2S =2 ZZERARZ

™ Frequency

These bins are nice

T 3NATOITE

1 HIS6106 ] je—
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Histogram

Looks like a whole lot of
People have vaises in this area.

W Frequesdy

T TT03TA3T
211863903
IT.EI2IIETY
11 BA1LRL S
M. ATLDT407
Waie

Hemm... this x—axis
suve looks like a mess.

On the other hand, there are some problems
with what Excel did for you. The default
settings for the bins (or “class intervals”) end
up producing messy, noisy x-axis values. The
graph would be easier to read with plain
integers (rather than long decimals) on the
x-axis to represent the bins.

Sure, you can tweak the settings to get those
bins looking more like the data table you
initially envisioned.

But even this histogram
has a serious problem.
Can you spot it?




Gaps between bars in a histogram
mean gaps among the data points

In histograms, gaps mean that there is data
missing between certain ranges. If; say, no
one got a raise between 5.75 percent and
6.25 percent, there might be a gap. If the
histogram showed that, it might really be
worth investigating;

In fact, there will always be gaps if there are
more bins than data points (unless your data

set 1s the same number repeated over and over).

histograms

These are move
typical—looking
histograms.

Histograms Up
Clese

Does this gap mean that theve are no people
who got vaises between 3.3% and 3.8%

That’s exactly what the gap should mean, at least if

the histogram is written correctly. If you assumed this
histogram was correct, and that there were gaps between
these values, you’d get the totally wrong idea. You need a
software tool to create a better histogram.

Download at Boykma.Com

The problem with Excel’s function is
that it creates these messy, artificial
breaks that are really deceptive.

And there’s a technical workaround
for the issues (with Excel, there’s
almost always a workaround if you
have the time to write code using
Microsoft’s proprietary language).

But it’s chapter 9, and you’ve been
kicking serious butt. You’re ready
for a software tool with more
power than Excel to manage and
manipulate statistics.

The software you need is called R.
It’s a free, open source program
that might be the future of
statistical computing, and you’re
about to dive into it!
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crank up a mean tool

Install and run R

Head on over to www.r-project.org

to download R. You should have no (¢ o orecy B0 T L
. . - T v Do e e
problem ﬁndmg a mirror near you 'that The R Projest for Statistical
serves R for Windows, Mac, and Linux. Computing
. R ® o' gs
o NN B Jee o
L "-:-"'_:nt s e “-‘;. &
Mesdeh Do ' ;.D":"ﬂ = l
[y R
. b T 4
Cliek this download link. %‘:{*
‘f” : T | \
- s
- Oatting STArTed:
IQO"' - !.;I;:G-l-{_"ml'r_ﬂ'*r b romyien, el v v 4 e
o.,_""“"' NI e, Wiy md Ml To dpeped B poms choos o pomed
Once you've fired up the 7 M R
program, you ‘Il see a window e~ .
't"\a't lOOkS IlkC {')’\IS s s e vk A [ ————— A e

This little cursor here vepresents the Comyrigns it} itk Tea I Pau P
command prompt and is wheve you'll L TR e
be entering Your tommands into R. e S wa .

Haveral liscesoe Febiorf bat russiss 85 &5 Ensiish iseals

Eir v collsBorasive Rociest With RAST SonTIERTSTR.
Trpe 'eanieabutansd]” faF Bary WADEESALLAR ad
TEAEALIAR|]" Bh BEW T8 Site K oF B DASESJES L= freRliEaticAs.

IFRE CIERCI) T TOT NOMW GEEQE, SMIEE}C £97 GE-LIBE ARAF. GF
"Ralip, amark (! Per am ETML Brovess (aTarfess b Salp
o Trpe 'qii® to quit ks

The command prompt :
is your friend.

Working from the

: command prompt is

. something you get the hang of quickly,

. even though it requires you to think a little

. harder at first. And you can always pull up a
. spreadsheet-style visualization of your data

. by typing edit (yourdata).
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histograms

Load data info R

For your first R command, try loading 1
the Head Furst Data Analysis script using the L()&d t}ﬂs

source command:

source (“http://www.headfirstlabs.com/books /hfda/hfda .R")

That command will load the raise data you RO R Comale _ =
B oM T m Y
need for R. You’ll need to be connected to the X :

Internet for it to work. If you want to save your . M- - - L 08
R session so that you can come back to the 2979 2979 4.6 B0 FALSE M 2008
. , 2988 2088 5.1 B.@ FALSE F 2009
Head First data when you’re not connected to 7981 7981 5.4 8.8 FALSE M 2605
the Internet you can type save.image (). o it i i rror e
2984 2084 4.7 B8 FALSE ]
2985 7985 5.3 2.2 FALSE M 089
2086 2956 7.2 8.8 FALSE F 2085
2087 28T 4.6 B8 FALSE M 2006
2088 2988 E.93 B8 FALSE F 2ea7
. . 2983 2089 3.7 8.8 FALSE M 2028
So what did you download? First, take a look 2380 2999 3.6 0.9 FALSE F 2009
at the data frame from your download called ig; iﬁ; :_‘i ::: E:EE : im
“Employees.” Just type this command and press 2093 2993 4.8 0.8 FALSE M zear
2004 2994 4.6 a.a FALSF F 2833
Enter: 2095 2095 3.3 0.8 FALSE M 203
Typc the name of +the daty |296 206 5.2 B.8 FALSE F 2005
emplovees i to ' 2097 2097 4.2 p.@ FALSE M 2006
ploy rame 56‘(‘, R to dlsplay i-t. 2998 2998 4.6 B.a FALSE F 2097
2999 2999 4.2 8.8 FALSE M 2088
Id 3090 5.1 2.8 FALSE F 289

The output you see on the right is what R = H

glves you In response.

The tommand rc{:wns a
||s{:m5 o-(: all {:hc rows
in the data frame.

Generate a histogram in R by typing this command: What does this mean?

) A hist (employees$received, breaks=50)
ExerciSe

What do you think the various elements of the command mean? Annotate your response.
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the maestro of histograms

What do you think this histogram command means?

ise
:yc 'ﬁOﬂ hist tells R 4o vun the histogram Lunction. The second avgument tells R how to

construet the groupings.

hist (employees$Sreceived, breaks=50)

The first avqument speeifies
what data to use.

R creates beavtiful histograms

With histograms, the areas under Histogeam of srployesadnscelved
the bars don’t just measure the
count (or frequency) of the thing
being measured; they also show the -
percentage of the entire data set being 2 M
represented by individual segments. I
g -
When You vun the tommand, a 5
window pops up showing this. B
- N
© &
T

Th " |

«Cr:o\ucnc\/ "4 r What's happening heve?

heve is the od —_od ‘h’lm-..-nnn.rhﬁﬁ_... :

tount o‘(" I T T

PcO?lc LU 1 14 n

employessiraceied
Look carefully at the contour
of the curve. A few things are
obvious. Not a lot of people got
raises below 0 percent, and not a A |°{_3 of people ‘.i),/"{ Here are the highest
lot of people got raises above 22 a vaise around 5%. pereentage vaises.
percent.
But what’s happening in the muddle Wl‘at (:[0 you make
of the distribution? . .
of this lustogram?
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histograms

These commands will tell you a little more about your data set and what people’s
raises look like. What happens when you run the commands?

ExeRrcise

d 1 ived) &— O
sd (employeesSreceived) Wh\/ do oo think R rcs\?onds b

eath of these the way it does?

summary (employeesS$Sreceived)

Type help (sd) and hel
: P (summary)
to find out what the tommands do.

What do the two commands do?

Look closely at the histogram. How does what you see on the histogram compare
with what R tells you from these two commands?

267
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summary commands

%ac_ﬁe
OLutiON

What do the two commands do?

The sd tommand veturns the standard

Look closely at the histogram. How does what you see
on the histogram compare with what R tells you from
these two commands?

You just ran some commands to illustrate the summary statistics for your data set about raises.
What do you think these commands did?

On average, the vaises ave 2. 43
peveentage points from the mean.

& Connole. =

> sd{employeesireceived)
[1] 2.432138
> susmary{employessreceived)
Min, 1st Qu. Median Mean 3rd Qu. Max,

-1.800 4.600 5.500 6.028 6.700 25.900
k-
summary () gives You some
basie Summary stats ‘FOV‘
the vaises people veceived.
The median Histoegram of employeesSrecaived
is heve.
g7 _ The mean is here.
E i |
. The right side
E ) is a little bigger
- than the left and
Pu“s the mean
g : to the rgiht.

Heve's one There are two “humps.” 3 bi

Ps, a big tall
standavd and this little one on the \r'igh'l:. e
deviation.
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histograms

Joe: If the histogram were symmetrical, the
mean and median would be in the same
place—in the dead center.

Frank: Right. But in this case, the small
hump on the right side is pulling the mean
away from the center of the larger hump,
where most of the observations are.

Joe: 'm struggling with those two humps.
What do they mean?

Frank: Maybe we should take another look at
those pieces of data we identified earlier and
see if they have any relevance to the histogram.

Joe: Good idea.

. o Raer o

The data 5\rou\7'mgs—\/ouj
imagined earlier.

Can you think of any ways that the groups you identified earlier
might explain the two humps on the histogram?

you are here » 269
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sorting out

_ oharpen your pencil
\ -LPB y SGIEtiUH

How might the groupings of data you identified earlier account
for the two humps on your histogram?

Q; So it seems like we have a lot
of flexibility when it comes to how the
histograms look.

At It's true. You should think of the

very act of creating a histogram as an
interpretation, not something you do before
interpretation.

Q: Are the defaults that R uses for
creating a histogram generally good?

A: Generally, yes. R tries to figure out the
number of breaks and the scale that will best
represent the data, but R doesn’t understand
the meaning of the data it’s plotting. Just

as with the summary functions, there’s
nothing wrong with running a quick and dirty
histogram to see what’s there, but before
you draw any big conclusions about what
you see, you need to use the histogram (and
redraw the histogram) in a way that remains
mindful of what you're looking at and what
you hope to gain from your analysis.

Q: Are either of those humps the “bell
curve?”

270

therejare no
Dumb Questions

A: That's a great question. Usually,
when we think of bell curves, we're talking
about the normal or Gaussian distribution.
But there are other types of bell-shaped
distributions, and a lot of other types of
distributions that aren’t shaped like a bell.

Q: Then what’s the big deal about the
normal distribution?

A: A lot of powerful and simple statistics
can come into play if your data is normally
distributed, and a lot of natural and business
data follows a natural distribution (or can be
“transformed” in a way that makes it naturally
distributed).

Q: So is our data normally
distributed?

A: The histogram you've been evaluating
is definitely not normally distributed. As long
as there’s more than one hump, there’s no

way you can call the distribution bell-shaped.

Q: But there are definitely two humps
in the data that look like bells!

Download at Boykma.Com

A: And that shape must have some sort
of meaning. The question is, why is the
distribution shaped that way? How will you
find out?

Q,: Can you draw histograms to
represent small portions of the data to
evaluate individually? If we do that, we
might be able to figure out why there are
two humps.

A: That's the right intuition. Give it a shot!

Can you break the raise
data down in a way that
isolates the two humps
and explains why they
exist?



histograms

Make histograms from
subsets of your data

[nside your data are

[£ You plot the raise
You can make a histogram out of your entire subsets of data that valn:/cs Ew eath subset,
data set, but you can also split up the data vepresent different 9roups. You ,..'.sh{; 55{; a bunth
into subsets to make other histograms. of different shapes.

Raise data

: Big IEII

§ Raises -

200
Raises '

Negotiators The sha‘?c O‘C mCh,S vaises, ‘FOV‘ C*am?‘C)

A might tell you something b itself or in

. ) .
Negotiators tomparison o the shape ot women's raises.

Let's make a bunch of histograms that describe subsets of the raise data. Maybe looking at
: these other histograms will help you figure out what the two humps on the raise histogram
EJ’-ERC;SQ mean. Is there a group of people who are earning more in raises than the rest?

1) To start, look at this histogram command and annotate its syntax. What do you think its components mean?

hist (employeesSreceived[employeesSyear == 2007], breaks = 50)

Write down here what you
think each piete means.

2) Run the above command each of these commands. What do you see? The results are on the next page,
where you'll write down your interpretations.

hist (employeesSreceived[employees$Syear == 2008], breaks = 50)
hist (employeesS$Sreceived[employees$gender == “F”], breaks = 50)
hist (employeesSreceived[employees$gender == “M”], breaks = 50)
hist (employeesS$Sreceived[employees$negotiated == FALSE], breaks = 50)
hist (employeesSreceived[employees$negotiated == TRUE], breaks = 50)
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histograms six ways

L.on% ExerciSe

These histograms represent the raises for different subgroups of your employee population.
What do they tell you?

The hist () tommand received is the set of values You

- . want plotted in the histoaram. Breaks ave the number
makes a histogram. ) / of bavs in the histogram.

hist (employeesSreceived[employees$Syear == 2007], breaks = 50)

These brackets are the subset . ’
operator, which extracts In this ease, You've cx‘f:rac{:ing
a subset of your data. records wheve the year is 2007. a1 e e e e e T

[Er

..................................................................................................... | H”ﬁm

L - [

ey b w1 Y - T

hist (employeesSreceived[employeesSyear == 2008],
breaks = 50)

grem ol ampley damplayssn by = M)

| l‘u

e yhermm b el s

hist (employeesS$received[employees$Sgender == "F"],
breaks = 50)

L=

..................................................................................................... By h‘l{hj

L - [

vt sl s g -1
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histograms

hist (employees$received[employees$Sgender == "M"],
breaks = 50)

hist (employees$received[employeesS$Snegotiated == FALSE],
breaks = 50)

hist (employees$received[employees$negotiated == TRUE],
breaks = 50)

g e of $moks as b el e plope s Spenoes ne TMT)

¥4

I —

L £

egheydon mtrmd v amadyrda - H

ey conorephoy e g Rl - F

L

iyl b n el eyl dan) - T
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digging deeper with groupings

Lonw¥ ExerciSe

SoLution
getting what raises. What did you see?

hist (employeesS$Sreceived[employeesS$Syear == 2007],
breaks = 50)

You looked at the different histograms in search of answers to help you understand who is

H"[h.. o

-

ey b w1 Y - T

hist (employeesS$received[employeesS$Syear == 2008],
breaks = 50)

hist (employeesS$received[employees$Sgender == "F"],
breaks = 50)

-
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histograms

hist (employees$received[employees$Sgender == "M"],
breaks = 50)

hist (employees$received[employeesS$Snegotiated == FALSE],
breaks = 50)

hist (employees$received[employees$negotiated == TRUE],
breaks = 50)

g e of $moks as b el e plope s Spenoes ne TMT)

0 S ——

L n

egheydon mtrmd v amadyrda - H

]

1

il lm il H "-m ......

ey conorephoy e g Rl - F

T T

v b sl eyl and - T
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negotiators get bigger raises

Negotiation pays

Your analysis of histograms of different subsets of
the raise data shows that getting a larger raise is all
about negotiation.

Don't ncgoﬁa{:c
People have a different spread of outcomes

depending on their choice of whether to negotiate. If
they do, their whole histogram shifts to the right. Negotiate

<

/Nc\go{:iabon outtomes are higher.

Non—negotiators tend
If you run the summary statistics on your negotiation 1o get lower vaises.
subsets, the results are just as dramatic as what you
see with the two curves.

This is £he (:uhd:ion that caleulates The mean and median ave about
the S‘f:ahda\rd deviation. the same within eath distribution.

> summary(employees$raise/omount[employeesinegotiated == TRUE])
Min. 1lst Qu. Media Mean 3pd Qu. Max .
6.9@ 18.38 11.08 11.82 11.7@  14.9@

> sd(employees$raise_amount[employees$negotiated == TRUE])

[1] @.98@5234

> summary(employeesiraise_omount[employeesinegotiated == FALSE])
Min. 1st Qu. Median Mean 3rd Qu. Max .
9.400 4.30@ 5.90@ S5.886 5.70@ B.2@@

> sd{employees$raise_omount[employeesinegotiated == FALSE])

[1] 1.@@1182

=

On average, for both distributions, data points YOU SllOl[l.C[ C[e{lnltely
ave within 3 s'mslc Pcrccvn{:agc ?oih{: 0‘('\ the mean. .
negotiate your salary.
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histograms

What will negotiation mean for you?

Now that you’ve analyzed the raise data, it The data suggest that negotiation
should be pretty clear which strategies will will tend to eveate these outtomes.
have the best results.

K These are Your strategies.

Ask for a little

Ask for a lot ;—_\
Do rX\ing \/

\ [t's great 4o do nothing...

if You don't want a big vaise/

Does your boss
think you’re being
reasonable?

Is she delighted or
disappointed?

your placé

’ve be
canned

] z P, P
A ’ 2 LA e
L™ ,qg;*ﬁﬁ:' \
— 'y B e i Y
RN
e N
Ere - T
: e\ \
g g\ RS |\ )
. - | %
|
AN \
i
: :
& e )
[ — = t,m‘m.ﬁ:.rﬂ:#w
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10 regression
T
*  Prediction

T've got all this data, but

T readlly need it to tell me
what will happen in the
future. How can I do that?

Predict it.

Regression is an incredibly powerful statistical tool that, when used correctly, has the
ability to help you predict certain values. When used with a controlled experiment,
regression can actually help you predict the future. Businesses use it like crazy to help
them build models to explain customer behavior. You're about to see that the judicious

use of regression can be very profitable indeed.

279
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swimming in cash

What are you going to
do wifh a" -I-his MO“ey? Raises for people who did not negotiate

M Here's where most
pegple ave.

700
|

Your quest for a raise paid off. With your
histograms, you figured out that people who
chose to negotiate their salaries got consistently
higher outcomes. So when you went into your
boss’s office, you had the confidence that you
were pursuing a strategy that tended to pay off,
and it did!

500 600
1 1

400
1

)

These folks didn't
neqotiate, and their
raises were lower than

those who did...

Number of people

300
1

200
1

These are the histograms you looked at in the
final exercises of the previous chapter, except
they’ve been redrawn to show the same scale

and bin size. ‘ ‘ : ‘ ‘ : ‘ |
-5 0 5 10 15 20 25 30

100
1

0
L

Nice work!

Amount received

\/owr boSS was Raises for people who did negotiate
'm\?rcsscd that You
ncgo{ja{:cd and
gave you |5%.

600

T The h?o{:ia{')ors had
| a signiticantly higher
outtome distribution.

Heve's wheve
f You ended u?!

Number of people
300 400 500
I I

200
1

100
1

0
L

Amount received

No point in stopping now.

Lots of people could benefit from your insight about how
to get better raises. Few of your colleagues took the savvy
approach your did, and you have a lot to offer those who
didn’t.

You should set up a business that specializes in
getting people raises!

280 Chapter 10
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regression

— dgharpen your pencil
\ % Here are a few questions to get you thinking about data-based

ways of creating a business around your insights in salary
negotiations.

What do you think your clients would want from a business that
helps them understand how to negotiate raises?

If you ran such a business, what would be a fair way to
compensate you for your knowledge?

281
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spread the wisdom

N pen your pencil
) sulu‘h.nn What sort of data-based compensation consulting business do

you envision?

What do you think your clients would want from a business that
helps them understand how to negotiate raises?

If you ran such a business, what would be a fair way to
compensate you for your knowledge?

Your slice of the vaise.

Your client needs you £o help her figure
out what sort of vaise to ask for.

Request

When Your tlient asks her boss for a Lcr*{:fain
caise level, her boss will vespond with a vaise.

282 Chapter 10
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regression

An analysis that tells people
what to ask for could be huge

What amount of money is reasonable to ask
for? How will a request for a raise translate
into an actual raise? Most people just don’t
know.

I have no idea
where to start.

I want more, but I
don't know what to
ask for.

_ @ywtxsw
‘PQWEWR
You need a basic outline of your service so you

know what you’re shooting for. What will your
product look like?

you are here » 283
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what d’you reckon you can get?

Behold... the Raise Reckoner!

People want to know what to ask for. And they
want to know what they’ll get, given what they’ve
asked for.

You need an algorithm.
The algorithm is some sort of detision

protedure that says what will
happen at different vequest levels.

Request

/- 9 o
/ -~ " ;
P e T i

. —

T~ THE RAISE RECKONER /| w...."
—
Tell me what ye shall ask,
and | tell ye
You know what people what ye shall receive. \

asked for in the past.
B

And you've got everything you need to create
a kick-butt decision procedure to help people
get good raises.

This is your actual product. People will pay
You for ‘{:his_l

dﬁScholar’s Corner %

A|5o\ri'[:hm An\/ protedure You Lollow to COmylcﬁe a
caleulation. Hcrc, \/ou'" take the in\?w{: to the algori‘[:hm, the
Amount Requested, and Pcr(:orm some steps in order

to prediet the Amount vewarded. But what steps?

284 Chapter 10
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regression

What goes inside this thing?

What happens inside the algorithm?

You know what It’s all well and good to draw a pretty picture like this, but in order for
people veteived, too. you to have something that people are willing to pay for—and, just
as important, in order for you to have something that works—you’re
going to need to do a serious analysis.

So what do you think goes inside?

you are here » 285
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predict

Inside the algorithm will be
a method to predict raises

Prediction is a big deal for data analysis.

Some would argue that, speaking generally, These tlients
hypothesis testing and prediction ave insatiable!
together are the definition of data analysis. \/

A

your predictions %

% BULLET POINTS
Things you might need to predict: Questions you should always ask:
= People’s actions = Do | have enough data to predict?
= Market movements = How good is my prediction?
= |mportant events = [s it qualitative or quantitative?
m  Experimental results = |s my client using the prediction well?
= Stuff that's not in your data = What are the limits of my prediction?

Let’s take a look at some data
about what negotiators asked for. Can
you predict what sort of raise you'll
get at various levels of requests?

286
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regression

The histograms below describe the amount of money the
negotiators received and the amount of money they requested.

N .-;;iSI\ﬁrpen your pencil

Do the histograms tell you what people should request in order to get a big raise? Explain how comparing the
two histograms might illuminate the relationship between these two variables, so that you might be able to
predict how much you would receive for any given request.

Raises for people who did negotiate Requests made by negotiators f
o o
& 7 & 7
This is new data.
)
) _ ) You'll be able +o
87 M This is the ol T Fla\/ with it when
thart from the you turn the page.
g 84 be inning with a 2 84 -
o) o) |
5 diffevent scale. 5
b )
£ 8 5 8
4 - z -
2 8
o - o 4
T T T T T T T 1 T T T T T T T 1
-5 0 5 10 15 20 25 30 -5 0 5 10 15 20 25 30
Amount received Amount requested
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segment

_ @aoharpen your pencil
\ &P.&n y S{IIEEIUH

A small vequest eould get a big vaise..

Can you tell from looking at these two histograms how much
someone should request in order to get the biggest raise?

200 250
I |

of peo
150
L

Number
100
I

50
I

Requests made by negotiators

~.and a big request
could get a small vaise/

500

lber of people
400

Ni
200 300
I I

100
L

Raises for people who did negotiate

vilh )

0
L

Amount requested

r T
-5 0

K Or the velationship could be diffevent—betause requested
and received aren't plotted {:ogc{:hcr, You \)us{: don’t know.

T T 1
20 25 30

T T
5 10 15

Amount received

Q,: Can’t | just overlay two histograms
onto the same grid?

A: You totally can. But in order to make a
good comparison, the two histograms need
to describe the same thing. You made a
bunch of histograms in the previous chapter
using subsets of the same data, for example,
and comparing those subsets to each other
made sense.
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therejare no R
Dumb Questions

Q} But Amount Received and Amount
Requested are really similar, aren’t they?

A: Sure, they're similar in the sense that
they are measured using the same metric:
percentage points of one’s salary. But
what you want to know is not so much the
distribution of either variable but how, for a
single person, one variable relates to the
other.

Download at Boykma.Com

Q; I get it. So once we have that
information, how will we make use of it?

A: Good question. You should stay
focused on the end result of your analysis,
which is some sort of intellectual “product”
that you can sell to your customers. What
do you need? What will the product look
like? But first, you need a visualization that
compares these two variables.




regression

Scatterplot Magnets

Remember scatterplots from chapter 4? They're
a great visualization for looking at two variables
together. In this exercise, take the data from

these three people and use it to place them on
the graph.

You'll need to use other magnets to draw your
scale and your axis labels.

Bob requested 5% and received 5%. Bob > Favmic3 Julia

Fannie requested 10% and received 8%.

Julia requested 2% and received 10%.

" C
0% @ Bob 15%

‘ Fannie

Use this x-y
K/ axis to plot Bob,

Fannie, and Julia.
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plotting

Scatterplot Magnets
/ = You just plotted Bob, Fannie, and Julia on the axis to create a
2=

scatterplot. What did you find?
| o7 \
= ﬁ Bob requested 5% and received 5%.

Fannie requested 10% and received 8%.

Julia requested 2% and received 10%.

15%

$

290
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Q: When can | use scatterplots?

A: Try to use them as frequently as

you can. They’re a quick way to show rich
patterns in your data. Any time you have
data with observations of two variables, you
should think about using a scatterplot.

Qj So any two variables can be put
together in a scatterplot?

A: As long as the two variables are in
pairs that describe the same underlying
thing or person. In this case, each line of
our database represents an instance of
an employee asking for a raise, and for
each employee, we have a received and a
requested value.

therejare no
Dumb Questions

Qj What should | look for when | see
them?

A: For an analyst, scatterplots are
ultimately all about looking for causal
relationships between variables. If high
requests cause low raises, for example,
you'll see an association between the two
variables on the scatterplot. The scatterplot
by itself only shows association, and to
demonstrate causation you'll need more (for
starters, you'd need an explanation of why
one variable might follow from the other).

Q} What if | want to compare three
pieces of data?

A: You can totally create visualizations

regression

in R that make a comparison among more
than two variables. For this chapter, we're
going to stick with two, but you can plot
three variables using 3D scatterplots and
multi-panel lattice visualizations. If you'd
like a taste of multidimensional scatterplots,
copy and run some of the examples of the
cloud function that can be found in the
help file at help (cloud).

Q; So when do we get to look at the
2D scatterplot for the raise data?

AZ Right now. Here’s some ready

bake code that will grab some new, more
detailed data for you and give you a handy
scatterplot. Go for it!

head (employees, n=30)

Run these commands inside of R to generate
a scatterplot that shows what people

Make sure \/ou'rc connetted o the
'n{:cv'nc{: when You ¥run this tommand,
because it pulls data off the Web.

requested and what they received.

employees <- read.csv("http://www.headfirstlabs.com/books/hfda/
hfda_chl0_employees.csv",

header=TRUE)

plot (employeesS$Srequested[employees$negotiated==TRUE],
employees$received[employees$negotiated==TRUE])

This tommand dis\?la\/s the seatterplot.

This tommand will show You what’s in the
data... always a go0d idea o take a look.

b This tommand loads some
new data and doesn't

display any vesults.

What happens when you
run these commands?

Download at Boykma.Com
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meef scatterplot

Scatterplots compare two variables

Each one of the points on this scatterplot
represents a single observation: a single
person.

Like histograms, scatterplots are another
quick and elegant way to show data, and
they show the spread of data. But unlike
histograms, scatterplots show #zwo variables.
Scatterplots show Aow the observations are
paired to each other, and a good scatterplot
can be part of how you demonstrate

This dude asked for
% but g0t 20%. He
must be important.

causes.

o)

F

I

The plot tommand produced
the seatterplot on the right.

Reapy Bake

Cope This gentleman asked for
8% and veceived 8%.

> head (employees, n=30)

plot (employees$requested[employees$negotiated==TRUE],
employees$received[employees$negotiated==TRUE]) 6’

The head tommand shows Here's the output of This quy asked for 2%

you the data below. the head tommand. W bat, had 3 % pay eut!

LT . RComale - =]
S il X i
== E
» head{employees, n=3@)
received reguested negotioted gender yeor
1 4.1 13.4 TRUE M 205
3 3.4 1.7 TRLUE F 2806
3 9.1 5.8 TRUE M 2087 .
4 15.4 11.7 TRUE F 2908 Y\C an mo‘;
5 14.1 13.8 TRUE M 2089 e0 .
6 12.6 1.8 TRUE F 2085 These Ynvee ¥ K daka s¢
7 4.6 6.7 TRUE M 2006 \ e, 1
B 14.9 1.6 TRUE F oo ace d
a2 2.8 17.2 TRUE M 2028
Thc head command is a 1@ 5.8 18.9 TRLUE F 2889

quick way to peek inside
any new data You load.
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regression

This seatterplot tells you all sorts

F— of stuff about how people fare
at diffevent vaise vequest levels.

25

Together, these
dots vepresent all
the negotiators
in the database.

"RUE]
20
j
o
O
O

employees$received[emp |oyees$negotiated ==

Of course you can, but why would you?
Remember, you're trying to build an
algorithm here.

Can I draw
a line through
the dots?

What would a line through
the data do for you?

you are here » 293
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the meaning

you

Uk -

Is this the best line for prediction?

A line could tell your
clients where to aim

A line through the data could be a really g
powerful way to predict. Take another look at
the algorithm you’ve been thinking about.

TRUE]

20

° ° i Is £his line
o better?

15 20

Request -\ o

THE RAISE RECKONER

Tell me what ye shall ask,
and | tell ye
what ye shall receive.

A line could be this piece in the middle. If you
had a line, you could take a Request value
and then figure out the point on the line that
matches a Received value.

If it was the 7ight line, you might have your
missing piece of the algorithm.
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regression

In order to figure out how to get the right line, why not just try
answering a specific question about a single raise with your
scatterplot? Here's an example:

N .-g,&arpen your pencil

If someone asks for a 8 percent raise, what is he likely to receive in return? See if Tak
looking at this scatterplot can tell you what sort of results people got from asking ake a good look at
for 8 percent. the seatterplot 1o

answevr this question.

o
v _
(aV]
o
>
o
|_
1] (=
1] SV
el
[0)
kS
% o
Q 0 _|
c —
74 o
(0]
[0
>
ke)
Q
E o |
3 ~
S o
(0]
=
(0]
[$]
o
g o
ot o
(0]
>
o
Q
£
(0]
o —
o
T T T T
5 10 15 20
employees$requested[employees$negotiated == TRUE]

Hint: look at the dots in
the 8% rcc\ucs{cd rangc!
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strips

— harpen your pencil
\ N &]Iutmn Using the scatterplot, how do you determine what an 8% raise
: request is likely to get you?

Heve is the cm?loycc

who's asking for 8% This strip is the dots that have x—axis

values of between 7.5% and 8.5%.

Almost everyone
who asks for 8%
Schs avound 8%.

10

eived[employees$negotiated == TRUE]

employees$recei
5
!
at
Q
o |

This is the y-axis
value for veteiving
an 8% vaise. T T T T
5 10 15 20

0
|

employees$requested[employees$negotiated == TRUE]

If you take the mean of the Amount Received
scores for dots in the 8 percent range (or strip), you

get around 8 percent. On average, if you ask for 8 What happens if

percent, you get 8 percent. you look at the

So you’ve solved the raise question for one group of average amount

people: those who ask for 8 percent. But other people received for all

will ask for different amounts. the x-axis strips?
296
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regression

Predict values in each strip
with the graph of averages

These dots are the predieted received

The graph of averages is a scatterplot that values for diffevent vaise vequests
uests.

shows the predicted y-axis value for each strip
on the x-axis. This graph of averages shows
us what people get, on average, when they
request each different level of raise.

The graph of averages is a lot more powerful
than just taking the overall average. The overall
average raise amount, as you know; is 4 percent.
But this graph shows you a much more subtle
representation of how it all shakes out.

Hevre's the point we treated
fo prediet the likely value
‘(:rom an 8% vaise M‘,—//

employees$received[employees$negotiated == TRUE]

5 10 15 20

employees$requested[employees$negotiated == TRUE]

Man, T wanted to draw
a line through the first
scatterplot. I'm dying to
draw a line through the
graph of averages!

You’ve hit on the right line.

Seriously. Draw a line through the
points on the graph of averages.

Because that line is the one you’re
looking for, the line that you can use
to predict raises for everybody.

you are here » 297
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regression line

The regression line predicts
what raises people will receive

Here you have it, the fascinating regression

line.

The regression line is just the line that best
fits the points on the graph of averages.
As you’re about to see, you don’t just have to

draw them on your graphs.

You can represent them with a simple equation
that will allow you to predict the y variable for

any x variable in your range.

Q: Why is it called a regression?

A: The guy who discovered the method,
Sir Francis Galton (1822-1911), was
studying how the height of fathers predicted
the height of their sons. His data showed
that, on average, short fathers had taller
sons, and tall fathers had shorter sons. He
called this phenomenon “regression to
mediocrity.”

Q: Sounds kind of snooty and elitist.
It seems that the word “regression” has
more to do with how Galton felt about
numbers on boys and their dads than
anything statistical.

298

employees$received[employees$negotiated == TRUE]

OThis is the vegression line.

therejare no
Dumb Questions

A: That's right. The word “regression” is
more a historical artifact than something
analytically illuminating.

Q,: We’ve been predicting raise
amount from raise request. Can | predict
raise request from raise amount? Can |
predict the x-axis from the y-axis?

A: Sure, but in that case, you'd be
predicting the value of a past event. If
someone came to you with a raise she
received, you'd predict the raise she had
requested. What's important is that you
always do a reality check and make sure
you keep track of the meaning of whatever it
is that you're studying. Does the prediction
make sense?

Download at Boykma.Com

employees$requested[employees$negotiated == TRUE]

Q; Would | use the same line to
predict the x-axis from the y-axis?

A: Nope. There are two regression lines,
one for x given y and one for y given x. Think
about it. There are two different graphs of
averages: one for each of the two variables.

Q} Does the line have to be straight?

A: It doesn’t have to be straight, as long
as the regression makes sense. Nonlinear
regression is a cool field that’s a lot more

complicated and is beyond the scope of this
book.



regression

You're forgetting something.
Are you sure the line is
actually useful? T mean,
what's it doing for ya?

Make sure your line is actually useful.

There are a lot of different ways the scatterplot
could look, and a lot of different regression lines.

The question is how useful is the line in your scatterplot.
Here are a few different scatterplots. Are the lines for each
one going to be about as useful as the lines for any other?
Or do some regression lines seem more powerful?

s.
[ ]
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linear?

The line is useful if your data
shows a linear correlation

A correlation is a linear association between
two variables, and for an association to be
linear, the scatterplot points need to roughly
follow a line.

These two statterplots show tight,
strong corvelations, and theiv regression
lines will give You good predictions.

You can have strong or weak correlations,
and they’re measured by a correlation
coefficient, which is also known as r (not
to be confused with [big] R, the software
program). In order for your regression line
to be useful, data must show a strong linear
correlation.

r ranges from -1 to 1, where 0 means
no assoctation and 1 or -1 means a perfect
association between the two variables.

300

The dots on this sca'f:‘[:crplo{:

don't follow a straight line at
K all, so the vegression line isn't

going ) P\rcdit‘l: aCCura‘Eely

b ° Non-linear

These dots are all over the place,
so the vegression line migh{: not
be of much use heve either.

Does your raise
data show a linear
correlation?
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regression

Try using R (the program) to calculate r (the correlation
coefficient) on your data raise. Type and execute this function:

cor (employeesS$Srequested[employeesSnegotiated==TRUE],
employeesS$Sreceived[employeesSnegotiated==TRUE])

Annotate the elements of the function. What do you think they mean?

How does the output of the correlation function square with your scatterplot? Does the
value match what you believe the association between these two variables to be?

301
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zooming in on correlation

You just told R to give you the correlation coefficient of your two variables.
What did you learn?

These are the two vaviabl
The cor funetion tells R want to test for corr;la{::n?lou
to veturn the torvelation

of the £wo vaviables. You an see a linear assotiation

by looking at the ¢hart. \\

= cor{employess Sreguested [ smpl oysesSnegot i otede-TRUE] , mmpl
$received eployeesinegot i oted==TRUE])

E]] @ GESE4A] }

How does the output of the correlation function square with your scatterplot?

How do you got the correlation coefficient? The
actual calculation to get the correlation coefficient
1s simple but tedious.

Here’s one of the algorithms that can be used to
calculate the correlation coefficient:

Convert each value ‘
to standard units. The
Received Requested e — torvelation
9.65 — > 0.5 o’s 9.4% — > 0.5 o’'s Loc‘(:-picicn{:

8.65 — > 0.2 o's 7.8% — > -0.1 o’'s Multiply each pair.
11.65—> 1.1 o’s  10.1%5—> 0.8 o’s 08 &'s 08 &' 025
8.05 —> 0.0 o's 7.9% —> 0.0 o’s 0.2 @8 =01 &g 0.02
6.05 —> 0.7 o’s 5.05 —>-1.1 o’s PR g 008 e 0088 Average
etc.. —> etc.. etc.. —> etc.. 0.0 @’ 0.0 e’s 000 the products.
;\ -0.7 o's -1.1 o's 0.77 0.25
EECan etc.. FECan 0.02 \
/ 0.88 sﬁ
Standard units show how I
many standard deviations 0.77 77
eath value is from the mean. el
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Q,: I can see that a correlation of 1
or -1 is strong enough to enable me to
use a regression line. But how low of a
correlation is too low?

A: You just need to use your best
judgment on the context. When you use
the regression line, your judgments should
always be qualified by the correlation
coefficient.

Q: But how will I know how low of a
correlation coefficient is too low?

A: As in all questions in statistics and data
analysis, think about whether the regression
makes sense. No statistical tool will get you
the precisely correct answer all the time, but
if you use those tools well, you will know

how close they will get you on average. Use

therejare no
Dumb Questions

your best judgment to ask, “Is this correlation
coefficient large enough to justify decisions |
make from the regression line?”

Q: How can | tell for sure whether my
distribution is linear?

A: You should know that there are fancy
statistical tools you can use to quantify the
linearity of your scatterplot. But usually
you're safe eyeballing it.

Q: If I show a linear relationship
between two things, am | proving
scientifically that relationship?

A: Probably not. You're specifying a
relationship in a really useful mathematical

sense, but whether that relationship couldn’t
be otherwise is a different matter. Is your
data quality really high? Have other people
replicated your results over and over again?

Download at Boykma.Com

OK, OK, the regression
line is useful. But here's
a question: how do T use
it? I want to calculate

specific raises precisely.

regression

Do you have a strong qualitative theory

to explain what you're seeing? If these
elements are all in place, you can say you've
demonstrated something in a rigorous
analytic way, but “proof” might be too strong
a word.

Q,: How many records will fit onto a
scatterplot?

A: Like the histogram, a scatterplot is

a really high-resolution display. With the
right formatting, you can fit thousands and
thousands of dots on it. The high-res nature
of the scatterplot is one of its virtues.

You’re going to need a

mathematical function in order
to get your predictions precise...
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for precision

You need an equation to make
your predictions precise

Straight lines can be described algebraically
using the linear equation.

% is the x—axis value, which in
i ' e this ease in the thing we know:
yis the y-axis value, which in y = a+ bx the vaise amount rco\ucs{:cd.

this tase in the {:hing we've
trying to prediet: vaise M

Your regression line can be represented

by this linear equation. If you knew what
yours was, you'd be able to plug any raise
request you like into the x variable and get a
prediction of what raise that request would
elicit.

You just need to find the numerical values
for a and b, which are values called the
coefficients.

a represents the y-axis intercept

The first variable of the right side of
the linear equation represents the y-axis °
intercept, where your line passes the y-axis.

20

15

10

Heve's is the y—axis inteveept.

"y

If you happen to have dots on your

employees$recefved[employees$negotiated == TRUE]

scatterplot that are around x=0, you can just o ° °
find the point of averages for that strip. We’re e

not so lucky, so finding the intercept might be
a little trickier.

5 10 15 20

employees$requested[employees$negotiated == TRUE]
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regression

b represents the slope

The slope of aline is a measure of its angle.

10

A line with a steep slope will have a large b
value, and one with a relatively flat slope will

The slope of a line

have a b value close to zero. To calculate )
measuves its angle.

slope, measure how quickly a line rises (its
“rise,” or change in y-value) for every unit on
the x-axis (its run).

rise
run

!
o

slope =

Once you know the slope and y-axis intercept
of aline, you can easily fill those values into The value
your linear equation to get your line. o of +this is b.

employees$received[emp

Wouldn't it be dreamy
if R would just find the
slope and intercept for
me?

you are here » 305
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objectifying regression

Tell R to create a regression object

If you give R the variable you want to predict n
on the basis of another variable, R will Behl d
generate a regression for you in a snap. ‘the Scenes

The basic function to use for this is 1m, which
stands for linear model. When you create a
linear model, R creates an object in memory
that has a long list of properties, and among
those properties are your coefficients for the
regression equation.

[ = P ] gt LRl W], MeRE e el
i THAL] - PV egerimmed w TRAL)
Ta Probsbtms sl nen — TR}

Heve's a list of all the
properties R eveates
inside Yyour linear model.

\>

e ol = ]

i = ] g
. rosemsgn g — TRA])

No software can tell you
. w hether your regression
makes sense.

WﬂtCh ﬁ! R and your spreadsheet program

: can generate regressions like
nobody’s business, but it's up to you to make
sure that it makes sense fto try to predict one
variable from another. It’s easy to create
useless, meaningless regressions.
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regression

Try creating your linear regression inside of R.

Exercise

o Run the formulas that create a linear model to describe your data and display the
coefficients of the regression line.

mylm <- lm(received|[negotiated==TRUE]~requested[negotiated==TRUE],
data=employees)

myLmS$Scoefficients

e Using the numerical coefficients that R finds for you, write the
regression equation for your data.

y =a + bx

Hevre’s the slope.
Heve's the intereept.

307
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find the slope

What formula did you create using the coefficients that R calculated?

.
RciSe
T
Lution
AN R Comole M=)
o Run the formulas that create L8l X =« = o
a linear model to describe = g 3
your data and display the > myln <- le{receivednegotioteds=TRUE]-requested negotiateds=TRUE] , dotosengloyees)
‘ . > mylefcoefficients
coefficients of the regression (Intercept) requested[negotioted == TRUE]
lil’lf} 2. 3121277 3. 7258064

e Using the coefficients that R found for you, you can write your
regression equation like this.

e
Rais ived
et _y=2.340. Tk~
Here's the intercept. ‘—J kHcvc's the slope.

This is Your vegression Lormulal

Raise vequested

How did R calculate the slope? It turns out that the slope of the regression line is equal to
the correlation coefficient multiplied by the standard deviation of y divided by the standard
deviation of x.

b=r*o,/ o

/ﬁ H’CY‘CJS yOuv sloFc_l
This equation éJ

caleulates the slope _ . _
of the vegression line. b=.67*3.1/2.8 _,

Ugh. Let’s just say that calculating the slope of a regression line is one of those tasks that
should make us all happy we have computers to do our dirty work. These are pretty elaborate
calculations. But what’s important to remember is this:

As long as you can see a solid association between your two variables, and as long as
your regression makes sense, you can trust your software to deal with the coefficients.
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regression

The regression equation goes hand
in hand with your scatterplot

Take the example of the person who wanted
to know what sort of raise he’d receive if he
asked for 8 percent. A few pages back, you
made a prediction just by looking at the
scatterplot and the vertical strip around 8

my
percent on the x-axis. z
E
I o |
I N
o
0) 2
Here's the quy who mish{: ask for 8%. s
£ o
g
-
=y
§ 21
=
The regression equation your found with the 2
. . Q
help of the 1m function gives you the same S o
result. 92;
g
y = 2.3 + 0.7x ® e Lo
=2.3+0.7 * 8 ‘ A ‘ ‘
= 7.9 5 10 15 20

employees$requested[employees$negotiated == TRUE]

Here's what the vegression
equation predicts he'll veceive.

So what is the Raise Reckoner?

You've done a lot of neat work crafting a
regression of the raise data. Does your regression
equation help you create a product that will
provide crafty compensating consulting for your
friends and colleagues?

Request

THE RAISE RECKONER

Tell me what ye shall ask,

and | tell ye
what ye shall receive.

You still haven't Lilled in this
part of Your algorithm.
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raise reckoner complete

The regression equation is
the Raise Reckoner algorithm

By taking a hard look at how people in the

past have fared at different negotiation levels

for their salaries, you identified a regression

equation that can be used to predict raises

given a certain level of request. Your tlients will use this

equation to caleulate
Request ’-\

theiv expected vaise.
(o - Ho‘?c‘('\u”\/, Your tlients

f - . =y
LR s ER T —

wi vaises in lin
THE RAISE RECKONER wi‘Jtl:hSit 5ic:£cr {:h;n
- your predietion.

What will happen if we request a certain
amount of money? Find out with this equation:

y=2.3+0.7x

Where x is the amount requested, and y
is the amount we can expect to receive.

This equation will be really valuable to people \'
who are stumped about how much of a raise Set th .
to request. It’s a solid, data-based analysis of my r;i?:a:olc

other people’s success in getting more money 5 (meaning 5%)
from their employers. 9

Using it is a matter of simple arithmetic in

R. Say you wanted to find out what sort of
raise can be expected from a 5 percent request.
Here’s the code.

> my_raise <- 5
> 2.3 + @.7*my_raise
[1] 5.8

.xun my_raise through
Your vegression equation...

..and heve You have it/
The expected vaise from
a 5% vequest is 5.8%.
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therejare no
Dumb Questions

Q,: So why bother even trying to
predict behavior?

Q: How do | know that what people
ask for tomorrow will be like they
received today?

A: In the online world, for example, a
good regression analysis can be very
profitable for a period of time, even it stops
producing good predictions tomorrow. Think
about your own behaviors. To an online
bookseller, you're just a set of data points.

A: That's one of the big questions in
regression analysis. Not only “Will tomorrow
be like today?” but “What happens to my
business if tomorrow is different?” The
answer is that you don’t know whether
tomorrow will be like today. It always might
be different, and sometimes completely
different. The likelihood of change and its
implications depend on your problem domain.

Q: How so?

A: Well, compare medical data versus
consumer preferences. How likely is it that
the human body, tomorrow, will suddenly
change the way it works? It’s possible,
especially if the environment changes

in a big way, but unlikely. How likely is it
that consumer preferences will change
tomorrow? You can bet that consumer
preferences will change, in a big way.

Q; That’s kind of depressing.

A: Not really—it means the bookseller
knows how to get you what you want. You're
a set of data points that the bookseller runs
a regression on to predict which books
you'll want to buy. And that prediction will
work until your tastes change. When they
do, and you start buying different books, the
bookseller will run the regression again to
accommodate the new information.

Q; So when the world changes and
the regression doesn’t work any more, |
should update the it?

regression

A: Again, it depends on your problem
domain. If you have good qualitative reasons
to believe that your regression is accurate,
you might never have to change it. But if
your data is constantly changing, you should
be running regressions constantly and using
them in a way that enables you to benefit if
the regressions are correct but that doesn’t
destroy your business if reality changes and
the regressions fail.

Q: Shouldn’t people ask for the raise
they think they deserve rather than the
raise they see other people getting?

A: That's an excellent question. The
question is really part of your mental model,
and statistics won't tell you whether what
you're doing is the right or fair approach.
That’s a qualitative question that you, the
analyst, need to use your best judgment in
evaluating. (But the short answer is: you
deserve a big raise!)

Exercise
Q o ﬁ

I'm scared to ask for
anything. Just give me a
low number. Something
modest.

Meet your first clients! Write down what sort of raise you think is appropriate for them to request,
given their feelings about asking, and use R to calculate what they can expect.

900

I'm ready to go all out. I
want a double-digit raise!
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you're in business

What did you recommend to your first two clients, and
RC-. Se what did R calculate their expected raises to be?
10
L
Lution

QO @

I'm ready o go all out. T
want a double digit raise!

I'm scared to ask for
anything. Just give me a
low humber. Something
modest.

You might have picked
diffevent numbers £han these.

Why not ask for 3%2 That's on

A movre aggressive vaise rcqucs{:

would be for 15%.

A higher vaise vequest
might be [5%.

> personZ <- 15

> 2.3 + 0.7*personZ
[1] 12.8

>

> personl <- 3
> 2.3 + 0.7*personl

Someone who asked for 15% would

C‘APCL{‘, to 56{: avound 12.8% in vetwen.
Someone who asked for 3% would

expect to get avound 4-4% in veturn.

Let's see what llappened...

312 Chapter 10
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regression

Your raise predictor didn’t
work out as planned...

People were falling all over themselves to get
your advice, and you got off your first round
of recommendations smoothly.

But then the phone started ringing. Some
of your clients were pleased as punch about
the results, but others were not so happy!

I got 5%! I'm definitely
satisfied. Good for you.
The check's in the mail!

12.8%? Man, I got 0.0%.
Hope you know a good
lawyer!
Looks like this

one did Jus{: finel

This quy's vequest didn 't
pan out so well £or him.

Did this thing
miskive?
THE RATSE RECKO! . _ ,
s — What did your clients do with your
Mﬂ mmﬁm gt advice? What went wrong for those who
Smbtint of oney? Find out with This squation: I came back unhappy?
You’ll have to get to the bottom of this
y=2.3+0.7x situation in the next chapter...
WhEPE XIS ThE SROURT PEqUEStel, BRE
#17$ the amount We Tan Bxpect to receive.

313
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11 error

*E WII*

+ LCIr we
>

That went just as )
T had planned. _ - I' N7 !

The world is messy.

So it should be no surprise that your predictions rarely hit the target squarely. But if you
offer a prediction with an error range, you and your clients will know not only the average
predicted value, but also how far you expect typical deviations from that error to be. Every
time you express error, you offer a much richer perspective on your predictions and
beliefs. And with the tools in this chapter, you'll also learn about how to get error under

control, getting it as low as possible to increase confidence.

this is a new chapter 315
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angry

I got a 4.5% raise. It was a good
raise. I think that's the sort of

raise I deserved. I was so hervous
in the meeting that I can't even
remember what I asked for.

Your clients are pretty ticked off

In the previous chapter, you created a linear
regression to predict what sort of raises
people could expect depending on what they
requested.

Lots of customers are using the raise algorithm.
Let’s see what they have to say.

I can't believe it! I got a 5.0%
bigger raise than the algorithm
predicted! My negotiation must
have scared my boss, and he just
started throwing money at mel

Yeah, I got no raise. Did you hear
that? 0.0% I have some ideas for
you about what you can do with

your algorithm.

Bull's-eye! I got the
exact raise the algorithm
predicted. I'm telling you,
it's incredible. You must

be some sort of genius.
You rock my world.

I'm pretty pleased. My raise was
0.5% lower than expected, but
it's still a solid raise. I'm pretty
sure I wouldn't have gotten it if T
hadn't negotiated.

316
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What did your raise
prediction algorithm do?

Request ’\

THE RAISE RECKONER

Everyone used the same formula, which was
based on solid empirical data.

But it looks like people had a bunch of
different experiences.

What will happen if we request a certain
amount of money? Find out with this equation:

Where x is the amount requested, and y
is the amount we can expect to receive.

o

y=2.3+0.7x

What happened?

error

N .-;;-,&arpen your pencil

The statements on the facing page are qualitative data about the
effectiveness of your regression.

How would you categorize the statements?

Download at Boykma.Com
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outcomes

N .-;;iSI\ﬁrpen your pencil

"N &Iutmn You looked closely at your customers’ qualitative responses to
: your raise prediction algorithm. What did you find?

The statements.
Bull's-eye! I got the exact raise the algorithm

predicted. I'm telling you, it's incredible. You must — +veerreeesneersetone s T L T L S .
be some sort of genius. You rock my world.

This one's spot onl the algorithm predicted. Another veceived a vaise that
I'm pretty pleased. My raise was 0.3% was a little Jf, but still elose o the ?rcdic{joy\, Two
lower than expected, but ifs stillasolid oo e L DO R S REEREA L )
raise. I'm pretty sure I wouldn't have of them 30{‘, vaises that weve way off. And the last

gotten it if T hadn't negotiated. el il S .

L Thic one g0k vaise st we gy 270 el unless there’s 3 trend of people who can't
but not exactly what You predicted.

Yeah, I got no raise. Did you hear

that? 0.0% I have some ideas for m uch Jou can make °£ ' {-‘ ...........................................
you about what you can do with :
your algorithm. This one’s Just weird. [t's kind
of hard to draw any tontlusion
I can't believe it! I got a 5.0% off a statement like this.
bigger raise than the algorithm I got a 4.5% raise. It was a good raise. T
i ! iati ar
f‘r‘edlcfed. gAy nebgo’ruahodn :\ u-sT 1::6; ¢ two iEEC think that's the sort of raise I deserved.
ove s;ar': m.y 0ss, anc ne JTST e w3y ‘ T was so nervous in the meeting that I
starfed throwing money at me (\\_/ can't even remembered what I asked for.

O‘F‘c bu't Ok

The seqments of customers

Remember, the regression equation predicts
what people will hit on average. Obviously,
not everyone is going to be exactly at the
average.

Your vesponses

318 1
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error

Let’s take a few more responses from your clients. The ones below are a little more specific than
the previous ones.

Draw arrows to point where each of these people would end up if you plotted their request/raise
experiences on your scatterplot.

T demanded 5%
and got 10%.

I requested 8%,
and T got 7%.

Draw arrows to show where
eath of these ?cay\c would
show up on the statterplot.

T asked for 25% and
got 0.0%... because T
was fired!

o
Payoffs for negotiators Q

25

Received

Do you notice anything weird?

Requested

319
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visualize

You just added new dots to your scatterplot to describe where three of your
customers would be shown. What did you learn?

Reise
OLutiON

I demanded 5%

and got 10%. T requested 8%,

and T got 7%.

This person would
show up \righ{', in
+he middle of the
bigaest elump of

obsevvations.

S

This person shows
up above the
vegression line on
the far left of
the chart.

. )
Payoffs for n7;otiators \ Thls Pcrson docsn {’, show u\7 on

the seatterplot at all

\

T asked for 25% and
got 0.0%... because T
was fired!

Received

0 © He's off the

chart!

Requested

320
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The quy who asked for 25%
went outside the model

Using a regression equation to predict a

error

The regression line

value outside your range of data is called Points 1o OlilliViOIl.

extrapolation. Beware extrapolation!

Payoffs for negotiators

You don’t know what’s going on

you could use your equation to predict
what a bigger request would get.

Received

But you’d definitely have to run your
regression again on the new data to
make sure you’re using the right line.

[ntevpolating is just
makin5 3 ?rcdiciion
within these bounds.

Extrapolation is different from
interpolation, where you are predicting
points within your range of data, which

is what regression is designed to do.

Interpolation is fine, but you should be leery @w A\

of extrapolation.

People extrapolate all the time. But if

you’re going to do it, you need to specify What would you say to a client
additional assumptions that make who is wondering what he
explicit your ignorance about what happens should expect if he requested a
outside the data range. 30% raise?

.
.
o
.
ot
.

out here. Maybe if you had more data,

‘PQWEWR

ot
.
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people

How to handle the client who wants
a prediction outside the data range
You )

Use an assumption to
make a prediction:

You've basically got two options when your
clients want a prediction outside your data
range: say nothing at all, or introduce an
assumption that you can use to find a prediction.

Say nothing:

Which of these responses would be
more beneficial to your client? The
second one might satisfy your client’s
desire to have a specific prediction, but
a crummy prediction might be
worse than no prediction.

Q: So what exactly might happen
outside the data range that’s such a
problem?

A: There might not even be data outside
the range you're using. And if there is, the
data could look totally different. It might even
be nonlinear.

Q: I won’t necessarily have all the
points within my data range, though.

A: You're right, and that's a data quality
and sampling issue. If you don’t have all the

322

No comment. If you
ask for 25%, I have no
idea what will happen.

therejare no
Dumb Questions

data points—if you're using a sample—you
want to make sure that the sample is
representative of the overall data set and is
therefore something you can build a model
around.

Q: Isn’t there something to be said for
thinking about what would happen under
different hypothetical, purely speculative
situations?

A: Yes, and you should definitely do it.
But it takes discipline to make sure your
ideas about hypothetical worlds don'’t spill
over into your ideas (and actions) regarding
the real world. People abuse extrapolation.

Download at Boykma.Com

The data won't really tell us, but
this has been a lucrative year, so a
30% request is reasonable. I think
it'll get you 20% or so.

Heve's an assumption
you migh{‘, use to
make the prediction.

You ma\/ or may not
have good reédson 'f;o
believe £his assumption/

< lsn't any sort of prediction about
the future a type of extrapolation?

A: Yes, but whether that's a problem
depends on what you're studying. Is what
you’re looking at the sort of thing that could
totally change its behavior in the future, or
is it something that is pretty stable? The
physical laws of the universe probably aren’t
going to change much next week, but the
associations that apparently explain the
stock market might. These considerations
should help you know how to use your
model.



error

Always keep an eye on your model
assumptions.

models, always think about how reasonable

their assumptions are and whether they might
have forgotten to mention any. Bad assumptions can make
your model completely useless at best and dangerously
deceptive at worst.

Wﬂfﬂh 1 f' And when you’re looking at anyone else’s

BE ﬂw@/ m@de]

" Look at this list of possible assumptions
‘g for the Baise Reckoner. How might each of
/ \ these change your model, if it were true?

Economic performance has been about the same for all years in the
data range, but this year we made a lot less money.

One boss administered all the raises in the company for the data we
have, but he’s left the company and been replaced by another boss.

The spread of dots in the 20-50 percent range looks just like the
spread of dots in the 10-20 percent range.

323
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assumptions

BE the mede]

= Look at this Jist of possible assumptions
for the Baise Reckoner. How might each of
“\ these change your model, if it were true?
"'u

L
Economic performance has been about the same for all years in the
data range, but this year we made a lot less money.

One boss administered all the raises in the company for the data we
Yikes! That'd be the end of have, but he’s left the company and been replaced by another boss.

Jour busness 3t least ;’f;}' T The new quy might think differently and break the model.

How you ask makes a big difference in what kind of raise you get.

_——>>This i surely true, and the data veflects the variation, so the model’s OK.

‘/ou don't have data on how The spread of dots in the 20-50 percent range looks just like the
to ask for money... the model spread of dots in the 10-20 percent range.

Just says wha{:g’ou'” get on
average at different vequests 14 this weve true, you'd be able to extrapolate the regression equation.

Shorter people might
do better or worse

than taller people.

Now that you’ve thought through how
your assumptions affect your model,
you need to change your algorithm

so that people know how to deal
with extrapolation.

324
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error

N .-;‘.,Sl‘warpen your pencil
: N You need to tweak your algorithm to instruct your clients to avoid
: the trap of extrapolation. What would you add?

Request \

THE RAISE RECKONER
o

What will happen if we request a certain
amount of money? Find out with this equation:

y=2.3+0.7x

Write your taveat about Where x is the amount requested, and y
extrapolation heve. is the amount we can expect to receive.

Payoffs for negotiators

How would you explain to your clients that they need
to avoid extrapolation?

Received

Requested

325
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a new raise reckoner

N ;«Q&arpm you

Request

You\r regression equa‘{:ion
work within this vange.

r pencil
A SoIEEiun

will

How did you modify your compensation algorithm to ensure that
your clients don't extrapolate beyond the data range?

THE RAISE RECKONER

o

Requested

Your data vange for the amount
vequested only extends fo here.

Bc\/ond a 22.% veauest, you
tan't say what will happen.

What will happen if we request a certain
amount of money? Find out with this equation:

Where x is the amount requested, and y
is the amount we can expect to receive. \/

Heve's the language

y=2.3+0.7x You need to add.

How would you change the algorithm to
tell your clients to avoid extrapolation?

326 Chapter 11
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error

The guy who got fired because
of extrapolation has cooled off

Well, at least you're fixing
your analysis as you go along.
That's integrity. T'll still hit
you up for advice next time
I'm up for a raise.

With your new-and-improved regression
formula, fewer clients will run with it into the
land of statistical unknowns.

So does that mean you’re finished?

327
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more tweaks

You’ve only solved
part of the problem

There are still lots of people who got screwy
outcomes, even though they requested raise
amounts that were inside your data range.

What will you do about those folks?

T requested 8%,
and I got 7%.

This guy 9ot more than he asked
for by a pretty big margin.

I demanded 5%
and got 10%.

She asked for a tommon amount and go{:
\')us{: a little bit less than she rco\ucs'tcd.

Wh\/ do You think he 50‘{:
10% vather than 5%?

328
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error

What does the data for the
screwy outcomes look like?

Take another look at your visualization and

regression line. Why don’t people just get what
they ask for?

How do you explain people who received
more than the model prediets?

/ \ ‘{ou'vc accow\{cd (:or

people who asked for
more than 20% in vaises.

Payoffs for negotiators

Received

Requested

People who fall below your
vegression predictions ave

still pretty ticked off.

What could be
causing these
deviations from
your preJiction?

329
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the chances?

Chance errors are deviations
from what your model predicts

You’re always going to be making @

predictions of one sort or another,

whether you do a full-blown regression or Analysis

What will the archer hitz " rediction

not. Those predictions are rarely going
to be exactly correct, and the amount by
which the outcomes deviate from your

prediction is called chance error.

Outcomes

Time .

In statistics, chance errors are also

called residuals, and the analysis of
residuals is at the heart of good statistical
modeling.

8 = This obsevvation is
about 8% higher o
+han what the
Heve's one model yvcdicb‘ .
i (@]
vesidual. o |

While you might never have a good
explanation for why individuals residuals
deviate from the model, you should
always look carefully at the residuals on
scatterplots.

Received

If you interpret residuals correctly, you’ll
better understand your data and the use
of your model.

You'll always have chance
errors in your PreJictions,
and you miglnt never learn
wlly tlley’re n your data,
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error

_ & S_harpen your pencil
\ R Better refine your algorithm some more: this time, you should

probably say something about error.

Here are some possible provisions to your algorithm about
chance error. Which one would you add to the algorithm?

“You probably won’t get what the model “Your results may vary by a margin of 20 percent
predicts because of chance error.” more or less than your predicted outcome.”

“Only actual results that fit the model results “Please note that your own results may vary
are guaranteed.” from the prediction because of chance error.”

Request THE RAISE RECKONER
"

What will happen if we request a certain amount
of money? Find out with this equation:

y=2.3+0.7x

Where x is the amount requested, and y is
the amount we can expect to receive.

But the formula only works if your requested

The provision You amount (x) is between 0% and 22%.

prefer will go heve. | L
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with error

_ adhar r pencil
N .-fm ywSoIEfiun

“You probably won’t get what the model
predicts because of chance error.”

“Only actual results that fit the model results
are guaranteed.”

You refined the algorithm to incorporate chance errors. What
does it say now?

“Your results may vary by a margin of 20 percent
more or less than your predicted outcome.”

“Please note that your own results may vary
from the prediction because of chance error.”

Request THE RAISE RECKONER

Heve's the taveat
about thante ervor.

\\/ . from the prediction because of chance evvor.

o

What will happen if we request a certain amount
of money? Find out with this equation:

y=2.3+0.7x

Where x is the amount requested, and y is
the amount we can expect to receive.

But the formula only works if your requested
amount (x) is between 0% and 22%.
Please note that

our own vesults may vavy,
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error

We don't want no
stinkin' error!

Ouch!

Why would T bet
my career on an

erroneous analysis?

Q
kDocs the presence of
evror mean that the

anal\/sis is erroneous?

You just lost all your clients.

' Hate to break it to ya, but your whole
LA business has just fallen apart. That last
line on your compensation algorithm
was the difference between people
feeling like you were helping them and
people feeling like your product was
worthless.

How are you going to
fix your ProJuct?

you are here » 333
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embrace

Error is good for you

and your client

The more forthcoming you are about

the chance error that your clients should
expect in your predictions, the better off

both of you will be.

Your product

Your clients

Specifying error does not mean that
your analysis is erroneous or wrong. It’s
just being honest about the strength of
your predictions. And the more your
clients understand your predictions, the
more likely they’ll be to make good

decisions using them.

334

Unrealistic
expectations

Ignore
Error

False sense
of certainty

Plain ol’
ignorance

-

eve's where Your
tlients have been

wp until now.

Sensible
expectations

Specify

Error

More
knowledge

Better
decisions

Here's where Your

tlients need to be.

_J

Download at Boykma.Com

My raise will
be infinitel

I'm not clairvoyant, but
I have a good idea of
what to expect...

Let’s specify error
quantitatively...



error

Chance -Errer Exposed
This week’s interview:
What are the chances?

Head First: Man, you’re a pain in the butt.
Chance Error: Excuse me?

Head First: It’s just that, because of you, regression
will never really be able to make good predictions.

Chance Error: What? I'm an indispensable
part of regression in particular and any sort of
measurement generally.

Head First: Well, how can anyone trust a regression
prediction as long as you’re a possibility? If our
clients want to know how much money they’ll get
when they request a raise, they don’t want to hear
from us that it’s always possible (or even likely!) that
what they get will be different from what the model
predicts.

Chance Error: You've got me all wrong. Think of
me as someone who’s always there but who isn’t so
scary if you just know how to talk about me.

Head First: So “error” isn’t necessarily a bad word.

Chance Error: Not at all! There are so many
contexts where error specification is useful. In fact,
the world would be a better place if people did a
better job expressing error often.

Head First: OK, so here’s what I'm saying to
clients right now. Say someone wants to know what
they’ll get if they ask for 7 percent in a raise. I say,
“The model predicts 7 percent, but chance error
means that you probably will get something different
from it.”

Chance Error: How about you say it like this. If
you ask for 7 percent, you’ll probably get between 6
percent and 8 percent. Doesn’t that sound better?

Head First: That doesn’t sound so scary at all! Is it
really that simple?

Chance Error: Yes! Well, sort of. In fact, getting

control of error is a really big deal, and there’s a
huge range of statistical tools you can use to analyze
and describe error. But the most important thing
for you to know is that specifying a range for your
prediction is a heck of a lot more useful (and truthful)
than just specifying a single number.

Head First: Can I use error ranges to describe
subjective probabilities?

Chance Error: You can, and you really, really
should. To take another example, which of these
guys 1s the more thoughtful analyst: one who says he
believes a stock price will go up 10 percent next year,
or one who says he thinks it’ll go up between 0-20
percent next year?

Head First: That’s a no-brainer. The first guy can’t
seriously mean he thinks a stock will go up exactly 10
percent. The other guy is more reasonable.

Chance Error: You got it.
Head First: Say, where did you say you came from?

Chance Error: OK, the news might not be so good
here. A lot of times you’ll have no idea where chance
error comes from, especially for a single observation.

Head First: Seriously, you mean it’s impossible
to explain why observations deviate from model
predictions?

Chance Error: Sometimes you can explain some
of the deviation. For example, you might be able

to group some data points together and reduce the
chance error. But I'll always be there on some level.

Head First: So should it be my job to reduce you as
much as possible?

Chance Error: It should be your job to make your
models and analyses have as much explanatory and
predictive power as you can get. And that means
accounting for me intelligently, not getting rid of me.
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errors

Specify error quantitatively

It’s a happy coincidence if your observed
outcome i3 exactly what your predicted
outcome is, but the real question is what
is the spread of the chance error (the
residual distribution).

What you need is a statistic that shows
how far typical points or observations
are, on average, from your regression line.

The spread or distribution
of vesiduals around the
vegression line says a

lot about Your wodel.

Hey, that sounds like the
standard deviation. The

how far typical points are

336

25
|

Payoffs for negotiators

from the mean observation.

Received

standard deviation describes

Requested

The tighter Your observations ave
around Your vegression line, the
more power-ful Your line will be.

Definitely. The distribution of chance error,
or R.MLS. error, around a regression line is
a metric you can use just like the standard
deviation around a mean.

If you have the value of the R.M.S. error for
your regression line, you’ll be able to use it to
explain to your clients how far away from
the prediction typical outcomes will be.
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error

Quantify your residual distribution
with Root Mean Squared error

Remember the units that you use for
standard deviation? They’re the same
as whatever’s being measured: if your
standard deviation of raises received is
5 percent, then typical observations will
be 5 percent away from the mean.

It’s the same deal with R.M.S. error. If]
say, your R.M.S. error for predicting
Received from Requested 1s 5 percent,
then the typical observation will be 5
percent away from whatever value the
regression equation predicts.

Raises for people who did negotiate

Standavrd
deviation is a
8 4 measure that

desevibes one
- vaviable.

Number of people
100
I

50
|

mount received

Payoffs for negotiators

The standard deviation
desevibes the spread

25
I

20
I

Received

RM.S. ervor
vefers to

the velation
between two

around the mean.

The RM.S. ervor
deseribes the spread
Lrom the vegression line.

vaviables. 5 10

\

- Requested

° 2 So how do you

calculate the
R.M.S. error?
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rs

Your model in R already
knows the R.M.S. error

The linear model object your created inside of R in the
last chapter doesn’t just know the y-axis intercept and
slope of your regression line.

It has a handle on all sorts of statistics pertaining to your
model, including the R.M.S. error. If you don’t still have
the myLim object you created in R, type in this function
before the next exercise:

Make sure you have the
most eurrent data loaded.

employees <- read.csv (“http://www.headfirstlabs.com/books/hfda/

hfda_chl0_employees.csv”,

header=TRUE)

myLm <- Im(received[negotiated==TRUE]~

requested[negotiated==TRUE],

_Behind

the Scenes

Under the hood, R is using this formula to
calculate the R.M.S. error:

o, * V1-r2

The standard 5

deviation of y- The ¢tovvelation coefficient.

therejare no
b Questions

Dum

Q,: Do | need to memorize that formula?

A: As you'll see in just a second, it's pretty easy to calculate the
R.M.S. error inside of R or any other statistical software package.
What's most important for you to know is that error can be described
and used quantitatively, and that you should always be able to
describe the error of your predictions.

338

data=employees)

4/’76‘7" mode\ 0\0500

Q} Do all types of regression use this same formula to
describe error?

A: If you get into nonlinear or multiple regression, you'll use
different formulas to specify error. In fact, even within linear
regression there are more ways of describing variation than R.M.S.
error. There are all sorts of statistical tools available to measure error,
depending on what you need to know specifically.
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error

—Test DRIVe

Instead of filling in the algebraic equation to get the R.M.S. error,
let’s have R do it for us.

Take a look at R's summary of your model by entering this command:

summary (myLm)

The RM.S. ervor is also
ealled “sigma” or “vesidual
standard ervor.”

Your R.M.S. error will be in the output, but you can also type this to see the error:

summary (myLm) $sigma

Payoffs for negotiators

Next, color in an error band
across your entire regression
line to represent your R.M.S.
error.

The error band should follow
along the regression line
and the thickness above and
below the line should be
equal to one R.M.S. error.

/ =
Start Your evvor

band heve. o

Received

Requested
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query your linear model object

R’s sumwmary of your linear
model shows your R.M.S. error

When you ask R to summarize your )
Heve's a summary

of Your model.

linear model object, it gives you a
bunch of information about what’s
mnside the object.

LT T [T =]

= summary(myla)

Call:
lafformule = received[negotioted = TRUE] = reguested[negoticted =
TRUE], dato = employees)

These ave the slope

H Rt duals: .
R has all sorts of things to tell Ny, an o wms 9y uee  and inteveept of
You about Your linear model. 13,5560 -0.5914 -B.%661 0.3879 16.9173 your vegression line.
CoefFicients:
Ezsimalll S58d. Erroe & walue Pelslsly
(Imtercept) % B.2YE  1A.62  L2u-1E
Not only do you see your regression Pt [t Lttt e TS DAY AR JERG1E e
coefficients, like you saw in the Signif, codes: @ ‘URLY QBML 'Rt @01 e 05 TRt '
previous chapter, but you also see the fesidugl stordard error: 2298 on 98 degrees of Fresdom
Multiple R-squored: B4, Adjusted R-squared: 8.4425
R.M.S. error and a bunch of other Fustobistic: 704 on 1 dad 008 OF, pevaloe: « 2.2w-16

statistics to describe the model. ;

A"d hcrc)s Your RMS. crrov! Payoffs for negotiators
0 o
9 |
o )
o
I‘(: ou dvaw a band {‘)\a{‘,s abou{: 13 ?crcen{:agc S - SR . o
om{:s above and below Your regression line, ° 000 OO .

you get a spread that looks like this. .

15

Received

5 10 15 20

Requested
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error

_ r{ﬁrpan your penci
- N You're ready to have another go at your compensation algorithm.
: Can you incorporate a more nuanced conception of chance error?

How would you change this algorithm to incorporate your R.M.S. error? Write
your answer inside the Raise Reckoner.

Request \l
" /| THE RAISE RECKONER
—/—

What will happen if we request a certain
amount of money? Find out with this equation:

y=2.3+0.7x
You tan delete this language.

Where x is the amount requested, and y
is the amount we can expect to receive.

But the formula only works if your requested
Add your new |an5u35€ to amount (x) is between 0% and 22%.

+he Raise Retkoner heve. - -
iction because 0

Use the RMS. evror to

S51gnit. codes: © "“** L
improve Your algorithm.

Residual standard error:
Multiple R-squared: 0.4431, Ad

Download at Boykma.Com
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dislike uncertainty

_ aohar r pencil
N .-fm ywSoIEfiun

This statement Lells Your ¢tlients
the vange they should expeet
their own vaise to be inside of.

She has a point.

Is there anything you can do to make this
regression more useful? Can you look at
your data in a way that reduces the error?

342

Let’s take a look at your new algorithm, complete with R.M.S.

error for your regression.

Request \ |

THE RAISE RECKONER
o

What will happen if we request a certain
amount of money? Find out with this equation:

y=2.3+0.7x

Where x is the amount requested, and y
is the amount we can expect to receive.

But the formula only works if your requested
amount (x) is between 0% and 22%.

Most but not all vaises will be within a ranae of
/’ 2.5% move or less than the prediction.

So if T ask for 7%, T'll get 4.5—9.5%
back? I just need more than that if
you want me to take you seriously. Can
you give me a prediction with a lower
amount of error, please?

Heve's your new |an5u35c, whith
intovporates the RM.S. ervor.
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error

Look at different strips on your scatterplot. Is the R.M.S. error different at the various strips

along the regression line?

For each strip on the scatterplot, color in what you think

the error is within that strip.

Payoffs for negotiators

Requested

paAleoay

One strip heve is done for you.

Do you see segments where the residuals are fundamentally different?

343
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error varies

You've looked at the R.M.S. error for each strip. What did you find?

Rt
lv

%

ise
\ON

Payoffs for negotiators

The evror is a lot
higher over heve

panisoay

Requested

The evvor is lowest around heve.

Why is the error higher on

the right side?

Look at the data and think about

what it must mean.

344
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Jim: Oh man, that’s nuts! It looks like there’s a different
spread of predictions for every strip along the scatterplot!

Joe: Yeah, that’s crazy. Seriously. How in the world do we
explain that to our customers?

Jim: They’ll never buy it. If we say to them, your error is
looking relatively low at 7-8 percent, but at 10—11 percent
the error is through the roof] they just won’t get it.

Frank: Hey, relax you guys. Maybe we should ask why
the error bands look the way they do. It might help us
understand what’s happening with all these raises.

Jim: [Scoff] There you go being all circumspect again.
Frank: Well, we’re analysts, right?

Joe: Fine. Let’s look at what people are asking for. At the
start of the scale, there’s kind of a big spread that narrows
as soon as we hit 5 percent or so.

Jim: Yeah, and there are only 3 people who asked for less
than 5 percent, so maybe we shouldn’t put too much stock
in that error from 4-5 percent.

Frank: Excellent! So now we’re looking at the range from
5 percent all the way up to about 10 percent. The error is
lowest there.

Joe: Well, people are being conservative about what they’re
asking for. And their bosses are reacting, well, conservatively.

Frank: But then you get over 10 percent...

Jim: And who knows what’ll happen to you. Think about
it. 15 percent is a big raise. I wouldn’t have the guts to
request that. Who knows what my boss would do?

Frank: Interesting hypothesis. Your boss might reward you
for being so bold, or she might kick your butt for being so
audacious.

Jim: Once you start asking for a /ot of money, anything can
happen.

Joe: You know, guys, I think we’ve got two different groups
of people in this data. In fact, I think we may even have
two different models.

Download at Boykma.Com

error

What would your
analysis look like if
you split your data?
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what segmentation

Seqmentation is all about managing error

Splitting data into groups is called
segmentation, and you do it when having
multiple predictive models for subgroups will
result in less error over all than one model.

On a single model, the error estimate for
people who ask for 10 percent or less is oo
high, and the error estimate for people who
ask for more than 10 percent is too low!

—

The evror estimate
over heve is oo high.

When we looked at the strips, we saw that the
error in the two regions is quite different. In
fact, segmenting the data into two groups,
giving each a model, would provide a more
realistic explanation of what’s going on.

Segmenting your data into two groups will
help you manage error by providing more
sensible statistics to describe what happens in
cach region.

These evror estimates
are more vealistie.

346
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error

--;_;,SI\ﬁrpen your pencil
X If you segment your data between people who requested less than

10 percent and people who requested more than 10 percent, chances
are, your regression lines will look different.

Here’s the split data. Draw what you think the regression lines are for these two sets of data.

Payoffs for negotiators
o |
o0 _| |
o '
|
10 %
! o
o _| %0 o
N L} o Oo
° 010 00 % o °©
: %)% OOOO
o & 0% % o o ® o
[To R oO'O o o o o &)
— o [ le) °o 0 &© °
® o©° o ! 0@ © o
= o o' o 80 o %o
(0] b [} o o é
8 ~ ‘_ O o o 69 OO
T2 000’ & © o Hint: the dots spread
o QJOOO oo o © out on the righ‘{: side.
S o ° That's OK—just do
Qor e % oo your best o estimate
0 10 .
0%, oo ° where the line goes.
0 o
o Oo 10°
' o
o ! o
|
l o
1
| 1 | |
5 10 15 20
Requested

Remember: the vegression line is the line

that best fits the graph of averages.
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two regression lines

r r pencil
| .Fm ywSoIEEiun

This line through the people who make
low vequests should £it the data muth
better than the original model.

You've created two regression lines—two separate models!

What do they look like?

Payoffs for negotiators

25
|

o o

o

Payoffs for negotiators

_
o
—_
6]

Requested

Here's your original model.

20

The vegression line through the
more aggressive negotiators
should have a diffevent

slope from the other line.

348 Chapter 11
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error

Two regression lines,
huh? Why not twenty?

T could draw a separate
regression line for each strip...
how would you like that?!?

BRANN
BARRBEL L

This is a good one. Why stop at two
regression lines? Would having more
lines—a lot more, say—make your model
more useful?

349
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balance

Good regressions balance
explanation and prediction

Two segments in your raise regression will let you
fit the data without going to the extreme of too

much explanation or too much prediction. As a

result, your model will be useful.

More
explanatory
power

Payofts for negotiators.

The model fits every
single data point.

The model fits many

possible comcigwa{:ions

o«c data Foin{:s‘ \

More
predictive
Power

Payoffs for negotiators

-

Q: Why would | stop at splitting the
data into 2 groups? Why not split them
into 5 groups?

A: If you've got a good reason to do it,
then go right ahead.

Q: I could go nuts and split the
data into 3,000 groups. That’s as many
“segments” as there are data points.

A: You certainly could. And if you did, how
powerful do you think your 3,000 regressions
would be at predicting people’s raises?

Q,: Ummm...

350

Your analysis should be
somewhere in the middle.

You've masteved the data, but
You tan't predict ahy{:hing.

«—

therejare no
Dumb Questions

A: If you did that, you'd be able to explain
everything. All your data points would be
accounted for, and the R.M.S. error of your
regression equations would all be zero. But
your models would have lost all ability to
predict anything.

Q,: So what would an analysis look like
that had a whole lot of predictive power
but not a lot of explanatory power?

A: It'd look something like your first
model. Say your model was this: “No matter
what you ask for, you'll receive somewhere
between -1,000 percent and 1,000 percent
in raises.”

Q,: That just sounds dumb.

Download at Boykma.Com

Your prediction will be ateurate, but
it's not pretise enough 4o be useful.

A: Sure, but it's a model that has
incredible predictive power. The chances
are that no one you ever meet will be
outside that range. But the model doesn’t
explain anything. With a model like that, you
sacrifice explanatory power to get predictive
power.

Qj So that’s what zero error looks like:
no ability to predict anything.

A: That’s it! Your analysis should be
somewhere between having complete
explanatory power and complete predictive
power. And where you fall between those
two extremes has to do with your best
judgemnt as an analyst. What sort of model
does your client need?



error

_ --g{ﬁrpan your pencil

For each of these two models, color in bands that represent
R.M.S. error.

Draw bands to destvibe
the distribution of
vesiduals for eath model.

/N

Payoffs for negotiators

Received

Requested
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error

Your segmented models manage
error better than the original model

They’re more powerful
because they do a better job

of describing what’s actually
happening when people ask for
raises.

Your new model for timid
negotiators does a better job
fitting the data.

The slope of the regression line
is more on target, and the R.M.S.
error is lower.

Timid negotiators

Your new model for aggressive
negotiators is a better fit, too.

The slope is more on target, and the
R.MLS. error is higher, which more
accurately represents what people
experience when they ask for more
than 10 percent.

352
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Payoffs for negotiators

20
|

A%\rcssivc
negotiators

Received

Requested

Let’s implement these models in R...
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error

; It's time to implement those new models and segments in R. Once you have the models
ExeaciSe created, you'll be able to use the coefficients to refine your raise prediction algorithm.

Create new linear model objects that correspond to your two segments by typing the following
at the command line:

This tode tells R to look only at the

data in your database for ncgo{ja vs...

mylmBig <- lm(received[negotiated==TRUE & requested > 10]~
requested[negotiated==TRUE & requested > 10],
data=employees)

myLmSmall <- lm(received[negotiated==TRUE & requested <= 10]~
requested[negotiated==TRUE & requested <= 10],
data=employees)

..and to split the segments at
the 10% vaise vequest range.

Look at the summaries of both linear model objects using these versions of the summary ()
function. Annotate these commands to show what each one does:

summary (myLmSmall) Scoefficients

summary (myLmSmall) $sigma
summary (myLmBig) $Scoefficients

summary (myLmBig) $sigma

These vesults will make your
algorithm much more yowcr(:ul.

Download at Boykma.Com
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revised r.m.s. error values

ise You just ran two new regressions on segmented data. What did you find?
Lution
When you tell R to But quite a lot
eveate the new models, happens bc,hmd
R doesn't display the seenes!
an\/{:hing in the tonsole.
TE RN = W =

- a
= mylmBig <- Im{received[negotioted==TRUE & reguested » 18]- reguested[negotiocteds<TRUE &
requested > 18], dato=-employees)
= mylmSmall <- Im{received[negotioted=<=TRUE & requested <= 1@8]~requested[negotioted=<TRUE &
requested <= 18],doto=employees)
> summary(mylmSmall)scoefficients

Estimate 5td. Error t value Pri=1tl)
(Intercept) @.7933468 @.22472009 3.538378 4.378156e-24
requested[negotioted == TRUE & requested <= 18] 8.9424946 @_83151835 29.003841 6.588020e-134
> summary{mylmSmall)$sigma f
[1] 1.374526
> summary(myLmBig)ScoefEicients

Estimate Gtd. Error t value Pri=1tl)
{Intercept) 7.8134033 \1 760371 4.164845 4 007597e-25
requested[negotiated == TRUE E\requested > 18] 0.3026090 @.1420151 2.130324 3.457618e-02
> summary(mylsBig)isigma
[1] 4.544424

S

AN

Here ave the slope
and intercepts

or YOIAV‘ new
vegression lines.

Here are the
R-MS. evrors for

Your new models.

354
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error

— gharpen your pencil
\ N You now have everything you need to create a much more
: powerful algorithm that will help your customers understand
what to expect no matter what level of raise they request. Time
to toss out the old algorithm and incorporate everything you've
learned into the new one.

Using the slopes and intercepts of your new models, write the
equations to describe both of them.

Don't forget about
For what levels of raises does each model apply? / avoiding cx{:\rayolaﬁon,’

How close to the prediction should your client expect her own raise to be‘,"/_\-rh.""k about the
depending on which model she uses? RMS. ervor.

Request \l
= J/ THE RAISE RECKONER!
—//—

What will happen if we request a
certain amount of money?

Your answers will be
your new algorithm.

2

355
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algorithmic denouement

arpen your pencil

"N &]Iutlun What is your final compensation algorithm?

Request \

" /| THE RAISE RECKONER
o

What will happen if we request a certain amount
of money? Say x is the amount requested, and
y is the amount we can expect to receive.

Heve's the model , , You used the
If you ask for less than 10%, use this equation: .
For small rc"\ucs{:& ’ ° ’ / coefficients +o fill in

the vegression equations.
y=0.8+0.9x %

Your raise will be plus or minus
1.4% of the predicted value.

Heve's the
RMS. ervor.

If you ask for 10% or more, use this equation:

Here's the

=7.8+0.3x R.M.S. evvor.
Here's the model y =]

or big reque
3 req Your raise will be plus or minus

4.5% of the predicted value.w

,__D This algorithm only works for
requests up to 22%.

N—r

This caveat warns the client not to extrapolate!

356 Chapter 11
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error

Your clients are returning in droves

Your new algorithm is really starting to pay off,
and everyone’s excited about it.

Now people can decide whether they want to
take the riskier strategy of asking for a lot of
money or just would rather play it safe and ask
for less.

The people who want to play it safe are getting
what they want, and the risk-takers understand
what they’re getting into when they ask for a
lot.

you are here » 357
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12 relational databases

*

+  Canyou relati ?

There is just one of me,
but so many of them...

How do you structure really, really multivariate data?

A spreadsheet has only two dimensions: rows and columns. And if you have a bunch of
dimensions of data, the tabular format gets old really quickly. In this chapter, you're about
to see firsthand where spreadsheets make it really hard to manage multivariate data and
learn how relational database management systems make it easy to store and retrieve

countless permutations of multivariate data.

this is a new chapter 359
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magazine performance analysis

The Dataville Pispatch wants to analyze sales

The Dataville Dispatch is a popular news magazine, read by most
of Dataville’s residents. And the Dispatch has a very specific
question for you: they want to tie the number of articles per
issue to sales of their magazine and find an optimum number
of articles to write.

They want each issue be as cost effective as possible. If putting
a hundred articles in each issue doesn’t get them any more sales
than putting fifty articles in each issue, they don’t want to do it.
On the other hand, if fifty article issues correlate to more sales
than ten article issues, they’ll want to go with the fifty articles.

The Perfect Equation? . Software

HF Stats FTW th Development
Innovative book helps thousands How a \\h1lf~l\4);’l|"f]_ n»vulrl
grapple with numbers save your next project

Databases
Newly published

tables reveal

SUrprising new
connections

U S i

They’ll give you free advertising
for your analytics business for a year
if you can give them a thorough
analysis of these variables.

360 Chapter 12
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relational databases

Here’s the data they keep to track their operations

The Dispatch has sent you the data they use to manage
their operations as four separate spreadsheet files. The
files all relate to each other in some way, and in order
to analyze them, you’ll need to figure out how.

Looks like {:hcy keep
track of a lot of stuff.

e

i

How do these
data tables velate
+o eath other?

|EEEEE+REEEBEEEERERERES

‘D

§ bk Ehririen
¥ wae ey

2 Dby hasrs
W Besfaria Cortt

SEem e e O

rpp—

Authors

Articles .

RANN
‘PQOQWEWR

What do you need to know in order
to compare articles to sales?

you are here » 361
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how does the data relate?

You need to know how the data

tables relate to each other

The table or tables you create to get the answers that the

Dispatch wants will tie article count to sales.

So you need to know how all these tables relate to each (;)tl;llelz
What specific data fields tie them together? And beyond that,

what is the meaning of the relationships?

362

Chapter 12

is what the Dispateh
t;:c{'ps S\;l\/ about how *{‘)\c\/
maintain their data.

From: Dataville Dispatch
To: Head First
Subject: About our data

Well, each issue of the Magazine has a
bunch of articles, and each article has an
author, so in our data we tie the authors
to the articles. When we have an issue
ready, we call our list of wholesalers.
They place orders for each issue, which
We record in our sales table. The “lot size”
in the table you're looking at counts the
number of copies of that issue that we
sell—usually in denominations of 100, but
Sometimes we sell |ess. Does that help?

— DD

They have a lot of stuff to vecord, which
is why they need all these spreadsheets.
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relational databases

E
5
1

\k Draw arrows and use words to describe the relationship
between the things being recorded in each spreadsheet.

[Laras O i

E= A [] [ 4

1 well L) o Sie

& - £ 150
1 384 1 1)
4 114 & 120
§ LT84 4 1o
L] R0 112 180
4 1434 0 100
L] 234 wl 1
L] 2037 a5 10

=3 A []
| 1 D Putain
2 L L0 AT
1 F] 11/
] 3 2K
L] L} 13/ 808
i 5 iaave
| 7 B 1T
[ 7 LS
[ ) TS
0 9 s
1 111 ) B ]
T] 1 L TR
1] ] AT
1] ] A3
1 i ST
| 16 15 ERNS
| B 1.} BT
1] ] [T
1 ] TS
P 1 AT
1 ] BT
] n RN
-7 Y R C FE ) 2 T
I e (LT al sutsoriD :: :: ml:'g
; ;', 1 : 0 /LTS
X H i i i " 11/ 15
1 - 1 . QI ey T i
| H 1 3
| 7 B ¥ N
[ } 7 1 T
[ ) F 1
v . - i Issues
{11 ] 2 4
12 1 Fl [ ]
11 { F] a Ll
14 ] 1 5
15 1 1 F
i i5 1 1
17 th 1 %
T 1] ] 1 .
1, . i 3
EL ] 1 % s B
= u 3 ] 1 autherlD muthor
F n M 1 2z 1 Jason Wightman
ia e a ¥ 3 7 Brewster Dombkowski
33 A n - 4 3 Pausl Sermenes
AL A 5 4 Malt Janniey
B 5 lon Radermacher
7 & Mike Christian
Articles B 7 Hicle Fry
) 8 Desliny Acams
0] 9 Patanls Cortez
B L AL st
=y

Authors

Draw arrows between the tables and /
destribe how eath velates o the other-
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relationships identified

rpen you penctl

Solution

What relationships did you discover among the spreadsheets
that the Dataville Dispatch keeps?

e )

Each sale vefers 4o a bundle of copies
(usua“\/ avound 100) of one issue.

£ []
I muoslD Publaty
1 1 LT
] E RPN
4 3 12k
L] a L/ B0
[ H] 22N
Sales ' 31Tl
[ 7 LTS
L) L] b
{11} a A2
n i RETI
12 1 A3
I ) AT
. . 14 1 A2HTE
Eath issue tonsists of 2 0y
11 L5 Sakas
. | b 1.1 BT
a b\lhéh O‘c 8Y£IC|C5~ 1 T B
i) ] TS
o ] LT
| 11 H BT
. a2 b5 B
[ — . . a 1 I prrs
I arcem D suttorin P 4 2] kel ]
1 | ¥ 'l 08 % Fe Lo
i a6 b EOALRTE
E : i : ek 7 ] 11/ 15
] 2 1 4 Tt o i
L] 5 1 3 L9
T -] ¥ L] h-uh |
] 7 1 T LTIR
L L] El i I
o 9 2 [ 1616 Issues
1 ] F 4 LE33
{12 1 2 ' 187
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m 1 1 L] 1158 = B
&l u 3 » el 1 autheslD  suthor
g ;i : : lﬁ: 2 1 Jason Yightman
24 il a4 L] iraa 3 2 Brewsier Dombkowski
23 ] - 4 u'.lu F 3 Paul Semenes
5 4 Matt Janney
B 5 lon Radermacher
7 & Mike Christian
i [ 7 Micole Fry
Articles ’ i cnidi R
9 Patanls Cortez
Eath author
writes a bunth
icles.
o‘(: article Authors
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relational databases

A database is a collection of data with
well-specified relations o each other

A database is a table or collection of tables For organizations that colleet the same
that manage data in a way that makes these type ot data, out-of—the-box databases
relationships explicit to each other. Database SPcci‘Ficall\/ manage that sort of data.
software manages these tables, and you have a lot
of different choices of database software. O“f‘op—ﬂ;c_box

imP’emcy,{;a{:;Oh

Theve’s 4 ton of diwqjcv-ch{;

kinds of database
soc'l:wav-c out there.

Database

Custom—made im?lcmcn{:&{jon

\

Database software Database

Other times, people need something veally

What’s really important is that you know the SPC‘?i‘:ic to their "“d.s' and {:h‘\/,” make
relationships within the software of the data their own database with Oratle, MySQL,
you want to record. or something else under the hood.

Heve's the big question.

l So how do you use this
knowledge to calculate
article count and sales
total for each issue?

you are here » 365
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follow the

Trace a path through the relations
to make the comparison you need

This syrcadshcc{: isnt
When you have a bunch of

going to help you compare

tables that are separate but avtitle count and sales.

linked through their data,
and you have a question you
want to answer that involves
multiple tables, you need to
trace the paths among the

tables that are relevant. ‘/N

These are the tables you &/

need to pull together.

Create a spreadsheet that
goes across that path In the next exercise, you'l

caleulate these values.

Once you know which tables you need, then
you can come up with a plan to tie the data
together with formulas. Article count Sales Total

Here, you need a table that compares article
count and sales for each issue. You’ll need to
write formulas to calculate those values.

You'll need formulas for these. M
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relational databases

Let’s create a spreadsheet like the one in the facing page and start by
calculating the “Article count” for each issue of the Dispatch.

Exegcise

Q Open the hfda_ch12_issues.csv file and save a copy for your work. Remember, you don’t want to mess
up an original file! Call your new file “dispatch analysis.xIs”.

Save this file under a new name, so

you don't dCS‘{:\ro\/ the original data.

* Load these!

*

www. headfirstlabs.com/books/hfda/
hfda_ch12 _issues.csv

www. headfirstlabs.com/books/hfda/
hfda _ch12_articles.csv

hfda_ch12_issues.csv dispatch analysis.xls
9 Open hfda_ch12_articles.csv and right-click an — 1
the tab that list the file name at the bottom of the Mo iecrad s avticles
sheet. Tell your spreadsheet to move the file to your e C°\"§c‘/£°:r .
dispatch analysis.xls document. e sheet o you

new dotument.

) Create a rops

(Eanerl) (E005)

9 Create a column for Article count on your issue sheet. Write a COUNTIF formula to count the
number of articles for that issue, and copy and paste that formula for each issue.

Put your COUNTIF formula here.

A B
1 issuelD PubDate Article count
1 10/24/04
2 11/8/04
3 11/23/04
4 12/8/04
« & wi [ Wea chid Jﬂlrh‘t:—:xldh.i;.l.*m
— Ready
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article countin’

What sort of article count did you find each issue to have?

e
LutiON

o Open the hfda_ch12_issues.csv file and save a copy for your work. Remember, you don’t want to mess
up an original file! Call your new file “dispatch analysis.xIs”.

e Open hfda_ch12_articles.csv and right-click an the tab that list the file name at the bottom of the
sheet. Tell your spreadsheet to move the file to your dispatch analysis.xls document.

9 Create a column for Article count on your issue sheet. Write a COUNTIF formula to count the
number of articles for that issue, and copy and paste that formula for each issue.
The formula looks at the “avticles”
tab in your spreadsheet.
[+ counts the number of
=COUNTIF(hfda_ehl2 _articles.esviB:Bhfda_ehl2 issues.esvip2) Limes each issue shows up
in the list of articles.

FubDate Article count
1 10/24/04 7
2 11/8/04 5
3 11/23/04 7
a 12/8/04 7
5 12/23/04 g
G 1/7/05 7
7 1/22/05 7
g 2§£ﬁg§ ; articleiD ; sl ,
10 3/8/05 5 2 1
11 3/23/05 El 3 1
12 47/05 7 4 1
13 4/22/05 [ : :
14 5/7/05 3 = 1
15 5/22/05 [ ] 2
16 6/6/05 7 ] 2
17 6/21/05 10 10 2
18 7/6/05 7 = z
19 7/21/05 i : 1 :
S R s ==l 14 3
3
3
3
ol
i |

This is the “articles” tab in your
dispateh analysis s\?rcadshcc{‘
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relational databases

Cooll When you add the sales figures to your spreadsheet,
keep in mind that the numbers just refer to units of the
magazine, not dollars. I really just need you to measure sales

Here's the Dispateh’s managing editor.
in ferms of the number of magazines sold, not in dollar terms.

Sounds gooJ... let'’s add
sales to this list!

Add a field for sales totals to the spreadsheet you are creating.

Exercise

r Lo&d ﬂHS'

www. headfii rstlabs com/books/hfda/
hfda_ch12_sales.csv

o Copy the hfda_ch12_sales.csv file as a ﬂ- - F‘”W;‘U‘fwm Article count Sales
new tab in your dispatch analysis.xIs. 3 2 11/8/04 5
Create a new column for Sales on 4 3 11/23/04 7

5 4 12/8/04 ?
thg same sheet you used to count the - c 12/33/04 8
articles. 7 [ 1/7/05
Em \._i. :l;- - s ek artied e m:hlz R LY

Add this column and ?u{‘,

your new formulas here.

e Use the SUMIF formula to tally the sales figures for issuelD #1, putting the formula in cell c2.
Copy that formula and then paste it for each of the other issues.
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incorporate sales

What formula did you use to add sales to your spreadsheet?

%toeacﬁe
LutiOoN
This formula shows that The fiest arqument of the SUMIF

gissuc #l sold 2,227 wnits. \ﬁ formula looks at the issues.

=SUMIF(hfda_ehl2_sales.esv/B:B, hfda_ehl2 issues.esviAZ, hfda_ehl2 sales.esvC:C)

< A B _ C D E F|
1 issuelD PubDate Article count  Sales ||
2 t 10/24/04 7 2227
3 2 11/8/04 5 703
4 3 1/23/04 7 2252
5 4 2/8/04 7 2180
6 5 1272304 8 2894
7 [ 1/7/05 7 2006
8 7 1Y22/05 7 2140
9 B ?/6/05 7 2308
10 g 2/21/05 [ 1711
11 10 3/8/05 5 1227
12 11 323/05 9 3642
13 12 4/7/05 7 2153
14 13 1/22/05 6 1826
15 14 5/7/05 6 1531
16 15 5/22/05 6 1406
17 16 6/6/05 7 2219
18 17 6/21/05 10 4035
il = O SELL [ Wi e e A 812 daueieve

- a—
W saleiD
z eI 100
] 386 18 100
A 1o & 100
. 5 L1784 78 100
The second argument looks at the specific 5 33 1z 100
7 144 &0 100
issue whose sales you want to count. 3 2334 9 100
9 2037 85 100
jli] 1134 50 100
1 568 2 100
12 3205 114 100
13 L7E3 7 100
14 2153 ] 100
15 2065 8e 100
15 184 s 100
j 3123 112 100
i es7 B )\
P i o, M i o S &\

The thivd avgumcn{: ?oih‘{:s to the
attual sales (:igwes You want to sum.
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Your sumwmary ties article
count and sales together

This 1s exactly the spreadsheet you need to tell you whether
there is a relationship between the number of articles that the

Dataville Dispatch publishes every issue and their sales.

This seems nice. But it'd be a
little easier to understand if it

you ever heard of scatterplots?

were made into a scatterplot. Have

Definitely! Let's
let him have it...

relational databases

_ ;{ﬁipm your pencil

o Open R and type the getwd () command to figure out
where R keeps its data files. Then, in your spreadsheet, go to
File > Save As... and save your data as a CSV into that directory.

Execute this command to load your data into R:

dispatch <- read.csv("dispatch analysis.csv",

header=TRUE)

Name Your file
dispateh analysis.esv.

e Once you have your data loaded, execute this function. Do you

see an optimal value?

plot (Sales~jitter (Article.count),data=dispatch)

\_/ You'll see how jitter

works in a setond...

This function tells you R’s wo\rklng
divectory, where it looks for files.

LT als] R Coasole =

= getwd()
[1] "uUsers/headfirst”

o |

Save your spreadsheet data as a
CSV in R’s working divectory.

Download at Boykma.Com
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engage the optimimum

_ f&! r pencil
\\- ﬁlm youhllr;g;n Did you find an optimal value in the data you loaded?

The optimum appears to be around 10 artitles.

Use this command to load Your CSV into R. The head tommand shows You
what you have Jjust loaded...

it's always good 4o theek.

- . ,
dispatch =- reMﬂispatch analysis.csv",header=TRUE)

> head(dispatch)

issuelDl PubDate Article.count Sales

1 1 10/24/04 72227
2 2 11/8/84 5 7e3
3 3 11/23/04 7 2252
4 4 12/8/04 7 2180
5 5 12/23/04 B 2894
6 6 1/7/05 7 2006

| » plot(Sales~jitter{Article.count),data=dispatch)

The jitter command adds a little
bit of noise to Your numbevs, which

separates them a little and makes them
easier to see on the seatterplot.

Heve's the tommand
that ereates your
seatterplot.

Make sure that the field names

Try vunning the same command without in Your plot Formula mateh the
adding jitter; isn't the vesult hard to vead? field names that head shows You
are tontained in the data ‘('\\ram&
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relational databases

\

—

[£ looks like theve's
a pretty steady
intrease in sales
as move artitles

ave added...

.until there ave about 10 avtieles,
at which point having more artitles

/ doesn't assotiate with ineveased sales.

salesTotal

2000

1000

/

o
\ Oo
é @0005%8%0800
® %
—— o}
T &
= &
3

&gy &

!

Writing move than 10 artitles doesn't seem

to intrease sales, while writing fewer than 10
seems 1o detvease sales, so it appears that the
Dispateh should stick with around 10 artitles.

T
15

T
20

jitter(counts)

When there weve five articles in the Dispateh,
only 1,000 or fewer copies of the issue sold.

Download at Boykma.Com
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happy

Looks like your scatterplot
is going over really well

From: Dataville Dispatch
Subject: Thank you

Thank yoy) This js 3 really pj

do

like this V:assuzfeecc::;ed that g relationship
Se, a .

demonstrated it dramaﬁcnaC:’))//our analysijs

And con

He's downvight effusive!

Sounds like more wovk
(:ov you-- awcsomc_’

tlverelgre no

o
Dumb Questions
Q,: Do people actually store data in linked spreadsheets like A: Well, you're not always so lucky to recieve data from multiple
that? tables that have neat little codes linking them together. Often, the
data comes to you in a messy state, and in order to make the
A: Definitely. Sometimes you'll receive extracts from larger spreadsheets work together with formulas, you need to do some
clean-up work on the data. You'll learn more about how to do that in

databases, and sometimes you'll get data that people have manually

kept linked together like that. the next chapter.

Q: Is there some better software mechanism for tying data

Q,: Basically, as long as there are those codes that the )
formulas can read, linking everything with spreadsheets is from different tables together?
tedious but not impossible.

- Youd think so, right?
374
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relational databases

Copying and pasting all that data was a pain

It would suck to go through that process every
time someone wanted to query (that is, to ask a
question of) their data.

Besides, aren’t computers supposed to be able to
do all that grunt work for you?

Wouldn't it be dreamy if there

were a way to maintain data relations in
a way that'd make it easier to ask the
database questions? But I know it's
Jjust a fantasy...

you are here » 375
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rdbms

Relational databases manage relations for you

One of the most important and powerful ways of managing
data is the RDBMS or relational database management
system. Relational databases are a huge topic, and the more
you understand them, the more use you’ll be able to squeeze
out of any data you have stored in them.

Dispateh needs

Da«ha\l.\\\c {-/\\CSC' B

to ?)ch away from - and build one of these.

This field is a key.

’—h RDBMS_table RDBMS_table

VN

I h data O=w data O==w
'\ data data
‘ N data data
i data data
«| |.XLS
= RDBMS_table
data O=x
data
data O=w ¢
data
This diagram shows the rcla‘cionshlicysb and data O—=w —
bles inside a velational database. “table
da&a tables insi N T
data
data
data
What is important for you to know is that the relations that Keys ave values that
the database enforces among tables are quantitative. The denks (:\/ e uh’,a\ud\/.

database doesn’t care what an “issue” or an “author” is; it just
knows that one issue has multiple authors.

Each row of the RDBMS has a unique key, which you’ll often If the Dataville Dispatch had a

see called IDs, and it it uses the keys to make sure that these RDBMS, it would be a lot easier
quantitative relationships are never violated. Once you have a to come up with analyses like the
RDBMS, watch out: well-formed relational data is a treasure one you just did.

trove for data analysts.
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relational

Now that we've found the optimum
article count, we should figure out who our
most popular authors are so that we can

make sure they're always in each issue. You
could count the web hits and comments that
each article gets for each author.

Pataville Dispatch built an RPBEMS
with your relationship diagram

It was about time that the Dispaich loaded all
those spreadsheets into a real RDBMS. With
the diagram you brainstormed, along with
the managing editor’s explanation of their
data, a database architect pulled together this
relational database.

N ,{,Qarpen your pencil
e
Wholesalers
Here is the schema for the Dataville WholesalerlD 0=x
Dispatch’s database. Circle the tables data field
that you'd need to pull together into data field
a single table in order to show which data field
author has the articles with the most
web hits and web comments.
Then draw the table below that Risves Sales
would show the fields you'd need in IssuelD c. a | SalelD O—=w
order create those scatterplots. data field IssuelD O==w
EditorID .: i WholesalerlD O=x | 4——
data field data field
data field
Artides
Avthors ArticlelD O=w% —
AvuthorlD O—=x IssuelD O=x
AuthorName |—} AuthorlD O=w
data field web hits
data field CommentiD O==x
This field is new. WehComments
. Y .l CommentID O=w
C This tables is new... it’s a |.|sjcmg rticlolD ‘
of the tomments eath article oto fold
Draw the table you'd gets in the online edition. dafa f.e’ d
need 1o have heve. argne
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find your

— daharpen your pencl
\ "N &Iutmn What tables do you need to join together so that you can

evaluate each author’s popularity, by counting the web hits and
comments that author receives?

Wholesalers
WholesalerlD O==w% | ————
data field
data field
You need a table that draws these three data field
tables from the database Jcogcfhcr.
Issues Sales
IssuelD O—=w SalelD 0=
data field _|_} lssuelD O—x
EditorlD 0= WholesalerlD 0=x | ¢——
data field data field
data field
Artides
Avuthors ArticlelD O==x —_—
AuthorlD O==x IssuelD O
AuthorName L AuthorlD 0=
data field web hits
In the last table You used, eath data field CommentID &=
vow vepresented an issue, but now
eath vow vepresents an article. Comments
Comment|D 0==x

ArticlelD O==x “—
data field
data field

COMMCW‘:
COIAV\{'.

Avticle Author Web Hits

Ann is the author O‘F both
artitles | and 2 for this
hypothetical table.
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relational

Pataville Dispatch extracted your

data using the SQL language Heve's the output from

the query that gets you *.
SQL, or Structured Query Language, is how data is the table you want.
extracted from relational databases. You can get your '
database to respond to your SQL questions either by LO&CI ﬂ’ls

tying the code directly or using a graphical interface
that will create the SQL code for you.

www.headfirstlabs. com/books/hfda/
Heve's a simple SRL query.- SELECT AuthorName hfda_ch12_articleHitsComments.csv
FROM Author WHERE
\_) AuthorID=1;
Example SQL Query The query that treated this

data is muth more (.omPlc% than

{Zh am | H\c lC‘C‘(:
This query veturns the name ¢ example on

of the author listed in the
Author table with the
Author1D field equal to 1.

You don’t have to learn SQL, but it’s a good idea.
What'’s crucial is that you understand how to

ask the right questions of the database by
understanding the tables inside the database and
the relations among them.

Use the command below to load the hfda_ch12_ ,
articleHitsComments.csv spreadsheet into R, and then take a look Make sure youve

at the data with the head command: tonnected to
the Internet for

articleHitsComments <- read.csv( this tommand.

"http://www.headfirstlabs.com/books/hfda/ )
hfda_chl2_articleHitsComments.csv", header=TRUE)

Q We’re going to use a more powerful function to create scatterplots this time.
Using these commands, load the 1att ice package and then run the
xyplot formula to draw a “lattice” of scatterplots:

library (lattice)

xyplot (webHits~commentCount |authorName, data=articleHitsComments)

This is @ new s\/mbo”—J ‘\B

e What author or authors perform the best, based on these metrics? | his is the data frame
that \You loaded.
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lattice scatterplot visualization

What do your scatterplots show? Do certain authors get greater sales?

%f@@e
Lution

€@  Load the hfda_ch12_articleHitsComments.csv spreadsheet into R.

e We’re going to use a more powerful function to create scatterplots this time.
Using these commands, load the 1attice package and then run the
xyplot formula to draw a “lattice” of scatterplots:

library (lattice)

xyplot (webHits~commentCount |authorName, data=articleHitsComments)

—
ol

1T  Rcomsole

= 'Q
> head{articleHitsComments)

articlelD authorName webHits commentCount
1 1 Destiny Adams 2e19 14
2 2 Jon Radermacher 1421 6
3 3 Matt Janney 1174 8
4 4 Matt Janney 1613 26
5 5 Paul Semenec 1899 10
6 6 Destiny Adams 1943 26
> library(laottice)
> |.\c:.-'p lot{webHits~commentCount | authorName , data=articleHitsComments’)
=

This symbol tells the xyplot funetion to group

the seatterplots by author name.

This tommand loads the lattice Fackagc.

Avrticle Author Web Hits

This data matthes the
table You ?rcvisuahzcd-

Commcn{:

COMN‘E
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relational databases

This avray of seatterplots shows web hits and

F tomments for each artitle, 5\rou\7cd b\/ author.

0 10 20 30 40
| | | | | | | | | |
Paul Semenec Rafaela Cortez

| | | |
Niko Christian

o
o )
3000 %%3 °

2000 —

1000 —

~

The web stats are all
over the map, with
authors cr&rming
very dif evently
from eath other-

Nicole Fry

webHits

Brewster Dombkowski
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rdbms can get complex

From:Dataville Dispatch
Subject: About our data

Wow, that really surprised me. I'q always
Suspected that Rafaela ang Destiny !
Were our star writers, but this shows

that thgy’re way ahead of everyone. Big
promotion for them! All this informafion
wul{ make us a much leaner publication
while enabling us to better reward our
authors’ performance. Thank you.

— DD

Here's what the managing
editor has to say about
your most vetent analysis.

Think about how far You tan
veach atross this sea of tables to

make a brilliant comparison!

Comparison possibilities are endless
if your data is in a RPBMS

The complex visualization you just did with data from the
. . . . RDBMS_table
Dispatch’s RDMS just scratches the tip of the iceberg. Corporate I ey
databases can get big—really, really big. And what that means data
. . . RDBMS_main data
for you as an analyst is that the range of comparisons relational dota 0—x data
. e P data
databases give you the ability to make is just enormous. pry—
data
RDBMS._table RDBMS_table data O
data 0% — data O ROBMStable)
data data data O
data data TR RDBMS_table data
data data data O_ﬂ [ data 0= data
p data data
data data
RDBMS_main data data
d""::m d RDBMS_table RDBMS_table
data O—x RDEMS_main data M data
— data data
data data 0= dat dat
data =% data du'u dc,'.,
RDBMS_table RDEMS_fable data O—% = =
data 0w data o= data
date data O==x
e :“:" o RDBMS_main
ata —
data data data 0w
data
RDBMS_main data 0= ‘3—
RDBMS_tabl doto data
_tadle RDBMS_main data o e—
—» dota % ™1 [ gatao—x | data 0= RDBMS_table
data data data data 0—1‘_
data data 0= data O—x | data
data data RDBMS_table v
data =% 4 data = data
Da .{:ab RDBMS_table data
ases Lan get bi data O— data
14... .
J 9 veally, veally big, dota dota
data
data

If you can envision it, a RDBMS can tie data together for
powerful comparisons. Relational databases are a dream come

true for a
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relational databases

You’'re on the cover

The authors and editors of the Dataville
Dispatch was so impressed by your work
that they decided to feature you in their
big data issue! Nice work job. Guess who
wrote the big story?

I can't believe we had this
data all along but never
could figure out how to
use it. Thank you so much.

Visualizations

By Rafaela Cortez and Destiny Adams,

! o
o
U OO VO i
g { o - \1-”‘} Looks like you made some Lriends
on the wri{:ing s{‘,a‘q:l

Fo-
! !
-
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13 cleaning data

*

" *
Impose order*

T do my best work when
everything's where it's
supposed to be.

Your data is useless...

...if it has messy structure. And a lot of people who collect data do a crummy job of
maintaining a neat structure. If your data’s not neat, you can’t slice it or dice it, run
formulas on it, or even really see it. You might as well just ignore it completely, right?
Actually, you can do better. With a clear vision of how you need it to look and a few text
manipulation tools, you can take the funkiest, craziest mess of data and whip it into

something useful.

this is a new chapter 385
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salvage a client list

Just got a client list from
a defunct competitor

Your newest client, Head First Head Hunters, just
received a list of job seekers from a defunct
competitor. They had to spend big bucks to get it,
but it’s hugely valuable. The people on this list are
the best of the best, the most employable people
around.

*

Load ﬂus'

www.headfirstlabs. com/books/hfda/
hfda_ch13_raw_data.csv

This list could be a gold mine...

&l

o) W9

hfda_chld raw dats - Micicicht Eoiel - ]

Famuiss DM Review  View g - =

Look at all this stuff/

L RE R R LR R R

What are You going to 20
. . 21
do with this data? =
23
EY
b
Fal
27
28 6
..too bad the data is a mess! i_',& R
In its current form, there’s not ';M

much they can do with this
data. That’s why they called
you. Can you help?

386 Chapter 13
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2reReynaldomal I 2] risel 12238646 367- 3431042 71901,11,/08 08:06

E3WATeentinifal I 63]ndolphi] 12070347625 - R4 TR 2 T2000,/11,/08 12:10

1368 Deborahala|ID I36]mbaL0302F715-408-4 184842 TIR0L 1108 12186

dAderStanleysTownse]ID 42)ndel03 148210 775- M L2p4274200/12/08 16205

1358 Lena®Rive(ID 135)ramll 3610712 340- 550294 175800 14,/08 08:01

17Imnaalivabstephens 10 177 onF101690646- 154- 5674842 TE001,/ 1408 09:09

18R QuintiniMoConne| 1D 186)101141 3091 7. 363 24 T1na 2 TTM01,/ 14,08 11:41
Gie*Quentinsfand|iD 63)olphal 120 Ta347-625- 684 7R 2 78201 14,08 15:10

Lom*AliyarHoffman(iD 10]#11 366851 7-613- Eﬂllﬂlmﬂlﬁfﬂﬂ Ca44

V3 rmmammﬂ
Ll
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data

The dirty secret of data analysis

The dirty secret of data analysis is that as analyst
you might spend more time cleaning data than
analyzing it. Data often doesn’t arrive perfectly
organized, so you’ll have to do some heavy text

manipulation to get it into a useful format for
analysis.

Bu{: YYour wovrk as a da{:a anal\/s‘t
may actually involve a lot of this...
This is the fun part of data anal\/sis‘

What will be your first step for dealing with this messy data? Take

N --gis\harpen your pencil
a look at each of these possibilities and write the pros and cons

I of each.
o Start retyping it.

e Ask the client what she wants to do with the data once it’s cleaned.

387
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head hunter

o

N .-g.&arpen your pencil

K %Iutlun Which of these options did you choose as your first step?

Start retyping it.

Head First Head Hunters wants

the list for their sales team

Even though the raw data is a mess, it looks like they just
want to extract names and phone numbers. Shouldn’t be
too much of a problem. Let’s get started...

388

We need a call list for our sales team to use to contact
prospects we don't know. The list is of job seekers
who have been placed by our old competitor, and we
want to be the ones who put them in their next job.
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cleaning data

The data looks like a list of names, which is what we'd
expect from the client’s description of it. What you need is
a clean layout of those names.

Draw a picture that shows some columns and sample data for
what you want the messy data to look like.

i B C i) E F
Ferson|DeFirstNamesLasiNamenZiFaPhonesCalliDeTime
1a7enalaxiaRacmuss(ID 137)ene114728718-534- 2403843 52m00 (0108 12:37
SREARreEndenMRasmuss| 1D 98| end 1 D01SME46-812. THE253m01, /02,08 1317
e DeaumWane] ID %1001 3R646-101- 99258425850 1,/02/08 14:54
137w~ AlexiaafalID 127 smussend 1 14228718-534- 240304255m01,/03,/08 15:32
1568~ lacolby FOo] 10 156] ok 1004591 7 S06- 61868 2560103/ 08 15:52
139m-CuintenEHubba(ID 139) rdryoo Gl 7687 2256ma s rem /o foi 13119
TaaRemingloniFarr 1D T5)elli] 1659491 7. £41- 4608042 58m01,/05,/08 09:09
A1 PredroPay| 1D 91 nes10005H212-498- 6862882 50m0 1,05/ 08 03: 10
152#*Eliannaahie| D 152)dinaml03068646-§19- 2 T84 260801/05,/08 09:41
g DarrentBurm{ 1D §)so101208212- 220-33 11/ 2061 800,105/08 16:11
164mRebekahmie (10 163)andml015502 1. T00- 73040802000 /0708 11:23
Tt lagueeline #Ewing{ID TIN10106#347-409. 543904 263M01,/07/08 11:50
1058 PorteriPark|ID 105] 5811 3854 T18-483- 5125642 54m0 1,07/ 08 13:31
163 Donavan®ingra{ D 163)ma 112345718543 260684 265m01,/08,08 14:28
17 CharleseMicCoy 1D 10911220834 7-312-4T2584 2660010808 15:48
17 GEE~varitzanan| 10 G5)doewsr 1 23887T18. 7ab-S9Eama G 7o 05 /o8 13:57
18 E1ARyliemayala]ID 61 I01ETIS] 7. T45- SESA DEEN0109/08 15:10
A5 OmaridPus(I0 45) hel 1691 8646-516- JT0M265601,/09,/08 16:29

Looks like
these ave field
headings up top.

Hmmm... the
Time and
CalllD
fields don't
veally seem
velevant..

L R R U R R

EREIGIEIEE

Put the tolumn
headings up heve.

Draw Your ideal
data layout heve.

Add a few lines of
sample data to show
what \/ou)d like £he
retords to look like.

you are here » 389
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previsualize your columns

lution

A

L R R U R R

s
=

r r pencil
f" Y"“so pen

You ¢an see the information you want that's
been all mashed ‘{‘,ogd')\er in Column A...

B C

When everything's separate, you tan sort
the data by field, filter it, or pipe it toa

mail merge or web page or whatever else.

How would you like your data to look once you've cleaned it up?

...what You need is for that

/ information 1o be split into columns.

o] E

F

PersonlDeFirstNamesLasiNamenZiFaPhonesCalliDeTime
1a7enalaxiaRacmuss(ID 137)ene1 14720 718-530- 2030353 R0 01 /08 12:32
SREARreEndenMRasmuss| 1D 98 en i1 D01SMEL6-812. THIZ253m01,/02/08 1317
et DeaumWane] 1D %) #1001 3R646-101- 99258425850 1,/02/08 1454

1237w~ AlexiaafalID 127 smussend 1 14228718-534- 240304255m01,/03/08 15:32
1568~ JacobyPO0{ 1D 156] okM10045F91 7-505- G1AGRIL56m01/03/08 15,52
139m-CuintenEHubba(ID 139) rdryoo Gl 7687 2256ma s Teo] fo4/a8 13:19
TSéRemingloniFar| 1D TS)elld] 1653891 7- 243- 460804 258m01,/05,/08 09:00
A1 PredroPay| 1D 91 nes10005H212-408- 6862882 50%01,/05,/08 03: 10
152#*Eliannaahie| D 152)dinaml03088646-§19- 2 T7584 26080 1,/05,/08 05:41
11 gA~DarrentBum||D 5} se10120821.2- 220 3311 R 26 180000508 16:11

12 1b4rcRebekaheBe]ID 162 ard FIOLSSET1 2. FO0- T30S 3G2000,/0708 11:23

13 Tt lagueeline MEwing{ 1D TIN101068347-409. 5439047 52m01,/07/08 11:50

14 1058 Porter#Park|ID 105)5811 365+ T15-481-532 56842 58m01,/07/08 13:31

15 163#*DonavansingraliD 163)mal12248716-543- 260684 26501/ 08/08 14:28
16 17eCharleseMcCoy (1D 17} 11220834 7- 310-4 TZSRA 266801,/08/08 15:98

17 | GEEaritzanan| 10 G6)doewsr 1 23887 18. 7ab-S9Eama G Te01 fo9 /08 13:57

18 EldRylienAyalaliD 61 M016TIG] 7 T45- SASAMI IAEN01/09/08 15:10
19 &58*Ormaridfus(ID 45 hil 1691 8645-516- W T0MI 265601,/09,/08 16:29

G H 1

Gotta have the phone numbevs...
'{:\'\a{:,s the most im?ov{;anJc
thing for the sales Leam!

\_} Pevson|D
127

FirstName LastName Phone
Alexia Rasmussen 718-534-2403%
98 Brenden Rasmussen b46-812-7298

[Ete..]

U

This |D field is useful, sinte
it will let you make sure

that the vetords are unique.

[Ete..]

[Ete.]

[Ete..]

You need the name and Phone
fields separated from eath other-.

390 Chapter 13
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data

News flash! The data's
still a mess. How are we
going to fix it?

It’s true: thinking about what neat
data looks like won’t actually make it
neat. But we needed to previsualize a
solution before getting down into the
messy data. Let’s take a look at our
general strategy for fixing messy
data and then start coding it...

391
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plan your attack

Cleaning messy dafa is
all about preparation

It may go without saying, but cleaning
data should begin like any other data
project: making sure you have copies of
the original data so that you can go back
and check your work.

Save a copy of
your original data.

Once you've figured out what you need
your data to look like, you can then
proceed to identify patterns in the
messiness.

The last thing you want to do is go back
and change the data line by line—that
would take forever—so if you can identify
repetition in the messiness you can write
formulas and functions that exploit the
patterns to make the data neat.

392 Chapter 13

Previsualize what you want your
final data set to look like.

Alveady did this!

Identify repetitive patterns in the messy data.
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Ownce you're organized,
you can fix the data itself

Here's where the magie happens.

Clean and
restructure

Then, patterns in hand, you can get down to the work of
actually fixing the data. As you’ll discover, this process is
often iterative, meaning you will clean and restructure the
data over and over again until you get the results you need.

cleaning data

Use your
finished data

N f{ﬁrpen your pencil

are separated from each other?

o B C o E F
ParsoniDefirstamesiasiNamesZi PaPhonesCalliDFTime
127p~alexiafRasmuss(iD 127)enml14120718-534-200384252m01/01/08 12:32
qarErendenrasmuss 1D 98) cnml D01 Smeas- 12 Traenaas3m1 fo2 /o8 1307
S Beaumians| 1D 94)M10013IM645- 191 990814754m01, /02 /08 14:54
127w AlexisiRa| 1D 12T emussend1 14328718504 240304 255m01,/03,/08 15:32
1568~ acobyRCo] ID 156 oke 1004553 ) 7-B08- 618684 2560 1/03//08 15:52
Lage*QuintensHubbalID 139)rdal00168517-667- 22568425 Te0 104,108 13219
JaErReminglondFam|ID T5)elle11693F917-543- 200503 258800, /05,/08 09.09
F1enPadromRay| 1D 91 ) nasl D005 12-498- b6 Tea2 5 am0 1,05 08 05:10

G H |

W OBE s h WA B W R

First, let’s split up the fields. Is there a pattern to how the fields

Download at Boykma.Com
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split the columns

harpen your pencil

1 &lutlun What patterns did you find in the data?

o B C o E F G H 1
ParsoniDefirsthameslastiamesZiPsPhonesCalliDATime
127e alexiaBRasmuss(ID 127)enrl14228718-534- 290389252 901/01/08 12:32
aarEAende nFRasmuss| 1D 93] en MO Sme46-212- TR 3m01, 0208 1317
S Beaumiani] 10 54) M 1001 IME46- 191 - 99 2614254m01, /0208 14:54
1274 AlgxiaiBa] 1D 127 smusseni114220718- 524, 240304255m01,03,/08 15:32
1568 JacobymCo] 1D 156] ke 100531 7-B06-61 8684 256m01,03,/08 15:52
Liage*QuintensHubbalID 139)rde 0016851 7-667- 2256425 T801,/04//08 13:19
JaErRemingtonEFam| D F5)all#1169391 7 34300841 58%01,/05,/ 08 09.09
F1enPradromian| 1D 91 n a1 D005H312-098- 6262842 59m01, /05 /08 05:10

W OBE s h WA B W R

Use the # sign as a delimiter T —— ——

IF Het e corect, chooee Neal, o chodts B dats Ty Bt el deecribes o tala,
L. . Crgareal clata tygm
Excel has a handy tool for splitting data into columns Choase the fie trpe St best deswbes o daias

when the fields are separated by a delimiter (the e s T s e
technical term for a character that makes the space

between fields). Select Column A in your data and
press the Text to Columns button under the Data
tab...

FezsonIDeTicecisssilartianed ZIFIFhonasCall ID¢Tine
LRZTE-RAlexiniEnr=ner(ID 1371 andl14778710=604=2 400#47 BT 0L ADLIDN

Mog-Drsndentis e [I0 wLO0LEEEE6=017=7E A4 R0 0T 0B 1
Tc" EXCCI Beg-DesutHurs (I0 5 A6=230L =292 6R AT SAR0L/ 00D 14: 04
SClCC‘t CO'IA"\Y\ A ahd — \/OIA havc a : Bz7#-Alsxiskis (ID 137) ru.::-:p LI4229710=504=2 400N EERDLAD2F :-l.‘ =
eliek this button. == delimiter. — o
- mite e —— -
i TR e
s tor e imby pou el S debmitery pour SALs ponlene, T2 Gt b o Sen? m afTe e n
e preview belos,
Debmatars
b
Segrosion Tral wormeate ddmitens o
::';' Teat guabler: | =]
Specify the i
delimiter. D e )
TEGAID FirecHase Larciame ?:: hane
pa? Alaxim apmzew [TD 137 e Q1433 PlO-RI&=-3403
... and now you've started the Wizard. In the first step, pr el st E:::1 e
tell Excel that your data is split up by a delimiter. In P R - e T B
the second step, tell Excel that your delimiter is the # _
character. What happens when you click Finish? ot ) [ <o | [liiz ] [ oo |

394 Chapter 13
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cleaning data

Excel split your data into
columns using the delimiter Now that e pieces of data ave

seyavatcd, You tan mani?ula{:c

And it was no big deal. Using The data is now "caﬂ\/ them individua"‘/ if Yyou want to.
Excel’s Convert Text to separated into Columns.

Column Wizard is a great

thing to do if you have oy W e q okl K s i - Ml Bl e
simple delimiters separating 2 ome e et | cxr | paee e =
4 . ¥ Lo - - b - =3 Cila o
your fields. =3 | ':I EER N b || = -;2,_,‘"'"
S A1 | B R 2 .
But the data still has a few | Casnsetom St & tam Gty s i
i al ol ) PersomaD X
problems. The first and — - - : - = = =
last names, for example, n FEMITE AN B Phoe callit e 1
. F 13T “Alexa LE e T I 1iFes 1432 7R304 2400 A3 L1008 13:03
both appear to haveJunk 3 o3 ‘Seerden  FawmussID 3Ejen 10015 645-312- TG i Y2137
.. 4 LI T Aare| B ] 10610 S48 1910 A L3000 1454
characters inside the fields. 5 137 “bexa Rl L2 s sen L1437 713-534 2403 AT L302008 1532
b : L] 148 *lasnl Cofufl 158 =k 106, i T - A1 08 4a 1000 1543
You H have to come up Wlth a 7 19 '\q.u::n thql:twn 116 BLT ST 2106 imT I.::I.'J‘;ﬂ LR
Way to get I‘ld Of them! B T ‘Remiegion  Far(iD el LEES) DEFB 33008 ara 3008 909
» 1 Fedig Py {2 HLj e LO0CES J02-400- a8 4 LM 008 50
W 152 %Elansa MR 1S2jdira 1038 GA5-E152778 4260 LM
il B “Dairen Bl ] 16930 2E3-230-0001 AbED  LISa008 1801
] 164 *Bebekan BefAD 164} 10155 MA00TEM 420 L7033
1 ¥ “ligjusine Twing{m 7 10008 B47-209-5409 421 LI 3008 1150
M 165 “Parter ParkieD 105 11385 THABBSER A7 LT0813:3
15 160 “Devviet a0 181} L334 PhE-S43 2608 AB  LIO0E 1408
i 17 “Chariey B Coy| D 17| L3I0 MT-ILT-ATIS ADGE L3000 1540
iF R A 10 SEderws LIS T3 af-a5Es ADEF  L0A/B0es 1537
1] ] AyslE D81} LB T SLT- M-S0 ATR L IU0E 15:00
] & *oman Eus{m £5)h LIESE GAESIGA0T0. A2 1920081639
30 178 “Bediger StephersondiD 175) 115 TR TR TG 430 LIS 008 %4l
i n 2 'Eeyralco  Hali Zjma L33 GBI 4271 WIVRHED6
What are \/OIA 50"\5 I3 &l sntin I'.:Inﬂ'l{"\r!nlpﬁ TH30T RATADS ARET AFE LA a0 30
+,° dO '{'p ‘CI)( -thc 1 i “Dedcrab LaliD bk e 1090 7RI AGE-A184 AT LS1LNHEE 1A
. ‘F ? 38 &3 Loy Foversesd 3 nd 13314 2i3 T4 2403 AFA 1713/3008 18:058
FirstName ield? = 13 “Lana RiveD Li%en MIGE TE-MOANE  AIT  LMSR0eE
m 177 Saliyen  Stepbers(0 177lon L0I69 GAS-TRASEM 42 IS
188 “Cpsindin G| 0 18811 15410 BEF- 083247 A3TF 101403000 111
63 “Cuertin RanaRD63ioiph L1307 MTE56807 427 1/14/200815:00
13 by el o] 105] 168 SLT-ALE-SaiE ATF L1008 Bl
b B v 0 e L g

What about the LastName field?

What's the pattern you'd use to fix the FirstName column?

you are here » 395
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kill the carat

arpen your pencil

}L, sGIUtlun Is there a pattern to the messiness in the FirstName field?

"Fi1rstName
— o

Heve's the
useful stuff.

This thavacter is
\')us{: in our way.

B B
Firstiame FirstName
s lexia Alrxin
*Brenden Brenden
~Beau Beau You need some software
*Alexia ol tool to pull out all the
“lacaby Jacoby carat characters.
“Qulnten Quinten
*Hemington Remington
~padro Predra
*Elianna Elianna
“Drarren Darren
*Rebekah Rebekah
~lagueling Jagueline
SPorter Porter
Ghanavan Donavan

This havatter is

everywheve!
Y Let’s see what

Excel has for us...

396 Chapter 13
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13!!&41& DQE

+ *’

data

+
€ WHAaT™?

]

Match each Excel text formula with its function. Which function do

you think you’ll need to use the clean up the Name column?

FIND

LEFT

RIGHT

TRIM

LEN

CONCATENATE

VALUE

SURSTITUTE

Tells you the length of a cell.

Returns a numerical value for a number
stored as text.

Grabs characters on the right side of a cell.

Replaces text you don’t want in a cell with
new text that you specify.

Tells you where to find a search string

within a cell.

Takes two values and sticks them together.

Grabs characters on the left side of a cell.

Removes excess blank spaces from a cell.

Download at Boykma.Com
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text formula

SR>
wH+a Do WH AT T
- SQALLT\QN

Match each Excel text formula with its function. Which function do
you think you’ll need to use the clean up the Name column?

FiND Tells you the length of a cell.

LEFT Returns a numerical value for a number
stored as text.

——> Grabs characters on the right side of a cell.

RIGHT

Replaces text you don’t want in a cell with

TRIM

new text that you specify.

Tells you where to find a search string
within a cell.

LEN

Takes two values and sticks them together.

CONCATENATE

Grabs characters on the left side of a cell.

> Removes excess blank spaces from a cell.

Q/ Heve's the formula we need to use to veplace

the 2 thavacters in the Name column.

398
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data

Use SUBSTITUTE o replace
the carat character

o

To fix the FirstName field, type this formula into cell H2:

=SUBSTITUTE (B2, """, ™)

oo - n T bt kv - = %
i)
o st Fgilneot  Forels  Owe  Seeew View - ax
P —— 0 ke e Geew Bisomsomnutomang | vt Z- Ay gy
) WG (5% g Femat e Taske ™ eebene = (3]
st e 2 - : A P d
g ®aou A e | = C o iy - mri v e Lol
HE 2 =
A B C (] E F & H
1 ParienlD Fethame  ListSies = srane Wb Time Fomnd 110 Marme
1 LI? b Rasmatsd LiTjen RISIE FLB 334 2803 &0z A1 anm L
1 ™ ‘Brenden  ResmorsE Alhen BOOLS Gbd-DL3-T230 AT 1120001047
1 B W10 84 BOORD Sd- 192984 AZE 122008 14:54
5 127 “Edeora Ra| 0 12 Tjawraissen L1437 T18-534.2403 55 130081532
[] 154 “lacoby Cod 1D 154 ok BOOAS 9117-R08- 5184 A256 132008 1552
7 133 “qQuinten Hubba{eD 13%5jrd EDOEG 917-637. 21545 4257 140008 13:k8
o hida chid e data ¥ L

Copy this formula and paste it all the way down to the end of the data

in Column H. What happens?

Q: Am | limited to just these formulas?
What if | want to take the characters

on the left and right of a cell and stick
them together? It doesn’t look there’s a
formula that does just that.

AZ There isn't, but if you nest the text
functions inside of each other you can
achieve much more complicated text
manipulations. For example, if you wanted
to take the first and last characters inside of
cell A1 and stick them together, you'd use
this formula:

CONCATENATE (LEFT (A1, 1),
RIGHT (A1, 1))

therejare no
Dumb Questions

Q: So | can nest a whole bunch of text
formulas inside of each other?

A: You can, and it’s a powerful way to
manipulate text. There’s a problem, though:
if your data is really messy and you have
to nest a whole bunch of formulas inside

of each other, your entire formula can be
almost impossible to read.

Q,: Who cares? As long as it works, I'm
not going to be reading it anyway.

A: Well, the more complex your formula,
the more likely you'll need to do subtle
tweaking of it. And the less readable your
formula is, the harder that tweaking will be.

Download at Boykma.Com

Put the formula heve.

Q: Then how do | get around the
problem of formulas that are big and
unreadable?

A: Instead of packing all your smaller
formulas into one big formula, you can break
apart the small formulas into different cells
and have a “final” formula that puts them all
together. That way, if something is a little off,
it'll be easier to find the formula that needs
to be tweaked.

Q: You know, | bet R has much more
powerful ways of doing text manipulation.

A: It does, but why bother learning them?
If Excel's SUBSTITUTE formula handles
your issue, you can save your self some time
by skipping R.
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fixed first names

You cleaned up all the first names

Using the SUBSTITUTE formula, you had Excel
grab the ” symbol from each first name and replace
it with nothing, which you specified by two quotation
marks (") .

Lots of different software lets you get rid of crummy
characters by replacing those characters with nothing,

Heve ave Your
torvetted
fiest names.

IIP_EJ do-0-0n. sisda Al v duts - Wit Dot
Hame  fniet Pigrlosd Femalel | Cals | Arees Vs
3 Cenagcion i - - o
3 ﬁn %I'---.n.-u- Ll E I;r- [T Tj a- =Y o '?Em
et bhomal Bate Rl 6 L e B TR
St PR it Tk Anspn
- L7} = § g | =SUBRTITUTI R, "7,
) L | & n < L4 K F L]
Herc s \/OIAY' ohgmal 1 Periceal firfiNesse  LasiName P Phone callsd  Time
. ] | 137 Sabixia Eaimus] 1D 137jen 11423 TIE-S04- 200 43 108 121
‘FW‘S{ name da'[:a ] A8 Mireedas  Baamuse]IDSRles  BO01% S48 THE TSN 103008 10:17 Brecsten
& 34 *Bawg fhvare D 54} 0013 &26-351-5925 47 12008 14:5 Eewy
5 LT Ba[iD E3Tjsmussen  E1433 T1B-534. 240% a7 1737008 15:32 Alenia
“acoby Do 1D 158} LS 317-BO8-BLES A7 1/3/3008 15:52 Jacoby
¥ 109 *Quinten  MubbaliD 1i9|ed B4 907-687- 1258 AFAT 1043008 11:1% Quintes
] # “Aemington eI Sjell 188 97 7-BA3-8508 AT L P008 S0 Bemingion
¥ M Pedre PaylI0Al]ne LOOOS 337-406- 6k azs L8/ 2008 9:10 Fedia
1] 152 *clanna WA ID 127 jdema B0 S46-BE5-2TTE L L5 008 9:40 Banna
1 B *Damen Eern{ol £]s 0L 212-FM-3I11 AP0 175 2008 15:11 Daren
|+ 158 *Aebeiah BeID 1&jard EOLSY 312 TO0-T30E 43 1/7/ 3008 11:73 Bebekah
13 7 “faqualing  Twing[E T) LD J4T-R35- 230 ATH 1/7IT008 1:50 Jequeline
L 105 *Pomer Park|eD 1055 D13ES ME-4AE-503 A 1STI0E 1N Forter
L] 183 *Docavan  iegra(Ed 183)m 1123 TIE-SA)- 2508 AMS 1A/ 3008 14: 3 Decuvan
16 1H Acharles  RAsCey(ED 13 11390 WP AFEE AR 1540 Charles
i7 56 *Yarmza An|uD 56 rews 11334 TiB-TAG-43E3 AMT /973008 13:57 vaniza
] 51 *Ryle AyalaiDEL] EDLET 317- 7455584 438 1/3 3008 15:10 Fylie
] A% *Dmaei Fourd ID 43 h 11558 &46-505-3070 433 19 008 15: 23 Omari
e 175 “iradger Steptaeion[ID 1T 11174 TIB-FI2-T25) a¥H 11072008 T4l Brdger
41 2 Maysaldo  #aID X 11321 846-BA2- 11 4N 008 8:08 Reyraldo
:_'? 83 *Quentss  Ra(ED SXjndalan L1307 B4T-EI5-GRAT AN W08 12:10 Quantss
13 136 *Deces a0 I3Ejmb 037 TIB-S08-LLEE 4¥F  LLAP00E 1048 Deboaal
4 AT *Sanbey Towrae i 42]nd E0314 21F-T7%-341F 4¥H W12/ 3008 15:05 Staedey
= 135 *ena Eve{WD 1353 E1368 212-3480-550F 47 1/14/1008 3:00 Lena
o 177 “haliysh Stepfar|iD ITTea BDEGY G- 30 LETE AT 11000 3:00 Aaliyah
a7 188 *Quintes At () LRSI 11410 907 BE3-24T1 AXTT WAP008 1148 Quintss
an & ‘Quentsn  Rand(E0 &1jciel L1207 MT-E25-6847 AFH 1142008 15:10 Quanis
» Sl safmase 1] 11964 9 P-B1 8- XA LS00 bl Sk
3 30 *fanish 81D S3dd 11330 347-345-53 09 4X)  LM15/3008 13:10 Janiah
31 131 *Deemecered  Eraoewr| (B0 131 s EDLXZ 317-TE5-T2TE 4731 W15/ 3008 14:04. Depmoed
a2 127 sidureionn MW WPk i Boanspa o B
\/OMY' las{: names are o B s

still serewy, though.

To make the original first name data go away

forever copy the H column and then Paste

Special > Values to turn these values into actual/
text rather than formula outputs. After that you

can delete the FirstName column so that you

never have to see those pesky * symbols again.

ou saved a eopy of the original
zilc 50 You €an vefer back to
it i‘(: You made a mistake.

400 Chapter 13
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data

Hmpf. That first name pattern was easy
because it was just a single character

at the beginning that had to be removed.
But the last name is going to be harder,
because it's a fougher pattern.

Let’s try using SUBSTITUTE again, this time to fix the last names.

c
LastHame
Rasmuss{iD 127)en
Rasmuss{ID 98)en
Warc{iD 94)

RaI0 127)smussen
CoflD 156)ok
Hubba(ID 139)rd
Farr{ID 75)cll
Pay(ID91)ne
Me(ID 152)dina
Burn{iD 8)s
Be(iD 164)ard
Ewing(iD 7]
Park{ID 105]s
Ingral 1D 163)m

First, look for the pattern in this messiness. What would you tell
SUBSTITUTE to replace? Here's the syntax again:

=SUBSTITUTE (your reference cell,
the text you want to replace,
what you want to replace it with)

Can you write a formula that works?

401
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tough

N .-;;iSI\ﬁrpen your pencil

i - . . . 7

% &Iutmn Could you fix the LastName field using SUBSTITUTE?
c SUBSTITUTE won't work here! Every cell has different

Lasthama messy text. In order to make SUBSTITUTE work, you'd

Rasmuss{ID 127)en have to write a separate formula for each last name.

Rasmuss{ID 98)en

‘Warce{iD 94) _ w ” wrr

Re{1D 127} smussen =SUBSTITUTE (C2, “(ID 127)”, )

CollD 155] ok =SUBSTITUTE (C3, “(ID 98)”, ™)

Hubba|ID 139)rd

Farr{iD 75)ell =SUBSTITUTE (C4, “(ID 94)7, “)

Pay(ID 91}ne

Me(ID 152)dina

Burn(ID 8)s And typing a bajillion formulas like this defeats the purpose

Be(in 164)ard of using formulas to begin with. Formulas are supposed to

Ewing(iD /] save you the trouble of typing and retyping!

Park{ID 105]s

Ingraf | 163)m

The last name pattern is too
OOWlpleX fOl’ SUBSTlTUTE / Thcs;.é';ccx{ s{':(:rings

The SUBSTITUTE function looks for a pattern Rasmuss (ID 98)en
in the form of a single text string to replace. The

problem with the last names are that each has Co (ID 156)0k
a different text string to replace.

You tan't \')uch type in the value
you want veplaced, because that
value changes From eell 1o cell.

And that’s not all: the pattern of messiness in the
LastName field is more complex in that the messy
strings show up in different positions within

cach cell and they have different lengths. The length o £ this Lext

The messiness heve starts on the —— ) is seven thavacters.

eighth chavacter of the cell.. Rasmuss (ID 98)en
...and heve it stavts on Co (ID 156)0k This one is C'Igh{'.
the third ¢haracter! chavatters long.
402
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Handle complex patterns
with nested text formulas
The FIND formula veturns

Once you get familiar with Excel text formulas, you a number that vepresents

. . <L W/
can nest them inside of each other to do complex the position of the “(*.
operations on your messy data. Here’s an example:

LEFT grabs the v
FIND (" (",c3>T\ Ic«ctmosic\{cxt Rasmuss (ID 98)en

cleaning data

\4
r LEFT (C3,FIND (" (",C3) —1)> \Rasmuss (ID 98)en

RIGHT grabs the
vightmost text.

»
\RIGHT(C&LEN(CB)—FINB<"> ",C3)) —_ Rasmuss (ID 98)en
CONCATENATE (LEFT (C3,FIND (" (",C3) :LQ Rasmussen
RIGHT (C3,LEN(C3)-FIND(")",C3)))

The formula works, but there’s a problem: it’s starting to CONCATENATE X
get really hard to read. That’s not a problem if you write puts it all together.
formulas perfectly the first time, but you’d be better off

with a tool that has power and simplicity, unlike this nested

CONCATENATE formula.

Wouldn't it be dreamy if there were an
easier way to fix complex messes than with
long, unreadable formulas like that one. But

I know it's just a fantasy...

you are here » 403
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regex

R can use regular expressions 1o
crunch complex data patterns

Regular expressions arc a programming tool
that allows you to specify complex patterns to
match and replace strings of text, and R has a
powerful facility for using them.

Here’s a simple regular expression pattern that
looks for the letter “a”. When you give this pattern
to R, it'll say whether there’s a match.

Pattern
A\Y a+l!

Compare
e text and

dandelion pattern.

Pattern
A\Y a + ”

/

Compare
text and
pattern.

i

/

Compare
text and
pattern.

Text
aardvark

i

Regular expressions are the ultimate
tool for cleaning up messy data.
Lots of platforms and languages
implement regular expressions, even
though Excel doesn’t.

404

c Geek Bits

To learn more about the full regex
specification and syntax, type ?regex inR.

Heve's R’s
veaular
expression
rczcrcme in

the help Liles.

dandelion

Maich!

aardvark

Maich!
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cleaning data

From: Head First Head Hunters

To: Analyst
Subject: Need those names NOW

Well get on with it! Those prospects are
hot and are only getting colder. | want
our sales force to start calling people
like yesterday!

Better get moving! Here goes: f\ D@ ﬂﬁS’

o Load your data into R and take a look at what you’ve got with the *
head command. You can either save your Excel file as a CSV and load
the CSV file into R, or you can use the web link below to get the most
recent data.

This tommand veads

[
the OOV ik 3 R Ao A Consle =
{abl " d H.le Edt  View Mnc Packsges Windows Help =

e talled hfhh. = N
= s N Y = I
\M &
P > BIRE <= read.osv("kotpr/Swew. beadfizaclabe, comdhfds chl3 daca for B, osvY hesder=TEUE
FersonID Firsciame Lascame 2Ip Fhone CallID Time
1 127 Rlexisa Rasmuas (ID I127)jen 11422 T18-534=-3403 4253 17172008 13:33
2 4] Brenden Rasmuss(ID 38)en 10015 §46-812-7208 42153 1/2/72008 13:17
3 L ] Dead Ware (LD 94) 10013 E4E6-331-39926 4254 1722008 14:5%4
| 127 Alexia Ra{ID 127)smussen 1ll4z2 718-334-2403 4255 1737200 15:3:2
5 186 Jmsaby Ca(lD 15&)jak 10045 H17-20B-618E& 425& 1/ 18:53
R 139 Quinten Rubba (ID 139)xd 10016 B17=-687=325E 4357 1 q:18 "

e Run this regular expressions command

NewLastName <- sub (“\\ (.*\\)”,””,hfhh$LastName)

e Then take a look at your work by running the head command to see
the first few rows of your table.

head (NewLastName)

What happens?

you are here » 405
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substitute with regex

The sub comwmand fixed your last names

The sub command used the pattern you
specified and replaced all instances of it with
blank text, effectively deleting every parenthetical
text string in the LastName column.

(R w8 Comaole =le e
R File Ede Wiew Mise Packagen Windewi  Help =lmin
BB L BE]E]

> B ah el F R " e hEhhELasTHaDe

1 |{Hewiantlams

Anpmanssn®™ "REasmuspsn® "EHars® *Aapmrusmen® "Cock® "*Nubbazrd®

Let’s take a closer look

at that syntax: Here's a new veekor &W Heve's your rcgular This is blank fcx{:, which

| mes. expression pattern. veplaces text that matehes
Your Llcan ast names x / the ?a‘H‘,C\’n with no{:hing.

NewLastName <— sub (™\\ (.*\\)”,””,hfhhSLastName)

If you can find a pattern in the messiness of your data,
you can write a regular expression that will neatly exploit
it to get you the structure you want.

No need to write some insanely long spreadsheet formula!

Your Regular Expressisn Up Clsse

Your regular expression has three parts: the left parenthesis,
the right parenthesis, and everything in between.

The left paventhesis Everything in between. /\Q%f paventhesis.
(the backslashes ave % /\-fﬂ

“escape” thavatters

that tell R that * \

the paventhesis

is not itself an ®

R expression). j
The dot means

“any thavacter.” The astevisk means “any num})xv‘
of the preteding character.

406 Chapter 13
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Q: Some of those regular expression
commands look really hard to read. How
hard is it to master regular expressions?

A: They can be hard to read because
they’re really concise. That economy of
syntax can be a real benefit when you have
crazy-complex patterns to decode. Regular
expressions are easy to get the hang of but
(like anything complex) hard to master. Just
take your time when you read them, and
you'll get the hang of them.

Q} What if data doesn’t even come in a
spreadsheet? | might have to extract data
from a PDF, a web page, or even XML.

Now you can ship the
data fo your client

Better write your new
work to a GSV file for
your client.

therejare no
Duml) Questions

A: Those are the sorts of situations where
regular expressions really shine. As long

as you can get your information into some
sort of text file, you can parse it with regular
expressions. Web pages in particular are a
really common source of information for data
analysis, and it's a snap to program HTML
tag patterns into your regex statements.

Q: What other specific platforms use
regular expressions?

A: Java, Perl, Python, JavaScript... all
sorts of different programming languages
use them.

R HGw - % Console]
R File Edit Yiew Mssc Packages Windows Help - =

-

Remove old T.astName vettor

B EEER R E

from the hfhh data frame.

e -]

data

Q- If regular expressions are so
common in programming languages, why
can’t Excel do regular expressions?

A: On the Windows platform, you can

use Microsoft’s Visual Basic for Applications
(VBA) programming language inside of Excel
to run regular expressions. But most people
would sooner just use a more powerful
program like R than take the trouble to learn
to program Excel. Oh, and since VBA was
dropped from the recent release of Excel for
Mac, you can't use regex in Excel for Mac,
regardless of how badly you might want to.

%

Do ﬂYIS'

/Add the new LastName
vettor to hfhh.

This file will be found in Your
R working dn\rcc‘oor\/, which

R will 4ell You about with

Wite the rcsuH'i/

{:o a CS\/ ||c

Regardless of whether your client
1s using Excel, OpenOffice, or any
statistical software package, he’ll
be able to read CSV files.

hthh.csv

Download at Boykma.Com
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duplicate data

Maybe you’re not
quite done yet...

The client has a bit of a
problem with your work.

He’s got a point. Take “Alexia
Rasmussen,” for example. Alexia
definitely shows up more than once. It
could be that there are two separate
people named Alexia Rasmussen, of
course. But then again, both records
here have PersonID equal to 127,
which would suggest that they are the
same person.

Maybe Alexia is the only duplicate
name and the client is just reacting

to that one mistake. To find out, you’ll
need to figure out how you can see
duplicates more easily than just looking
at this huge list as it is.

408 Chapter 13

I can't use this! Look at
all the duplicate entries!

l|

R e 0ot ST PN -]
R B ldr Ve b Sakege Widess e F

] ] ] ) [ 1]

Heve's a
du?lica{‘,c

na"\d
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data

Sort your data to show
duplicate values together

If you have a lot of data, it can be hard to

see whether values repeat. It’s a lot easier Lots of
to see that repetition if the lists are sorted. vepetitions heve.
Unsorted Sorted

[€'s hard to see this list’s
vepetitions, especially
i‘(: it's a lon5 list.

\;

The duplicates are
veally easy to see.

Let’s get a better look at the duplicates in your list by sorting the data.

Exercise

In R, you sort a data frame by using the order function
inside of the subset brackets. Run this command:

A new, sorted
topy o‘c Yyour list.

hfhhSorted <- hfhh[order (hfhh$PersonID), ]

Because the Person1D field probably represents a unique number for
each person, that makes it a good field to use it to sort. After all, it's possible
that there’s more than one person in the data named “John Smith.”

Next, run the head command to see what you've created:

head (hfhhSorted, n=50) Wllat Joes R (:[0?

409
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sorting reveals duplicates

ise
LutiON

("R s 1 ool

R e e s Mo Felgo Wedee  Hep
|

Sazzad

Lg 23 Eiae

TN Fioes CallID Tiss  LascHese
= 15508 AAE-3TE-1add 434 4

e
s
EaEnE
T
B3
H-ITe-448% 3333 /TRAHOOR
fad=-dAi=3431 4271 LFL1/3008

EnpiFLanses

fioaa
L] PR T ]

MR

3% 1
B4 3009

—0E4-35T4

£84=4574
-E4-B3T4
wEd4=34T4
~FE4-A5TH

-3
433
23
i3
423

Fagerlize 1080€ 2
Swgeslise 19506

4811 13400/ 2008
L33 4S990 1

B R A A P PR PR P PP
§

Did sorting your data frame in R by PersonID reveal any duplicates?

Yep, theve are lots and
lots of duylica{:c names.
Lots. What a mess!

When you get messy data, you should sort
liberally. Especially if you have a lot of records.
That’s because it’s often hard to see all the data at
once, and sorting the data by different fields lets you
visualize groupings in a way that will help you find
duplicates or other weirdness.

410
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cleaning data

There's something fishy here. Why
would our competitor store duplicate
data? Is this some sort of joke?

44

arpen your pencil

Take a close look at the data. Can you say
why the names might be duplicated?

Write Your answer hc\rc)

R i « IR Corste] =l
R e de vew Mox Pxchager Windows bdp [l

B EEIDCRICIE)

Phidd CRllld b ™ b T |

& _VTE-S4EE 4314 ==
LEL Ate=Ai8d  4E8E Foy
542 -S4 6 L ik H LE
4T TE=a1ti LLEL

1 e g e e |t
aaL Mgt 081 1 ¥ istense

1

you are here » 411
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rdbms returns

_ -.f.;v&&arpm your pencil

"N &]Iutlun Why do you think the same names show up repeatedly?

R #5 « 7 Cormse
R e de vew Mox Pxchager Windows bdp
250 D EICIE

Fapesnld . IIP Fheas Sailid
~3TE-4HEE 4314 14T
ITE=q14d 1488 /2
-1 Ti-S4Ed L ik H
TE=a1ti LLEL

i
Mgt

&1
LR
47
41

The data is probably from =
a relational database The original database S

for this data miah{: 297
If elements of your messy list repeat, have looked like this. Etc...
then the data probably come from a &
relational database. In this case, your

data 1s the output of a query that
consolidated two tables. m PhoneCall

Because you understand RDBMS PersoniD = | PhoneCalllD
architecture, you know that repetition FirstName id PersonID
like what we see here stems from LastName CallDate
how queries return data rather Etc... Etc. ..

than from poor data quality. So
you can now remove duplicate names

without worrying that something’s ‘ ‘

fundamentally wrong with your data. [)  PersoniD

Who knows what
o{:hcv s{:u‘(:‘c was
in the database?

412 Chapter 13
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data

Rewove duplicate names

Now that you know w#y there are duplicate names,
you can start removing them. Both R and Excel
have quick and straightforward functions for
removing duplicates.

Removing duplicates
Removing duplicates {ch R, .Jchclunique in Excel is a snap:
in R is simple: unttion is what

h . e t You need. Make sure your cursor is placed in
€ unique lunction returns a your data and click this button:
vector or data frame like the one you
specify, except that the duplicates are .
removed. g"
. pod | ——=
unique (mydata) / Eemave

To vemove duplicates in Duphicates

resulting value to a new name so Excel, use this button | Excel will ask you to specify which

that you can use the data unique columns contain the duplicate values,
and data from other columns that

isn’t duplicated will be deleted.

That’s it! Be sure you assign the

returns.

So now that you have the tool you need to get rid *

of those pesky duplicate names, let’s clean up your
list and give 1t back to the client. FiX SUTP d&ta snee
9 Q)
anc? for a]l in R...

hfhhNamesOnly <- hfhhSorted 5'5

o Create a new data frame to represent your unique records:

e Remove the CallID and Time fields, which the client doesn’t need
and which are the cause of your duplicate names:

hfhhNamesOnly$CallID <- NULL
hfhhNamesOnly$Time <- NULL Heve's unique in aetion/
on/

e Use the unique function to remove duplicate names:

hfhhNamesOnly <- unique (hfhhNamesOnly)

e Take a look at your results and write them to a new GSV:

head (hfhhNamesOnly, n=50)
write.csv (hfhhNamesOnly, file=“hfhhNamesOnly.csv”)

413
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keep it tight

You created nice, clean, unique records

This data looks totally solid.

No columns mashed together, no funny
characters, no duplicates. All from
following the basic steps of cleaning a
messy data set:

Save acopyof |,
your original data.

Previsualize your
final data set.

Identify repetitive
patterns in the data.

Clean and @
restructure.
structure

Use your finished
data.

414 Chapter 13
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data

Head First Head Hunters is
recruiting like gangbusters!

Your list has proven to be incredibly
powerful. With a clean data set of live
prospects, HFHH is picking up more
clients than ever, and they’d never have
been able to do it without your data
cleaning skills. Nice work!

This is great! We've got
more new clients than ever!

L
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go forth and analyze

Leaving fown...

lt’s been great having you here in Dataville!

We’re sad to see you leave, but there’s nothing like taking what you've learned
and putting it to use. You're just beginning your data analysis journey, and we’ve put you in
the driver’s seat. We're dying to hear how things go, so drop us a line at the Head First Labs

website, www.headfirstlabs.com, and let us know how data analysis is paying off for YOU!

416 Chapter 13

Download at Boykma.Com



appendix 1: leftovers

*

*The Top Ten Things *
(we didn’t cover)

You're not finished yet, are
you? But there is so much left!

You’ve come a long way.
But data analysis is a vast and constantly evolving field, and there’s so much left the learn.
In this appendix, we’ll go over ten items that there wasn’t enough room to cover in this

book but should be high on your list of topics to learn about next.

this is a new chapter 417
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more stats

#]: Everything else in statistics

Statistics is a field that has a huge array of

tools and technologies for data analysis. It’s so
important for data analysis, in fact, that many books
about “data analysis” are really statistics books.

Here is an incomplete list of the tools of statistics
not covered in Head First Data Analysis.

Surveys

Confidence intervals
Standard error Sampling

Sample averages

Statisties not tovered in
Head Fivst Data Ana|\/sis

- TT—_

,I The multiplication rule T~

\ )
| s i

‘ ndependence Probability |

'\ The binomial formula )

~ —

Much of what you have learned in this book, however,
has raised your awareness of deep issues involving
assumptions and model-building, preparing you

not only to use the tools of statistics but also to
understand their limitations.

The better you know statistics, the more likely you
are to do great analytical work.

418

(
{ Lots and lots of other stuff...

\

[t's a great idea 4o learn about all of
these topies if you've a data analyst.

Tests of significance

Chance
variability

The null and the alternative
t-Test

Chi Squared Test

z-Test

The law of averages
Probability histograms
The normal approximation

Box models

N
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leftovers

#7: Excel skills

This book has assumed that you have basic spreadsheet
skills, but skilled data analysts tend to be spreadsheet
ninjas.

Compared to programs like R and subjects like
regression, it’s not terribly hard to master Excel. And
you should!

A
Analyst
Statementl B7% BB% B9% 91% 91% 92% 87% 92% BB%: 92% BB% BO% 92% BB% B9% 00%
Statement2 6% d40% d47% BE%% 3I7% 60% 47% 46% 50% 23% 34% T7A% T0% BO% 54% E67%
Statement3 37% 11% 67% /% B% 30% 66% 41% B3% 9% 0% 46% 45% 35% 15% 63%
Statementd 39% 56% 33% 38% 19% 19% 27% 33% 14% 30% 58% 28% 33% 35% 16% 19%
Statements 5% 28% 0% 24% 0% 18% 5% 3% 12% 9% 2% 5% 1% 13% 5% 3%
Statements

The best data analysts ¢an do o
syrcadshcets in their sleep.

419
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curator of

#3: Edward Tufte and his
principles of visualization

Good data analysts spend a lot of time reading and
rereading the work of data great analysts, and Edward
Tufte is unique not only in the quality of his own work but
in the quality of the work of other analysts that he collects
and displays in his books. Here are his fundamental
principles of analytical design:

“Show comparisons, contrasts, differences.”
“Show causality, mechanism, explanations, systematic structure.”

“Show multivariate data; that is, show more than 1 or 2
variables.”

“Completely integrate words, numbers, images, diagrams.”
“Thoroughly describe the evidence.”

“Analytical presentations ultimately stand or fall depending on
the quality, relevance, and integrity of their content.”

—Edward Tufte

These words of wisdom, along with much else, are from pages
127,128, 130, 131, 133, and 136 of his book Beautiful Evidence.
His books are a gallery of the very best in the visualization of

data.

What’s more, his book Data Analyss for Public Policy
is about as good a book on regression as you’ll
ever find, and you can download it for free at this
website: Atlp:/ /www.edwardtufle.com/ tufle/ dapp/ .

420
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leftovers

#4: PivotTables

Pivot tables are one of the more

powerful data analysis tools built into B = o

spreadsheets and statistical software. articleID issuelD autharlD webHits
They’re fantastic for exploratory data ; : : ig ;?
analysis and for summarizing data 3 1 4 1174
extracted from relational databases. 4 1 4 1613
5 1 3 1099
] 1 8 1903
7 1 7 1718
8 2 i 542
9 i 5 1616
/\ 11 | 10 2 4 1233
. 12 11 2 <] 1937
From this raw da’ca,. ou tan 13 12 2 g 3068
tveate a bunch of dikferent 14 13 3 5 1652
ok bl s 5 = 1 =
17| 16 3 6 1930
18 ir 3 1 1035

19 | 18 3 3 820 |-
"

Sum of webHits |

4 lauthorlD Total |

5 | 1| 138571
g | ; :;g:ﬁg Sum of webHits |
| 4 Total |
8 4| 187011 5 UeselD 1 talﬂ-ﬂd-?i
9 | 5 173676 6 | 2 8496
10 6 268413 7| 3 10620
11 | 7 275912 8 4/ 13237
12 8 242031 Heve are two veally i 5. 9289
13 | 9. 383824 simple pivot tables. 10 | B 10067
14 Grand Total 1918259 11 7 6953
15 \_/) 12| 8 13774
16 13 9l 11293
17 | 14 10 9927
18 15 | 11 12719
19 16 12, 10510
20 | 17 | 13] 10748|
21 ! 18 14) 9142
s e e v [ Asest TRETEY W EI0 | 3 19 15 10?255
ﬁu, e 20 | 16 14’599!

21 17| 17348 |
22 18] 10159 |
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the max

#9: The R comwmunity

R isn’t just a great software program, it’s
great software platform. Much of its power
comes from a global community of user and Your installation of R can have

contributors who contribute free packages with any tombination of ?ackagcs
that suits your needs.

functions you can use for your analytic domain.

You got a taste of this community when you ran
the xyplot function from the lattice, a
legendary package for data visualization.

Economists

\

Contributed
Package

Contributed
Package

Contributed

Contributed Package

Package

Contributed
Package

Your installation of R

You

Statisticians
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leftovers

#0: Nonlinear and wmultiple regression

Even if your data do not exhibit a linear
pattern, under some circumstances, you
can make predictions using regression. One
approach would be to apply a numerical
transformation on the data that
effectively makes it linear, and another way
would be to draw a polynomial rather
than linear regression line through the dots.

1 Theve's a linear torvelation
heve in the data points.

Also, you don’t have to limit yourself to
predicting a dependent variable from a
single independent variable. Sometimes
there are multiple factors that affect So the regression line is straight.
the variable, so in order to make a good
prediction, you can use the technique of >
multiple regression.

These data points aren't linear,
but there’s a clear pattern.

1

The vegression line is non—lineav.

\

y =a + bx

You use data this ct\ua‘{:iov\ to
predict a dependent vaviable from
a single independent variable.

But You tan also write an equation that prediets a
dependent verbal from multiple independent variables.

y=a+bx, +cx, +dx; + ...
This equation is for multiple vegression.

you are here » 423
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randomness

#7: Null-alternative hypothesis testing

While the hypothesis testing technique
you learned in Chapter 5 is very general
and can accommodate a variety of
analytical problems, null-alternative
testing is the statistical technique many
(especially in academia and science) have
in mind when they hear the expression
“hypothesis testing.”

This tool is used more often than it’s
understood, and Head First Statistics is a

great place to start if you’d like to learn it.

#8: Randommness

Randomness is a big issue for data
analysis.

That’s because randomness is hard
to see. When people are trying to
explain events, they do a great job at
fitting models to evidence. But they do
a terrible job at deciding against using
explanatory models at all.

If your client asks you why a specific
event happened, the honest answer
based on the best analysis will often be,
“the event can be explained by random
variations in outcomes.”

424

Given my data, what is
the viability of the
null hypothesis?

Wanna go to the park?

I never know what this guy
has in store for me. He breaks
every model I try to fit to his

behavior. I wish I spoke English...



leftovers

#9: Google Docs

We've talked about Excel, OpenOffice, and R, but Google
Docs definitely deserves an honorable mention. Not

only does Google Docs offer a fully functioning online
spreadsheet, it has a Gadget feature that offers a large

B ‘{ou tan make a lot of diﬂ'\crcn{ visualizations
using the Qadget feature in Google Dots.

Add a Gadget =
E -
o i »  Scatter Chart
Al - i b By Googlo
A s Intrractive scatter char. Firt column for X,
Charts rom o8 ®wo® W foliowing columns for Y coordinates.
Tables [ Add to spreadshest |
[£'s fun to explore Maps
. —e— Interactive Time Series Chart
the diffevent chavts Web By Google
that you ean do Clagrams == | Anintoraotive tima series line chart like the
Wi‘{:"\ 600 |c DOCS ‘ < ¢ | pne used in Google Finance, The first
5 . Fits cnlumn containg dates and the snoond
column coniains values.
Custom... I:Md 1o spreadsheet __'I
Have a better idea?
\Write your own gadget 1o " Ay
display data in cool new foam'n,o@ e | By Google
ways., VWant 1o sed your ! Adynamic flash based chart to explore
gadget on this list? severdl indicalors over Bme. Reguired
Submit it to us using the columns: bubble nama, time and 2
il . columns of numeric vakees. Optional
columns: Mumeric values or calegorias.
Bary oF S gudoats o Fan dewsiory wars
Gaewr oo, ot vy G Pivass o (Cad ro sprsadshaar .
oo Bperne of Senvicg e~ Erpency Poboy ¥
bafury usng Fese gedgets

What’s more, Goolge Docs has a variety of functions that
offer access to real-time online data sources. It is free
software that’s definitely worth checking out.

you are here » 425
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you

#10: Your expertise

You've learned many tools in this book, but
what’s more exciting than any of them is
that you will combine your expertise in
your domain of knowledge with those
tools to understand and improve the world.

Good luck.

You!

Download at Boykma.Com

Your expertise and new analytical tools
ave a forte 4o be veckoned with!



appendix ii: install r

*
* Start R up! *

Yes, I'd like to order up a word-
class statistical software package
that will unleash my analytic

potential and, uh, no hassles with
that, please.

Behind all that data-crunching power is enormous complexity.
But fortunately, getting R installed and started is something you can accomplish in just a

few minutes, and this appendix is about to show you how to pull off your R install without

a hitch.
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get excited about your new software

Get started with R

Installing the powerful, free, open source | b o S Cryurey - e ke - (I
statistical software R can be done in AT & et iy BH10 F £s
these four quick and easy steps. Bl el ) i S i
@ The R Project for Statistical
Computin
o Head on over to www.r-project.org : S
to download R. You should have no bt . » . _—
problem finding a mirror near you i&- e g : &
that serves R for Windows, Mac, and W 2w a0, . " .
Linux. pramia) % '-='
R Frod L o L]
:'E‘;.’:j‘?’“" : i.lj-"._—n_'l e o
::;f_‘:‘ Etamny dgma o i Facr

Lenfmeren |- r:._“—'if = I_,-'H . '\.
Click this download link. :“_i-....:.- s T ""-":""E F 74’ L—l j' ] [ N

Geagrern Darmn [*

Loy

FAG

';_‘;:‘"“ Getting Started:

Bevks

Catlicaicn + W iLa Beg softrans epvromment v rislke sl conpuiag sed rapisce [ compien and ram o 8 wds
Oy vanaty of UNEY plationss, W mdow sad MactF. To dewsload F. paeass choasy vaar profoned

CRAN mamr
M + B v vy querkom show ke Bow no dowslead sad imea e wfwaer o wiae e homa crem
L v, plense rrad cor i s ey asknd o s brfons vou rd am o

Febated Froge
g e T O AT S B i rremn Tpsred Mrow Om 1NN =

Once you’ve downloaded the program file for R,

double-click on it to start the R installer. Heve's the R installer window.

=2
L. Weloome Lo the R Tor Windows
This is the R 2.9.1 Setup Wizard
P\rogvam ‘(:||c P sl sl T Wirudizosn 3 1 2 poar compuier

B om e v rinss all it ordomers babee
oararLng

Choic Vim0 condrus orCaresl ;s Sup

Cliek here.
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o

o

install r

Accept all the default options for loading R by clicking Next through

these windows, and let the installer do its work..

Just aceept all the
default «:Oh-plgu\ra{:lons
-co!r R by Cllckmg chf.

Do s it 5 oo B L optere 7

Ploass apecfy pon o iy, e clkck Nt

-
e e o R

Forwwny e
T e 0 b e

Click the R icon on the desktop or Start

Menu, and you’re ready to start using R.

Heve's what R window
looks like when you start
it for the fivst time.

L Ve jpusmenzed maop)
LR

Waiting is the hardest part.

R versise I.8.0 [2008=CE-26
Copyright {C) 2000 Tea R Foundicisn for Bcaziscical Compoting
Laai I-FURIL-TT-2

‘B tm fres scftemss snd comss wich ARSOLTTELY B0 BRARRANTY.
Toa G0R wEicoEE Lo IELIGIIEULE ST 080 SitAlE GESAITIEES.
|Type "licemse|}’ o "licepse()’ Pz distribusics detalls.

Bmiainl el espielt Bul Gstiasg b sk Dnglien lscels
B im @ ccllshorative project with meay costributors
TYPR TEISTrEERATs(]” fer mart LAferRatien a88
TSLEATASEEF T £ Bew TS Sibe B 8T L SASESQRS L= PuBlisatiess,
Type “damal) fer sems Semas, "heipll' Oof sn-liss Balg. o
AL ATast{)’ ZAF A ETML BEcveer Lsteefate T Belp.
‘Tvee "mll' o @t k.

x|
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appendix {ii: install
excel analysis tools *

* The ToolPak +

T want to optimize now! I
don't want to have to install
some add-in...

Some of the best features of Excel aren’t installed by default.
That's right, in order to run the optimization from Chapter 3 and the histograms from
Chapter 9, you need to activate the Solver and the Analysis ToolPak, two extensions

that are included in Excel by default but not activated without your initiative.
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installing the toolpak

Install the data analysis tools in Excel

Installing the Analysis ToolPak and Solver
in Excel is no problem if you follow these
simple steps.

This is the Mierosoft 0ffice Button.

Click the Microsoft Office Button and select
Excel Options.

Here's Excel Options.
—

Select the Add-Ins tab and click Ge... next to
“Manage Excel Add-Ins.”

d9-c-ni:

Recanl Dedumenty

Eoakl |Compatidiy Msde]

(Y]

Laaben

o et O w OfF o] P rary 5 A S1al]

s ot Do OH ol X lsbr oy’ L DO LIRS

L R T e 3 1L

DSOS L sy AR P I

("o e
The Add—Ins tab. — g
Ly s asc munage Micraschl Defie sdd e,
oy
Wit st
se —
S
it Carctions fum Wzt
{yrismoy Lauiap Wiand [
m Matiersd Bon Sgan Fa
b At A
Vil Larder "
P -
SpoaanE

Cuilwe MR Dt

Bate Pt Ragy e

[T -
el WG] ST g L
Mppdem e Roaten

Histedn Pt wac Cakams
M Werkiberti

[ ——

R | ont

FenonRiime Kook sl wpsnn:
tohm Sk

Cliek this button.

N

T ] Sl st e

=

Bakibe.

Condtursd Sam Wasd

Wamsgr | Lol ddd-mi -
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install excel analysis tools

e Make sure that the Analysis ToolPak and the Solver
Add-in boxes are checked, and then press OK.

(Addins.
Add-ing avadabis:

:>Himreu e sie .
P | =B
] c S1m W
Make sure that these two || Furn Cummency Taaks
Intermet AsssEant WHA&
boxes are thecked. \ Bﬂm
S [ ] soiver addon

i

i

I

e Take a look at the Data tab to make sure that the
Data Analysis and Solver buttons are there for you Laakug Winsed
to use. Helpe create formulas to find data in kot

Make sure these buttons tan be

seen under the Data tab. \

zﬂ"' - 5 Boold |Cormpatisiay Mode] - M - =
==
‘dmiql‘rl Foimulay | Dats Riview Viem B = T X
3 [ [ Dista Anakysin
I 2 g Ly et matyu
n Solwe
Géf Dfernad Hefredh  Sod B Dals | Oltine 1‘ £
3 Y Dot - Al = Pt - Taas - ks
That’s it! Lerngitigni anatpite
s . |_ o LY ™
Now you’re ready to start running ” = n - ~ -
optimizations, histograms, and much E
2
more. z
7
5
]
7
(]
: — |
H1
11
13
1
11
15
15
i
18
15
20
1
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Numbers

3D scatterplots, 291

Symbols

~ not (probability), 176

<-assign (R), 413

\ escape character, 406

| given (probability), 176

| output (R), 380

* regular expressions wildcard, 406
. regular expressions wildcard, 406

? topic information (R), 404

A

accuracy analysis, 172174, 185188, 214, 248, 300, 350

Adobe Illustrator, 129
algorithm, 284
alternative causal models, 131

analysis

accuracy, 172-174, 185-188, 214, 248, 300, 350

definitions of] 4, 7, 286
exploratory data, 7, 124, 421
process steps, 4, 35

step 1: define, 5—8

step 2: disassemble, 9-12, 256-258

step 3: evaluate, 13—14
step 4: decide, 15—-17
purpose of, 4

Analysis ToolPak (Excel), 431433

*

*Index *

“anti-resume,” 25

arrays (lattices) of scatterplots, 126, 291, 379-381

association

vs. causation, 291
linear, 291-302

assumptions

based on changing reality, 109
baseline set of, 11, 14

cataloguing, 99

evaluating and calibrating, 98-100
and extrapolation, 321-324

impact of incorrect, 20-21, 34, 100, 323

inserting your own, 14

making them explicit, 14, 16, 27, 99, 321-324

predictions using, 322—-323
reasonableness of, 323-324
reassessing, 24

regarding variable independence, 103

asterisk (¥), 406
averages, types of, 297

B

=AVG() in Excel/OpenOffice, 121

backslash (\), 406

baseline expectations, 254

(see also assumptions)

baseline (null) hypothesis, 155

base rate fallacy, 178

base rates (prior probabilities), 178-189

Bayes’ rule and, 182-189, 218
defined, 178

how new information affects, 185—188
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the

Bayes’ rule
effect of base rate on, 182-189, 218
overview, 169, 182—183
revising probabilities using, 217-223
theory behind, 179-181

Beautiful Evidence (Tufte), 420

Behind the Scenes
R.M.S. error formula, 338
R regression object, 306
bell curve, 270
blind spots, 25-27
Bullet Points
client qualities, 6
questions you should always ask, 286
things you might need to predict, 286

C

candidate hypothesis, 155
cataloguing assumptions, 99

causation

alternative models, 131

vs. association, 291

causal diagrams, 46, 48

causal networks, 148, 149

flipping cause and effect, 45

and scatterplots, 291-292

searching for causal relationships, 124, 130
chance error (residuals)

defined, 330

and managing client expectations, 332—-335

and regression, 335

residual distribution, 336337

(see also Root Mean Squared [R.M.S.] error)

Chance Error Exposed Interview, 335
charting tools, comparing, 129, 211

cleaning data (see raw data)

436

clients
assumptions of, 11, 20, 26, 196-198
communication with, 207
as data, 11, 77-79, 144, 196
delivering bad news, 60-61, 97
examples of] 8, 16, 26
explaining limits of prediction, 322, 326, 332-335,
356-357
explaining your work, 33-34, 94-96, 202204, 248
helping them analyze their business, 7, 33—34, 108,
130, 240, 382
helping you define problem, 6, 38, 132, 135, 232,
362
visualizations, 115, 206, 222, 371
listening to, 132, 135, 313, 316, 388
mental models of] 20, 26
professional relationship with, 14, 40, 327
understanding/analyzing your, 6, 119, 283

cloud function, 114, 291
code examples (see Ready Bake Code)

coefficient
correlation (r), 300-303, 338
defined, 304

“cognitive art,” 129, 420
comparable, defined, 67

comparisons
break down summary data using, 10
evaluate using, 13, 73
of histograms, 287288
and hypothesis testing, 155, 158-162
and linked tables, 366
making the right, 120
method of, 42, 58
multivariate, 125—129, 291
and need for controls, 58-59
and observational data, 43, 47
of old and new, 221-222
with RDBMS, 382
valid, 64, 67-68
visualizing your, 72, 120-123, 126, 288-293
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=CONCATENATEL() in Excel/OpenOffice, 398, 399,
403

conditional probabilities, 176-177, 182

confounders
controlling for, 50, 63-65, 67
defined, 47
and observational studies, 45, 49
constraints
charting multiple, 84-87
defined, 79
and feasible region, 85, 87
as part of objective function, 80-82, 100
product mixes and, 83
quantitative, 100
in Solver utility, 92-94, 104-106

contemporaneous controls, 59
control groups, 58-59, 62-67
controls

contemporaneous, 59
historical, 59, 66
possible and impossible, 78-79

Convert Text to Column Wizard (Excel), 394-395
cor() command in R, 301-302

correlation coefficient (r), 300-303, 338
=COUNTIF() in Excel/OpenOffice, 368

CSV files, 371, 405, 407

curve, shape of, 266270

custom-made implementation, 365

D

data
constantly changing, 311
diagnostic/nondiagnostic, 159-162
distribution of, 262
dividing into smaller chunks, 9-10, 50, 256, 271-275,
346-348
duplicate, in spreadsheet, 408-413

index

heterogeneous, 155
importance of comparison of, 42
messy, 410
observations about, 13
paired, 146, 291
quality/replicability of, 303
readability of, 386, 399
scant, 142, 231-232
segmentation (splitting) of, 346-348, 352, 354
subsets, 271-276, 288
summary, 9-10, 256, 259-262
“too much,” 117-119
when to stop collecting, 34, 118-120, 286
(see also raw data; visualizations)
data analysis (see analysis)
Data Analysis for Public Policy (Tufte), 420

data analyst performance
empower yourself, 15
insert yourself, 14
not about making data pretty, 119
professional relationship with clients, 14, 40, 327
showing integrity, 131, 327
data art, 129

databases, 365
defined, 365
relational databases, 359, 364—370
software for, 365

data cleaning (see raw data)

data visualizations (see visualizations)

decide (step 4 of analysis process), 15-17

decision variables, 79-80, 92, 233

define (step 1 of analysis process), 58

defining the problem, 5-8

delimiters, 394-395

dependent variables, 124, 423

diagnosticity, 159-162

disassemble (step 2 of analysis process), 9-12, 256-258

distribution, Gaussian (normal), 270

437
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the

distribution of chance error, 336
distribution of data, 262
diversity of outcomes, 318, 328—-329
dot (.), 406
dot plots, 206

(see also scatterplots)

duplicate data, eliminating, 408-413

E

edit() command in R, 264

equations
linear, 304
multiple regression, 423
objective function, 81
regression, 306, 308-310, 318, 321-326, 356
slope, 305, 308
error
managing, through segmentation, 346-348
quantitative, 332-338
variable across graph, 344-345
(see also chance error; Root Mean Squared [R.M.S.]
error)

error bands, 339-340, 352
escape character (\), 406
ethics

and control groups, 59

showing integrity toward clients, 131, 327
evaluate (step 3 of analysis process), 1314
evidence

diagnostic, 159-162

in falsification method, 154

handling new, 164-166, 217-223

model/hypothesis fitting, 144145
Excel/OpenOffice

=AVG() formula, 121

Bayes’ rule in, 220

438

charting tools in, 129, 211, 260-262
Chart Output checkbox, 261
=CONCATENATE() formula, 398, 399, 403
Convert Text to Column Wizard, 394-395
=COUNTIF() formula, 368
Data Analysis, 260
=FIND() formula, 398, 403
histograms in, 260262
Input Range field, 261
=LEFT() formula, 398, 399, 403
=LEN() formula, 398, 403
nested searches in, 403
no regular expressions in, 407
Paste Special function, 400
pivot tables in, 421
=RAND() formula, 68
Remove Duplicates button, 413
=RIGHT() formula, 398, 399, 403
Solver utility
Changing Cells field, 93
installing/activating, 431-433
Target Cell field, 92, 93
specifying a delimiter, 394
standard deviation in, 208, 210
=STDEV() formula, 208, 210
=SUBSTITUTE() formula, 398-402
=SUMIK() formula, 369-370
text formulas, 398-402
=TRIM() formula, 398
=VALUE() formula, 398
experiments
control groups, 58-59, 62-67
example process flowchart, 71
vs. observational study, 43, 54, 58-59
overview, 37
randomness and, 66—68
for strategy, 54, 62-65
exploratory data analysis, 7, 124, 421

extrapolation, 321-322, 326, 356
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F

false negatives, 176-181

false positives, 175-181

falsification method of hypothesis testing, 152-155
fast and frugal trees, 239, 242, 244

feasible region, 85, 87

=FIND() in Excel/OpenOftice, 398, 403

Fireside Chat (Bayes’ Rule and Gut Instinct), 218
flipping the theory, 45

frequentist hypothesis testing, 155

G

Gadget (Google Docs), 425
Galton, Sir Francis, 298
gaps

in histograms, 263
knowledge, 2527

gaps in histograms, 263
Gaussian (normal) distribution, 270

Geek Bits
regex specification, 404
slope calculation, 308

getwd() command in R, 371, 407

Google Docs, 425

granularity, 9

graphics (see visualizations)

graph of averages, 297-298

groupings of data, 258-266, 269270, 274

H

head() command in R, 291-292, 372, 405
Head First Statistics, 155, 424
help() command in R, 267

heterogeneous data, 155

heuristics
and choice of variables, 240
defined, 237
fast and frugal tree, 239, 242, 244
human reasoning as, 237-238
vs. intuition, 236
overview, 225, 235-236
rules of thumb, 238, 244
stereotypes as, 244
strengths and weaknesses of, 238, 244

hist() command in R, 265266, 272

histograms
in Excel/OpenOftice, 260262
fixing gaps in, 263
fixing multiple humps in, 269-276
groupings of data and, 258-266, 269-270, 274
normal (bell curve) distribution in, 270
overlays of, 288
overview, 251
in R, 265-268
vs. scatterplots, 292

historical controls, 59, 66

human reasoning as heuristic, 237-238

hypothesis testing
diagnosticity, 159-162
does it fit evidence, 144—145
falsification method, 152—155
frequentist, 155
generating hypotheses, 150
overview, 139
satisficing, 152
weighing hypotheses, 158-159

I

Mlustrator (Adobe), 129
independent variables, 103, 124
intercepts, 304, 307, 340

internal variation, 50

Download at Boykma.Com

index

439



the

interpolation, 321
intuition vs. heuristics, 236
inventory of observational data, 43

iterative, defined, 393

J

jitter() command in R, 372

K

knowledge gaps, 2527

L

lattices (arrays) of scatterplots, 126, 291, 379-381
=LEFT() in Excel/ OpenOffice, 398, 399, 403
=LEN() in Excel/OpenOftice, 398, 403

library() command in R, 379-380

linear association, 291-302

linear equation, 304

linearity, 149, 303

linear model object (Im), 306, 338, 340

linear programming, 100

linked spreadsheets, 361, 366, 369-371, 374
linked variables, 103, 146148

Im() command in R, 306-309, 338, 340, 353-354

M

measuring effectiveness, 228-232, 242, 246
mental models, 2027, 150-151, 311
method of comparison, 42, 58

Microsoft Excel (see Excel/ OpenOffice)

440

Microsoft Visual Basic for Applications (VBA), 407

models
fit of, 131
impact of incorrect, 34, 97-98
include what you don’t know in, 25-26
making them explicit, 21, 27
making them testable, 27
mental, 20-27, 150-151, 238, 311
need to constantly adjust, 98, 109
segmented, 352
statistical, 22, 27, 238, 330
with too many variables, 233-235

multi-panel lattice visualizations, 291
multiple constraints, 84-87

multiple predictive models, 346
multiple regression, 298, 338, 423

multivariate data visualization, 123, 125126, 129, 291

N

negatively linked variables, 103, 146148
networked causes, 148, 149

nondiagnostic evidence, 160

nonlinear and multiple regression, 298, 338, 423
normal (Gaussian) distribution, 270
null-alternative testing, 424

null (baseline) hypothesis, 155

0]

objective function, 80-82, 92, 233
objectives, 81, 92, 99, 118-120, 233
“objectivity,” 14

observational studies, 43, 45, 59
OpenOftice (see Excel/OpenOffice)

operations research, 100
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optimization
and constraints, 79, 100, 103-105
vs. falsification, 155
vs. heuristics, 236—238
overview, 75
solving problems of, 80-81, 85, 90
using Solver utility for, 90-94, 106-107

order() command in R, 409
outcomes, diversity of, 318, 328—-329
out-of-the-box implementation, 365

overlays of histograms, 288

P

paired data, 146, 291
perpetual, iterative framework, 109
pipe character (|)

in Bayes’ rule, 176

in R commands, 380
pivot tables, 421
plot() command in R, 291-292, 372
polynomial regression, 423
positively linked variables, 146-148

practice downloads (www.headfirstlabs.com/books/hfda/)
bathing_friends_unlimited.xls, 90
hfda_ch04_home_pagel.csv, 121
hfda_ch07_data_transposed.xls, 209
hfda_ch07_new_probs.xls, 219
hfda_ch09_employees.csv, 255
hfda_ch10_employees.csv, 291, 338
hfda_ch12_articleHitsComments.csv, 379
hfda_ch12_articles.csv, 367
hfda_ch12_issues.csv, 367
hfda_ch12_sales.csv, 369
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356
and regression equations, 310

and scatterplots, 294—-300

prevalence, effect of, 174
previsualizing, 390-393, 414
prior probabilities (see base rates [prior probabilities])

probabilities
Bayes’ rule and, 182-189
calculating false positives, negatives, 171-176, 182
common mistakes in, 172—-176
conditional, 176-177, 182
(see also subjective probabilities)

probability histograms, 418
product mixes, 83-89, 100
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quantitative
constraints, 100
errors, 332—338
linking of pairs, 146
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relations in RDBMS, 376
theory, 233, 303

querying
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linear model object in R, 340
SQL, 379
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Randomness Exposed Interview, 68
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R rationality, 238
charting tools in, 129 raw data
cloud function, 291 disassembling, 9-10, 255-259
command prompt, 264 evaluating, 28-32
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?, 404 previsualize final data set, 390, 392-394
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using R regular expression searches, 404—408
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hist(), 265266, 272 using R to eliminate duplicates in, 408413
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library(), 379-380 376-378, 382, 412, 421

Im(), 306309, 338, 340, 353-354
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plot(), 291-292, 372

read.csv() command in R, 291
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sd(), 268, 276 recommendations (see reports to clients)
source(), 265 .
sub(), 405-406 regression
summary(), 268, 276, 339 balancing explanation and prediction in, 350
unique(), 413 and chance error, 335
write.csv(), 413 correlation coefficient (r) and, 302-303
xyplot(), 379-380 Data Analysis for Public Policy (Tufte), 420
community of users, 422 linear, 307308, 338, 423
defaults, 270 linear correlation and, 299-305
described, 263 nonlinear regression, 298, 338, 423
dotchart function in, 211 origin of name, 298
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regular expression searches, 404408

relational database management system (RDBMS),
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using graphics, 16, 31, 48, 72, 154, 310

representative samples, 40, 322

residual distribution, 336337

residuals (see chance error)

residual standard error (see Root Mean Squared [R.M.S.]
error)
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rise, defined, 305

Root Mean Squared (R.M.S.) error
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defined, 336337
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improving prediction with, 342, 354-356
in R, 339-340, 354
regression and, 338

rules of thumb, 238, 244

run, defined, 305
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sampling, 40, 322, 418
satisficing, 152

save.image() command in R, 265
scant data, 142, 231-232

scatterplots
3D, 291
creating from spreadsheets in R, 371-373
drawing lines for prediction in, 294-297
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lattices (arrays) of, 126, 291, 379-381
magnet chart, 290
overview, 123124, 291
regression equation and, 309
regression lines in, 298-300
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sigma (see Root Mean Squared [R.M.S.] error)
slope, 305-308, 340

Solver utility, 90-94, 100, 431-433
sorting, 209-210, 409-410
source() command in R, 265
splitting data, 346348, 352, 354
spread of outcomes, 276

spreadsheets
charting tools, 129
linked, 361, 366, 369-371, 374
provided by clients, 374
(see also Excel/OpenOffice)
SQL (Structured Query Language), 379
standard deviation
calculating the, 210, 268, 276
defined, 208
and R.M.S. error calculation, 338
and standard units, 302, 337
=STDEYV, 208

standard units, 302

statistical models, 22, 27

=STDEV() in Excel/OpenOffice, 208, 210
stereotypes as heuristics, 244

strip, defined, 296

Structured Query Language (SQL), 379
sub() command in R, 405406

subjective probabilities
charting, 205-206
defined, 198
describing with error ranges, 335
overcompensation in, 218
overview, 191
quantifying, 201
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subjective probabilities (continued)
revising using Bayes’ rule, 217-223
strengths and weaknesses of, 211
subsets of data, 271-276, 288

=SUBSTITUTEL() in Excel/OpenOffice, 398-402

=SUMIF() in Excel/OpenOfhice, 369-370
summary() command in R, 268, 276, 339
summary data, 9-10, 256, 259-262
surprise information, 18, 212-213

surveys, 4044, 50-52, 73, 228-234

T

tag clouds, 114, 291

Test Drive
Using Excel for histograms, 260261
Using R to get R.M.S. error, 339-340
Using Solver, 93-94

tests of significance, 418

theory (see mental models)

thinking with data, 116

tilde (~), 176

ToolPak (Excel), 431-433
transformations, 423

=TRIM() in Excel/OpenOffice, 398

troubleshooting
activating Analysis ToolPak, 431-433

Data Analysis button missing, 260, 431-433
gaps in Excel/OpenOffice histograms, 262263

histogram not in chart format, 261
read.csv() command in R, 291
Solver utility not on menu, 90, 431433

true negatives, 175-181
true positives, 176-181
Tufte, Edward, 129, 420

two variable comparisons, 291-292
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ultra-specified problems, 237
uncertainty, 2527, 342
unique() command in R, 413

Up Close
conditional probability notation, 176
confounding, 64
correlation, 302
histograms, 263
your data needs, 78
your regular expression, 406

v

=VALUE() in Excel/OpenOffice, 398

variables
decision, 79-80, 92, 233
dependent, 124, 423
independent, 103, 124
linked, 103, 146148
multiple, 84, 123-126, 129, 291, 359
two, 291-292

variation, internal, 50

vertical bar (])
in Bayes’ rule, 176
in R commands, 380
Visual Basic for Applications (VBA), 407

visualizations
Beautiful Evidence (Tufte), 420
causal diagrams, 46, 48
data art, 129
examples of poor, 83, 114-115
fast and frugal trees, 239, 242, 244
making the right comparisons, 120-123
multi-panel lattice, 291
multivariate, 123, 125126, 129, 291
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overview, 111 tag clouds, 114
in reports, 16, 72, 96 whole numbers, 182

software for, 129, 211 wildcard search, 406
(see also histograms; scatterplots) ’
write.csv() command in R, 413

Watch it! X’
always keep an eye on your model assumptions, 323 xyplot() command in R, 379-380
always make comparisons explicit, 42
does your regression make sense?, 306
way off on probabilities, 172, 184 Y
websites
to download R, 264, 428 y-axis intercept, 304, 307, 340
Edward Tufte, 420
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