Contents

Preface

1 Introduction

2 Statistical Learning
2.1  What Is Statistical Learning? . . . . . . .. ... ... ...

2L
212
2.1.3

2,14
2.1.5

The Trade-Off Between Prediction Accuracy

and Model Interpretability . . . . . . . . . . .. ..
Supervised Versus Unsupervised Learning . . . . .
Regression Versus Classification Problems . . . . .

2.2 Assessing Model Accuracy . . . ... ... .........

2:2:1
2.2.2
2.2.3

Measuring the Quality of Fit . . . .. . ... ...
The Bias-Variance Trade-Off . . . . . . . ... ...
The Classification Setting . . .. ..........

2.3 Lab: Introduction to R . . . . . . . .. ... ... .. ..

2.3.1
2:3:2
2.3.3
2.3.4
2.3.5

GEADIICE ¢ ¢+ s wmmERE ¢ 2 £ 5 5 66 98 B8 & 53
Indexing Data . . . . . . ... ... ... ... ...
LoadBigDEth o ss msmw o5 5 2 s nme g s
Additional Graphical and Numerical Summaries . .

2.4  Exercises . . . . . ... e e e

3 Linear Regression
3.1  Simple Linear Regression . . . . . .. .. ... .. .....

3.1.1
3.1.2

3.1.3

Estimating the Coefficients . . . . . ... ... ..
Assessing the Accuracy of the Coefficient

Esthifiates : : : s omwsmm s 6 558 8 68 988 5 5
Assessing the Accuracy of the Model . . . . . . ..

3.2 Multiple Linear Regression . . . .. .. .. ... ......

3:2:1
3.2.2

Estimating the Regression Coefficients . . . . . . .
Some Important Questions . . . . . ... ... ...

3.3 Other Considerations in the Regression Model . . . . . . .

vii

15
15
17
21

24
26
28
29
29
33
37
42
43
45
47
48
50
52

59
60
61

63
68
71
72
75
83



X

CONTENTS

3.3.1 Qualitative Predictors . . . .. .. ... ... ..
3.3.2 Extensions of the Linear Model . . . . . .. .. ..
3.3.3 DPotential Problems . & « o 5 s 5 =5 5 w0 om0 v w8
3.4 The Marketing Plan . . . . . . .. .«
3.5 Comparison of Linear Regression with K-Nearest
NelghDors c = : : s 6 e 48 B AK 5 5 5 & 8 % & wm e o m s »o
3.6 TLab: Linear Regression - w5 33 s s s m s mw s s s 8 o8
GBI TBEEEE « o o oo mve v miom mwww w EEE D AR E G
3.6.2 Simple Linear Regression. . . . . . ... ... ...
3.6.3 Multiple Linear Regression . . . . . . .. .. .. ..
3.6.4 Interaction Terms . . . . . ... .. ... ... ...
3.6.5 Non-linear Transformations of the Predictors .
3.6.6 Qualitative Predichors « s : s o s 5 % o =« v 5 = »
3.6.7 Writing Funictions . « s : s s sweme s « v ma g o0
37 EXErciSes . . v v v v i e e e e e e e e e e e e e e e e

Classification
4.1  An Overview of Classification . . . . . .. . ... .. .. ..
4.2 Why Not Linear Regression? . . . . . ... ... .. ....
4.3 Logistic Regressiont . . . o+ 6 s me am 5 8 sa 5 08 w9«
4.3.1 TheLogisticModel . . . . . . ... ..o o
4.3.2  Estimating the Regression Coefficients . . . . . . .
43.3 Making Predicfions : s 5 « s ¢ » & v som = ww v oo -
4.3.4  Multiple Logistic Regression . . . . . . . ... ...
4.3.5  Multinomial Logistic Regression . . . . . . . . . ..
4.4  Generative Models for Classification . . . . . . . ... ...
4.4.1 Linear Discriminant Analysis forp=1 . . . . . ..
4.4.2 Linear Discriminant Analysis forp >1 . . . .. ..
4.4.3 Quadratic Discriminant Analysis . . . . ... ...
444 NaiveBayes . . . v . o v v oo s o m v o v v o s o
4.5 A Comparison of Classification Methods . . . . . ... ..
4.5.1 An Analytical Comparison . . . . . . ... ... ..
4.5.2  An Empirical Comparison . . . . ... .. ... ..
4.6  Generalized Linear Models . . . . . .. ... ... ... ..
4.6.1 Linear Regression on the Bikeshare Data . . . . . .
4.6.2 Poisson Regression on the Bikeshare Data . . . . .
4.6.3 Generalized Linear Models in Greater Generality .
4.7 Lab: Classification Methods . . . . . . . . . ... ... ...
471 The Stock Market Data = o« =5 ¢ s v o aom v wow
4.7.2 Logistic Regression . . . . . ..« . v v v w0 v o
4.7.3 Linear Discriminant Analysis . . . . ... ... ..
4.7.4  Quadratic Discriminant Analysis . . . . . . . . ..
475 NaiveBayes « s s v s s aw 2w 5 55 s 8mm = om o
476 K-Nearest Neighbors . . . . ... ... .......
4.7.7 Poisson Regression . . ... ... ... ... .. ..



CONTENTS

4.8 BEXEICISES « o 5 % % 5 5§ o & & 5 5 s @ o @ w 5 5 o 6 0 ox omow owow w

Resampling Methods
BAd CroseValldalion. -« w o » - 5 5 5 8 8 @ @ % 5 ¢ « 5 v o
5.1.1  The Validation Set Approach . . ... .. ... ..
5.1.2 Leave-One-Out Cross-Validation . . . .. ... ..
5.1.8 k-Fold Cross-Validation : . s« m s ¢+ « « 5 o o
5.1.4  Bias-Variance Trade-Off for k-Fold
Cross-Validation . . . . . . . ... .. .. .....
5.1.5  Cross-Validation on Classification Problems . . . .
5.2 The Bootstrap . . . . . . . . ..o
5.3 Lab: Cross-Validation and the Bootstrap . . . . ... ...
5.3.1  The Validation Set Approach . . . ... ... ...
5.3.2  Leave-One-Out Cross-Validation . . . .. ... ..
5.3.3  k-Fold Cross-Validation . ... . ... ... ....
5.3.4 The Bootstrap . . . . .. .. ... ... ... ...
5.4  Exercises . . ... ...

Linear Model Selection and Regularization
6.1 Subset Selection . . . . . ... ...
6.1.1  Best Subset Selection . . . . . ... .. ... ... ..
6.1.2  Stepwise Selection . . . ... ... ... ... ...
6.1.3  Choosing the Optimal Model . . . .. .. ... ..
6.2  Shrinkage Methods . . . . .. .. ... ... ... ... ..
6.2.1 Ridge Regression . . . . ... ... ... ......
622 Theldsst cemupe s s e uppaEnesnn sz
6.2.3  Selecting the Tuning Parameter . . . . . . ... ..
6.3 Dimension Reduction Methods . . . . ... ... ... ...
6.3.1  Principal Components Regression . . . . .. .. ..
6.3.2  Partial Least Squares . . . . . ... ... ......
6.4 Considerations in High Dimensions . . . . . ... ... ..
6.4.1 High-Dimensional Data. . . . ... ... .. ....
6.4.2 What Goes Wrong in High Dimensions? . . . . . .
6.4.3  Regression in High Dimensions . . .. . ... ...
6.4.4 Interpreting Results in High Dimensions . . . . . .
6.5 Lab: Linear Models and Regularization Methods . . . . . .
6.5.1  Subset Selection Methods . . . . . ... ... ...
6.5.2  Ridge Regression and the Lasso . . . . . . ... ..
6.5.3 PCR and PLS Regression . ... ... .......
6.6 Exercises . . .. . .. ...

Moving Beyond Linearity

7.1 Polynomial Regression . . . . . .. .. ... ... ......
T2 Step PUNCHONS & ¢ ¢ 5 ¢+ 6 6 5 60 s n » 5 5 o o o mon m oo s
7.3 Basis Functions . . . . .. ... ... ... ... ... ...

xi

197
198
198
200
203

205
206
209
212
213
214
215
216
219

225
227
227
229
232
237
237
241
250
251
252
259
261
261
262
264
266
267
267
274
279
282



xii

CONTENTS

7.4 Regression Splines . . . . . . ... 295
7.4.1 Piecewise Polynomials . . . ... ... ... .... 295
7.4.2 Constraints and Splines . . . ... ... ...... 295
7.4.3  The Spline Basis Representation . . ... ... .. 297
7.4.4  Choosing the Number and Locations
of the Knots . . . . . .. ... ... ... ...... 298
7.4.5 Comparison to Polynomial Regression . .. . . .. 300
7.5 SmoothingOplines ~ « « # 5 + %« oo e sio @ wm 5 5 5 5 5 556 301
7.5.1  An Overview of Smoothing Splines . . . ... . .. 301
7.5.2  Choosing the Smoothing Parameter A . . . . . .. 302
76 DLocal Regression « o ¢ ¢ « o » s bov @ @ aini + § 55 3 5 b w % 304
7.7  Generalized Additive Models . . . . .. .. ... ... ... 306
7.7.1  GAMs for Regression Problems . . . . . ... ... 307
7.7.2  GAMs for Classification Problems . . . . . . . ... 310
7.8 Lab: Non-linear Modeling . . . . . ... ... ... ..... 311
7.8.1  Polynomial Regression and Step Functions . . . . . 312
T2 Splines ws s 131 :6 pc@8E@Ey 268 58 888 37
783 GAMs . . . . . . e 318
7.9 EXEICISES g v wmmn ¢ 3 8 5« smmpsmswg 2 68 50§ 8580 321
Tree-Based Methods 327
8.1 The Basics of Decision Trees . . . . . ... ... ... ... 327
8.1.1  Regression Trees . . . o oo wim s & 5 5+ 5 5 5 o w0 328
8.1.2  Classification Trees . . . . . . . . .. ... ... .. 335
8.1.3 Trees Versus Linear Models . . . . . ... ..... 338
8.1.4  Advantages and Disadvantages of Trees . . . . . . 339
8.2 Bagging, Random Forests, Boosting, and Bayesian Additive
Reprossion THE8 « « « s « & wow mmm wm v o o 5 o omw = o s 340
820 Bagging :: ¢ s s samummsi i boywsnw s 340
829 RandomiPorests . . « v o www o 885 4 00688 @@ 343
828 DBEOSHHAD .« s : ps v s mm e mr & 55 15 5 sm e 345
8.2.4 Bayesian Additive Regression Trees . . . . . . . .. 348
8.2.5  Summary of Tree Ensemble Methods . . . . . . .. 351
83 LabiDecision Trees « » o o wowwm mow s b oo 5 5w mow o m o 353
8.3.1 Fitting Classification Trees . . . . . . . . ... . .. 353
8.3.2 Fitting Regression Trees . . . . . . ... ... ... 356
8.3.3 Bagging and Random Forests . . . . . ... .. .. 357
834 DBogstiit : : s s ssnenw s s i 0 o nmmeEms s 359
8.3.5  Bayesian Additive Regression Trees . . . . . . . .. 360
8.4 Exercises . . . . . . ... e 361
Support Vector Machines 367
9.1 Maximal Margin Classifier . . . .. ... ... ... .... 368
911 WhatlsaHyberplane?. . :: s oowewae s o 368

9.1.2  Classification Using a Separating Hyperplane . . . 369



9.2

9.3

9.4

9.5
9.6

9.7

CONTENTS

9.1.3 The Maximal Margin Classifier . . . .. ... . ..

9.1.4  Construction of the Maximal Margin Classifier

9.1.5 The Non-separable Case . . . . . ... ... . ...
Support Vector Classifiers . . . . . .. .. ... ... ...
9.2.1 Overview of the Support Vector Classifier . . . . .
9.2.2  Details of the Support Vector Classifier . . . . . . .
Support Vector Machines . . . . .. .. ... ...

9.3.1 Classification with Non-Linear Decision

Boundaries: « o o5 ¢ 5 6 @ 5 5 m m e m w g oo w0 o
9.3.2  The Support Vector Machine . . . ... ... ...
9.3.3  An Application to the Heart Disease Data . . . . .
SVMs with More than Two Classes . . . . ... ... ...
9.4.1  Onme-Versus-One Classification . . . . . . ... ...
9.4.2  One-Versus-All Classification . . ... ... .. ..
Relationship to Logistic Regression . . . . ... ... ...
Lab: Support Vector Machines . . . . . ... ... .. ...
9.6.1  Support Vector Classifier . . . . . ... ... ....
9.6.2 Support Vector Machine . . . ... ... ......
9.63 ROCCurves. . .. ... ... .. ... ......
9.6.4 SVM with Multiple Classes . . . ... ... ....
9.6.5  Application to Gene Expression Data . . . . . . . .
Exercises . . . . . . . . e

10 Deep Learning

10.1
10.2
10.3

10.4
10.5

10.6
10.7

10.8
10.9

Single Layer Neural Networks . . . .. ... ... .....
Multilayer Neural Networks . . . . . .. .. ... ... ...
Convolutional Neural Networks . . . . . .. ... ... ...
10.3.1 Convolution Layers . . . . . .. .. ... ......
10.3.2 Pooling Layers . . . . . . ... ... .. .. ....
10.3.3  Architecture of a Convolutional Neural Network . .
10.3.4 Data Augmentation . . . . « ¢ « v w5 0 v 5+ 4 o 4 4
10.3.5 Results Using a Pretrained Classifier . . . . . . ..
Document Classification . . . . . . . .. .. ... ... ...
Recurrent Neural Networks . . . . . . . ... ... .....

10.5.1 Sequential Models for Document Classification

10.5.2 Time Series Forecasting . . . . ... ... .. ...
10.5.3 Summary of RNNs . . . . . .. ... .. .. ....
When to Use Deep Learning . . . . .. ... .. ......
Fitting a Neural Network . . . . .. ... ... ... ....
10.7.1 Backpropagation . . . . .. .. ... .. ... ...
10.7.2 Regularization and Stochastic Gradient Descent . .
10.7.3 Dropout Learning . . . . . . .. . .. ... ... ..
10.7.4 Network Tuning . . . . . . . . . . .. . ... ....
Interpolation and Double Descent . . . . .. ... ... ..
Lab: Deep Learning . « « « « c & ¢ s s 5 o v 0 0 v o n o v o

xiii

37,
372
373
373
373
375
379



Xiv

11

CONTENTS

10.9.1 A Single Layer Network on the Hitters Data . . . .
10.9.2 A Multilayer Network on the MNIST Digit Data
10.9.3 Convolutional Neural Networks . . . . . .. .. ..
10.9.4 Using Pretrained CNN Models . . ... ... ...
10.9.5 IMDb Document Classification . . . .. . ... ..
10.9.6 Recurrent Neural Networks . . . .. .. .. .. ..
10.10 Exercises . . . . . . oo

Survival Analysis and Censored Data
11.1 Survival and Censoring Times . . . .. ... .. ......
11.2 A Closer Look at Censoring . . . . . ... ... .......
11.3 The Kaplan-Meier Survival Curve . . . ... .. ... ...
11.4 The Log-Rank Test . . . .. ... ... ... ... .....
11.5 Regression Models With a Survival Response . . . . . . . .
11.5.1 ‘The Hazard FUREHON « « w6 50 0 5 ¢ ¢ 5 5 5 5 o oo
11.5.2 Proportional Hazards . . . . . . . .. ... .. ...
11.5.3 Example: Brain Cancer Data . . . ... ... ...
11.5.4 Example: Publication Data . . .. ... ... ...
11.6 Shrinkage for the Cox Model . . . . .. ... .. ... ...
11.7 Additional Topics . . . . ... ... .. ... ..., ....
11.7.1 Area Under the Curve for Survival Analysis . . . .
11.7.2  Choice of Time Scale . . . . .. .. ... ... ...
11.7.3 Time-Dependent Covariates . . . . . . . .. .. ..
11.7.4 Checking the Proportional Hazards Assumption . .
1175 Survival TIees o « v v v 5 5 4 2 6 b6 o m w0 v s o o
11.8 Lab: Survival Analysis . . . . . .. ... ... ... .....
11,81 Bramn Caneet Data o w e 2 20 3 s mwesoms & 53
11.8:2 Publicafion Data « v v o v 3 5 + 5oam oo s o s s
11.8.3 Call Center Data . . . . .. .. .. ... ......
11.9 BXEIGISES .« v » . = v ww mommmmog 5 s 5 ¢ smom s mn s s

12 Unsupervised Learning

12.1 The Challenge of Unsupervised Learning . . . . ... ...
12.2 Principal Components Analysis . . . . . . . ... ... ...

12.2.2  Another Interpretation of Principal Components .
12.2.3 The Proportion of Variance Explained . . . . . ..
1224 Moreon PCA . .. ... ... ... ... ......
12.2.5 Other Uses for Principal Components . . . . . . . .
12.3 Missing Values and Matrix Completion . . . .. ... . ..
12.4 Clustering Methods . . . . . . Tt et ol e el e e
12.4.1 K-Means Clustering . . . . ... ... .......
12.4.2 Hierarchical Clustering . . . . ... .........
12.4.3 Practical Issues in Clustering . . . . .. ... ...
12.5 Lab: Unsupervised Learning . . . . . . .. ... ... ...

443
445
448
451
452
454
458

461
462
463
464
466
469
469
471
475
475
478
480
480
481
481
482
482
483
483
486
487
490



CONTENTS XV

12.5.1 Principal Components Analysis . . . . .. ... .. 532
12.5:2 Matrix Completion. « « : « + ¢ ss s v 6 v 55w 5 ¢ 6 535
1958 Clusbering +» o o w v s oo o v 5 5 & w6 wmms 5§ s 538
12.5.4 NCI60 Data Example . . . . . . .. ... ... ... 542
126 EXoiGiSes « w5 8 5 5 65 5 @G @ @ % 5 5 5 5 B8 008w ow 8w o 548
13 Multiple Testing 553
13.1 A Quick Review of Hypothesis Testing . . . .. ... ... 554
1311 TestingaHypothesis o s v w6 ¢ 25 5 55 s wa 5 @ 5H5
13.1.2 Typeland TypeII Errors . . .. .. ... ... .. 959
13.2 The Challenge of Multiple Testing . . . . . ... ... ... 560
13.3 The Family-Wise Error Rate . . . . ... ... .. ..... 061
13.3.1 What is the Family-Wise Error Rate? . ... ... 562
13.3.2  Approaches to Control the Family-Wise Error Rate 564
13.3.3 Trade-Off Between the FWER and Power . . . . . 570
13.4 The False Discovery Rate . . . . . ... ... ... ..... 571
13.4.1 Intuition for the False Discovery Rate . ... ... 571
13.4.2 The Benjamini-Hochberg Procedure . . . ... .. 573

13.5 A Re-Sampling Approach to p-Values and False Discovery
L e LI R I A 975
13.5.1 A Re-Sampling Approach to the p-Value . . . . . . 576
13.5.2 A Re-Sampling Approach to the False Discovery Rate578
13.5.3 When Are Re-Sampling Approaches Useful? . . . . 581
13.6 Lab: Multiple Testing . . . . . . . .. ... ... ...... 582
13.6.1 Review of Hypothesis Tests . . . ... .. ... .. 582
13.6.2 The Family-Wise Error Rate. . . . . . ... .. .. 583
13.6.3 The False Discovery Rate . . . ... ... ... .. 586
13.6.4 A Re-Sampling Approach . . . . ... ... ... .. 588
13T BIXCTOISES . ¢ o ¢ 5o ®m s s o 5 % ¥ 6.6 5 5 6 B E F 6 G o - . 591

Index 597



