ADDISsON WESLEY DAaTA & ANALYTICS SERIES

MACHINE

LEARNING

WITH PYTHON
FOR EVERYONE



http://www.facebook.com/share.php?u=http://www.informIT.com/title/9780134845623
http://twitter.com/?status=RT: download a free sample chapter http://www.informit.com/title/9780134845623
https://plusone.google.com/share?url=http://www.informit.com/title/9780134845623
http://www.linkedin.com/shareArticle?mini=true&url=http://www.informit.com/title/9780134845623
http://www.stumbleupon.com/submit?url=http://www.informit.com/title/9780134845623/Free-Sample-Chapter

Contents

Foreword xxi

Preface xxiii

About the Author xxvii

I FirstSteps 1

1 Let’s Discuss Learning 3

2

11
1.2

1.3

T4

1.5

1.6

1.7
1.8

Welcome 3

Scope, Terminology, Prediction,
and Data 4

1.2.1 Features 5

1e2.2 Target Values and
Predictions 6

Putting the Machine in Machine
Learning 7

Examples of Learning Systems 9

1.4.1 Predicting Categories: Examples of
Classifiers 9

1.4.2 Predicting Values: Examples of
Regressors 10

Evaluating Learning Systems 11
1.5.1 Correctness 11
1.5.2 Resource Consumption 12

A Process for Building Learning
Systems 13

Assumptions and Reality of Learning 15
End-of-Chapter Material 17

1.8.1 The Road Ahead 17

1.8.2 Notes 17

Some Technical Background 19

21
2.2

About Our Setup 19
The Need for Mathematical Language 19



viii

Contents

2.3

2.4

2.5

2.6

2.7
2.8

2.9

2.10
211

Our Software for Tackling Machine
Learning 20

Probability 21

24.1 Primitive Events 22

2.4.2 Independence 23

2.4.3 Conditional Probability 24
244 Distributions 25

Linear Combinations, Weighted Sums,
and Dot Products 28

25.1 Weighted Average 30
2.5.2 Sums of Squares 32
2.5.3 Sum of Squared Errors 33

A Geometric View: Points in
Space 34

2.6.1 Lines 34
2.6.2 Beyond Lines 39
Notation and the Plus-One Teick ) 43

Getting Groovy, Breaking, the
Straight-Jacket, and Nonhlinearity 45

NumPy versus ZAllthe Maths” 47
2.9.1 Backito 1D versus 2D 49
Floating-RPointlssues 52

EOC 58

2.14.2%, Summary 53

2:41:2 Notes 54

Predicting Categories: Getting Started
with Classification 55

3.1
3.2
3.3

3.4
3.5

Classification Tasks 55
A Simple Classification Dataset 56

Training and Testing: Don’t Teach
to the Test 59

Evaluation: Grading the Exam 62

Simple Classifier #1:
Nearest Neighbors, Long Distance
Relationships, and Assumptions 63

3.5.1 Defining Similarity 63
3.5.2 The kin k-NN 64
3.5.3 Answer Combination 64



3.6

3.7

3.8

Contents

3.5.4 k-NN, Parameters, and
Nonparametric Methods 65

3.5.5 Building a k-NN Classification
Model 66

Simple Classifier #2: Naive Bayes,
Probability, and Broken Promises 68

Simplistic Evaluation of Classifiers 70
3.7.1 Learning Performance 70

3.7.2 Resource Utilization in
Classification 71

3.7.3 Stand-Alone ReSource
Evaluation _ 77

EOC 81

3.8.1 Sophomaoxe Warning: Limitations
and,Open’lssues 81

3.8.2 Summary™ 82
3.8.3 Notes 82
3.8.4 Exercises 83

PredictingsNumerical Values: Getting Started
with Regression 85

4.1
4.2

4.3

4.4

A Simple Regression Dataset 85

Nearest-Neighbors Regression and Summary
Statistics 87

421 Measures of Center: Median and

Mean 88
422 Building a k-NN Regression
Model 90

Linear Regression and Errors 91

4.3.1 No Flat Earth: Why We Need
Slope 92

4.3.2 Tilting the Field 94

4.3.3 Performing Linear
Regression 97

Optimization: Picking the Best Answer 98
441 Random Guess 98

4.4.2 Random Step 99

4.4.3 Smart Step 99

4.4.4 Calculated Shortcuts 100

ix



Contents

4.5

4.6

445 Application to Linear
Regression 101

Simple Evaluation and Comparison
of Regressors 101

45.1 Root Mean Squared
Error 101

4.5.2 Learning Performance 102

45.3 Resource Utilization in
Regression 102

EOC 104

4.6.1 Limitations and Open
Issues 104

4.6.2 Summary 105
4.6.3 Notes 105
4.6.4 Exercises 105

Il Evaluation 107

5 Evaluating and Comparing Learners 109

5.1
5.2

5.3

5.4

Evaluation and Why,Less Is More 109
Terminology fer learning Phases 110
5.2.1 Back to the Machines 110

5.22 More Technically
Speaking ... 113

Major Tom, There’s Something Wrong:

Qverfitting and Underfitting 116

5.3.1 Synthetic Data and Linear
Regression 117

5.3.2 Manually Manipulating Model
Complexity 118

5.3.3 Goldilocks: Visualizing
Overfitting, Underfitting, and
“Just Right” 120

5.3.4 Simplicity 124

5.3.5 Take-Home Notes on
Overfitting 124

From Errors to Costs 125

5.4.1 Loss 125

5.4.2 Cost 126



5.5

5.6

5.7

5.8

5.9

Contents

5.4.3 Score 127

(Re)Sampling: Making More from Less 128
5.5.1 Cross-Validation 128

5.5.2 Stratification 132

5.5.3 Repeated Train-Test Splits 133
55.4 A Better Way and Shuffling 137

5.5.5 Leave-One-Out
Cross-Validation 140

Break-It-Down: Deconstructing Error into Bias
and Variance 142

5.6.1 Variance of the Data 143
5.6.2 Variance of‘the Model 144
5.6.3 Bias ofd¢hefModel 144
5.6.4 All Together Now 145

5.6.5 Examples. of Bias-Variance
Iradeoffs 145

Graphieal Evaluation and Comparison 149

5.1 Learning Curves: How Much Data
Do We Need? 150

5.7.2 Complexity Curves 152

Comparing Learners with
Cross-Validation 154

EOC 155

5.9.1 Summary 155
5.9.2 Notes 155
5.9.3 Exercises 157

Evaluating Classifiers 159

6.1
6.2

Baseline Classifiers 159

Beyond Accuracy: Metrics
for Classification 161

6.2.1 Eliminating Confusion from the
Confusion Matrix 163

6.2.2 Ways of Being Wrong 164

6.2.3 Metrics from the Confusion
Matrix 165

6.2.4 Coding the Confusion Matrix 166

6.2.5 Dealing with Multiple Classes:
Multiclass Averaging 168

Xi



Xil

Contents

6.2.6 Fi 170

6.3 ROC Curves 170
6.3.1 Patterns in the ROC 173
6.3.2 Binary ROC 174

6.3.3 AUC: Area-Under-the-(ROC)-
Curve 177

6.3.4 Multiclass Learners,
One-versus-Rest, and
ROC 179

6.4 Another Take on Multiclass:
One-versus-One 181

6.4.1 Multiclass AUC Part Two: The
Quest for a Single
Value 182

6.5 Precision-Recall Curves 185

6.5.1 A Note on Precision-Recall
Tradeoff 185

6.5.2 Constructing a
Precision-Récall Curve> 186

6.6 Cumulative Responsetand Lift
Curves 187

6.7 More Sophisticated Evaluation
of Classifiers: TakesTwo 190

6.7.1 Binary 190

6.7.2 A Novel Multiclass
Problem 195

6.8 EQOC 201
6.8.1 Summary 201
6.8.2 Notes 202
6.8.3 Exercises 203

Evaluating Regressors 205
7.1 Baseline Regressors 205

7.2 Additional Measures for
Regression 207

7.2.1 Creating Our Own Evaluation
Metric 207

7.2.2 Other Built-in Regression
Metrics 208

7.2.3 R%? 209



7.3

7.4
7.5

7.6

Contents

Residual Plots 214

7.3.1 Error Plots 215

7.3.2 Residual Plots 217

A First Look at Standardization 221

Evaluating Regressors in a More
Sophisticated Way: Take Two 225

7.5.1 Cross-Validated Results on
Multiple Metrics 226

7.5.2 Summarizing Cross-Validated
Results 230

7.5.3 Residuals 230
EOC 232

7.6.1 Summary 232
7.6.2 Notes 232
7.6.3 Exereises 234

11l More Methods and Fundamentals 235

8 More Classification Methods 237

811
8

8.3

8.4

Revisiting Classification 237

Decision Trees 239

8.2.1 Tree-Building Algorithms 242
8.2.2 Let’s Go: Decision Tree Time 245

8.2.3 Bias and Variance in Decision
Trees 249

Support Vector Classifiers 249

8.3.1 Performing SVC 253

8.3.2 Bias and Variance in SVCs 256

Logistic Regression 259

8.4.1 Betting Odds 259

8.4.2 Probabilities, Odds, and
Log-Odds 262

8.4.3 Just Do It: Logistic Regression
Edition 267

8.4.4 A Logistic Regression: A Space
Oddity 268

Xiii



Xiv

Contents

8.5 Discriminant Analysis 269
8.5.1 Covariance 270
8.5.2 The Methods 282
8.5.3 Performing DA 283

8.6 Assumptions, Biases, and
Classifiers 285

8.7 Comparison of Classifiers: Take
Three 287

8.7.1 Digits 287
8.8 EOC 290

8.8.1 Summary 290

8.8.2 Notes 290

8.8.3 Exercises 293

More Regression Methods 295

9.1 Linear Regression in the Penalty Box:

Regularization 295

9.1.1 Performing Regularized
Regression 800

9.2 Support Vector Regression 301
9.2.1 Hinge Loss 301

9.2.2 From,Linear Regression to
Regularized Regression to

Support Vector
Regression 305

9.2:8 Just Do It—SVR Style 307
9.3 Riecewise Constant Regression 308

9.3.1 Implementing a Piecewise
Constant Regressor 310

9.3.2 General Notes on

Implementing Models 311

9.4 Regression Trees 313

94.1 Performing Regression with

Trees 313

9.5 Comparison of Regressors: Take
Three 314

9.6 EOC 318
9.6.1 Summary 318
9.6.2 Notes 318
9.6.3 Exercises 319



Contents

10 Manual Feature Engineering: Manipulating
Data for Fun and Profit 321

10.1

10.2

10.3
10.4
10.5

10.6

107

10.8

Feature Engineering Terminology and
Motivation 321

10.1.1  Why Engineer Features? 322

10.1.2  When Does Engineering
Happen? 323

10.1.3 How Does Feature Engineering
Occur? 324

Feature Selection and Data Reduction:
Taking out the Trash 324

Feature Scaling 325
Discretization 329
Categorical Coding$332

10.5.1 AmetherWay to Code and the
Curious Case of the Missing
Intercept 334

Relationships and Interactions 341
10:6.1 Manual Feature Construction 341
10:6.2 Interactions 343

10.6.3  Adding Features with
Transformers 348

Target Manipulations 350

10.7.1  Manipulating the Input
Space 351

10.7.2  Manipulating the Target 353
EOC 356

10.8.4 Summary 356

10.8.2 Notes 356

10.8.3 Exercises 357

11 Tuning Hyperparameters and Pipelines 359

11.1
11.2

Models, Parameters, Hyperparameters 360
Tuning Hyperparameters 362
11.2.14 A Note on Computer Science and
Learning Terminology 362
11.2.2 An Example of Complete
Search 362
11.2.3 Using Randomness to Search for a
Needle in a Haystack 368

XV



XVi

Contents

11.3 Down the Recursive Rabbit Hole:
Nested Cross-Validation 370

11.3.1  Cross-Validation, Redux 370

11.3.2 GridSearch as a Model
11.3.3 Cross-Validation Nested

371

within Cross-Validation 372

11.3.4 Comments on Nested

Cv 375
11.4  Pipelines 377

11.4.1 A Simple Pipeline 378
11.4.2 A More Complex

Pipeline 379

11.5 Pipelines and Tuning Together 380

11.6 EOC 382
11.6.1 Summary 382
11.6.2 Notes 382
11.6.3 Exercises 383

IV Adding Complexity 385
12 Combining Learners, 387

12.1  Ensemhles %387
12.2  Voting Ensembles 389

12.34 Bagging and Random Forests 390

12.8.1 Bootstrapping 390
12.3.2  From Bootstrapping to

Bagging 394

12.3.3  Through the Random

Forest 396
12.4  Boosting 398

12.4.1  Boosting Details 399
12.5 Comparing the Tree-Ensemble

Methods 401

12.6 EOC 405
12.6.1 Summary 405
12.6.2 Notes 405
12.6.3 Exercises 406



Contents

13 Models That Engineer Features for Us 409

13.1

13.2

13.3

13.4

Feature Selection 411

13.1.1 Single-Step Filtering with
Metric-Based Feature
Selection 412

13.1.2 Model-Based Feature
Selection 423

13.1.3 Integrating Feature Selection with
a Learning Pipeline 426

Feature Construction with Kernels 428
13.2.1 A Kernel Motiyator 428
13.2.2 Manual Kerael' Methods 433

13.2.3 Kernel Méthods and Kernel
Optiohs 438

13.2.4 Kernelized SVCs: SVMs 442

13.2.5 _ Take;Home Notes on SVM and an
Example 443

Principalf€omponents Analysis:
An/Unsupervised Technique 445

13:8.1 A Warm Up: Centering 445
13.3.2 Finding a Different Best Line 448
13.3.3 AFirst PCA 449

13.3.4  Under the Hood of PCA 452

13.3.5 A Finale: Comments on General
PCA 457

13.3.6  Kernel PCA and Manifold
Methods 458

EOC 462

13.4.1 Summary 462
13.4.2 Notes 462
13.4.3 Exercises 467

14 Feature Engineering for Domains:
Domain-Specific Learning 469

14.1

14.2

Working with Text 470

14.1.1 Encoding Text 471

14.1.2 Example of Text Learning 476
Clustering 479

14.2.1  k-Means Clustering 479

Xvii



Xviii

Contents

14.3

14.4

Working with Images 481

14.3.1 Bag of Visual Words 481
14.3.2 OurImage Data 482
14.3.3 An End-to-End System 483

14.3.4 Complete Code of BoVW
Transformer 491

EOC 493

14.4.1 Summary 493
14.4.2 Notes 494
14.4.3 Exercises 495

15 Connections, Extensions, and Further
Directions 497

15.1
15.2

15.3

15.4
15.5

15.6

Optimization 497

Linear Regression from Raw

Materials 500

15.2.1 A Graphical View'of Linear
Regression 504

Building LogisticRegression from Raw

Materials 504

15.3.1 Logistic Regression with
Zere-One Coding 506

15.3.24 Logistic Regression with
Plus-One Minus-One
Coding 508

458.3 A Graphical View of Logistic
Regression 509

SVM from Raw Materials 510
Neural Networks 512
15.5.1 A NN View of Linear
Regression 512
15.5.2 A NN View of Logistic
Regression 515
15.5.3 Beyond Basic Neural
Networks 516
Probabilistic Graphical Models 516
15.6.1 Sampling 518
15.6.2 A PGM View of Linear
Regression 519






3

Predicting Categories: Getting
Started with Classification

B =%
S

from miwpy import *
%matplotlib inline

3.1 Classificati sks

Now that we’ve laid a bit of
building and evaluating learung$ystems. We’ll start with classification and we need some

data to play with. If th enit enough, we need to establish some evaluation criteria for
success. All of th re’j ead.

Let me squeezed quick notes on terminology. If there are only two target classes

, let’s turn our attention to the main attraction:

for output, we can learning task binary classification. You can think about { Yes, No},
{Red, Black}, or { Tiue, False} targets. Very often, binary problems are described
mathematically using {—1,+1} or {0, 1}. Computer scientists love to encode

{False, True} into the numbers {0, 1} as the output values. In reality, {—1,+1} or {0,1}
are both used for mathematical convenience, and it won’t make much of a difference to us.
(The two encodings often cause head-scratching if you lose focus reading two different
mathematical presentations. You might see one in a blog post and the other in an article
and you can’t reconcile them. I'll be sure to point out any differences in this book.) With
more than two target classes, we have a multiclass problem.

Some classifiers try to make a decision about the output in a direct fashion. The direct
approach gives us great flexibility in the relationships we find, but that very flexibility
means that we aren’t tied down to assumptions that might lead us to better decisions.
These assumptions are similar to limiting the suspects in a crime to people that were near
where the crime occurred. Sure, we could start with no assumptions at all and equally
consider suspects from London, Tokyo, and New York for a crime that occurred in
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Nashville. But, adding an assumption that the suspect is in Tennessee should lead to a
better pool of suspects.

Other classifiers break the decision into a two-step process: (1) build a model of how
likely the outcomes are and (2) pick the most likely outcome. Sometimes we prefer the
second approach because we care about the grades of the prediction. For example, we
might want to know how likely it is that someone is sick. That is, we want to know that
there is a 90% chance someone is sick, versus a more generic estimate “yes, we think they
are sick.” That becomes important when the real-world cost of our predictions is high.
When cost matters, we can combine the probabilities of events with the costs of those
events and come up with a decision model to choose a real-world action that balances
these, possibly competing, demands. We will consider one example of each type of
classifier: Nearest Neighbors goes directly to an output class, while Naive Bayes makes an
intermediate stop at an estimated probability.

3.2 A Simple Classification ‘Dataset

The iris dataset is included with sklearn and it has adong, pich history in machine learning
and statistics. It is sometimes called Fisher’s Iris Dataset|because Sir Ronald Fisher, a
mid-20th-century statistician, used it as the sample dafa in one of the first academic papers
that dealt with what we now call classifications Curiously, Edgar Anderson was responsible
for gathering the data, but his name is neg asfréquently associated with the data. Bummer.
History aside, what is the iris data? EdchWows describes one iris—that’s a flower, by the
way—in terms of the length andgawidth of that flower’s sepals and petals (Figure 3.1).
Those are the big flowery pargssand littleflowery parts, if you want to be highly technical.
So, we have four total meastitements per iris. Each of the measurements is a length of one
aspect of that iris. The fifialleolimn, our classification target, is the particular species—one
of three—of thatdtis? sefoSa, persicolor, or virginica.

We’ll load thetigis”data, take a quick tabular look at a few rows, and look at some graphs
of the data.

In [2]:

iris = datasets.load_iris()

iris_df = pd.DataFrame(iris.data,
columns=iris.feature_names)
iris_df['target'] = iris.target
display(pd.concat([iris_df.head(3),
iris_df.tail(3)1]))
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Figure \@s and its parts.

petal length petal width target

(cm) (cm)
1.4000 0.2000 0
1.4000 0.2000 0
1.3000 0.2000 0
5.2000 2.0000 2
5.4000 2.3000 2
5.1000 1.8000 2

In [3]:

sns.pairplot(iris_df, hue='target', size=1.5);
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sns.pairplot gives
bottom-right corne

anel of graphics. Along the diagonal from the top-left to

a1
a istograms of the frequency of the different types of iris
differentiated by (colo off-diagonal entries—everything not on that diagonal—are
scatter plots of pairs of féatures. You’ll notice that these pairs occur twice—once above
and once below the diagonal—but that each plot for a pair is flipped axis-wise on the
other side of the diagonal. For example, near the bottom-right corner, we see petal width
against farget and then we see target against petal width (across the diagonal). When we flip
the axes, we change up-down orientation to left-right orientation.

In several of the plots, the blue group (target 0) seems to stand apart from the other two

groups. Which species is this?

In [4]:

print('targets: {}'.format(iris.target_names),
iris.target_names[0], sep="\n")

targets: ['setosa' 'versicolor' 'virginica'l]
setosa

So, looks like sefosa 1s easy to separate or partition off from the others. The vs, versicolor
and viiginica, are more intertwined.
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3.3 Training and Testing: Don’t Teach
to the Test

Let’s briefly turn our attention to how we are going to use our data. Imagine you are
taking a class (Figure 3.2). Let’s go wild and pretend you are studying machine learning.
Besides wanting a good grade, when you take a class to learn a subject, you want to be able
to use that subject in the real world. Our grade is a surrogate measure for how well we will
do in the real world. Yes, I can see your grumpy faces: grades can be very bad estimates of
how well we do in the real world. Well, we're in luck! We get to try to make good grades
that really tell us how well we will do when we get out there to face reality (and, perhaps,
our student loans).

“I l | trainingj—’[learner|
traiping
studying
VT
‘ ‘ [test ]——>| learner '—’I output '—’i evaluation l
training
evaluation

Figureg”3s2 % School work: training, testing, and evaluating.

So, back to oufclasstoom setting. A common way of evaluating students is to teach
them some material*and then test them on it. You might be familiar with the phrase
“teaching to the test.” It is usually regarded as a bad thing. Why? Because, if we teach to
the test, the students will do better on the test than on other, new problems they have
never seen before. They know the specific answers for the test problems, but they’ve
missed out on the general knowledge and techniques they need to answer novel problems.
Again, remember our goal. We want to do well in the real-world use of our subject. In a
machine learning scenario, we want to do well on unseen examples. Our performance on
unseen examples is called generalization. If we test ourselves on data we have already seen,
we will have an overinflated estimate of our abilities on novel data.

Teachers prefer to assess students on novel problems. Why? Teachers care about how
the students will do on new, never-before-seen problems. If they practice on a specific
problem and figure out what’s right or wrong about their answer to it, we want that new
nugget of knowledge to be something general that they can apply to other problems. If we
want to estimate how well the student will do on novel problems, we have to evaluate
them on novel problems. Are you starting to feel bad about studying old exams yet?
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I don’t want to get into too many details of too many tasks here. Still, there is one
complication I feel compelled to introduce. Many presentations of learning start off using a
teach-to-the-test evaluation scheme called in-sample evaluation or training error. These have
their uses. However, not teaching to the test is such an important concept in learning
systems that I refuse to start you off on the wrong foot! We just can’t take an easy way out. We
are going to put on our big girl and big boy pants and do this like adults with a real,
out-of-sample or test error evaluation. We can use these as an estimate for our ability to
generalize to unseen, future examples.

Fortunately, sklearn gives us some support here. We’re going to use a tool from
sklearn to avoid teaching to the test. The train_test_split function segments our
dataset that lives in the Python variable iris. Remember, that dataset has two components
already: the features and the target. Our new segmentation is going togplit it into two
buckets of examples:

1. A portion of the data that we will use to study and build,uplour understanding and
2. A portion of the data that we will use to test ourselves.

We will only study—that is, learn from—the traininggdaga. T8 keep ourselves honest,
we will only evaluate ourselves on the festing data. (Wepremise not to peek at the testing
data. We started by breaking our dataset into two parts: features and target. Now, we're
breaking each of those into two pieces:

1. Features — training features and tesgingsf€atures
2. Targets — training targets and/(testing targets

We’ll get into more details aboutitrain_test_split later. Here’s what a basic call

looks like:
In [5]:

# simple trainSiEe®t Split
(iris_train_ftrs qisrf1s_test_ftrs,
iris_train_tgt, iris_test_tgt) = skms.train_test_split(iris.data,
iris.target,
test_size=.25)
print("Train features shape:", iris_train_ftrs.shape)
print("Test features shape:", iris_test_ftrs.shape)

Train features shape: (112, 4)
Test features shape: (38, 4)

So, our training data has 112 examples described by four features. Our testing data has
38 examples described by the same four attributes.

If you’re confused about the two splits, check out Figure 3.3. Imagine we have a box
drawn around a table of our total data. We identify a special column and put that special
column on the right-hand side. We draw a vertical line that separates that rightmost
column from the rest of the data. That vertical line is the split between our predictive
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features tgt features tgt

TRAIN

Z—>r3-

TEST

—mm—

Figure 3.3 Training and testing with features and a target in a table.

features and the target feature. Now, somewhere on the box we draw a horizontal
line—maybe three quarters of the way towards the bottom.

The area above the horizontal line represents the part of the datalthatSve use for
training. The area below the line is—you got it!—the testing ddtapAnd the vertical line?
That single, special column is our target feature. In some leagning scenarios, there might
be multiple target features, but those situations don’t funddmentally alter our discussion.
Often, we need relatively more data to learn from andg#@arescontent with evaluating
ourselves on somewhat less data, so the training part might be greater than 50 percent of
the data and testing less than 50 percent. Typically, wejsort data into training and testing
randomly: imagine shuffling the examples like a deckgof cards and taking the top part for
training and the bottom part for testing.

Table 3.1 lists the pieces and how they télate to the iris dataset. Notice that I've used
both some English phrases and some#abbreyiations for the different parts. I'll do my best to
be consistent with this terminology:\You'll find some differences, as you go from book A
to blog B and from article C tg talk,Djiin the use of these terms. That isn’t the end of the
world and there are usually«closéisimilarities. Do take a moment, however, to orient
yourself when you startf6llowing a new discussion of machine learning.

Table 3.1 Relatienship'between Python variables and iris data components.

iris Python variable Symbol Phrase

iris Dy (total) dataset
iris.data Dy train and test features
iris.target Dyg train and test targets
iris_train_ftrs Divain training features
iris_test_ftrs Dieste testing features
iris_train_tgt Diiing, training target
iris_test_tgt Diest, testing target

One slight hiccup in the table is that iris.data refers to all of the input features. But
this is the terminology that scikit-learn chose. Unfortunately, the Python variable name
data is sort of like the mathematical x: they are both generic identifiers. data, as a name,
can refer to just about any body of information. So, while scikit-learn is using a specific
sense of the word data in iris.data, 'm going to use a more specific indicator, Dy, for
the features of the whole dataset.
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3.4 Evaluation: Grading the Exam

We’ve talked a bit about how we want to design our evaluation: we don't teach to the test.
So, we train on one set of questions and then evaluate on a new set of questions. How are
we going to compute a grade or a score from the exam? For now—and we’ll dive into this
later—we are simply going to ask, “Is the answer correct?” If the answer is frue and we
predicted frue, then we get a point! If the answer is false and we predicted true, we don’t get
a point. Cue :sadface:. Every correct answer will count as one point. Every missed answer
will count as zero points. Every question will count equally for one or zero points. In the
end, we want to know the percent we got correct, so we add up the points and divide by

the number of questions. This type of evaluation is called accuracy, its formula being
#correct answers

r— . It is very much like scoring a multiple-choice exam.
questlons

So, let’s write a snippet of code that captures this idea. We’ll hawe a yery short exam
with four true-false questions. We’ll imagine a student who finds gierself in a bind and, in
a last act of desperation, answers every question with True. Fere’s the scenario:

In [6]:

answer_key = np.array([True, True, FalseWNToue])
student_answers = np.array([True, True, TrUe, Thue]) # desperate student!

We can calculate the accuracy by hand inthrée steps:

1. Mark each answer right or wrghg?
2. Add up the correct answers,
3. Calculate the percent.

In [7]:

correct = answer’Key = student_answers

num_correct = coprfect, sum() # True == 1, add them up
print("manual accuraCy:", num_correct / len(answer_key))

manual accuracy: 0.75
Behind the scenes, sklearn’s metrics.accuracy_score is doing an equivalent calculation:

In [8]:

print("sklearn accuracy:",
metrics.accuracy_score(answer_key,
student_answers))

sklearn accuracy: 0.75

So far, we’ve introduced two key components in our evaluation. First, we identified
which material we study from and which material we test from. Second, we decided on a
method to score the exam. We are now ready to introduce our first learning method, train
it, test it, and evaluate it.
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3.5 Simple Classifier #1:
Nearest Neighbors, Long Distance
Relationships, and Assumptions

One of the simpler ideas for making predictions from a labeled dataset is:

1. Find a way to describe the similarity of two different examples.
2. When you need to make a prediction on a new, unknown example, simply take the
value from the most similar known example.

This process is the nearest-neighbors algorithm in a nutshell. I have three friends Mark,
Barb, Ethan for whom I know their favorite snacks. A new friend, Afidy,is most like Mark.
Mark’s favorite snack is Cheetos. I predict that Andy’s favorite snaek 1s the same as Mark’s:
Cheetos.

There are many ways we can modify this basic templates™We, may consider more than
just the single most similar example:

1. Describe similarity between pairs of exampless
2. Pick several of the most-similar examples.
3. Combine those picks to get a single answer.

3.5.1 Defining Similarity

We have complete control overgmhatysimilar means. We could define it by calculating a
distance between pairs of exapiples: simidarity = distance(example_one, example_two).
Then, our idea of similarity becomes encoded in the way we calculate the distance. Similar
things are close—a small distance apart. Dissimilar things are far away—a large distance
apart.

Let’s look at thr€e ways of calculating the similarity of a pair of examples. The first,
Euclidean distance, harkens back to high-school geometry or trig. We treat the two
examples as points in space. Together, the two points define a line. We let that line be the
hypotenuse of a right triangle and, armed with the Pythagorean theorem, use the other
two sides of the triangle to calculate a distance (Figure 3.4). You might recall that
c? = a® 4+ b? or ¢ = Va2 + b2. Or, you might just recall it as painful. Don’t worry, we
don’t have to do the calculation. scikit-learn can be told, “Do that thing for me.” By
now, you might be concerned that my next example can only get worse. Well, frankly, it
could. The Minkowski distance would lead us down a path to Einstein and his theory of
relativity . . . but we’re going to avoid that black (rabbit) hole.

Instead, another option for calculating similarity makes sense when we have examples
that consist of simple Yes, No or Tiue, False features. With Boolean data, I can compare two
examples very nicely by counting up the number of features that are different. This simple
idea is clever enough that it has a name: the Hamming distance. You might recognize this as
a close cousin—maybe even a sibling or evil twin—of accuracy. Accuracy is the percent
correct—the percent of answers the same as the target—which is “25*. Hamming distance
is the number of differences. The practical implication is that when two sets of answers agree
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length? = height® + width?

WIDTH

Figure 3.4 Distances from components.

completely, we want the accuracy to be high: 100%. When two sets 6t features are
identical, we want the similarity distance between them to be lowssQ.,

You might have noticed that these notions of similarity have name§—Euclid(-ean),
Minkowski, Hamming Distance—that all fit the template of FamotisMathDude Distance.
Aside from the math dude part, the reason they share thesterm distance is because they obey
the mathematical rules for what constitutes a distance. (T hcyparesalso called metrics by the
mathematical wizards-that-be—as in distance metrig/ofpinfermally, a distance measure.
These mathematical terms will sometimes slip through/in conversation and
documentation. sklearn’ list of possible distance calculators is in the documentation for
neighbors.DistanceMetric: there are@boutgweénty metrics defined there.

3.5.2 The kin k-NN

Choices certainly make our Jivesteoniplicated. After going to the trouble of choosing how
to measure our local neighborhood, we have to decide how to combine the different
opinions in the neighborhéodr We can think about that as determining who gets to vote
and how we willfcombine‘those votes.

Instead of considering only the nearest neighbor, we might consider some small number
of nearby neighbors. Conceptually, expanding our neighborhood gives us more
perspectives. From a technical viewpoint, an expanded neighborhood protects us from
noise in the data (we’ll come back to this in far more detail later). Common numbers of
neighbors are 1, 3, 10, or 20. Incidentally, a common name for this technique, and the
abbreviation we’ll use in this book, is k-NN for “k-Nearest Neighbors”. If we're talking
about k-NN for classification and need to clarify that, I'll tack a C on there: k-NN-C.

3.5.3 Answer Combination

We have one last loose end to tie down. We must decide how we combine the known
values (votes) from the close, or similar, neighbors. If we have an animal classification
problem, four of our nearest neighbors might vote for cat, cat, dog, and zebra. How do we
respond for our test example? It seems like taking the most frequent response, cat, would
be a decent method.
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In a very cool twist, we can use the exact same neighbor-based technique in regression
problems where we try to predict a numerical value. The only thing we have to change is
how we combine our neighbors’ targets. If three of our nearest neighbors gave us
numerical values of 3.1, 2.2, and 7.1, how do we combine them? We could use any
statistic we wanted, but the mean (average) and the median (middle) are two common and
useful choices. We’ll come back to k-INN for regression in the next chapter.

3.5.4 k-NN, Parameters, and Nonparametric Methods

Since k-NN is the first model we're discussing, it is a bit difficult to compare it to other
methods. We’ll save some of those comparisons for later. There’s one major difference we
can dive into right now. I hope that grabbed your attention.

Recall the analogy of a learning model as a machine with knebs and levers on the side.
Unlike many other models, k-NN outputs—the predictions—icafi’tfbe computed from an
input example and the values of a small, fixed set of adjustabletknobs. We need all of the
training data to figure out our output value. Really? Imagine thathwe throw out just one of
our training examples. That example might be the nedrest igighbor of a new test example.
Surely, missing that training example will affect ogf"eutput. There are other machine
learning methods that have a similar requirement:=Stillothers need some, but not all, of the
training data when it comes to test time.

Now, you might argue that for a figed @naGuht of training data there could be a fixed
number of knobs: say, 100 examples and¥, ki6b per example, giving 100 knobs. Fair
enough. But then I add one example—and, poof, you now need 101 knobs, and that’s a
different machine. In this sense, ghe,ntmber of knobs on the k-NN machine depends on
the number of examples in thetraining data. There is a better way to describe this
dependency. Our factoryganachine had a side tray where we could feed additional
information. We can trat/the training data as this additional information. Whatever we
choose, if we ne€d eitheri(l) a growing number of knobs or (2) the side-input tray, we say
the type of machifie 1s wonparametric. k-NN is a nonparametric learning method.

Nonparametric 1€arning methods can have parameters. (Thank you for nothing, formal
definitions.) What'’s going on here? When we call a method nonparametric, it means that
with this method, the relationship between features and targets cannot be captured solely
using a fixed number of parameters. For statisticians, this concept is related to the idea of
parametric versus nonparametric statistics: nonparametric statistics assume less about a
basket of data. However, recall that we are not making any assumptions about the way our
black-box factory machine relates to reality. Parametric models (1) make an assumption
about the form of the model and then (2) pick a specific model by setting the parameters.
This corresponds to the two questions: what knobs are on the machine, and what values
are they set to? We don’t make assumptions like that with k&-NN. However, k-NN does
make and rely on assumptions. The most important assumption is that our similarity
calculation is related to the acfual example similarity that we want to capture.
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3.5.5 Building a k-NN Classification Model

k-NN is our first example of a model. Remember, a supervised model is anything that

captures the relationship between our features and our target. We need to discuss a few

concepts that swirl around the idea of a model, so let’s provide a bit of context first. Let’s

write down a small process we want to walk through:

1.

We want to use 3-NN—three nearest neighbors—as our model.

2. We want that model to capture the relationship between the iris training features and

the iris training target.

We want to use that model to predict—on previously unseen test examples—the iris
target species.

Finally, we want to evaluate the quality of those predictions, usifig accuracy, by
comparing predictions against reality. We didn’t peek at these kfiown answers, but
we can use them as an answer key for the test.

There’s a diagram of the flow of information in Figure 3.5.

Train Data
(features and target)

3-NN

Trelined . Tfs‘
3NN eatures
Test
Results Targets

Performance

Figure 3.5 Workflow of training, testing, and evaluation for 3-NN.

As an aside on sklearn’s terminology, in their documentation an estimator is fit on some
data and then used to predict on some data. If we have a training and testing split, we fit the
estimator on training data and then use the fit-estimator to predict on the test data. So, let’s

b

Create a 3-NN model,

Fit that model on the training data,

Use that model to predict on the test data, and
Evaluate those predictions using accuracy.
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In [9]:

# default n_neighbors = 5

knn neighbors.KNeighborsClassifier(n_neighbors=3)

fit = knn.fit(iris_train_ftrs, iris_train_tgt)
preds = fit.predict(iris_test_ftrs)

# evaluate our predictions against the held-back testing targets
print("3NN accuracy:",
metrics.accuracy_score(iris_test_tgt, preds))

3NN accuracy: 1.0

Wow, 100%. We're doing great! This machine learning stuff se€ms prétty easy—except
when it isn’t. We’ll come back to that shortly. We can abstract awdy the details of k-NN
classification and write a simplified workflow template forbuilding and assessing models in
sklearn:

Build the model,

Fit the model using the training data,

Predict using the fit model on the testing datajjand
Evaluate the quality of the predictions.

hal S

We can connect this workflow ba€kato%eur conception of a model as a machine. The
equivalent steps are:

Construct the maching, mgluding its knobs,

Adjust the knobs and feed the side-inputs appropriately to capture the training data,
Run new examplesgthrough the machine to see what the outputs are, and

Evaluate the guality®ef the outputs.

S

Here’s one last, uick note. The 3 in our 3-nearest-neighbors is not something that we
adjust by training. It is part of the internal machinery of our learning machine. There is no
knob on our machine for turning the 3 to a 5. If we want a 5-NN machine, we have to
build a completely different machine. The 3 is not something that is adjusted by the k-NN
training process. The 3 is a hyperparameter. Hyperparameters are not trained or manipulated
by the learning method they help define. An equivalent scenario is agreeing to the rules of
a game and then playing the game under that fixed set of rules. Unless we're playing
Calvinball or acting like Neo in The Matrix—where the flux of the rules is the point—the
rules are static for the duration of the game. You can think of hyperparameters as being
predetermined and fixed in place before we get a chance to do anything with them while
learning. Adjusting them involves conceptually, and literally, working outside the learning
box or the factory machine. We’ll discuss this topic more in Chapter 11.
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3.6 Simple Classifier #2: Naive Bayes,
Probability, and Broken Promises

Another basic classification technique that draws directly on probability for its inspiration
and operation is the Naive Bayes classifier. To give you insight into the underlying
probability ideas, let me start by describing a scenario.

There’s a casino that has two tables where you can sit down and play games of chance.
At either table, you can play a dice game and a card game. One table is fair and the other
table is rigged. Don't fall over in surprise, but we’ll call these Fair and Rigged. If you sit at
Rigged, the dice you roll have been tweaked and will only come up with six pips—the dots
on the dice—one time in ten. The rest of the values are spread equally likely among 1, 2,
3, 4, and 5 pips. If you play cards, the scenario is even worse: the de¢k amghe rigged table
has no face cards—kings, queens, or jacks—in it. I've sketched ghisgougifi Figure 3.6. For
those who want to nitpick, you can't tell these modifications havesbeén made because the
dice are visibly identical, the card deck is in an opaque cardfholder, and you make no
physical contact with either the dice or the deck.

Rigged

NogK, QY Regular Deck
Bad Dice Fair Dice

Figiire®3.6 Fair and rigged tables at a casino.

Suppose I tell yot==truthfully!—that you are sitting at Rigged. Then, when you play
cards for a while and never see a face card, you aren’t surprised. You also won’t expect to
see sixes on the die very often. Still, if you know you are at Rigged, neither of the outcomes
of the dice or card events is going to add anything to your knowledge about the other. We
know we are at Rigged, so inferring that we are Rigged doesn’t add a new fact to our
knowledge—although in the real world, confirmation of facts is nice.

Without knowing what table we are at, when we start seeing outcomes we receive
information that indicates which table we are at. That can be turned into concrete
predictions about the dice and cards. If we know which table we're at, that process is
short-circuited and we can go directly to predictions about the dice and cards. The
information about the table cuts off any gains from seeing a die or card outcome. The
story is similar at Fair. If T tell you that you just sat down at the fair table, you would expect
all the dice rolls to happen with the same probability and the face cards to come up every
so often.

Now, imagine you are blindfolded and led to a table. You only know that there are two
tables and you know what is happening at both—you know Rigged and Fair exist.
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However, you don’t know whether you are at Rigged or Fair. You sit down and the
blindfold is removed. If you are dealt a face card, you immediately know you are at the Fair
table. When we knew the table we were sitting at, knowing something about the dice
didn’t tell us anything additional about the cards or vice versa. Now that we don’t know
the table, we might get some information about the dice from the cards. If we see a face
card, which doesn’t exist at Rigged, we know we aren’t at Rigged. We must be at Fair. (That’s
double negative logic put to good use.) As a result, we know that sixes are going to show
up regularly.

Our key takeaway is that there is no communication or causation between the dice and the cards
at one of the tables. Once we sit at Rigged, picking a card doesn’t adjust the dice odds. The
way mathematicians describe this is by saying the cards and the dice are conditionally
independent given the table.

That scenario lets us discuss the main ideas of Naive Bayes (NB).“The/key component
of NB is that it treats the features as if they are conditionally indepéndent of each other
given the class, just like the dice and cards at one of the tableshKniewing the table solidifies
our ideas about what dice and cards we’ll see. Likewise, knowingja class sets our ideas
about what feature values we expect to see.

Since independence of probabilities plays out mathematically as multiplication, we get
a very simple description of probabilities in a NBimodel. The likelihood of features for a
given class can be calculated from the training data. Brom the training data, we store the
probabilities of seeing particular features wWithingeach target class. For testing, we look
up probabilities of feature values associated with a potential target class and multiply them
together along with the overall class probability. We do that for each possible class. Then,
we choose the class with the highesttoverall probability.

I constructed the casino sg€nario%o explain what is happening with NB. However,
when we use NB as our classification technique, we assume that the conditional independence
between features holds, and thew we run calculations on the data. We could be wrong. The
assumptions miglit be bréken! For example, we might not know that every time we roll a
specific value on'dlie dice, the dealers—who are very good card sharks—are manipulating
the deck we draw feef. If that were the case, there would be a connection between the
deck and dice; our assumption that there is no connection would be wrong. To quote a
famous statistician, George Box, “All models are wrong but some are useful.” Indeed.

Naive Bayes can be very useful. It turns out to be unreasonably useful in text
classification. This is almost mind-blowing. It seems obvious that the words in a sentence
depend on each other and on their order. We don’t pick words at random; we
intentionally put the right words together, in the right order, to communicate specific
ideas. How can a method which ignores the relationship between words—which are the
basis of our features in text classification—Dbe so useful? The reasoning behind NB’s
success is two-fold. First, Naive Bayes is a relatively simple learning method that is hard to
distract with irrelevant details. Second, since it is particularly simple, it benefits from
having lots of data fed into it. 'm being slightly vague here, but you’ll need to jump ahead
to the discussion of overfitting (Section 5.3) to get more out of me.

Let’s build, fit, and evaluate a simple NB model.
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In [10]:
nb = naive_bayes.GaussianNB()
fit = nb.fit(iris_train_ftrs, iris_train_tgt)

preds = fit.predict(iris_test_ftrs)

print("NB accuracy:",
metrics.accuracy_score(iris_test_tgt, preds))

NB accuracy: 1.0

Again, we are perfect. Don’t be misled, though. Our success says more about the ease of’
the dataset than our skills at machine learning.

3.7 Simplistic Evaluation of Classifiers

We have everything lined up for the fireworks! We have/data; we have methods, and we
have an evaluation scheme. As the Italians say, “Addiame!” Let’s go!

3.7.1 Learning Perfornmance

Shortly, we’ll see a simple Python prégramo compare our two learners: k-NN and NB.
Instead of using the names impozted'by our setup statement from mlwpy import * at the
start of the chapter, it has its importsywritten out. This code is what you would write in a
stand-alone script or in a notebook that doesn’t import our convenience setup. You’ll
notice that we rewrote the firaih_test_split call and we also made the test set size
significantly biggef” Why? Training on less data makes it a harder problem. You’ll also
notice that I sentians@xtra argument to train_test_split: random_state=42 hacks the
randomness of the traim~test split and gives us a repeatable result. Without it, every run of
the cell would result in different evaluations. Normally we want that, but here I want to be
able to talk about the results knowing what they are.

In [11]:

# stand-alone code

from sklearn import (datasets, metrics,
model_selection as skms,
naive_bayes, neighbors)

# we set random_state so the results are reproducible

# otherwise, we get different training and testing sets
# more details in Chapter 5

iris = datasets.load_iris()
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