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numerical predictors, 129
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H
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Kernel functions, 43
Kernelized regression, 113-123
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Mercer kernel, 116
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299, 317
Linear estimators, 39—40
Linear loss, 36
Listwise deletion, 160
Lm(), 52, 182
Locally weighted regression, 86-92
Loess, 88
Logistic regression, 97
Logitboost, 265
Loss functions, 35-38
asymmetric, 37
symmetric, 37
Lowess, 4, 88, 98
robust, 90-91

M
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Missing data, 159-161
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Penalized smoothing, 98
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Polynomial regression splines, 61-63
Predict.rpart(), 185
Prop.table(), 51
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Quadratic loss, 36
QuantregForest(), 220, 245, 247

R
Radial basis kernel, 118-120
Random forests, 259, 266, 274, 276, 329,
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dependence, 214
generalization error, 211-213, 217
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predictor importance, 224-230 Resubstitution, 195
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votes, 243 S
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254,256 Scatter.smooth(), 92, 185
RandomForestSRC(), 245 Shrinkage, 70-71
Ranger(), 252 Smoother, 60
Rborist(), 253 Smoother matrix, 39, 41
Real Adaboost, 264 Smoothing, 60
Regression analysis, 6 Smoothing splines, 81-86, 93
accepting the null hypothesis, 10 Soft thresholding, 81
asymptotics, 9 Span, 88, 89, 92, 93
best linear approximation, 16, 17 Spine plot, 4
binomial regression, 21-22 Stagewise algorithms, 266, 267
causal inference, 6 Statistical inference, 81
conventional, 2 Statistical learning
definition, 3 definition, 29-30
disturbance function, 8 forecasting, 30
estimation target, 17, 18 function estimation, 29
first-order conditions, 9 imputation, 30
fixed predictors, 8 StepAIC(), 183
generative model, 24, 28 Step functions, 56
heteroscedasticity, 18 Stochastic gradient boosting, 266-276
instrumental variables, 13 asymmetric costs, 274-275
irreducible error, 13 partial dependence plots, 274
joint probability distribution, 15 predictor importance, 274
joint probability distribution model, 15— tuning, 271-273
17 Superpopulation, 15
level I, 6, 22 Support vector classifier, 292-299
levelIl, 6, 9, 15, 22 bias-variance tradeoff, 295
level 111, 6 hard threshold, 296
linear regression model, 7-11 hard thresholding, 293
mean function, 8, 9 separating hyperplane, 293
model selection, 11 slack variables, 293, 294
model specification, 10 soft threshold, 297
nonconstant variance, 14 soft thresholding, 295
sandwich estimator, 11 support vectors, 293
second-order conditions, 9 Support vector machines, 295, 299-301
statistical inference, 6, 17-21 hinge loss function, 300
true response surface, 16, 17 kernels, 299
wrong model framework, 17 quantitative response, 301
Regression splines, 55-68 separating hyperplane, 300

Regression trees, 175-179 statistical inference, 301



Index

T

Table(), 51, 183
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Test error, 36

Thin plate splines, 93
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Tuning parameters, 69

W
‘Window, 88
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