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Preface

Many statistics departments offer a one semester graduate course in high
dimensional statistics using texts such as Biilmann and van de Geer (2011),
Giraud (2022), Lederer (2022), or Wainwright (2019). Statistical learning
texts are also used. See Hastie et al. (2009), Hastie et al. (2015), and James
et al. (2021). Also see Fujikoshi, Ulyanov, and Shimizu (2010), Koch (2014),
Olive (2023¢), and Rish and Grabarnik (2015).

High dimensional statistics are used when n < 5p where n is the sample size
and p is the number of predictors p. Consider the multiple linear regression
model Y; = a—i—:cl-T,B—l-el- =a+zab+ -+ TipBy +e; fori=1,...,n. Let
the full model use all p predictors with 8 = Bp. In low dimensions where
n > 10p, often /n(B — B) 2 N, (0, %) where X is estimated by 3 = 520"

where the errors e; have variance V(e;) = 02 and where the inverse matrix

C ! does not exist if p > n. Much of the high dimensional literature seeks
bounds on the Euclidean norm ||3 — B||. However, if 3 is a \/n consistent
estimator of By, then B; — 3; is proportional to 1/y/n. Hence |3 — 8|2 is
proportional to p/n which tends to be large when p >> n. Similar results
hold for estimators 6 of 8 for statistical models that depend on a p x 1 vector
of parameters 6. Often the high dimensional literature imposes regularity
conditions, that are much too strong, to force HBF — Br| to be small as
both n and p — co.

This text uses large sample theory = asymptotic theory to justify many
of the methods used in the test. Several dimension reduction techniques are
used. One technique is to use data splitting and variable selection to choose
a model I with k£ predictors where n > 10k, and then apply the standard
low dimensional inference on the resulting model. This changes the high di-
mensional problem into a low dimensional problem. Sometimes we use the
strong assumption that the cases (z7,Y;)T are independent and identically
distributed (iid). Then variable selection methods often work because the con-
ditional distribution Y|z¥3; has much more information than the marginal
distribution for Y.
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A second technique is to use large sample theory such that /n(6 — 6) 5
1

N,(0, X)) where X is estimated by 3 = C where the inverse matrix C
is not used. Then tests and confidence intervals for quantities that only use
a few of the parameters, such as 6; or 6; — 6, can be derived. Hence low
dimensional quantities are tested.

A third technique is to replace 8 by the norm ||@|| or 8; — 03 by the norm
|61 — 03], reducing the p-dimensional problem of testing Hy : & = 0 or
Hy : 6; = 62 to the one-dimensional problem of testing Hy : ||@]] = 0 or
HO . H01 - 02” =0.

The prerequisite for this text is a calculus based course in statistics at
the level of Chihara and Hesterberg (2011), Hogg, Tanis, and Zimmerman
(2020), Larsen and Marx (2017), Wackerly, Mendenhall and Scheaffer (2008)
or Walpole, Myers, Myers and Ye (2016). Linear algebra and one computer
programming class are essential. Knowledge of regression would be useful.
See Olive (2017a) and Cook and Weisberg (1999). Knowledge of multivariate
analysis would be useful. See Olive (2017b) and Johnson and Wichern (2007).

Some highlights of this text follow.

e Prediction intervals are given that can be useful even if n < p.

e The response plot is useful for checking the model.

e The large sample theory for the elastic net, lasso, and ridge regression is
greatly simplified.

e The large sample theory for some data splitting estimators, variable selec-
tion estimators, marginal maximum likelihood estimators, and one com-
ponent partial least squares will be given. See Olive and Zhang (2024),
Olive et al. (2024), and Rathnayake and Olive (2023).

Downloading the book’s R functions hdpack.txt and data files hd-
data.txt into R: The commands

source ("http://parker.ad.siu.edu/Olive/hdpack.txt")
source ("http://parker.ad.siu.edu/Olive/hddata.txt")

The R software is used in this text. See R Core Team (2020). Some packages
used in the text include glmnet Friedman et al. (2015), leaps Lumley
(2009), MASS Venables and Ripley (2010), and pls Mevik et al. (2015).

Acknowledgements

Teaching the material to Math 583 students at Southern Illinois University
in 2023 was very useful. Trevor Hastie’s website had a lot of useful informa-
tion. Work by R. Dennis Cook and his coauthors was useful for figuring out
OPLS.



Contents

1 Introduction......... ... .. .. .. . . . 1
1.1 OVervIieW. ...t e 1
1.2 Response Plots and Response Transformations....... 6

1.2.1 Response and Residual Plots................ ... 7
1.2.2 Response Transformations .................. ... 10
1.3 The Multivariate Normal Distribution ............... 15
1.4 Outlier Detection .............. ... ... ... ... ....... 18
1.4.1 The Location Model ........................... 19
1.4.2 Outlier Detection with Mahalanobis Distances . 20
1.4.3 Outlier Detection if p>n ...................... 24
1.5 Large Sample Theory ............... ... ... ... ... .... 31
1.5.1 The CLT and the Delta Method ............... 31
1.5.2 Modes of Convergence and Consistency ........ 34
1.5.3 Slutsky’s Theorem and Related Results ........ 41
1.5.4 Multivariate Limit Theorems .................. 44
1.6 Mixture Distributions ................................ 49
1.7 A Review of Multiple Linear Regression ............. 50
1.7.1 The ANOVA F Test.......... ... ... .. ... ... 54
1.7.2 The Partial F Test ............................. 58
1.73 The Waldt Test ............................... 61
1.7.4 The OLS Criterion ............................. 62
1.7.5 The No Intercept MLR Model ................. 65
1.8 Summary .......... . 66
1.9 Complements ............ .. .. ... ... ., 69
1.10 Problems............ ... 70

2 Multiple Linear Regression ............................... 79

2.1 The MLR Model .............. .. ... ... . .. 80

2.1.1 OLS Theory........c.oiuiiiiiiiiiinan.. 82
2.2 Statistical Learning Methods for MLR ............... 86
2.3 Forward Selection ............. ... ... .. ... ... .. ..... 91

vii



viii

Contents
2.4 Principal Components Regression .................... 95
2.5 Partial Least Squares .............. ... .. .. .. .. ...... 102
2.6 Ridge Regression.......... ... .. ... ... .. . ... ... 104
2.7 LaSSO. ..o 111
2.8 Lasso Variable Selection.............................. 116
2.9 The Elastic Net ......... .. .. . .. .. . .. .. ... 119
2.10 OPLS . .o 122
2.11 The MMLE . ... ... . i 126
2.12 k-Component Regression Estimators ................. 127
2.13 Prediction Intervals . ........ . ... ... .. . .. .. ...... 129
2.14 Cross Validation .......... .. . ... ... .. ... .. ..., 139
2.15 Data Splitting . .......... ... . . 143
2.16 The Multitude of MLR Models ...................... 146
2.17 Variable Selection Theory ........................... 148
2.17.1 Variable Selection Theory in Low Dimensions .. 154
2.17.2 Some Variable Selection Estimators ............ 154
2.17.3 Large Sample Theory for Variable Selection
Estimators ......... .. ... ... .. i 155
2.17.4 Variable Selection Theory in High Dimensions . 160
2.18 SUmMmMArY . ... 165
2.19 Complements ......... ... .. . .. . i 170
2.20 Problems. . ... ... ... 176
MLR with Heterogeneity ......... .. ... ... .. ... ........ 185
3.1 OLS Large Sample Theory ........................... 185
3.2 Bootstrap Methods and Sandwich Estimators ........ 186
3.3 Simulations ........ .. ... . 188
3.4 OPLS in Low and High Dimensions .................. 190
3.5 SUmMmary . ... 190
3.6 Complements ........... .. .. .. .. .. .. . i 190
3.7 Problems...... ... . .. ... 190
Binary Regression .......... .. ... .. .. .. . .. 191
4.1 Introduction ......... .. .. ... .. ... ... 191
4.2 Testing . ... 193
4.3 The Multitude of Models............................. 193
4.4 SUMIATY . ..ottt 193
4.5 Complements ........ .. .. ... .. .. ... 193
4.6 Problems...... ... ... 194
Poisson Regression .......... .. .. . .. .. ... . .. 195
5.1 Two Set Inference........... .. ... ... .. ... ........ 195
5.2 SUmMMATLY ... .o 195
5.3 Complements ......... ... .. . .. .. . i 195

54 Problems............ . . .. 195



Contents ix

6

Other Regression Models .......... .. ... .. ... .. ..... 197
6.1 Two Set Inference............ .. ... ... .. .. ... ...... 197
6.2 SUmMmAary . ........ ...t 197
6.3 Complements ........... .. .. .. .. .. . i 197
6.4 Problems......... .. .. ... 197
One and Two Sample Tests ............ ... ... .. .. ..... 199
7.1 Two Set Inference........... .. ... ... .. ... .. ...... 199
7.2 SUIMMATY ...t 199
7.3 Complements ......... ... .. .. . .. .. i 199
7.4 Problems...... ... .. .. ... 199
Classification ......... .. .. ... . 201
8.1 Introduction ............ .. .. . .. .. .. .. i 201
8.2 LDA and QDA ... ... . .. 203

8.2.1 Regularized Estimators ........................ 206
8.3 LR .. 206
8.4 KINN . ... 208
8.5 Some Matrix Optimization Results................... 210
8.6 F DA .. 212
8.7 Estimating the Test Error............................ 218
8.8 Some Examples ......... .. .. . ... i 221
8.9 Classification Trees, Bagging, and Random Forests ... 224

8.9.1 Pruning......... ... ... ... 227

8.9.2 Bagging ......... ... .. 228

8.9.3 Random Forests................................ 229
8.10 Support Vector Machines ............................ 229

8.10.1 TwWo Groups ..........couiiiiiiriiiiinnnan.. 229

8.10.2 SVM With More Than Two Groups ........... 232
8.11 SUmMmAry . ... 232
8.12 Complements ........... .. .. .. .. .. 236
8.13 Problems.. ... ... .. ... . 237
Multivariate Linear Regression ........................... 245
9.1 Introduction ............ .. .. . .. .. .. i 245
9.2 Plots for the Multivariate Linear Regression Model .. 249
9.3 Asymptotically Optimal Prediction Regions .......... 252
9.4 Testing Hypotheses .......... .. ... ... .. ... ........ 257
9.5 An Example and Simulations......................... 267

9.5.1 Simulations for Testing......................... 272
9.6 The Robust rmreg2 Estimator ....................... 275
9.7 Bootstrap ............ .. 278

9.7.1 Parametric Bootstrap .................. .. ..... 278

9.7.2 Residual Bootstrap ............................ 278

9.7.3 Nonparametric Bootstrap ...................... 279



10

11

Contents

9.8 Data Splitting........... .. .. ... . 279
9.9 Ridge Regression, PCR, and Other High Dimensional
Methods ....... ... 279
9.10 SUmMMATY . ...t 280
9.11 Complements ........... .. .. ... i 286
9.12 Problems........ .. ... . 287
Multivariate Analysis . ......... .. . .. .. ... . .. 293
10.1 Two Set Inference............ ... ... ... .. .. ... ... .... 293
10.2 Summary . ... 293
10.3 Complements ............ .. .. ... .. . 293
10.4 Problems...... ... .. .. . 293
Stuff for Students........... .. ... ... ... .. 295
11 R 295
11.2 Hints for Selected Problems.......................... 298
11.3 Projects .. ... 299
11.4 Tables. ... e 302



Chapter 1
Introduction

This chapter provides a preview of the book, and some techniques useful
for visualizing data in the background of the data are given in Section 1.2.
Sections 1.3 and 1.7 review the multivariate normal distribution and multiple
linear regression. Section 1.4 suggests methods for outlier detection. Some
large sample theory is presented in Section 1.5, and Section 1.6 covers mixture
distributions.

1.1 Overview

For low dimensional statistics, the number of variables p is much less than
the sample size n. For high dimensional statistics, p is not much less than
n. Let 2 = (21,...,2z1)7 where z1, ..., 2, are k random variables. Often z =
(Y, 2T)T where &7 = (z1,...,x,) is the vector of predictors and Y is the
variable of interest, called a response variable. Predictor variables are also
called independent variables, covariates, or features. The response variable
is also called the dependent variable. Usually context will be used to decide
whether z is a random vector or the observed random vector.

Definition 1.1. A case or observation consists of & random variables

measured for one person or thing. The ith case z; = (21,..., zir)?. The
training data consists of zi,...,2z,. A statistical model or method is fit
(trained) on the training data. The test data consists of 2,11, ..., Zn4+m, and

the test data is often used to evaluate the quality of the fitted model.

For low dimensional statistics, assume n > Jk where J > 5 is large enough
for the statistical method to be useful. For example, the model may be used
to a) visualize the data, b) perform inference with large sample theory, or c)
prediction. For regression models with one response variable, often k = p or
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k = p+1. For multivariate regression models with g response variables, often
k = g+ p. In the following definition, often J much larger than 5 is needed.

Definition 1.2. For low dimensional statistics, n > Jk with J > 5.

For classical statistical methods, high dimensional statistics refers to data
sets where n is not large enough for the classical statistical method to be
useful. For example, typically there are too many predictors, compared to the
sample size, to do classical inference. In particular, often n is not large enough
for large sample theory inference. For some researchers, high dimensional
statistics means that k or p are quite large. Sometimes p > Kn with K > 10
is called ultrahigh dimensional statistics or ultra high dimensional statistics.
The following definition is much more general. For example, there could be
p = 2 predictors and one response variable Y, but n = 7.

Definition 1.3. For high dimensional statistics, n < bk.

Statistical Learning methods are often useful for high dimensional statis-
tics. Following James et al. (2013, p. 30), the previously unseen test data is not
used to train the Statistical Learning method, but interest is in how well the
method performs on the test data. If the training data is (1, Y1), ..., (€, Yn),
and the previously unseen test data is (xf, Yy), then particular interest is in
the accuracy of the estimator Yj of Yy obtained when the Statistical Learning
method is applied to the predictor «s. The estimator Yj is a prediction if the
response variable Yy is continuous, as occurs in regression models. If Yy is
categorical, then fﬁ is a classification. For example, if Y; can be 0 or 1, then
xs is classified to belong to group i if }A/j =14 for ¢ = 0 or 1. The multiple
linear regression (MLR) model is Y; = 1 + 2282+ -+ 2,0, +e = T B +e,
is an important regression model.

Notation: Typically lower case boldface letters such as  denote column
vectors, while upper case boldface letters such as S or Y are used for ma-
trices or column vectors. If context is not enough to determine whether y
is a random vector or an observed random vector, then Y = (Y7,...,Y,)T
may be used for the random vector, and y = (yi,...,y,)" for the observed
value of the random vector. An upper case letter such as Y will usually be a
random variable. A lower case letter such as x; will also often be a random
variable. An exception to this notation is the generic multivariate location
and dispersion estimator (T, C) where the location estimator T is a p x 1
vector such as T'="=. C is a p X p dispersion estimator and conforms to the
above notation.

The main focus of the first three chapters is developing tools to analyze
the multiple linear regression (MLR) model V; = I3 +¢; for i = 1,...,n.
Classical regression techniques use (ordinary) least squares (OLS) and assume
n >> p, but Statistical Learning methods often give useful results if p >> n.
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OLS forward selection, lasso, ridge regression, marginal maximum likelihood
(MMLE), one component partial least squares (OPLS), the elastic net, partial
least squares (PLS), and principal component regression (PCR) will be some
of the techniques examined. See Chapter 2.

Acronyms are widely used in statistics, and some of the more important
acronyms appear in Table 1.1. Also see the text’s index.

For classical regression and multivariate analysis, we often want n > 10p.
Note a high dimensional regression model has n < 5p by Definition 1.3 with
k=np.

Definition 1.4. A model with n < 5p is overfitting: the model does not
have enough data to estimate p parameters accurately. A high dimensional
regression model has n < 5p. A fitted or population regression model is sparse
if a of the predictors are active (have nonzero B; or B;) where n > Ja with
J > 10. Otherwise the model is nonsparse. A high dimensional population
regression model is abundant or dense if the regression information is spread
out among the p predictors (nearly all of the predictors are active). Hence an
abundant model is a nonsparse model.

Remark 1.1. There are several important techniques for high dimensional
statistics.

Technique 1. One important technique is variable selection: select pre-
dictors I = {1, ..., i} such that n > Jk with J > 5. This technique turns the
high dimensional statistics problem into a low dimensional statistics problem.
Hence results from classical statistics are still useful.

Following Olive and Hawkins (2005), a model for variable selection can be
described by

o' B=x§Bs+wpBy =x§By (1.1)
)T

where = (z,2L)7, s is an ag x 1 vector, and zg is a (p—ag) x 1 vector.
Given that g is in the model, 35 = 0 and E denotes the subset of terms
that can be eliminated given that the subset S is in the model. Let 1 be the
vector of a terms from a candidate subset indexed by I, and let o be the
vector of the remaining predictors (out of the candidate submodel). Suppose
that S is a subset of I and that model (1.1) holds. Then

ccTB = mgﬁs = :cITBI + :cgo = chT,BI.

Thus By = 0 if S C I. The model using 7 3 is the full model. The full model
uses all of the predictors with B, = 8.

To clarify notation, suppose p = 4, a constant 1 = 1 corresponding to 3y is
always in the model, and 8 = (31, 32, 0,0)7. Then the J = 2P~ = 8 possible
subsets of {1,2,...,p} that always contain 1 are Iy = {1}, S = I, = {1,2},
Is = {1,3}, I, = {1,4}, I = {1,2,3}, Is = {1,2,4}, I = {1,3,4}, and
Is = {1,2,3,4}. There are 2P~% = 4 subsets I, I5, I, and Ig such that
S g Ij. Let ,317 = (61,63,64)T and :B[7 = (xl,xg,x4)T
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Table 1.1 Acronyms

Acronym

Description

AER
AP
cdf

cf
CI

CLT
CV
DA
EC

EAP

ESP

ESSP
FDA
GAM
GLM
iid
KNN
lasso
LDA
LR
MAD
MCLT
MED
mgf
MLD
MLR
MMLE
MVN
OLS
OPLS
PCA
PCR
PLS
pdf

PI

pmf
QDA

SE

SP
SSP
SVM

additive error regression
additive predictor = SP for a GAM
cumulative distribution function
characteristic function
confidence interval
central limit theorem
cross validation
discriminant analysis
elliptically contoured
estimated additive predictor = ESP for a GAM
estimated sufficient predictor
estimated sufficient summary plot = response plot
Fisher’s discriminant analysis
generalized additive model
generalized linear model
independent and identically distributed
K-—nearest neighbors discriminant analysis
an MLR method
linear discriminant analysis
logistic regression
the median absolute deviation
multivariate central limit theorem
the median
moment generating function
multivariate location and dispersion
multiple linear regression
marginal maximum likelihood estimator
multivariate normal
ordinary least squares
one component partial least squares
principal component analysis
principal component(s) regression
partial least squares
probability density function
prediction interval
probability mass function
quadratic discriminant analysis
standard error
sufficient predictor
sufficient summary plot
support vector machine
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Let I,,,in correspond to the set of predictors selected by a variable selection
method such as forward selection or lasso variable selection. See Chapter 2
for more on these methods. If B 7 is a x 1, use zero padding to form the p x 1
vector B 10 from B 1 by adding Os corresponding to the omitted variables. For
example, if p = 4 and 3 Loin = (Bl, Bg)T, then the observed variable selection
estimator BVS = Blmm,o = (Bl, 0, fs, 0)7. As a statistic, BVS = BI,“O with
probabilities 7, = P(Imin = Ix) for k = 1, ..., J where there are J subsets,
eg.J=2P —1.

Often the estimator B is v/n consistent with Bl —f; « 1/n and the squared
Euclidean distance |37 — Bp||> « p/n where the symbol & means “propor-
tional to.” For low dimensional regression, p is fixed and p/n — 0 as n — oo.
Hence 3 r 1S a consistent estimator of 3. For a high dimensional regression
data set, suppose p = pp =n" L. Then |3 — Bp||2 x n™ can be quite large
and B r is generally not a good estimator of Bp.

There is a rather large literature in high dimensional statistics that gives
regularity conditions where ||3 — 8|2 < d,,/n with high probability where
dp/n is rather small. Let I be the subset selected by some method. For
variable selection, I = I,,,;, is common. The oracle property holds if P(Ipin =
S) — 1 as n — oco. Then ||B; — B2 ~ ||Bs — B> which can be small for a
sparse population regression model where 34 is an as x 1 vector ann > 10ag.
The oracle property can sometimes be shown to hold if the predictors are
approximately orthogonal. Another common assumption is that there is a
sparse population regression model, S C I, n > 10as, and B, = Bp. This
assumption is roughly the “bet on sparsity principle.”

Even if the population model is not sparse, sparse fitted models are often
useful for high dimensional data sets. This fact gives a second reason for why
sparse regression models such as lasso can be useful. For the sparse fitted
model, n > 10ay, and often B; o # Bp. Hence B[ can be a good estimator of
B; even if the population full model is not sparse. Turn the high dimensional
problem into a low dimensional problem and check that model using 3; is
good.

Data splitting divides the training data set of n cases into two sets: H and
the validation set V' where H has ny of the cases and V has the remaining
ny = n — ng cases i1, ...,in, . An application of data splitting is to use a
variable selection method, such as forward selection or lasso, on H to get
submodel I,,,;,, with a predictors, then fit the selected model to the cases in
the validation set V' using standard inference.

Technique 2. A second important technique for high dimensional statis-
tics is useful for hypothesis testing. This technique is useful for sample
means, sample proportions, and sample covariances. Suppose \/ﬁ(é - 0) R
Ny(0, X'r) for fixed p as n — co. When n < 5p often a good nonsingular
estimator X r of X is not available. Often by F= C;l where the inverse
matrix can not be computed if p > n.
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Sometimes 6 = (él, e ép)T where 6; is a componentwise estimator: take
the estimators él of the components 6; and stack them into a vector. For
example, the sample mean T of E(x) = (y1, ..., up) T is a componentwise esti-
mator of @ = p. Similarly, T1 — T2 is a componentwise estimator of p; — ps.
Vectors of covariances, such as Ygy = (@(xl,Y), ...,@(xp,Y))T, are
another example. The one component partial least squares (OPLS) estima-
tor and marginal maximum likelihood estimator (MMLE) for multiple linear
regression both use 2my.

Suppose A0 = (0;,,...,0;,)7 with i1,4s, ..., 4 distinct and n > Jk with

)

J > 10. Suppose X'r = (6;5) and

Oiryiy Oiryia """ Oigig

Gisyiy Cigyin *** Tigi

~ T ~ R 2,41 Yig,ia 2,0k
A[ZFAI - Z[ - (U’ij,’id) =

Oig,ir Tigyin """ Oig,ig

If n(0; —0;) 5 N (0, X'1) as n — oo, then we can get large sample tests
for Hy : BO; = 0. In particular, we can do tests such as Hy : 6; = 0 and
Hy : 0; —6; = 0. Hence for high dimensional data, we can do low dimensional
tests.

Technique 3. Consider testing Hy : u = 0 where p is a p x 1 vector
with p > n. Typically fi is not a good estimator of p since || — p||? will not
be small, but we often can get a good estimator of ||u||? = pu” u, and test
Ho:pTpu=0. 0

Remark 1.2. Techniques 1-3 all involve some form of dimension reduction.
Technique 1 replaces the p x 1 vector B by the ar x 1 vector B;. Technique
2 replaces test Hpy : @ = 0 by low dimensional tests such as Hy : 6; = 0, and
technique 3 replaces Hy : u = 0 by the equivalent test Ho: u”'p = 0.

1.2 Response Plots and Response Transformations

This section will consider tools for visualizing the regression model in the
background of the data. The definitions in this section tend not to depend
on whether n/p is large or small, but the estimator h tends to be better if
n/p is large. In regression, the response variable is the variable of interest:
the variable you want to predict. The predictors or features zy,...,x, are
variables used to predict Y.

Definition 1.5. In a 1D regression model, regression is the study of
the conditional distribution of ¥ given the sufficient predictor SP = h(x),
written

Y|SP or Y|h(z), (1.2)
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where the real valued function & : R? — R. The estimated sufficient pre-
dictor ESP = h(x). An important special case is a model with a linear

predictor h(x) = « + BTz where ESP = &—l—BT:c and often o = 0. This class
of models includes the generalized linear model (GLM). Another important
special case is a generalized additive model (GAM), given the additive predic-
tor AP =SP =a+ Zle S;(z;) for some (usually unknown) functions S;.

The estimated additive predictor EAP = ESP = & + Z?:l S’j (x;).

Remark 1.3. The literature often claims that Y is conditionally indepen-
dent of x given the sufficient predictor SP = h(x), written

Y Lx|SP or Y Lx|h(x). (1.3)

Hence the response variable depends on the vector of predictors a only
through the sufficient predictor SP = h(x). The literature also often claims
that Y|z = Y|SP or Y| = Y |8 2. This claim is often much too strong.

Notation. Often the index ¢ will be suppressed. For example, the multiple

linear regression model
Y;=xlB+e; (1.4)

fori =1,...,n where 3 is a p x 1 unknown vector of parameters, and e; is a
random error. This model could be written Y = 73 + e. More accurately,
Y|xTB = 73 + e, but the conditioning on '3 will often be suppressed.
Often the errors ey, ..., e, are iid (independent and identically distributed)
from a distribution that is known except for a scale parameter. For example,
the e;’s might be iid from a normal (Gaussian) distribution with mean 0
and unknown standard deviation o. For this Gaussian model, estimation of
B and o is important for inference and for predicting a new future value of
the response variable Yy given a new vector of predictors x .

1.2.1 Response and Residual Plots

Definition 1.6. An estimated sufficient summary plot (ESSP) or response
plot is a plot of the ESP versus Y. A residual plot is a plot of the ESP versus
the residuals.

Notation: In this text, a plot of x versus Y will have z on the horizontal
axis, and Y on the vertical axis. For the additive error regression model
Y = m(x)+e, the ith residual is r; = Y; —m(x;) = Y; —Y; where Y; = m(x;)
is the ith fitted value. The additive error regression model is a 1D regression
model with sufficient predictor SP = h(x) = m(x).
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For the additive error regression model, the response plot is a plot of Y
versus Y where the identity line with unit slope and zero intercept is added as
a visual aid. The residual plot is a plot of Y versus r. Assume the errors e; are
iid from a unimodal distribution that is not highly skewed. Then the plotted
points should scatter about the identity line and the = 0 line (the horizontal
axis) with no other pattern if the fitted model (that produces 7 (x)) is good.

Response Plot

1700 1800

1600

1500

1550 1600 1650 1700 1750 1800

FIT

Residual Plot
O
7 o o ’
°
o Blp 0 o o® 00 o ] o 0
o o (@0 9,0 3903 o% ® 8o o 0 o
m o 0 008 gfhodoo g ey 0% g0 o o0 o
o ° ° 00 %00 s 9% o
o %0 .
bs) 63
8 “

1550 1600 1650 1700 1750 1800
FIT

Fig. 1.1 Residual and Response Plots for the Tremearne Data

Example 1.1. Tremearne (1911) presents a data set of about 17 mea-
surements on 115 people of Hausa nationality. We deleted 3 cases because
of missing values and used height as the response variable Y. Along with a
constant x;; = 1, the five additional predictor variables used were height
when sitting, height when kneeling, head length, nasal breadth, and span (per-
haps from left hand to right hand). Figure 1.1 presents the (ordinary) least
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squares (OLS) response and residual plots for this data set. These plots show
that an MLR model Y = 2”3 + ¢ should be a useful model for the data
since the plotted points in the response plot are linear and follow the identity
line while the plotted points in the residual plot follow the r = 0 line with
no other pattern (except for a possible outlier marked 44). Note that many
important acronyms, such as OLS and MLR, appear in Table 1.1.

To use the response plot to visualize the conditional distribution of Y|z 3,
use the fact that the fitted values ¥ = :cTB. For example, suppose the height
given fit = 1700 is of interest. Mentally examine the plot about a narrow
vertical strip about fit = 1700, perhaps from 1685 to 1715. The cases in the
narrow strip have a mean close to 1700 since they fall close to the identity
line. Similarly, when the fit = w for w between 1500 and 1850, the cases have
heights near w, on average.

Cases 3, 44, and 63 are highlighted. The 3rd person was very tall while
the 44th person was rather short. Beginners often label too many points as
outliers: cases that lie far away from the bulk of the data. Mentally draw a
box about the bulk of the data ignoring any outliers. Double the width of the
box (about the identity line for the response plot and about the horizontal
line for the residual plot). Cases outside of this imaginary doubled box are
potential outliers. Alternatively, visually estimate the standard deviation of
the residuals in both plots. In the residual plot look for residuals that are
more than 5 standard deviations from the » = 0 line. In Figure 1.1, the
standard deviation of the residuals appears to be around 10. Hence cases 3
and 44 are certainly worth examining.

The identity line can also pass through or near an outlier or a cluster
of outliers. Then the outliers will be in the upper right or lower left of the
response plot, and there will be a large gap between the cluster of outliers and
the bulk of the data. Figure 1.1 was made with the following R commands,
using hdpack function MLRplot and the major.lsp data set from the text’s
webpage.

major <- matrix(scan(),nrow=112,ncol=7,byrow=T)
#copy and paste the data set, then press enter
major <- major([,-1]

X<-major[,—6]

Y <- major([, 6]

MLRplot (X,Y) #left click the 3 highlighted cases,
#then right click Stop for each of the two plots

A problem with response and residual plots is that there can be a lot of
black in the plot if the sample size n is large (more than a few thousand).
A variant of the response plot for the additive error regression model would
plot the identity line, the two lines parallel to the identity line corresponding
to large sample 100(1 — 6)% prediction intervals for Yy that depends on Yj
Then plot points corresponding to training data cases that do not lie in their
100(1—6)% PI. Use 6 = 0.01 or 0.05. Try the following commands that used
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0 = 0.2 since n is small. The commands use the hdpack function AERplot.
See Problem 1.10.

out<-1sfit (X,Y)

res<-out$res

vhat<-Y-res

AERplot (yhat, Y, res=res,d=2,alph=1) #usual response plot
AERplot (yvhat, Y, res=res,d=2,alph=0.2)

#plots data outside the 80% pointwise PIs

n<-=100000; qg<-=7

b <=0 % 1l:g+ 1

X <- matrix(rnorm(n * g), nrow = n, ncol = q)

y <1 + x %*% b + rnorm(n)

out<-lsfit (x,vy)

res<-out$res

vhat<-y-res

dd<-length (outS$coef)

AERplot (yhat,y, res=res,d=dd, alph=1) #usual response plot
AERplot (vhat, y, res=res,d=dd, alph=0.01)

#plots data outside the 99% pointwise PIs

AERplot2 (yhat,y, res=res,d=2)

#response plot with 90% pointwise prediction bands

1.2.2 Response Transformations

A response transformation Y = ¢5(Z) can make the MLR model or additive
error regression model hold if the variable of interest Z is measured on the
wrong scale. For MLR, Y = t,(Z) = 7 3 + e, while for additive error regres-
sion, Y = tA\(Z) = m(x) + e. Predictor transformations are used to remove
gross nonlinearities in the predictors, and this technique is often very useful.
However, if there are hundreds or more predictors, graphical methods for
predictor transformations take too long. Olive (2017a, Section 3.1) describes
graphical methods for predictor transformations.

Power transformations are particularly effective, and a power transforma-
tion has the form x = t\(w) = w for A # 0 and x = to(w) = log(w) for
A= 0. Often A € Ar where

Ap={-1,-1/2,-1/3,0,1/3,1/2,1} (1.5)

is called the ladder of powers. Often when a power transformation is needed,
a transformation that goes “down the ladder,” e.g. from A =1 to A = 0 will
be useful. If the transformation goes too far down the ladder, e.g. if A = 0
is selected when A = 1/2 is needed, then it will be necessary to go back “up
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the ladder.” Additional powers such as +2 and +3 can always be added. The
following rules are useful for both response transformations and predictor
transformations.

a) The log rule states that a positive variable that has the ratio between
the largest and smallest values greater than ten should be transformed to
logs. So W > 0 and max(W)/ min(W) > 10 suggests using log(W).

b) The ladder rule appears in Cook and Weisberg (1999a, p. 86), and is
used for a plot of two variables, such as ESP versus Y for response transfor-
mations or x; versus xo for predictor transformations.

Ladder rule: To spread small values of a variable, make \ smaller.
To spread large values of a variable, make X\ larger.

Consider the ladder of powers. Often no transformation (A = 1) is best,
then the log transformation, then the square root transformation, then the
reciprocal transformation.

a) b)

1.4
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Fig. 1.2 Plots to Illustrate the Ladder Rule

Example 1.2. Examine Figure 1.2. Since w is on the horizontal axis,
mentally add a narrow vertical slice to the plot. If a large amount of data falls
in the slice at the left of the plot, then small values need spreading. Similarly,
if a large amount of data falls in the slice at the right of the plot (compared
to the middle and left of the plot), then large values need spreading. For
the variable on the vertical axis, make a narrow horizontal slice. If the plot
looks roughly like the northwest corner of a square then small values of the
horizontal and large values of the vertical variable need spreading. Hence in
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Figure 1.2a, small values of w need spreading. If the plot looks roughly like
the northeast corner of a square, then large values of both variables need
spreading. Hence in Figure 1.2b, large values of x need spreading. If the plot
looks roughly like the southwest corner of a square, as in Figure 1.2c, then
small values of both variables need spreading. If the plot looks roughly like
the southeast corner of a square, then large values of the horizontal and
small values of the vertical variable need spreading. Hence in Figure 1.2d,
small values of z need spreading.

Consider the additive error regression model Y = m(x) + e. Then the
response transformation model is Y = ¢5(Z) = my(x) + e, and the graphical
method for selecting the response transformation is to plot 7y, (@) versus
ta;(Z) for several values of \;, choosing the value of A = A\¢g where the plotted
points follow the identity line with unit slope and zero intercept. For the
multiple linear regression model, my, (z) = 73 ; Where B A, can be found
using the desired fitting method, e.g. OLS or lasso.

Definition 1.7. Assume that all of the values of the “response” Z; are
positive. A power transformation has the form Y = ¢5(Z) = Z* for A # 0
and Y = to(Z) =log(Z) for A = 0 where

A€ AL = {_1; _1/25 _1/35 Oa 1/35 1/25 1}

Definition 1.8. Assume that all of the values of the “response” Z; are
positive. Then the modified power transformation family

Z>—1

0(Z) = 2V = =

(1.6)

for A # 0 and Zl-(o) =log(Z;). Generally A € A where A is some interval such
as [—1,1] or a coarse subset such as Ar. This family is a special case of the
response transformations considered by Tukey (1957).

A graphical method for response transformations refits the model using
the same fitting method: changing only the “response” from Z to t\(Z).
Compute the “fitted values” w; using W; = ¢5(Z;) as the “response.” Then
a transformation plot of Wl versus W; is made for each of the seven values of
A € Ap, with the identity line added as a visual aid. Vertical deviations from
the identity line are the “residuals” r; = W; — Wl Then a candidate response
transformation Y = ¢x«(Z) is reasonable if the plotted points follow the
identity line in a roughly evenly populated band if the MLR or additive error
regression model is reasonable for Y = W and x. Curvature from the identity
line suggests that the candidate response transformation is inappropriate.

Notice that the graphical method is equivalent to making “response plots”
for the seven values of W = ¢5(Z), and choosing the “best response plot”
where the MLR model seems “most reasonable.” The seven “response plots”
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are called transformation plots below. Our convention is that a plot of X
versus Y means that X is on the horizontal axis and Y is on the vertical
axis.

Definition 1.9. A transformation plot is a plot of W versus W with the
identity line added as a visual aid.

a) lambda =1 b) lambda = 0.5
7 0" n oY
g N o | Q
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Fig. 1.8 Four Transformation Plots for the Textile Data

There are several reasons to use a coarse grid of powers. First, several of the
powers correspond to simple transformations such as the log, square root, and
cube root. These powers are easier to interpret than A = 0.28, for example.
According to Mosteller and Tukey (1977, p. 91), the most commonly used
power transformations are the A =0 (log), A\=1/2, A= -1, and A =1/3
transformations in decreasing frequency of use. Secondly, if the estimator An
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can only take values in Ay, then sometimes An will converge (e.g. in prob-
ability) to A* € Ay. Thirdly, Tukey (1957) showed that neighboring power
transformations are often very similar, so restricting the possible powers to
a coarse grid is reasonable. Note that powers can always be added to the
grid Ay,. Useful powers are +1/4,+2/3, 42, and +3. Powers from numerical
methods can also be added.

Application 1.1. This graphical method for selecting a response trans-
formation is very simple. Let W; = ¢t(Z;). Then for each of the seven values
of A € Ap, perform the regression fitting method, such as OLS or lasso, on
(W;,@;) and make the transformation plot of Wl versus W;. If the plotted
points follow the identity line for A\*, then take Mo = A, that is, Y = £y« (2)
is the response transformation.

If more than one value of A € Ay, gives a linear plot, take the simplest or
most reasonable transformation or the transformation that makes the most
sense to subject matter experts. Also check that the corresponding “residual
plots” of W versus W —W look reasonable. The values of \ in decreasing order
of importance are 1,0,1/2, —1, and 1/3. So the log transformation would be
chosen over the cube root transformation if both transformation plots look
equally good.

After selecting the transformation, the usual checks should be made. In
particular, the transformation plot for the selected transformation is the re-
sponse plot, and a residual plot should also be made. The following example
illustrates the procedure, and the plots show W = ¢,(Z) on the vertical axis.
The label “TZHAT” of the horizontal axis are the “fitted values” W that
result from using W = t5(Z) as the “response” in the OLS software.

Example 1.3: Textile Data. In their pioneering paper on response trans-
formations, Box and Cox (1964) analyze data from a 33 experiment on the
behavior of worsted yarn under cycles of repeated loadings. The “response”
Z is the number of cycles to failure and a constant is used along with the
three predictors length, amplitude, and load. Using the normal profile log
likelihood for A,, Box and Cox determine Mo = —0.06 with approximate 95
percent confidence interval —0.18 to 0.06. These results give a strong indi-
cation that the log transformation may result in a relatively simple model,
as argued by Box and Cox. Nevertheless, the numerical Box-Cox transfor-
mation method provides no direct way of judging the transformation against
the data.

Shown in Figure 1.3 are transformation plots of W versus W = Z* for
four values of A except log(Z) is used if A = 0. The plots show how the trans-
formations bend the data to achieve a homoscedastic linear trend. Perhaps
more importantly, they indicate that the information on the transformation
is spread throughout the data in the plot since changing A causes all points
along the curvilinear scatter in Figure 1.3a to form along a linear scatter in
Figure 1.3c. Dynamic plotting using A as a control seems quite effective for
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judging transformations against the data and the log response transformation
does indeed seem reasonable.

Note the simplicity of the method: Figure 1.3a shows that a response trans-
formation is needed since the plotted points follow a nonlinear curve while
Figure 1.3c suggests that Y = log(Z) is the appropriate response transforma-
tion since the plotted points follow the identity line. If all 7 plots were made
for A € A, then A = 0 would be selected since this plot is linear. Also, Figure
1.3a suggests that the log rule is reasonable since max(Z)/ min(Z) > 10.

1.3 The Multivariate Normal Distribution

For much of this book, X is an n X p design matrix, but this section will usu-
ally use the notation X = (Xi, ..., X;)7 and Y for the random vectors, and
x = (21, ...,2p) 7 for the observed value of the random vector. This notation
will be useful to avoid confusion when studying conditional distributions such
as Y| X = x. It can be shown that X is positive semidefinite and symmetric.

Definition 1.10: Rao (1965, p. 437). A p x 1 random vector X has
a p—dimensional multivariate normal distribution N,(p, X) iff t7 X has a
univariate normal distribution for any p x 1 vector ¢.

If X is positive definite, then X has a pdf

1

L —aE-mTE Nz
(27T)1”/2|Z|1/26 (1.7)

f(z) =

where | X|'/? is the square root of the determinant of X. Note that if p = 1,
then the quadratic form in the exponent is (z — p)(0?)7 (2 — ) and X has
the univariate N(u,o0?) pdf. If X' is positive semidefinite but not positive
definite, then X has a degenerate distribution. For example, the univariate
N(0,02) distribution is degenerate (the point mass at 0).

Definition 1.11. The population mean of a random p x 1 vector X =
(X1, Xp)T is
E(X) = (B(X1), .. B(Xp)"

and the p X p population covariance matriz
Cov(X) = BE(X — E(X))(X — B(X))" = (0y)-
That is, the ij entry of Cov(X) is Cov(X;, X;) = 0y;.

The covariance matrix is also called the variance—covariance matrix and
variance matrix. Sometimes the notation Var(X) is used. Note that Cov(X)
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is a symmetric positive semidefinite matrix. If X and Y are p x 1 random
vectors, a a conformable constant vector, and A and B are conformable
constant matrices, then

Ela+X)=a+E(X) and E(X+Y)=E(X)+E(Y) (1.8)
and
E(AX)=AE(X) and E(AXB)= AE(X)B. (1.9)
Thus
Cov(a+ AX) = Cov(AX) = ACov(X)AT. (1.10)

Some important properties of multivariate normal (MVN) distributions are
given in the following three theorems. These theorems can be proved using
results from Johnson and Wichern (1988, pp. 127-132) or Severini (2005, ch.
8).

Theorem 1.1. a) If X ~ N,(u, X), then E(X) = p and
Cov(X) = X.

b) If X ~ N,(u, X), then any linear combination ¢ X = t;X; + --- +
tpXp ~ N1 (tT p, t7 Xt). Conversely, if t7 X ~ Ny (t7 p, 7 Xt) for every p x 1
vector t, then X ~ Np(p, X).

¢) The joint distribution of independent normal random variables
is MVN. If X1, ..., X, are independent univariate normal N (y;,0?) random
vectors, then X = (X1, ..., Xp)T is Np(p, X) where p = (p1, ..., p1p)? and
X = diag(o3, ...,07) (so the off diagonal entries oy; = 0 while the diagonal
entries of X are 0;; = 07).

d) If X ~ N,(p, X) and if A is a ¢xp matrix, then AX ~ N, (Au, AZAT).
If @ is a p x 1 vector of constants and b is a constant, then a + bX ~
Ny(a +bp, b*>X). (Note that bX = bI,X with A =bI,.)

It will be useful to partition X, p, and X. Let X; and p; be ¢ x 1 vectors,
let X9 and ps be (p — ¢q) X 1 vectors, let 311 be a ¢ X ¢ matrix, let X1
be a ¢ X (p — ¢) matrix, let Y91 be a (p — ¢) X ¢ matrix, and let Y92 be a
(p — q) X (p — q) matrix. Then

X1 1y X1 XYoo
(X2>’ 2 (N2 o X1 Moo
Theorem 1.2. a) All subsets of a MVN are MVN: (Xj,,..., X; )7
~ Ny(j1, X) where ji; = E(X},) and X;; = Cov(Xy,;, Xk;). In particular,
Xl ~ Nq()u’la 211) and X2 ~ Np,q(,U/Q, 222).

b) If X; and X4 are independent, then Cov(X, Xo) = X2 =
E[(X1 - E(X1))(X2— E(X2))T] =0, a g x (p— ¢) matrix of zeroes.
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c) If X ~ N,(p,X), then X; and X, are independent iff ;5 = 0.
d) If X1 ~ Ng(pq, X11) and Xo ~ Np_g(o, Xa2) are independent, then

(32) =% () (%))

Theorem 1.3. The conditional distribution of a MVN is MVN. If
X ~ Np(p, X), then the conditional distribution of X; given that X, = @2
is multivariate normal with mean p; + X255, (2 — po) and covariance
matrix 211 - 2122521221. That iS,

X1|X2 = Ty ~~ Nq(/Ll + 2122;21($2 — /LQ), 211 — 2122521221).

Example 1.4. Let p = 2 and let (Y, X) have a bivariate normal distri-
bution. That is,

() = () Lewtion ™))

Also, recall that the population correlation between X and Y is given by

COV(X, Y) - O'X7y

YY) = JVAR(X),/VAR(Y) ox0y

ifox >0 and oy > 0. Then Y|X =2 ~ N(E(Y|X = z), VARY|X = x))

where the conditional mean

1
E(Y|X =z) = py + Cov(Y, X) 7

g(x—/LX):NY‘i‘p(XvY) (@ = px)

Q

and the conditional variance

1
VAR(Y|X = z) = 03 — Cov(X, Y)U—QCOV(X, Y)
X

0,2
=0y — p(X,Y)y U—QYP(X, Y)\/oky\/ oy
X

= U%’ - pQ(Xa Y)U%/ = U%’[l - pQ(Xa Y)]
Also aX + bY is univariate normal with mean apx + buy and variance
a’o% + b0} + 2ab Cov(X,Y).

Remark 1.4. There are several common misconceptions. First, it is not
true that every linear combination t” X of normal random variables
is a normal random variable, and it is not true that all uncorrelated
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normal random variables are independent. The key condition in The-
orem 1.1b and Theorem 1.2¢ is that the joint distribution of X is MVN. It
is possible that X1, X», ..., X, each has a marginal distribution that is uni-
variate normal, but the joint distribution of X is not MVN. See Seber and
Lee (2003, p. 23), and examine the following example from Rohatgi (1976,
p- 229). Suppose that the joint pdf of X and Y is a mixture of two bivariate
normal distributions both with EX = FY = 0 and VAR(X) = VAR(Y) =1,
but Cov(X,Y) = +p. Hence f(z,y) =

1 -1

1
— ex
2 27\/1— p2 p(2(1 —p?)

(z® = 2pzy + %)) +

1 1 -1

= exp

2 27\/1— p2 (2(1 —p?)
where x and y are real and 0 < p < 1. Since both marginal distributions of
fi(z,y) are N(0,1) for 4 = 1 and 2 by Theorem 1.2 a), the marginal distribu-
tions of X and Y are N(0,1). Since [ [zyfi(z,y)dzdy = p for i =1 and —p
for i =2, X and Y are uncorrelated, but X and Y are not independent since

f(z,y) # fx(2) fy (y)-

Remark 1.5. In Theorem 1.3, suppose that X = (Y, X2, ..., X;,)T. Let
Xl =Y and X2 = (XQ, ...,Xp)T. Then E[Y|X2] = 61 + 62X2 —+ -4 6po
and VAR[Y|X ;] is a constant that does not depend on Xo. Hence Y| X5 =
Bi+ BoXo + - -+ B, X, + e follows the multiple linear regression model.

(2® + 2pzy +y*)) =

i) + 5 ol )

N =

1.4 Outlier Detection

Outliers are cases that lie far away from the bulk of the data, and outliers can
ruin a statistical analysis. For multiple linear regression, the response plot is
often useful for outlier detection. Look for gaps in the response plot and for
cases far from the identity line. There are no gaps in Figure 1.1, but case 44
is rather far from the identity line. Figure 1.4 has a gap in the response plot.

Next, this section discusses a technique for outlier detection that works
well for certain outlier configurations provided bulk of the data consists of
more than n/2 cases. The technique could fail if there are g > 2 groups of
about n/g cases per group. First we need to define Mahalanobis distances
and the coordinatewise median. Some univariate estimators will be defined
first.
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1.4.1 The Location Model

The location model is
Yi=pu+e, i=1,...,n (1.11)

where e, ..., e, are error random variables, often independent and identically
distributed (iid) with zero mean. The location model is used when there is
one variable Y, such as height, of interest. The location model is a special
case of the multiple linear regression model and of the multivariate location
and dispersion model, where there are p variables x1, ..., x, of interest, such as
height and weight if p = 2. Statistical Learning is the analysis of multivariate
data, and the location model is an example of univariate data, not an example
of multivariate data.

The location model is often summarized by obtaining point estimates and
confidence intervals for a location parameter and a scale parameter. Assume
that there is a sample Y7, ...,Y,, of size n where the Y; are iid from a distri-
bution with median MED(Y'), mean E(Y'), and variance V(Y') if they exist.
Also assume that the Y; have a cumulative distribution function (cdf) F' that
is known up to a few parameters. For example, Y; could be normal, exponen-
tial, or double exponential. The location parameter p is often the population
mean or median while the scale parameter is often the population standard
deviation y/V (Y). The ith case is Y;.

Point estimation is one of the oldest problems in statistics and four impor-
tant statistics for the location model are the sample mean, median, variance,
and the median absolute deviation (MAD). Let Yi,...,Y, be the random
sample; i.e., assume that Y7, ..., Y, are iid. The sample mean is a measure of
location and estimates the population mean (expected value) p = E(Y).

Definition 1.12. The sample mean

_ Yy,
v 2 Vi (1.12)
n

If the data set Y1,...,Y, is arranged in ascending order from smallest to
largest and written as Y(;) < --- < Y,), then Y{; is the ith order statistic
and the Y(;)’s are called the order statistics. If the data Y1 = 1,Ys =4,Y3 =
2,Y, =5, and Y5 = 3, then Y = 3, Y =ifori=1,...5and MED(n) =3
where the sample size n = 5. The sample median is a measure of location
while the sample standard deviation is a measure of spread. The sample mean
and standard deviation are vulnerable to outliers, while the sample median
and MAD, defined below, are outlier resistant.

Definition 1.13. The sample median

MED (1) = Y{(n11)/2) if nis odd, (1.13)
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_ Yoo + Y2+
2
The notation MED(n) = MED(n,Y;) = MED(Y1, ..., Y;,) will also be used.

Definition 1.14. The sample variance

8721 _ Z?:l(yl - 7)2 — Z?:l YiQ _ n(?)Q, (1.14)

n—1 n—1

if n is even.

MED(n)

and the sample standard deviation S, = \/S2.
Definition 1.15. The sample median absolute deviation is
MAD(n) = MED(]Y; — MED(n)|, i =1,...,n). (1.15)

Since MAD(n) = MAD(n,Y;) is the median of n distances, at least half of
the observations are within a distance MAD(n) of MED(n) and at least half
of the observations are a distance of MAD(n) or more away from MED(n).
Like the standard deviation, MAD(n) is a measure of spread.

Example 1.5. Let the data be 1,2,3,4,5,6,7,8,9. Then MED(n) = 5
and MAD(n) = 2 = MED{0, 1,1,2,2,3,3,4,4}.

1.4.2 Outlier Detection with Mahalanobis Distances

Now suppose the multivariate data has been collected into an n X p matrix

T 1,1 1,2 --- T1,p
Ty
[ -| 2,1 2,2 ... T2p
W=X=1|:]= =[vivy...vp]
7,
Tn,1 Tn,2 --- Tn,p

where the ith row of W is the ith case 1 and the jth column v; of W
corresponds to n measurements of the jth random variable X; for j =1, ..., p.
Hence the n rows of the data matrix W correspond to the n cases, while the
p columns correspond to measurements on the p random variables X7, ..., X,,.
For example, the data may consist of n visitors to a hospital where the p = 2
variables height and weight of each individual were measured.

Definition 1.16. The coordinatewise median MED(W') = (MED(X4), ...,
MED(X,))” where MED(X;) is the sample median of the data in column i
corresponding to variable X; and v;.

Example 1.6. Let the data for X; be 1,2, 3,4, 5,6, 7, 8,9 while the data for
X, is 7,17,3,8,6,13,4,2,1. Then MED(W) = (MED(X;), MED(X>))? =
(5,6)T.
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For multivariate data, sample Mahalanobis distances play a role similar to
that of residuals in multiple linear regression. Let the observed training data
be collected in an n x p matrix W. Let the p x 1 column vector T' = T(W)
be a multivariate location estimator, and let the p x p symmetric positive
definite matrix C' = C(W) be a dispersion estimator.

Definition 1.17. Let zyj, ..., 2,; be measurements on the jth random
variable X; corresponding to the jth column of the data matrix W. The

n
jth sample mean is T; = - E zr;. The sample covariance S;; estimates

COV(Xi,Xj) = 045 = E[(Xl —kE:(le))(XJ — E(XJ))], and

1 < _ _
Sij = —— > (ki — ) (wrs — Fj).
k=1
Sii = S? is the sample variance that estimates the population variance
oy = o2. The sample correlation r;; estimates the population correlation
i

COI‘(Xl',Xj) = Pij = < y and

g; 7

Sij Sy Dkt (Thi — Ti) (k5 — T5)

Tii = = = - — - — .
PSS VEaSi Vo n — ER (w7

Definition 1.18. Let 1, ...,x, be the data where x; is a p x 1 vector.
The sample mean or sample mean vector

__1¢ — —r_ Leor
xr = szl = (xl,...,xp) = EW 1
1=1
where 1 is the n x 1 vector of ones. The sample covariance matrix

1

n—1

S:

> (@i —®) (@ —7)" = (Si)).

=1

That is, the ij entry of S is the sample covariance S;;. The classical estimator
of multivariate location and dispersionis (T,C) = (&, S).

It can be shown that (n —1)S =" z;zl —z &’ =
1
wW'w - —wiil"w.
n

1
Hence if the centering matric H = I — =117 then (n —1)S = W HW.
n
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Definition 1.19. The sample correlation matrix
R = (ri5).
That is, the ¢j entry of R is the sample correlation 7;;.

Let the standardized random variables
Ti—Tj
ZJ — J J
Sjj

for j =1, ..., p. Then the sample correlation matrix R is the sample covariance
matrix of the z; = (Z1, ..., Zip)? where i = 1,...,n.

Often it is useful to standardize variables with a robust location estimator
and a robust scale estimator. The R function scale is useful. The R code
below shows how to standardize using

.Ij — MED({EJ)

Zi = MAD(z,)

for j = 1,...,p. Here MED(z;) = MED(x1j,...,2n;) and MAD(z;) =
MAD(z1j, ..., Tn;) are the sample median and sample median absolute de-
viation of the data for the jth variable: 1, ..., ;. See Definitions 1.13 and
1.15. Some of these results are illustrated with the following R code.

x <— buxx[,1:3]; cov(x)

len nasal bigonal
len 118299.9257 -191.084603 -104.718925
nasal -191.0846 18.793905 -1.967121
bigonal -104.7189 -1.967121 36.796311
cor (x)

len nasal bigonal
len 1.00000000 -0.12815187 -0.05019157
nasal -0.12815187 1.00000000 -0.07480324

bigonal -0.05019157 -0.07480324 1.00000000
z <— scale (x)

cov (z)

len nasal bigonal
len 1.00000000 -0.12815187 -0.05019157
nasal -0.12815187 1.00000000 -0.07480324

bigonal -0.05019157 -0.07480324 1.00000000

medd <- apply (x,2,median)

madd <- apply(x,2,mad)/1.4826

z <— scale (x,center=medd, scale=madd)
ddplot4d (z) #scaled data still has 5 outliers
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cov (z) #in the length variable

len nasal bigonal
len 4731.997028 -12.738974 -6.981262
nasal -12.738974 2.088212 -0.218569
bigonal -6.981262 -0.218569 4.088479
cor (z)

len nasal bigonal
len 1.00000000 -0.12815187 -0.05019157
nasal -0.12815187 1.00000000 -0.07480324

bigonal -0.05019157 -0.07480324 1.00000000

apply (z, 2,median)

len nasal bigonal

0 0 0

#scaled data has coord. median = (0,0,0)"°T
apply (z,2,mad) /1.4826

len nasal bigonal

1 1 1 #scaled data has unit MAD

Notation. A rule of thumb is a rule that often but not always works well
in practice.

Rule of Thumb 1.1. Multivariate procedures in low dimensions often
start to give good results for n > 10p, especially if the distribution is close to
multivariate normal. In particular, we want n > 10p for the sample covariance
and correlation matrices. For procedures with large sample theory on a large
class of distributions, for any value of n, there are always distributions where
the results will be poor, but will eventually be good for larger sample sizes.
Hence sometimes smaller n can be used, and sometimes much larger n is
needed. This rule of thumb is called the One in Ten Rule by Wikepedia.
Also see Austin and Steyerberg (2015), Green (1991), Harrell (2015, p. 72),
Harrell, Lee, and Mark (1996), Hair et al. (2009, pp. 573-574), Norman and
Streiner (1986, pp. 122, 130, 157), and Vittinghoff and McCulloch (2006).
This rule of thumb is much like the rule of thumb that says the central limit
theorem normal approximation for Y starts to be good for many distributions
for n > 30. For high dimensional statistics, this rule of thumb can be useful
after variable selection results in k predictors if n > 10k.

Definition 1.20. The ith Mahalanobis distance D; = /D? where the ith
squared Mahalanobis distance is

D2 = DXT(W),C(W)) = (a: — T(W))"C~ (W) (@, - T(W)) (1.16)

for each point @;. Notice that D? is a random variable (scalar valued). Let

(T, C) = (T(W),C(W)). Then
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D2(T,C) = (x - T)'C ' (x - T).
Hence D? uses x = x;.

Let the p x 1 location vector be u, often the population mean, and let
the p x p dispersion matrix be X' often the population covariance matrix.
See Definition 1.11. Notice that if « is a random vector, then the population
squared Mahalanobis distance is

D3 (1, 2) = (@—p)" 2 @ - p) (1.17)

and that the term X~ /%(x — p) is the p—dimensional analog to the z-score
used to transform a univariate N(u,0?) random variable into a N (0, 1) ran-
dom variable. Hence the sample Mahalanobis distance D; = \/D_l2 is an ana-
log of the absolute value |Z;| of the sample Z-score Z; = (X; — X)/6. Also
notice that the Euclidean distance of @; from the estimate of center T'(W')
is D;(T' (W), I,,) where I, is the p x p identity matrix.

1.4.3 Outlier Detection if p > n

Most outlier detection methods work best if n > 20p, but often data sets have
p > n, and outliers are a major problem. One of the simplest outlier detection
methods uses the Euclidean distances of the x; from the coordinatewise me-
dian D; = D;(MED(W), I,,). Concentration type steps compute the weighted
median MED;: the coordinatewise median computed from the “half set” of
cases z; with D? < MED(D?(MED;_1,I,)) where MED, = MED(W).
We often used ;7 = 0 (no concentration type steps) or j = 9. Let D; =
D;(MED;, I,,). Let W; = 1 if D, < MED(Dx, ..., D,,) + kMAD(Dx, ..., Dy,)
where k£ > 0 and k = 5 is the default choice. Let W; = 0, otherwise. Using
k > 0 insures that at least half of the cases get weight 1. This weighting
corresponds to the weighting that would be used in a one sided metrically
trimmed mean (Huber type skipped mean) of the distances.

Application 1.2. This outlier resistant regression method uses terms from
the following definition. Let the ith case w; = (Y;, £7)T where the continuous
predictors from x; are denoted by u; for ¢ = 1,...,n. Apply the covmb2
estimator to the w;, and then run the regression method on the m cases w;
corresponding to the covmb2 set B indices i1, ..., im,, where m > n/2.

Definition 1.21. Let the coumb2 set B of at least n/2 cases correspond
to the cases with weight W; = 1. Then the covmb2 estimator (T, C) is the
sample mean and sample covariance matrix applied to the cases in set B.
Hence
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_ Z?:l W'Lml and C — Z?:l W’L(m’b _ T)(m’b _ T)T
Z?:l Wi Z?:l Wi — 1 '

Example 1.7. Let the clean data (nonoutliers) be i 1 for i = 1,2, 3, 4, and
5 while the outliers are j 1 for j = 16,17,18,and 19. Here n =9 and 1is px 1.
Making a plot of the data for p = 2 may be useful. Then the coordinatewise
median MEDy = MED(W) = 5 1. The median Euclidean distance of the data
is the Euclidean distance of 5 1 from 1 1 = the Euclidean distance of 5 1 from
9 1. The median ballis the hypersphere centered at the coordinatewise median
with radius r = MED(D;(MED(W), I,)), i = 1,...,n) that tends to contain
(n+1)/2 of the cases if n is odd. Hence the clean data are in the median ball
and the outliers are outside of the median ball. The coordinatewise median
of the cases with the 5 smallest distances is the coordinatewise median of
the clean data: MED; = 3 1. Then the median Euclidean distance of the
data from MED; is the Euclidean distance of 3 1 from 1 1 = the Euclidean
distance of 3 1 from 5 1. Again the clean cases are the cases with the 5 smallest
Euclidean distances. Hence MED; =3 1for j > 1. For j > 1, ifx; = j 1, then
Di = |] - 3|\/§ Thus D(l) = 0, D(2) = D(g) = \/ﬁ, and D(4) = D(5) = 2\/5.
Hence MED(Dy, ..., D) = D5y = 2,/p = MAD(Dx, ..., Dy,) since the median
distance of the D; from D(s) is 2,/p — 0 = 2,/p. Note that the 5 smallest
absolute distances |D; — Ds)| are 0,0, /p, /p, and 2,/p. Hence W; = 1 if
D; <2,/p+10,/p = 12,/p. The clean data get weight 1 while the outliers
get weight 0 since the smallest distance D; for the outliers is the Euclidean
distance of 3 1 from 16 1 with a D; = [|16 1 — 3 1|| = 13,/p. Hence the
covmb?2 estimator (T, C) is the sample mean and sample covariance matrix
of the clean data. Note that the distance for the outliers to get zero
weight is proportional to the square root of the dimension ,/p.

T

The covmb2 estimator attempts to give a robust dispersion estimator
that reduces the bias by using a big ball about MED; instead of a ball that
contains half of the cases. The weighting is the default method, but you can
also plot the squared Euclidean distances and estimate the number m > n/2
of cases with the smallest distances to be used. The hdpack function medout
makes the plot, and the hdpack function getB gives the set B of cases that
got weight 1 along with the index indx of the case numbers that got weight
1. The function vecw stacks the columns of the dispersion matrix C into a
vector. Then the elements of the matrix can be plotted.

The function ddplot5 plots the Euclidean distances from the coordi-
natewise median versus the Euclidean distances from the covmb2 location
estimator. Typically the plotted points in this DD plot cluster about the
identity line, and outliers appear in the upper right corner of the plot with
a gap between the bulk of the data and the outliers. An alternative for out-
lier detection is to replace C by C4 = diag(611, ..., 0pp). For example, use
i = Cl;. See Ro et al. (2015) and Tarr et al. (2016) for references.
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Example 1.8. For the Buxton (1920) data with multiple linear regression,
height was the response variable while an intercept, head length, nasal height,
bigonal breadth, and cephalic indexr were used as predictors in the multiple
linear regression model. Observation 9 was deleted since it had missing values.
Five individuals, cases 61-65, were reported to be about 0.75 inches tall with
head lengths well over five feet! See Problem 1.13 to reproduce the following
plots.

a) lasso
o
o
9]
- _
o
s
o)
o
I I I I
0 500 1000 1500
yhat
b) lasso using covmb set B
goug"é@s@ﬁs@g@gg@so“
Yol
N _
o
S
[T9)
o —‘ (0] (¢] ‘O O‘ o ‘
1660 1680 1700 1720
yhat

Fig. 1.4 Response plot for lasso and lasso applied to the covmb2 set B.

Figure 1.4a) shows the response plot for lasso. The identity line passes
right through the outliers which are obvious because of the large gap. Figure
1.4b) shows the response plot from lasso for the cases in the covmb2 set
B applied to the predictors, and the set B included all of the clean cases
and omitted the 5 outliers. The response plot was made for all of the data,
including the outliers. Prediction interval (PI) bands are also included for
both plots. Both plots are useful for outlier detection, but the method for
plot 1.4b) is better for data analysis: impossible outliers should be deleted or
given 0 weight, we do not want to predict that some people are about 0.75
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Fig. 1.5 DD plot.

inches tall, and we do want to predict that the people were about 1.6 to 1.8
meters tall. Figure 1.5 shows the DD plot made using ddplot5. The five
outliers are in the upper right corner.

Also see Problem 1.14 where the covmb2 set B deleted the 8 cases with
the largest D;, including 5 outliers and 3 clean cases.

Example 1.9. This example helps illustrate the effect of outliers on clas-
sical methods. The artificial data set had n = 50,p = 100, and the clean
data was iid N,(0,I,). Hence the diagonal elements of the population co-
variance matrix are 0 and the diagonal elements are 1. Plots of the elements
of the sample covariance matrix S and the covmb2 estimator C' are not
shown, but were similar to Figure 1.6. Then the first ten cases were contam-
inated: @; ~ N,(u,1001,) where p = (10,0, ...,0)T. Figure 1.6 shows that
the covmb2 dispersion matrix C' was not much effected by the outliers. The
diagonal elements are near 1 and the off diagonal elements are near 0. Figure
1.7 shows that the sample covariance matrix S was greatly effected by the
outliers. Several sample covariances are less than —20 and several sample
variances are over 40.

R code to used to produce Figures 1.6 and 1.7 is shown below.

#n = 50, p = 100

x<-matrix (rnorm(5000), nrow=50,ncol=100)
out<-medout (x) #no outliers, try ddplotb5 (x)
out <- covmb2 (x,msteps=0)
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Fig. 1.6 Elements of C for outlier data.
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Fig. 1.7 Elements of the classical covariance matrix S for outlier data.
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z<-out$cov

plot (diag(z)) #plot the diagonal elements of C
plot (out$center) #plot the elements of T

vecz <—- vecw(z)$vecz

plot (vecz)

out<-covmb2 (x,m=45)
plot (out$center)
plot (diag (out$cov))

#outliers

x[1:10,] <= 10xx[1:10,]

x[1:10,1] <= x[1:10]1+10

medout (x) #The 10 outliers are easily detected in
#the plot of the distances from the MED (X) .
ddplot5(x) #two widely separated clusters of data
tem <- getB(x,msteps=0)

tem$indx #all 40 clean cases were used

dim(tem$B) #40 by 100

out<-covmb2 (x, msteps=0)

z<-out$cov

plot (diag(z))

plot (out$center)

vecz <—- vecw(z)$vecz

plot (vecz) #plot the elements of C

#Figure 1.6

#examine the sample covariance matrix and mean
plot (diag(var(x)))

plot (apply (x,2,mean)) #plot elements of xbar
zc <— var (x)

vecz <- vecw(zc) S$vecz

plot (vecz) #plot the elements of S

#Figure 1.7

out<-medout (x) #10 outliers
out<-covmb2 (x, m=40)

plot (out$center)

plot (diag (out$cov))

The covmb?2 estimator can also be used for n > p. The hdpack function
mldsimé6 suggests that for 40% outliers, the outliers need to be further away
from the bulk of the data (covmb2 (k=5) needs a larger value of pm) than for
the other six estimators if n > 20p. With some outlier types, covmb2 (k=5)
was often near best. Try the following commands. The other estimators need
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n > 2p, and as n gets close to 2p, covmb2 may outperform the other esti-
mators. Also see Problem 1.15.

#near point mass on major axis

mldsim6 (n=100,p=10,outliers=1,gam=0.25, pm=25)

mldsimé6 (n=100,p=10,outliers=1,gam=0.4,pm=25) #bad
mldsim6 (n=100, p=40,outliers=1,gam=0.1,pm=100)

mldsim6 (n=200,p=60,ocutliers=1,gam=0.1,pm=100)

#mean shift outliers

mldsim6 (n=100,p=40,outliers=3,gam=0.1,pm=10)

mldsim6 (n=100, p=40,outliers=3,gam=0.25, pm=20)

mldsim6 (n=200,p=60,outliers=3,gam=0.1,pm=10)
#concentration steps can help

mldsim6 (n=100,p=10,outliers=3,gam=0.4,pm=10, osteps=0)
mldsim6 (n=100,p=10,outliers=3,gam=0.4,pm=10, osteps=9)

Elliptically contoured distributions, defined below, are an important class
of distributions for multivariate data. The multivariate normal distribution
is also an elliptically contoured distribution. This distributions is useful for
discriminant analysis in Chapter 8 and for multivariate analysis in Chapter
10.

Definition 1.22: Johnson (1987, pp. 107-108). A p x 1 random vector
X has an elliptically contoured distribution, also called an elliptically sym-
metric distribution, if X has joint pdf

f(z) = k| 27 2gl(z = )" Z7H(z - ), (1.18)
and we say X has an elliptically contoured EC,(p, X, g) distribution.

If X has an elliptically contoured (EC) distribution, then the characteristic
function of X is

6 x (t) = exp(it " w) (" St) (1.19)

for some function 1. If the second moments exist, then
EX)=pn (1.20)

and
Cov(X)=cx X (1.21)

where

Cx = —21/)/(0)
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1.5 Large Sample Theory

The first three subsections will review large sample theory for the univariate
case, then multivariate theory will be given.

1.5.1 The CLT and the Delta Method

Large sample theory, also called asymptotic theory, is used to approximate
the distribution of an estimator when the sample size n is large. This the-
ory is extremely useful if the exact sampling distribution of the estimator is
complicated or unknown. To use this theory, one must determine what the
estimator is estimating, the rate of convergence, the asymptotic distribution,
and how large n must be for the approximation to be useful. Moreover, the
(asymptotic) standard error (SE), an estimator of the asymptotic standard
deviation, must be computable if the estimator is to be useful for inference.
Often the bootstrap can be used to compute the SE.

Theorem 1.4: the Central Limit Theorem (CLT). Let Y3, ..., Y, be
iid with E(Y)) = g and VAR(Y) = ¢2. Let the sample mean Y, = + > | V;.
Then

\/E(Yn - ,u) 2) N(Oa 02)'

Ja (@) —Jn (W) Z N(0,1).

Hence

Note that the sample mean is estimating the population mean p with a \/n
convergence rate, the asymptotic distribution is normal, and the SE = S/\/n
where S is the sample standard deviation. For distributions “close” to the
normal distribution, the central limit theorem provides a good approximation
if the sample size n > 30. Hesterberg (2014, pp. 41, 66) suggests n > 5000 is
needed for moderately skewed distributions, but the n > 30 rule works fairly
well for the exponential distribution. A special case of the CLT is proven
after Theorem 1.17.

Notation. The notation X ~ Y and X 2 Y both mean that the random
variables X and Y have the same distribution. Hence Fx (z) = Fy (y) for all

real y. The notation Y, Z X means that for large n we can approximate the
cdf of Y, by the cdf of X. The distribution of X is the limiting distribution
or asymptotic distribution of Y,,. For the CLT, notice that

en(22)- (5
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is the z-score of Y. If Z, 2 N(0,1), then the notation Z, =~ N(0,1), also
written as Z,, ~ AN (0, 1), means approximate the cdf of Z,, by the standard
normal cdf. See Definition 1.23. Similarly, the notation

771 ~ N(,Uﬂ 0’2/71),

also written as Y, ~ AN(p,0?/n), means approximate the cdf of Y, as
if Y,, ~ N(p,0?/n). The distribution of X does not depend on n, but the
approximate distribution Y,, ~ N (u, 02/n) does depend on n.

The two main applications of the CLT are to give the limiting distribution
of /n(Y,, — i) and the limiting distribution of \/n(Y,,/n — ux) for a random
variable Y;, such that Y,, = >""" | X; where the X; are iid with E(X) = px
and VAR(X) = 0%.

Example 1.10. a) Let Yi,...,Y, be iid Ber(p). Then E(Y) = p and
VAR(Y) = p(1 — p). (The Bernoulli (p) distribution is the binomial (1,p)
distribution.) Hence

V(Y —p) & N0, p(1 - p))

by the CLT.
b) Now suppose that Y, ~ BIN(n,p). Then Y, 2 S, X; where
X1, ..., X, are iid Ber(p). Hence

\/ﬁ(% —p) L N(0,p(1 - p))
since
V%(%-m)9¢m7Ww»2Nmma—m>
by a).

¢) Now suppose that Y,, ~ BIN(k,, p) where k,, — 0o as n — co. Then

VI (= 0) % N (0.1 = )

or
Y, 1-
o~ N (p, ¥> or Y, = N (kyp, knp(l —p)).

Theorem 1.5: the Delta Method. If g does not depend on n, ¢'(6) # 0,
and
VT, —0) 2 N(0,0%),

then
Valg(T,) — g(6) 2 N (0,024 (6)]2).
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Example 1.11. Let Y7, ..., Y, be iid with E(Y) = p and VAR(Y) = o2
Then by the CLT,

VY, — ) 2 N(0,0).
Let g(p) = p?. Then ¢'(u) = 21 # 0 for p # 0. Hence

V(Y 0)? = u2) 5 N(0, 40%42)
for u # 0 by the delta method.
Example 1.12. Let X ~ Binomial(n,p) where the positive integer n is
large and 0 < p < 1. Find the limiting distribution of v/ l (%) c 2 ] .

Solution. Example 1.10b gives the limiting distribution of \/ﬁ(% —p). Let
g(p) = p%. Then ¢'(p) = 2p and by the delta method,

[ ] (o))

N(0,p(1=p)(g'()*) = N(0,p(1 — p)dp*) = N(0,4p(1 — p)).

Example 1.13. Let X,, ~ Poisson(n)) where the positive integer n is
large and A > 0.

Xn
a) Find the limiting distribution of v/n ( — - )
n

Xn
b) Find the limiting distribution of v/n l VAN ] .
n

Solution. a) X, 2 S, Y where the Y; are iid Poisson(\). Hence E(Y) =
A= Var(Y). Thus by the CLT,

vn (%—A)E\/ﬁ (%—A)gN(O,A).

b) Let g(A\) = v/A. Then ¢’'(\) = 575 and by the delta method,

Vi [ . x/X]—\/ﬁ (4(52) o) 2

N, A (¢ (\)2) = N (o, Aﬁ) -N (0, i) .

Example 1.14. Let Y3, ..., Y, be independent and identically distributed
(iid) from a Gamma(a, §) distribution.
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a) Find the limiting distribution of vn (Y — af ).

b) Find the limiting distribution of v/n ( V) - ¢ ) for appropriate con-
stant c.

Solution: a) Since E(Y) = a8 and V(Y) = a8?, by the CLT

Vi (Y= ap) 2 N(0,ap?).
b) Let 4 = af and o2 = af? Let g(u) = p? so ¢'(u) = 2u and
[¢/(1)]2 = 442 = 40232 Then by the delta method, v ( (¥V)? - ¢) 2

N(0,0%[g/ (1)]?) = N(0,40°3%) where ¢ = i = a2,

1.5.2 Modes of Convergence and Consistency

Definition 1.23. Let {Z,,,n = 1,2,...} be a sequence of random variables
with cdfs F},, and let X be a random variable with cdf F'. Then Z,, converges
in distribution to X, written

Lp — X

or Z, converges in law to X, written Z, L X, if

lim F,(t) = F(t)

n—oo
at each continuity point ¢ of F'. The distribution of X is called the limiting
distribution or the asymptotic distribution of Z,,.

An important fact is that the limiting distribution does not depend
on the sample size n. Notice that the CLT and delta method give the
limiting distributions of Z, = /n(Y, — u) and Z, = /n(g9(T,) — 9(9)),
respectively.

Convergence in distribution is useful if the distribution of X,, is unknown
or complicated and the distribution of X is easy to use. Then for large n we
can approximate the probability that X,, is in an interval by the probability

that X is in the interval. To see this, notice that if X, LA X, then P(a <
Xp <b) = Fy(b) — F(a) = F(b) — F(a) = P(a < X <) if F' is continuous
at a and b.

Warning: convergence in distribution says that the cdf F,,(t) of X,, gets
close to the cdf of F(t) of X as n — oo provided that ¢ is a continuity
point of F. Hence for any € > 0 there exists IV; such that if n > N, then
|F(t) — F(t)] < e. Notice that Ny depends on the value of ¢. Convergence in
distribution does not imply that the random variables X,, = X,,(w) converge
to the random variable X = X (w) for all w.
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Example 1.15. Suppose that X,, ~ U(—1/n,1/n). Then the cdf F,(z) of
X, is

0, z < %1
Fal@)=q%+5 T <a<g
1, T > %
Sketching F),(z) shows that it has a line segment rising from 0 at z = —1/n

to 1 at x = 1/n and that F,(0) = 0.5 for all n > 1. Examining the cases
rz <0,z =0, and = > 0 shows that as n — oo,

0, <0
Fo(z) > 2 =0
1,z >0.

Notice that the right hand side is not a cdf since right continuity does not
hold at « = 0. Notice that if X is a random variable such that P(X = 0) =1,

then X has cdf
0, <0

FX(x>_{1,xzo.

Since z = 0 is the only discontinuity point of Fix () and since F,(x) — Fx(z)
for all continuity points of Fix(x) (i.e. for x # 0),

x, 2 x.

Example 1.16. Suppose Y,, ~ U(0,n). Then F,(t) =t/nfor0 <t <n
and F,,(t) = 0 for t < 0. Hence lim,, o, F,,(t) = 0 for t < 0. If ¢ > 0 and
n > t, then F,(t) = t/n — 0 as n — oo. Thus lim,_,« F,,(t) = 0 for all
t, and Y,, does not converge in distribution to any random variable Y since
H(t) =0 is not a cdf.

Definition 1.24. A sequence of random variables X,, converges in distri-
bution to a constant T(0), written

X, 270, if X,2X

where P(X = 7(0)) = 1. The distribution of the random variable X is said
to be degenerate at T(6) or to be a point mass at 7(0).

Definition 1.25. A sequence of random variables X,, converges in prob-
ability to a constant 7(6), written

X, L 7(0),
if for every € > 0,

lim P(| X, —7(0)] <€) =1 or,equivalently, lim P(|X, —7(0)| >¢€) =0.



36 1 Introduction

The sequence X,, converges in probability to X, written
X, 2 x,
if X, - X 50.
Notice that X, £ X if for every € > 0,
nlggo P(|X, — X| <e€) =1, or,equivalently, nlggo P(| Xy, —X| >¢€) =0.

Definition 1.26. Let the parameter space © be the set of possible values
of 0. A sequence of estimators T, of 7() is consistent for 7(0) if

T, = 7(0)

for every 6 € ©. If T, is consistent for 7(), then T,, is a consistent esti-
mator of 7(6).

Consistency is a weak property that is usually satisfied by good estimators.
T, is a consistent estimator for 7() if the probability that T, falls in any
neighborhood of 7(0) goes to one, regardless of the value of 6 € 6.

Definition 1.27. For a real number r > 0, Y,, converges in rth mean to a
random variable Y, written
Y, 5,

if
E(Y,=Y[|") =0
as n — oo. In particular, if r = 2, Y,, converges in quadratic mean to Y,
written
Y, 2Y or Yo 2,
if
E[(Y, =Y)’] =0
as n — oo.
Theorem 1.6: Generalized Chebyshev’s Inequality. Let v : R —
[0, 00) be a nonnegative function. If E[u(Y")] exists then for any ¢ > 0,
Elu(Y)]

c

Plu(Y) > <
If u = E(Y) exists, then taking u(y) = |y — u|” and é = ¢" gives
Markov’s Inequality: for r > 0 and any ¢ > 0,
T T ElY — H "
PIY — > d = Py —pff > 7] < 2 =0,

CT
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If r = 2 and 0? = VAR(Y) exists, then we obtain
Chebyshev’s Inequality:

VAR(Y
PIY -l > o) < VAR

Proof. The proof is given for pdfs. For pmfs, replace the integrals by sums.
Now

Bu) = [ vy = [ s [ s

{y:u(y)<c}
> / u(y) f(y)dy
{y:u(y)>c}

since the integrand u(y)f(y) > 0. Hence

Buze [ Sy = cPlu(y) 2. O

The following theorem gives sufficient conditions for 7;, to be a consistent
estimator of 7(0). Notice that Eg[(T, — 7(0))*] = MSE.(9)(T») — 0 for all

0 € O is equivalent to T}, &= 7(6) for all € O.
Theorem 1.7. a) If

lim MSE, ) (T,) =0

n—oo

for all # € ©, then T,, is a consistent estimator of 7(f).
b) If
lim VAR(T,,) =0 and lim Ey(T,) = 7(6)

for all # € ©, then T,, is a consistent estimator of 7(0).
Proof. a) Using Theorem 1.6 with Y = T,,, u(T,,) = (T, — 7())? and
¢ = €2 shows that for any € > 0,
Eo[(T,, — 7(6))?
Py(|T, — 7(0)] > €) = Py[(T}, — 7(0))* > %] < M.

= 62

Hence
lim Fp[(T, — 7(0))*] = lim MSE, ) (T,) — 0

n—oo

is a sufficient condition for T, to be a consistent estimator of 7(9).
b) Recall that

MSE,)(T) = VAR(T},) + [Bias,(g) (T))?
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where Bias;g)(Tn) = Eg¢(Tn) — 7(0). Since MSE,4)(T,) — 0 if both
VARy(T,) — 0 and Bias,4)(Tn) = E¢(Tw) — 7(6) — 0, the result follows
from a). O

The following result shows estimators that converge at a /n rate are con-
sistent. Use this result and the delta method to show that g(7},) is a consistent
estimator of g(6). Note that b) follows from a) with Xy ~ N(0,v()). The
WLLN shows that Y is a consistent estimator of E(Y) = pu if E(Y) exists.

Theorem 1.8. a) Let Xy be a random variable with distribution depend-
ingon @, and 0 < § < 1.1If

n (T, — 7(0)) 2 X,

then T}, 5 7(9).
b) If

Va(T, —7(8)) 2 N(0,v(9))

for all # € ©, then T,, is a consistent estimator of 7(f).

Definition 1.28. A sequence of random variables X,, converges almost
everywhere (or almost surely, or with probability 1) to X if

P(lim X, =X)=1.

n—oo

This type of convergence will be denoted by
X, & X.

Notation such as “X,, converges to X ae” will also be used. Sometimes “ae”
will be replaced with “as” or “wpl.” We say that X,, converges almost ev-
erywhere to 7(0), written

X, % 1(0),

if P(limy,—0o X, = 7(0)) = 1.

Theorem 1.9. Let Y,, be a sequence of iid random variables with E(Y;) =
. Then -
a) Strong Law of Large Numbers (SLLN): Y,, %5 1, and

b) Weak Law of Large Numbers (WLLN): Y, il L.

Proof of WLLN when V(Y;) = 0%: By Chebyshev’s inequality, for every
€e>0,
= V(Y, o2
P(lYn—plze)s —5—=—5-0

asn — oo. O
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In proving consistency results, there is an infinite sequence of estimators
that depend on the sample size n. Hence the subscript n will be added to the
estimators.

Definition 1.29. Lehmann (1999, pp. 53-54): a) A sequence of random
variables W), is tight or bounded in probability, written W,, = Op(1), if for
every € > 0 there exist positive constants D, and N, such that

P(|WH|SDE)Z]~_€

for all n > N.. Also W,, = Op(X,,) if |W,,/X,| = Op(1). Similarly, W,, =
Op(n=12) if |\/n W,| = Op(1).
b) The sequence W,, = op(n~?) if n°W,, = op(1) which means that

n‘sWn L 0.

¢) W, has the same order as X,, in probability, written W,, <p X,,, if for
every € > 0 there exist positive constants N, and 0 < d. < D, such that

W, 1 X, 1
<|==2|< =P(=—<|Z2Z|<= )>1-
P(dé_’X _DE> P(DE_Wn_d)_l ‘

n

for all n > N..

d) Similar notation is used for a k x r matrix A, = A = [a; ;(n)] if each
element a; j(n) has the desired property. For example, A = Op(n~'/2) if
each a; j(n) = Op(n='/2).

Definition 1.30. Let W,, = ||f1,, — p|l.

a) If W,, <p n~% for some & > 0, then both W,, and f1,, have (tightness)
rate n°.

b) If there exists a constant x such that

n® (W, — k) B x

for some nondegenerate random variable X, then both W, and f, have
convergence rate n’.

Theorem 1.10. Suppose there exists a constant x such that
n (W, — k) 2 x.

a) Then W,, = Op(n~?).
b) If X is not degenerate, then W, =<p n=9.

The above result implies that if W,, has convergence rate n‘s, then W,, has
tightness rate n%, and the term “tightness” will often be omitted. Part a) is
proved, for example, in Lehmann (1999, p. 67).
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The following result shows that if W,, <p X,,, then X,, <xp W, W,, =
Op(X,), and X,, = Op(W,,). Notice that if W,, = Op(n=?), then n’ is
a lower bound on the rate of W,,. As an example, if the CLT holds then
Y, =O0p(n=3), but Y,, xp n=/2.

Theorem 1.11. a) If W,, <xp X,,, then X,, <xp W,,.
b) If Wn =p Xn, then Wn = OP(Xn)
C) If Wn =p Xn, then Xn = OP(Wn)
d) Wn =p Xn iff Wn = OP(Xn) and Xn = OP(Wn)

Proof. a) Since W,, <p X,,,

P dég%gl)é =P LS ﬁ
X, D. Wn
for all n > N.. Hence X,, <p W,,.
b) Since W,, <p X,

1
Sa)zl‘e

P(W,| < |XuD.]) > P (de < ]— <

for all n > N.. Hence W,, = Op(X,,).
¢) Follows by a) and b).
d) If W,, <p X, then W,, = Op(X,,) and X,, = Op(W,,) by b) and c).
Now suppose W,, = Op(X,,) and X,, = Op(W,,). Then
P(|Wn| < |Xn|DE/2) > 1 _6/2
for all n > Ny, and
P(|Xn| < |Wn|1/dé/2) >1-— 5/2

for all n > N5. Hence

P(A):P(’I;(/—:

< DE/2> >1-¢/2

and -
P(B) =P (dE/Q < ]X—

)Zl—e/Q

for all n > N = max(Ny, N2). Since P(ANB) = P(A)+ P(B) — P(AUB) >
P(A)+ P(B) — 1,

P(ANB) = P(dej2 < ’%’§D5/2)21—6/2+1—6/2—1—1—6

for all n > N. Hence W,, <xp X,,. O
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The following result is used to prove the following Theorem 1.13 which says
that if there are K estimators T}, of a parameter 3, such that ||T}, — 8| =
Op(n~?) where 0 < 6 < 1, and if T* picks one of these estimators, then

T — Bl = Op(n™°).
Theorem 1.12: Pratt (1959). Let X1, ..., Xk.n each be Op(1) where
K is fixed. Suppose W,, = X;, , for some i, € {1,..., K}. Then

W, = Op(1). (1.22)
Proof.
Pmax{X1 n, ... Xgn} <) =P(Xipn <2Z,....; Xgn <) <

Fw (z) < Pmin{ X1, ... Xgn} <2)=1—P(X10n >, ... Xg.n > ).

Since K is finite, there exists B > 0 and N such that P(X;, < B) > 1—¢/2K
and P(X;, > —B) >1—¢/2K for alln > N and i = 1, ..., K. Bonferroni’s

inequality states that P(NX;A4;) > Zfil P(4;) — (K —1). Thus
Fw,(B) > P(X1,, < B, ..., XKkn < B) >

Kl—e¢/2K)—(K-1)=K—-¢/2-K+1=1-—¢/2
and
—Fw,(-B) > -1+ P(X1n>—-B,.... Xgn>—-B) >
—“1+K(1-€¢2K)—(K-1)=-14+K—-¢/2—K+1=—¢/2.
Hence

Fw,(B)— Fyw,(—~B) >1—¢ for n>N. O

Theorem 1.13. Suppose [T}, — 8| = Op(n~°%) for j = 1,..., K where
0<0<1. Let Ty =T, , for some i, € {1,..., K} where, for example, T; .,
is the Tj,, that minimized some criterion function. Then

T — 8|l = Op(n™?). (1.23)

Proof. Let X;,, = n°|| T}, —B|. Then X;,, = Op(1) so by Theorem 1.12,
n’|| Ty — Bl = Op(1). Hence | T;; — B]| = Op(n=). O

1.5.3 Slutsky’s Theorem and Related Results

Theorem 1.14: Slutsky’s Theorem. Suppose Y,, By and W £ w for
some constant w. Then

a) Y, +W, >Y +w,

b) Y, W, 2 wY, and
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¢) Yo /Wn 2 Y/w if w# 0.

Theorem 1.15. a) If X, £>X then X, = X.
b) If X,, % X, then X, L Xand X, 2 X.
¢) If X, = X, then X, L Xand X, 2 X.
d) X, —>7'() iff X, —>7'(9)

o)

f)

If X,, 2 6 and 7 is continuous at 0, then 7(X,,)

L 7(0).
If X,, 2 6 and 7 is continuous at 0, then 7(X,,) RN 7(6).
Suppose that for all § € O, T, RN (), T, = 7(0), or T,, %5 7(#). Then
T, is a consistent estimator of 7(#) by Theorem 1.15. We are assuming that
the function 7 does not depend on n.

Example 1.17. Let Y3, ..., Y, be iid with mean E(Y;) = p and variance
V(Y;) = o2. Then the sample mean Y, is a consistent estimator of y since i)
the SLLN holds (use Theorems 1.9 and 1.15), ii) the WLLN holds, and iii)
the CLT holds (use Theorem 1.8). Since

lim VAR, (Y,) = lim ¢°/n=0 and lim E,(Y,) = p,
Y, is also a consistent estimator of u by Theorem 1.7b. By the delta method
and Theorem 1.8b, T}, = g(Y5,) is a consistent estimator of g(u) if ¢'(u) # 0
for all u € ©. By Theorem 1.15e, g(Y,,) is a consistent estimator of g(u) if g
is continuous at p for all p € 6.

Theorem 1.16. Assume that the function g does not depend on n.
a) Generalized Continuous Mapping Theorem: If X, L X and the
function ¢ is such that P[X € C(g)] = 1 where C(g) is the set of points
where g is continuous, then g(X,,) 5 9(X).

b) Continuous Mapping Theorem: If X, B X and the function g is
continuous, then g(X,) 5 9(X).

Remark 1.6. For Theorem 1.15, a) follows from Slutsky’s Theorem by
taking ¥, = X =Y and W,, = X,, — X. Then ¥,, 2 Y = X and W,, 5 0.
Hence X,, =Y, +W, LA Y 40 = X. The convergence in distribution parts of
b) and c) follow from a). Part f) follows from d) and e). Part e) implies that
if T, is a consistent estimator of 6 and 7 is a continuous function, then 7(7,)
is a consistent estimator of 7(#). Theorem 1.16 says that convergence in dis-
tribution is preserved by continuous functions, and even some discontinuities
are allowed as long as the set of continuity points is assigned probability 1
by the asymptotic distribution. Equivalently, the set of discontinuity points
is assigned probability 0.
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Example 1.18. (Ferguson 1996, p. 40): If X,, 2 X, then 1/X, 2 1/X
if X is a continuous random variable since P(X = 0) = 0 and = = 0 is the
only discontinuity point of g(z) = 1/z.

Example 1.19. Show that if Y,, ~ t¢,,, a t distribution with n degrees of
freedom, then Y, B 7 where Z ~ N(0,1).

Solution: Y, 2 Z/\/V,,/n where Z LV, ~ x2. f W, = \/V,/n 5 1,
then the result follows by Slutsky’s Theorem. But V, 2 >, X; where the

iid X; ~ x2. Hence V,,/n 2 1 by the WLLN and \/V,,/n = 1 by Theorem
1.15.

Theorem 1.17: Continuity Theorem. Let Y,, be sequence of random
variables with characteristic functions ¢, (t). Let ¥ be a random variable
with characteristic function (cf) ¢(t).

a)

Y, 2V iff én(t) — o(t) Vt € R.

b) Also assume that Y;, has moment generating function (mgf) m,, and ¥’
has mgf m. Assume that all of the mgfs m,, and m are defined on |t| < d for
some d > 0. Then if m,,(t) — m(t) as n — oo for all |t| < ¢ where 0 < ¢ < d,

then Y, 2 V.

Application: Proof of a Special Case of the CLT. Following
Rohatgi (1984, pp. 569-9), let Y7, ..., Y, be iid with mean yu, variance o2, and
mgf my (t) for [¢t| < t,. Then

has mean 0, variance 1, and mgf mz(t) = exp(—tu/o)my (t/o) for |t| < ot,.
We want to show that

W, =vn (7"_“> Z N(0,1).

g

Notice that W,, =

n71/2iZi = nfl/Qi (_Yi _ ”) — n71/22?:1yi — e n 2y, - K
o
i=1 i=1

g g

3=

Thus

mw, (t) = B(e'"") = Elexp(tn™ 2 )~ Z;)] = E[exp(z tZi/v/n)]

=1
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n

=1 Ble#/ v = Hmz(t/\/ﬁ) = [mz(t/vn)]".

=1

Set 9(z) = log(mz(z)). Then
(t/ V)

n

log[mu, (t)] = nlogmz(t/v/n)] = ni(t/v/n) =

Now (0) = log[mz(0)] = log(1) = 0. Thus by L’Hopital’s rule (where the
derivative is with respect to n), lim,_.o log[mw, (t)] =

O TV N /R0 . AN L GV
e T I T () 2nlte &

Now ,

vy = Mz(0) o

so L’Hépital’s rule can be applied again, giving lim,, ., log[mw, (t)] =

POl 2 i) = S0,

t .
2k ()

2n3/2

Now
_dmli(t)  mg(t)mg(t) — (my(1)*
dt mz (1) mz (O] |

So
¢ (0) = m7(0) — [m5(0))* = E(Z}) — [E(Z)]* = 1.

Hence lim,, .o, log[m, (t)] = t2/2 and

lim mw, (t) = exp(t?/2)

n—oo

which is the N(0,1) mgf. Thus by the continuity theorem,

W, =vn (@) Z N(0,1). O

1.5.4 Multivariate Limit Theorems

Many of the univariate results of the previous 3 subsections can be extended
to random vectors. For the limit theorems, the vector X is typically a k x 1
column vector and X* is a row vector. Let ||z| = /22 + -+ 27 be the
Euclidean norm of .
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Definition 1.31. Let X,, be a sequence of random vectors with joint cdfs
F,(x) and let X be a random vector with joint cdf F(z).

a) X, converges in distribution to X, written X, A X, if F,(x) —
F(x) as m — oo for all points @ at which F'(x) is continuous. The distribution
of X is the limiting distribution or asymptotic distribution of X,.

b) X, converges in probability to X, written X, Lt X, if for every
e>0, P(| X, — X| >¢€) = 0 asn— 0.

¢) Let r > 0 be a real number. Then X,, converges in rth mean to X,
written X,, = X, if E(| X, — X||") — 0 as n — oo.

d) X, converges almost everywhere to X, written X, %5 X, if
P(limy, 0o X, = X) = 1.

Theorems 1.18 and 1.19 below are the multivariate extensions of the
limit theorems in subsection 1.5.1. When the limiting distribution of Z, =
vn(g(T,) — g(0)) is multivariate normal N (0, X'), approximate the joint
cdf of Z,, with the joint cdf of the Ny (0, X') distribution. Thus to find proba-
bilities, manipulate Z,, as if Z,, = N (0, X). To see that the CLT is a special
case of the MCLT below, let k =1, E(X) = p, and V(X) = Xg = o2.

Theorem 1.18: the Multivariate Central Limit Theorem (MCLT).
If Xq,...,X, are iid k£ x 1 random vectors with F(X) = p and Cov(X) =
Zm, then

V(X — p) 2 Ni(0, Z)
where the sample mean

_ 1 <&
XH:EZXi.

=1

To see that the delta method is a special case of the multivariate delta
method, note that if T,, and parameter 6 are real valued, then D 90) = g'(0).

Theorem 1.19: the Multivariate Delta Method. If g does not depend
on n and

V(T — 8) & Ny (0, ),

then
D
Vn(g(T,) — g(0)) = Na(0, Dg g, ¥Dg g))

where the d x k Jacobian matrix of partial derivatives

Dg6) =
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Here the mapping g : R¥ — R? needs to be differentiable in a neighborhood
of 8 € R”.

Definition 1.32. If the estimator g(T',) il g(0) for all @ € ©, then g(T',,)
is a consistent estimator of g(0).

Theorem 1.20. If 0 < § < 1, X is a random vector, and
k) D
n’(g(Tn) — g(8)) = X,

then g(T,) it g(0).

Theorem 1.21.If X, ..., X, are iid, E(|| X||) < oo, and E(X) = p, then
a) WLLN: X, & p, and

b) SLLN: X,, % p.

Theorem 1.22: Continuity Theorem. Let X ,, be a sequence of k x 1

random vectors with characteristic functions ¢, (t), and let X be a k x 1
random vector with cf ¢(t). Then

X, 2 X iff ¢u(t) — o(t)
for all t € RF.

Theorem 1.23: Cramér Wold Device. Let X, be a sequence of k£ x 1
random vectors, and let X be a k x 1 random vector. Then

X, 2x if Tx, 2¢Tx
for all t € RF.

Application: Proof of the MCLT Theorem 1.18. Note that for fixed
t, the t7 X; are iid random variables with mean ¢7p and variance t¥ Xt.

Hence by the CLT, t7'\/n(X,, — ) 5 N(0,¢T Xt). The right hand side has
distribution ¢t X where X ~ Ny(0, X). Hence by the Cramér Wold Device,
V(X = p) B Np(0,3). O

Theorem 1.24. a) If X, Lt X, then X, L x.
b)
X, 5 g0) if X,2g(0).

Let g(n) > 1 be an increasing function of the sample size n: g(n) 1 oo, e.g.
g(n) = y/n. See White (1984, p. 15). If a k x 1 random vector T, — p converges
to a nondegenerate multivariate normal distribution with convergence rate

v/n, then T, has (tightness) rate \/n.
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Definition 1.33. Let A,, = [a; j(n)] be an r X ¢ random matrix.
a) A, =Op(Xy) ifa; ;(n) =0p(Xy) for 1 <i<rand1<j<ec.
b) A, = 0p(Xy) if a; ;(n) = 0p(X,) for 1 <i<rand1<j<ec
c) A, <p (1/(g(n)) if a; ;(n) <p (1/(g(n)) for 1 <i<rand1<j<ec.
d) Let Ay, = T, — p and Ay, = C,, — cX¥ for some constant ¢ > 0. If
A1, =<p (1/(g(n)) and Az, <p (1/(g9(n)), then (T, C,) has (tightness)
rate g(n).

Theorem 1.25: Continuous Mapping Theorem. Let X, € RF. If
X, 2 X and if the function g : R¥ — R is continuous, then
D
9(Xyn) = g(X).

The following two theorems are taken from Severini (2005, pp. 345-349,
354).

Theorem 1.26. Let X,, = (Xin,..., Xin)? be a sequence of k x 1
random vectors, let Y, be a sequence of £ x 1 random vectors, and let
X = (X1, ..., Xp)T be a k x 1 random vector. Let W, be a sequence of k x k
nonsingular random matrices, and let C be a k x k constant nonsingular
matrix.

a) X, 5 X iff X; B X fori=1,.., k.

b) Slutsky’s Theorem: If X, L X and Y. L ¢ for some constant k x 1
vector ¢, then i) X,, + Y, L X tcand

i) YTx, 2 rX.

)X, 2 X and W, 2 C, thes W, X, 2 CcX, XxW, 2 x7C,
W, 'X,2Cc'X, and XTW;' B XTC .

Theorem 1.27. Let W,,, X,,, Y,,, and Z,, be sequences of random variables
such that Y,, > 0 and Z,, > 0. (Often Y;, and Z, are deterministic, e.g.
Y, =n"1/2)

a) f W,, = Op(1) and X,, = Op(1), then W, + X,, = Op(1) and W,, X,, =
Op(l), thus Op(l) + Op(l) = Op(l) and Op(l)Op(l) = Op(l)

b) If W,, = Op(1) and X,, = op(1), then W,, + X,, = Op(1) and W,, X,, =
Op(l), thus Op(l) + Op(l) = Op(l) and Op(l)OP(l) = Op(l).

c¢) f W, =0p(Y,) and X,, = Op(Z,,), then W,,+X,, = Op(max(Yy,, Z,))
and W, X,, = Op(Y,Z,), thus Op(Y,,) + Op(Z,) = Op(max(Y,, Z,)) and
Op(Y,)0p(Z,) = O0p(YnZy).

Theorem 1.28. i) Suppose /n(T,, — ) 5 N,(6,%). Let Abeagxp
constant matrix. Then Av/n(T,, — ) = /n(AT, — Ap) 5 N,(A8,AXAT).

ii) Let X > 0. Assume n is large enough so that C > 0. If (T,C)
is a consistent estimator of (u,s X) where s > 0 is some constant, then
D%(T,C) = (x —T)T'C Y (x - T) = s~ D% (u, X) + op(1), so D%(T,C) is
a consistent estimator of s D2 (u, X).
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iii) Let X > 0. Assume n is large enough so that C > 0. If \/n(T — p) 5
N, (0, X) and if C is a consistent estimator of X, then n(T — u)"C~ (T
) RN Xﬁ- In particular,

— 1 D
n(@— w78 @ — ) 2 X2

Proof: ii) D3(T,C) = (x - T)"C *(x - T) =
(@—p+p-D"C" —s'X 45T @ —p+p-T)

—(@— @) S @ — ) + (- T)T(C — s Z Y@ - T)
Hae =) s Z (= T) + (p=T)"[s7' T (@ — p)
=T (s S —T) = 5~ D (1, ) + Op(1).

(Note that D% (T,C) = s ' D (u, X) + Op(n=?) if (T, C) is a consistent
estimator of (u,s X) with rate n® where 0 < § < 0.5if [C™' — s~ 127! =
Op(n~?).)

Alternatively, DZ%(T,C) is a continuous function of (T, C) if C > 0 for
n > 10p. Hence D%(T, C) 2 D2,(u, sX).

iii) Note that Z, \F > V31— py B Ny(0,1,). Thus 272,

n(T =) ST - u)—>x Now n(T — p)"C~H(T — ) =

(T =)' [C™ =X+ ST - p) = n(T - u)TE T —p) +
n(T—p)7[C™ = Z7(T — p) = n(T — )" X H(T — p) +0p(1) 2 X2 since
V(T — p)” [cl— ST — ) = Op(op(LOp(1) = op(1). D

Example 1.20. Suppose that x,, Iy, for n =1,2,.... Suppose x, R x,
and y,, L y where x 1L y. Then

)= )

=

Yn Y

by Theorem 1.22. To see this, let t = (t7,¢2)7, 2z, = (2L, y])7, and z =
(2T, y")T. Since x,, Il y,, and x 1L y, the characteristic function

¢z, (t) = bz, (t1)dy, (t2) — Pz (t1)dy(t2) = ¢z (2).

Hence g(z,,) 5 g(z) by Theorem 1.25.

Remark 1.7. In the above example, we can show x Il y instead of assum-
ing x 1 y. See Ferguson (1996, p. 42).

Remark 1.8. The behavior of convergence in distribution to a MVN
distribution in B) is much like the behavior of the MVN distributions in
A). The results in B) can be proven using the multivariate delta method. Let
A be a ¢ X k constant matrix, b a constant, @ a k x 1 constant vector, and d
a g X 1 constant vector. Note that a + 06X, = a+ AX,, with A =bI. Thus
i) and ii) follow from iii).

A) Suppose X ~ Ni(u, X), then
i) AX ~ N,(Ap, AZAT).
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ii) a +bX ~ Ni(a + bu, b2 X).

i) AX +d~ N,(Ap +d, AXAT).

(Find the mean and covariance matrix of the left hand side and plug in those
values for the right hand side. Be careful with the dimension k or ¢.)

B) Suppose X, Z N, (p, X). Then
i) AX, 2 N, (Ap, AXAT).
ii) a+bX, 2 Ni(a+bp, 125).
i) AX, +d 2 N,(Ap + d, AXAT).

1.6 Mixture Distributions

Mixture distributions are useful for model and variable selection since 3; . g
is a mixture distribution of 3 1,00 and the lasso estimator B; is a mixture

distribution of BLQ\I_ fori=1,..., M. See Chapter 2. A random vector u has
a mixture distribution if u equals a random vector u; with probability m;
for j = 1,...,J. See Definition 1.11 for the population mean and population
covariance matrix of a random vector.

Definition 1.34. The distribution of a g x 1 random vector w is a mixture
distribution if the cumulative distribution function (cdf) of w is

J
Fu(t) =) mFu,(t) (1.24)

where the probabilities 7; satisfy 0 < 7; < 1 and ijl mo=1,J > 2
and Fy,(t) is the cdf of a g x 1 random vector w;. Then u has a mixture
distribution of the u; with probabilities 7;.

Theorem 1.29. Suppose E(h(u)) and the E(h(u;)) exist. Then

J
E(h(u)) = ZmE[h(uM- (1.25)

Hence ;
E(u) = ijE[uj], (1.26)

and Cov(u) = E(uu®) — BE(u)E(u?) = E(uu®) — E(u)[E(u)]t =
5 miBlugu] — Bu

&

£

=
I
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3w Coulus) + 3w Blup) (B(uy)” - B@)E@)™.  (1.27)
If E(u;) =0 for j =1,...,J, then E(u) =0 and
Cov(u choy (u;).

This theorem is easy to prove if the u; are continuous random vectors with
(joint) probability density functions (pdfs) fu,(t). Then u is a continuous
random vector with pdf

t>_imfuj<t>, ana By = [ [

DR IR NG

where E[h(u;)] is the expectation with respect to the random vector u;. Note
that

J J
E(u =3 mmE(u))[E(u)]”. (1.28)

j=1 k=1

<.

Alternatively, with respect to a Riemann Stieltjes integral, E[h(u)] =
J h(t)dF(t) provided the expected value exists, and the integral is a lin-
ear operator with respect to both A and F. Hence for a mixture distribution,

= [h(t)dF(t) =

J

/ ) d ijFu] zi: / t)dFy, (t ij

1.7 A Review of Multiple Linear Regression

The following review follows Olive (2017a: ch. 2) closely. Several of the results
in this section will be covered in more detail or proven in Chapter 2.

Definition 1.35. For an important class of regression models, regression
is the study of the conditional distribution Y'|x”3 of the response variable

Y given T 3 where the vector of predictors & = (1, ..., 7).

Definition 1.36. A quantitative variable takes on numerical values
while a qualitative variable takes on categorical values.
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Definition 1.37. Suppose that the response variable Y and at least one
predictor variable x; are quantitative. Then the multiple linear regression
(MLR) model is

Y =218+ xiofot+ A+ xipfy tei =zl Bte (1.29)

fori=1,...,n. Here n is the sample size and the random variable e; is the
ith error. Suppressing the subscript 4, the model is Y = 2”73 + e.

In matrix notation, these n equations become
Y = XB+e, (1.30)

where Y is an n x 1 vector of dependent variables, X is an n X p matrix
of predictors, B is a p x 1 vector of unknown coefficients, and e is an n x 1
vector of unknown errors. Equivalently,

Yi T1,1 T1,2 - T1p B e1
Y, T2 T22 ... Tap B2 €2

- S (1.31)
Y, Tn,1 Tn,2 -+ Tn,p Bp €n

Often the first column of X is X; = 1, the n x 1 vector of ones. The ith
case (z!,Y;) = (zi1, T2, ..., Zip, Y;) corresponds to the ith row x! of X and
the ith element of Y (if z;7 = 1, then z;; could be omitted). In the MLR
model Y = 73 + ¢, the Y and e are random variables, but we only have
observed values Y; and «;. If the e; are iid (independent and identically
distributed) with zero mean E(e;) = 0 and variance VAR(e;) = V (e;) = 02,
then regression is used to estimate the unknown parameters 3 and 2.

Definition 1.38. The constant variance MLR model uses the as-
sumption that the errors eq, ..., e, are iid with mean E(e;) = 0 and variance
VAR(e;) = 02 < 0o. Also assume that the errors are independent of the pre-
dictor variables ;. The predictor variables x; are assumed to be fixed and
measured without error. The cases (z7,Y;) are independent for i = 1, ..., n.

If the predictor variables are random variables, then the above MLR model
is conditional on the observed values of the a;. That is, observe the x; and
then act as if the observed x; are fixed.

Definition 1.39. The unimodal MLR model has the same assumptions
as the constant variance MLR model, as well as the assumption that the zero
mean constant variance errors ey, ..., e, are iid from a unimodal distribution
that is not highly skewed. Note that E(e;) = 0 and V (e;) = 0% < 0.

Definition 1.40. The normal MLR model or Gaussian MLR model has
the same assumptions as the unimodal MLR model but adds the assumption
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that the errors ey, ..., e, are iid N (0, 0?) random variables. That is, the e; are

iid normal random variables with zero mean and variance 2.

The unknown coefficients for the above 3 models are usually estimated
using (ordinary) least squares (OLS).

Notation. The symbol A = B = f(c¢) means that A and B are equivalent
and equal, and that f(c) is the formula used to compute A and B.

Definition 1.41. Given an estimate b of 3, the corresponding vector of
predicted values or fitted valuesis Y =Y (b) = Xb. Thus the ith fitted value

}A/l. = }A/l(b) = mlTb =211+ + xi,pbp-

The vector of residuals is 7 = r(b) =Y — }/}(b) Thus ith residual r; =
Tl(b) = }/1 — K(b) = }/1 — $i71b1 —_ e — xi,pbp-

Most regression methods attempt to find an estimate B of B which mini-
mizes some criterion function Q(b) of the residuals.

Definition 1.42. The ordinary least squares (OLS) estimator 3o g min-
imizes

Qors(b) = Zr%’(b), (1.32)

and Bors = (XTX)'XTY.

The vector of predicted or fitted values Yors = XBOLS = HY where the

hat matric H = X (XTX)~' X" provided the inverse exists. Typically the

subscnpt OLS is omitted, and the least squares regression equation is
61331 + 62332 +-+ Bpxp where x1 = 1 if the model contains a constant.

Definition 1.43. For MLR, the response plot is a plot of the ESP = fitted
values = Y; versus the response Y;, while the residual plot is a plot of the
ESP =Y, versus the residuals r;.

Theorem 1.30. Suppose that the regression estimator b of 3 is used to
find the residuals r; = r;(b) and the fitted values Y, = Y-(b) = zI'b. Then
in the response plot of }/}1 versus Y;, the vertical deviations from the identity
line (that has unit slope and zero intercept) are the residuals r;(b).

Proof. The identity line in the response plot is Y = a”b. Hence the
vertical deviation is Y; — b = r;(b). O

The results in the following theorem are properties of least squares (OLS),
not of the underlying MLR model. Definitions 1.41 and 1.42 define the hat
matrix H, vector of fitted values Y, and vector of residuals r. Parts f) and
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g) make residual plots useful. If the plotted points are linear with roughly
constant variance and the correlation is zero, then the plotted points scatter
about the 7 = 0 line with no other pattern. If the plotted points in a residual
plot of w versus r do show a pattern such as a curve or a right opening
megaphone, zero correlation will usually force symmetry about either the
r = 0 line or the w = median(w) line. Hence departures from the ideal plot
of random scatter about the r = 0 line are often easy to detect.

Let the n x p design matrix of predictor variables be

1,1 1,2 --- T1,p T
2,1 2,2 ... T2.p
X = . . . :[’Ul’l}g...’l}p]:

Tn,1 Tn,2 -+ Tn,p

where v; = 1.
Warning: If n > p, as is usually the case for the full rank linear model,
X is not square, so (X7 X)™' # X 1(XT)~! since X ! does not exist.

Theorem 1.31. Suppose that X is an n x p matrix of full rank p. Then

a) H is symmetric: H = H” .

b) H is idempotent: HH = H.

¢) XTr =0 so that vlr=0.

d) If there is a constant v1 = 1 in the model, then the sum of the residuals
is zero: Y 7 = 0.

e) rTY =0.

f) If there is a constant in the model, then the sample correlation of the
fitted values and the residuals is 0: corr(r, Y') = 0.

g) If there is a constant in the model, then the sample correlation of the
jth predictor with the residuals is 0: corr(r,v;) =0 for j =1,...,p.

Proof. a) X X is symmetric since (X7 X)T = X7(X")T = xTX.
Hence (X7 X)~! is symmetric since the inverse of a symmetric matrix is
symmetric. (Recall that if A has an inverse then (A”)~! = (A™!)7.) Thus
using (AT)T = A and (ABC)T = C*" BT A" shows that

HT _ XT[(XTX)fl]T(XT)T — H.

b)HH = X(XTX)'XTX(XTX)' X" = Hsince (XTX)'X"X =
I, the p x p identity matrix.

) XTr=X"1,-H)Y = [XT - XT"X(X"X)"'X"Y =
[(XT — X7y = 0. Since v, is the jth column of X, vl is the jth row of x7
and vJTr =0forj=1,...,p.

d) Since v1 =1, vTr=3" 7, =0 by c).

e)rTY =|(I,-H)Y|THY =Y'(I,-H)HY =YT(H- H)Y =0.
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f) The sample correlation between W and Z is corr(W, Z) =
S —F) S (i —W)(5—F)
(n = 1)sws: \/27:1(1‘% —w)?2 ) (2 — 2)?

where s, is the sample standard deviation of m for m = w, z. So the result
follows if A = 3" (V; — Y)(r; —7) = 0. Now 7 = 0 by d), and thus

by d) again. But Y1, Vir; = r7Y =0 by e).

g) Following the argument in f), the result follows if A =
S (zi; —Tj)(ri —7) = 0 where T; = >, x; j/n is the sample mean of
the jth predictor. Now 7 =Y | r;/n =0 by d), and thus

n n n
A= E X 5T — fj E T = E X574
=1 =1 =1

by d) again. But Y7, x; jr = v]r =0byc). O

1.7.1 The ANOVA F Test

After fitting least squares and checking the response and residual plots to see
that an MLR model is reasonable, the next step is to check whether there is
an MLR relationship between Y and the nontrivial predictors za, ..., zp. If
at least one of these predictors is useful, then the OLS fitted values Y; should
be used. If none of the nontrivial predictors is useful, then Y will give as
good predictions as Y;. Here the sample mean Y is given by Definition 1.12.
In the definition below, SSFE is the sum of squared residuals and a residual
r; = €; = “errorhat.” In the literature “errorhat” is often rather misleadingly
abbreviated as “error.”

Definition 1.44. Assume that a constant is in the MLR model.
a) The total sum of squares

SSTO = zn:(m -Y)?. (1.33)

=1

b) The regression sum of squares



1.7 A Review of Multiple Linear Regression 55

SSR = zn:(fq -Y)2 (1.34)

i=1
¢) The residual sum of squares or error sum of squares is

SSE =) (Y;-Y)?=> 1} (1.35)
i=1 i=1
The result in the following theorem is a property of least squares (OLS),
not of the underlying MLR model. An obvious application is that given any
two of SSTO, SSE, and SSR, the 3rd sum of squares can be found using the
formula SSTO = SSE + SSR.

Theorem 1.32. Assume that a constant is in the MLR model. Then
SSTO = SSE + SSR.
Proof.

SSTO =Y (i — Vi +Yi —~ ¥)? = SSE + SSR+ 23 (¥, - V) (¥; - Y).

=1 =1

Hence the result follows if

n

A= "r(Yi-Y)=0.

i=1
But N N
A:ZTiAi—YZTiZO
i=1 i=1

by Theorem 1.31 d) and e). O

Definition 1.45. Assume that a constant is in the MLR model and that
SSTO # 0. The coefficient of multiple determination

. SSR SSE
2 . 12 - — = T Sar~
R? = [corr(Yi, Y)] SSTO 1 SSTO

where corr(Yj, Yl) is the sample correlation of Y; and Y.

Warnings: i) 0 < R? < 1, but small R? does not imply that the MLR
model is bad.

ii) If the MLR model contains a constant, then there are several equivalent
formulas for R?. If the model does not contain a constant, then R? depends
on the software package.

iii) R? does not have much meaning unless the response plot and residual
plot both look good.

iv) R? tends to be too high if n is small.
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v) R? tends to be too high if there are two or more separated clusters of
data in the response plot.

vi) R? is too high if the number of predictors p is close to n.

vii) In large samples R? will be large (close to one) if o2 is small compared
to the sample variance S% of the response variable Y. R? is also large if the
sample variance of Y is close to S%. Thus R? is sometimes interpreted as
the proportion of the variability of Y explained by conditioning on x, but
warnings i) - v) suggest that R? may not have much meaning.

The following 2 theorems suggest that R? does not behave well when many
predictors that are not needed in the model are included in the model. Such
a variable is sometimes called a noise variable and the MLR model is “fitting
noise.” Theorem 1.34 appears, for example, in Cramér (1946, pp. 414-415),
and suggests that R? should be considerably larger than p/n if the predictors
are useful. Note that if n = 10p and p > 2, then under the conditions of
Theorem 1.34, E(R?) < 0.1.

Theorem 1.33. Assume that a constant is in the MLR model. Adding a
variable to the MLR model does not decrease (and usually increases) RZ.

Theorem 1.34. Assume that a constant ; is in the MLR model, that
B2 = -+ = B, =0 and that the e; are iid N(0,0?). Hence the Y; are iid
N(B1,0?). Then

a) R? follows a beta distribution: R? ~ beta (25, 252).

b)
E(R?) = %.
c)
VAR(R2) _ 2(p - 1)(” _ p)

(n—=1)*(n+1)

Notice that each SS/n estimates the variability of some quantity. SSTO/n
~ 8%, SSE/n~ 82 = 0%, and SSR/n ~ S2.

Definition 1.46. Assume that a constant is in the MLR model. Associated
with each SS in Definition 1.44 is a degrees of freedom (df) and a mean
square = SS/df. For SSTO, df = n — 1 and MSTO = SSTO/(n — 1).
For SSR, df = p—1 and MSR = SSR/(p — 1). For SSE, df = n — p and
MSE = SSE/(n — p).

Under mild conditions, if the MLR model is appropriate, then MSE is a
/1 consistent estimator of o by Su and Cook (2012).

The ANOVA F test tests whether any of the nontrivial predictors xo, ..., 2}
are needed in the OLS MLR model, that is, whether Y; should be predicted
by the OLS fit Y; = 81 + x;2082 + - - - + x5 pfp or with the sample mean Y.
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ANOVA stands for analysis of variance, and the computer output needed
to perform the test is contained in the ANOVA table. Below is an ANOVA
table given in symbols. Sometimes “Regression” is replaced by “Model” and
“Residual” by “Error.”

Summary Analysis of Variance Table

Source df SS MS F p-value
Regression p — 1 SSR MSR Fy=MSR/MSE for Hy:
Residual n —p SSE MSE Bo=-=0,=0

Remark 1.9. Recall that for a 4 step test of hypotheses, the p—value is the
probability of getting a test statistic as extreme as the test statistic actually
observed and that Hj is rejected if the p—value < §. As a benchmark for this
textbook, use § = 0.05 if § is not given. The 4th step is the nontechnical
conclusion which is crucial for presenting your results to people who are not
familiar with MLR. Replace Y and xo, ..., z, by the actual variables used in
the MLR model.

Notation. The p-value = pvalue given by output tends to only be cor-
rect for the normal MLR model. Hence the output is usually only giving an
estimate of the pvalue, which will often be denoted by pval. So reject Hy if
pval < 4. Often

pval — pvalue 20

(converges to 0 in probability, so pval is a consistent estimator of pvalue) as
the sample size n — oco. See Section 1.5. Then the computer output pval is a
good estimator of the unknown pvalue. We will use Fo = Fy, Ho = Hy, and
Ha=H, = H,.

The 4 step ANOVA F test of hypotheses is below.
i) State the hypotheses Hy : fo = --- =, =0 Ha: not Hy.
ii) Find the test statistic Fy = M. SR/MSE or obtain it from output.
iii) Find the pval from output or use the F—table: pval =

P(prlynfp > Fo)

iv) State whether you reject Hy or fail to reject Hy. If Hy is rejected, conclude
that there is an MLR relationship between Y and the predictors xa, ..., zp. If
you fail to reject Hy, conclude that there is not an MLR relationship between
Y and the predictors zo, ..., . (Or there is not enough evidence to conclude
that there is an MLR relationship between Y and the predictors.)

Some assumptions are needed on the ANOVA F' test. Assume that both
the response and residual plots look good. It is crucial that there are no
outliers. Then a rule of thumb is that if n — p is large, then the ANOVA
F test p—value is approximately correct. An analogy can be made with the
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central limit theorem, Y is a good estimator for y if the Y; are iid N (u, 0?)
and also a good estimator for p if the data are iid with mean p and variance
o2 if n is large enough.

If all of the x; are different (no replication) and if the number of predictors
p = n, then the OLS fit Y; = Y; and R? = 1. Notice that Hj is rejected if the
statistic Fp is large. More precisely, reject Hy if

Fo > prl,nfp,lfd

where
P(F < prl,nfp,lfd) =1-9

when F ~ F,_1 ,_p. Since R? increases to 1 while (n — p)/(p — 1) decreases
to 0 as p increases to n, Theorem 1.35a below implies that if p is large then
the Fp statistic may be small even if some of the predictors are very good. It
is a good idea to use n > 10p or at least n > 5p if possible.

Theorem 1.35. Assume that the MLR model has a constant ;.
a)

_ MSR R? n—op

~ MSE 1—-R? p—-1’

b) If the errors e; are iid N(0,02), and if Hy : 2 = -+ = 3, = 0 is true,
then Fy has an F distribution with p — 1 numerator and n — p denominator
degrees of freedom: Fy ~ Fp_1 pn_p.

c) If the errors are iid with mean 0 and variance o2, if the error distribution
is close to normal, and if n — p is large enough, and if Hj is true, then
Fy = F,_1 n—p in that the p-value from the software (pval) is approximately
correct.

Fy

Remark 1.10. When a constant is not contained in the model (i.e. ;1 is
not equal to 1 for all ¢), then the computer output still produces an ANOVA
table with the test statistic and p-value, and nearly the same 4 step test of
hypotheses can be used. The hypotheses are now Hy : 81 = -+ = 8, = 0
H 4: not Hy, and you are testing whether or not there is an MLR relationship
between Y and 1, ..., zp. An MLR model without a constant (no intercept)
is sometimes called a “regression through the origin.” See Section 1.7.5.

1.77.2 The Partial F Test

Suppose that there is data on variables Z, wi, ..., w, and that a useful MLR
model has been made using Y = t(Z), 1 = 1, z2,...,xp, where each z; is
some function of wq, ..., w,. This useful model will be called the full model. It
is important to realize that the full model does not need to use every variable
w; that was collected. For example, variables with outliers or missing values
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may not be used. Forming a useful full model is often very difficult, and it is
often not reasonable to assume that the candidate full model is good based
on a single data set, especially if the model is to be used for prediction.

Even if the full model is useful, the investigator will often be interested in
checking whether a model that uses fewer predictors will work just as well.
For example, perhaps x,, is a very expensive predictor but is not needed given
that z1, ..., zp—1 are in the model. Also a model with fewer predictors tends
to be easier to understand.

Definition 1.47. Let the full model use Y, x; = 1, z3, ..., x, and let the
reduced model use Y, x1, 24, ..., x;, where {ia, ..., i} C {2,...,p}.

The partial F' test is used to test whether the reduced model is good in
that it can be used instead of the full model. It is crucial that the reduced
and full models be selected before looking at the data. If the reduced model
is selected after looking at the full model output and discarding the worst
variables, then the p-value for the partial F' test will be too high. If the
data needs to be looked at to build the full model, as is often the case, data
splitting is useful.

For (ordinary) least squares, usually a constant is used, and we are assum-
ing that both the full model and the reduced model contain a constant. The
partial I test has null hypothesis Hy : 3;,,, = -+ = 3;, = 0, and alternative
hypothesis H 4 : at least one of the 3;; # 0 for j > ¢. The null hypothesis is
equivalent to Hy: “the reduced model is good.” Since only the full model and
reduced model are being compared, the alternative hypothesis is equivalent
to H4: “the reduced model is not as good as the full model, so use the full
model,” or more simply, H 4 : “use the full model.”

To perform the partial F' test, fit the full model and the reduced model
and obtain the ANOVA table for each model. The quantities dfp, SSE(F)
and MSE(F) are for the full model and the corresponding quantities from
the reduced model use an R instead of an F. Hence SSE(F) and SSE(R) are
the residual sums of squares for the full and reduced models, respectively.
Shown below is output only using symbols.

Full model
Source df SS MS Fy and p-value
Regression p — 1 SSR MSR Fy=MSR/MSE
Residual dfy =n —p SSE(F) MSE(F) for Hy: fo =--- =, =0

Reduced model

Source df SS MS Fy and p-value
Regression ¢ — 1 SSR MSR Fy=MSR/MSE
Residual dfg =n — ¢ SSE(R) MSE(R) for Hy: fo =--- =3, =0
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The 4 step partial F test of hypotheses is below. i) State the hy-
potheses. Hy: the reduced model is good H4: use the full model
ii) Find the test statistic. Fr =

SSE(R) — SSE(F)
dfr — dfr

iii) Find the pval = P(Fyr,—dafp arr > Fr). ( Here dfg —dfr = p—¢ = number
of parameters set to 0, and dfp = n —p, while pval is the estimated p—value.)
iv) State whether you reject Hy or fail to reject Hy. Reject Hy if the pval < §
and conclude that the full model should be used. Otherwise, fail to reject Hy
and conclude that the reduced model is good.

JMSE(F)

Sometimes software has a shortcut. In particular, the R software uses the
anova command. As an example, assume that the full model uses z2 and
x3 while the reduced model uses x2. Both models contain a constant. Then
the following commands will perform the partial F' test. (On the computer
screen the second command looks more like
red < — lm(y~x2).)

full <- Im(y " x2+x3)

red <- Im(y~"x2)
anova (red, full)

For an n x 1 vector a, let
lal =y/af +-- +a} =VaTa

be the Euclidean norm of a. If » and rg are the vector of residuals from
the full and reduced models, respectively, notice that SSE(F) = ||r|* and
SSE(R) = |rrl*.

The following theorem suggests that Hy is rejected in the partial F' test if
the change in residual sum of squares SSE(R) — SSE(F) is large compared
to SSE(F). If the change is small, then Fg is small and the test suggests
that the reduced model can be used.

Theorem 1.36. Let R? and R% be the multiple coefficients of determi-
nation for the full and reduced models, respectively. Let Y and Y r be the
vectors of fitted values for the full and reduced models, respectively. Then
the test statistic in the partial F' test is

SSE(R) — SSE(F)
dfr — dfr

- | s -

Y2 = ||Y gl
dfr — dfr

] JMSE(F) =
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SSE(R) —SSE(F) n—p R*—R% n—p
SSE(F) p—q 1-R* p—gq

Definition 1.48. An FF plot is a plot of fitted values from 2 different
models or fitting methods. An RR plot is a plot of residuals from 2 different
models or fitting methods.

Six plots are useful diagnostics for the partial F' test: the RR plot with
the full model residuals on the vertical axis and the reduced model residuals
on the horizontal axis, the FF plot with the full model fitted values on the
vertical axis, and always make the response and residual plots for the full
and reduced models. Suppose that the full model is a useful MLR model. If
the reduced model is good, then the response plots from the full and reduced
models should be very similar, visually. Similarly, the residual plots from
the full and reduced models should be very similar, visually. Finally, the
correlation of the plotted points in the RR and FF plots should be high,
> 0.95, say, and the plotted points in the RR and FF plots should cluster
tightly about the identity line. Add the identity line to both the RR and
FF plots as a visual aid. Also add the OLS line from regressing = on rr to
the RR plot (the OLS line is the identity line in the FF plot). If the reduced
model is good, then the OLS line should nearly coincide with the identity line
in that it should be difficult to see that the two lines intersect at the origin.
If the FF plot looks good but the RR plot does not, the reduced model may
be good if the main goal of the analysis is to predict Y. These plots are also
useful for other methods such as lasso.

1.7.3 The Wald t Test

Often investigators hope to examine [y in order to determine the importance
of the predictor xy in the model; however, (B is the coefficient for zj given
that the other predictors are in the model. Hence (; depends strongly on
the other predictors in the model. Suppose that the model has an intercept:
21 = 1. The predictor xj is highly correlated with the other predictors if
the OLS regression of x3 on 1, ..., ¥k—1, Tk+1, --., Tp has a high coefficient of
determination Rj. If this is the case, then often xy, is not needed in the model
given that the other predictors are in the model. If at least one R? is high
for k£ > 2, then there is multicollinearity among the predictors.

As an example, suppose that Y = height, x1 = 1, xo = left leg length, and
x3 = right leg length. Then x5 should not be needed given x3 is in the model
and Jy = 0 is reasonable. Similarly G35 = 0 is reasonable. On the other hand,
if the model only contains x; and z9, then x5 is extremely important with
near 2. If the model contains x1, x2, x3, T4 = height at shoulder, x5 = right
arm length, x¢ = head length, and x7 = length of back, then R? may be high
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for each ¢ > 2. Hence x; is not needed in the MLR model for Y given that
the other predictors are in the model.

Definition 1.49. The 100 (1 — ) % CI for Bx is Bk £ tn_p1_s/2 5¢(Br)-
If the degrees of freedom d = n —p > 30, the N(0,1) cutoff z;_5/o may be
used.

Know how to do the 4 step Wald ¢—test of hypotheses.
i) State the hypotheses Hy : B, =0 Ha : B # 0.
ii) Find the test statistic £, = B¢ /se(3x) or obtain it from output.
iii) Find pval from output or use the ¢t—table: pval =

2P(tn_p < —|tor]) = 2P(tn_p > [tor]).

Use the normal table or the d = Z line in the t-table if the degrees of freedom
d =n —p > 30. Again pval is the estimated p—value.

iv) State whether you reject Hy or fail to reject Hy and give a nontechnical
sentence restating your conclusion in terms of the story problem.

Recall that Hy is rejected if the pval < §. As a benchmark for this textbook,
use 6 = 0.05if § is not given. If Hy is rejected, then conclude that z is needed
in the MLR model for Y given that the other predictors are in the model.
If you fail to reject Hy, then conclude that zj is not needed in the MLR
model for Y given that the other predictors are in the model. (Or there is
not enough evidence to conclude that x is needed in the MLR model given
that the other predictors are in the model.) Note that zj could be a very
useful individual predictor, but may not be needed if other predictors are
added to the model.

1.7.4 The OLS Criterion

The OLS estimator B minimizes the OLS criterion

n

Qors(m) =Y _ri(n)

=1

where the residual 7;(n) = Y;—2n. In other words, let r; = r;(3) be the OLS
residuals. Then 7" r? < " | r2(n) for any px 1 vector 7, and the equality

1=1"1 i
holds (if and only if) iff n = B if the nxp design matrix X is of full rank p < n.
In particular, if X has full rank p, then > 7?2 < >0 r?(B) = >, €?

i=1"1 i=16
even if the MLR model Y = X 3 + e is a good approximation to the data.
Warning: Often 7 is replaced by B: Qors(8) = Y., r?(8). This no-

i=1"i
tation is often used in Statistics when there are estimating equations. For
example, maximum likelihood estimation uses the log likelihood log(L(8))
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a) OLS Minimizes Sum of Squared Vertical Deviations
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Fig. 1.8 The OLS Fit Minimizes the Sum of Squared Residuals

where 0 is the vector of unknown parameters and the dummy variable in the
log likelihood.

Example 1.21. When a model depends on the predictors x only through
the linear combination ” 3, then 73 is called a sufficient predictor and
273 is called an estimated sufficient predictor (ESP). For OLS the model is
Y = 273+ e, and the fitted value Y = ESP. To illustrate the OLS criterion
graphically, consider the Gladstone (1905) data where we used brain weight as
the response. A constant, xs = age, x3 = sex, and x4 = (size)'/3 were used
as predictors after deleting five “infants” from the data set. In Figure 1.8a, the
OLS response plot of the OLS ESP = Y versus Y is shown. The vertical devi-
ations from the identity line are the residuals, and OLS minimizes the sum of
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squared residuals. If any other ESP 77 is plotted versus Y, then the vertical
deviations from the identity line are the residuals r;(n). For this data, the OLS
estimator 3 = (498.726, —1.597, 30.462,0.696)”. Figure 1.8b shows the re-
sponse plot using the ESP &’ where n = (498.726, —1.597, 30.462,0.796)".
Hence only the coefficient for x4 was changed; however, the residuals 7;(n) in
the resulting plot are much larger in magnitude on average than the residuals
in the OLS response plot. With slightly larger changes in the OLS ESP, the
resulting 1 will be such that the squared residuals are massive.

Theorem 1.37. The OLS estimator B is the unique minimizer of the OLS
criterion if X has full rank p < n.

Proof: Seber and Lee (2003, pp. 36-37). Recall that the hat matrix
H = X(X"X)"' X" and notice that (I - H)T = I—H, that (I—-H)H =0
and that HX = X. Let i be any p x 1 vector. Then

(Y - XB)"(XB—Xn)=(Y —HY)"(HY - HXn) =
YN (I-H)H(Y — Xn)=0.
Thus Qors(n) =Y — Xnl|> = |Y - XB+ X3 - Xn|* =

1Y = XB|* +1XB - Xn|* +2(Y - XB)"(XB - Xn).

Hence . .
Y = Xn|? =Y - XB|> + | X8 - Xn|*. (1.36)
So A
Y — Xn[* > Y - X8|
with equality iff A
X(B-m=0

iff B = n since X is full rank. O

Alternatively calculus can be used. Notice that r;(n) = Yi—x; 171 — 24 212 —
-+ — @i pnp. Recall that &I is the ith row of X while v; is the jth column.

Since QOLS (17) =

Z(Yz‘ — XM — TigNe — - — TipTp)?
i=1

the jth partial derivative

0Qors(n) .

o, =2 iy (Yimwiam—a; oma— - =i pnp) = —2(v;)" (Y —Xn)
J i=1

for j = 1,...,p. Combining these equatiops into matrix form, setting the

derivative to zero and calling the solution 3 gives
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xTy - xTxp3=o,

or

xXTxp=Xx"y. (1.37)

Equation (1.37) is known as the normal equations. If X has full rank then
B = (XT"X)"'XTY. To show that 3 is the global minimizer of the OLS
criterion, use the argument following Equation (1.36).

1.7.5 The No Intercept MLR Model

The no intercept MLR model, also known as regression through the origin, is
stillY = X B+-e, but there is no intercept in the model, so X does not contain
a column of ones 1. Hence the intercept term 31 = (1 (1) is replaced by SB12;1.
Software gives output for this model if the “no intercept” or “intercept = F”
option is selected. For the no intercept model, the assumption E(e) = 0 is
important, and this assumption is rather strong.

Many of the usual MLR results still hold: B,,¢ = (X7 X) !XTV, the
vector of predicted fitted values Y = XBOLS = HY where the hat matriz
H = X(XTX)"' X7 provided the inverse exists, and the vector of residuals
isr =Y —Y. The response plot and residual plot are made in the same way
and should be made before performing inference.

The main difference in the output is the ANOVA table. The ANOVA F
test in Section 1.7.1 tests Hg : B2 = --- = 3, = 0. The test in this subsection
tests Hy : 1 =+ = B, = 0= Hy : B =0. The following definition and test
follows Guttman (1982, p. 147) closely.

Definition 1.50. Assume that Y = X 3+ e where the ¢; are iid. Assume
that it is desired to test Hy: 3 =0 versus Hy : B8 # 0.
a) The uncorrected total sum of squares

SST =Y Y7, (1.38)

=1

b) The model sum of squares

SSM =) V7. (1.39)

=1

¢) The residual sum of squares or error sum of squares is

rZ. (1.40)
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d) The degrees of freedom (df) for SSM is p, the df for SSE is n — p and
the df for SST is n. The mean squares are MSE = SSE/(n — p) and MSM =
SSM/p.

The ANOVA table given for the “no intercept” or “intercept = F” option
is below.

Summary Analysis of Variance Table

Source df SS MS F p-value
Model p SSM MSM Fy=MSM/MSE for Hy:
Residual n — p SSE MSE B8=0

The 4 step no intercept ANOVA F test for 3 = 0 is below.
i) State the hypotheses Hy : 3 =0, Ha: 3 # 0.
ii) Find the test statistic Fo = M SM/MSE or obtain it from output.
iii) Find the pval from output or use the F-table: pval = P(F}, ,,_, > Fj).
iv) State whether you reject Hy or fail to reject Hy. If Hy is rejected, conclude
that there is an MLR relationship between Y and the predictors z1, ..., zp. If
you fail to reject Hy, conclude that there is not an MLR relationship between
Y and the predictors z1, ..., zp. (Or there is not enough evidence to conclude
that there is an MLR relationship between Y and the predictors.)

1.8 Summary

1) Statistical Learning techniques extract information from multivariate data.
A case or observation consists of k random variables measured for one
person or thing. The ith case z; = (21, ..., zix)” . The training data consists
of z1,...,z,. A statistical model or method is fit (trained) on the training
data. The test data consists of z,11, ..., Z,4+m, and the test data is often
used to evaluate the quality of the fitted model.

2) Suppose a case has k random variables. For low dimensional statistics,
n > Jk with J > 5. For high dimensional statistics, n < 5k.

3) Suppose a regression model studies Y|z 3 where x is a p x 1 vector
of predictors. A model with n < 5p is overfitting: the model does not have
enough data to estimate p parameters accurately. A high dimensional regres-
sion model has n < 5p. A fitted or population regression model is sparse if
a of the predictors are active (have nonzero B; or B;) where n > Ja with
J > 10. Otherwise the model is nonsparse. A high dimensional population
regression model is abundant or dense if the regression information is spread
out among the p predictors (nearly all of the predictors are active). Hence an
abundant model is a nonsparse model.

4) An important class of regression models investigates how the response
variable Y changes with the value of 73 where x is a p x 1 vector of pre-
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dictors. In a 1D regression model, regression is the study of the condi-
tional distribution of Y given the sufficient predictor SP = h(x), written
Y|SP or Y|h(z), where the real valued function h : R — R. The esti-

mated sufficient predictor ESP = iL(:c) An important special case is a

model with a linear predictor h(x) = « + B%x where ESP = & + BT:C and
often @ = 0. A response plot is a plot of the ESP versus the response Y.
Often SP = 273 and ESP = :CTB. A residual plot is a plot of the ESP ver-
sus the residuals. Tip: if the model for Y (more accurately Y|h(x)) depends
on « only through the real valued function h(x), then SP = h(x).

5) a) The log rule states that a positive variable that has the ratio between
the largest and smallest values greater than ten should be transformed to logs.
So W > 0 and max(W)/ min(WW) > 10 suggests using log(WW).

b) The ladder rule: to spread small values of a variable, make A\ smaller,
to spread large values of a variable, make A larger.

6) Let the ladder of powers A = {—1,-1/2,-1/3,0,1/3,1/2,1}. Let
tz\(Z) = Z* for A\ # 0 and Y =t(Z) = log(Z) for A = 0. Consider the addi-
tive error regression model Y = m(x) + e. Then the response transformation
model is Y = £5(Z) = ma(x) + e. Compute the “fitted values” W; using
W, = tx(Z;) as the “response.” Then a transformation plot of W; versus W;
is made for each of the seven values of A € Ay, with the identity line added
as a visual aid. Make the transformations for A € Ay, and choose the trans-
formation with the best transformation plot where the plotted points scatter
about the identity line.

. v _ 2in Y

7) For the location model, the sample mean Y = =
Y (Vi —Y)?

n—1
\/@ . If the data Y7,...,Y,, is arranged in ascending order from smallest to

largest and written as Y(;) < --- < Y,), then Y{; is the ith order statistic
and the Y{;)’s are called the order statistics. The sample median

, the sample

variance S2 = , and the sample standard deviation S,, =

MED(TL) = Y((nJrl)/Q) if n is Odd,

_ Yoo + Y2+
2
The notation MED(n) = MED(Y7, ..., Y,) will also be used. The sample me-
dian absolute deviation is MAD(n) = MED(|Y; — MED(n)|, i =1,...,n).
8) Suppose the multivariate data has been collected into an n X p matrix

MED(n)

if n is even.

i
T

xTr
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The coordinatewise median MED(W) = (MED(X}), ..., MED(X,))T where
MED(X;) is the sample median of the data in column 4 corresponding to

1 < — — —
variable X;. The sample mean T = — E x; = (X1, ...,Xp)T where X; is
n
i=1

the sample mean of the data in column i_corresponding to variable X;. The
sample covariance matrix

S:

LS (@ - @)@ —2)" = ().

n—1+4

That is, the ij entry of S is the sample covariance S;;. The classical estimator
of multivariate location and dispersionis (T,C) = (&, S).

9) Let (T,C) = (T'(W),C(W)) be an estimator of multivariate location
and dispersion. The ith Mahalanobis distance D; = \/D_l2 where the ith
squared Mahalanobis distance is D} = DZ(T(W),C(W)) =
(25— T(W))TC~ (W) (a; — T(W).

10) The squared Euclidean distances of the x; from the coordinatewise
median is D? = D?(MED(W), I,,). Concentration type steps compute the
weighted median MED;: the coordinatewise median computed from the cases
x; with D? < MED(D?(MED, _1, I,,)) where MEDy = MED(W). Often used
j = 0 (no concentration type steps) or j = 9. Let D; = D;(MEDj, I,,). Let
W; = 1if D; < MED(D, ..., D)) +kMAD(Dx, ..., D,,) where k > 0'and k = 5
is the default choice. Let W; = 0, otherwise.

11) Let the covmb2 set B of at least n/2 cases correspond to the cases
with weight W; = 1. Then the covmb2 estimator (T, C') is the sample mean
and sample covariance matrix applied to the cases in set B. Hence

n Py n (. . _m\T
T = Zlil Wlml and C — Z’L:l nglml T) (ml T) .
Zi:l Wi Zi:l Wi — 1

The function ddplot5 plots the Euclidean distances from the coordinatewise
median versus the Euclidean distances from the covmb?2 location estimator.
Typically the plotted points in this DD plot cluster about the identity line,
and outliers appear in the upper right corner of the plot with a gap between
the bulk of the data and the outliers.

12) If X and Y are px 1 random vectors, a a conformable constant vector,
and A and B are conformable constant matrices, then

E(X+Y)=E(X)+E(Y), E(a+Y)=a+E(Y), & E(AXB) = AE(X)B.
Also
Cov(a+ AX) = Cov(AX) = ACov(X)AT.

Note that E(AY) = AE(Y) and Cov(AY) = ACov(Y)A”.
13) If X ~ N,(p, X), then E(X) = p and Cov(X) = X.
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14) If X ~ N,(p, X) and if A is a ¢xp matrix, then AX ~ N, (Ap, AZAT).
If a is a p x 1 vector of constants, then X + a ~ N,(p + a, X).

15) Let X ,, be a sequence of random vectors with joint cdfs F,(x) and let
X be a random vector with joint cdf F'(x).

a) X, converges in distribution to X, written X, A X, if F,(x) —
F(x) asm — oo for all points & at which F'(x) is continuous. The distribution
of X is the limiting distribution or asymptotic distribution of X ,,. Note
that X does not depend on n.

b) X, converges in probability to X, written X,, KR X, if for every
e>0, P(| X, — X|| >€) = 0 asn— oo.

16) Multivariate Central Limit Theorem (MCLT): If X1, ..., X,, are iid
k x 1 random vectors with E(X) = p and Cov(X) = ¥z, then

VX, — ) 2 N0, z)

where the sample mean

17) Suppose /n(T,, — p) 5 N,(6,%). Let A be a g x p constant matrix.
Then Ay/n(T, — p) = Vn(AT, — Ap) 2 N, (A6, AXAT).

18) Suppose A is a conformable constant matrix and X, B X. Then
AX, 2 Ax.

19) A g x 1 random vector u has a mixture distribution of the wu;
with probabilities 7; if w is equal to u; with probability m;. The cdf of

J
u is Fy(t) = ijFu]. (t) where the probabilities 7; satisfy 0 < m; <
j=1

1 and ijl mj = 1, J > 2, and Fy,(t) is the cdf of a g x 1 ran-
dom vector w;. Then E(u) = ijl 7;E[u;] and Cov(u) = E(uul) —
E(w)E(u?) = B(uu®) — Ew)[E(w)]” = $7_, 7 Elujul] - Bw)[E(w)]” =
Yo7y miCov(wy) + 37y m B (uy)[E(u)]” — E(uw)[E(w)]”. If E(u;) = 6 for
j=1,..,J, then E(u) = 6 and Cov(u) = ijl mjCov(u;). Note that

Bu)[E)|T = Y27, Yooy mimiE (u)[E(u)] "

1.9 Complements

Graphical response transformation methods similar to those in Section 1.2
include Cook and Olive (2001) and Olive (2004, 2017a: section 3.2). A nu-
merical method is given by Zhang and Yang (2017).
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Section 1.5 followed Olive (2014, ch. 8) closely, which is a good Master’s
level treatment of large sample theory. Olive (2023d) is an online text. There
are several PhD level texts on large sample theory including, in roughly in-
creasing order of difficulty, Lehmann (1999), Ferguson (1996), Sen and Singer
(1993), and Serfling (1980). White (1984) considers asymptotic theory for
econometric applications.

For a nonsingular matrix, the inverse of the matrix, the determinant of
the matrix, and the eigenvalues of the matrix are continuous functions of
the matrix. Hence if 3 is a consistent estimator of Y, then the inverse,
determinant, and eigenvalues of 3 are consistent estimators of the inverse,
determinant, and eigenvalues of X' > 0. See, for example, Bhatia et al. (1990),
Stewart (1969), and Severini (2005, pp. 348-349).

Outliers

The outlier detection methods of Section 1.4 are due to Olive (2017b, sec-
tion 4.7). For competing outlier detection methods, see Boudt et al. (2017).
Also, google “novelty detection,” “anomaly detection,” and “artefact identi-
fication.”

Big Data Sets

Sometimes n is huge and p is small. Then importance sampling and se-
quential analysis with sample size less than 1000 can be useful for inference
for regression and time series models. Sometimes n is much smaller than p,
for example with microarrays. Sometimes both n and p are large.

1.10 Problems

crancap hdlen hdht Data for 1.1

1485 175 132
1450 191 117
1460 186 122
1425 191 125
1430 178 120
1290 180 117

90 75 51

1.1*. The table (W) above represents 3 head measurements on 6 people
and one ape. Let Xy = cranial capacity, Xo = head length, and X3 = head
height. Let = (X1, X2, X3)T. Several multivariate location estimators, in-
cluding the coordinatewise median and sample mean, are found by applying
a univariate location estimator to each random variable and then collecting
the results into a vector. a) Find the coordinatewise median MED(W).

b) Find the sample mean Z.

1.2. The table W shown below represents 4 measurements on 5 people.
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age breadth cephalic size
39.00 149.5 81.9 3738
35.00 152.5 75.9 4261
35.00 145.5 75.4 3777
19.00 146.0 78.1 3904
0.06 88.5 77.6 933

a) Find the sample mean .
b) Find the coordinatewise median MED(W).

1.3. Suppose @1, ..., &, are iid p x 1 random vectors from a multivariate
t-distribution with parameters p and ¥ with d degrees of freedom. Then
d
E(x;) = p and Cov(z) = ﬂZ for d > 2. Assuming d > 2, find the
limiting distribution of v/n(Z — ¢) for appropriate vector c.

1.4. Suppose 1, ..., T, are iid p x 1 random vectors where E(x;) = 51
and Cov(z;) = (e? — e)I,. Find the limiting distribution of \/n(Z — ¢) for
appropriate vector c.

1.5. Suppose @1, ..., &, are iid 2 x 1 random vectors from a multivariate
lognormal LN(u, X) distribution. Let x; = (X1, X;2)?. Following Press
(2005, pp. 149-150), E(X;;) = exp(p; + 07 /2),

V(Xij) = exp(a3)[exp(07) — 1] exp(2u;) for j = 1,2, and
Cov(X;1, Xio) = explus + p2 + 0.5(07 + 03) + 012][exp(o12) — 1]. Find the
limiting distribution of v/n(Z — ¢) for appropriate vector c.

1.6. The most used Poisson regression model is Y |z ~ Poisson(exp(zT3)).
What is the sufficient predictor SP = h(x)?

1.7. Let Z be the variable of interest and let Y = ¢(z) be the response
variable for the multiple linear regression model Y = 73 + e. For the four
transformation plots shown in Figure 1.9, n = 1000, and p = 4. The fitting
method was the elastic net. What response transformation should be used?

1.8. The data set follows the multiple linear regression model Y = &’ 3+¢
with n = 100 and p = 101. The response plots for two methods are shown
in Figure 1.10. Which method fits the data better, lasso or ridge regression?
For ridge regression, is anything wrong with yhat = Y.

1.9. For the Buxton (1920) data with multiple linear regression, height was
the response variable while an intercept, head length, nasal height, bigonal
breadth, and cephalic index were used as predictors in the multiple linear
regression model. Observation 9 was deleted since it had missing values. Five
individuals, cases 61-65, were reported to be about 0.75 inches tall with head
lengths well over five feet! The response plot shown in Figure 1.4a) is for lasso.
The response plot in Figure 1.4b) did lasso for the cases in the covmb2 set B
applied to the predictors and set B included all of the clean cases and omitted
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Fig. 1.9 Elastic Net Transformation Plots for Problem 1.7.

the 5 outliers. The response plot was made for all of the data, including the
outliers. Both plots include the identity line and prediction interval bands.
Which method is better: Fig. 1.4 a) or Fig. 1.4 b) for data analysis?

R Problem

Use the command source( “G:/hdpack.tzt”) to download the func-
tions and the command source( “G:/sldata.tzt”) to download the data.
See Preface or Section 8.1. Typing the name of the hdpack func-
tion, e.g. tplot2, will display the code for the function. Use the args com-
mand, e.g. args(tplot2), to display the needed arguments for the function.
For the following problem, the R command can be copied and pasted from
(http://parker.ad.siu.edu/Olive/slrhw.txt) into R.

1.10. This problem uses some of the R commands at the end of Section
1.2.1. A problem with response and residual plots is that there can be a lot
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Fig. 1.10 Response Plots for Problem 1.8.

of black in the plot if the sample size n is large (more than a few thousand).
A variant of the response plot for the additive error regression model Y =
m(x) + e would plot the identity line, the two lines parallel to the identity
line corresponding to large sample 100(1 — §)% prediction intervals for Y
that depends on Yj Then plot points corresponding to training data cases
that do not lie in their 100(1 — §)% PI. We will use 6 = 0.01, n = 100000,
and p = 8.

a) Copy and paste the commands for this part into R. They make the
usual response plot with a lot of black. Do not include the plot in Word.

b) Copy and paste the commands for this part into R. They make the
response plot with the points within the pointwise 99% prediction interval
bands omitted. Include this plot in Word. For example, left click on the plot
and hit the Ctrland c keys at the same time to make a copy. Then paste the
plot into Word, e.g., get into Word and hit the Ctrl and v keys at the same
time.
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¢) The additive error regression model is a 1D regression model. What is
the sufficient predictor = h(xz)?

1.11. The hdpack function tplot2 makes transformation plots for the
multiple linear regression model Y = t(Z) = x?3 + e. Type = 1 for full
model OLS and should not be used if n < 5p, type = 2 for elastic net, 3 for
lasso, 4 for ridge regression, 5 for PLS, 6 for PCR, and 7 for forward selection
with Cp if n > 10p and EBIC if n < 10p. These methods are discussed in
Chapter 3.

Copy and paste the three library commands near the top of slrhw into R.

For parts a) and b), n = 100,p = 4 and Y = log(Z) = 0z1 + x2 + 0z3 +
O0xg4+e=ax2+e. (Y and Z are swapped in the R code.)

a) Copy and paste the commands for this part into R. This makes the
response plot for the elastic net using Y = Z and « when the linear model
needs Y =log(Z). Do not include the plot in Word, but explain why the plot
suggests that something is wrong with the model Z = 73 + e.

b) Copy and paste the command for this part into R. Right click Stop 3
times until the horizontal axis has log(z). This is the response plot for the
true model Y = log(Z) = T8+ e = x5 +e. Include the plot in Word. Right
click Stop 3 more times so that the cursor returns in the command window.

¢) Is the response plot linear?

For the remaining parts, n = p — 1 = 100 and Y = log(Z) = 0z + z2 +
0xz3+ -+ 0x101 + € = x2 + e. Hence the model is sparse.

d) Copy and paste the commands for this part into R. Right click Stop 3
times until the horizontal axis has log(z). This is the response plot for the
true model Y = log(Z) = T8+ e = x5 + e. Include the plot in Word. Right
click Stop 3 more times so that the cursor returns in the command window.

e) Is the plot linear?

f) Copy and paste the commands for this part into R. Right click Stop 3
times until the horizontal axis has log(z). This is the response plot for the true
model Y =log(Z) = 73 + e = w3+ e. Include the plot in Word. Right click
Stop 3 more times so that the cursor returns in the command window. PLS
is probably overfitting since the identity line nearly interpolates the fitted
points.

1.12. Get the R commands for this problem. The data is such that ¥ =
2+ z3 + x3 + x4 + e where the zero mean errors are iid [exponential(2) -
2]. Hence the residual and response plots should show high skew. Note that
B =(2,1,1,1)T. The R code uses 3 nontrivial predictors and a constant, and
the sample size n = 1000.

a) Copy and paste the commands for part a) of this problem into R. Include
the response plot in Word. Is the lowess curve fairly close to the identity line?

b) Copy and paste the commands for part b) of this problem into R.
Include the residual plot in Word: press the Ctrland c keys as the same time.
Then use the menu command “Paste” in Word. Is the lowess curve fairly
close to the 7 = 0 line? The lowess curve is a flexible scatterplot smoother.
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¢) The output out$coef gives B. Write down 3 or copy and paste 3 into
Word. Is 3 close to 37

1.13. For the Buxton (1920) data with multiple linear regression, height
was the response variable while an intercept, head length, nasal height, bigonal
breadth, and cephalic index were used as predictors in the multiple linear
regression model. Observation 9 was deleted since it had missing values. Five
individuals, cases 61-65, were reported to be about 0.75 inches tall with head
lengths well over five feet!

a) Copy and paste the commands for this problem into R. Include the lasso
response plot in Word. The identity line passes right through the outliers
which are obvious because of the large gap. Prediction interval (PI) bands
are also included in the plot.

b) Copy and paste the commands for this problem into R. Include the
lasso response plot in Word. This did lasso for the cases in the covmb2 set
B applied to the predictors which included all of the clean cases and omitted
the 5 outliers. The response plot was made for all of the data, including the
outliers.

¢) Copy and paste the commands for this problem into R. Include the DD
plot in Word. The outliers are in the upper right corner of the plot.

1.14. Consider the Gladstone (1905) data set that has 12 variables on
267 persons after death. There are 5 infants in the data set. The response
variable was brain weight. Head measurements were breadth, circumference,
head height, length, and size as well as cephalic index and brain weight. Age,
height, and three categorical variables cause, ageclass (0: under 20, 1: 20-45,
2: over 45) and sex were also given. The constant z; was the first variable.
The variables cause and ageclass were not coded as factors. Coding as factors
might improve the fit.

a) Copy and paste the commands for this problem into R. Include the
lasso response plot in Word. The identity line passes right through the infants
which are obvious because of the large gap. Prediction interval (PI) bands
are also included in the plot.

b) Copy and paste the commands for this problem into R. Include the
lasso response plot in Word. This did lasso for the cases in the covmb2 set
B applied to the nontrivial predictors which are not categorical (omit the
constant, cause, ageclass and sex) which omitted 8 cases, including the 5
infants. The response plot was made for all of the data.

¢) Copy and paste the commands for this problem into R. Include the DD
plot in Word. The infants are in the upper right corner of the plot.

1.15. The hdpack function m1dsimé6 compares 7 estimators: FCH, RFCH,
CMVE, RCMVE, RMVN, covmb2, and MB described in Olive (2017b, ch.
4). Most of these estimators need n > 2p, need a nonsingular dispersion
matrix, and work best with n > 10p. The function generates data sets and
counts how many times the minimum Mahalanobis distance D; (T, C) of the
outliers is larger than the maximum distance of the clean data. The value
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pm controls how far the outliers need to be from the bulk of the data, and
pm roughly needs to increase with |/p.

For data sets with p > n possible, the function m1dsim7 used the Eu-
clidean distances D;(T, I,) and the Mahalanobis distances D;(T, C4) where
C is the diagonal matrix with the same diagonal entries as C where (T, C)
is the covmb2 estimator using j concentration type steps. Dispersion ma-
trices are effected more by outliers than good robust location estimators,
so when the outlier proportion is high, it is expected that the Euclidean
distances D; (T, I,,) will outperform the Mahalanobis distance D;(T, Cgq) for
many outlier configurations. Again the function counts the number of times
the minimum outlier distance is larger than the maximum distance of the
clean data.

Both functions used several outlier types. The simulations generated 100
data sets. The clean data had @; ~ N,(0, diag(1, ...,p)). Type 1 had outliers
in a tight cluster (near point mass) at the major axis (0, ..., 0, pm)T. Type 2
had outliers in a tight cluster at the minor axis (pm,0,...,0)7. Type 3 had
mean shift outliers x; ~ N,((pm, ...,pm)T, diag(1, ...,p)). Type 4 changed
the pth coordinate of the outliers to pm. Type 5 changed the 1st coordinate
of the outliers to pm. (If the outlier &; = (21;, ..., xpl-)T, then x;; = pm.)

Table 1.2 Number of Times All Outlier Distances > Clean Distances, otype=1

n p v osteps pm FCH RFCH CMVE RCMVE RMVN covmb2 MB
10010025 0 20 85 85 85 85 86 67 89

a) Table 1.2 suggests with osteps = 0, covmb2 had the worst count. When
pm is increased to 25, all counts become 100. Copy and paste the commands
for this part into R and make a table similar to Table 1.2, but now osteps=9
and p = 45 is close to n/2 for the second line where pm = 60. Your table
should have 2 lines from output.

Table 1.8 Number of Times All Outlier Distances > Clean Distances, otype=1

n p - osteps pm covmb2 diag
100 1000 0.4 0 1000 100 41
100 100004 9 600 100 42

b) Copy and paste the commands for this part into R and make a table
similar to Table 1.3, but type 2 outliers are used. Now v = 0.4, the default
value.

¢) When you have two reasonable outlier detectors, there are outlier con-
figurations where one will beat the other. Simulations by Wang (2018) sug-
gest that “covmb2” using D; (T, I,,) outperforms “diag” using D;(T, Cgq) for
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many outlier configurations, but there are some exceptions. Copy and paste
the commands for this part into R and make a table similar to Table 1.3, but

type 3 outliers are used.






Chapter 2
Multiple Linear Regression

This chapter considers several estimators for the multiple linear regression
model. Large sample theory is give for p fixed, but the prediction intervals
can have p > n. Some testing for the OPLS and MMLE estimators can also
have p > n.

Definition 2.1. For an important class of regression models, regression
is the study of the conditional distribution Y| Az of the response variable Y’
given Az, where the vector of predictors & = (21, ...,2p)7 and Aisa k x p
constant matrix of full rank k£ with 1 < k < p.

Remark 2.1. If A = I, then Y|Az = Y|x. If B is a p x 1 coefficient
vector and A = 37, then Y|Az =Y|8Tz = Y |27 3.

Definition 2.2. A quantitative variable takes on numerical values while
a qualitative variable takes on categorical values.

Remark 2.2. The literature often claims that Y|x = Y|3” . This claim
is often much too strong.

Notation. Often the conditioning and the index ¢ will be suppressed. For
example, the multiple linear regression model

Y, =z B+e (2.1)

fori =1,...,n where 3 is a p x 1 unknown vector of parameters, and e; is a
random error. This model could be written Y = 73 + e. More accurately,
Y|,8T:c = 2”3 + ¢, but the conditioning on BT x will often be suppressed.
Often the errors ey, ..., e, are iid (independent and identically distributed).
Often the distribution of the errors is unknown, but often it is assumed that
the iid e;’s come from a distribution that is known except for a scale parame-
ter. For example, the e;’s might be iid from a normal (Gaussian) distribution
with mean 0 and unknown standard deviation o. For this Gaussian model,
estimation of B and ¢ is important for inference and for predicting a new
future value of the response variable Y given a new vector of predictors xy.

79
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2.1 The MLR Model

For multiple linear regression (MLR), it is usually useful to have a
constant in the model. Sometimes it is convenient to use Y| BLx where 8 =
(Bry s ﬂp)T and the constant is ;. Sometimes it is convenient to separate
the constant from the nontrivial predictors and use Y|(a + 87 x) where « is
the constant. We could also use 37 = (ﬁl,ﬁg) where (; is the intercept and
the slopes vector B, = (B2, ..., Bp)T, and & = (1,ul’) where the nontrivial
predictors u; = (z;2, ..., xl-p)T. Hence we get the following two MLR, models.
The first model is often used in the theory of linear models, while the second
model is often useful for Statistical Learning, MLR with heterogeneity, and
high dimensional statistics.

Definition 2.3. Suppose that the response variable Y and at least one

predictor variable x; are quantitative.
a) Let the MLR model 1 be

Vi=PB1+miofe++aiphh+e=x B+e (2.2)

for i =1, ...,n. Here n is the sample size and the random variable e; is the ith
error. Assume that the e; are iid with expected value E(e;) = 0 and variance
V(e;) = o2%. In matrix notation, these n equations become Y = X3 + e
where Y is an n x 1 vector of dependent variables, X is an n X p matrix
of predictors, B is a p x 1 vector of unknown coefficients, and e is an n x 1
vector of unknown errors.

b) Let the MLR model 2 be
Vi=a+zifi+ - +aipbte=at+z B+e (2.3)
for i =1, ..., n. For this model, we may use ¢ = (o, 87)7 with Y = X p+e.
In matrix notation, suppose the n equations are
Y =X3+e, (2.4)

where Y is an n x 1 vector of dependent variables, X = [v1,v2,...,vp] is
an n X p matrix of predictors with ith column v; corresponding to the ith
predictor, 3 is a p x 1 vector of unknown coefficients, and e is an n x 1 vector
of unknown errors. Equivalently,

{Yl] |7x171x172...x17p-| [51] {el

Y, T2 T22 ... Tap B2 €2

Y, Tn,1 Tn,2 -+ Tn,p 6;0 €n
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For MLR model 1, the first column of X is v; = 1, the n x 1 vector of ones.
The ith case (z,Y;))T = (wi1, 7i0, cey Tip, Y;)? corresponds to the ith row
I of X and the ith element of Y (if z;; = 1, then x;; could be omitted).
In the MLR model Y = 73 + e, the Y and e are random variables, but we
only have observed values Y; and «;. MLR is used to estimate the unknown
parameters 3 and o2.

Definition 2.4. The constant variance MLR model uses the assump-
tion that the errors ey, ...,e, are iid with mean E(e;) = 0 and variance
VAR(e;) = 02 < 0o. Also assume that the errors are independent of the pre-
dictor variables ;. The predictor variables x; are assumed to be fixed and
measured without error. The cases (z!,Y;)? are independent for i =1, ..., n.

If the predictor variables are random variables, then the above MLR model
is conditional on the observed values of the x;. That is, observe the x; and
then act as if the observed x; are fixed.

Definition 2.5. The unimodal MLR model has the same assumptions
as the constant variance MLR model, as well as the assumption that the zero
mean constant variance errors ey, ..., e, are iid from a unimodal distribution
that is not highly skewed. Note that E(e;) = 0 and V (e;) = 0% < 0.

Definition 2.6. The normal MLR model or Gaussian MLR model has
the same assumptions as the unimodal MLR model but adds the assumption
that the errors ey, ..., e, are iid N (0, 0?) random variables. That is, the e; are

iid normal random variables with zero mean and variance 2.

The unknown coefficients for the above 3 models are usually estimated
using (ordinary) least squares (OLS).

Notation. The symbol A = B = f(c¢) means that A and B are equivalent
and equal, and that f(c) is the formula used to compute A and B.

Definition 2.7. Given an estimate b of 3, the corresponding vector of
predicted values or fitted valuesis Y =Y (b) = Xb. Thus the ith fitted value

}A/l. = }A/l(b) = mlTb =211+ + xi,pbp-

The vector of residuals is r = r(b) = Y — Y (b). Thus ith residual r; =
Tl(b) = }/1 — K(b) = }/1 — $i71b1 — e — xi,pbp-
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2.1.1 OLS Theory

Ordinary least squares (OLS) large sample theory will be useful. Let X =
(1 X1). For model (2.2), the ith row of X is (1, z; 2, ..., Z; p) while for model
(2.3), the ith row of X is (1, z;1,...,%ip), and Y = al+ X 8+e = Xop+e.

Definition 2.8. Using the above notation for MLR model 2 given by
Equation (2.3), let I = (21, ..., Zp), let a be the intercept, and let the
slopes vector 8 = (531, ..., B,)T. Let the population covariance matrices

Cov(z) = E[(x — E(x))(x — E(z))"] = ¥, and

Cov(a,Y) = E[(z — E(z))(Y — E(Y))] = Sy

If the cases (x;,Y;) are iid from some population where X'gy exists and X'g
is nonsingular, then the population coefficients from an OLS regression of Y
on x (even if a linear model does not hold) are

a=aors=E(Y)-BTE(x) and 8= 805 =Xz Zwy.
Definition 2.9. Let the sample covariance matrices be

1

n—1

S -

Z(Ccz —z)(x; —E)T and Ygy = 1 Z(ml —Z)(Y; - Y).

n

< 1
Let the method of moments estimators be X = — E (x; —%)(z; — )T and
n
i=1

< 1 _ — 1< —

Yy = EZ(%—C‘C)(K -Y)= Ezmim_m Y.
i=1 =1

The method of moment estimators are often called the maximum likelihood

estimators, but are the MLE if the (V;,z1)7 are iid from a multivariate

normal distribution, a very strong assumption. In Theorem 2.1, note that

D=XTX, - nzad =(n-1)5,.
Theorem 2.1: Seber and Lee (2003, p. 106). Let X = (1 X;). Then
Ty ny . nY Ty n nxE’

X v= (X{Y) - (Z?_lmiYi)’ X X= (nf XlTX1>’

li+z2"D'z —ETD1>

and (XTX)™! = ( Dl Dl

where the p x p matrix D' = [(n— 1) X! = Z‘;l/(n —-1).
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Under model (2.3), ¢ = o5 = (XTX) 1 XTY.

Theorem 2.2: Second way to compute (25:
~—1 — AT
a) If ¥, exists, then @ =Y — 3 T and

b) Suppose that (Y;, z7)” are iid random vectors such that o2, X', and

Y yy exist. Then & £ o and

P
B— 0B as n— o

where a and 3 are given by Definition 2.8.
Proof. Note that

T
Ty n
Y'Xi=(W--Ya) | 1 | =) Yia]
T i=1
and
Y n
XTy =[x, x,] : :ZmiYi.
Yn =1
So

_[#+2'D'z =D [1" ], _
| -D'm D! x| = -
Lyz'D'z —=z'D! nY

-D 'z D! XTIy |-

;

Thus 3= -nD'ZY + DXy = D YXTY —nz Y) =

-1

n . 2 R o
D! lz wY; —nz Y| = = flnzmy = %zmlzmy. Then
1=1

64=Y+nE'D'ZY -Z'D'XTY =Y+ nYE'D'-Y X, D '|Z
— T
=Y — B x. The convergence in probability results hold since sample means

and sample covariance matrices are consistent estimators of the population
means and population covariance matrices. [

Remark 2.3. It is important to note that the convergence in probability
results are for iid (V;, 27)T with second moments and nonsingular Xz: a
linear model Y = X3 + e does not need to hold. When the linear model
does hold, the second method for computing B is still valid even if X is a
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constant matrix, and B it B by Theorem 2.3 b). From Theorem 2.3,

IR Vi Vi) p VLV
XTX 1_ _ v 11 v 12 _ 11 12 )
TL( ) v (V21 V22 -V V21 V22

Thus 2;1 A Voo, 2;3 A V;;, and 2my A V;QIB. Note that for Theorem
2.3 b) with iid cases and pgp = E(x),

_ 1+ pl X e —pix!
n(xTx 1£>V—[ -z Hx T |
( ) _Zmlﬂm Z:cl

Definition 2.10. For OLS and MLR model 1 from Definition 2.3, B =
Bors = (XTX)1XTY . Let the hat matrizc H = X(XTX) X", Then
Y = Yors = HY = X[. The ith leverage h; = H;; = the ith diagonal
element of H.

There are many large sample theory results for ordinary least squares. For
Theorem 2.3, see, for example, Sen and Singer (1993, p. 280). Theorem 2.3
is analogous to the central limit theorem and the theory for the t-interval
for ;1 based on Y and the sample standard deviation (SD) Sy. If the data
Y1,...,Y, are iid with mean 0 and variance o2, then Y is asymptotically
normal and the t—interval will perform well if the sample size is large enough.
The results below suggests that the OLS estimators Y; and B are good if
the sample size is large enough. The condition maxh; — 0 in probability
usually holds if the researcher picked the design matrix X or if the x; are
iid random vectors from a well behaved population. Outliers can cause the
condition to fail. Theorem 2.3 a) implies that 3 ~ N,[B,0%(XTX)~1]. For
Theorem 2.3 a), rank(X) = p since X X is nonsingular. For Theorem 2.3
b), rank(X) =p+ 1.

Theorem 2.3, OLS CLTSs. Consider the MLR model and assume that
the zero mean errors are iid with E(e;) = 0 and VAR(e;) = o2. If the x; are
random vectors, assume that the cases (x;,Y;) are independent, and that the
e; and x; are independent. Also assume that max;(hq, ..., h,) — 0 and

XTx

n

N Vant

as n — oo where the convergence is in probability if the x; are random vectors
(instead of nonstochastic constant vectors).
a) For Equation (2.2), the OLS estimator 3 satisfies

V(B - B) 2 N,(0,0% V). (2.6)

Equivalently,
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(XTX)2(8 - B) 2 N,(0,0% I,,). (2.7)

b) For Equation (2.3), the OLS estimator ¢ satisfies

V(e — @) 2 Nyii(0,0% V). (2.8)

¢) Suppose the cases (x;, Y;) are iid from some population and the Equa-
tion (2.3) MLR model Y; = a4 ! B+ ¢; holds. Assume that X' and Xg v
exist. Then Equation (2.8) holds and

V(B = B) 2 Ny(0,0% $z) (2.9)
where 8= Bors = Xgp Sy

Remark 2.4. I) Consider Theorem 2.3. For a) and b), the theory acts as
if the x; are constant even if the x; are random vectors. The literature says
the x; can be constants, or condition on x; if the x; are random vectors.
The main assumptions for a) and b) are that the errors are iid with second
moments and that n(X” X)~! is well behaved. The strong assumptions for
¢) are much stronger than those for a) and b), but the assumption of iid cases
is often reasonable if the cases come from some population. .

II) Suppose Vi = a + B + e; where the e; are iid. Then Bg.g ~
N,(B, MSE 2;1/71) even if the cases are not iid, and Sz 5 V5, where
V55 is not necessarily equal to Xg, by Remark 2.3. Thus

Bors — BT Ez(Bors — B)/MSE 2 Xp as n — oco. This result is useful
since no matrix inversion is required.

Remark 2.5. Consider MLR model (2.3). Let w; = Apx; for i =1,...,n
where A, is a full rank k x p matrix with 1 <k < p.

a) Let X* be 3 or X. Then X, = A, X5 AL and X5,y = A, Xy

b) If A,, is a constant matrix, then Xqpy = AanAg and
Ywy = AnXgy.

c¢) Let B(u,Y) and B(u,Y) be the estimator and parameter from the OLS
regression of Y on u. The constant parameter vector should not depend on
n. Suppose the cases are iid and A is a constant matrix that does not depend
on n. By Theorem 2.2, B(w,Y) = 2;]1211])/ = [A 32 A, TA Sy =
[4,524,] 7 A, Z2B(,Y). Tt A, & A, Bz & Ty, and B(x,Y) -
B(x,Y), then Bw,Y) & B(w,Y) = [AZz A| ' ATz B, ).

A problem with OLS, is that V' generally can’t be estimated if p > n since
typically (X7 X)~! does not exist. If p > n, using ¢ = (X7 X)"XTY is a
poor estimator that interpolates the data, where A™ is a generalized inverse
of A. Often the software will not compute ¢ if p > n.
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2.2 Statistical Learning Methods for MLR

There are many MLR methods, including OLS for the full model, forward se-
lection with OLS, the marginal maximum likelihood estimator (MMLE), elas-
tic net, principal components regression (PCR), partial least squares (PLS),
lasso, lasso variable selection, and ridge regression (RR). For the last six
methods, it is often convenient to use centered or scaled data. Suppose U
has observed values Uy, ..., U,. For example, if U; = Y; then U corresponds
to the response variable Y. The observed values of a random variable V' are
centered if their sample mean is 0. The centered values of U are V; = U; — U
fori =1,...,n. Let g be an integer near 0. If the sample variance of the U; is

R _
~2 2
= U, —U)*,
A= YD
then the sample standard deviation of U; is 64. If the values of U; are not all
the same, then 4, > 0, and the standardized values of the U; are
Ui —-U
W, = — .

Og

Typically g = 1 or ¢ = 0 are used: g = 1 gives an unbiased estimator
of 02 while g = 0 gives the method of moments estimator. Note that the

standardized values are centered, W = 0, and the sample variance of the
standardized values

1 n
> wi=1 (2.10)
9

Remark 2.6. Let Y = a+zT 3 +e. Let w! = (w; 1, ..., w; ) be the stan-
dardized vector of nontrivial predictors for the ith case. Since the standard-
ized predictors are also centered, w = 0. Let the n X p matrix of standardized
nontrivial predictors W, = (W;;) when the predictors are standardized using
&4- Then the ith row of W is wy . Thus, 27" | Wi; = 0and Y7, W2 =n—yg
for j =1, ..., p. Hence

— n
Tii— Tj . 1 _
Wij = # where J2 = E (Xiyj — Xj)2

(o n—
J &1

is 04 for the jth variable x;. Then the sample covariance matrix of the w; is
the sample correlation matrix of the x;:

R wiw
Py = Ra = (ry) = ——— gg
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where 7; is the sample correlation of z; and z;. Thus the sample correlation
matrix Rg does not depend on g. Let Z =Y —Y where Y = Y'1. Since the
R software tends to use g = 0, let W = W . Note that n x p matrix W does
not include a vector 1 of ones. Then regression through the origin is used for
the model

Z=Wn+e (2.11)

where Z = (Z1,..., Z,)T and n = (n1,...,mp)T. The vector of fitted values
Y=Y +2Z.

Remark 2.7. i) Interest is in model (2.3): estimate Y} and B. For many
regression estimators, a method is needed so that everyone who uses the
same units of measurements for the predictors and Y gets the same (Y, B)
Equation (2.11) is a commonly used method for achieving this goal. Suppose

g = 0. The method of moments estimator of the variance o2 is

When data z; are standardized to have w = 0 and S3; = 1, the standardized
data w; has no units. ii) Hence the estimators Z and 7) do not depend on
the units of measurement of the z; if standardized data and Equation (2.11)
are used. Linear combinations of the w; are linear combinations of the x;.
Thus the estimators Y and B are obtained using VA ., 7, and Y. The linear
transformation to obtain (Y, 8) from (Z, #) is unique for a given set of units
of measurements for the z; and Y. Hence everyone using the same units of
measurements gets the same (Y, 3). iii) Also, since W; =0and 5%, A =1, the
standardized predictor variables have similar spread, and the magmtude of
7); is a measure of the importance of the predictor variable W; for predicting
Y.

Definition 2.11. Consider model (2.2): Y = 278 +e. If Z = Wn + e,
where the n X ¢ matrix W has full rank ¢ = p — 1, then the OLS estimator

flors = (W W) 'w'Zz

minimizes the OLS criterion Qors(n) = r(n)Tr(n) over all vectors n €
RP~L. The vector of predicted or fitted values Zors = Wors = HZ where
H-= W(WTW) W7, The vector of residuals r = 7(Z, W)= Z — Z =
I-H)Z.

For model (2.2): Y = 278 + ¢, let z = (1 w)T, and let Z = Wn + €.
Assume that the sample correlation matrix

T
WWeEya (2.12)

Ry =

n
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Note that V™1 = P, the population correlation matrix of the nontrivial
predictors w;, if the u; are a random sample from a population. Let H =
W(WTW)AWT = (hsj), and assume that max;—1,__, hi; £ 0asn— .
Olive (2024) examines whether the OLS estimator satisfies

w, = Vi(fops — 1) 2 Np-1(0,0%V). (2.13)

Remark 2.8. Variable selection is the search for a subset of predictor
variables that can be deleted without important loss of information if n/p
is large (and the search for a useful subset of predictors if n/p is not large).
Refer to Chapter 1: Remark 1.1 for variable selection and Equation (1.1)
where

x'B=xiBs + xpBy = x5Ps (2.14)

Let p be the number of predictors in the full model, including a constant.
Let ¢ = p — 1 be the number of nontrivial predictors in the full model. Let
a = ay be the number of predictors in the submodel I, including a constant.
Let k = k;y = a; — 1 be the number of nontrivial predictors in the submodel.
For submodel I, think of I as indexing the predictors in the model, including
the constant. Let A index the nontrivial predictors in the model. Hence [
adds the constant (trivial predictor) to the collection of nontrivial predictors
in A. In Equation (2.14), there is a “true submodel” Y = X s8¢ + e where
all of the elements of B4 are nonzero but all of the elements of 3 that are
not elements of Bg are zero. Then a = ag is the number of predictors in
that submodel, including a constant, and k = kg is the number of active
predictors = number of nonnoise variables = number of nontrivial predictors
in the true model S = Is. Then there are p — a noise variables (z; that have
coefficient ; = 0) in the full model. The true model is generally only known
in simulations. For Equation (2.14), we also assume that if 273 = =73,
then S C I. Hence S is the unique smallest subset of predictors such that

ccTB = mg,ﬁs.

Model selection generates M models. Then a hopefully good model is
selected from these M models. Variable selection is a special case of model
selection. Many methods for variable and model selection have been suggested
for the MLR model. We will consider several R functions including i) forward
selection computed with the regsubsets function from the leaps library,
ii) principal components regression (PCR) with the pcr function from the
pls library, iii) partial least squares (PLS) with the plsr function from the
pls library, iv) ridge regression with the cv.glmnet or glmnet function
from the glmnet library, v) lasso with the cv.glmnet or glmnet function
from the glmnet library, and vi) lasso variable selection which is OLS applied
to the lasso active set (nontrivial predictors with nonzero coefficients) and a
constant. See Sections 2.3-2.12 and James et al. (2013, ch. 6).

These six methods produce M models and use a criterion to select the
final model (e.g. Cp, or 10-fold cross validation (CV)). See Section 2.14. The
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number of models M depends on the method. Often one of the models is the
full model (2.3) that uses all p — 1 nontrivial predictors. The full model is
(approximately) fit with (ordinary) least squares. For one of the M models,
some of the methods use ) = 0 and fit the model Y; = 51 + ¢; with Yl =Y
that uses none of the nontrivial predictors. Forward selection, PCR, and PLS
use variables v; =1 (the constant or trivial predictor) and v; = 'yJT:c that are
linear combinations of the predictors for 7 = 2, ..., p. Model I; uses variables
V1, V2, ..., v; for i =1, ..., M where M < p and often M < min(p,n/10). Then
M models I; are used. (For forward selection and PCR, OLS is used to regress
Y (or Z) on vy,...,v;.) Then a criterion chooses the final submodel I from
candidates I, ..., Ips.

Overfitting or “fitting noise” occurs when there is not enough data to
estimate the p x 1 vector 3 well with the estimation method, such as OLS.
The OLS model is overfitting if n < 5p. When n < p, XTX is usually not
invertible, but if n = p, then ¥ = HY = X(X7X)'XTY =LY = Y
regardless of how bad the predictors are. If n < p, then the OLS program fails
or Y =Y the fitted regression plane interpolates the training data response
variables Y71, ..., ;. The following rule of thumb is useful for many regression
methods. Note that d = p for the full OLS model.

Rule of thumb 2.1. We want n > 10d to avoid overfitting. Occasionally
n as low as 5d is used, but models with n < 5d are overfitting.

Remark 2.9. Use Z,, ~ AN, (i,,, ¥,,) to indicate that a normal approx-
imation is used: Z, ~ N,(u,,X,). Let a be a constant, let A be a k x r
constant matrix (often with full rank & < r), and let ¢ be a k x 1 constant

vector. If \/n(6, — 8) 2 N,(0,V), then aZ,, = al,Z, with A = al,,

aZ, ~ AN, (ap,,a%,), and AZ,+c~ ANy (A,un fe AZ‘HAT) ,

T
0, ~ AN, ( ,K> . and A0, +c~ AN, <A0+c, AvA ) .
n
 Theorem 2.3 gives the large sample theory for the OLS full model. Then
B Ny(B,0*(XT X)) or B~ ANy(B, MSE(XTX)™1)).

When minimizing or maximizing a real valued function Q(n) of the k x 1
vector 7, the solution 7 is found by setting the gradient of Q(n) equal to
0. The following definition and lemma follow Graybill (1983, pp. 351-352)
closely. Maximum likelihood estimators are examples of estimating equations.
There is a vector of parameters m, and the gradient of the log likelihood
function log L(n) is set to zero. The solution 7 is the MLE, an estimator
of the parameter vector 7, but in the log likelihood, 1 is a dummy variable
vector, not the fixed unknown parameter vector.
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Definition 2.12. Let Q(n) be a real valued function of the k x 1 vector
7. The gradient of Q(n) is the k x 1 vector

Suppose there is a model with unknown parameter vector 1. A set of esti-
mating equations f(n) is used to maximize or minimize @Q(n) where n is a
dummy variable vector.

Often f(n) = v@, and we solve f(n) = vQ %' 0 for the solution ), and
f: R — R*. Note that 7 is an estimator of the unknown parameter vector
7 in the model, but 1 is a dummy variable in Q (7). Hence we could use Q(b)
instead of Q(n), but the solution of the estimating equations would still be

b=n.
As a mnemonic (memory aid) for the following theorem, note that the

derivative —azx = —xa = a and —az? = —zazr = 2ax.
dx T dx T

Theorem 2.4. a) If Q(n) = a’n = nTa for some k x 1 constant vector
a, then Q@ = a.

b) Let A be a symmetric matrix. If Q(n) = nT An for some k x k constant
matrix A, then 7@ = 2An.

O T Q) = S, Inil = Inll, then $Q = s = s where s = sign(s;)
where sign(n;) = 1 if n; > 0 and sign(n;) = —1 if n; < 0. This gradient is only
defined for n where none of the k values of n; are equal to 0.

Example 2.1. If Z = Wn+e, then the OLS estimator minimizes Q(n) =
1Z - Wnll§ = (Z - Wn)"(Z — Wn) = 27 Z — 22" Wn + 0" (W W)n.
Using Theorem 2.4 with a” = Z'W and A = W'W shows that vQ =
—2WTZ4+2(WTW)n. Let vQ(%) denote the gradient evaluated at 7). Then
the OLS estimator satisfies the normal equations (W' W)7j = W' Z.

Example 2.2. The Hebbler (1847) data was collected from n = 26 dis-
tricts in Prussia in 1843. We will study the relationship between Y = the
number of women married to civilians in the district with the predictors z;
= constant, xo = pop = the population of the district in 1843, x3 = mmen
= the number of married civilian men in the district, x4 = mmilmen = the
number of married men in the military in the district, and x5 = milwumn =
the number of women married to husbands in the military in the district.
Sometimes the person conducting the survey would not count a spouse if
the spouse was not at home. Hence Y is highly correlated but not equal to
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xg. Similarly, 4 and x5 are highly correlated but not equal. We expect that
Y = x5+ e is a good model, but n/p = 5.2 is small. See the following output.

source ("http://parker.ad.siu.edu/0Olive/hdpack.txt")
source ("http://parker.ad.siu.edu/0Olive/hddata.txt")
x <- marryl[,-3]1; Y <- marry[,3]; out<-lsfit (x,Y)
ls.print (out)

Residual Standard Error=392.8709

R-Square=0.9999, p-value=0

F-statistic (df=4, 21)=67863.03

Estimate Std.Err t-value Pr(>|t])
Intercept 242.3910 263.7263 0.9191 0.3685
Pop 0.0004 0.0031 0.1130 0.9111
mmen 0.9995 0.0173 57.6490 0.0000
mmilmen -0.2328 2.6928 -0.0864 0.9319
milwmn 0.1531 2.8231 0.0542 0.9572

res<-out$res

yvhat<-Y-res #d = 5 predictors used including x_1
AERplot2 (yhat, Y, res=res, d=5)

#fresponse plot with 90% pointwise PIs

Srespi #90% PI for a future residual

[1] -950.4811 1445.2584 #90% PI length = 2395.74

2.3 Forward Selection

Forward selection is a variable selection method where model I; uses j pre-
dictors z7, ..., z7 including the constant 27 = 1. If n /p is not large, instead of
forming p submodels I, ..., I,, form the sequence of M submodels I, ..., Iy
where M = min([n/J], p) for some positive integer J such as J = 5, 10, or 20.
Here [z] is the smallest integer > x, e.g., [7.7] = 8. Then for each submodel
I;, OLS is used to regress Y on 1, x3, ..., x}. Then a criterion chooses which
model I; from candidates Iy, ..., I is to be used as the final submodel.

Let criteria Cg(I) have the form
Cs(I) = SSE(I) + aK,6°.

These criteria need a good estimator of 0% and n/p large. See Shibata (1984).
The criterion Cp(I) = AICs(I) uses K,, = 2 while the BICg(I) criterion uses
K,, =log(n). See Jones (1946) and Mallows (1973) for Cp. It can be shown
that Cp(I) = AICg(I) is equivalent to the Cp(I) criterion of Definition 2.27.
Typically 62 is the OLS full model M SE when n/p is large.

The following criteria also need n/p large. AIC is due to Akaike (1973),
AIC¢ is due to Hurvich and Tsai (1989), and BIC to Schwarz (1978) and
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Akaike (1977, 1978). Also see Burnham and Anderson (2004).

AIC(I) = nlog (SSS(D ) + 2a,

ALCH(T) = nlog (SSZ;(I)) | 20(a+1)

n—a—1
and BIC(I) = nlog (SSL(I)> + alog(n).
n

Suppose the selected model is Iy, and B, is aq x 1. Forward selection
with Cp, and AIC often gives useful results if n > 5p and if n > 10aq. For
p < n < bp, forward selection with C}, and AIC tends to pick the full model
(which overfits since n < 5p) too often, especially if 62 = M SE. The Hurvich
and Tsai (1989, 1991) AIC¢ criterion can be useful if n > max(2p, 10a4).

The EBIC criterion given in Luo and Chen (2013) may be useful when
n/p is not large. Let 0 < v < 1 and |I| = a < min(n, p) if B; is a x 1. We
may use a < min(n/5,p). Then EBIC(I) =

nlog (SS#(IU + alog(n) + 2vlog [(Z)] = BIC(I) + 2vlog KS)] .

This criterion can give good results if p = p, = O(n*) and v > 1 — 1/(2k).
Hence we will use v = 1. Then minimizing EBIC(I) is equivalent to mini-
mizing BIC(I) — 2log[(p — a)!] — 21log(a!) since log(p!) is a constant.

The above criteria can be applied to forward selection and lasso variable
selection. The C), criterion can also be applied to lasso. See Efron and Hastie
(2016, pp. 221, 231).

Remark 2.10. Suppose n/J is an integer. If p < n/J, then forward
selection fits (p— 1)+ (p—2)+---+2+1 = p(p—1)/2 ~ p?/2 models, where
p — @ models are fit at step i for i = 1,...,(p—1). If n/J < p, then forward
selection uses (n/J)—1 steps and fits =~ (p—1)+(p—2)+- - -+(p—(n/J)+1) =
p((n)J) = 1) — (1+ 2+ + ((n/J) — 1)) =

BE-1) _n -3

1) -2 ~
»( ) 5 7 5

n
J
models. Thus forward selection can be slow if n and p are both large, al-
though the R package leaps uses a branch and bound algorithm that likely
eliminates many of the possible fits. Note that after step ¢, the model has
i + 1 predictors, including the constant.

The R function regsubsets can be used for forward selection if p < n,
and if p > n if the maximum number of variables is less than n. Then warning
messages are common. Some R code is shown below.

#regsubsets works if p < n, e.g. p = n-1, and works
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#if p > n with warnings if nvmax is small enough
set.seed (13)

n<-100

p<-200

k<-19 #the first 19 nontrivial predictors are active
J<-5

q <= p-1

b <=0 x 1:g

b[l:k] <- 1 #beta = (1, 1, ..., 1, 0, 0, ..., 0)°T
X <- matrix(rnorm(n * ), nrow = n, ncol = q)

y <- 1 + x %*% b + rnorm(n)

nc <- ceiling(n/J)-1 #the constant will also be used
nc <- min (nc,q)

nc <- max (nc,1l) #nc is the maximum number of
#nontrivial predictors used by forward selection
pp <- nc+l #d = pp is used for PI (2.14)

vars <— as.vector(l:(p-1))
temp<-regsubsets (x, y, nvmax=nc,method="forward")
out<-summary (temp)

num <- length (out$cp)

mod <— out$which[num,] #use the last model

#do not need the constant in vin

vin <- vars[mod[-1]]

out$rss
[1] 1496.49625 1342.95915 1214.93174 1068.56668
973.36395 855.15436 745.35007 690.03901
638.40677 590.97644 542.89273 503.68666
467.69423 420.94132 391.41961 328.62016
242 .66311 178.77573 79.91771
outs$bic
[1] -9.4032 -15.6232 -21.0367 -29.2685
-33.9949 -42.3374 -51.4750 -54.5804
-57.7525 -60.8673 -64.7485 -67.6391
-70.4479 -76.3748 -79.0410 -91.9236
-117.6413 -143.5903 -219.498595
tem <- 1sfit(x[,1:19],y) #last model used the

sum(tem$resid”2) #first 19 predictors
[1] 79.91771 #SSE (I) = RSS(I)
n*xlog(out$rss[19]/n) + 20xlog(n)

[1] 69.68613 #BIC (I)

for(i in 1:19) #a formula for BIC(I)

print ( nxlog(out$Srss[i]/n) + (i+1l)+*log(n) )

bic <= ¢(279.7815, 273.5616, 268.1480, 259.9162,
255.1898, 246.8474, 237.7097, 234.6043, 231.4322,
228.3175, 224.4362, 221.5456, 218.7368, 212.8099,
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210.1437, 197.2611, 171.5435, 145.5944, 69.6861)
tem<-1lsfit (bic, out$Sbic)

tem$coef
Intercept X
-289.1846831 0.9999998 #bic - 289.1847 = outS$bic

xx <— l:min (length (out$bic),p-1)+1
ebic <- outS$bic+2+log(dbinom (x=xx,size=p,prob=0.5))
#actually EBIC(I) - 2 p log(2).

Example 2.2, continued. The output below shows results from forward
selection for the marry data. The minimum C}, model I,,;, uses a constant
and mmem. The forward selection PIs are shorter than the OLS full model
Pls.

library(leaps);¥Y <- marryl[,3]; X <- marryl[,-3]
temp<-regsubsets (X, Y, method="forward")
out<-summary (temp)
Selection Algorithm: forward

pop mmen mmilmen milwmn

1 (1) momomgm o mom
2 (1 ) "™ " omxn T "

3 (1 ) "x" o Mx" Wy "won

4 (1) "xm omgno onyn L

out$cp

[1] -0.8268967 1.0151462 3.0029429 5.0000000
#mmen and a constant = Imin

mincp <- out$which[out$cp==min (outS$Scp), ]
#do not need the constant in vin
vin <- vars[mincp[-1]]
sub <- 1lsfit (X[,vin],Y)
ls.print (sub)
Residual Standard Error=369.0087
R-Square=0.9999
F-statistic (df=1, 24)=307694.4

Estimate Std.Err t-value Pr(>|t])
Intercept 241.5445 190.7426 1.2663 0.2175
X 1.0010 0.0018 554.7021 0.0000
res<-subSres
yvhat<-Y-res #d = 2 predictors used including x_1
AERplot2 (yhat, Y, res=res, d=2)
#fresponse plot with 90% pointwise PIs
Srespi #90% PI for a future residual
[1] -778.2763 1336.4416 #length 2114.72

Consider forward selection where x; is a x 1. Underfitting occurs if S
is not a subset of I so x; is missing important predictors. A special case
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of underfitting is d = a < ag. Overfitting for forward selection occurs if i)
n < 5a so there is not enough data to estimate the a parameters in 3; well,
orii) S C I but S # I. Overfitting is serious if n < 5a, but “not much of a
problem” if n > Jp where J = 10 or 20 for many data sets. Underfitting is a
serious problem for estimating the full model 3. Let Y; = m?iﬁ r+er;. Then
V(er;) may not be a constant 0?: V(er;) could depend on case i, and the
model may no longer be linear. Check model I with response and residual
plots.

Forward selection is a shrinkage method: p models are produced and except
for the full model, some | Bl| are shrunk to 0. Lasso and ridge regression are
also shrinkage methods. Ridge regression is a shrinkage method, but | 6Al| is
not shrunk to 0. Shrinkage methods that shrink Bl to 0 are also variable
selection methods. See Sections 2.6, 2.7, and 2.8.

Definition 2.13. A fitted or population regression model is sparse if a of
the predictors are active (have nonzero Bl or f3;) where n > Ja with J > 10.
Otherwise the model is nonsparse. A high dimensional population regression
model is abundant or dense if the regression information is spread out among
the p predictors (nearly all of the predictors are active). Hence an abundant
model is a nonsparse model.

Suppose the population model has B35 an ag x 1 vector, including a con-
stant. Then a = ag — 1 for the population model. Note that a = ag if the
model does not include a constant. See Equation (2.14).

2.4 Principal Components Regression

Some notation for eigenvalues, eigenvectors, orthonormal eigenvectors, posi-
tive definite matrices, and positive semidefinite matrices will be useful before
defining principal components regression, which is also called principal com-
ponent regression.

Notation: Recall that a square symmetric p X p matrix A has an eigen-
value A with corresponding eigenvector & # 0 if

Az = x. (2.15)

The eigenvalues of A are real since A is symmetric. Note that if constant
¢ # 0 and x is an eigenvector of A, then ¢ x is an eigenvector of A. Let
e be an eigenvector of A with unit length |le|]ls = V'eTe = 1. Then e and
—e are eigenvectors with unit length, and A has p eigenvalue eigenvector
pairs (A1, e1), (A2, €2), ..., (Ap, €p). Since A is symmetric, the eigenvectors are
chosen such that the e; are orthonormal: ef'e; = 1 and ele; = 0 for i #
j. The symmetric matrix A is positive definite iff all of its eigenvalues are
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positive, and positive semidefinite iff all of its eigenvalues are nonnegative.
If A is positive semidefinite, let Ay > Ao > -+ > A\, > 0. If A is positive
definite, then A, > 0.

Theorem 2.5. Let A be a p x p symmetric matrix with eigenvector eigen-
value pairs (A1, e1), (A2, €2), ..., (\p, €,) where el'e; = 1 and el'e; = 0if i # j

for i = 1,...,p. Then the spectral decomposition of A is
P
A= Z )\ieieiT = AlelelT + -4 )\pepeg.
i=1

Using the same notation as Johnson and Wichern (1988, pp. 50-51),
let P = [e1 e2 --- ep] be the p x p orthogonal matrix with ith column
e;. Then PPT = PTP = I. Let A = diag(\y, ..., \,) and let AY/? =
diag(v/A1, ..., \/m . If A is a positive definite p x p symmetric matrix with
spectral decomposition A =7 \;e;el | then A = PAPT and

p
Al =pAPT = Z %eieT.

4
; 4
1=1

Theorem 2.6. Let A be a positive definite p X p symmetric matrix with
spectral decomposition A = Y-7_, \;e;el. The square root matriz A2 =
PAY2PT s a positive definite symmetric matrix such that Al2AV2 = A,

Let Y = a + 273 + e. Consider the correlation matrix Rg of the p
nontrivial predictors 1, ..., z,. Suppose Ry has eigenvalue eigenvector pairs
(5\1,&1), - (S\K,éK) where A\; > Ao > -+ > A > 0 where K = min(n, p).
Then Rpe; = S\ié}- fori =1, ..., K. Since Ry is a symmetric positive semidef-
inite matrix, the A; are real and nonnegative.

The eigenvectors &; are orthonormal: él-Tél- =1 and él-Téj = 0 for i # j.
If the eigenvalues are unique, then é; and —é; are the only orthonormal
eigenvectors corresponding to Ai. For example, the eigenvalue eigenvector
pairs can be found using the singular value decomposition of the matrix
W, /\/n— g where W is the data matrix of standardized cases: the ith row
of W is w?' the sample covariance matrix

. wiw i i
Zw = 9 g = 1 Z(’U]l—ﬁ)(wl—_)T = ! Z’U]{U];T :Rm,
1=1

n—g n—g— n—g <

1=

and usually g =0 or g = 1. If n > K = p, then the spectral decomposition of
Rm is

p

S o 2T _ X o AT {4 AT

Ry = E Ai€;i€; = Xié1e] + -+ \epe
i=1
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and > 7, i =p

Let wy, ..., w, denote the n standardized cases of nontrivial predictors.
See Remark 2.6. Then the K principal components corresponding to the jth
case wj are Pj; = élij, vy Pig = é?(wj. Let the transformed case, that
uses K principal components, corresponding to w; be v; = (Pj1, ..., Pix)T.
Following Hastie et al. (2009, p. 66), the ith eigenvector &; is known as the
ith principal component direction or Karhunen Loeve direction of W .

Principal components have a nice geometric interpretation if n > K = p.
If n > K and Rg is nonsingular, then the hyperellipsoid

{w|D%,(0, Rg) < h?} = {w : w' Rz'w < h?}
is centered at 0. The volume of the hyperellipsoid is

2K/ 1/2pK
KI(K/2) [Rae|"/*h
Then points at squared distance wTRilw = h? from the origin lie on the
hyperellipsoid centered at the origin whose axes are given by the eigenvectors
é; where the half length in the direction of &; is h\/)A\_l-. Let j =1,...,n. Then
the first principal component Pj; is obtained by projecting the w; on the
(longest) major axis of the hyperellipsoid, the second principal component Pjo
is obtained by projecting the w; on the next longest axis of the hyperellipsoid,
., and the (p)th principal component P; , is obtained by projecting the w;
on the (shortest) minor axis of the hyperellipsoid. Examine Figure 2.3 for
two ellipsoids with 2 nontrivial predictors. The axes of the hyperellipsoid are
a rotation of the usual axes about the origin.
Let the random variable V; correspond to the ¢th principal component, and
let the ith principal component vector ¢; = (Pyj, ..., Pui)T = (Vii, ..o, Vii) ¥
be the observed data for V;. Let g = 1. Then the sample mean

zn: zn: w=el0=0,

k=1 k=1

3|'—‘
3|'—‘

and the sample covariance of V; and V; is Cov(V;, V;) =

L Z Vii = Vi) (Vi = V) ==& = é; Rgé,

k=1

3
3|'—‘

= j\jéiTéj = 0 for i # j since the sample covariance matrix of the standard-
ized data is

1 n
— Zwkwg = Rm
n

k=1

and Ryeé; = j\jéj. Hence V; and V; are uncorrelated.



98 2 Multiple Linear Regression

In the following definition, note that cl-ch = Al-TWTWéj =ne;Rge; =
n)\jéiTéj = 0 for i # j. Thus ¢; and c¢; are orthogonal: ¢; Le; for ¢ # j. Also,
cl'1 = O or_ wr)e; = 07e; = 0 since the standardized predictor variables
sum to 0. The ¢th principle component vector ¢; corresponds to the derived
predictor V;, fori=1,...,p— 1.

Definition 2.14. Consider the standardized model Z = Wn + € where
Y =a+zTB +e. Let

T AT, T
w; e e w; €]
v; = A pw; = : = : where Ay, =
T AT T T
w; €k e, w; e
Let
’U]{ei

be the ith principle component vector for ¢ = 1, ..., p. Principal components
regression (PCR) uses OLS regression on the principal component vectors
of the correlation matrix Rg. Hence PCR uses linear combinations of the
standardized data as predictors. Let

=N

Vi=(cl,..,ce) = | : | =WA,,

v

3

for k =1, ...,p. Let the working OLS model
Z = Vk7k + €= WIBkPCR+€

where € depends on the model. Then Bk pcr is the k-component PCR es-
timator for K = 1,...,p. The model selection estimator chooses one of the
k-component estimators, e.g. using a holdout sample or cross validation, and
will be denoted by Bspcr-

Remark 2.11. a) The set of p x 1 vectors {(1,0,...,0)T,(0,1,0,...,0)T,
(0,...0,1)T} is the standard basis for RP. The set of vectors {é1, ..., &,} is also
a basis for RP.

b) Let 45 = (%1, ..., %) T . Since the columns of V', are orthogonal, ¢; Lc;
for i # j,

'z vy

Yi = T =T
C; C c;

Ci'
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A~ . ~T . A~ A~
C) Since Z = Vk'7k +T = WAk,nvk +T = WIBkPCR+T’ Where IBkPCR =
A, 44 By Remark 2.5,

. c—1. W e AT i e
e =Xy Yoz = [ApaPwA; | ArnYwz =

“ . ~T “ A oA
[Akﬂlz'wAk,n]71Ak7nZ’UJIBOLS(wa Z).
Thus

A AT AT o~ A AT oA PO
Brpcr = Ak,n’)’k = Ak,n[Ak,nZwAk,n] lAleZ’w/BOLS(wa Z).

Note that 8,pc g = Bors(w, Z).
d) Let e; = €;(P,) be the ith eigenvector of the population correlation
matrix pcc of the x, and let
el
Ay = :
el
It is possible that é;, is arbitrarily close to e; for some values of n and
arbitrarily close to —e; for other values of n so that e; = é; ,, oscillates and
does not converge in probability to either e; or —e;. Hence we can not say
that the ith eigenvector &; = é; A e; or that Ay, A A If RIS >
for some constant ¢ > 0, and if the eigenvalues Ay > --- > X\, > 0 of X are
unique, then the absolute value of the correlation of e; with e; converges to
1 in probability: |corr(é;, e;)| £ 1. See Olive (2017b, p. 190). Let ~,, be
the population vector from the OLS regression on the principal component
vectors of the population correlation matrix @,,. Then v, and A} are not
unique since columns of Aj and elements of «, can be multiplied by —1
(an orthonormal eigenvector can be e; or —e;), but if a column e; of Ay is
multiplied by —1 then the jth element of v ; is multiplied by —1 so Afﬁyk

~T R
is unique. Thus A,y il A~y Let Sy il P, Then

Bipor = AL by = AL [ArPL AL ArPrBors(w, Z).

See Helland and Almgy (1994).

¢) In general, B) pop estimates By por # Bons(w, Z) unless k = p. Using
standardized predictors and estimated eigenvectors likely causes problems for
finding a CLT, as in Remark 2.6.

f) Generally there is no reason why the “predictors” should be ranked from
best to worst by Vi, Va, ..., Vi. For example, the last few principal component
vectors (and a constant) could be much better for prediction than the other
principal component vectors. See Jolliffe (1983) and Cook and Forzani (2008).
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g) Suppose 25:1 i > q(p) where 0.5 < ¢ < 1, e.g. ¢ = 0.8 where J is a lot
smaller than p. Then the J predictors Vi, ..., V; capture much of the infor-
mation of the standardized nontrivial predictors wy, ..., wp. Then regressing
Y on 1, Vi, ..., Vy may be competitive with regressing ¥ on wy, ..., w,. PCR
is equivalent to OLS on the full model when Y is regressed on a constant
and all K = p of the principal components. PCR can also be useful if X is
singular or nearly singular (ill conditioned).

Example 2.2, continued. The PCR output below shows results for the
marry data where 10-fold CV was used. The OLS full model was selected.

library(pls); y <- marry[,3]; x <- marry[,-3]
z <- as.data.frame (cbind(y, x))
out<-pcr(y~.,data=z, scale=T,validation="CV")
tem<-MSEP (out)

tem

(Int) 1 comps 2 comps 3 comps 4 comps
CV 1.743e+09 449479706 8181251 371775 197132
cvmse<-tem$vall,,l: (outSncomp+1l)][1,]

nc <-max (which.min (cvmse)-1,1)

res <- outS$Sresiduals|[,,nc]

vhat<-y-res #d = 5 predictors used including constant
AERplot2 (yhat,y, res=res,d=5)

#fresponse plot with 90% pointwise PIs

Srespi #90% PI same as OLS full model

-950.4811 1445.2584 #PI length = 2395.74

Several statistical methods can be computed using an n x n matrix or a
p X p matrix, depending on whether n or p is smaller. The remainder of this
section shows the computations for principle components analysis (PCA),
which is used for principle components regression.

Suppose W is the standardized n x p data matrix and T = W, /\/n —g.
If n < p, then the correlation matrix R = T" T = W;Wg/(n — g) does not
have full rank. By singular value decomposition (SVD) theory, the SVD of T
is T = UAVT where the positive singular values ¢; are square roots of the
positive eigenvalues of both T7T and of TT7 . (The singular values are not
standard deviations.) Also V = (é; é; --- &,), and T Te, = o?e;. Hence
classical principal component analysis on the standardized data can be done
using &; and \; = 02. The SVD of T" is T? = VATU”, and

wiw; wlw, ... wlw,

TTT =
— : :

T T T
w, W1 W, Wy ... W, Wy

which is the matrix of scalar products divided by n. Similarly, if W is the
centered data matrix (subtract the means), then T, = W./\/n — g, and the
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covariance matrix § = T2 T, = WX W /(n—g). For more information about
the SVD, see Datta (1995, pp. 552-556) and Fogel et al. (2013).

The following output shows how to do classical PCA with S on a data set
using the SVD and g = 1. The eigenvectors agree up to sign.

x<-cbind (buxx,buxy) # data matrix

mn <- apply(x,2,mean) #sample mean

J <= 0%1:87 + 1 # vector of n ones, n = 87

J <— J%*%t (J) /87 #J%*%x has rows = mn

zc <- x-J%$*x%$x f#fcentered x

yc <- zc/sqrt(87-1) #t(yc) $x% yc = cov(x)

svd (yc) Sv #right eigenvectors of Yc
[,1] [,2] [,3] [,4] [,5]

1,7 0.653883 0.75596 -0.01173 0.00988 0.0268

2,] -0.001366 0.03980 0.06800 -0.42534 -0.9016

3,17 -0.000489 -0.01276 -0.99161 -0.12775 -0.0151

4,17 -0.000714 0.00251 -0.10890 0.89588 -0.4308

5,1 -0.756594 0.65327 -0.00952 0.00854 0.0252

svd (t (yc)) Su #left eigenvectors of Yc'T
[,1] [,2] [,3] [,4] [,5]

[1,] -0.653883 -0.75596 .01173 -0.00988 -0.0268

[2,] 0.001366 -0.03980 -0.06800 0.42534 0.9016

[3,]17 0.000489 0.01276 .99161 0.12775 0.0151

[4,]1] 0.000714 -0.00251 .10890 -0.89588 0.4308

[5,]1 0.756594 -0.65327 .00952 -0.00854 -0.0252

> prcomp (x)

Standard deviations:

[1] 523.70760 42.50435 6.06073 4.39067 3.80398

Rotation:

O O O o o

PC1 pPC2 PC3 pPC4 PC5
len 0.653883 0.75596 -0.01173 0.00988 0.0268
nasal -0.001366 0.03980 0.06800 -0.42534 -0.9016

bigonal -0.000489 -0.01276 -0.99161 -0.12775 -0.0151
cephalic -0.000714 0.00251 -0.10890 0.89588 -0.4308

buxy -0.756594 0.65327 -0.00952 0.00854 0.0252
svd (yc) $d #singular values = sqgrt (eigenvalues)
[1] 523.70760 42.50435 6.06073 4.39067 3.80398
svd (t (yc)) sd #singular values = sqgrt (eigenvalues)

[1] 523.70760 42.50435 6.06073 4.39067 3.80398

Although PCA can be done if p > n, in general need p fixed for the sample
eigenvector to be a good estimator of a population eigenvector.
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2.5 Partial Least Squares

Consider the MLR model Y; = a + ccl-TB +ei=a+x 18+ -+ xiyp,Bp +e;
for i = 1,...,n. Principal components regression (PCR) and partial least
squares (PLS) models use p linear combinations n{ z, ...,ngcc. Then there
are p conditional distributions

Yimiz,njx,...,n ).

Estimating the 1; and performing the ordinary least squares (OLS) regression
of Y on (ff @, iy, ..., 7 x) and a constant gives the k-component, estima-
tor, e.g. the k-component PLS estimator Bk prg or the k-component PCR
estimator, for k = 1,...,J where J < p and the p-component estimator is
the OLS estimator 3, g. Denote the one component PLS (OPLS) estimator
by BO prg- The model selection estimator chooses one of the k-component
estimators, e.g. using a holdout sample or cross validation, and will be de-
noted by ,BMSPLS For the OPLS estimator, n; = Xgy and 7); = Sy See
Sections 2.10 and 2.11 for more on the OPLS estimator.

Remark 2.12. Olive and Zhang (2024) showed that B8, p¢ estimates
Brprs, and in general, B;.prs # Borg for k < p. In particular, Bpprg #
Bors except under very strong regularity conditions. The PLS literature
incorrectly suggests that 3, pr9 = Borg, under mild regularity conditions,
for 1 <k < pif pis fixed. Also see Chun and Keleg (2010), Cook (2018),
Cook et al. (2013), and Cook and Forzani (2018, 2019, 2024).

There are several ways to compute k-component partial least squares
(PLS) estimators for multiple linear regression. A simple way is to do the
OLS regress10n on (a constant and) Wiy,..., Wy where W; = f;JT:c and

7 = Z Zmy, and k < mm(n — 2,p). Then the one component PLS

eStlmatOr IS OPLS /BOPLS = IBIPLS Wlth k = 1 a,nd /BOLS = IBPPLS
with £ = p if n > p 4+ 1. The 3-component PLS estimator regresses Y on

(a constant and) W; = ﬁchc = Z‘;Y:c, Wy = ﬁQT:c = [2m2my]Tm, and

Wi =isx = [ifci‘my]T:c Let Y = a+ xTB,p.g + € be a working model.
From Naik and Tsai (2000), Helland and Almgy (1994), and Helland (1990),

let Ay, = [Sav, SaSay, SuSay, . Sy Sayv] Let w = Ay @ with
Y = a + wT,, + ¢ the working model so B pr¢ = Aznﬁ/k Then B p;g =

AT A A AT A AT A A AT A
Ak,n[Ak,anAk,n]71Ak,anY = Ak,n[AkﬂlzmAk,n]71Ak7nZ$IBOLS(ma Y).
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Example 2.2, continued. The PLS output below shows results for the
marry data where 10-fold CV was used. The OLS full model was selected.
The Mevik et al. (2015) pls library is useful for computing PLS and PCR.

library(pls); y <- marryl[,3]; x <- marryl[,-3]
z <- as.data.frame (cbind(y, x))
out<-plsr(y~.,data=z,scale=T,validation="CV")
tem<-MSEP (out)

tem

(Int) 1 comps 2 comps 3 comps 4 comps
CV 1.743e+09 256433719 6301482 249366 206508
cvmse<-tem$vall,,l: (outSncomp+1l)][1,]

nc <-max (which.min (cvmse)-1,1)

res <- out$residuals](,,nc]

vhat<-y-res #d = 5 predictors used including constant
AERplot2 (yhat,y, res=res,d=5)

Srespi #90% PI same as OLS full model

-950.4811 1445.2584 #PI length = 2395.74

There are some other equivalent ways to formulate PLS. The follow-
ing formulation shows that PLS seeks PLS directions that are correlated
with Y. Note that PCR components are formed without using Y. Let Y =
a+z? B p; s+¢€be a working model. Let X = (1 X1). Chun and Keleg (2010)
noted that an equivalent way to formulate PLS is to solve an optimization
problem by forming b; iteratively where by = arg maxp{[corr(Y, X1b)]*V (X 1b)}
subject to b'b = 1 and b" Zgb; = 0 for j = 1,....k — 1. Let the b; be the
estimates of b;, and perform the OLS regression of ¥ on X 1C'k7n and a
constant where C},,, = [by, ..., b] to find 4. Then Byprs = CrnYy-

Here is another way to formulate PLS. Let X. be the matrix of cen-
tered predictors (subtract the sample mean from each predictor) so that
D= XTX, = (n—1)Xg and let Z be the vector of centered response
variables. Let d = X? Z = (n — 1) Xgy. An equivalent way to compute the
k-component PLS estimator is to find unit vectors 7y, ..., and perform
the OLS regression of Y on a constant and the U; = f;lT:c fori =1,...,k.
Following Brown (1993, pp. 71-72), first maximize (¢? d)? subject to the con-
straint ¢'c = |c/|? = 1. The maximum occurs at ¢; = 7; = d/||d|| =
Yy /I Xyl = Noprs/lIMoprsll- Then ¢z = 75 is found by maximizing
(cT'd)? subject to both ||c[| = 1 and ¢ De; = 0 (called D-norm orthogonal-
ization) to get ¢z = 7),. Continue in this way to get the remaining vectors
C3,...,Ck.
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2.6 Ridge Regression

Consider the MLR model Y = X3 + e. Ridge regression often uses the
centered response Z; = Y; — Y and standardized nontrivial predictors in the
model Z = Wn + €. Then Y Z +Y. Note that in Definition 2. 16, A1, is

a tuning parameter, not an eigenvalue. The residuals r = r(,@ R =Y -Y.
Refer to Definition 2.11 for the OLS estimator 7)o, = (W' W) 'W7'Z

Definition 2.15. Consider the MLR model Z = Wn + €. Let b be a
(p — 1) x 1 vector. Then the fitted value Z;(b) = wZb and the residual
r4(b) = Z; — Zi(b). The vector of fitted values Z(b) = Wb and the vector of
residuals 7(b) = Z — Z(b).

Definition 2.16. a) Consider fitting the MLR model Y = X3 + e us-
ing Z = Wn + €. The ridge regression estimator 1)y minimizes the ridge
regression criterion

Qnln) = Lz Wz w2 @)

over all vectors n € RP~! where Al,n 2> 0 and a > 0 are known constants
with a = 1,2, n, and 2n common. Then

’f’R = (WTW + Al,nIpfl)ileZ- (217)

The residual sum of squares RSS(n) = (Z —Wn)T(Z - Wn),and A1, =0
corresponds to the OLS estimator 7)1 g. The ridge regression vector of fitted
values is Z = Zp = Wg, and the ridge regression vector of residuals
TR = r(nR) Z — ZR The estimator is said to be regularized if A, > 0.

Obtain Y and ,BR using Ny, Z and Y.
b) Consider fitting the MLR model Y = XB+e. Let A\ > 0 be a constant.

One ridge regression estimator BR minimizes the ridge regression criterion
1 )\1 N 2
Q(B) = 2(Y — XB)T (¥ - Xp) + 2oz Zﬁ (215)

over all vectors 3 € RP. Then
Br=(X"X+M,L,)"'X"Y. (2.19)

The residual sum of squares RSS(,@) (Y - XB)T(Y —XB),and \;,, =0
corresponds to the OLS estimator ,BO rs- The ridge regression vector of fitted
values is Y = Y = X ,8 R, and the ridge regression vector of residuals
rr=r(Bp) =Y - Yr.
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¢) Another ridge regression estimator 3rpr minimizes the ridge regression

criterion
P

1 Al
Qrr(B) = (Y — XB)'(Y - XB) + =" > 5
i=2
over all vectors 3 € RP.

The estimators b) and c) agree when a) is used. Using a vector of param-
eters n and a dummy vector 1 in Qg is common for minimizing a criterion
Q(7n), often with estimating equations. See the paragraphs above and below
Definition 2.12. We could also write

fl T )‘l_m T
Qr(b) = ar(b) r(b) + " b'b

where the minimization is over all vectors b € RP~1. Note that Zf;ll n =
nT'n = ||n||3. The literature often uses A\, = A = A1 ,,/a.

Note that )‘Lanb =AM Zf;ll b?. Each coefficient b; is penalized equally
by A1,,. Hence using standardized nontrivial predictors makes sense so that
if ; is large in magnitude, then the standardized variable w; is important.

Remark 2.13. i) If A\; ,, = 0, the ridge regression estimator becomes the
OLS full model estimator: Np = Norg-

ii) If Ay, > 0, then wiw + A1,ndp—1 is nonsingular. Hence 7 exists
even if X and W are singular or ill conditioned, or if p > n.

iii) Following Hastie et al. (2009, p. 96), let the augmented matrix W 4
and the augmented response vector Z 4 be defined by

w Z
Wa= (i 1) 2= (1),

where 0 is the (p — 1) x 1 zero vector. For A, > 0, the OLS estimator from
regressing Z 4 on W4 is

fa=(WAWA)'WHZ 4 =g

since W4Z 4 = W' Z and

T _ T / W _ T
WAWA - (W )\l,n Ipfl) (\/m Ip1> =W W+)\17n Ipfl.

iv) A simple way to regularize a regression estimator, such as the L; esti-
mator, is to compute that estimator from regressing Z4 on W 4.

Remark 2.13 iii) is interesting. Note that for A; , > 0, the (n+p—1)x(p—1)
matrix W 4 has full rank p—1. The augmented OLS model consists of adding
p— 1 pseudo-cases (w}, 1, Znt1)", ..., (Wh, 1, Znyp—1)" where Z; = 0 and
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wj = (0,...,\/A1,n,0,...,0)T for j = n+1,...,n+p—1where the nonzero entry
is in the kth position if j = n 4 k. For centered response and standardized
nontrivial predictors, the population OLS regression fit runs through the
origin (w”, Z)"T = (07,0)T. Hence for A, = 0, the augmented OLS model
adds p — 1 typical cases at the origin. If A; ,, is not large, then the pseudo-
data can still be regarded as typical cases. If A1, is large, the pseudo-data
act as w—outliers (outliers in the standardized predictor variables), and the
OLS slopes go to zero as Aq , gets large, making Z~0s0Y RY.

To prove Remark 2.13 ii), let (¢, g) be an eigenvalue eigenvector pair of
WIW = nRy,. Then [W'W + X\ oI, 1]g = (¥ + A1.n)g, and (¢ + A1, g)
is an eigenvalue eigenvector pair of WTW—l-)\LnIp,l > 0 provided A; ,, > 0.

The degrees of freedom for a ridge regression with known A;, is also
interesting and will be found in the next paragraph. The sample correlation
matrix of the nontrivial predictors

1
n—g

Ry =

wWiw,

where we will use g = 0 and W = W. Then W7 W = nRy,. By singular
value decomposition (SVD) theory, the SVD of W is W = UAV” where
the positive singular values o; are square roots of the positive eigenvalues of
both WIW and of WW7'. Also V = (&) &3 --- &), and W We; = o2é;.
Hence \; = o? where = Xl(WTW) is the ith eigenvalue of WITW . and é;
is the ith orthonormal eigenvector of Ry, and of W W . The SVD of W7 is
WT =vATUT, and the Gram matriz

wiw; wiw; ... wiw,
ww’ = : :
wlw; wlw, ... wlw,
which is the matrix of scalar products. Warning: Note that o; is the ith
singular value of W, not the standard deviation of w;.

Following Hastie et al. (2009, p. 68), if \; = A\;(W T W) is the ith eigenvalue
of WIW where \; > Ay > -+ > Ap—1, then the (effective) degrees of freedom
for the ridge regression of Z on W with known Ay, is df (A1) =

= o2 = A

trWWITW £ I, ) Wi =S "%+ N " (29
r[W( 1ndp-1) ] ;U%AM 2 (2.20)

where the trace of a square (p — 1) x (p — 1) matrix A = (a;;) is tr(A) =
S ai = P2 Mi(A). Note that the trace of A is the sum of the diagonal
elements of A = the sum of the eigenvalues of A.
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Note that 0 < df(A1,) < p—1 where df(A1,) =p—11if Ay, =0 and
df(AMn) — 0 as A1, — o0. The R code below illustrates how to compute
ridge regression degrees of freedom.

set.seed(13)
n<-100; g<-3 #gq = p-1
b <=0 1l:g+ 1

u <- matrix(rnorm(n * ), nrow = n, ncol = q)
y <— 1 + u %*% b + rnorm(n) #make MLR model
wl <—- scale(u) #t(wl) %+x% wl = (n-1) R = (n-1)=*cor (u)
w <— sgrt(n/(n-1))x*wl #t(w) %$*% w = n R = n cor(u)
t(w) %$*x% w/n

[,1] [,2] [,3]

[1,] 1.00000000 -0.04826094 -0.06726636

[2,] -0.04826094 1.00000000 -0.12426268

[3,] -0.06726636 -0.12426268 1.00000000

cor (u) #same as above

rs <- t(w)%*%w #scaled correlation matrix n R
svs <-svd(w)$d #singular values of w

lambda <- 0

d <= sum(svs”"2/(svs"2+lambda))

#effective df for ridge regression using w

d

(1] 3 #= g = p-1

112.60792 103.88089 83.51119

svs”2 #as above

uu<-scale (u, scale=F) #centered but not scaled
svs <-svd(uu) $d #singular values of uu

svs~2

[1] 135.78205 108.85903 85.83395

d <- sum(svs”"2/(svs"2+lambda))

#feffective df for ridge regression using uu
#d is again 3 if lambda = 0

In general, if Z = H\Z, then df(Z) = tr(H) where H is a (p — 1) x
(p—1) “hat matrix.” For computing Y, df(Y') = df(Z) + 1 since a constant
Bl also needs to be estimated. These formulas for degrees of freedom assume
that X is known before fitting the model. The formulas do not give the model
degrees of freedom if ) is selected from M values A1, ..., Ay using a criterion
such as k-fold cross validation.

Suppose the ridge regression criterion is written, using a = 2n, as

Qrn(b) = %r(b)Tr(b) + A2nb’'b, (2.21)

as in Hastie et al. (2015, p. 10). Then A2, = A1 ,/(2n) using the A, from
(2.16).
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The following remark is interesting if A; ,, and p are fixed. However, 5\1771 is
usually used, for example, after 10-fold cross validation. The fact that B R =
An,ABOLS appears in Efron and Hastie (2016, p. 98), and Marquardt and
Snee (1975). See Theorem 2.7 for the ridge regression central limit theorem.

Remark 2.14. Ridge regression has a simple relationship with OLS if
n>pand (XTX)! exists. Then B = (XTX + A\, 0,) ' XTY =
(XX + ML) M XTX)(XTX)'XTY = A, 2BoLs where A, =
A, = (XTX 4+ M\ I,)'XTX. By the OLS CLT Equation (2.6) with
V/n = (XTX)"', a normal approximation for OLS is

Bors ~ AN, (B, MSE (X" X)™).
Hence a normal approximation for ridge regression is
Br ~ AN, (A8, MSE A, (X"X) ' AL) ~
AN [AnB, MSE (X" X + A pd,) HXTX)(XTX + M)
If Equation (2.6) holds and Ay ,/n — 0 as n — oo, then A, il I,.

Remark 2.15. The ridge regression criterion from Definition 2.16 can also
be defined by
Qr(n) = 1Z = Wnll3 + A.un” n. (2.22)

Then by Theorem 2.4, the gradient VQgr = —2W?* Z+2(WITW)n+2\1 0.
Cancelling constants and evaluating the gradient at ), gives the score equa-
tions

—WT(Z - Wig) + Mg =0. (2.23)

Following Efron and Hastie (2016, pp. 381-382, 392), this means 7 = wla
for some n x 1 vector a. Hence ~ W% (Z - WW7'a)+ )\ ,W'a =0, or

wrww? £\ . 1)]a=W"'Z
which has solution @ = (WW?T 4+ X\, ,I,,)"'Z. Hence
Nr=Wla=WI'(WW”* 4\, 1,)'Z=(W'W 4+ )\ I, ) 'W'Z.
Using the n x n matrix WW7 is computationally efficient if p > n while
using the p x p matrix W2 W is computationally efficient if n > p. If A is
k x k, then computing A~* has O(k®) complexity.

The following identity from Gunst and Mason (1980, p. 342) is useful for
ridge regression inference: fjp =(X7 X 4+ A\ ,I,) ' XTY

= (XTX + 0, 0) ' XTX(XTX) ' XTY
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=(XTx + )\l,nI;D)ilXTXBOLS = AHBOLS =
1, — M (XTX + MnT) " YBors = BuBors =
Bors — )\%”(XTX +Mndp)  Bors

since A,, — B, = 0, where A,, = (X" X + X\, ,I,)""(X"X)=B,
=TI, M\ (XTX 4+ X\ ,I,)"". See Problem 2.3. Assume

XTx

n

Svi
asn — 00. If Ay ,/n — 0 then

XX + M1, p
_ -

n

V! and n(XTX +\oI) " S V.

Note that

Lvvi=r,

n n

T R
An:An,)\: <X X+)\17nIp> X X

if A1 n/n — 0 since matrix inversion is a continuous function of a positive
definite matrix. See, for example, Bhatia et al. (1990), Stewart (1969), and
Severini (2005, pp. 348-349).

For model selection, the M values of A = \; ,, are denoted by A1, A2, ..., Ay
where A; = A1 s depends onn fori = 1,..., M.If A, corresponds to the model

selected, then 5\1771 = Xs. The following theorem shows that ridge regression
and the OLS full model are asymptotically equivalent if A; , = op(n'/?) so

Ao/ v 5o

Theorem 2.7, RR CLT (Ridge Regression Central Limit Theo-
rem. Assume p is fixed and that the conditions of the OLS CLT Theorem
Equation (2.6) hold for the model Y = X3 + e.

a) If Ai../y/n 2 0, then
Vil(Br —B) = Ny(0,0°V).
b) If Apn/v/A = 7 > 0 then
V(B —B) % Ny(~TVB.0*V).
Proof: If 5\1n/\/ﬁ Er> 0, then by the above Gunst and Mason (1980)

identity, A A A A
Br =y = Man(XTX + Aiady) MBovs.
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Hence

\/E(BR -B) = \/E(BR - BOLS + BOLS -B) =

) Mo . .
Vn(Bors —B) — \/ﬁ%”(XTX + Arndp) ' Bors

B N,(0,0°V) =7V B ~ N,(—7VB,0°V). O

For p fixed, Knight and Fu (2000) note i) that B is a consistent estimator
of Bif A\, = 0o(n) so A1 n/n — 0 as n — oo, ii) OLS and ridge regression
are asymptotically equivalent if A; ,,/v/n — 0 as n — oo, iii) ridge regression
is a y/n consistent estimator of 8 if A , = O(y/n) (so A1,,/+/n is bounded),
and iv) if A1 ,/y/n — 7 > 0, then

VaBr —B) 2 N,(—7VB,0%V).

Hence the bias can be considerable if 7 # 0. If 7 = 0, then OLS and ridge
regression have the same limiting distribution.

Even if p is fixed, there are several problems with ridge regression infer-
ence if 5\1771 is selected, e.g. after 10-fold cross validation. For OLS forward
selection, the probability that the model I,,;, underfits goes to zero, and
each model with S C I produced a +/n consistent estimator B 1.0 of B. Ridge

regression with 10-fold CV often shrinks 3 r too much if both i) the number
of population active predictors kg = ag — 1 in Equation (2.14) and Remark
2.5 is greater than about 20, and ii) the predictors are highly correlated. If
p is fixed and A1, = op(y/n), then the OLS full model and ridge regression
are asymptotically equivalent, but much larger sample sizes may be needed
for the normal approximation to be good for ridge regression since the ridge
regression estimator can have large bias for moderate n. Ten fold CV does
not appear to guarantee that 5\1n/\/ﬁ L oor Xln/n £o.

Ridge regression can be a lot better than the OLS full model if i) X TX is
singular or ill conditioned or ii) n/p is small. Ridge regression can be much
faster than forward selection if M = 100 and n and p are large.

Roughly speaking, the biased estimation of the ridge regression estimator
can make the MSE of BR or f)p less than that of BOLS or f)org, but the
large sample inference may need larger n for ridge regression than for OLS.
However, the large sample theory has n >> p. We will try to use prediction
intervals to compare OLS, forward selection, ridge regression, and lasso for
data sets where p > n. See Sections 2.1, 2.3, 2.6, 2.7, and 2.13.

Warning. The R functions glmnet and cv.glmnet do ridge regression
using Definition 2.16 c).

Example 2.2, continued. The ridge regression output below shows results
for the marry data where 10-fold CV was used. A grid of 100 A values was
used, and A\g > 0 was selected. A problem with getting the false degrees of
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freedom d for ridge regression is that it is not clear that A = Ay ,,/(2n). We
need to know the relationship between A and A; ,, in order to compute d. It
seems unlikely that d ~ 1 if \¢ is selected.

library(glmnet); v <- marryl[,3]; x <- marryl[,—3]
out<-cv.glmnet (x,y,alpha=0)

lam <- out$lambda.min #value of lambda that minimizes
#the 10-fold CV criterion

vhat <- predict (out, s=lam, newx=x)

res <- y - vhat

n <- length(y)

wl <- scale (x)

w <—- sgrt(n/(n-1))*wl #t(w) %$*% w = n R_u, u = x
diag (t (w)$*x%w)
pop mmen mmilmen milwmn
26 26 26 26

#sum w_1"2 = n = 26 for 1 =1, 2, 3, and 4

svs <- svd(w)$d #singular values of w,

pp <— 1 + sum(svs"2/(svs"2+2+n*lam)) #approx 1
# d for ridge regression if lam = lam_{1,n}/(2n)
AERplot2 (yhat, y, res=res, d=pp)

Srespi #90% PI for a future residual

[1] -5482.316 14854.268 #length = 20336.584
#try to reproduce the fitted values

z <— y — mean (y)

g<-dim (w) [2]

I <- diag(q)

M<—- w%x%solve (t (w)%+%w + lam*I/(2*n))$+%t (w)

fit <- M%*x%z + mean(y)

plot (fit, yhat) #they are not the same

max (abs (fit-yhat))

[1] 46789.11

M<— w%*%solve (t (w)%+%w + lamxI/ (1547.1741)) %%t (w)
fit <- M%*x%z + mean(y)

max (abs (fit-yhat)) #close

[1] 8.484979

2.7 Lasso

Consider the MLR model Y = X 3+e. Lasso often uses the centered response
Z; = Y;—Y and standardized nontrivial predictors in the model Z = Wn+e
as described in Section 2.2. Then Y; = Z; + Y. The residuals r = 7(8,) =
Y — Y. Recall that Y = Y1.
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Definition 2.17. a) Consider fitting the MLR model Y = X3 + e using
Z = Wn + €. The lasso estimator 1, minimizes the lasso criterion

Quln) = Sz W)z W+ S 2y

over all vectors n € RP~! where Al,n 2> 0 and a > 0 are known constants
with @ = 1,2, n, and 2n are common. The residual sum of squares RSS(n) =
(Z - Wn)T(Z — Wn), and A1, = 0 corresponds to the OLS estimator
Nors = (WITW)='WT Z if W has full rank p — 1. The lasso vector of fitted
values is Z = Zj, = W), and the lasso vector of residuals 7(),) = Z—Z .
The estimator is said to be regularized if Ay ,, > 0. Obtain Y and BL using
77, VA ,and Y.

b) The lasso estimator BL minimizes the lasso criterion
1 )\1 N
Qu(B) = —(Y = XB)T(Y - XB) + == Z 6] (2.25)

over all vectors 3 € RP. The residual sum of squares RSS(8) = (Y —
XB)T(Y — XB), and A1, = 0 corresponds to the OLS estimator BOLS =
(XTX )7'XTY if X has full rank p. The lasso vector of fitted values is
Y =Y, = X/3,, and the lasso vector of residuals 7(3,) =Y — Y.

Using a vector of parameters n and a dummy vector 7 in @1, is common
for minimizing a criterion Q(n), often with estimating equations. See the
paragraphs above and below Definition 2.12. We could also write

Qub) = Lrf r(b) + 2 T | (2.26)

where the minimization is over all vectors b € RP~1. The literature often uses
Aa = A= Ain/a.

For fixed Aq , the lasso optimization problem is convex. Hence fast algo-
rithms exist. As A, increases, some of the 7; = 0. If Ay ,, is large enough,
then 1;, = 0 and Y; =Y fori=1,...,n. If none of the elements 7n; of 7, are
zero, then 7); can be found, in principle, by setting the partial derivatives of
Q1 (n) to 0. Potential minimizers also occur at values of 7 where not all of the
partial derivatives exist. An analogy is finding the minimizer of a real valued
function of one variable h(x). Possible values for the minimizer include values
of x. satisfying h/(x.) = 0, and values z. where the derivative does not exist.
Typically some of the elements 7); of 77, that minimizes Qr(n) are zero, and
differentiating does not work.
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The following identity from Efron and Hastie (2016, p. 308), for example,
is useful for inference for the lasso estimator 7);

A
2ln sn =0

_—1XT(Y - XB;)+ Al—v"sn =0 or —X"Y-X3)+ 5
n

2n
where s;, € [—1,1] and s;, = sign(Bl-yL) if Bz‘,L # 0. Here sign(3;) = 1 if

B; > 0 and sign(8;) = —1 if §; < 0. Note that s, = s depends on BL.

"wBL
ThuS IBL
=(XTX)'xTy — Azl—n" n(XTX)™ s, =Bors — A;—n" n(X'X)™ s,

If none of the elements of 3 are zero, and if B 1, s a consistent estimator of 3,

then s, £s= 53 If Ay ,/+/n — 0, then OLS and lasso are asymptotically
equivalent even if s,, does not converge to a vector s as n — oo since s, is
bounded. For model selection, the M values of A\ are denoted by 0 < A\ <
A2 < --- < Ay where A; = Ay ,,; depends on n for ¢ = 1,..., M. Also, Ay
is the smallest value of A such that 3 Ay = 0. Hence BM #0fori< M. If

As corresponds to the model selected, then 5\1771 = As. The following theorem
shows that lasso and the OLS full model are asymptotically equivalent if

Mo = 0p(n'/2) 50 Ay /v/n 5 0: thus V(B — Bors) = 0p(1).

Theorem 2.8, Lasso CLT. Assume p is fixed and that the conditions of
the OLS CLT Theorem Equation (2.6) hold for the model Y = X3 + e.

a) If Ao/ £0, then
V(B — B) & Ny(0,02V).

b) If 5\1n/\/ﬁ £ >0 and s, £os= 53 then
VaB, - B8) 2N, (%Tvs, a2v> :

Proof. If 5\1n/\/ﬁ £ >0 and s, £ os= 58 then

V(B - B) =vn(B, - BOLS + BOLS -B) =

. A o B -
Vn(Bors —B) — \/ﬁg—n”(XTX) ls, B N,(0,0%V) — iVs

~ N, (_TTVS,O'2V>
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since under the OLS CLT, n(X7X)* & V.

P . .
Part a) does not need s,, — s as n — oo, since s, is bounded. O

Suppose p is fixed. Knight and Fu (2000) note i) that B 1, 1s a consistent
estimator of i if Ay , = o(n) s0 A1n/n — 0 as n — oo, ii) OLS and lasso are
asymptotically equivalent if A; , — o0 too slowly as n — oo (e.g. if A1, = A
is fixed), iii) lasso is a /n consistent estimator of 8 if A1, = O(y/n) (so
A1.n/+/1 is bounded). Note that Theorem 2.8 shows that OLS and lasso are
asymptotically equivalent if A1 ,,/v/n — 0 as n — 0.

In the literature, the criterion often uses Ay = A1 n/a:

p—1
Qr.alb) = ~r(B) () + a3 [t
j=1

The values a = 1, 2, and 2n are common. Following Hastie et al. (2015, pp.
9, 17, 19) for the next two paragraphs, it is convenient to use a = 2n:

Qu2a(6) = -r(6)71(6) + 20 3 b, .27

2nr

where the Z; are centered and the w; are standardized using g = 0 sow; =0
and n&?— =3, wa = n. Then A = A3, = A1 ,,/(2n) in Equation (2.25).
For model selection, the M values of A are denoted by 0 < Aaj, 1 < Aop2 <

-+ < Agp, i where 1, = 0 iff A > Ay, pr and

1
—sTZ’

)\2n,maac = )\2n,M = max j
n

J
and s; is the jth column of W corresponding to the jth standardized non-
trivial predictor Wj. In terms of the 0 < Ay < A2 < -+ < Ay, used above
Theorem 2.8, we have \; = A1 ;i = 2nAay, ; and

AM = 2ndon, M = 2max’sJTZ’ .
J

For model selection we let I denote the index set of the predictors in the
fitted model including the constant. The set A defined below is the index set
without the constant.

Definition 2.18. The active set A is the index set of the nontrivial pre-
dictors in the fitted model: the predictors with nonzero 7;.

Suppose that there are k active nontrivial predictors. Then for lasso, k < n.
Let the n x k& matrix W 4 correspond to the standardized active predictors.
If the columns of W 4 are in general position, then the lasso vector of fitted



2.7 Lasso 115

values
Zr=WaWIiW)TWEZ — ndo, WA(WEW 4)7Ls s

where s4 is the vector of signs of the active lasso coefficients. Here we are
using the Agj,, of (2.27), and nAa, = A1 /2. We could replace n Az, by Ag if
we used a = 2 in the criterion

p—1

Qra(b) = 5r(b)r(B) + X0 3 [ty (2.28)

j=1

See, for example, Tibshirani (2015). Note that W 4 (W4 W 4)"'W? Z is the
vector of OLS fitted values from regressing Z on W 4 without an intercept.

Example 2.2, continued. The lasso output below shows results for the
marry data where 10-fold CV was used. A grid of 38 A values was used, and
Ao > 0 was selected.

library(glmnet); v <- marryl[,3]; x <- marryl[,—3]
out<-cv.glmnet (x,vy)

lam <- out$lambda.min #value of lambda that minimizes
#the 10-fold CV criterion

vhat <- predict (out, s=lam, newx=x)

res <- y - vhat

pp <- out$nzero[out$lambda==lam] + 1 #d for lasso
AERplot2 (yhat, y, res=res, d=pp)

Srespi #90% PI for a future residual

-4102.672 4379.951 #length = 8482.62

There are some problems with lasso. i) Lasso large sample theory is worse
or as good as that of the OLS full model if n/p is large. ii) Ten fold CV does
not appear to guarantee that i ,,//n Zoor AM.on/n Zo. iii) Lasso often
shrinks B too much if ag > 20 and the predictors are highly correlated. iv)
Ridge regression can be better than lasso if ag > n.

Lasso can be a lot better than the OLS full model if i) X X is singular
or ill conditioned or ii) n/p is small. iii) For lasso, M = M (lasso) is often
near 100. Let J > 5. If n/J and p are both a lot larger than M (lasso), then
lasso can be considerably faster than forward selection, PLS, and PCR if
M = M(lasso) = 100 and M = M(F) = min([n/J],p) where F stands for
forward selection, PLS, or PCR. iv) The number of nonzero coefficients in
717, < n even if p > n. This property of lasso can be useful if p >> n and the
population model is sparse.
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2.8 Lasso Variable Selection

Lasso variable selection applies OLS on a constant and the k& active predictors
that have nonzero lasso 7); (model I = I,,,;,,). Lasso variable selection is called
relaxed lasso by Hastie et al. (2015, p. 12), and the relaxed lasso estimator
with ¢ = 0 by Meinshausen (2007). The method is also called OLS-post lasso
and post model selection OLS.

Theory for lasso variable selection was given in Pelawa Watagoda and
Olive (2021b) and Rathnayake and Olive (2023). Lasso variable selection will
often be better than lasso when the model is sparse or if n > 10(k +1). Lasso
can be better than lasso variable selection if (X7 X ;) is ill conditioned or
if n/(k + 1) < 10. Lasso variable selection used a grid of K \; values for
i =1,..., K where A\ < \g < -+ < Ag. If K = 100, then lasso variable
selection can be much faster than forward selection if p is large. If n/p is
not large, using K > 100 is likely a good idea due to the multitude of MLR
models result. See Section 2.16. When p is fixed, 5\1n/ vn £ 7 does not
do variable selection well. For variable selection, want 5\1771 /v/n — o0, but
An/n — 0. See Fan and Li (2001). Let A\; = 2n). Guan and Tibshirani
(2020) (and likely glmnet) use A < Cn~'/4 for some large constant C.
Hence A1, = A1 n3/ 4 and the consistency rate of the lasso algorithm is
as best n'/4, but variable selection lasso has the y/n rate (if Ay is selected by
lasso, make A = min(\g, n/log(n) so that \/n — 0 as n — cc.)

Suppose the n x ¢ matrix x has the ¢ = p — 1 nontrivial predictors. The
following R code gives some output for a lasso estimator and then the corre-
sponding lasso variable selection estimator.

library (glmnet)

y <- marryl[, 3]

X <- marryl[,-3]

out<-glmnet (x,y,dfmax=2) #Use 2 for illustration:
#often dfmax approx min(n/J,p) for some J >= 5.
lam<-out$lambda[length (out$lambda) ]

vhat <- predict (out, s=lam, newx=x)

#lasso with smallest lambda in grid such that df = 2
lcoef <- predict (out,type="coefficients",s=1lam)
as.vector (lcoef) #first term is the intercept
#3.000397e+03 1.800342e-03 9.618035e-01 0.0 0.0

res <- y - vhat

AERplot (yhat,y,res,d=3,alph=1) #lasso response plot
##lasso variable selection =

#OLS on lasso active predictors and a constant

vars <- l:dim(x) [2]

lcoef<-as.vector (lcoef) [-1] #don’t need an intercept
vin <- vars[lcoef>0] #the lasso active set

vin
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#1 2 since predictors 1 and 2 are active
sub <- 1lsfit(x[,vin],y) #lasso variable selection
subS$coef

# 1Intercept pop mmen
#2.380912e+02 6.556895e-05 1.000603e+00
# 238.091 6.556895e-05 1.0006

res <- subS$resid
vhat <- y - res
AERplot (yhat,y, res,d=3,alph=1) #response plot

Example 2.2, continued. The lasso variable selection output below shows
results for the marry data where 10-fold CV was used to choose the lasso
estimator. Then lasso variable selection is OLS applied to the active variables
with nonzero lasso coefficients and a constant. A grid of 38 A values was used,
and A\; > 0 was selected. The OLS SE, t statistic and pvalue are generally
not valid for lasso variable selection by Remark 2.5 and Theorem 2.4.

library(glmnet); v <- marryl[,3]; x <- marryl[,—3]
out<-cv.glmnet (x,vy)
lam <- out$lambda.min #value of lambda that minimizes
#the 10-fold CV criterion
pp <- out$nzero[out$lambda==lam] + 1
#d for lasso variable selection
#get lasso variable selection
lcoef <- predict (out,type="coefficients",s=1lam)
lcoef<—-as.vector(lcoef) [-1]
vin <- vars[lcoef!=0]
sub <- lsfit(x[,vin],y)
ls.print (sub)
Residual Standard Error=376.9412
R-Square=0.9999
F-statistic (df=2, 23)=147440.1

Estimate Std.Err t-value Pr(>|t])58
Intercept 238.0912 248.8616 0.9567 0.3487
pop 0.0001 0.0029 0.0223 0.9824
mmen 1.0006 0.0164 60.9878 0.0000
res <- subS$resid
vhat <- y - res
AERplot2 (yhat, vy, res=res, d=pp)
Srespi #90% PI for a future residual
-822.759 1403.771 #length = 2226.53

To summarize Example 2.2, forward selection selected the model with
the minimum C),, while the other methods used 10-fold CV. PLS and PCR
used the OLS full model with PI length 2395.74, forward selection used a
constant and mmen with PI length 2114.72, ridge regression had PI length
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a) Forward Selection b) Ridge Regression
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Fig. 2.1 Marry Data Response Plots

20336.58, lasso and lasso variable selection used a constant, mmen, and pop
with lasso PI length 8482.62 and lasso variable selection PI length 2226.53.
A PI from Section 2.13 was used. Figure 2.1 shows the response plots for
forward selection, ridge regression, lasso, and lasso variable selection (labeled
relaxed lasso). The plots for PLS=PCR=OLS full model were similar to those
of forward selection and lasso variable selection. The plots suggest that the
MLR model is appropriate since the plotted points scatter about the identity
line. The 90% pointwise prediction bands are also shown, and consist of two
lines parallel to the identity line. These bands are very narrow in Figure 2.1
a) and d).
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2.9 The Elastic Net

Following Hastie et al. (2015, p. 57), let 3 = (ﬁl,ﬁg)T, let A1, >0, and let
a € [0,1]. Let

RSS(B) = (Y - XB)" (Y - XB) =Y - X3.

For a kx 1 vector n, the squared (Euclidean) L norm ||n||3 = n'n = Zle n?
and the L; norm |||y = S5 [n;].

Definition 2.19. The elastic net estimator BEN minimizes the criterion
1 1 9
Qun(8) = 3RSS(B) + A | 51— )1Bsl3 +allBslly |, or  (229)

Q2(8) = RSS(B) + Ml|Bsll5 + A2l1Bslx (2.30)
where 0 < oo <1, Ay = (1 — @)A1, and A2 = 2aA; .

Note that a = 1 corresponds to lasso (using A\,—0.5), and « = 0 corresponds
to ridge regression estimator of Definition 2.16 c), which is not the usual ridge
regression estimator. For v < 1 and Ay, > 0, the optimization problem is
strictly convex with a unique solution. The elastic net is due to Zou and
Hastie (2005). It has been observed that the elastic net can have much better
prediction accuracy than lasso when the predictors are highly correlated.

As with lasso, it is often convenient to use the centered response Z = Y -Y
where Y = Y1, and the nx (p—1) matrix of standardized nontrivial predictors
W. Then regression through the origin is used for the model

Z=Wn+e (2.31)

where the vector of fitted values Y =Y + Z.

Ridge regression can be computed using OLS on augmented matrices.
Similarly, the elastic net can be computed using lasso on augmented matrices.
Let the elastic net estimator 7y, minimize

Qe (n) = RSSw (n) + Ad|nll3 + Azllnllx (2.32)

where A\ = (1 — @)A1, and Ay = 201 ,. Let the (n +p—1) x (p — 1)
augmented matrix W4 and the (n 4+ p — 1) x 1 augmented response vector
Z 4 be defined by

w Z
Wi (¥ ) w2 (2),

where 0 is the (p — 1) x 1 zero vector. Let RSSa(n) = ||Z 4 — W an||3. Then
f)pn can be obtained from the lasso of Z4 on W 4: that is, 95y minimizes
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Qr(m) = RSSaA(n) + A2lnlli = Qen(n). (2.33)

Proof: We need to show that Qr(n) = Qg (n). Note that ZLZ 4 = Z* Z,

_( Wn
WAn_(\/H n)’

and ZEXW 4 n = Z"Wn. Then
RSSa(n) =|1Za—Wanlls = (Za—Wan)" (Za - Wan) =
ZhZA—Z\Wan—n"WhZa+n"WiWan =
z'72 - Z"Wn-n"w?z + (nTWT \/x nT) (\/‘:_jn77> .
Thus
Qun)=Z"Z-Z"Wn—g" W' Z+ "W Wn+ in"n+ X|nll =

RSS(n) + M3 + X2|nlli = Qen(n). O

Remark 2.16. i) You could compute the elastic net estimator using a
grid of 100 Ay, values and a grid of J > 10 a values, which would take
about J > 10 times as long to compute as lasso. The above equivalent lasso
problem (2.30) still needs a grid of A\; = (1 — @)A1, and Ag = 2a); ,, values.
Often J = 11, 21, 51, or 101. The elastic net estimator tends to be com-
puted with fast methods for optimizing convex problems, such as coordinate
descent. ii) Like lasso and ridge regression, the elastic net estimator is asymp-
totically equivalent to the OLS full model if p is fixed and Ay, = op(y/n),
but behaves worse than the OLS full model otherwise. See Theorem 2.9. iii)
For prediction intervals, let d be the number of nonzero coefficients from
the equivalent augmented lasso problem (2.33). Alternatively, use ds with
d~dy = tr[WAs(W£SWA5 + /\Q,HIp,l)*WﬁS] where W 45 corresponds
to the active set (not the augmented matrix). See Tibshirani and Taylor
(2012, p. 1214). Again Ay, may not be the A2 given by the software. iv)
The number of nonzero lasso components (not including the constant) is at
most min(n, p—1). Elastic net tends to do variable selection, but the number
of nonzero components can equal p — 1 (make the elastic net equal to ridge
regression). Note that the number of nonzero components in the augmented
lasso problem (2.33) is at most min(n +p —1,p — 1) = p — 1. vi) The elastic
net can be computed with glmnet, and there is an R package elasticnet.
vii) For fixed a > 0, we could get \ps for elastic net from the equivalent lasso
problem. For ridge regression, we could use the Aps for an « near 0.

Since lasso uses at most min(n, p— 1) nontrivial predictors, elastic net and
ridge regression can perform better than lasso if the true number of active
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nontrivial predictors ag > min(n,p — 1). For example, suppose n = 1000,
p = 5000, and ag = 1500.

The following theorem is probably for the elastic net estimator that uses
the usual ridge regression estimator of Definition 2.16 b), rather that the
ridge regression estimator of Definition 2.16 ¢). Hence Equation (2.30) would
need to be modified. Following Jia and Yu (2010), by standard Karush-Kuhn-
Tucker (KKT) conditions for convex optimality for the “modified Equation
(2.30),” By is optimal if

OXTXBon —2XTY 42085y + A28, =0, or

(XTX +MI,)Bpy = XTY — %sn, or
Bry =Br—n(XTX + Ale)*lg—an. (2.34)
n
Hence
2 2 A1 T “1 A2 T 1
EN —FPoLs — 14p OLS = o5~ 14p n
B B (XX + D)7 B 5 X X + T, s
> T 1A A2
=Bors — (X X +MIp) [;BOLS + %sn]-

Note that if A1 /vt = 7 and & > 9, then Ay /v/n 2 (1—1)7 and As/ /i 2
2¢7. The following theorem shows elastic net is asymptotically equivalent to

the OLS full model if A ,,/\/n £ 0. Note that we get the RR CLT if ¢ = 0
and the lasso CLT (using 2A1,,/v/n il 27) if ¢ = 1. Under these conditions,

: : TR Vi Ao
Vi(Bey —B) = Vi(Bors — B) — (XX +MI,)"! [%BOLS + msn]
The following theorem is due to Slawski et al. (2010), and summarized in
Pelawa Watagoda and Olive (2021b).

Theorem 2.9, Elastic Net CLT. Assume p is fixed and that the condi-
tions of the OLS CLT Equation (2.6) hold for the model Y = X3 + e.

a) If Ao/ £0, then
5 D
V(Bey — B) = Np(0,0°V).
: P . P P
b) If A\ /v —=72>0,&— ¢ €][0,1], and 8,, > s = s, then

ViBey —B) 2 N, (V1 - )78 + ¢rs],0*V) .

Proof. By the above remarks and the RR CLT Theorem 2.7,



122 2 Multiple Linear Regression
ViBen —B) = Vi(Bex — Br+Br—B) = Vi(Br - B)+ Vn(Bey — Br)

LN, (~(1=9)rVB,6%V) — MTTVS

~ N, (=V[(1 —¢)rB + ¢18],0°V).

The mean of the normal distribution is 0 under a) since & and s, are bounded.
O

Example 2.2, continued. The slpack function enet does elastic net
using 10-fold CV and a grid of « values {0, 1/am, 2/am, ...,am/am = 1}. The
default uses am = 10. The default chose lasso with alph = 1. The function
also makes a response plot, but does not add the lines for the pointwise
prediction intervals since the false degrees of freedom d is not computed.

library(glmnet); vy <- marry[,3]; x <- marryl[, 3]

tem <- enet (x,y)

tem$alph

[1] 1 +#elastic net was lasso

tem<-enet (x,y,am=100)

tem$alph

[1] 0.97 #elastic net was not lasso with a finer grid

The elastic net variable selection estimator applies OLS to a constant and
the active predictors that have nonzero elastic net 7);. Hence elastic net is used
as a variable selection method. Let X 4 denote the matrix with a column of
ones and the unstandardized active nontrivial predictors. Hence the elastic
net variable selection estimator is 35y = (X 43X 4) ' X %Y, and elastic net
variable selection is an alternative to forward selection. Let k& be the number
of active (nontrivial) predictors so By is (k+1) x 1. Let Iy, correspond to
the elastic net variable selection estimator and B NV,0 = B I,..m.0 to the zero

padded elastic net variable selection estimator. When p is fixed, B ENV,0 18
ﬁ consistent when elastic net is consistent, with the limiting distribution for
Brnv,o given by Rathnayake and Olive (2023). Elastic net variable selection
will often be better than elastic net when the model is sparse or if n >
10(k + 1). The elastic net can be better than elastic net variable selection if
(XL X 4) is ill conditioned or if n/(k + 1) < 10.

2.10 OPLS

Cook, Helland, and Su (2013) showed that the OPLS estimator Bpprg
estimates Bpprg, and that the OPLS estimator can be computed from

the OLS simple linear regression (SLR) of ¥ on W = Z;Y:c, giving
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. . T
Y = doprs + A\W = éoprs + Boprs®. Also see Basa et al. (2024) and
Wold (1975).

Definition 2.20. The one component partial least squares (OPLS) esti-
mator Boprs = A gy estimates AXgpy = Bpprg Where

A= and \ =

~T ~

v ey Q Yoy Xy
B ~T - -

Yy Xz Xxy YovZe ey

(2.35)

The following Olive and Zhang (2024) theorem gives some large sample
theory for n = Cov(x,Y). This theory needs 1 = ngoprg = Xzy to exist for

= Yy to be a consistent estimator of n. Let «; = (x4, ..., xl-p)T and let
w; and z; be defined below where

Cov(w;) = T = El(x; — pg) (@i — pg)” (Vi — py)?)] — Zay gy

Then the low order moments are needed for 3 ~ to be a consistent estimator
of Y. The theory uses milder regularity conditions than the theory in the
previous literature. The theory can be used for testing, including some high
dimensional tests for low dimensional quantities such as Hp : §; = 0 or
Hy : 3;—03; = 0. These tests depended on iid cases, but not on linearity or the
constant variance assumption. Data splitting uses model selection (variable
selection is a special case) to reduce the high dimensional problem to a low
dimensional problem. Olive et al. (2024) gave alternative proofs, and showed
that the results hold for multiple linear regression with heterogeneity.

Theorem 2.10. Assume the cases (z7,Y;)T are iid. Assume E(fo Y™
exist for j = 1,...,pand k,m = 0,1,2. Let pp = E(x) and py = E(Y). Let
w; = (x; — pgp) (Vi — py) with sample mean w,,. Let n = X zy. Then a)

V@, —n) 2 N0, Zw), Vali, —n) 2 Ny(0, Zw), (2.36)

and v/n(7, — 1) 2 Np(0, Zap).
b) Let z; = x;(Y; — Y,,) and v; = (x; — %,)(Y; — Y,,). Then Yw=3s+
Op(n71/2) =Y+ Op(n71/2). Hence X'y = X2 + Op(n71/2) =Y+
Op(n71/2).
c) Let A be a k x p full rank constant matrix with & < p, assume Hj :
ABoprs = 0 is true, and assume A Za # 0. Then

ViABorrs — Boprs) = Ne(0,\2 A% AT). (2.37)

Proof. a) Note that v/n(w, —n) 5 Np(0, Xqp) by the multivariate cen-
tral limit theorem since the w; are iid with F(w;) = n = Cov(z,Y’) and
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Cov(w) = Xq. Now nn,, =
S (@i — g + g — B Vi — iy 4y — V) = S (@ — 1) (Vi — py)

=1 i

+3 (@i — )y = T) + (g — ) S (Vi — pry) + gy — )y —7)

= Zwi —na, — na, +na, = Zwi —n(pg —Z)(py —Y).

Thus Vi, = Vit Y - YT “w\}f@‘ ) w4 on(1).

Hence (7, —n) = va(@, — ) + op(1).
Thus \/ﬁ(f’n - 77) 2) NP(Oa Z’LU)
by Slutsky’s theorem. Now

n

\/ﬁ(ﬁ—n)—x/ﬁ(n_lﬁ—n>—x/ﬁ(nﬁlﬁ— o E— n—n)

n—1

Vi ().

Thus v/a(#, — 1) = Np(0, Zu).

b) See Olive et al. (2024).
¢) If Hy is true, then An = 0, and

\/EA(BOPLS - /BOPLS) = \/EA()AWAI - 5\77 =+ 5\77 - /BOPLS) =

AV = 1) + AVR(A = N1 = Zy + by 2 Ni(0,\2AZwAT)
since b, = 0 when Hj is true. [
In Theorems 2.10 and 2.11, the scalars A and \ are given by Equation
(2.35), m = (11, ...,mp)", and Xy = 4. Results from Su and Cook (2012)
and Olive et al. (2024), for example, show that elements of a sample covari-

ance matrix can be stacked to get large sample theory. Then A and 7) can be
stacked as in Theorem 2.11 by the multivariate delta method. Theorem 2.10
¢) and Theorem 2.11 ¢) are equivalent with different notation. Currently X
from Theorem 2.11 is difficult to estimate.

Theorem 2.11. Assume

A((3)- () 25 ((5)- (5. 37)) ~ w3
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. D
a) v/n(f —n) = Np(0, Xn).
S P D .
b) vn(Af) —An) = Vn(Boprs — Boprs) = Np (0, DZDT) with D =
[n M,] where I, is the p X p identity matrix.
c) Let A be a k x p full rank constant matrix with k¥ <p and ABy,p; g =
0 = An. Then

Va(ABopLs — 0) 2 N, (o, X"AZnAT) .

Proof. a) Follows by Equation (2.36) or since joint convergence in distri-
bution implies marginal convergence in distribution.
b) Follows by the Multivariate Delta Method with

/(2)n-

)T, and the Jacobian matrix of partial derivatives D = Dy.

()\7’]1, ...,)\?’]p
¢) By b), va(ABoprs — AB) = Ny (0, ADZDTAT) ;

but AD = [0 AA]. Hence ADYD" A" = \2A¥pA". O

Some additional useful OPLS and OLS formulas are derived next if the
cases are iid. Let 8 = Bpg. Then ¥z y = Cov(z,Y) = Cov(z)B8 = Xz0.
Since Zmyy = ZmIBOLS’

Borrs = Azy = A¥zBors: Borrs = ACov(z)Bors, and
1 _
Bors = 3 [Cov(z)] 'BorLs-
Chun and Keles (2010) suggested that B, p; ¢ only estimates 3, g under

very strong regularity conditions. For iid cases, Cook and Forzani (2018, 2019)
showed that the regularity condition is Z%l Yxy = AXgy, in which case

Va(Boprs—Bors) 5 N, (0, C). Cook and Forzani (2018, 2019) also showed
that under very strong regularity conditions for high dimensions, BO pLg 18
a consistent estimator of By g. Also see Basa et al. (2024).

In the literature, there is a tendency (perhaps a common Statistical
paradigm) to assume that if the estimated model fits the data well, then the
model corresponding to the estimator is the model for Y |x. For example, in
much of the OPLS literature, an assumption is Y'|& = aoprs +IBSPLS‘E +e.
Then Boprs = Bors by the OLS CLT, and the results in Table 2.1 hold.

The above tendency leads to problems that have perhaps not often been
observed in the literature. To see some problems, consider multiple linear
regression with Cov(z) = diag(1,2, ...,p). First consider OPLS with B85, ¢ =
Boprs- Then at most one element of Cov(x,Y) = Yz y is nonzero since



126 2 Multiple Linear Regression

Table 2.1 OPLS Results

-1
General Bors =Yg Yy =X¥zy =BopLs
I
Bors =Xz ey = ~[Cov(x) 'Boprs Bors is an eigenvector of X
Boprs = XXx,y = XCov(x)Bs 1 g Boprs is an eigenvector of X
Yz, v =Cov(x)Borg Y e,y is an eigenvector of g
Brprg estimates B, pr g Brprg estimates B51 g

Xz.y is an eigenvector of Cov(x). Hence at most one predictor is correlated
with Y, regardless of the value of p. This restriction is too strong.

If the cases are iid from a multivariate normal distribution, then Y|z =
aors + Borst + e and Y|B5prsx = aoprs + Boprs® + ¢ are both lin-
ear models by Section 2.16 where e depends on the model. Since Boprg =
Bors forces Bors to be an eigenvector of Xy, if By is not an eigen-
vector of Xg, then Bpprg # Bors- For a computational example, let
x ~ N,(0,diag(1,2,3,4)) with ¥z = diag(1,2,3,4), and let the popula-
tion generating model be Y; = z;1 + x;2 + ¢; for ¢ = 1,...,n where the ¢e;
are iid N(0, 1) and independent of the x;. Then a = 0 and 8 = (1,1,0,0).
Hence Bprs =08 =(1,1,0,0)7, Xy = XxBors = (1,2,0,0)T, and

T
ch,YZC&Y

)\ - T—
YeyZzXay

=5/9.

Thus Boprs = Axy = AZxBors = (5/9,10/9,0,0)" # BoLs-

Thus OLS and OPLS usually give different valid population multiple linear
regression models with B,p;s # BoLg- However, the model Y |85, s =
aopLs + BopLsx + e is often a useful multiple linear regression model with
large sample theory given by Theorem 2.11. The claims in the OPLS literature
that 8o = Boprg = an eigenvector of X'y under mild regularity conditions
are incorrect. See, for example, Basa et al. (2024), Cook and Forzani (2018,
2019, 2024), and Cook, Helland and Su (2013). The regularity conditions for
Bors = Boprs are very strong. In the OLS literature 85,5 can be any
vector in RP. If B5rq, Xy, and Boprg were restricted to be eigenvectors
of ¥z, then the OLS and OPLS estimators would often not fit the data well.

2.11 The MMLE

The marginal maximum likelihood estimator (MMLE or marginal least
squares estimator) is due to Fan and Lv (2008) and Fan and Song (2010).

This estimator computes the marginal regression of Y on z; resulting in the

estimator (@LM,BLM) for i = 1,...,p. Then Byyrp = (ﬁlyM,...,prM)T.
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For multiple linear regression, the marginal estimators are the simple linear
regression (SLR) estimators, and (&; ar, i m) = (&, sLr, Bi,sLr)- Hence

Brnine = [diag(Zg)] ' Xy

If the t; are the predictors are scaled or standardized to have unit sample
variances, then

BMMLE = BMMLE(ta Y) = 21ty = Iﬁlﬁty = ﬁOPLS(ta Y) (2-38)

where (¢,Y) denotes that Y was regressed on ¢, and I is the p x p identity
matrix. Olive et al. (2024) gave some large sample theory for the MMLE.

The MMLE is also used for variable selection. For example, standardize
the predictors and take the K — 1 variables corresponding to the largest
|3i] where Byre = (B, ...,Bp)T. Then perform the regression on these
variables (perhaps not standardized) and a constant. This variable selection
method is useful for very large p since the method is fast, but the selected
predictors are often highly correlated. Hence it may be useful to perform lasso
variable selection or forward selection using the variables selected by MMLE
variable selection. Choosing K near min(n/J,p) for J = 1,5 or 10 may be
useful.

MMLE variable selection can also be useful when the predictors are or-
thogonal. See Goh and Dey (2019) for references. This result may be useful
for PCR, PLS, and wavelets.

2.12 k-Component Regression Estimators

Consider the MLR model Y = a + 78 + e. The k-component regression
estimators, such as PCR and PLS, use p linear combinations nf'z, ..., ng:c.
Then there are p conditional distributions

Yinia
Y|(ni®,n; )
Yiniz,nlx, .., ngcc).

Estimating the 1; and performing the ordinary least squares (OLS) regression
of Y on (nl @, nlx, ..., )i x) gives the k-component estimator, e.g. the k-
component PLS estimator Bk prg or the k-component PCR estimator, for
k=1,...,J where J < p and the p-component estimator is the OLS estimator
Bors:

Definition 2.21. Consider the MLR model Y = a + 273 +e. Let X =
(1 Xl) Let
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Tz ~ nl

;1M N1 T m
v, = App®; = : = : where Ay, = :

T T - T

;N N T Ny
Let r
Ty,
C; = Xl’fh =
T A~

be the ith component vector for i =1, ..., p. Let

vf
. T
Vi=(c,,a)=| 1 | =X14;,
vy

for k =1,...,p. Let the working OLS model

Y:ak1+vk7k+€
. o T
where € depends on the model. Then 8,p = Ay ¥, is the k-component
estimator for k = 1,...,p. The model selection estimator chooses one of the

k-component estimators, e.g. using a holdout sample or cross validation, and
will be denoted by B,/¢ g-

The OLS regression of Y on w = Akyn:c gives
R A —1 4 - o AT 4~ -
Y= YwXwy = (Apn X Ay,) ArnXay.
Thus

. AT AT A N A - A

Bre = Ak,n’)’k = Ak,n(Ak,nZwAk,n) 1Ak,n2m,Y =AYy

~T ~ ~ AT N A~ A oA

= Ak,n(Ak,nZwAk,n) A nXxBors(®,Y) = A XxBors(x,Y).

If ,f”L E) ;5 and

then
BkE = Bre = Ag(AkZmAg)flAkZmBOLs(ma Y)= A XxBors(x,Y).

This convergence can also occur if 7); = &; are orthonormal eigenvectors such
AT
that A, vy il Agﬁyk, which happened for PCR.
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The regularity conditions for 8,5 = Borg(x,Y) tend to be very strong,
at least for k near 1. Note that 8,5 = Bors(®,Y) if the inverse matrices
exist (and if p = 1), and BLg = Bors(®,Y) if Bors(x,Y) = 0. Suppose
Bors = ZT:l ci;n;, for some m where 1 < m < p and the ¢;; # 0. If k is
large enough to include the m n; , then 8,5 = Bog(,Y). This regularity
condition becomes weaker as m increases, and B, can become very highly
correlated with Bor¢(x,Y) as k increases.

In the high dimensional setting, the regularity conditions for 7, it 7, tend
to be very strong.

2.13 Prediction Intervals

This section will use the prediction intervals applied to the MLR model with
Y = :cITB 1 and I corresponds to the predictors used by the MLR method. We
will use the six methods forward selection with OLS, PCR, PLS, lasso, lasso
variable selection, and ridge regression. The number of components for PLS
and PCR will be selected using cross validation, hence the model selction
versions of PLS and PCR are used. When p > n, results from Hastie et al.
(2015, pp. 20, 296, ch. 6, ch. 11) and Luo and Chen (2013) suggest that lasso,
lasso variable selection, and forward selection with EBIC can perform well
for sparse models: the subset S in Equation (2.14) and Remark 2.8 has ag
small.

Notation: P(A4,) is “eventually bounded below” by 1 — ¢ if P(A,) gets
arbitrarily close to or higher than 1 —§ as n — oo. Hence P(A,) >1—0—¢
for any € > 0 if n is large enough. If P(A4,) — 1 —0 as n — oo, then P(A,) is
eventually bounded below by 1 — . The actual coverage is 1 — v, = P(Y} €
[Lyn, Uy]), the nominal coverage is 1 — § where 0 < 6 < 1. The 90% and 95%
large sample prediction intervals and prediction regions are common.

Definition 2.22. Consider predicting a future test value Yy given a p x 1
vector of predictors « ¢ and training data (Y1, 1), ..., (Y, ,). A large sam-
ple 100(1 — )% prediction interval (PT) for Y} has the form [L,, U,] where
P(f)n <Yy < Un) is eventually bounded below by 1 — ¢ as the sample size
n — o0o. A large sample 100(1 — )% PI is asymptotically optimal if it has the
shortest asymptotic length: the length of [Ly,U,] converges to Us — L, as
n — oo where [Lg, U] is the population shorth: the shortest interval covering
at least 100(1 — 0)% of the mass.

If Y¢|xy has a pdf, we often want P(f)n <Yy < Un) —1—06 as n — oo.
The interpretation of a 100 (1 — ¢§)% PI for a random variable Y} is similar
to that of a confidence interval (CI). Collect data, then form the PI, and
repeat for a total of k£ times where the k trials are independent from the
same population. If Yy; is the ith random variable and PI; is the ith PI,
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then the probability that Y;; € PI; for j of the PIs approximately follows a
binomial(k, p =1 — ¢) distribution. Hence if 100 95% PIs are made, p = 0.95
and Yy; € PI; happens about 95 times.

There are two big differences between Cls and Pls. First, the length of the
CI goes to 0 as the sample size n goes to co while the length of the PI con-
verges to some nonzero number J, say. Secondly, many confidence intervals
work well for large classes of distributions while many prediction intervals
assume that the distribution of the data is known up to some unknown pa-
rameters. Usually the N (u,o?) distribution is assumed, and the parametric
PI may not perform well if the normality assumption is violated. This sec-
tion will describe three nonparametric PIs for the multiple linear regression
model, Y = x7 3 + e, that work well for a large class of unknown zero mean
error distributions.

Consider the location model, Y; = p + e;, where Y1, ..., Y,, Y} are iid, and
there are no vectors of predictors x; and xy. Let Y{1) < Y(g) < -+ < Yy,
be the order statistics of the iid training data Y7, ...,Y,,. Then the unknown
future value Yy is the test data.

Remark 2.17. Confidence intervals, prediction intervals, confidence re-
gions, and prediction regions should used closed sets not open sets. The closed
sets have the same volume as the open sets, but have coverage at least as high
as the open sets with weaker regularity conditions. In particular, confidence
and prediction intervals should be closed intervals, not open intervals.

In the following theorem, if the open interval (Y(x,), Y(x,)) was used, we
would need to add the regularity condition that Y;/, and Y; _5/9 are continuity
points of Fy (y).

Theorem 2.12. Let Y1, ..., Y,, Yy be iid. Let Y(1) < Yoy < --- < Yy, be
the order statistics of the training data. Let k1 = [nd/2] and k2 = [n(1-06/2)]
where 0 < § < 1. The large sample 100(1 — §)% percentile prediction interval
for Yy is

D/(kl)a }/(kz)]' (239)

The shorth(c) estimator of the population shorth is useful for making
asymptotically optimal prediction intervals. For the uniform distribution,
the population shorth is not unique. Of course the length of the population
shorth is unique. For a large sample 100(1 — §)% PI, the nominal coverage is
100(1 — 6)%. Undercoverage occurs if the actual coverage is below the nom-
inal coverage. For example, if the actual coverage is 0.93 for a large sample
95% PI, than the undercoverage is 0.02.

Definition 2.23. Let the shortest closed interval containing at least ¢ of
the Y7,..., Y, be
shorth(c) = [Y(S),Y(SJrc,l)]. (2.40)

Theorem 2.13, Frey (2013). Let Y7, ...,Y,, be iid. Let
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kn = [n(1 — 0)]. (2.41)

For large nd and iid data, the large sample 100(1 —§)% shorth(k,,) prediction
interval has maximum undercoverage ~~ 1.12,/§/n. The maximum undercov-
erage occurs for the family of uniform U (6, 62) distributions.

Theorem 2.14, Frey (2013). Let Y1,...,Y,,, Y} be iid. Let Y(;) < Y9y <
- < Y(n) be the order statistics of the training data. The large sample
100(1 — 6)% shorth(c) prediction interval for Y7 is

[Yis)s Ys+e—1)] where ¢ =min(n, [n[l —4&+1.12,/5/n]7). (2.42)

A problem with the prediction intervals that cover ~ 100(1 — §)% of the
training data cases Y; (such as (2.40) using ¢ = k,, given by (2.41)), is that
they have coverage lower than the nominal coverage of 1 — ¢ for moderate
n. This result is not surprising since empirically statistical methods perform
worse on test data. For iid data, Frey (2013) used (2.42) to correct for un-
dercoverage.

Remark 2.18. a) The shorth PT (2.42) often has good coverage for n > 50
and 0.05 < ¢ < 0.1, but the convergence of U,, — L,, to the population shorth
length Us — L can be quite slow. Under regularity conditions, Griibel (1982)
showed that for iid data, the length and center the shorth(k, ) interval are \/n
consistent and n'/3 consistent estimators of the length and center of the pop-
ulation shorth interval, respectively. The correction factor also increases the
length. For a unimodal and symmetric error distribution, the nonparametric
percentile PI (2.39) and the shorth PI (2.42) are asymptotically equivalent,
but PI (2.39) can be the shorter. b) The percentile PI (2.39) can be much
longer than the shorth PT (2.42) if the data distribution is skewed.

Example 2.3. Given below were votes for preseason 1A basketball poll
from Nov. 22, 2011 WSIL News where the 778 was a typo: the actual value
was 78. As shown below, finding shorth(3) from the ordered data is simple.
If the outlier was corrected, shorth(3) = [76,78].

111 89 778 78 76
order data: 76 78 89 111 778
13 = 89 - 76
33 = 111 - 78

689 = 778 - 89
shorth(3) = [76,89]
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Many things can go wrong with prediction. It is assumed that the test
data follows the same MLR model as the training data. Population drift is a
common reason why the above assumption, which assumes that the various
distributions involved do not change over time, is violated. Population drift
occurs when the population distribution does change over time.

A second thing that can go wrong is that the training or test data set is
distorted away from the population distribution. This could occur if outliers
are present or if the training data set and test data set are drawn from
different populations. For example, the training data set could be drawn
from three hospitals, and the test data set could be drawn from two more
hospitals. These two populations of three and two hospitals may differ.

A third thing that can go wrong is extrapolation: if x; is added to
T1,..., Tpn, then there is extrapolation if x is not like the x;, e.g. s is an
outlier. Predictions based on extrapolation are not reliable. Check whether
the Euclidean distance of «; from the coordinatewise median MED (X)) of
the x1,..., @, satisfies Dg,(MED(X), I,) < maxj=1,.._,D;(MED(X), I},).
Alternatively, use the ddplot5 function, described in Chapter 1, applied to
T1,...,Tn, s to check whether x; is an outlier.

When n > 10p, let the hat matrix H = X (X7 X)"'X”. Let h; = hy
be the ith diagonal element of H for ¢ = 1,...,n. Then h; is called the
ith leverage and h; = &7 (X* X) 'a;. Then the leverage of xs is hy =
:c?(XTX)*lccf. Then a rule of thumb is that extrapolation occurs if hy >
max(hi, ..., hy). This rule works best if the predictors are linearly related in
that a plot of x; versus x; should not have any strong nonlinearities. If there
are strong nonlinearities among the predictors, then xy could be far from the
x; but still have hy < max(hi, ..., hy,). If the regression method, such as lasso
or forward selection, uses a set I of a predictors, including a constant, where
n > 10a, the above rule of thumb could be used for extrapolation where xy,
x;, and X are replaced by xr f, 1, and X .

Prediction intervals based on the shorth of the residuals need a correction
factor for good coverage since the residuals tend to underestimate the errors
in magnitude. With the exception of ridge regression, let d be the number of
“variables” used by the method. For MLR, forward selection, lasso, and lasso
variable selection use variables z7, ..., z}; while PCR and PLS use variables
that are linear combinations of the predictors V; = 'yJT:c forj=1,...,d. We
want n > 10d so that the model does not overfit. (We could let d = j if j
is the degrees of freedom of the selected model if that model was chosen in
advance without model or variable selection. Hence d = j is not the model
degrees of freedom if model selection was used.) See Hong et al. (2018) for
why classical prediction intervals after variable selection fail to work.

Pelawa Watagoda and Olive (2021b) gave two prediction intervals that
can be useful even if n/p is not large. These PIs will be defined below. If the
OLS model I has d predictors, and S C I, then
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E(MSE(I)) =FE (zn: nf d) =0?=F (zn: %)

=1 =1

and M SE(I) is a \/n consistent estimator of o2 for many error distributions
by Su and Cook (2012). Also see Freedman (1981). For a wide range of regres-
sion models, extrapolation occurs if the leverage hy = cc? (X X)) ter ;>
2d/n: if g 5 is too far from the data @1, ..., @5 », then the model may not
hold and prediction can be arbitrarily bad. These results suggests that

n n+ 2d

In simulations for prediction intervals and prediction regions with n = 20d,
the maximum simulated undercoverage was near 5% if ¢,, in (2.43) is changed
tog, =1—90.

Next we give the correction factor and the first prediction interval. Let
¢n =min(l —§+0.05,1 -9 +d/n) for § > 0.1 and

gn =min(l — /2,1 — 0+ 100d/n), otherwise. (2.43)

If1-6<0.999 and ¢, <1— 6+ 0.001, set g, =1 — 4. Let

¢ = [naa], (2.44)
and let
15 n+2d
bp=(14+— 2.4
( * n) n—d (2.45)

if d < 8n/9, and

bn—5<1+E>,
n

otherwise. As d gets close to n, the model overfits and the coverage will be
less than the nominal. The piecewise formula for b,, allows the prediction
interval to be computed even if d > n.

Definition 2.24. Compute the shorth(c) of the residuals = [r (), 7(s4c—1)] =
[€5,,€1_s,]. Then a 100 (1 — §)% large sample PT for Y7 is

[}Aff + bngﬁ;la }A/j + bnglfég]- (246)
The second PI randomly divides the data into two half sets H and V' where

H has ng = [n/2] of the cases and V has the remaining ny = n —ngy cases

AT
i1y e iny - The estimator mpy (x) = By is computed using the training data
set H. Then the validation residuals v; = Y;, =g (x;,) are computed for the
Jj =1,...,ny cases in the validation set V. Find the Frey PI [v(s), V(s4c—1)]
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of the validation residuals (replacing n in (2.42) by ny = n — ng). Let
. . T
Yin =y (@) = Bruty.

Definition 2.25. Then a 100(1 — §)% large sample PI for Y7 is

[}A/jH + U(s), }A/jH + ’U(s+c71)]- (247)

Remark 2.19. Note that correction factors b, — 1 are used in large sam-
ple confidence intervals and tests if the limiting distribution is N(0,1) or Xﬁ,
but a tg, or pF) 4, cutoff is used: ¢4, 1-/21-5 — 1 and prydml,J/X;PJ —
1 if d, — oo as n — oo. Using correction factors for large sample confi-
dence intervals, tests, prediction intervals, prediction regions, and bootstrap
confidence regions improves the performance for moderate sample size n.

Remark 2.20. For a good fitting model, residuals r; tend to be smaller in
magnitude than the errors e;, while validation residuals v; tend to be larger
in magnitude than the e;. Thus the Frey correction factor can be used for PI
(2.47) while PI (2.46) needs a stronger correction factor.

A sufficient condition for (2.46) and (2.47) to be large sample PIs, is that
the residuals need to be consistent estimators of the iid errors e; and 8 1 needs
to be a consistent estimator 3; where Y; = I 3, + e, is a valid MLR model
and the iid e; depend on I. This regularity condition tends to roughly hold
when n >> p, but the regularity condition is often much too strong if p > n.

Another regularity condition for PI (2.47) is that the cases are iid. This
assumption is strong but sometimes holds. Then we can motivate PI (2.47) by
modifying the justification for the Lei et al. (2018) split conformal prediction
interval

[m () — aq, mu(eg) + ag) (2.48)

where a4 is the 100(1 — §)th quantile of the absolute validation residuals.
PI (2.47) is a modification of the split conformal PI that is asymptotically
optimal. Suppose (Y;, ;) are iid for ¢ = 1,...,n,n + 1 where (Y;,xy) =
(Y41, ®n+1). Compute mpy(x) from the cases in H. For example, get BH
from the cases in H. Consider the validation residuals v; for ¢ = 1, ..., ny and
the validation residual vy, 41 for case (Y}, xy). Since these ny + 1 cases are
iid, the probability that v; has rank j for j =1,...,ny + 1is 1/(ny + 1) for
each t, i.e., the ranks follow the discrete uniform distribution. Let ¢t = ny +1
and let the v(;) be the ordered residuals using j = 1,...,ny. That is, get the
order statistics without using the unknown validation residual vy, 4+1. Then

v(;) has rank 7 if v(;) < v,y 41 but rank i + 1 if vy > vy, 1. Thus
P(Yy € [mp (@) +vm), mu (@) +vk-1)]) = P0g) < vnys1 < Vto-1)) =

P(vp,, +1 has rank between k + 1 and k + b — 1 and there are no tied ranks)
>b-1)/(nyv+1)=1-0ifb=[(ny +1)(1—0)|+1land k+b—1 < ny.
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This probability statement holds for a fixed k such as k = [ny §/2]. The
statement is not true when the shorth(b) estimator is used since the shortest
interval using £ = s can have s change with the data set. That is, s is not
fixed. Hence if PI’s were made from J independent data sets, the PI’s with
fixed k would contain Yy about J(1—4) times, but this value would be smaller
for the shorth(b) prediction intervals where s can change with the data set.
The above argument works if the estimator (x) is “symmetric in the data,”
which is satisfied for multiple linear regression estimators.

Prediction intervals (2.46), (2.47), and (2.48) can be used to compare dif-
ferent MLR methods such as PLS and lasso variable selection. In the simula-
tions, none of these three prediction intervals dominates the other two. Recall
that B¢ is an ag x 1 vector in (2.14). If a good fitting method, such as lasso
or forward selection with EBIC, is used, and 1.5a5 < n < 5ag, then PI (2.46)
can be much shorter than PIs (2.47) and (2.48). For n/d large, PIs (2.46) and
(2.47) can be shorter than PI (2.48) if the error distribution is not unimodal
and symmetric; however, PI (2.48) is often shorter if n/d is not large since
the sample shorth converges to the population shorth rather slowly. Griibel
(1982) shows that for iid data, the length and center the shorth(k,,) interval
are \/n consistent and n'/3 consistent estimators of the length and center of
the population shorth interval. For a unimodal and symmetric error distribu-
tion, the three Pls are asymptotically equivalent (with p fixed and n — o0),
but PI (2.48) can be the shortest PI due to different correction factors.

If the estimator is poor, the split conformal PI (2.48) and PI (2.47) can
have coverage closer to the nominal coverage than PI (2.46). For example, if
m interpolates the data and my interpolates the training data from H, then
the validation residuals will be huge. Hence PI (2.48) will be long compared
to PI (2.46).

Asymptotically optimal PIs estimate the population shorth of the zero
mean error distribution. Hence PIs that use the shorth of the residuals, such
as PIs (2.46) and (2.47), may be the only easily computed asymptotically
optimal Pls for a wide range of consistent estimators B of B for the multiple
linear regression model. If the error distribution is e ~ EXP(1) —1, then the
asymptotic length of the 95% PI (2.46) or (2.47) is 2.966 while that of the
split conformal PI is 2(1.966) = 3.992. For more about these PIs applied to
MLR models, Pelawa Watagoda and Olive (2021D).

For the simulation from Pelawa Watagoda and Olive (2021b), we used
several R functions including forward selection (FS) as computed with the
regsubsets function from the leaps library, (model selection) principal
components regression (PCR) with the pcr function and (model selection)
partial least squares (PLS) with the plsr function from the pls library, and
ridge regression (RR, see Definition 2.16 ¢)) and lasso with the cv.glmnet
function from the glmnet library. Lasso variable selection (LVS) was applied
to the selected lasso model.

Let z = (1 u”)T where w is the (p — 1) x 1 vector of nontrivial predictors.
In the simulations, for ¢ = 1, ..., n, we generated w; ~ N,_1(0, I) where the
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Table 2.2 Simulated Large Sample 95% PI Coverages and Lengths, e; ~ N(0,1)

n p v k FS lasso LVS RR PLS PCR
100 20 0 1 cov 0.9644 0.9750 0.9666 0.9560 0.9438 0.9772
len 4.4490 4.8245 4.6873 4.5723 4.4149 5.5647

100 40 0 1 cov 0.9654 0.9774 0.9588 0.9274 0.8810 0.9882
len 4.4294 4.8889 4.6226 4.4291 4.0202 7.3393

100200 0 1 cov 0.9648 0.9764 0.9268 0.9584 0.6616 0.9922
len 4.4268 4.9762 4.2748 6.1612 2.7695 12.412

100 50 0 49 cov 0.8996 0.9719 0.9736 0.9820 0.8448 1.0000
len 22.067 6.8345 6.8092 7.7234 4.2141 38.904

200 20 0 19 cov 0.9788 0.9766 0.9788 0.9792 0.9550 0.9786
len 4.9613 4.9636 4.9613 5.0458 4.3211 4.9610

200 40 0 19 cov 0.9742 0.9762 0.9740 0.9738 0.9324 0.9792
len 4.9285 5.2205 5.1146 5.2103 4.2152 5.3616

200200 0 19 cov 0.9728 0.9778 0.9098 0.9956 0.3500 1.0000
len 4.8835 5.7714 4.5465 22.351 2.1451 51.896

400 20 0.9 19 cov 0.9664 0.9748 0.9604 0.9726 0.9554 0.9536
len 4.5121 10.609 4.5619 10.663 4.0017 3.9771

400 40 0.9 19 cov 0.9674 0.9608 0.9518 0.9578 0.9482 0.9646
len 4.5682 14.670 4.8656 14.481 4.0070 4.3797

400 400 0.9 19 cov 0.9348 0.9636 0.9556 0.9632 0.9462 0.9478
len 4.3687 47.361 4.8530 48.021 4.2914 4.4764

400 400 0 399 cov 0.9486 0.8508 0.5704 1.0000 0.0948 1.0000
len 78.411 37.541 20.408 244.28 1.1749 305.93

400 800 0.9 19 cov 0.9268 0.9652 0.9542 0.9672 0.9438 0.9554
len 4.3427 67.294 4.7803 66.577 4.2965 4.6533

m = p — 1 elements of the vector w; are iid N(0,1). Let the m x m matrix
A = (a;;) with a;; = 1 and a;; = ¢ where 0 < ¢ < 1 for i # j. Then the
vector u; = Aw; so that Cov(u,;) = Xy = AAT = (0i5) where the diagonal
entries 0;; = [1+(m—1)1?] and the off diagonal entries o;; = [2¢+(m—2)¢?].
Hence the correlations are cor(z;, x;) = p = (2 +(m—2)?)/(1+(m—1)2)?)
for i # j where x; and x; are nontrivial predictors. If ¢ = 1/,/cp, then
p— 1/(c+ 1) as p — oo where ¢ > 0. As ¢ gets close to 1, the predictor
vectors cluster about the line in the direction of (1, ...,1)T. Let Y; = 1+1z; 2+
o+ 1x; gy +e; fori=1,..,n. Hence B = (1,..,1,0,...,0)T with k + 1 ones
and p — k — 1 zeros. The zero mean errors e; were iid from five distributions:
i) N(0,1), ii) ts, iii) EXP(1) - 1, iv) uniform(—1,1), and v) 0.9 N(0,1) +
0.1 N(0,100). Normal distributions usually appear in simulations, and the
uniform distribution is the distribution where the shorth undercoverage is
maximized by Frey (2013). Distributions ii) and v) have heavy tails, and
distribution iii) is not symmetric.

The population shorth 95% PI lengths estimated by the asymptotically
optimal 95% PIs are i) 3.92 = 2(1.96), ii) 6.365, iii) 2.996, iv) 1.90 = 2(0.95),
and v) 13.490. The split conformal PI (2.48) is not asymptotically optimal
for iii), and for iii) PI (2.48) has asymptotic length 2(1.966) = 3.992. The
simulation used 5000 runs, so an observed coverage in [0.94, 0.96] gives no
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reason to doubt that the PI has the nominal coverage of 0.95. The simulation
used p = 20,40, 50, n, or 2n; ¢ = 0,1/,/p, or 0.9; and k = 1,19, or p—1. The
OLS full model fails when p = n and p = 2n, where regularity conditions
for consistent estimators are strong. The values k = 1 and k = 19 are sparse
models where lasso, lasso variable selection, and forward selection with EBIC
can perform well when n/p is not large. If k = p—1 and p > n, then the model
is dense. When ¢ = 0, the predictors are uncorrelated, when ¢ = 1/,/p,
the correlation goes to 0.5 as p increases and the predictors are moderately
correlated. For 1) = 0.9, the predictors are highly correlated with 1 dominant
principal component, a setting favorable for PLS and PCR. The simulated
data sets are rather small since the some of the R estimators are rather slow.

The simulations were done in R. See R Core Team (2020). The results
were similar for all five error distributions, and we show some results for
the normal and shifted exponential distributions. Tables 2.2 and 2.3 show
some simulation results for PI (2.46) where forward selection used C, for
n > 10p and EBIC for n < 10p. The other methods minimized 10-fold CV. For
forward selection, the maximum number of variables used was approximately
min([n/5],p). Ridge regression used the same d that was used for lasso.

For n > bp, coverages tended to be near or higher than the nominal value
of 0.95. The average PI length was often near 1.3 times the asymptotically
optimal length for n = 10p and close to the optimal length for n = 100p. C,,
and EBIC produced good PIs for forward selection, and 10-fold CV produced
good PIs for PCR and PLS. For lasso and ridge regression, 10-fold CV pro-
duced good PlIs if ©» = 0 or if £ was small, but if both £ > 19 and ¥ > 0.5,
then 10-fold CV tended to shrink too much and the PI lengths were often
too long. Lasso variable selection was good for n/p > 5. (For MLR, the lasso
estimator BLO is a consistent estimator of 3 if p is fixed, 5\171/71 — 0, and
n — 00, which requires P(S CI) — 1 as n — o0.)

For n/p not large, good performance needed stronger regularity conditions,
and all six methods can have problems. PLS tended to have severe undercov-
erage with small average length, but sometimes performed well for ¢ = 0.9.
The PCR length was often too long for v» = 0. If there was k = 1 active pop-
ulation predictor, then forward selection with EBIC, lasso, and lasso variable
selection often performed well. For k£ = 19, forward selection with EBIC of-
ten performed well, as did lasso and lasso variable selection for ¢ = 0. (Good
performance can occur if B ; is a good estimator of B; and Y = T3, + e
where the errors e depend on I.) For dense models with k = p — 1 and n/p
not large, there was often undercoverage. Here forward selection would use
about n/5 variables. Let d — 1 be the number of active nontrivial predictors
in the selected model. For N(0, 1) errors, ¢ = 0, and d < k, an asymptotic
population 95% PI has length 3.92v/k — d + 1. Note that when the (V;, ul)?
follow a multivariate normal distribution, every subset follows a multiple lin-
ear regression model. EBIC occasionally had undercoverage, especially for
k=19 or p — 1, which was usually more severe for ¢» = 0.9 or 1/,/p.
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Table 2.3 Simulated Large Sample 95% PI Coverages and Lengths, e; ~ EXP(1)—1

n p Y k FS lasso LVS RR PLS PCR

100 20 0 1 cov 0.9622 0.9728 0.9648 0.9544 0.9460 0.9724
len 3.7909 4.4344 4.3865 4.4375 4.2818 5.5065

2000 20 0 1 cov 0.9506 0.9502 0.9500 0.9488 0.9486 0.9542
len 3.1631 3.1199 3.1444 3.2380 3.1960 3.3220

200 20 0.9 1 cov 0.9588 0.9666 0.9664 0.9666 0.9556 0.9612
len 3.7985 3.6785 3.7002 3.7491 3.5049 3.7844

200 20 0.9 19 cov 0.9704 0.9760 0.9706 0.9784 0.9578 0.9592
len 4.6128 12.1188 4.8732 12.0363 3.3929 3.7374

200 200 0.9 19 cov 0.9338 0.9750 0.9564 0.9740 0.9440 0.9596
len 4.6271 37.3888 5.1167 56.2609 4.0550 4.6994

400 40 0.9 19 cov 0.9678 0.9654 0.9492 0.9624 0.9426 0.9574
len 4.3433 14.7390 4.7625 14.6602 3.6229 4.1045

Table 2.4 Validation Residuals: Simulated Large Sample 95% PI Coverages and
Lengths, e; ~ N(0,1)

n,p, 0.k FS CFS LVS CLVS Lasso CL __ RR _CRR
200,20, 0,19 cov 0.9574 0.9446 0.9522 0.9420 0.9538 0.9382 0.9542 0.9430
len 4.6519 4.3003 4.6375 4.2888 4.6547 4.2964 4.7215 4.3569

200,40,0,19 cov 0.9564 0.9412 0.9524 0.9440 0.9550 0.9406 0.9548 0.9404
len 4.9188 4.5426 5.2665 4.8637 5.1073 4.7193 5.3481 4.9348

200,200, 0,19 cov 0.9488 0.9320 0.9548 0.9392 0.9480 0.9380 0.9536 0.9394
len 7.0096 6.4739 5.1671 4.7698 31.1417 28.7921 47.9315 44.3321

400,20,0.9,19 cov 0.9498 0.9406 0.9488 0.9438 0.9524 0.9426 0.9550 0.9426
len 4.4153 4.1981 4.5849 4.3591 9.4405 8.9728 9.2546 8.8054

400,40,0.9,19 cov 0.9504 0.9404 0.9476 0.9388 0.9496 0.9400 0.9470 0.9410
len 4.7796 4.5423 4.9704 4.7292 13.3756 12.7209 12.9560 12.3118

400,400,0.9,19 cov 0.9480 0.9398 0.9554 0.9444 0.9506 0.9422 0.9506 0.9408
len 5.2736 5.0131 4.9764 4.7296 43.5032 41.3620 42.6686 40.5578

400,800,0.9,19 cov 0.9550 0.9474 0.9522 0.9412 0.9550 0.9450 0.9550 0.9446
len 5.3626 5.0943 4.9382 4.6904 60.9247 57.8783 60.3589 57.3323

Tables 2.4 and 2.5 show some results for PIs (2.47) and (2.48). Here forward
selection using the minimum C), model if ng > 10p and EBIC otherwise. The
coverage was very good. Labels such as CFS and CLVS used PI (2.48). For
lasso variable selection, the program sometimes failed to run for 5000 runs,
e.g., if the number of variables selected d = ny. In Table 2.4, PIs (2.47) and
(2.48) are asymptotically equivalent if p is fixed, but PI (2.48) had shorter
lengths for moderate n. In Table 2.5, PI (2.47) is shorter than PI (2.48)
asymptotically, but for moderate n, PI (2.48) was often shorter.

Table 2.6 shows some results for PIs (2.46) and (2.47) for lasso and ridge
regression. The header lasso indicates PI (2.46) was used while vlasso indi-
cates that PI (2.47) was used. PI (2.47) tended to work better when the fit
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Table 2.5 Validation Residuals: Simulated Large Sample 95% PI Coverages and
Lengths, e; ~ EXP(1) — 1

n,p, 0.k FS CFS LVS CLVS Lasso COL __ RR __ CRR
200,20,0,1 cov 0.9596 0.9504 0.9588 0.9374 0.9604 0.9432 0.9574 0.9438
len 4.6055 4.2617 4.5984 4.2302 4.5809 4.2301 4.6807 4.2863

2000,20,0,1 cov 0.9560 0.9508 0.9530 0.9464 0.9544 0.9462 0.9530 0.9462
len 3.3469 3.9899 3.3240 3.9849 3.2709 3.9786 3.4307 3.9943

200,20,0.9,1 cov 0.9564 0.9402 0.9584 0.9362 0.9634 0.9412 0.9638 0.9418
len 3.9184 3.8957 3.8765 3.8660 3.8406 3.8483 3.8467 3.8509

200,20,0.9,19 cov 0.9630 0.9448 0.9510 0.9368 0.9554 0.9430 0.9572 0.9420
len 5.0543 4.6022 4.8139 4.3841 9.8640 9.0748 9.5218 8.7366
200,200,0.9,19 cov 0.9570 0.9434 0.9588 0.9418 0.9552 0.9392 0.9544 0.9394
len 5.8095 5.2561 5.2366 4.7292 31.1920 28.8602 47.9229 44.3251

400,40,0.9,19 cov 0.9476 0.9402 0.9494 0.9416 0.9584 0.9496 0.9562 0.9466
len 4.6992 4.4750 4.9314 4.6703 13.4070 12.7442 13.0579 12.4015

was poor while PI (2.46) was better for n = 2p and k = p — 1. The PIs are
asymptotically equivalent for consistent estimators.

Table 2.6 PIs (2.46) and (2.47): Simulated Large Sample 95% PI Coverages and
Lengths

n p Y k dist lasso  vlasso RR vRR
100 20 0 1 cov N(0,1) 0.9750 0.9632 0.9564 0.9606
len 4.8245 4.7831 4.5741 5.3277
100 20 0 1 cov EXP(1)—1 0.9728 0.9582 0.9546 0.9612
len 4.4345 5.0089 4.4384 5.6692
100 50 0 49 cov N(0,1) 0.9714 0.9606 0.9822 0.9618
len 6.8345 22.3265 7.7229 27.7275
100 50 0 49 cov EXP(1)—1 0.9716 0.9618 0.9814 0.9608
len 6.9460 22.4097 7.8316 27.8306
400 400 0 399 cov N(0,1) 0.8508 0.9518 1.0000 0.9548
len 37.5418 78.0652 244.1004 69.5812
400 400 0 399 cov EXP(1)—1 0.8446 0.9586 1.0000 0.9558
len 37.5185 78.0564 243.7929 69.5474

2.14 Cross Validation

For MLR variable selection there are many methods for choosing the final
submodel, including AIC, BIC, C),, and EBIC. Variable selection is a special
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case of model selection where there are M models and a final model needs to
be chosen. Cross validation is a common criterion for model selection.

Definition 2.26. For k-fold cross validation (k-fold CV), randomly divide
the training data into k groups or folds of approximately equal size n; ~ n/k
for j = 1,..., k. Leave out the first fold, fit the statistical method to the k —1
remaining folds, and then compute some criterion for the first fold. Repeat
for folds 2, ..., k.

Following James et al. (2013, p. 181), if the statistical method is an MLR
method, we often compute Y;(j) for each Y; in the fold j left out. Then

Note that if each n; = n/k, then

n

Vi = = (%~ Vi)

=1

Then CV3,y = CV(i,)(1;) is computed for i = 1,..., M, and the model I. with
the smallest C'V{)(1;) is selected.

Assume that model (2.1) holds: Y = 278+ e = 2L 3¢ + e where B¢ is an
ags % 1 vector. Suppose p is fixed and n — oo. If 51 is a x 1, form the p x 1
vector ,8 10 from ,8 ; by adding 0Os corresponding to the omitted variables.

If P(S C Iin) — 1 as n — oo, then Section 2.17 shows that 51 Lolisa
\/n consistent estimator of 3 under mild regularity conditions. Note that if
as = p, then ,8 I,..n.0 18 asymptotically equivalent to the OLS full model ,8
(since S is equal to the full model).

Choosing folds for k-fold cross validation is similar to randomly allocating
cases to treatment groups. The following code is useful for a simulation. It
makes copies of 1 to k in a vector of length n called tfolds. The sample
command makes a permutation of tfolds to get the folds. The lengths of the
k folds differ by at most 1.

n<-26

k<=5

J<-as.integer (n/k)+1

tfolds<-rep(l:k,J)

tfolds<-tfolds[l:n] #can pass tfolds to a loop
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folds<-sample (tfolds)
folds
4 235331522512134215514114143

Example 2.2, continued. The slpack function pifold uses k-fold CV to
get the coverage and average PI lengths. We used 5-fold CV with coverage
and average 95% PI length to compare the forward selection models. All
4 models had coverage 1, but the average 95% PI lengths were 2591.243,
2741.154, 2902.628, and 2972.963 for the models with 2 to 5 predictors. See
the following R code.

y <- marryl[,3]; x <- marryl[,-3]
x1l <= x[,2]

x2 <— x[,c(2,3)]

x3 <= x[,c(1,2,3)]

pifold(xl,y) #nominal 95% PI
Scov

[11 1

Salen

[1] 2591.243

pifold(x2,y)

Scov

[11 1

Salen

[1] 2741.154

pifold(x3,y)

Scov

[11 1

Salen

[1] 2902.628

pifold(x,y)

Scov

[11 1

Salen

[1] 2972.963

#Validation PIs for submodels: the sample size is
#likely too small and the validation PI is formed
#from the validation set.
n<-dim(x) [1]

nH <- ceiling(n/2)

indx<-1:n

perm <- sample (indx,n)

H <- perm[l:nH]

vpilen(xl,y,H) #13/13 were in the validation PI
Scov

[1] 1.0
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Slen

[1] 116675.4
vpilen (x2,y,H)
Scov

[1] 1.0

Slen

[1] 116679.8
vpilen (x3,y,H)
Scov

[1] 1.0

Slen

[1] 116312.5
vpilen(x,y,H)
Scov

[1] 1.0

$len #shortest length
[1] 116270.7

Some more code is below.

n <- 100

p <-4

k <=1

g <- p-1

X <- matrix(rnorm(n * ), nrow = n, ncol = q)
b <=0 x 1:g

b[l:k] <=1

y <- 1 + x %*% b + rnorm(n)

x1l <- x[,1]

x2 <—= x[,c(1,2)]

x3 <= x[,c(1,2,3)]
pifold(x1l,y)
Scov

[1] 0.96
Salen

[1] 4.2884
pifold (x2,v)
Scov

[1] 0.98
Salen

[1] 4.625284
pifold (x3,v)
Scov

[1] 0.98
Salen

[1] 4.783187
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pifold(x,vy)
Scov

[1] 0.98
Salen

[1] 4.713151

n <- 10000

p <-4

k <=1

g <- p-1

X <- matrix(rnorm(n * ), nrow = n, ncol = q)
b <=0 x 1:g

bll:k] <- 1

y <- 1 + x %*% b + rnorm(n)
x1l <- x[,1]

x2 <—= x[,c(1,2)]
x3 <= x[,c(1,2,3)]
pifold(x1,y)
Scov

[1] 0.9491
Salen

[1] 3.96021
pifold (x2,v)
Scov

[1] 0.9501
Salen

[1] 3.962338
pifold (x3,v)
Scov

[1] 0.9492
Salen

[1] 3.963305
pifold(x,vy)

Scov

[1] 0.94098
Salen

[1] 3.96203

2.15 Data Splitting

Remark 2.21. a) When p > n, the fitted model should do better than
i) interpolating the data or ii) discarding all of the predictors and using the
location model of Section 1.4.1 for inference. If p > n, forward selection, lasso,
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lasso variable selection, elastic net, and elastic net variable selection can be
useful for several regression models. Ridge regression, partial least squares,
and principal components regression can also be computed for multiple linear
regression. Section 2.13 gives prediction intervals.

b) One of the biggest errors in regression is to use the response variable
to build the regression model using all n cases, and then do inference as if
the built model was selected without using the response, e.g., selected before
gathering data. Using the response variable to build the model is called data
snooping, then inference is generally no longer valid, and the model built from
data snooping tends to fit the data too well. In particular, do not use data
snooping and then use variable selection or cross validation. See Hastie et al
(2009, p. 245) and Olive (2017a, pp. 85-89).

¢) Building a regression model from data is one of the most challeng-
ing regression problems. The “final full model” will have response variable
Y =t(Z), a constant z1, and predictor variables zo = t2(wo, ..., w;), ..., xp =
tp(wa, ..., wr) where the initial data consists of Z, wy, ..., w,. Choosing t, to, ..., t,
so that the final full model is a useful regression approximation to the data
can be difficult.

d) As arule of thumb, if strong nonlinearities are apparent in the predictors
Wy, ..., Wp, it is often useful to remove the nonlinearities by transforming the
predictors using power transformations. When p is large, a scatterplot matrix
of wy, ..., wp can not be made, but the log rule of Section 1.2 can be useful.
Plots from Chapter 1, such as the DD plot, can also be useful. A scatterplot
matrix of the w; is an array of scatterplots of w; versus w;. A scatterplot is
a plot of w; versus w;.

Data splitting divides the data into two parts. The first part can use the
response variable to build the model, then the second part can be used for
inference. This avoids the Remark 2.21 b) error since the model is not built
using all n cases.

A common method for data splitting randomly divides the data set into
two half sets: the training set H and the validation set V. For the data in H,
fit the model selection method, e.g. forward selection or lasso, to get model
I with a predictors. Use this model as the full model for the set V: use the
standard OLS inference from regressing the response on the predictors found
from the set H. This method can be inefficient if n > 10p, but is useful for
a sparse model if n < 5p, if the probability that the model underfits goes
to zero, and if n > 20a. A model is sparse if the number of predictors with
nonzero coefficients is small.

For lasso, the active set I of a predictors from the data in training set H
is found, and data splitting estimator is the OLS estimator B 1.p computed
from the validation data in set V. This estimator is not the lasso variable
selection estimator. The estimator 3 1.p has the same large sample theory as
if I was chosen before obtaining the data.



2.15 Data Splitting 145

If n/p is not large, data splitting is useful for many regression models when
the n cases are independent, including multiple linear regression, multivariate
linear regression where there are m > 2 response variables, generalized linear
models (GLMs), the Cox (1972) proportional hazards regression model, and
parametric survival regression models.

Consider a regression model with response variable Y and a p x 1 vector of
predictors . This model is the full model. Suppose the n cases are indepen-
dent. To perform data splitting, randomly divide the data into two sets H and
V where H has ng of the cases and V has the remaining ny = n — ng cases
1y ..y in, . Find a model I, possibly with data snooping or model selection,
using the data in the training set H. Use the model I as the full model to
perform inference using the data in the validation set V. That is, regress Yy
on Xy, and perform the usual inference for the model using the j =1, ..., ny
cases in the validation set V. If B} uses a predictors, we want ny > 10a and
we want (Y, Xv.7) to follow a regression model, e.g. Y = ¥ 3, + e where e
depends on I.

In the literature, often ny ~ [n/2]. For model selection, use the training
set data to fit the model selection method, e.g. forward selection or lasso, to
get the a predictors. On the validation set, use the standard regression infer-
ence from regressing the response on the predictors found from the training
set data. This method can be inefficient if n > 10p, but is useful for a sparse
model if n < 5p, if the probability that the model underfits goes to zero, and
if n > 20a.

The method is simple, use one half set to get the predictors, then fit
the regression model, such as a GLM or OLS, to the validation half set
(Yv,Xv.1). The regression model needs to hold for (Y, Xy 1) and we want
ny > 10a if I uses a predictors. The regression model can hold if S C T
and the model is sparse. Let * = (x1,...,x,)T where 1 is a constant. If
(Y, s, ...,x,)T follows a multivariate normal distribution, then (Y, z;) follows
a multiple linear regression model for every I. Hence the full model need not
be sparse, although the selected model may be suboptimal.

Of course other sample sizes than half sets could be used. For example if
n = 1000p, use n = 10p for the training set and n = 990p for the validation
set.

Remark 2.22. i) One use of data splitting is to try to transform the
p > n problem into an n > 10k problem. Thus this method needs the fitted
model I to be sparse. For MLR, check that Y = chTB 1 + er with response
and residual plots. If 8; is k x 1, we want n > 10k and V(es;) = 0% to be
small. Note that data splitting does not need a sparse population model with
S C I and ag < k. For multiple linear regression, data splitting can work
if Y ~ N, (X3,0%I), since then all subsets I satisfy an MLR model: Y; =
xl.B;+ers ;. See Section 2.16. The above multivariate normal assumption for
MLR rarely hold, but if several predictors satisfy a simple linear regression
model with Y, then those predictors often satisfy an MLR with Y.
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ii) Data splitting can be tricky for lasso, ridge regression, and elastic net
if the sample sizes of the training and validation sets differ. Roughly set
Aln./(2n1) = A2.n,/(2n2). Data splitting is much easier for variable selection
methods such as forward selection, lasso variable selection, and elastic net
variable selection. Find the variables z7, ..., ) indexed by I from the training
set, and use model I as the full model for the validation set.

iii) Another use of data splitting is that data snooping can be used on
the training set H: use the model I found from H as the full model for the
validation set V.

2.16 The Multitude of MLR Models

There are often a multitude of population regression models that are estimat-
ing different population parameters. Note that when j predictors each satisfy
a marginal regression model with the response Y (such as simple linear re-
gression), then subsets of those j predictors will often satisfy a regression
model with the response Y (such as multiple linear regression).

This chapter showed that OPLS and OLS typically estimate different
quantities. There are often a multitude of valid MLR models. For example,
if the cases (V; 7)T are iid from a nonsingular multivariate normal distri-
bution, then Y |n”x satisfies a MLR model for any linear combination n” z.
See Olive and Zhang (2023). Under multivariate normality, it is known that
Y|z follows a multiple linear regression model where x; = (21, ..., 2i1)7 is
a vector corresponding to a subset of the predictors. Theorem 2.15 b) gives
a similar result for every linear combination of the predictors n” z, including
sparse and nonsparse models. Much of Theorem 2.15 b) can also be shown
by performing the population SLR of Y on n”z, but linearity may fail to
hold if multivariate normality does not hold. Note that data sets where the
cases are iid from a multivariate normal distribution are rather uncommon.
Let Ey =0 %/

Theorem 2.15. Suppose the cases (V;,z1)7 are iid from a multivariate
normal distribution:

Y Hy Xy Yvz
(2) = () (52 %2))
a) Then Y|z ~ Y|(aors + B5.5x) ~ N(aors + B4 s, 0?) follows a
multiple linear regression model.
b) So does Y|nTx ~ N(ao+Bbx, 02) where ap = py — B g, Bo = M,
0% =Yy — B5 X xy, and
N = Zgy?? '
' Xzn
¢) So does Y|Ax where A is a full rank &k X p constant matrix with k& < p.
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Proof. a) is a special case of ¢) with A = I,,, and see Remark 1.5.
b)

10"\ (Y\ (Y

0n’ x) \nlzx

NN2(( #Y) ( Xy ZgY’?))_
N pg ) \n" Zey n" Zgn

Hence W = Y|n"x ~ N(uw, 0%,) where

Zgy?? T T T T
= Bt A LS - =y — A A
Hw “Y+nTZ:cn(n T —n py)=py — AN py + AN @,
and
T oot Xy (XL, m)?
T =0 =Y~ e TV gy OV A S

107"\ /Y\ (Y
0A x ) \Ax
~ Ky Xy ZgYAT
"\ \Apg ) \AZzy AZzA" ) )
Let w = Az. Then E(Y|w) = py + Syw g (w — fiqy)

= py —Bors(w, Y)Tﬂw‘i‘BOLs(wa V) 'w = aors(w, Y)+BoLs(w, V)" Az
where (w,Y) indicates a population OLS regression of Y on w. Thus

Bors(w,Y) = Xy By = Ty Swy = (AXz AT) 1 AZgy,
and

aors(wY) = py — Bors(w, Y)Tﬂw = py — Bors(w, Y)TAN:C-
O

Note that 0% < 0% = Xy unless nT Xgy = 0. If n = ByLg, then A =1
and 02 = 0% — Xy Xz Zxy . The population quantity estimated by the one
component partial least squares estimator corresponds to n = Cov(z,Y) =
Xzy. Note that b) is a special case of ¢) with A = n?.

Since the Weibull regression model is a proportional hazards regression
model for Y and a multiple linear regression model for log(Y), there can be
many linear combinations that result in a proportional hazards model. For
Poisson regression, log(Y + 1) often has a weighted least squares relation-
ship with the predictors used for minimum chi-square estimators. See Agresti
(2002, pp. 611-612) and Olive (2013). Hence often many linear combinations
will result in a Poisson regression model.



148 2 Multiple Linear Regression

2.17 Variable Selection Theory

From Section 1.1, a model for variable selection can be described by

'8 = mgﬁs + mgﬁE = mg,ﬁs (2.49)

where z = (zL,z%)T, zg is an ag x 1 vector, and zg is a (p—ag) x 1 vector.
Given that g is in the model, 35 = 0 and E denotes the subset of terms
that can be eliminated given that the subset S is in the model. Let 1 be the
vector of a terms from a candidate subset indexed by I, and let o be the
vector of the remaining predictors (out of the candidate submodel). Suppose
that S is a subset of I and that model (2.49) holds. Then

'8 = ccSBS =x 51 + :cgo = chT,BI.

Thus By = 0 if S C I. The model using 7 3 is the full model. The full model
uses all of the predictors with B, = 8.

For multiple linear regression, if the candidate model of x; has k terms
(including the constant), then the partial F statistic for testing whether the
p — k predictor variables in o can be deleted is

Fr= / - SSE

SSE(I) — SSE , SSE n—p[SSE(I)_l]
(n—k)—(n—p)'n—-p p—k

where SSE is the error sum of squares from the full model, and SSE(I) is the
error sum of squares from the candidate submodel. An important criterion
for variable selection is the C}, criterion.

Definition 2.27.

+2k—n=@p-k)(Fr—1)+k
where MSE is the error mean square for the full model.

Note that when Hy : 85 = 0 is true, (p — k)(Fr — 1)+ k 5 X%—k +2k—p
for a large class of iid error distributions. Minimizing C)(I) is equivalent to
minimizing MSE [C,(I)] = SSE(I) + (2k — n)MSE = vT(I)r(I) + (2k —
n)M SE. The following theorem helps explain why C,, is a useful criterion and
suggests that for subsets I with k terms, submodels with C,,(I) < min(2k, p)
are especially interesting. Denote the residuals and fitted values from the full
model by r; = Y; — ccTB =Y -V, and V; = ccTB respectively. Similarly,
let 3 1 be the estimate of 3; obtained from the regression of ¥ on ; and
denote the corresponding residuals and fitted values by r;; = Y; — o 1B b

and Y7 ; = m?iﬁl where i =1,...,n



2.17 Variable Selection Theory 149

Theorem 2.16. Suppose that a numerical variable selection method
suggests several submodels with %k predictors, including a constant, where
2<k<np.

a) The model I that minimizes Cp(I) maximizes corr(r, ry).

b) Cp(I) < 2k implies that corr(r,rr) > /1 — P
n

¢) As corr(r,ry) — 1,
corr(x" 3, 21 B;) = corr(ESP, ESP(I)) = corr(Y, Y1) — 1.
Proof. These results are a corollary of Theorem 2.17 below. O

Consider plotting w on the horizontal axis versus z on the vertical axis.
The response plot is the plot of Y versus Y, and an important residual plot
is the plot of Y versus r.

Theorem 2.17. Suppose that every submodel contains a constant and
that X is a full rank matrix.
Response Plot: i) If w = Y; and z = Y then the OLS line is the identity
line.
i) If w = Y and z = Y7 then the OLS line has slope b = [corr(Y, Y7)]2 = R%(I)
and intercept a = Y (1 — R?(I)) where Y = Y1 | V;/n and R%*(I) is the
coefficient of multiple determination from the candidate model.
FF or EE Plot: iii) If w = Y7 and z = ¥ then the OLS line is the identity
line. Note that ESP(I) = Y; and ESP =Y.
iv) If w = ¥ and z = V7 then the OLS line has slope b = [corr(Y, ¥7)]2 =
SSR(I)/SSR and intercept a = Y[l — (SSR(I)/SSR)] where SSR is the
regression sum of squares.
RR Plot: v) If w = r and z = ry then the OLS line is the identity line.
vi) If w = r; and 2z = r then a = 0 and the OLS slope b = [corr(r, r7)]? and

corr( )= SSE n—op B n—op
T =N SSEM N\ ) +n—2k N -k F +n—p

Proof: Recall that H and H; are symmetric idempotent matrices and
that HH; = H;. The mean of OLS fitted values is equal to Y and the
mean of OLS residuals is equal to 0. If the OLS line from regressing z on w
is Z = a + bw, then a = Z — bw and

p_ 2w —W)(z —2) _ SD(z)
> (w; —w)? SD(w)

corr(z, w).

Also recall that the OLS line passes through the means of the two variables
(w,z).
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(*) Notice that the OLS slope from regressing z on w is equal to one if

and only if the OLS slope from regressing w on z is equal to [corr(z, w)]?.

i) The slope b= 1if 3 ¥7,¥; = >_ Y7,. This equality holds since YITY =
YTH,Y =Y H,H;Y =Y,V Sinceb=1,a =Y — Y = 0.

ii) By (*), the slope

b= [corr(Y, Y7)]? = R*(I) = %(};7__%); = SSR(I)/SSTO.

The result follows since a =Y — bY.

iii) The slope b = 1 if > V;,¥; = Y. Y7, This equality holds since
V'Y, =YTHH,Y =YTH,Y =Y, ¥V, Sinceb=1,a =Y — Y = 0.

iv) From iii),

1= SDQ/) [corr (Y, Y7)].
SD(Y7)
Hence y
corr(Y, Y1) = SD(}?)
SD(Y)
and the slope N
b= SD(}?)corr(Y, Y1) = [eorr (Y, V1)]%.
SD(Y)
Also the slope
V1, - TP
p— 20 =YV gopiy/ssn.

The result follows since a =Y — bY.

v) The OLS line passes through the origin. Hence a = 0. The slope b =
rTrr/rTr. Since vTr; = Y (I — H)(I — H;)Y and (I — H)(I — H;) =
I — H, the numerator 77r; = r7r and b= 1.

vi) Again a = 0 since the OLS line passes through the origin. From v),

|SSE(I)
1= <SE [corr(r, 71)].

SSE
SSE(I)

Hence

corr(r,ry) =
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and the slope

SSE
SSE(I)

[corr(r,77)] = [corr(r,r1)]*.

Algebra shows that

corr(r,ry) =

Cp(I) +n—2k \/p kFI—i-n—

Remark 2.23. a) Let I,,;, be the model than minimizes C,(I) among
the models I generated from the variable selection method such as forward
selection. Assuming the full model I, is one of the models generated, then
Cp(Imin) < Cp(I,) = p, and corr(r,ry,,,,) — 1 as n — oo by Theorem 2.17
vi). Referring to Equation (2.49), if P(S C I, ) does not go to 1 as n — oo,
then the above correlation would not go to one. Hence P(S C I,;,) — 1 as
n — oo. This result is due to Rathnayake and Olive (2023).

b) If none of the 8; = 0, then S = F, the full model. An assumption that
some of the ; are exactly equal to zero may be very strong, but ¢) and d)
suggest that variable selection criterion still select models I that may be as
good or better than the full model when n > Jp with J > 10. Also note
that Equation (2.49) does not assume that 85 = 0 if S = F, since then F
is the empty set, and € = g = xr with 3 = B = Bp. For more on the
assumption Hy : 3; = 0, see, for example, Gelman and Carlin (2017), Nester
(1996), and Tukey (1991).

¢) If some of the nonzero (; are very small, then n may need to be very
large before P(S C I;p) is close to 1. However, by Theorem 2.16, the C),
criterion often picks model I = I,,,;, such that the residuals and fitted values
from model I are highly correlated with those of the full model F'. Suppose
Ipnin uses kp, predictors including a constant. Then Cp( mm) <Cu(F)=p. If

n > 10p and Cp(Imin) < 2k, then corr(r,rr) > /1 — F > /0.9 =0.948.
D

d) By Section 2.16, there is often a multitude of good MLR models, and
variable selection criterion such as Cp, AIC, and BIC tend to produce a model
I = I,;;n such that the residuals and fitted values from model I are highly
correlated with those of the full model F'.

However, in the fixed p setting, model selection PLS and model selec-
tion PCR can be shown to give predictions similar to that of the OLS full
model. To see this, variable selection with the Mallows (1973) C,(I) crite-
rion will be useful. Consider the OLS regression of Y on a constant and
w = (Wy,...,W,)T where, for example, W; = z; or W; = f;JT:c Let I index
the variables in the model so I = {1, 2,4} means that Wy, W, and W, were
selected. The full model I = F uses all p predictors and the constant with
Br =Br =8 =PBors- Then by Theorem 2.17 (with p+ 1 parameters), sup-
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pose model I uses k predictors including a constant with 2 < k < p+1. Then
the model I with k predictors that minimizes Cp(I) maximizes corr(r,rr),
that

n—(p+1)
Cp(I) +n — 2k

corr(r,ry) =

and under linearity, corr(r,r;) — 1 forces

corr(é + w” B, d1 + wi By) = corr(ESP, ESP(I)) = corr(Y, Y1) — 1.

1
Thus Cp(I) < 2k implies that corr(r,r) > 4/1 — i Let the model I,,,;n
n

minimize the C), criterion among the models considered with C,(I) < 2k;.
Then Cp(Imin) < Cp(F) = p+ 1, and if PLS or PCR is selected using
model selection (on models I, ..., I, with I; = {1,2, ..., j} corresponding to
the j-component regression) with the Cp(I) criterion, and n > 20(p + 1),
then corr(r,rr) > 4/19/20 = 0.974. Hence the correlation of ESP(I) and
ESP(F) will typically also be high. (For PCR, the following variant should
work better: take U; = 7);(PCR)" @ and W, the U; with the highest absolute
correlation with Y, Wy the U; with the second highest absolute correlation,
etc.)

Good model selection criterion (such as k-fold cross validation) tend
to be similar to Cp(I), and also select model I such that corr(r,r;) and
corr(ESP, ESP(I)) are high. Hence if the full model is good and n >> p
is large, predictions from the model selection PLS and model selection PCR,
will be similar to that of the full OLS model. Since PLS chooses components
that are correlated with Y, typically fewer PLS components should be needed
than PCR components, and model selection PLS will often outperform model
selection PCR.

For example, let Xy = diag(1,2,...,p) and 8 = 1 = (1,...,1)T. Let the
sample size n = 2000 and p = 100. Then 8 = 21122 1n,(PCR), and model
selection PCR chose the £ = 100 = p OLS estimator while model selection
PLS chose k = 6. Using 8 = (0,...,0,1) = diop corresponds to H;. Then
model selection PLS chose & = 2 components while model selection PCR
again chose £ = 100 OLS. PCR and PLS were done using scaled predictors.
If unscaled predictors were used, then model selection PCR chose & = 89
components while model selection PLS chose &k = 5. In all cases, the corre-
lations of the model selection residuals and OLS residuals were greater than
0.99. Computations were done in R with the Mevik, Wehrens, and Liland
(2015) pls package.

library(pls)
set.seed(974)
n<-2000

p<- 100

A <- diag(sqgrt(l:p))
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beta <- 0x1l:p + 1

X <- matrix(rnorm(n * p), nrow = n, ncol = p)
x <— x %$%% A

SP <- x%*%beta

y <— SP 4+ rnorm(n)

#MLRplot (x, V)

#OPLSplot (x,Vy)

#OPLSEEplot (x, V)

#plot (cor(x,vy))

z <- as.data.frame (cbind(y, x))

out<-pcr(V1l~.,data=z, scale=T,validation="CV")
tem<-MSEP (out)

cvmse<-tem$vall,,l: (outSncomp+1l)][1,]

npcr <-max (which.min (cvmse)-1,1) #100

respcr <- out$residuals],,npcr]

resols <- out$residualsl|,,p]

out<-plsr(V1~.,data=z,scale=T,validation="CV")
tem<-MSEP (out)

cvmse<-tem$vall,,1l: (outSncomp+1l)][1,]

npls <-max(which.min (cvmse)-1,1) #6

res <- out$residuals][,,npls]

resols <- out$residualsl|,,p]

cor (res, resols)
#11] 0.9999812
plot (cvmse[2:101
plot (cvmse[3:101

( 1)
( [ 1)
plot (cvmse[4:101])
plot (cvmse[5:101])
plot (cvmse[6:101])
plot (cvmse[7:101])

beta <- 0x1l:p

betalp] <- 1

SP <- x%*%beta

y <— SP 4+ rnorm(n)

z <- as.data.frame (cbind(y, x))
out<-pcr(V1l~.,data=z, scale=F,validation="CV")
tem<-MSEP (out)

cvmse<-tem$vall,,1l: (outSncomp+1l)][1,]
npcr <-max (which.min (cvmse)-1,1)
respcr <- out$residuals],,npcr]
resols <- out$residualsl|,,p]
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#npcr=89

out<-plsr (V1~.,data=z,scale=F,validation="CV")
tem<-MSEP (out)

cvmse<-tem$vall,,l: (outSncomp+1l)][1,]

npls <-max (which.min (cvmse)-1,1)

res <- out$residuals][,,npls]

resols <- out$residualsl|,,p]

cor (res, resols)

#11] 0.9974041

npls

#[11 5

2.17.1 Variable Selection Theory in Low Dimensions

Large sample theory is often tractable if the optimization problem is convex.
The optimization problem for variable selection is not convex, so new tools
are needed. Tibshirani et al. (2018) and Leeb and Pdtscher (2006, 2008) note
that we can not find the limiting distribution of Z,, = \/ﬁA(Blmm - B)
after variable selection. One reason is that with positive probability, B Toin
does not have the same dimension as 3; if AIC or C), is used. Hence Z,, is
not defined with positive probability.

2.17.2 Some Variable Selection Estimators

Consider 1D regression models that study the conditional distribution Y |2 3
of the response variable Y given &7 3 where z is the p x 1 vector of predictors.
Many important regression models are special cases, including multiple lin-
ear regression, the Nelder and Wedderburn (1972) generalized linear models
(GLMs), and the Cox (1972) proportional hazards regression model. For-
ward selection or backward elimination with the Akaike (1973) AIC criterion
or Schwarz (1978) BIC criterion are often used for variable selection.

Sparse regression methods can also be used for variable selection even if
n/p is not large: the regression submodel, such as a Nelder and Wedderburn
(1972) generalized linear model (GLM), uses the predictors that had nonzero
sparse regression estimated coeflicients. These methods include least angle re-
gression, lasso, relaxed lasso, elastic net, and sparse regression by projection.
Least angle regression variable selection is the LARS-OLS hybrid estimator
of Efron et al. (2004, p. 421). Lasso variable selection is called relaxed lasso
by Hastie, Tibshirani, and Wainwright (2015, p. 12), and the relaxed lasso
estimator with ¢ = 0 by Meinshausen (2007, p. 376). Also see Fan and Li
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(2001), Friedman et al. (2007), Friedman, Hastie, and Tibshirani (2010), Qi et
al. (2015), Simon et al. (2011), Tibshirani (1996), and Zou and Hastie (2005).
The Meinshausen (2007) relaxed lasso estimator fits lasso with penalty A, to
get a subset of variables with nonzero coeflicients, and then fits lasso with a
smaller penalty ¢, to this subset of variables where n is the sample size.

Let I,,in correspond to the set of predictors selected by a variable selection
method such as forward selection or lasso variable selection. If B risax1, use
zero padding to form the px1 vector B 1,0 from B 1 by adding 0Os corresponding
to the omitted variables. For example, if p = 4 and 3 [ = (Bl, Bg)T, then
the observed variable selection estimator BV g = B Iin0 = (Bl, 0, Bg, 0)7. As
astatistic, By g = By, o with probabilities my, = P(Inin = I) fork = 1,..., J
where there are J subsets, e.g. J = 2P — 1.

The large sample theory for B wix, defined below, is useful for explaining

the large sample theory of BV g- Review Section 1.6 for mixture distributions.

Definition 2.28. The wvariable selection estimator BVS = Blminyo’ and

Bys = By, o with probabilities m, = P(Lnin = Ij,) for k = 1,...,J where
there are J subsets.

Definition 2.29. Let 3 mi1x be arandom vector with a mixture distribu-
tion of the B%O with probabilities equal to 7,. Hence BMIX = BI,“O with
same probabilities 7y, of the variable selection estimator BV g, but the I, are
randomly selected.

2.17.3 Large Sample Theory for Variable Selection
Estimators

Theorems 2.18 and 2.19 in this subsection are due to Rathnayake and Olive
(2023), and generalize the Pelawa Watagoda and Olive (2021b) theory for
multiple linear regression to many other models. The theory assumes that
there is a “true model” S and that at least one subset I is considered such
that S C I. For example, with forward selection and backward elimination,
the theory assumes that the full model contains S. The theory does not hold
if the true model S is not a subset of any of the considered models. For
example, S could contain some interactions that were not included in the
“full” model. Checking that the full model is good is important.

Assume p is fixed. Suppose model (2.49) holds, and that if S C I; where
the dimension of I; is a;, then \/E(BI], -Br,) 5 N, (0, V) where V; is the
covariance matrix of the asymptotic multivariate normal distribution. Then
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VB, 0~ B) B Ny(0,V ) (2.50)

where V' ;¢ adds columns and rows of zeros corresponding to the x; not in
I;, and V is singular unless I; corresponds to the full model. This large
sample theory holds for many models, including multiple linear regression fit
by least squares (OLS), GLMs fit by maximum likelihood, and Cox regression
fit by maximum partial likelihood. See, for example, Sen and Singer (1993,
pp- 280, 309).

The first assumption in Theorem 2.18 is P(S C In) — 1 as n — oo.
Then the variable selection estimator corresponding to I,,;, underfits with
probability going to zero, and the assumption holds under regularity condi-
tions if BIC or AIC is used for many parametric regression models such as
GLMs. See Charkhi and Claeskens (2018) and Claeskens and Hjort (2008, pp.
70, 101, 102, 114, 232). This assumption is a necessary condition for a vari-
able selection estimator to be a consistent estimator. See Zhao and Yu (2006).
Thus if a sparse estimator that does variable selection is a consistent estima-
tor of B, then P(S C I,n) — 1 as n — oo. Hence Theorem 2.18c¢) proves
that the lasso variable selection and elastic net variable selection estimators
are y/n consistent estimators of 3 if lasso and elastic net are consistent. Also
see Theorem 2.19. The assumption on u;, in Theorem 2.18 is reasonable by
(2.50) since S C I; for each 7;, and since Basrx uses random selection.

Consider the assumption P(S C I,;,) — 1 as n — oo for multiple linear
regression. Charkhi and Claeskens (2018) proved the assumption holds for
AIC for a wide variety of error distributions. Shao (1993) gave similar re-
sults for AIC, BIC, and Cp. Also see Remark 2.23 a). The assumption holds
for lasso variable selection and elastic net variable selection provided that
5\n /n — 0 as n — oo so lasso and elastic net are consistent estimators. Here
An is the shrinkage penalty parameter selected after k-fold cross validation.
See Theorems 2.8, 2.9, Pelawa Watogoda and Olive (2021b) and Knight and
Fu (2000).

Theorem 2.18 a) proves that w is a mixture distribution of the w; with
probabilities 7;, E(u) = 0, and Cov(u) = Xy = >_;7;V 0. Some of the
submodels Iy will have 7 = 0. For example, since the probability of underfit-
ting goes to zero, every submodel Ij; that underfits has m, = 0. Hence S C I;
corresponding to the m; > 0. If mg = 1, then submodel I is picked with
probability going to 1 as n — oo, and I; is the only submodel with a positive
. Often 74 = 7g in the literature. For T}, = A3,y with 8 = AB, we have

V(T — 8) 5 v by (2.52) where E(v) =0, and Xy = Y, m,AV ;0 AT

Theorem 2.18. Assume P(S C L) — 1 as n — oo, and let B, =
B 16,0 with probabilities 7y, where 7, — 7 as n — oo. Denote the positive

7 by 7j. Assume uj, = \/ﬁ(/élj,o -B) 5 u; ~ N,(0,V,0). a) Then

Up = \/E(BMIX -B) Lu (2.51)
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where the cdf of wis Fy(t) = > ; m;Fu, (t). Thus w has a mixture distribution
of the w; with probabilities 7, E(u) =0, and Cov(u) = Yo = >, m;V j0.
b) Let A be a g x p full rank matrix with 1 < g < p. Then

vn = Au, = Vi(ABy x — AB) 2 Au=v (2.52)

where v has a mixture distribution of the v; = Au; ~ N, (0, AV ; A”) with
probabilities ;.

¢) The estimator By g is a \/n consistent estimator of 3: /n(By s —B) =
Op(1).

d) If g = 1, then /n(Bgp, — B) 2 u ~ Ny(0,Vap) where SEL is VS
or MIX.

Proof. a) Since u,, has a mixture distribution of the uy,, with probabilities
Tkn, the cdf of w, is Fu, (¢) = >4 TenFu,, (1) — Fu(t) = 322, miFu,(t) at
continuity points of the Fy, (t) as n — oo.

b) Since w, L u, then Au, D Aw.

¢) The result follows since selecting from a finite number J of v/n consistent
estimators (even on a set that goes to one in probability) results in a /n
consistent estimator by Pratt (1959).

d) If w4 = 1, there is no selection bias, asymptotically. The result also follows
by Potscher (1991, Lemma 1). O

The following subscript notation is useful. Subscripts before the MIX
are used for subsets of By,7x = (B1,.... 3p)". Let B; y7x = Bi- Similarly, if
I ={i1,...,i.}, then BLMIX = (Bh, ...,Bl-a)T. Subscripts after M IX denote
the 7th vector from a sample BMIXJ, o ,ABMIXB. Similar notation is used for
other estimatf)rs spch as BV g- The subscript 0 is still used for zero padding.
We may use 8 = Bpyr to denote the full model.

Typically the mixture distribution is not asymptotically normal unless
a mg = 1 (eg. if S is the full model F), or if for each m;, Au; ~
Ny(0,AV;,AT) = N,(0,AXAT). Then n(ABy,x — AB) 2 Au ~
N,(0, AX AT). This special case occurs for BS)MIX if Vn(B3—03) KA Ny(0,V)
where the asymptotic covariance matrix V' is diagonal and nonsingular. Then
BS) wmix and B s.rurr have the same multivariate normal limiting distribu-
tion. For several criteria, this result should hold for BV g since asymptotically,
Vn(ABy g — AB) is selecting from the Aw; which have the same distribu-
tion. In the simulations when V' is diagonal, the confidence regions applied
to AB*SEL = BB*S)SEL had similar volume and cutoffs where SEL is MIX,
VS, or FULL.

Theorem 2.18 can be used to justify prediction intervals after variable
selection. See Pelawa Watagoda and Olive (2021b) and Olive, Rathnayake,
and Haile (2022). Theorem 2.18 d) is useful for variable selection consistency
and the oracle property where g = 7g = 1 if P(Ijpin = S) — 1 as n —
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oo. See Claeskens and Hjort (2008, pp. 101-114) and Fan and Li (2001) for
references. A necessary condition for P(I,;, = S) — 1 is that S is one of the
models considered with probability going to one. This condition holds under
very strong regularity conditions for fast methods if S # F'. See Wieczorek
and Lei (2022) for forward selection and Hastie, Tibshirani, and Wainwright
(2015, pp. 295-302) for lasso, where the predictors need a “near orthogonality”
condition.

Remark 2.24. If Ay, A, ..., Ay, are pairwise disjoint and if UF_j A; = S,
then the collection of sets Aj, Ao, ..., Ay is a partition of S. Then the Law of
Total Probability states that if Ay, Ao, ..., Ay form a partition of S such that
P(A;) >0fori=1,..., k, then

k k
P(B)=> P(BNAj) =Y P(B|Aj)P(A)).

Let sets Ag1, ..., Am satisfy P(A;) = 0 fori = k+1, ..., m. Define P(B|A;) =
0if P(A;) = 0. Then a Generalized Law of Total Probability is

m m

P(B)=) P(BNAj) =7 P(B|Aj)P(4;),

j=1 j=1
and will be used in the proof of the result in the following paragraph.

Pétscher (1991) used the conditional distribution of By g|(By g = Blk,o)

to find the distribution of w, = v/n(By g — B). Let BZO be a random vector

from the conditional distribution B1k70|(,3v5 = Blk,O)' Let wg, = \/ﬁ(/élk,o—
5 5 Nej

Bl(Bvs = Br, o) ~ Vn(By, o — B). Denote Fz(t) = P(z1 < t1,..., 2p < 1)

by P(z < t). Then Potscher (1991) and Pelawa Watagoda and Olive (2021b)

show

Fuw, (t) = P[n"*(Bys = B) <t] =) Fuw,, (t) .

Hence BVS has a mixture distribution of the BZO with probabilities 7y,
and w, has a mixture distribution of the wy, with probabilities 7.

Proof: Let W = Wyg = k if BVS = BI,“O where P(Wys = k) = mTgn
for k =1,...,J. Then (Byg.,, Wysm) = (Byg, Wys) has a joint distribution
where the sample size n is usually suppressed. Note that BV g = B Iy ,0- Then
by Remark 2.24,

Fuw, (t) = Pn'/*(Byg — B) < t] =

J
> Pn*(Bys —B) < tl(Bvs = B, 0)lP(Bys = Br,.0) =
k=1
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J
Z Pln 1/2 ’Blk 0—B) < t|(Bvs = Blk,o)]ﬂkn
k=1

J J
ZP 2 szo B) St]ﬂkn:Zkan(t)Wkn- a
k=1 k=1

Charkhi and Claeskens (2018) showed that w;, = \/E(Bio -0B) 5 wj

it § C I; for the maximum likelihood estimator (MLE) with AIC, and gave
a forward selection example. They claim that w; is a multivariate truncated
normal distribution (where no truncation is possible) that is symmetric about
0. Hence E(w;) =0, and Cov(w;) = X; exits. Note that both V(Barx—B)

and /n(By g — B) are selecting from the wuy, = \/ﬁ(,@%o — B) and asymp-

totically from the u;. The random selection for B wmr1x does not change the
distribution of w;,, but selection bias does change the distribution of the

selected u;, and u; to that of w;, and w;. The assumption that w;, L w;
may not be mild. The proof for Equation (2.53) is the same as that for (2.51).
Theorem 2.19 proves that w is a mixture distribution of the w; with proba-
bilities ;.

Theorem 2.19. Assume P(S C I,,i,) — 1 as n — oo, and let BVS =

B 10,0 with probabilities 7y, where 7, — 7 as n — oo. Denote the positive

Ne]
T by 5. Assume wj, = /n(Bp, 0 — B) 5 wj. Then

5 D
wy, = Vn(Bys - B) > w (2.53)
where the cdf of w is Fa(t) = 3, 7 Fw, (t).

Proof. Since w,, has a mixture distribution of the wy, with probabilities
Tkn, the cdf of wy, is Faw, (1) = ) mentw,, (1) — Fw(t) = 32, miFw,(t) at
continuity points of the Fiy, (t) as n — oo. 0O

Remark 2.25. a) If P(S C ILn,) — 1 as n — oo, then Byg is a v/n
consistent estimator of 3 since selecting from a finite number J of \/n con-
sistent estimators (even on a set that goes to one in probability) results in a
v/n consistent estimator by Pratt (1959). By both this result and Theorems
2.18 and 2.19, the lasso variable selection and elastic net variable selection
estimators are \/n consistent if lasso and elastic net are consistent.

b) If the data is not simulated, then having some (; = 0 may not be
reasonable. Then S = F' and Theorem 2.19 proves that BV g and B = B F are
asymptotically equivalent. Also see Remark 2.23.

Remark 2.26. Another variable selection model is 73 = :cgﬂsi for
i =1,..., K. Then submodel I underfits if no S; C I. A necessary condition
for an estimator to be consistent is P(no S; C In) — 0 as n — oo. By
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Remark 2.23, the above probability holds if C} is used. Then in Theorem
2.19, we can replace P(S C Lyin) — 1 by P(no S; C Iyin) — 0 as n — oc.

Example 2.4. This is an example where the 7, — 7 as n — 0o. Assume
S C I where I has a predictors, including a constant. Then for a wide variety

of iid error distributions, F 2 x /(p—a) where X ~ x2_ . Let F' denote the
full model, and let S = I = I; be the model that deletes predictor z; with

a = p—1. Then from Definition 2.27, C,(I) 2 X +p—2 where X ~ x2. Let F/
denote the full model and consider all subsets variable selection with C,,. Since
only S and F do not underfit, only g and 7 are positive. Since Cp,(F') = p,
I = S is selected if Cp(I) < p. Hence mg = P(x1+p—2 < p) = P(x} <
2) =0.8427, and 7p = 1 — mg = 0.1573. This result also holds for backward
elimination since the probability that x; will be the first predictor deleted
goes to 1 as n — oo because Cp(I;) = Cp(S) is bounded in probability while
Cp(I;) diverges as n — oo for j # i. For forward selection with correlated
predictors, expect that 7g < P(x3 < 2), and hence mp > 1 — P(x3 < 2).

For the R code below, 8 = (1,...,1,0,...,0)T is a px 1 vector with k+1 ones
and p — k4 1 zeroes. Hence k = p — 2 deletes the predictor x,. The function
belimsim generates 1000 data sets, performs backward elimination, and
finds the proportion of time the full model was selected, which was 0.158 ~
0.1573.

belimsim (n=100, p=5,%k=3,nruns=1000)
$fullprop
[1] 0.158

2.17.4 Variable Selection Theory in High Dimensions

Remark 2.27. a) When /n consistent estimators are used,

n

1B =8I =185~ Brl> = (A~ 5:) o . (2.54)

=1

In low dimensions where p is fixed, p/n — 0 as n — oo and B is a consistent
estimator. In high dimensions, ||3 — B||2 tends to not be close to 0. For
example, if p = p, = n™!, then p,/n = n” which tends to be large if n
is large and 7 > 1. Hence in high dimensions, it is difficult to get a good
estimator B of B = B for the full model that uses all p predictors z1, ..., zp.

b) When n/p — 0 as n — oo, consistent estimators of B generally cannot
be found unless the model has a simplifying structure. A sparse population
model is one such structure. Let model I be the model selected by a procedure
such as lasso. For Equation (2.49), assume that Bg is ag x 1, B; is k x 1,
S C1I,n>Jk with J > 1 and preferably J > 10, and 8,y = 8 = Bp. If a
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v/n consistent estimator is used, then

k

1Br.0 = Brl* = 18; = B:1> =Y _(Bir = Bir)* < k/n

=1

which can be small. This “bet on sparsity principle” requires that a large
percentage of the 3; = 0 and that the method selects I such that S C I with
high probability where k/n is small. The assumptions S C I and By = Bp
may be very strong. There is a large literature on “sparsity bounds.” See
Giraud (2022) and Wainwright (2019) for references.

We can also consider sparse fitted models B ; that use k predictors with
n > Jk with J > 5. With the sparse fitted model, we are not necessarily
assuming that i) S C I, that ii) S # F, or that iii) B; y = Br. We can also
use data splitting with ng > Jk with J > 5. Check that the selected model
is reasonable, using response plots if possible.

Table 2.7 Regression Summary

low dimensions data splitting high dim. regularity

with sparse I conditions are too strong

general: B(x,Y) = B o(x1,Y) Br(xr,Y) B(=,Y)=pB;o(xr,Y)

data splitting: B(z,Y) = B; o (x1,Y) Br(xr,Y) B(=x,Y)=p;o(xrY)
lasso: B ,ss0 B(xr,Y) B(=xY)= ,BI,O(:L'I,Y)

OPLS: Boprs = A¥z,y Broprs = Ai¥z,y Borrs =Bors

MMLE: ,BMMLE = Z:u,Y IBI,MMLE = Z:'MI,Y :BMMLE = IBOLS

Table 2.7 summarizes what the regression estimators tend to estimate in
low dimensions or after data splitting with a sparse fitted model I. The third
column of Table 2.7 gives some results in the high dimensional literature
where the regularity conditions are often too strong. In particular, often the
regularity conditions are too strong for low dimensional results to hold in
high dimensions.

A fast method of variable selection is to standardize each predictor so that
the sample variance of each standardized predictor is one. Then compute B
and retain the k variables with the largest |6Al| For multiple linear regression,
then the MMLE is equal to OPLS, and the k predictors retained are the ones
where the unstandardized predictors have the largest absolute correlations
with Y. So compute |corr(z;,Y)| for ¢ = 1,...,p and keep the predictors
Zi,, ...24, With the largest absolute correlations with Y. This set of k£ predictor
variables is often highly correlated. So find the k = min(p, m — 5) predictors
where m = n or m = npg for data splitting. Then perform lasso variable
selection or forward selection for the regression of Y on these k predictors
and a constant, and keep the resulting k; predictors and a constant.
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The hdpack R function mmlevs finds approximately the nj, — 5 predictors
that have the largest absolute correlations with Y, where ng is supplied by
the user.

n<- 100
p <- 100
k<-1

q <- p-1

b <=0 x 1:g
b[l:k] <= 1 #b[1:0] acts like b[l:1] = b[1l]
beta <- c(1,b)
X <- matrix(rnorm(n * ), nrow = n, ncol = q)
y <1 + x %*% b + rnorm(n)
#beta = (1,1,0,0,...,0)
out<-mmlevs (x,y,nh=10)
> out
print (out$acorxy,digits=1)
[1] 0.734 0.270 0.104 0.007 0.167 0.054
0.133 0.027 0.118 0.157 0.055 0.007
[13] 0.103 0.047 0.020 0.067 0.011 0.067
0.247 0.116 0.071 0.004 0.072 0.031
[25] 0.034 0.038 0.005 0.050 0.008 0.091
0.021 0.072 0.122 0.031 0.074 0.275
[37] 0.011 0.055 0.108 0.022 0.077 0.007
0.081 0.026 0.080 0.165 0.029 0.050
[49] 0.109 0.006 0.007 0.123 0.044 0.067
0.103 0.111 0.019 0.120 0.077 0.184
[61] 0.102 0.280 0.193 0.072 0.232 0.126
0.106 0.011 0.118 0.037 0.104 0.022
[73] 0.139 0.108 0.094 0.032 0.096 0.054
0.124 0.214 0.061 0.042 0.076 0.121
[85] 0.062 0.045 0.042 0.065 0.106 0.078
0.017 0.012 0.104 0.155 0.015 0.005
[97] 0.006 0.008 0.081
Sindices
[1] 1 2 19 36 62 65

For the above output, only the constant and x; are needed in the model,
and |corr(z1,Y)| = 0.73. Hence the model I selected will usually satisfy
SCI.

n<- 100

p <- 10000

k<-10 #the first 10 nontrivial predictors are active
q <- p-1

b <=0 x 1:g
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b[l:k] <- 100 #b[1:0] acts like b[l:1] = b[1l]
beta <- ¢ (1,b)
X <- matrix(rnorm(n * ), nrow = n, ncol = q)
y <- 1 + x %%% b + rnorm(n,sd=0.1)
out<-mmlevs (x,y,nh=100)

print (out$acorxy[out$indices],digits=3)
[1] 0.386 0.302 0.297 0.292 0.292 0.274
0.269 0.316 0.268 0.315 0.364 0.319

[13] 0.287 0.276 0.269 0.265 0.356 0.290
0.371 0.308 0.294 0.280 0.263 0.277

[25] 0.278 0.269 0.272 0.307 0.270 0.269
0.312 0.274 0.302 0.268 0.310 0.268

[37] 0.274 0.351 0.264 0.302 0.270 0.313
0.264 0.269 0.287 0.284 0.268 0.271

[49] 0.288 0.279 0.279 0.304 0.268 0.284
0.272 0.350 0.302 0.295 0.263 0.314

[61] 0.274 0.262 0.261 0.326 0.270 0.261
0.263 0.322 0.262 0.305 0.377 0.272

[73] 0.286 0.272 0.267 0.260 0.278 0.277
0.269 0.279 0.261 0.345 0.297 0.280

[85] 0.381 0.266 0.301 0.275 0.301 0.326
0.340 0.349 0.292 0.316 0.306 0.276
> out$indices

[1] 2 3 5 6 7 197 280
319 326 468 530 540 588 628 711
[16] 725 751 812 1030 1072 1074 1608
1751 1863 1886 1990 2250 2365 2611 2803
[31] 2927 2929 3022 3226 3364 3481 3503
4046 4276 4474 4837 5048 5234 5289 5397
[46] 5427 5648 5650 5687 5784 5934 6128
6201 6250 6411 6475 6515 6629 6665 6703
[61] 6764 6844 6854 6915 7008 7069 7114
7171 7446 7523 7645 7746 7906 7998 8136
[76] 8253 8367 8390 8453 8538 8756 8854
8969 8983 9061 9081 9176 9182 9212 9283
[91] 9411 9622 9628 9674 9685 9744

For the output above, the first 9 out of 999 nontrivial predictors are active,
with §; = 100. Only 5 of these predictors among the 96 predictors with the
largest absolute sample correlations with Y.

n<- 100

p <= 10000
k<-90

g <- p-1

b <=0 x 1:g
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bl[l:k] <= 1 #b[1:0] acts like b[l:1] = b[1l]
beta <- ¢ (1,b)
X <- matrix(rnorm(n * ), nrow = n, ncol = q)
y <- 1 + x %*% b + rnorm(n)
out<-mmlevs (x,y,nh=100)
length (out$indices)
96 #most are spurious

out$indices

[1] 11 13 16 33 40 79 121
380 418 733 746 751 1015 1037 1050
[16] 1098 1222 1228 1632 1697 1698 1722
1752 1860 2015 2065 2124 2152 2933 3067
[31] 3084 3327 3335 3350 3376 3654 3713
3798 3845 3854 3993 4084 4285 4476 4659
[46] 4863 5114 5386 5626 6209 6301 6322
6374 6376 6468 6486 6554 6596 6702 6707
[61] 6798 6800 6819 6924 7035 7371 7445
7476 7508 7606 7653 7682 7759 7792 7934
[76] 7953 7985 8010 8047 8253 8314 8569
8783 8894 9022 9062 9091 9218 9298 9358
[91] 9371 9631 9670 9706 9938 9944
#got6/90 active predictors

For the above output, 3 = (1,1, ...,1,0,...,0)” where the constant 3; = 1
and 3; = 1 for i = 2, ...,91. Since k = 90 nontrivial predictors are active with
B; = 1, all of the active predictors are weak.

n<- 10000

p <- 10000

k<-90

g <- p-1

b <=0 x 1:g

b[l:k] <= 1 #b[1:0] acts like b[l:1] = b[1l]

beta <- c(1,b)

X <- matrix(rnorm(n * ), nrow = n, ncol = q)

y <1 + x %*% b + rnorm(n)

out<-mmlevs (x,y,nh=100)

out$indices #now the 90 weak active predictors have the

#largest absolute correlations

[1] 1 2 3 4 5 6 7

8 9 10 11 12 13 14 15

[16] 16 17 18 19 20 21 22

23 24 25 26 27 28 29 30

[31] 31 32 33 34 35 36 37

38 39 40 41 42 43 44 45

[46] 46 47 48 49 50 51 52
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53 54 55 56 57 58 59 60
[61] 61 62 63 64 65 66 67
68 69 70 71 72 73 74 75
[76] 76 77 78 79 80 81 82
83 84 85 86 87 88 89 90
[91] 737 4828 4899 5935 6151 7483

For the above output, increasing n to 10000 greatly improved MMLE vari-
able selection. It appears that high dimensional variable selection works best
if there are a few strong predictor variables. Spurious correlations are common
if n is near 100. As n increases, the absolute value of the spurious correlations
(sample correlations of nonactive predictors) decreases, and variable selection
can handle more active predictor variables.

2.18 Summary

1) The MLR model is Y; = 81 + ;202 + -+ Tipfp + € = xI'B + e; for
i = 1,...,n. This model is also called the full model. In matrix notation,
these n equations become Y = X3 + e. Note that z; ; = 1.

2) The ordinary least squares OLS full model estimator BO 1§ minimizes

Qors(B) =1, 72(8) = RSS(B) = (Y — XB)T(Y — X3). In the estimat-
ing equations Qors(3), the vector 3 is a dummy variable. The minimizer

,BO g estimates the parameter vector B for the MLR model Y = X3 + e.
Note that Bpg ~ AN, (8, MSE(XTX)™1).

3) Given an estimate b of 3, the corresponding vector of predicted values
or fitted values is ¥ = Y (b) = Xb. Thus the ith fitted value

}A/l. = }A/l(b) = mlTb =211+ + xi,pbp-

The vector of residuals is r = r(b) Y - }/}(b) Thus ith residual r; =

ri(b) =Y, —Y;(b) = Y; —wy1by — - — pbp. A response plot for MLR is a
plot of Y; versus Y;. A residual plot is a plot of Y; versus ;. If the e; are iid
from a unimodal distribution that is not highly skewed, the plotted points
should scatter about the identity line and the r» = 0 line.

Label coef SE  shorth 95% CI for §;
4) Constant=intercept= x 61 SE(B ) [Ly, U]
EY) (L2, Us]

T2 62 SE(

Lp Bp SE(B;D) [fjpa Up]
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The classical OLS large sample 95% CI for j; is B; + 1.965’E(6Ai). Consider
testing Hy : B; = 0 versus Hy : 3; # 0. If 0 € CI for f3;, then fail to reject Hy,
and conclude z; is not needed in the MLR model given the other predictors
are in the model. If 0 ¢ CI for f3;, then reject Hy, and conclude x; is needed
in the MLR model.

5) Let 7 = (1 u? ) It is often convenient to use the centered response
Z =Y — Y where Y = Y1, and the n x (p — 1) matrix of standardized
nontrivial predictors W = (W;;). For j = 1,...,p — 1, let W;; denote the

(4 + 1)th variable standardized so that Y . ; W” =0and ), W2 = n.
Then the sample correlation matrix of the nontrivial predictors w; is

wTiw

n

Ry =

Then regression through the origin is used for the model Z = Wn + e
where the vector of fitted values Y =Y + Z. Thus the centered response
Zi=Y;—Y and Y; = Z; + Y. Then 7) does not depend on the units of
measurement of the predictors. Linear combinations of the u; can be written
as linear combinations of the x;, hence B can be found from 7).

6) A model for variable selection is x73 = :CS,BS + :cE,BE = :CS,BS where
x = (L, 2%)T, xgis an ag x 1 vector, and xg is a (p — ag) x 1 vector. Let
x 1 be the vector of a terms from a candidate subset indexed by I, and let o
be the vector of the remaining predictors (out of the candidate submodel). If
S C I, then 273 = mg,ﬁs = mgﬁs + chT/S,B(I/S) + :cgo = T3, where /s
denotes the predictors in I that are not in S. Since this is true regardless
of the values of the predictors, B, = 0 if S C I. Note that B = 0. Let
ks = ag — 1 = the number of population active nontrivial predictors. Then
k = a — 1 is the number of active predictors in the candidate submodel I.

7) Let Q(n) be a real valued function of the k x 1 vector n. The gradient
of Q(n) is the k x 1 vector

Suppose there is a model with unknown parameter vector 1. A set of estimat-
ing equations f(n) is minimized or maximized where 7 is a dummy variable
vector in the function f : R — R¥.

8) As a mnemonic (memory aid) for the following results, note that the
d d

d
derivative —az = —za = a and —azx? = —zazx = 2azx.

dx dx dx dx
a) If Q(n) = a¥n = nTa for some k x 1 constant vector a, then vQ = a.

b) If Q(n) = n” An for some k x k constant matrix A, then vQ = 2An.
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&) 16 Qn) = X5, Inil = IInllh, then v/Q = s = s where s = sign(;)
where sign(n;) = 1 if n; > 0 and sign(n;) = —1 if n; < 0. This gradient is only
defined for n where none of the k values of n; are equal to 0.

9) Forward selection with OLS generates a sequence of M models I, ..., [y
where I; uses j predictors z} =1, z3, ..., 2%, Often M = min([n/J], p) where
J is a positive integer such as J = 5.

10) For the model Y = X 3+ e, methods such as forward selection, PCR,
PLS, ridge regression, lasso variable selection, and lasso each generate M
fitted models I, ..., Ips, where M depends on the method. For forward selec-
tion the simulation used C), for n > 10p and EBIC for n < 10p. The other
methods minimized 10-fold CV. For forward selection, the maximum number
of variables used was approximately min([n/5], p).

11) Cousider choosing 1) to minimize the criterion

Q)= ~(Z - W) (Z - W)+ 223 (2.59)

=1

where Ay, > 0, a > 0, and j > 0 are known constants. Then j = 2
corresponds to ridge regression 7)p, j = 1 corresponds to lasso 7);, and
a =1,2,n, and 2n are common. The residual sum of squares RSSw (n) =
(Z - Wn)T(Z — Wn), and A\, = 0 corresponds to the OLS estimator
Nors = (WTW)='WT Z. Note that for a k x 1 vector n, the squared (Eu-
clidean) Ly norm |02 = n'n = Zf:l n7 and the Ly norm ||n[|; = Zf:l |7l

Lasso and ridge regression have a parameter A. When A = 0, the OLS
full model is used. Otherwise, the centered response and scaled nontrivial
predictors are used with Z = Wn + e. See 5). These methods also use a
maximum value Aps of A and a grid of M X values 0 < A\; < Ao < -+ <
Av—1 < Ay where often Ay = 0. For lasso, A\js is the smallest value of A such
that 7, ,, = 0. Hence 7, # 0 for i < M.

12) The elastic net estimator )5y minimizes

Qen(n) = RSS(n) + Mlnl3 + Xz|nll (2.56)

where A\; = (1 — @)A1, and A2 = 2a); , with 0 < a < 1.
13) Use Z,, ~ ANy (p,,, X»,) to indicate that a normal approximation is
used: Z, ~ Ny(p,, X5). Let a be a constant, let A be a k x g constant

matrix, and let ¢ be a k x 1 constant vector. If \/n(6,, — ) £ Ny(0,V), then
aZ, =aly,Z, with A =al,,

0Z, ~ AN, (as,,a%,), and AZ, +c~ AN; (A,un fe AZnAT) ,

T
énNANg (05K>5 and Aén+CNANk <A0+C, AvA )
n
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14) Assume Ao g = (WIW)'WTZ. Let s, = (510, -, 5p_1.n)" where
sin € [—1,1] and s;,, = sign(7;) if 79; # 0. Here sign(n;) = 1 if n; > 1 and
sign(n;) = =1 if n; < 1. Then

N ~ )\ln N

i) Ir =Nors — T”(WTW +Andp-1) Mo

)\1,71

i) N, =MNors — o n(WIw)=1t s,.
NN N _ )\ . )\
iii) 1gn = Nors — n(WTW +MIpo1) ! ;anLS + ﬁsn
wTw
15) Assume that the sample correlation matrix Rq, = P oy-1
n

Let H=W (W W) 'W7 = (h;;), and assume that max;— ___, h L0 as

n — oo. Let 14 be Ny, Ny, or Np. Let p be fixed.
i) LS CLT: vn(iiors —m) = Np-1(0,02V).
i) If Ain/y/n 20, then

.....

Vi(itg —n) 2 Npo1(0,07V).
i) If M /v 27 >0,a 5 ¢ e0,1], and s, 2 s = sy, then
Viligy =n) 2 Nyt (<V[(1 = ) + ¢rs],02V).
iv) If Ain/ v/ 2 7 >0, then
Viliig = n) 2 Npoa(=7Vn, 0%V),

V) Ifj\lyn/\/ﬁ A >0 and s, P s= sy, then
Viti, =) 2 Ny (S Vaatv)).

ii) and v) are the Lasso CLT, ii) and iv) are the RR CLT, and ii) and iii)
are the EN CLT.

16) Under the conditions of 15), lasso variable selection and elastic net
variable selection are /n consistent under much milder conditions than lasso
and elastic net, since the variable selection estimators are /n consistent when
lasso and elastic net are consistent. Let I,,;, correspond to the predictors
chosen by lasso, elastic net, or forward selection, including a constant. Let
B 1,... be the OLS estimator applied to these predictors, let B Ionin,0 be the
zero padded estimator. The large sample theory for B Iin.0 (from forward
selection, lasso variable selection, and elastic net variable selection) is given
by Theorem 2.4. Note that the large sample theory for the estimators B is
given for p x 1 vectors. The theory for 7 is given for (p — 1) x 1 vectors In
particular, the theory for lasso and elastic net does not cast away the 7; = 0.
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17) Under Equation (2.1) with p fixed, if lasso or elastic net are consistent,
then P(S C Iin) — 1 as n — oo. Hence when lasso and elastic net do
variable selection, they are often not \/n consistent.

18) Refer to 6). a) The OLS full model tends to be useful if n > 10p with
large sample theory better than that of lasso, ridge regression, and elastic
net. Testing is easier and the Olive (2007) PI tailored to the OLS full model
will work better for smaller sample sizes than PI (2.14) if n > 10p. If n > 10p
but XTX is singular or ill conditioned, other methods can perform better.

Forward selection, lasso variable selection, and elastic net variable selection
are competitive with the OLS full model even when n > 10p and X7 X is
well conditioned. If n < p then OLS interpolates the data and is a poor
method. If n = Jp, then as J decreases from 10 to 1, other methods become
competitive.

b) If n > 10p and kg < p — 1, then forward selection can give more pre-
cise inference than the OLS full model. When n/p is small, the PI (2.14) for
forward selection can perform well if n/kg is large. Forward selection can be
worse than ridge regression or elastic net if kg > min(n/J, p). Forward selec-
tion can be too slow if both n and p are large. Forward selection, lasso variable
selection, and elastic net variable selection tend to be bad if (X4 X 4)~ ! is
ill conditioned where A = I,,,iy,.

c¢) If n > 10p, lasso can be better than the OLS full model if XTX isill
conditioned. Lasso seems to perform best if kg is not much larger than 10
or if the nontrivial predictors are orthogonal or uncorrelated. Lasso can be
outperformed by ridge regression or elastic net if kg > min(n,p — 1).

d) If n > 10p ridge regression and elastic net can be better than the OLS
full model if X7 X is ill conditioned. Ridge regression (and likely elastic net)
seems to perform best if kg is not much larger than 10 or if the nontrivial
predictors are orthogonal or uncorrelated. Ridge regression and elastic net
can outperform lasso if kg > min(n,p — 1).

e) The PLS PI (2.14) can perform well if n > 10p if some of the other five
methods used in the simulations start to perform well when n > 5p. PLS may
or may not be inconsistent if n/p is not large. Ridge regression tends to be
inconsistent unless P(d — p) — 1 so that ridge regression is asymptotically
equivalent to the OLS full model.

19) Under strong regularity conditions, lasso and lasso variable selection
with k—fold CV, and forward selection with EBIC can perform well even if
n/p is small. So PI (2.14) can be useful when n/p is small.

20) Using the response variable to build a model is known as data snooping,
and invalidates inference if data snooping is used on the entire data set of n
cases.

21) Suppose 73 = mg,ﬁs—l-ccgﬁE = mgﬁs where Bg is an ag x 1 vector.
A regression model is sparse if ag is small. We want n > 10ags.

22) Assume the cases are independent. To perform data splitting, randomly
divide the data into two half sets H and V where H has ng of the cases and
V has the remaining ny = n —ng cases i1, ..., in, . Build the model, possibly
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with data snooping, or perform variable selection to Find a model I, possibly
with data snooping or model selection, using the data in the training set H.
Use the model I as the full model to perform inference using the data in the
validation set V.

2.19 Complements

Good references for forward selection, PCR, PLS, ridge regression, and lasso
are Hastie et al. (2009, 2015), James et al. (2013), and Pelawa Watagoda
and Olive (2021b). Also see Efron and Hastie (2016). An early reference for
forward selection is Efroymson (1960). Under strong regularity conditions,
Gunst and Mason (1980, ch. 10) covers inference for ridge regression (and a
modified version of PCR) when the iid errors e; ~ N (0, 0?).

Xu et al. (2011) notes that sparse algorithms are not stable. Belsley (1984)
shows that centering can mask ill conditioning of X.

Classical principal component analysis based on the correlation matrix can
be done using the singular value decomposition (SVD) of the scaled matrix
Ws=W,/vn—1 using & and \; = 02 where \; = \i(WEW ) is the ith
eigenvalue of WEWS. Here the scaling is using g = 1. For more information
about the SVD, see Datta (1995, pp. 552-556) and Fogel et al. (2013).

Variable Selection and Post-Selection Inference:

There is massive literature on variable selection and a fairly large literature
for inference after variable selection. See, for example, Bertsimas et al. (2016),
Fan and Lv (2010), Ferrari and Yang (2015), Fithian et al. (2014), Hjort and
Claeskins (2003), Knight and Fu (2000), Leeb and Potscher (2005, 2006),
Lockhart et al. (2014), Qi et al. (2015), and Tibshirani et al. (2016).

For post-selection inference, the methods in the literature are often for
multiple linear regression assuming normality (an assumption that is too
strong), or are asymptotically equivalent to using the full model, or find a
quantity to test that is not A3. Typically the methods have not been shown to
perform better than data splitting. See Ewald and Schneider (2018). Leeb et
al. (2015) suggests that the Berk et al. (2013) method does not really work.
Kivaranovic and Leeb (2021) show that E(CI length) tends to be infinity
for a method proposed by Lee et al. (2016). Also see Lu et al. (2017), and
Tibshirani et al. (2016).

Warning: For n < 5p, validate sparse fitted models with response and
residual plots. PIs can also help.

High Dimensional Testing and Confidence Intervals:

As of 2023, testing sparse fitted models with data splitting and the tests
of Olive and Zhang (2023) appear to be backed by theory under reasonable
regularity conditions. Assuming that (Y;, 27)7 are iid Npi1(p, X) is not a
reasonable regularity conditions. For data splitting, forward selection with
EBIC, lasso variable selection, and MMLE variable selection can be useful.
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Chetverikov, Liao and Chernozhukov (2022) show that k-fold CV with lasso
often picks an MLR model good for prediction.

Also see Basa et al. (2022), Dezeure et al. (2015), Javanmard and Mon-
tanari (2014), Rinaldo, Wasserman, and G’Sell (2019), van de Geer et al.
(2014), and Zhang and Cheng (2017). Fan and Lv (2010) gave large sample
theory for some methods if p = o(n'/?). The method of Ning and Liu (2017)
needs a log likelihood.

Full OLS Model: A sufficient condition for BO s to be a consistent
estimator of B8 is Cov(Bprg) = 02(XTX)™1 — 0 as n — oo. See Lai et
al. (1979). For more OLS large sample theory, see Eicker (1963) and White
(1984).

Forward Selection: See Olive and Hawkins (2005), Pelawa Watagoda
and Olive (2021ab), and Rathnayake and Olive (2023).

The Oracle Property:

The oracle property says P(Iin =S) — 1 as n — co. A necessary condi-
tion for the oracle property is that S is in the search path with probability
going to 1 as n — oco. For “fast methods” like lasso and forward selection,
this requires the predictors to be nearly orthogonal. Hence the regularity con-
ditions for the oracle property are much too strong if the predictors are mod-
erately or highly correlated. The oracle property may be useful for wavelets
and PCR. See Su (2018), Su, Bogdan, and Candés (2017), and Wieczorek
and Lei (2022).

Principal Components Regression: Principal components are Karhunen
Loeve directions of centered X. See Hastie et al. (2009, p. 66). A useful PCR
paper is Cook and Forzani (2008).

Partial Least Squares: An important PLS paper is Wold (1975). Also see
Wold (1985, 2006). Olive and Zhang (2023) showed B, p; g is a /i consistent
estimator of By py g if the cases (z;,Y;) are iid with a few moments, p is fixed,
and n — co. Olive and Zhang (2023) also suggested that much of the theory
for OPLS and PLS appears to be incorrect, except under regularity conditions
that are much too strong. See, for example, Basa, et al. (2022), Cook et al.
(2013), Cook (2018), Cook and Forzani (2018, 2019), Cook and Su (2016),
and Chun and Keleg (2010). Denham (1997) suggested a PI for PLS that
assumes the number of components is selected in advance.

Much of the PLS literature claims that if the cases are iid, then under
mild conditions, Byprg, Brrrs, and Bgprg estimate B = By g. See for
example, Basa et al. (2024) and Cook and Forzani (2024). However, they use
a very strong regularity condition:

Y|m:aopL5+ngLS:c+e. (2.57)

When Y|z =« + B%x + e, then under mild regularity conditions, 8 = BoLs-
Hence regularity condition (2.46) and iid cases forces B, 5 = X' Zay =
AX¥zxy = Boprg- Thus regularity condition (2.46) forces Xy and Bprg =
AXzy to be eigenvectors of Xz if A # 0. Hence ,Bg s is equivalent (up to
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a positive constant multiplier) to the population principal component regres-
sion (PCR) component nJT:c that is most correlated with Y, where n; is one
of the eigenvectors of Xg.

Ridge Regression: An important ridge regression paper is Hoerl and
Kennard (1970). Also see Gruber (1998). Ridge regression is known as
Tikhonov regularization in the numerical analysis literature.

Lasso: Lasso was introduced by Tibshirani (1996). Efron et al. (2004)
and Tibshirani et al. (2012) are important papers. Su et al. (2017) note some
problems with lasso. If n/p is large, see Knight and Fu (2000) for the residual
bootstrap with OLS full model residuals. Camponovo (2015) suggested that
the nonparametric bootstrap does not work for lasso. Chatterjee and Lahiri
(2011) stated that the residual bootstrap with lasso does not work. Hall et
al. (2009) stated that the residual bootstrap with OLS full model residuals
does not work, but the m out of n residual bootstrap with OLS full model
residuals does work. Rejchel (2016) gave a good review of lasso theory. Fan
and Lv (2010) reviewed large sample theory for some alternative methods.
See Lockhart et al. (2014) for a partial remedy for hypothesis testing with
lasso. The Ning and Liu (2017) method needs a log likelihood. Knight and
Fu (2000) gave theory for fixed p.

Regularity conditions for testing are strong. Often lasso tests assume that
Y and the nontrivial predictors follow a multivariate normal (MVN) distri-
bution. For the MVN distribution, the MLR model tends to be dense not
sparse if n/p is small.

For fixed p, lasso in glmnet tends to be at best n!/* consistent for multiple
linear regression, while large sample theory for lasso and elastic net does not
appear to be available for GLMs and Cox regression. See Guan and Tibshirani
(2020).

lasso variable selection:

Applying OLS on a constant and the k nontrivial predictors that have
nonzero lasso 7); is called lasso variable selection. We want n > 10(k + 1).
If A\; = 0, a variant of lasso variable selection computes the OLS submodel
for the subset corresponding to A; for i = 1,..., M. If C} is used, then this
variant has large sample theory given by Theorem 2.4.

Lasso can also be used for other estimators, such as generalized linear
models (GLMs). Then lasso variable selection is the “classical estimator,”
such as a GLM, applied to the lasso active set. For prediction, lasso variable
selection is often better than lasso, but sometimes lasso is better.

See Meinshausen (2007) for the relaxed lasso method with R package
relaxo for MLR: apply lasso with penalty A to get a subset of variables
with nonzero coeflicients. Then reduce the shrinkage of the nonzero elements
by applying lasso again to the nonzero coefficients but with a smaller penalty
¢. This two stage estimator could be used for other estimators. Lasso variable
selection corresponds to the limit as ¢ — 0.
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Dense Regression or Abundant Regression: occurs when most of the
predictors contribute to the regression. Hence the regression is not sparse. See
Cook et al. (2013).

Other Methods: Consider the MLLR model Z = Wn +e. Let A > 0 be

a constant and let ¢ > 0. The estimator 1), minimizes the criterion

Q,(b) = r(b)T'r(b) + )\i |b:]4, (2.58)

over all vectors b € RP~! where we take 0° = 0. Then ¢ = 1 corresponds
to lasso and ¢ = 2 corresponds to ridge regression. If ¢ = 0, the penalty
A Zf;% |b;]® = Ak where k is the number of nonzero components of b. Hence
the ¢ = 0 estimator is often called the “best subset” estimator. See Frank
and Friedman (1993). For fixed p, large sample theory is given by Knight and
Fu (2000). Following Hastie et al. (2009, p. 72), the optimization problem is
convex if ¢ > 1 and A is fixed.

Suppose model I}, contains k predictors including a constant. For multiple
linear regression, the forward selection algorithm in Chapter 4 adds a pre-
dictor 2, that minimizes the residual sum of squares, while the Pati et al.
(1993) “orthogonal matching pursuit algorithm” uses predictors (scaled to
have unit norm: ! x; = 1 for the nontrivial predictors), and adds the scaled
predictor z} ., that maximizes |@}%,7%| where the maximization is over vari-
ables not yet selected and the rj are the OLS residuals from regressing Y
on X7 . Fan and Li (2001) and Candes and Tao (2007) gave competitors to
lasso. Some fast methods seem similar to the first PLS component.

If n < 400 and p < 3000, Bertsimas et al. (2016) give a fast “all subsets”
variable selection method. Lin et al. (2012) claim to have a very fast method
for variable selection. Lee and Taylor (2014) suggest the marginal screening
algorithm: let W be the matrix of standardized nontrivial predictors. Com-
pute WY = (¢, ..., cp—1)T and select the J variables corresponding to the
J largest |¢;|. These are the J standardized variables with the largest absolute
correlations with Y. Then do an OLS regression of Y on these J variables
and a constant. A slower algorithm somewhat similar but much slower than
the Lin et al. (2012) algorithm follows. Let a constant 21 be in the model, and
let W = [a4,...,ap—1] and r = Y — Y. Compute W7y and let x% correspond
to the variable with the largest absolute entry. Remove the corresponding
a; from W to get W. Let 71 be the OLS residuals from regressing ¥ on
x1 and x5. Compute WTr, and let x5 correspond to the variable with the
largest absolute entry. Continue in this manner to get z1,z3,..., % where
J =min(p, [n/5]). Like forward selection, evaluate the J — 1 models I; con-
taining the first j predictors z1, x5, ..., x; for j = 2, ..., J with a criterion such
as Cp.
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Following Sun and Zhang (2012), let (2.6) hold and let

p—1
Qn) = i(Z -Wn)'(Z - Wn) + \? Zp (m> where p is scaled such
2n e A

that the derivative p’(0+) = 1. As for lasso and elastic net, let s; = sgn(7;)
where s; € [—1,1] if i; = 0. Let pj = p'(|7;]/)) if 7 # 0, and p; = 1 if
f; = 0. Then 7 is a critical point of Q(n) iff wJT(Z — W) = nhs;pj for
7 =1,...,n.If pis convex, then these conditions are the KKT conditions. Let
dj = s;p};. Then W' Z - W W =nid, and f) = flo 5 — nA(W' W)~ 1d.
If the d; are bounded, then 7) is consistent if A — 0 as n — oo, and 7} is
asymptotically equivalent to 7, g if n'/2X — 0. Note that p(t) = ¢ for t > 0
gives lasso with A = Ay ,,/(2n).

Gao and Huang (2010) give theory for a LAD-lasso estimator, and Qi et
al. (2015) is an interesting lasso competitor.

Multivariate linear regression has m > 2 response variables. See Olive
(2017ab: ch. 12). PLS also works if m > 1, and methods like ridge regression
and lasso can also be extended to multivariate linear regression. See, for ex-
ample, Haitovsky (1987) and Obozinski et al. (2011). Sparse envelope models
are given in Su et al. (2016).

Model Building:

When the entire data set is used to build a model with the response vari-
able, the inference tends to be invalid, and cross validation should not be used
to check the model. See Hastie et al. (2009, p. 245). In order for the inference
and cross validation to be useful, the response variable and the predictors
for the regression should be chosen before looking at the response variable.
Predictor transformations can be done as long as the response variable is not
used to choose the transformation. You can do model building on the test
set, and then inference for the chosen (built) model as the full model with
the validation set, provided this model follows the regression model used for
inference (e.g. multiple linear regression or a GLM). This process is difficult
to simulate.

AIC and BIC Type Criterion:

Olive and Hawkins (2005) and Burnham and Anderson (2004) are useful
reference when p is fixed. Some interesting theory for AIC appears in Zhang
(1992). Zheng and Loh (1995) show that BICg can work if p = p,, = o(log(n))
and there is a consistent estimator of o2. For the C,, criterion, see Jones (1946)
and Mallows (1973).

AIC and BIC type criterion and variable selection for high dimensional re-
gression are discussed in Chen and Chen (2008), Fan and Lv (2010), Fujikoshi
et al. (2014), and Luo and Chen (2013). Wang (2009) suggests using

WBIC(I) = log[SSE(I)/n] + n~*|I|[log(n) + 21og(p)].

See Bogdan et al. (2004), Cho and Fryzlewicz (2012), and Kim et al. (2012).
Luo and Chen (2013) state that WBIC(I) needs p/n® < 1 for some 0 < a <
1.
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If n/p is large and one of the models being considered is the true model
S (shown to occur with probability going to one only under very strong
assumptions by Wieczorek and Lei (2021)), then BIC tends to outperform
AIC. If none of the models being considered is the true model, then AIC
tends to outperform BIC. See Yang (2003).

Robust Versions: Hastie et al. (2015, pp. 26-27) discuss some modifica-
tions of lasso that are robust to certain types of outliers. Robust methods
for forward selection and LARS are given by Uraibi et al. (2017, 2019) that
need n >> p. If n is not much larger than p, then Hoffman et al. (2015)
have a robust Partial Least Squares—Lasso type estimator that uses a clever
weighting scheme.

A simple method to make an MLR method robust to certain types of
outliers is to find the covmb2 set B of Chapter 1 applied to the quantitative
predictors. Then use the MLR method (such as elastic net, lasso, PLS, PCR,
ridge regression, or forward selection) applied to the cases corresponding to
the z; in B. Make a response and residual plot, based on the robust estimator
B 5, using all n cases.

Prediction Intervals:

Lei et al. (2018) and Wasserman (2014) suggested prediction intervals for
estimators such as lasso. The method has interesting theory if the (z;,Y;) are
iid from some population. Also see Butler and Rothman (1980) and Stein-
berger and Leeb (2023).

Let p be fixed, d be for PI (2.14), and n — oo. For elastic net, forward
selection, PCR, PLS, ridge regression, lasso variable selection, and lasso, if
P(d — p) — 1 as n — oo then the seven methods are asymptotically equiv-
alent to the OLS full model, and the PI (2.14) is asymptotically optimal on
a large class of iid unimodal zero mean error distributions. The asymptotic
optimality holds since the sample quantile of the OLS full model residuals are
consistent estimators of the population quantiles of the unimodal error distri-

bution for a large class of distributions. Note that d il pif P(Ajp — 0) — 1

for elastic net, lasso, and ridge regression, and d Eit p if the number d — 1 of
components ('yJch or 'yJTw) used by the method satisfies P(d—1 — p—1) — 1.

Consistent estimators B of B also produce residuals such that the sample
quantiles of the residuals are consistent estimators of quantiles of the error
distribution. See Remark 2.21, Olive and Hawkins (2003), and Rousseeuw
and Leroy (1987, p. 128).

Degrees of Freedom:

A formula for the model degrees of freedom df tend to be given for a model
when there is no model selection or variable selection. For many estimators,
the degrees of freedom is not known if model selection is used. A d for PI
(2.14) is often obtained by plugging in the degrees of freedom formula as if
model selection did not occur. Then the resulting d is rarely an actual degrees
of freedom. As an example, if Y = H,Y, then often df = trace(H ) if X is
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selected before examining the data. If model selection is used to pick 5\, then
d = trace(H ) is not the model degrees of freedom.

Sparse Models:

For multiple linear regression with p > n, results from Hastie et al. (2015,
pp. 20, 296, ch. 6, ch. 11) and Luo and Chen (2013) suggest that lasso,
lasso variable selection, and forward selection with EBIC can perform well
for sparse models. Least angle regression, elastic net, and elastic net variable
selection can also be useful.

Suppose the selected model is Iy, and B;, is aqg x 1. For multiple linear
regression, forward selection with Cp, and AIC often gives useful results if
n > bp and if the final model I has n > 10aq. For p < n < 5p, forward
selection with €}, and AIC tends to pick the full model (which overfits since
n < 5p) too often, especially if 62 = MSE. The Hurvich and Tsai (1989)
AIC¢ criterion can be useful for MLR, if n > max(2p, 10ay). If n > 5p, AIC
and BIC are useful for many regression models, and forward selection with
EBIC can be used for some models if n/p is small. See Chen and Chen (2008).

2.20 Problems

2.1. For ridge regression, suppose V' = P,'. Show that if p/n and A\/n =
A1.n/n are both small, then

. . Ao
Nr = NoLs — EVT'OLS'

2.2. Consider choosing 7 to minimize the criterion

1 Ain o,
Qm) = —(Z-Wn)'(Z-Wn)+ =23 |nif
=1

where Aj ,, > 0,a > 0, and j > 0 are known constants. Consider the regression
methods OLS, forward selection, lasso, PLS, PCR, ridge regression, and lasso
variable selection.

a) Which method corresponds to j = 17

b) Which method corresponds to j = 27

¢) Which method corresponds to Ay, = 07

2.3. a) For ridge regression, let A, = (XX + X1 ,I,) ' XT X and B,, =
I, — Mo (XTX + A\ I,)" Y. Show A, — B, = 0.

b) For ridge regression, let A,, = (WTW—l-)\l,nIp,l)*lWTW and B,, =
Iy 1 — MWW A I, 1)7"]. Show A,, — B,, = 0.
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2.4. Suppose Y = HY where H is an n x n hat matrix. Then the de-
grees of freedom df(Y) = tr(H) = sum of the diagonal elements of H. An
estimator with low degrees of freedom is inflexible while an estimator with
high degrees of freedom is flexible. If the degrees of freedom is too low, the
estimator tends to underfit while if the degrees of freedom is to high, the
estimator tends to overfit.

a) Find df(Y) if Y = Y1 which uses H = (h;;) where h;; = 1/n for all
i and j. This inflexible estimator uses the sample mean Y of the response
variable as Y; for i = 1,...,n.

b) Find df(Y) if Y =Y = I,,Y which uses H = I, where hy; = 1. This
bad flexible estimator interpolates the response variable.

2.5. Suppose Y = XPB +e, Z = Wn +e, Z = Wn,Z=Y -Y, and
Y = Z+ Y Let the n x p matrix W1 = [1 W] and the p x 1 vector
7, = (Y #7)T where the scalar Y is the sample mean of the response
variable. Show Y = Win;,.

2.6.Let Z=Y —Y where Y = Y1, and the n x (p — 1) matrix of stan-
dardized nontrivial predictors G = (Gj;). For j =1,...,p— 1, let G;; denote
the (j + 1)th variable standardized so that ;" | G =0 and Y 7' GF; = 1.
Note that the sample correlation matrix of the nontrivial predictors w; is
Ry = G G. Then regression through the origin is used for the model

Z=Gn+e (2.59)

where the vector of fitted values Y = ¥ +Z. The standardization differs from
that used for earlier regression models since Y1 | GF; =1#n=Y"" | W
Note that 1
G=—=W.
vn
Following Zou and Hastie (2005), the naive elastic net 1 estimator is the
minimizer of

Qn(n) = RSS(n) + Xs|nll3 + Atllnlh (2.60)
where A7 > 0. The term “naive” is used because the elastic net estimator
is better. Let 7 = A2 = i and n4 = /1 + A5 7. Let the

N T T
(n+p—1)x(p—1) augmented matrix G 4 and the (n+p—1) x 1 augmented
response vector Z 4 be defined by

G Z
Ga=( sy, ) ma z2a= (7).

where 0 is the (p—1) x 1 zero vector. Let 74 = 1/1 + Aj 7 be obtained from
the lasso of Z 4 on G 4: that is 1), minimizes
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Qnma) =124~ Ganall +lnall = Qn(n).

Prove Qn(n4) = Qn(n).
(Then

1
Ny = ———n,4 and 7] =1+ Xs7,=00+ )Ny
NN mnf& NeEN 2 Ma ( 2)7’N

The above elastic net estimator minimizes the criterion

)\*
=—_—-2z7'Gc 2 5+ A
T n+ 1+A;Hnl\rfr il

and hence is not the elastic net estimator corresponding to Equation (3.22).)

2.7. Let 8= (64, Bg)T. Consider choosing 3 to minimize the criterion

Q(B) = RSS(B) + M|Bsll3 + A=211Bs]1

where \; > 0 fori =1, 2.

a) Which values of A\; and Ay correspond to ridge regression?

b) Which values of A\; and A2 correspond to lasso?

¢) Which values of A; and A2 correspond to elastic net?

d) Which values of A\; and A2 correspond to the OLS full model?

2.8. For the output below, an asterisk means the variable is in the model.
All models have a constant, so model 1 contains a constant and mmen.

a) List the variables, including a constant, that models 2, 3, and 4 contain.

b) The term out$cp lists the C) criterion. Which model (1, 2, 3, or 4) is
the minimum C), model ;7

c) Suppose B = (241.5445,1.001)". What is 3, = o7

Selection Algorithm: forward #output for Problem 3.8
pop mmen mmilmen milwmn

1 (1) momomgm owow wom
2 (1 ) ™omomxm My "
3 (1 ) "x" oMx" Wy non
4 (1) "xnm omgn ongn L
out$cp

[1] -0.8268967 1.0151462 3.0029429 5.0000000

2.9. Tremearne (1911) presents a data set of about 17 measurements on
112 people of Hausa nationality. We used Y = height. Along with a constant
x;,1 = 1, the five additional predictor variables used were x; o = height when
sitting, x; 3 = height when kneeling, x; 4 = head length, x; 5 = nasal breadth,
and x; 6 = span (perhaps from left hand to right hand). The output below is
for the OLS full model.
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Estimate Std.Err 95% shorth CI
Intercept -77.0042 65.2956 [-208.864,55.051]

[
X2 0.0156 0.0992 [-0.177, 0.217]
X3 1.1553 0.0832 [ 0.983, 1.312]
X4 0.2186 0.3180 [-0.378, 0.805]
X5 0.2660 0.6615 [-1.038, 1.637]
X6 0.1396 0.0385 [0.0575, 0.217]

a) Give the shorth 95% CI for (5.

b) Compute the standard 95% CI for f3s.

¢) Which variables, if any, are needed in the MLR model given that the
other variables are in the model?

Now we use forward selection and Iy, is the minimum C}, model.

Estimate Std.Err 95% shorth CI
Intercept -42.4846 51.2863 [-192.281, 52.492

[ ]

X2 0 [ 0.000, 0.268]
X3 1.1707 0.0598 [ 0.992, 1.289]
X4 0 [ 0.000, 0.840]
X5 0 [ 0.000, 1.916]
X6 0.1467 0.0368 [ 0.0747, 0.215]

(Intercept) a b c d e
1 TRUE FALSE TRUE FALSE FALSE FALSE
2 TRUE FALSE TRUE FALSE FALSE TRUE
3 TRUE FALSE TRUE TRUE FALSE TRUE
4 TRUE FALSE TRUE TRUE TRUE TRUE
5 TRUE TRUE TRUE TRUE TRUE TRUE
> tem2S$cp
[1] 14.389492 0.792566 2.189839 4.024738 6.000000

1
d) What is the value of Cp(Imin) and what is Blmm,o?
e) Which variables, if any, are needed in the MLR model given that the
other variables are in the model?
f) List the variables, including a constant, that model 3 contains.

2.10. Table 2.7 below shows simulation results for bootstrapping OLS (reg)
and forward selection (vs) with Cj, when 8 = (1,1,0,0,0)”. The ; columns
give coverage = the proportion of Cls that contained (; and the average
length of the CI. The test is for Hy : (33, 34, 35) = 0 and Hj is true. The
“coverage” is the proportion of times the prediction region method bootstrap
test failed to reject Hy. Since 1000 runs were used, a cov in [0.93,0.97] is
reasonable for a nominal value of 0.95. Output is given for three different
error distributions. If the coverage for both methods > 0.93, the method
with the shorter average CI length was more precise. (If one method had
coverage > 0.93 and the other had coverage < 0.93, we will say the method
with coverage > 0.93 was more precise.)



180 2 Multiple Linear Regression

a) For (3, B4, and G5, which method, forward selection or the OLS full
model, was more precise?

Table 2.8 Bootstrapping Forward Selection, n = 100,p = 5,% = 0, B = 1000

Br B2 Bs  PBa  Bs test
reg cov[0.95 0.93 0.93 0.93 0.94 0.93
len [0.658 0.672 0.673 0.674 0.674 2.861
vs cov|0.95 0.94 0.998 0.998 0.999 0.993
len [0.661 0.679 0.546 0.548 0.544 3.11
reg cov[0.96 0.93 0.94 0.96 0.93 0.94
len [0.229 0.230 0.229 0.231 0.230 2.787
vs cov|0.95 0.94 0.999 0.997 0.999 0.995
len [0.228 0.229 0.185 0.187 0.186 3.056
reg cov|0.94 0.94 0.95 0.94 0.94 0.93
len|0.393 0.398 0.399 0.399 0.398 2.839
vs cov|0.94 0.95 0.997 0.997 0.996 0.990
len (0.392 0.400 0.320 0.322 0.321 3.077

b) The test “length” is the average length of the interval [0, D(y,)] = D)
where the test fails to reject Hg if Dg < D(yy). The OLS full model is
asymptotically normal, and hence for large enough n and B the reg len row

for the test column should be near y/x3 .95 = 2.795.
Were the three values in the test column for reg within 0.1 of 2.7957

2.11. Suppose the MLR model Y = X3 + e, and the regression method
fits Z = Wn + e. Suppose Z =245.63 and Y = 105.37. What is Y'?

2.12. To get a large sample 90% PI for a future value Y of the response
variable, find a large sample 90% PI for a future residual and add Yj to the
endpoints of the of that PI. Suppose forward selection is used and the large
sample 90% PI for a future residual is [—778.28, 1336.44]. What is the large
sample 90% PI for Yy if Blmm = (241.545,1.001)T used a constant and the
predictor mmen with corresponding 7., r = (1,75000)7?

2.13. Table 2.8 below shows simulation results for bootstrapping OLS
(reg), lasso, and ridge regression (RR) with 10-fold CV when 3 = (1,1,0,0)7.
The (; columns give coverage = the proportion of Cls that contained §; and
the average length of the CI. The test is for Hy : (f3,04)7 = 0 and Hy is
true. The “coverage” is the proportion of times the prediction region method
bootstrap test failed to reject Hy. OLS used 1000 runs while 100 runs were
used for lasso and ridge regression. Since 100 runs were used, a cov in [0.89,
1] is reasonable for a nominal value of 0.95. If the coverage for both methods
> 0.89, the method with the shorter average CI length was more precise.
(If one method had coverage > 0.89 and the other had coverage < 0.89, we
will say the method with coverage > 0.89 was more precise.) The results
for the lasso test were omitted since sometimes S was singular. (Lengths
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for the test column are not comparable unless the statistics have the same
asymptotic distribution.)

Table 2.9 Bootstrapping lasso and RR, n = 100,% = 0.9,p =4, B = 250

Br B2 Bs P4 test
reg cov|0.942 0.951 0.949 0.943 0.943
len|0.658 5.447 5.444 5.438 2.490
RR cov|0.97 0.02 0.11 0.10 0.05
len|0.681 0.329 0.334 0.334 2.546
reg cov|0.947 0.955 0.950 0.951 0.952
len|0.658 5.511 5.497 5.500 2.491
lasso cov[0.93 0.91 0.92 0.99
len|0.698 3.765 3.922 3.803

a) For 85 and (4 which method, ridge regression or the OLS full model,
was better?

b) For 85 and 4 which method, lasso or the OLS full model, was more
precise?

2.14. Suppose n = 15 and 5-fold CV is used. Suppose observations are
measured for the following people. Use the output below to determine which
people are in the first fold.

folds: 4 3 4 2 1 4 3 5 2 2 3 1 5 5 1

1) Athapattu, 2) Azizi, 3) Cralley 4) Gallage, 5) Godbold, 6) Gunawar-
dana, 7) Houmadi, 8) Mahappu, 9) Pathiravasan, 10) Rajapaksha, 11)
Ranaweera, 12) Safari, 13) Senarathna, 14) Thakur, 15) Ziedzor

2.15. Table 2.9 below shows simulation results for a large sample 95% pre-
diction interval. Since 5000 runs were used, a cov in [0.94, 0.96] is reasonable
for a nominal value of 0.95. If the coverage for a method > 0.94, the method
with the shorter average PI length was more precise. Ignore methods with
cov < 0.94. The MLR model had 8 = (1,1,...,1,0,...,0)T where the first
k +1 coefficients were equal to 1. If b = 0 then the nontrivial predictors were
uncorrelated, but highly correlated if 1 = 0.9.

Table 2.10 Simulated Large Sample 95% PI Coverages and Lengths, e; ~ N(0,1)

n p ¥ k FS lasso RL RR PLS PCR
100 40 0 1 cov 0.9654 0.9774 0.9588 0.9274 0.8810 0.9882
len 4.4294 4.8889 4.6226 4.4291 4.0202 7.3393

400 400 0.9 19 cov 0.9348 0.9636 0.9556 0.9632 0.9462 0.9478
len 4.3687 47.361 4.8530 48.021 4.2914 4.4764

a) Which method was most precise, given cov > 0.94, when n = 1007
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b) Which method was most precise, given cov > 0.94, when n = 4007

2.16. When doing a PI or CI simulation for a nominal 100(1 —6)% = 95%
interval, there are m runs. For each run, a data set and interval are generated,
and for the ith run Y; = 1 if pt or Yy is in the interval, and Y; = 0, otherwise.
Hence the Y; are iid Bernoulli(1 — ¢,,) random variables where 1 — §,, is
the true probability (true coverage) that the interval will contain p or Y.
The observed coverage (= coverage) in the simulation is Y = >, Y;/m. The
variance V(Y) = ¢2/m where 02 = (1 — 6,)d, ~ (1 — §)§ ~ (0.95)0.05 if

On ~ 6 = 0.05. Hence
SD(Y) ~ /0.95(0.05)'
m

If the (observed) coverage is within 0.95 + kSD(Y) the integer k is near 3,
then there is no reason to doubt that the actual coverage 1 — 9,, differs from
the nominal coverage 1 —¢ = 0.95 if m > 1000 (and as a crude benchmark, for
m > 100). In the simulation, the length of each interval is computed, and the
average length is computed. For intervals with coverage > 0.95 — kSD(Y),
intervals with shorter average length are better (have more precision).

a) If m = 5000 what is 3 SD(Y), using the above approximation? Your
answer should be close to 0.01.

b) If m = 1000 what is 3 SD(Y’), using the above approximation?

R Problem

Use the command source( “G:/slpack.tzt”) to download the func-
tions and the command source(“G:/sldata.tzt”) to download the data.
See Preface or Section 11.1. Typing the name of the slpack function,
e.g. vshootsim3, will display the code for the function. Use the args com-
mand, e.g. args(vsbootsim3), to display the needed arguments for the function.
For the following problem, the R command can be copied and pasted from
(http://parker.ad.siu.edu/Olive/slrhw.txt) into R.

2.17. The R program generates data satisfying the MLR model
Y = 1+ Bozo + B3xs + Paza te

where /B = (61, 62, 63, 64)T = (1, 1, O, O)

a) Copy and paste the commands for this part into R. The output gives
Bors for the OLS full model. Give Bp 1. Is Bors close to 3 =1,1,0,0)T?

b) The commands for this part bootstrap the OLS full model using the
residual bootstrap. Copy and paste the output into Word. The output shows
T: =3, for j =1,...,5.

¢) B =1000 T'; were generated. The commands for this part compute the
sample mean T" of the T’7. Copy and paste the output into Word. Is T" close

to BOLS found in a)?
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d) The commands for this part bootstrap the forward selection using the
residual bootstrap. Copy and paste the output into Word. The output shows
Ty = B;mm,O,j for 5 =1,...,5. The last two variables may have a few Os.

e) B =1000 T'; were generated. The commands for this part compute the
sample mean T" of the T} where T} is as in d). Copy and paste the output
into Word. Is T close to 3 = (1,1,0,0)?

2.18. This simulation is similar to that used to form Table 2.2, but 1000
runs are used so coverage in [0.93,0.97] suggests that the actual coverage is
close to the nominal coverage of 0.95.

The model is Y = 78 + e = L B¢ + e where B¢ = (61, B2, ..., Bet1)T =
(B1,82)T and k = 1 is the number of active nontrivial predictors in the popu-
lation model. The output for test tests Ho : (Bk+2, -, Bp)T = (B3, .., Bp)T =0
and Hj is true. The output gives the proportion of times the prediction region
method bootstrap test fails to reject Hy. The nominal proportion is 0.95.

After getting your output, make a table similar to Table 2.2 with 4 lines.
If your p = 5 then you need to add a column for (5. Two lines are for reg
(the OLS full model) and two lines are for vs (forward selection with Ipy).
The f; columns give the coverage and lengths of the 95% ClIs for g;. If the
coverage > 0.93, then the shorter CI length is more precise. Were the Cls
for forward selection more precise than the CIs for the OLS full model for 33
and (47

To get the output, copy and paste the source commands from
(http://parker.ad.siu.edu/Olive/slrhw.txt) into R. Copy and past the library
command for this problem into R.

If you are person j then copy and paste the R code for person j for this
problem into R.

2.19. This problem is like Problem 3.19, but ridge regression is used in-
stead of forward selection. This simulation is similar to that used to form
Table 2.2, but 100 runs are used so coverage in [0.89,1.0] suggests that the
actual coverage is close to the nominal coverage of 0.95.

The model is Y = 78 + e = L B + e where By = (61, B2, ..., Bet1)T =
(B1,82)T and k = 1 is the number of active nontrivial predictors in the popu-
lation model. The output for test tests Ho : (Bk+2, -, Bp)T = (B3, .., Bp)T =0
and Hj is true. The output gives the proportion of times the prediction region
method bootstrap test fails to reject Hy. The nominal proportion is 0.95.

After getting your output, make a table similar to Table 2.2 with 4 lines.
If your p = 5 then you need to add a column for (5. Two lines are for reg
(the OLS full model) and two lines are for ridge regression (with 10 fold CV).
The f; columns give the coverage and lengths of the 95% ClIs for §;. If the
coverage > 0.89, then the shorter CI length is more precise. Were the Cls for
ridge regression more precise than the Cls for the OLS full model for 83 and

Ba?
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To get the output, copy and paste the source commands from
(http://parker.ad.siu.edu/Olive/slrhw.txt) into R. Copy and past the library
command for this problem into R.

If you are person j then copy and paste the R code for person j for this
problem into R.

2.20. This is like Problem 2.19, except lasso is used. If you are person j in
Problem 2.19, then copy and paste the R code for person j for this problem
into R. Make a table with 4 lines: two for OLS and 2 for lasso. Were the Cls
for lasso more precise than the Cls for the OLS full model for 83 and (47



Chapter 3
MLR with Heterogeneity

A multiple linear regression model with heterogeneity is
Yi=01+@iof2+ -+ Tipfp +e (3.1)

for i = 1,...,n where the e; are independent with E(e;) = 0 and V(e;) = o2.
In matrix form, this model is

Y = X3 +e,

where Y is an n x 1 vector of dependent variables, X is an n X p matrix
of predictors, B is a p x 1 vector of unknown coefficients, and e is an n x 1
vector of unknown errors. Also E(e) = 0 and Cov(e) = Xe = diag(c?) =
diag(c?,...,02%) is an n x n positive definite matrix. In chapters 2 and 3, the
constant variance assumption was used: o7 = o2 for all i. Hence heterogene-
ity means that the constant variance assumption does not hold. A common
assumption is that the e; = o;¢; where the ¢; are independent and identically
distributed (iid) with V(e;) = 1.

Weighted least squares (WLS) would be useful if the 02 were known. Since
the 0? are not known, ordinary least squares (OLS) is often used, but the
large sample theory differs from that given in Chapter 2.

3.1 OLS Large Sample Theory

The OLS theory for MLR with heterogeneity often assume iid cases. For
the following theorem, see Romano and Wolf (2017), Freedman (1981), and
White (1980).

Theorem 3.1. Assume Y; = 73 + ¢; for i = 1,...,n where the cases
(V;,2l)T are iid with “fourth moments,” Y = X3 + e, the ¢; = e;(x;)
are independent, Ele;lx;] = 0, V7' = Elxx!|, Ele?|zi] = v(zi) = o2,

Covle| X] = diag(v(z1),...,v(x,)) and 2 = Ev(x;)z;xl] = Ele2z;xl].

%

185
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Then . b
Vn(Bors — B) = Np(0, VRV). (3.2)

Remark 3.1. a) White (1980) showed that the iid cases assumption can
be weakened. Assume the cases are independent,

1 — P o,
":_E E[z;xT 1
\% P [c;x; ] =V,
and
171
Qn:—E:E 2exl] S 0
niZI [elmml]—>
Then

P D
Vi(Bors — B) = Np(0,VQV).
b) Under the assumptions of Theorem 3.1,

R 1 ¢ T P yr—1
~X'X = E;mm SV
Let D = diag(o?,...,02) = ¥e and D = diag(r?, ...,72) where 72 is the
ith residual from OLS regression of Y on X. Then D is not a consistent
estimator of D. The following theorem, due to White (1980), shows that
D can be used to get a consistent estimator of £2. This result leads to the
sandwich estimators given in the following section.

Theorem 3.2. Under strong regularity conditions,
1 . 1
—~(X"DXx)L 2 and ~(X"DX) 5 0.
n n

Hence .
nXTX) U XTDX)(XTX)' B vav.

3.2 Bootstrap Methods and Sandwich Estimators

Under regularity conditions, the OLS estimator B = BO g = (X Tx)y1xTy
can be shown to be a consistent estimator of @ with E(B) = B and
Cov(B) = (XTX) ' XTXeX(XTX) . See, for example, White (1980).
Assume nCov(3) — V2V as n — oo. Assume X7 X/n — V! and
XTxeX /n — 2 where convergence in probability is used if the x; are
random vectors. See Theorem 3.2. We assume that a constant 3; correspond-
ing to x1 =1 is in the model so that the OLS residuals sum to 0.
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A sandwich estimator is Cov(B;5) = (X7 X) ' X" DX (X" X)~. Of-
ten D is not a consistent estimator of D = Xe, but often XTbX/n L0

under regularity conditions. For the wild bootstrap, we will use bm{ =
n diag(r?,...,r2)/(n — p) where the r; are the OLS residuals. Often D =

Y n.
diag(d?r?), where Dy uses d? = n/(n — p).
The nonparametric bootstrap = pairs bootstrap samples the cases (Y, x;)

with replacement, and uses
Y* — X*B + e*

with e* = r* where (Y, x;, r;) are selected with replacement to form Y*, X™,
and 7*. Then 8 = (X*7X*)"'X*TYy* = B+ (X*TX*)"1x*Tr* = B +
b* is obtained from the OLS regression of Y™ on X*. Thus E(B*) =B+
B(X*TX*)'X*Tr*] = B + b where the expectation is with respect to
the bootstrap distribution and the bias vector b = E(b"). Freedman (1981)
showed that the nonparametric bootstrap can be useful for model (3.1) with
the e; independent, suggesting that b* = 0,(n~/2) or b* = O,(n~'/?). With
respect to the bootstrap distribution, COV(B*) = Cov[(X* T X*) 1 X*Tp*] =
E[(X*TX*) 1 X* T T X*(X*T X*)~'] — bb". This result suggests that
COV(B*) is estimating the sandwich estimator

(X"X) ' XTerTX(XTX) T
which replaces diag(r?) by rrT. Also, with respect to the bootstrap distri-
bution, the cases (Y;*, z;T)T are iid with V(e}) = V(r}) depending on x}.

A version of the wild bootstrap uses

Y =XB+e*

with el = W;¢,r; where P(W; = £1) = 0.5, E(W;) =0, V(W;) =1l and ¢, =
/n/(n —p). Note that W; = 2Z; — 1 where Z; ~ binomial(m = 1,p = 0.5) ~
Bernoulli(p = 0.5). See Flachaire (2005). With respect to the bootstrap dis-
tribution, the ¢,r; are constants, and the e} are independent with E(ef) =
E(W)cnrl =0,and V(ef) = E( *2) = (W2)c r? = cr? Thus E(e ) 0
and Cov(e*) = Dyw. Then 8 = (X7X)~ XTy" with E(8") = B and
Cov(B") = Cov(ByLs) = (XTX)*lXTf)WX(XTX)*l, a sandwich esti-
mator. Note that Cov(8 ) = Cov(8)+(XT X)' X7 [Dw —Xe] X (X7 X)?
The following method is due to Rajapaksha and Olive (2022). For the OLS
model of chapter 2, V(e;) = V(Yi|ccl-) =V(Yi|lzIB) = 0. Hence Y; = Y;|x; =
Yi|xl'B = :cT,B—l-el with V(e;) = 0. For model (3.1), Y; = Y;|x; = :cTB—l-el
with V(e;) = o2, while Y; = Y|ccT,8 =z B + ¢ with V(el) = 72. The 7
can be estimated as follows. Make the residual plot of Y; = :cl,B Versus 7;
on the vertical axis. Divide the ordered :clTB into my slices each containing
approximately n/m; cases, and find the variance of the residuals vJ2- in the
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jthslice for j =1, ..., m,. Then 77 = nv} /(n—p) if case 7 is in the jth slice. If
the x; are bounded, the maximum slice width — 0, if V (V|2 3) is smooth,
and the number of cases in each slice — 0o as n — oo, then 72 is a consistent
estimator of 7. This method acts as if the variance 77 is constant within

each slice j, and replaces Dy = n diag(r2, ...,r2)/(n—p) by diag(7Z, ..., 72),
a smoothed version of Dyy. Another option would use a scatterplot smoother
in a plot of Y; vs. 2.

The parametric bootstrap does not assume that the e; are normal, but
uses

Y =XB+e"
where the ef ~ N(0,#2) are independent. Hence 8 = (X7 X)1XTY* ~

N (B, (XTX)1XT diag(72,...,72) X(XTX)™1].

3.3 Simulations

Next, we describe a small simulation study that was done using B =
max (200, 50p) and 5000 runs. The simulation is similar to that for the full
OLS model done by Pelawa Watagoda and Olive (2021). The simulation used
p=4,6,7,8, and 10; n = 25p and 50p; ¢ = 0,1/,/p, and 0.9; and k = 1 and
p — 2 where k and 1) are defined in the following paragraph.

Let z = (1 u”)T where w is the (p — 1) x 1 vector of nontrivial predictors.
In the simulations, for ¢ = 1, ..., n, we generated w; ~ N,_1(0, I) where the
m = p — 1 elements of the vector w; are iid N(0,1). Let the m x m matrix
A = (a;;) with a;; = 1 and a,;; = ¢ where 0 < ¢ < 1 for i # j. Then the
vector w; = Aw; so that Cov(u;) = Xy = AAT = (0i5) where the diagonal
entries 0;; = [1+(m—1)1?] and the off diagonal entries o;; = [2¢+(m—2)y?].
Hence the correlations are cor(z;,z;) = p = (2 + (m — 2)9?)/(1 + (m —
1)4?) for i # j where z; and x; are nontrivial predictors. If ¢ = 1/,/cp,
then p — 1/(c+ 1) as p — oo where ¢ > 0. As ¢ gets close to 1, the
predictor vectors cluster about the line in the direction of (1,...,1)T. Let
Y, =1+1x;0+ -+ 1z 441 +e; fori=1,...,n. Hence 8 = (1,..,1,0,...,0)T
with k 4+ 1 ones and p — k — 1 zeros.

The zero mean iid errors ¢; were iid from five distributions: i) N(0,1), ii)
ts, iii) EXP(1) - 1, iv) uniform(—1,1), and v) 0.9 N(0,1) + 0.1 N(0,100).
Only distribution iii) is not symmetric. Then wtype = 1 if e; = ¢; (the WLS
model is the OLS model), 2 if e; = |7 B — 5|e;, 3 if e; = /(1 + 0.52%)e;, 4
log(lspl)]ei, 6 if € = [exp([log(izial) + -+ log(lip)]/(p — D)eis 7 if €5 =
[[log(|zi2]) + ... +log(|xip|)]/(p — 1)]€;, The last four types were special cases
of types suggested by Romano and Wolf (2017). For type 6, the weighting
function is the geometric mean of |z;q/, ..., |ip|.
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When ¢ = 0 and wtype = 1, the full model least squares confidence inter-
vals for 3; should have length near 2tgg,0.9750/v/n = 2(1.96)0/10 = 0.3920
when n = 100 and the iid zero mean errors have variance 2. The simula-
tion computed the Frey shorth(c) interval for each ; and used bootstrap
confidence regions to test Hy : B¢ = 1 (whether first £+ 1 8; = 1) and
Hy : B = 0 (whether the last p — k — 1 ; = 0). The nominal coverage
was 0.95 with § = 0.05. Observed coverage between 0.94 and 0.96 suggests
coverage is close to the nominal value.

Table 3.1 shows two rows for each model giving the observed confidence
interval coverages and average lengths of the confidence intervals. The terms
“npar”, “wild”, and “par” are for the nonparametric, wild and parametric
bootstrap. The last six columns give results for the tests. The terms pr, hyb,
and br are for the prediction region method, hybrid region, and Bickel and
Ren region. The 0 indicates the test was Hy : B = 0, while the 1 indicates
that the test was Hy : Bg = 1. The length and coverage = P(fail to reject
Hy) for the interval [0, D(y,)] or [0, Dy, )] where D(y,) or Dy 1y is the

cutoff for the confidence region. The cutoff will often be near ,/ X;o.% if the

statistic T' is asymptotically normal. Note that WX%,O.% = 2.448 is close to
2.45 for the full model regression bootstrap tests.

Table 3.1 Bootstrapping WLS, wtype = 1, etype= N(0,1)

P 61 B2 PBp—1 Bp pr0 hyb0 brO0 prl hybl brl
npar,0 0.946 0.950 0.947 0.948 0.940 0.941 0.941 0.937 0.936 0.937
len  0.396 0.399 0.399 0.398 2.451 2.451 2.452 2.450 2.450 2.451
wild,0 0.948 0.950 0.997 0.996 0.991 0.979 0.991 0.938 0.939 0.940
len  0.395 0.398 0.323 0.323 2.699 2.699 3.002 2.450 2.450 2.457
par,0 0.946 0.944 0.946 0.945 0.938 0.938 0.938 0.934 0.936 0.936
len  0.396 0.661 0.661 0.661 2.451 2.451 2.452 2.451 2.451 2.452
npar,0.5 0.947 0.968 0.997 0.998 0.993 0.984 0.993 0.955 0.955 0.963
len  0.395 0.658 0.537 0.539 2.703 2.703 2.994 2.461 2.461 2.577
wild,0.9 0.946 0.941 0.944 0.950 0.940 0.940 0.940 0.935 0.935 0.935
len  0.396 3.257 3.253 3.259 2.451 2.451 2.452 2.451 2.451 2.452
par,0.9 0.947 0.968 0.994 0.996 0.992 0.981 0.992 0.962 0.959 0.970
len 0.395 2.751 2.725 2.735 2.716 2.716 2.971 2.497 2.497 2.599

Simulations in Rajapaksha (2021) suggest that the nonparametric boot-
strap works better than the other methods used in Section 3.3.
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3.4 OPLS in Low and High Dimensions

Under iid cases, OPLS theory does not depend on whether the error variance
is constant or not. Hence the Olive and Zhang (2024) OPLS theory still
applies. See Olive et al. (2024).

3.5 Summary

3.6 Complements

There is a large literature on regression with heterogeneity and sandwich
estimators. See, for example, Buja et al. (2019), Eicker (1963, 1967), Hinkley
(1977), Huber (1967), Long and Ervin (2000), MacKinnon and White (1985),
Pétscher and Preinerstorfer (2022), White (1980), and Wu (1986). For more
on the wild bootstrap, see Mammen (1992, 1993) and Wu (1986). Flachaire
(2005) compares the wild and nonparametric bootstrap. Feasible weighted
least squares estimates o2 or v(x;), and is a competitor for OLS. See Romano
and Wolf (2017).

Wagener and Dette (2012) give large sample theory for lasso under het-
eroscedasticity (heterogeneity). Also see Das and Lahiri (2019).

3.7 Problems

PROBLEMS WITH AN ASTERISK * ARE ESPECIALLY USE-
FUL.

3.1.



Chapter 4
Binary Regression

4.1 Introduction

This section reviews binary regression models, including variable selection
and data splitting. Consider a binary regression model with binary response
variable Y € {0, 1} and predictors @ = (1, ..., zp). Then there are n cases
(Y;, )T, and the sufficient predictor SP = o + 3. For the binary re-
gression models, the conditioning and subscripts, such as i, will often be
suppressed. A binary regression model is Y = Y|SP ~ binomial(1, p(SP))
where p(SP) = P(Y = 1|SP). There are many binary regression models,
including binary logistic regression, binary probit regression, and support
vector machines (with Z; = 2Y; — 1). See Hosmer and Lemeshow (2000) and
James et al. (2021). The binary logistic regression model has

eSP

PSP) = 5P

Variable selection estimators include forward selection or backward elim-
ination when n > 10p. When n/p is not large, sparse regression methods
such as forward selection, lasso, and the elastic net can be useful: the binary
logistic regression submodel uses the predictors that had nonzero sparse re-
gression estimated coefficients. See Friedman et al. (2007), Friedman, Hastie,
and Tibshirani (2010), and Zou and Hastie (2005).

The marginal maximum likelihood estimator (MMLE) is due to Fan and
Lv (2008) and Fan and Song (2010). This estimator computes the marginal
regression, such as the binary logistic regression, of ¥ on z; resulting in the
estimator (& ar, Bim) for i =1, ..., p. Then Byrarre = Bims s Bo) T

Another binary regression model is the discriminant function model. See
Hosmer and Lemeshow (2000, pp. 43-44). Assume that 7; = P(Y = j)
and that z|Y = j ~ Np(p;, Xpoor) for j = 0,1. That is, the conditional
distribution of x given Y = j follows a multivariate normal distribution with
mean vector p; and covariance matrix 3,,, which does not depend on j.

191
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Notice that Xp.0r = Cov(x|Y) # Cov(x). Then as for the binary logistic
regression model,

XPl& T
P =1le) = p(@) = J —el-fx(p(;_f,ﬁc?m) '

Under the conditions above, the discriminant function parameters are given
by

B =Bpr= Z;oloz (B1 — 1) (4.1)

1 _
and « = log (W—()) —0.5(py — uO)TZ‘polol (pq + pg)-

Under the above conditions (multivariate normality with the same covariance
matrix but possibly different means), the population quantity estimated by
the discriminant function model is the same as that estimated by logistic
regression: B = Bpp = B p- In general, the above conditions fail to hold,
and 8 = Bpp # Brr-

To compare the OLS estimator with binary regression estimators such
as binary logistic regression, Olive (2017a, pp. 396-397) gave the following
derivation. Let m; = P(Y = j) for j = 0, 1. Let p; = E(z|Y = j) for j = 0, 1.
Let N; be the number of Ys that are equal to ¢ for ¢ = 0,1. Then

for i = 0,1 while #; = N;/n and ##; = 1 — 7. Hence f1; = T; is the sample
mean of the xj corresponding to Y, = j for j = 0, 1. Then

- 1 & —
Yy =— WY —TY.
oy nzm T

=1

< 1
Th = — : : — T T =
us ZCEY 0 E CEJ(l) + E Ty (0) T T
jiY;=1 j:Y;=0
1

n

. 1 N N A .
(Nifay) — ;(Nllh + Nofrg)ftr = T1fag — 7

T1(1 = 1) fuy — Tafofby = Fafo(fey — fo)-

This result means

n=Xgy =mmo(p, — K), (4.2)

and ¢ = p; — py are quantities of interest for binary regression. Note that
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1 _ 1 _
IBDF = —Zpololzmvy =—X b

1
w170 170 pOOlszmlzm’Y - FWOZP‘}OZZCCBOLS'
Let B8 = An = v¢. To compute A or (25, plug in f;T:c or (EBT:C into a binary re-
gression program such as logistic regression, probit regression, support vector
machines (with Z; = 2Y; — 1), et cetera. Then B = 5\17 or 3= ‘y(i& This pro-
cedure is very similar to the one component partial least squares estimator
for multiple linear regression. See Olive and Zhang (2024).

4.2 Testing

See Olive (2023f).

4.3 The Multitude of Models

The following theorem is from Olive and Zhang (2024).

Theorem 4.1. Suppose the cases (V;, 1) are iid from some distribution.
If the response Y is binary, then Y|(ao + B4) ~ binomial(m = 1, p(ao +
Box)) where E[Y|(ao + B6x)] = plao + Box) = PIY = 1|(ao + BHx)].
Hence every linear combination of the predictors satisfies a binary regression
model.

Proof. E[Y|(ao + B5x)] =
0P[Y = 0|(ao + B5a)] + 1PY = 1|(a0 + B852)] = P[Y = 1|(ao + B5a)] =
plao + Box). O

4.4 Summary

4.5 Complements

Binary regression is closely related to two sample tests. Note that ) = fi; — fiy
can use other multivariate location estimators than sample means. For exam-
ple, sample coordinatewise medians, sample coordinatewise trimmed means,
and the Olive (2017b) Trav N estimator have large sample theory given by
Rupasinghe Arachchige Don and Olive (2019) and Rupasinghe Arachchige
Don and Pelawa Watagoda (2018).

Some papers on binary regression include Cai, Guo, and Ma (2021), Candeés
and Sur (2020), Mukherjee, Pillai, and Lin (2015), Sur and Candes (2019),
Sur, Chen, and Candes (2019), and Tang and Ye (2020). Empirically, often
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Brr ~ d Borg. Haggstrom (1983) suggests that d is not far from 1/MSE for
logistic regression.

4.6 Problems



Chapter 5
Poisson Regression

5.1 Two Set Inference
5.2 Summary
5.3 Complements

5.4 Problems
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Chapter 6
Other Regression Models

6.1 Two Set Inference
6.2 Summary
6.3 Complements

6.4 Problems
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Chapter 7
One and Two Sample Tests

7.1 Two Set Inference
7.2 Summary
7.3 Complements

7.4 Problems
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Chapter 8
Classification

This chapter considers discriminant analysis: given p measurements w, we
want to correctly classify w into one of G groups or populations. The max-
imum likelihood, Bayesian, and Fisher’s discriminant rules are used to show
why methods like linear and quadratic discriminant analysis can work well
for a wide variety of group distributions.

8.1 Introduction

Definition 5.1. In supervised classification, there are G known groups and
m test cases to be classified. Each test case is assigned to exactly one group
based on its measurements w;.

Suppose there are G populations or groups or classes where G > 2. Assume
that for each population there is a probability density function (pdf) f;(2)
where z is a p x 1 vector and 7 = 1, ..., G. Hence if the random vector  comes
from population j, then @ has pdf f;(z). Assume that there is a random sam-
ple of n; cases x1 5, ..., ; for each group. Let (Z;, S;) denote the sample
mean and covariance matrix for each group. Let w; be a new px 1 (observed)
random vector from one of the G groups, but the group is unknown. Usually
there are many w;, and discriminant analysis (DA) or classification attempts
to allocate the w; to the correct groups. The wyq, ..., w,, are known as the
test data. Let 7 = the (prior) probability that a randomly selected case w;
belongs to the kth group. If ; 1..., xn ¢ are a random sample of cases from
the collection of G' populations, then 7y, = ny/n where n = Zlc:l n;. Often
the training data 1 1, ..., Tng g is not collected in this manner. Often the ny
are fixed numbers such that ny/n does not estimate 7. For example, sup-
pose G = 2 where n; = 100 and ny = 100 where patients in group 1 have a
deadly disease and patients in group 2 are healthy, but an attempt has been
made to match the sick patients with healthy patients on p variables such as
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age, weight, height, an indicator for smoker or nonsmoker, and gender. Then
using 7; = 0.5 does not make sense because 7 is much smaller than 7y. Here
the indicator variable is qualitative, so the p variables do not have a pdf.
Let W; be the random vector and w; be the observed random vector. Let
Y = j if w; comes from the jth group for j =1,...,G. Then 7; = P(Y = j)
and the posterior probability that Y = k or that w; belongs to group k is

T fre(w;)

w;) =PY =klW, =w;) = ————.
pr(wi) = P( | ) S i i (wi)

(8.1)

Definition 5.2. a) The mazimum likelihood discriminant rule allocates
case w; to group a if f,(w;) maximizes fj (w;) for j =1,...,G.
b) The Bayesian discriminant rule allocates case w; to group a if p,(w;)
maximizes R
pr(w;) = —gkﬁf(lﬁ]l)
Zj:l 7 f5(ws)

fork=1,...,G.
¢) The (population) Bayes classifier allocates case w; to group a if p,(w;)
maximizes pi(w;) for k=1,...,G.

Note that the above rules are robust to nonnormality of the G groups. Fol-
lowing James et al. (2013, pp. 38-39, 139), the Bayes classifier has the lowest
possible expected test error rate out of all classifiers using the same p predic-
tor variables w. Of course typically the m; and f; are unknown. Note that
the maximum likelihood rule and the Bayesian discriminant rule are equiva-
lent if 7; = 1/G for j = 1,...,G. If p is large, or if there is multicollinearity
among the predictors, or if some of the predictor variables are noise variables
(useless for prediction), then there is likely a subset z of d of the p variables
w such that the Bayes classifier using z has lower error rate than the Bayes
classifier using w.

Several of the discriminant rules in this chapter can be modified to in-
corporate m; and costs of correct and incorrect allocation. See Johnson and
Wichern (1988, ch. 11). We will assume that costs of correct allocation are
unknown or equal to 0, and that costs of incorrect allocation are unknown
or equal. Unless stated otherwise, assume that the probabilities 7; that w; is
in group j are unknown or equal: 7; = 1/G for j = 1, ..., G. Some rules can
handle discrete predictors.
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8.2 LDA and QDA

Often it is assumed that the G groups have the same covariance matrix Xg.
Then the pooled covariance matrix estimator is

1 G
Syt = 3l -

Jj=

(8.2)

—

where n = ZJG:

of the n; are small so that the S; are not good estimators. Let (fi;, 2J) be
the estimator of multivariate location and dispersion for the jth group, e.g.
the sample mean and sample covariance matrix (f;, 3,) = (&;,8;). Then a
pooled estimator of dispersion is

1 1. The pooled estimator Sp,, can also be useful if some

G
== GZ (kj —1)% (8.3)
j=1

where often k = Zle k; and often k; is the number of cases used to compute

5,

LDA is especially useful if the population dispersion matrices are equal:
Yij=Xforj=1,..,G. Then 210001 is an estimator of ¢X' for some constant
¢ > 0 if each Z‘j is a consistent estimator of ¢; 3 where ¢; > 0forj =1,...,G.
If LDA does not work well with predictors = (Xi,..., X}), try adding
squared terms X? and possibly two way interaction terms X; X;. If all squared
terms and two way interactions are added, LDA will often perform like QDA.

Definition 5.3. Let 210001 be a pooled estimator of dispersion. Then the
linear discriminant rule is allocate w to the group with the largest value of

lATAfl

N . ~T
dj( ) TZpoolw 2”’] Zpoolp’j :aj+16jw

where j = 1,...,G. Linear discriminant analysis (LDA) uses (fi;, 2;0001) =
(%5, Spoot )

Definition 5.4. The quadratic discriminant ruleis allocate w to the group
with the largest value of

—1

Qs(w) = S log(|55]) — w0 — )57, (w0~ sy)

where j = 1,..., G. Quadratic discriminant analysis (QDA) uses (f1;, 2J) =
(5, 5;)-
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Definition 5.5. The distance discriminant rule allocates w to the group

with the smallest squared distance D3, (ft;, 35 = (w— uj)TZ‘;l(w - fy)
where j =1,...,G.

Examining some of the rules for G = 2 and one predictor w is informative.
First, assume group 2 has a uniform(—10,10) distribution and group 1 has
a uniform(a — 1,a + 1) distribution. If @ = 0 is known, then the maximum
likelihood discriminant rule assigns w to group 1 if —1 < w < 1 and assigns
w to group 2, otherwise. This occurs since fa(w) = 1/20 for —10 < w < 10
and fa(w) = 0, otherwise, while fi(w) =1/2 for —1 <w < 1 and f;(w) =0,
otherwise. For the distance rule, the distances are basically the absolute value
of the z-score. Hence Dy (w) ~ 1.732|w — a| and Dy(w) = 0.1732|w|. If w is
from group 1, then w will not be classified very well unless |a| > 10 or if w is
very close to a. In particular, if a = 0 then expect nearly all w to be classified
to group 2 if w is used to classify the groups. On the other hand, if a = 0,
then D;(w) is small for w in group 1 but large for w in group 2. Hence using
z = Di(w) in the distance rule would result in classification with low error
rates.

Similarly if group 2 comes from a N,(0,101I,) distribution and group 1
comes from a N, (u, I,) distribution, the maximum likelihood rule will tend
to classify w in group 1 if w is close to p and to classify w in group 2
otherwise. The two misclassification error rates should both be low. For the
distance rule, the distances D; have an approximate XZ distribution if w is
from group . If covering ellipsoids from the two groups have little overlap,
then the distance rule does well. If 4 = 0, then expect nearly all of the w to be
classified to group 2 with the distance rule, but D (w) will be small for w from
group 1 and large for w from group 2, so using the single predictor z = D; (w)
in the distance rule would result in classification with low error rates. More
generally, if group 1 has a covering hyperellipsoid that has little overlap with
the observations from group 2, using the single predictor z = D;(w) in the
distance rule should result in classification with low error rates even if the
observations from group 2 do not fall in an hyperellipsoidal region.

Now suppose the G groups come from the same family of elliptically con-
toured EC(u;, Xj, g) distributions where g is a continuous decreasing func-
tion that does not depend on j for j = 1, ..., G. For example, the jth distri-
bution could have w ~ N,(p;, X;). Using Equation (1.16), log(f;(w)) =

log(kp) — %10g(|2j)|> +log(gl(w — p;) " 7 (w — py))) =

log(kyp) — %10g(|2j)|> +1log(g[Diy (b, 25)])-

Hence the maximum likelihood rule leads to the quadratic rule if the k£ groups
have Np(p;, X;) distributions where g(2) = exp(—z/2), and the maximum
likelihood rule leads to the distance rule if the groups have dispersion matrices
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that have the same determinant: det(X,;) = |X¥;| = |X]| for j = 1,..., k.
This result is true since then maximizing f;(w) is equivalent to minimizing
D3y (i, X5). Plugging in estimators leads to the distance rule. The same
determinant assumption is a much weaker assumption than that of equal
dispersion matrices. For example, let cx X; be the covariance matrix of x,
and let I'; be an orthogonal matrix. Then y = I';x corresponds to rotating
x, and cxI'; ZJ—I’JT is the covariance matrix of y with |Cov(x)| = |Cov(y)|.

Note that if the G groups come from the same family of elliptically
contoured EC(p;, X;, g) distributions with nonsingular covariance matrices
cx Xj, then Dy (T, S;) is a consistent estimator of Dy (p;, X;)/cx. Hence
the distance rule using (;, S;) is a maximum likelihood rule if the X'; have
the same determinant. The constant cx is given below Equation (1.19).

Now Dy (p;, Xj) = wTZ;lw - wTZ;l;Lj - MJTZ;lw + ;LJTZ;l;Lj =
wTZ;lw—2uJTZ;1w+uJTZ;luj = wTZ;lw—l-uJTZ;l(—mu—l-uj). Hence
it ¥; = ¥ for j = 1,...,,G, then we want to minimize ;LJTZ”I(—21U + 1)
or maximize uf271(2w — ;). Plugging in estimators leads to the linear
discriminant rule.

The maximum likelihood rule is robust to nonnormality, but it is difficult
to estimate fj(w) if p > 2. The linear discriminant rule and distance rule
are robust to nonnormality, as is the logistic regression discriminant rule if
G = 2. The distance rule tends to work well when the ellipsoidal covering
regions of the G groups have little overlap. The distance rule can be very
poor if the groups overlap and have very different variability.

Rule of thumb 5.1. It is often useful to use predictor transformations
from Section 1.2 to remove nonlinearities from the predictors. The log rule is
especially useful for highly skewed predictors. After making transformations,
assume that there are 1 < k£ < p continuous predictors Xy, ..., X where no
terms like Xo = X7 or X5 = X1 X5 are included. If n; > 10k for j = 1,..., G,
then make the G DD plots using the & predictors from each group to check
for outliers, which could be cases that were incorrectly classified. Then use
p predictors which could include squared terms, interactions, and categorical
predictors. Try several discriminant rules. For a given rule, the error rates
computed using the training data x; ; with known groups give a lower bound
on the error rates for the test data w,;. That is, the error rates computed on
the training data x; ; are optimistic. When the discriminant rule is applied
to the m w,; where the groups for the test data w; are unknown, the error
rates will be higher. If equal covariance matrices are assumed, plot D;(Z;, S;)
versus D; (T, Xpoor) for each of the G groups, where the ; ; are used for i =
1,...,m;. If all of the n; are large, say n; > 30p, then the plotted points should
cluster tightly about the identity line in each of the G plots if the assumption
of equal covariance matrices is reasonable. The linear discriminant rule has
some robustness against the assumption of equal covariance matrices. See
Remark 5.3.
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8.2.1 Regularized Estimators

A regularized estimator reduces the degrees of freedom d of the estimator.
We want n > 10d, say. Often regularization is done by reducing the number
of parameters in the model. For MLR, lasso and ridge regression were regu-
larized if A > 0. A covariance matrix of a p x 1 vector @ is symmetric with
p+((p—-1)+---+2+1=p(p+1)/2 parameters. A correlation matrix has
p(p — 1)/2 parameters. We want n > 10p for the sample covariance and cor-
relation matrices S and R. If n < 5p, then these matrices are being overfit:
the degrees of freedom is too large for the sample size n.

Hence QDA needs n; > 10p for ¢ = 1,...,G. LDA need n > 10p where
ZiG:1 n; = n. Hence the pooled covariance matrix can be regarded as a
regularized estimator of the X;. Hence LDA can be regarded as a regularized
version of QDA. See Friedman (1989, p. 167). Adding squared terms and
interactions to LDA can make LDA perform more like QDA if the n; > 10p,
but increases the LDA degrees of freedom.

For QDA, Friedman (1989) suggested using X(\) = Si(\)/nx()) where
Se(A) = (1= NSk + ASpoot; 0 < A <1, and ng(X) = (1 — AN)ng + An. Then
A = 0 gives QDA, while A = 1 gives LDA if the covariance matrices are
computed using slightly different divisors such as nj instead of nj — 1. This
regularized QDA method needs n large enough so LDA is useful with Spo0.
If further regularization is needed and 0 < vy <1, then use

Se(M ) = (1= NSk + %tr[Sk()\)]Ip.

If n < 5p, the LDA should not be used with Sy, and more regularization
is needed. An extreme amount of regularization would replace Sy by the
identity matrix I,,. Hopefully better estimators are discussed in Chapter 6.

8.3 LR

Definition 5.6. Assume that G = 2 and that there is a group 0 and a group
1. Let p(w) = P(w € group 1). Let p(w) be the logistic regression (LR)
estimate of p(w). The logistic regression discriminant rule allocates w to
group 1 if p(w) > 0.5 and allocates w to group 0 if p(w) < 0.5. The training
data for logistic regression are cases (x;,Y;) where Y; = j if the ith case is in
group j for j = 0,1 and ¢ = 1, ..., n. Logistic regression produces an estimated

T
sufficient predictor ESP = & + 3 «. Then

T
o e exp(a+ B x)

~ ~T ’
l+exp(a+ 8 @)
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See Section 4.3 for more on logistic regression. The response plot is an
important tool for visualizing the logistic regression.

An extension of the above binary logistic regression model uses

. eh(w)
o=

and will be discussed below after some notation. Note that h(w) > 0 corre-
sponds to p(w) > 0.5 while h(w) < 0 corresponds to p(w) < 0.5. LR uses
h(w) = ESP and the binary logistic GAM defined in Definition 5.7 uses
h(w) = ESP = EAP. These two methods are robust to nonnormality and
are special cases of 1D regression. See Definition 1.2.

Definition 5.7. Let p(w) = exp(w)/[1 + exp(w)].

a) For the binary logistic GLM, Yh, ..., Y, are independent with Y |SP ~
binomial(1, p(SP)) where p(SP) = P(Y = 1|SP). This model has E(Y|SP)
= p(SP) and V(Y |SP) = p(SP)(1 — p(SP)).

b) For the binary logistic GAM, Y1, ...,Y,, are independent with Y|AP ~
binomial(1, p(AP)) where p(AP) = P(Y = 1|AP). This model has E(Y|AP)
= p(AP) and V(Y|AP) = p(AP)(1—p(AP)). The response plot and discrim-
inant rule are similar to those of Definition 5.6, and the EAP-response plot
adds the estimated mean function p(EFAP) and a step function to the plot.
The logistic GAM discriminant rule allocates w to group 1 if p(w) > 0.5 and
allocates w to group 0 if p(w) < 0.5 where

eEAP

p(w) = 1+ ¢EAP

and EAP = a+ Y0, S;(w).

Lasso for binomial logistic regression can be used as in Section 4.6.2.
Changing the 10-fold CV criterion to classification error might be useful.
For this data from Section 4.6.2, the default deviance criterion had moderate
overfit and gave a better response plot than the classification error crite-
rion, which has severe underfit. Compare the following R code to the code in
Section 4.6.2.

set.seed(1976) #Binary regression

library (glmnet)

n<-100

m<-1 #binary regression

g <— 100 #100 nontrivial predictors, 95 inactive
k <= 5 #k_S = 5 population active predictors

y <—= 1:n

mv <-m + 0 % vy
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vars <— 1l:g
beta <- 0 « 1l:g
beta[l:k] <- betall:k] + 1

beta
alpha <- 0
X <- matrix(rnorm(n * ), nrow = n, ncol = q)

SP <— alpha + x[,1:k] %*% betal[l:k]

pv <- exp(SP)/ (1 + exp(SP))

y <- rbinom(n,size=m, prob=pv)

Yy

out<-cv.glmnet (x,y, family="binomial", type.measure="class")
lam <- out$lambda.min

bhat <- as.vector (predict (out, type="coefficients",s=1lam))
ahat <- bhat[1l] #alphahat

bhat<-bhat [-1]

vin <- vars[bhat!=0]

vin #underfit compared to the default in Section 4.6.2

[1] 2 4

ind <- as.data.frame(cbind(y,x[,vin])) #relaxed lasso GLM
tem <- glm(y~.,family="binomial",data=ind)

temS$Scoef

lrplot3 (tem=tem,x=x[,vin]) #binary response plot

8.4 KNN

The K-nearest neighbors (KNN) method identifies the K cases in the train-
ing data that are closest to w. Suppose m; of the K cases are from group
j. Then the KNN estimate of pj(w) = P(Y = j|W = w) = P(w is
from the jth group) is p;(w) = m;/K. (Actually m;/K =~ cp;(w) so
mj/mi ~ p;(w)/pr(w). See the end of this section.) Applying the Bayesian
discriminant rule to the p;(w) gives the KNN discriminant rule.

Definition 5.8. The K-nearest neighbors (KNN) discriminant rule allo-
cates w to group a if m, maximizes m; for j =1,...,G.

A couple of examples will be useful. When K = 1, find the case in the
training data closest to w. If that training data case is from group j then
allocate w to group j. Suppose n; is the largest ny for k = 1,..., G. Hence
group j is the group with the most training data cases. Then if K = n, w
is always allocated to group j. The K = n rule is bad. The K = 1 rule is
surprisingly good, but tends to have low bias and high variability. Generally
values of K > 1 will have smaller test error rates.

For KNN and other discriminant analysis rules, it is often useful to stan-
dardize the data so that all variables have a sample mean of 0 and sample
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standard deviation of 1. The scale function in R can be used to standardize
data. The test data is standardized using means and SDs from the training
data. The jth variable from x; uses (z;; — T;)/S;. Hence the jth variable
from a text case w would use (w; — Z;)/S;. Here T; and S; are the sample
mean and standard deviation of the jth variable using all of the training data
(so group is ignored).

To see why KNN might be reasonable, let D, be a hypersphere of radius
€ centered at w. Since the pdf f;(x) is continuous, there exists € > 0 small
enough such that f;(x) = f;(w) for all © € D, and for each j =1,...,G.If z
is a random vector from a distribution with pdf f;(x), then P;(z € D) =

oP/2 »
/Dé fi(®)dz ~ f;(w) /Dé ldx = f;j(w)Vol(D.) _fj(w)pf(p/Z)e .
Here P; denotes the probability when the distribution has pdf f;(x).

If for ¢ = 1,...,n, the z; are iid from a distribution with pdf f;(x), € is
fixed, and if f;(w) > 0, then the number of z; in D, is proportional to n.
Hence if the number of z; in D, is proportional to n® with 0 < § < 1, then
e — 0. So if K/n — 0 in KNN, then the hypersphere containing the K cases
has radius € — 0 as n — oo. Hence the above approximations will be valid
for large n. Note that if p = 1, then D, is the line segment (w — €, w+ €) and
Vol(D.) = 2e = length of the line segment. If p = 2, then D, is the circle of
radius € centered at w and Vol(D.) = me? = the area of the circle. If p = 3,
then D, is the sphere of radius € centered at w and Vol(D.) = 4we3/3 = the
volume of the sphere.

Now suppose that the training data 1 1,...,Zp, ¢ 1S @ random sample

from the G populations so that n;/n it m; asn — oo for j =1,...,G. Then
for € small and K large, m;/K ~

P(W € D.Y = j) = P(W € D.|Y = j)P(Y = j) ~ ;f;(w)Vol(D.).

Now P(W € D) =Y 5" P(W € D.,Y = j) =
Zle P(W € D.|Y = j)P(Y = j) since the sets {Y = j} form a disjoint
partition. Hence

PY=kWeD,) PWeD.)Y=kPY =k)

P(Y =k|W € D) = PWeD,) P(W € D.)

7kak (’UJ)VOZ(DE)
S — ,
Zj:l 7 fi(w)Vol(De)
which is the quantity used by the Bayes classifier since the constant Vol(D,)

cancels. This argument can also be used to justify Equation (5.1). Since the
denominator is a constant, allocating w to group a with the largest m, /K,




210 8 Classification

or equivalently with the largest m,, approximates the Bayes classifier if n is
very large, K is large, and € is very small.

This approximation likely needs unrealistically large n, especially if p is
large and w is in a region where there is a lot of group overlap. However,
KNN often works well in practice. Silverman (1986, pp. 96-100) also discusses

using KNN to find an estimator f(w) of f(w).
As claimed above Definition 5.8, note, for large K and small €, that

mj/K ~ P(W € D.,Y =j) = P(Y = j|W € D.)P(W € D,) ~

CP(Y = W = w) = cpi(w)
where ¢ = P(W € D.).

8.5 Some Matrix Optimization Results

The following results will be useful for multivariate analysis including Fisher’s
discriminant analysis. Let B > 0 denote that B is a positive definite matrix.
The generalized eigenvalue problem finds eigenvalue eigenvector pairs (A, g)
such that C7'Ag = MAg which are also solutions to the equation Ag =
ACg. Then the pairs are used to maximize or minimize the Rayleigh quotient
a’ Aa
aTCa
symmetric, then the p eigenvalues of C~'A are real, and the number of
nonzero eigenvalues of C ™' A is equal to rank(C ™" A) = rank(A). Note that
if a1 = c1g, is the maximizer and a, = ¢,g,, is the minimizer of the Rayleigh
quotient for any nonzero constants c¢; and cp, then there is a vector 3 that
is the maximizer or minimizer such that ||3]] = 1.

. Results from linear algebra show that if C' > 0 and A are both

Theorem 5.1. Let B > 0 be a p X p symmetric matrix with eigenvalue
eigenvector pairs (Ai,e1), ..., (Ap, €p) where Ay > Xg--- > A, > 0 and the
orthonormal eigenvectors satisfy el'e; = 1 while el'e; = 0 for i # j. Let d
be a given p x 1 vector and let a be an arbitrary nonzero p x 1 vector. See
Johnson and Wichern (1988, pp. 64-65, 184).

aTdd"a T 1 -1
a) max —-—— = d’ B™'d where the max is attained for @ = cB™'d
a0 a'Ba
for any constant ¢ # 0. Note that the numerator = (a’d)?.
B
b) max aT—a = max a’ Ba = )\, where the max is attained for a = e.
a0 aa lajj=1
B
¢) min @ 2% _ min o”Ba = Ap where the min is attained for a = e,.

a+0 aTa  |al=1
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a’ Ba
X T = max
ale,,..., e, a  a Ha”:l,alel ..... €
attained for @ = exy; for k =1,2,...,p— 1.
e) Let (, S) be the observed sample mean and sample covariance matrix

T )\ (7 — )T
where § > 0. Then 151;6( na (Z a’;?s(f; B oa =n@-p)’ S (@—p) =17

a’Ba = Ak+1 where the max is

where the max is attained for @ = ¢S~ (& — p) for any constant ¢ # 0.
f) Let A be a p X p symmetric matrix. Let C' > 0 be a p X p symmetric

TAa 1 . ~1
= A1 (C™ " A), the largest eigenvalue of C™ " A. The

matrix. Then max aT
a+0 atCa

value of a that achieves the max is the eigenvector g, of C ~! A corresponding

A
to A (C™'A). Similarly mig % = \,(C~ ' A), the smallest eigenvalue of
az

alC
C ' A. The value of a that achieves the min is the eigenvector g, of c'a
corresponding to \,(C ™' A).

Proof Sketch. For a), note that rank(C~'A) = 1, where C = B and
A = dd”, since rank(C~'A) = rank(A) = rank(d) = 1. Hence C~* A has

one nonzero eigenvalue eigenvector pair (A1, g;). Since
(M =d"'B7'd, g, = B7'd)

is a nonzero eigenvalue eigenvector pair for C™' A, and A; > 0, the result
follows by f).

Note that b) and c) are special cases of f) with A = B and C = I.

Note that e) is a special case of a) with d = (T — p) and B = S.

(Also note that (\, = (E—p)'S™ (& —p),g, = S (T —p)) is a nonzero
eigenvalue eigenvector pair for the rank 1 matrix C~* A where C = S and
A= @ -p)E-p")

For f), see Mardia et al. (1979, p. 480). O

Suppose A > 0 and C > 0 are px p symmetric matrices, and let C~' Aa =

1
Aa. Then Aa = \Ca, or A~'Ca = PR Hence if (A\;(C~'A),a) are eigen-
1
value eigenvector pairs of C'A, then ()\i(AlC) = 71,a> are
Ai(C T A)
1 a’ Aa
eigenvalue eigenvector pairs of A~ C'. Thus we can maximize 27Ca with the

eigenvector a corresponding to the smallest eigenvalue of A~'C, and mini-
T

mize — C with the eigenvector a corresponding to the largest eigenvalue
a’Ca

of A7'C.

Remark 5.1. Suppose A and C are symmetric p X p matrices, A >

a
0, C is singular, and it is desired to make large but finite. Hence
a

alC
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a’Ca
aT Aa

the eigenvector a corresponding to the smallest nonzero eigenvalue of A~'C
T

may be useful. Similarly, suppose it is desired to make aT—C small but
a’Ca

a’Ca

aTAa

a corresponding to the largest eigenvalue of A~'C may be useful.

should be made small but nonzero. The above result suggests that

nonzero. Hence

should be made large but finite. Then the eigenvector

8.6 FDA

The FDA method of discriminant analysis, a special case of the generalized
eigenvalue problem, finds eigenvalue eigenvector pairs so that the échcl-j have

low variability in each group, but the variability of the échcl-j between groups

is large. More precisely, let W be a p x p dispersion matrix used to measure
variability within groups and let B be a p x p symmetric matrix used to
measure variability between classes. Let the eigenvalue eigenvector pairs of a

matrix WAB be (5\1, €1), ...y (S\p, é,) where M>A> > 5\p. Then from

aTBa S . A —1 A~
Theorem 5.1 f), max — = A1, the largest eigenvalue of W B. The
a0 aTWa
value of a that achieves the max is the eigenvector é;. Then &5 will achieve
the max among all unit vectors orthogonal to ;. Similarly, és will achieve
the max among all unit vectors orthogonal to é; and é2, et cetera.

Many choices of W have been suggested. Typically assume rank(W) = p

and rank(B) = min(p,G — 1). Let ¢ < min(p,G — 1) be the number of

~ A —1 A
nonzero eigenvalues A; of W B. Let (T;, C;) be an estimator of multivariate

a
location and dispersion for the ith group. Let T = éZE Let By =
i=1
ZiG:1 (T; —=T)(T;—T)". Note that By /(G —1) is the sample covariance matrix
of the T, ...,T¢. Let W = chzl C,. Typically (T;,C;) = (z;, S;) is used
where the notation T = is used. Let Bp = Y% #(T; = T)(T; — T)7, and
Wg = Zlc:l #,C;. Let W = GZ‘pool. See Equation (5.3). Let A = (a;;) be
a p X p matrix, and let diag(A) = diag(ai, ..., app) be the diagonal matrix
with the a;; along the diagonal. Let Wp = diag(W 4) for any previously
defined WA, e.g. A = T. Then WD is nonsingular if all w;; > 0 even if
W 4 = (wij;) is singular. Sometimes T'p = ) ._, @1} is used instead of T'.
The rule may also use B= 013 4 and W = 02W 4 for positive constants c;
and cg, e.g. ¢ =1/(G—1) and ca = 1/(n — G).
The FDA rule finds é; and summarizes the group by the linear combination
élT;. Then FDA allocates w to the group a for which é]w is closest to
é1T,. (We can view &l T, as a summary of the n; linear combinations of
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the predictors échcl-j in the ith group where 5 = 1,...,n;.) The FDA method
should work well if the within group variability is small and the between
group variability is large.

Definition 5.9. For Fisher’s discriminant analysis (FDA), the FDA dis-
criminant rule allocates w to group a that minimizes |é] w — é]T;| for

i=1,..G.

Remark 5.2. a) Often it is suggested to use PCA for DA: find D such that
the first D principal components explain at least 95% of the variance. Then
use the D < min(n, p) principal components as the variables. The problem
with this idea is that principal components are used to explain the structure
of the dispersion matrix of the data, not to be linear combinations of the
data that are good for DA. Using the J linear combinations from FDA such

that p
P
S X/D i =095
i=1 i=1

might be a better choice for DA, especially if the number of nonzero eigen-
values ¢ is not too small.
b) Often DA rules from the other FDA eigenvectors sunply replace é;

with &;. Tt might be better to consider .J rules such that (&] w, ..., & w)” is
closest to (é TTa, e fTa)T for k = 1,...,J where a € {1, ...,G} and J is as
in Remark 5.2 a). Or let V = [é1 é3 --- &4]. Then allocate w to group a

that minimizes Dj (w) where D} (w) = (w — Tj)TVVT (w—T;)T — 2log(7;)
where W and Bp are used. See Filzmoser et al. (2006).
c) If W is singular and B is nonsingular, then the eigenvalue eigenvector

pair(s) corresponding to the smallest nonzero eigenvalue(s) of B 'W may
be of interest, as argued below Theorem 5.1.

Following Koch (2014, pp. 120-124) closely, consider the population version
of FDA where the ith group has mean and covariance matrix (u,, Xz,) for
i =1,...,G where x; is a random vector from the population corresponding

to the ith group. Let & = & Zil w;, B = Zil(ui - (p; — w7, and
= Z?:l XYx,. Then the between group variability

G
b(a) = a"Ba =" la"(p, — 1], (84)

i=1

and the within group variability =
G G

w(a) =a’Wa = Z al’'Yy.a= Z Var(aTx;) (8.5)

=1 =1
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since Var(a’z;) = E[(a”z;—E(a”x;))?] = E[a” (x;—E(x;))(z;— E(x;))" a)
=a” Xz, a. Then
s b(a) a”Ba

= max
a0 w(a) az0 a™Wa

is achieved by @ = e, the eigenvector corresponding to the largest eigenvalue
M (W 'B) of W™ B. Hence b(e,) is large while w(e;) is small in that the
ratio is a max.

FDA approximates Equations (5.4) and (5.5) by using By and Wy with
(T;,C;) = (%;, S;). Note that W /G tends not to be a good estimator of
dispersion unless the G groups have the same covariance matrix X', = Xg
fori =1,...,G, but w(a) is a good measure of within group variability even if
the X'z, are not equal. Also, if W 4 is such that a” W 4a can be made small,
then FDA will likely work well with By and W 4 if there are no outliers.

Remark 5.3. If G = 2, (T}, C;) = (%, S:), B = Br, and W = 28,001,
then LDA and FDA are equivalent. See Koch (2014, p. 129). This result helps
explain why LDA works well on so many data sets.

Two special cases are illustrative. First, let W =1 p and use By. Then
FDA attempts to find a vector & such that the é] T} are far from é] 1.
Then find group a such that &} w is closer to &l T, than to &l T; for i # a.
Second, consider G = 2. Then By = (Ty — T)(T} — T»)T /2. Using Theorem

L -1
T, - T
5.1a) with d = (Ty — T»)/V2 shows that & = W (T -1 . If the

- -1
o S m )

W x;; are “standardized data,” and the W T; are standardized centers
for i = 1,2, then FDA projects w on the line between the standardized
centers and allocates w to the group with the standardized center closest to

~T
e w.

library (MASS) ##Use ?lda. Output for Ex. 5.1.
out <- lda(as.matrix(iris[, 1:4]), iris$Species)
names (out); out; plot (out) #plots LDl versus LD2
Prior probabilities of groups:
setosa versicolor virginica

0.3333333 0.3333333 0.3333333

Group means:
Sep.Len Sep.Wid Pet.Len Pet.Wid

setosa 5.006 3.428 1.462 0.246
versicolor 5.936 2.770 4.260 1.326
virginica 6.588 2.974 5.552 2.026
Coefficients of linear discriminants:

LD1 LD2

Sepal.Length 0.8293776 0.02410215
Sepal.Width 1.5344731 2.16452123
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Petal.Length -2.2012117 -0.93192121
Petal.Width -2.8104603 2.83918785
Proportion of trace:

LD1 LD2
0.9912 0.0088

gp <- as.integer (iris$Species)

X <- as.matrix (iris[,1:4]) #AER 0.02
out<- lda(x,gp); l-mean (predict (out, x) $class==gp)
plot (out) #Get numbers in Figure 5.1.

Example 5.1. The library MASS has a function 1da that does FDA. The
famous iris data set has variables 1 = sepal length, x2 = sepal width, x5 =
petal length, and =4, = petal width. There are three groups corresponding
to types of iris: setosa, versicolor, and virginica. The above R code performs
FDA. Figure 5.1 shows the plot of LD1 = é; versus LD2 = é5. Since the
proportion of trace for LD2 is small, LD2 is not needed. Note that LD1
separates setosa from the other two types of iris, and versicolor and virginica
are nearly separated.

Let 3 = é; = LDI1 be the first eigenvector from FDA. The func-
tion FDAboot bootstraps B and gives the nominal 95% shorth CIs. Also
shown below is the sample mean vector of the bootstrapped B;k where
i =1,. = 1000. The bootstrap is performed by taking samples of size
n; w1th replacement from each group for i = 1,...,G. Perform FDA on the
combined sample to get ,8 Since ,8 isan e1genvect0r the bootstrapped eigen-
vector could estimate ,8 or —B. Pick a BJ that is large in magnitude, and see
how many times the BJ* have the same sign as Bj- Multiply the bootstrap vec-
tor by —1 if it has opposite sign. In the output below, all B = 1000 bootstrap
vectors had 3} < 0.

#Sample sizes may not be large enough for the
#shorth CI coverage to be close to the nominal 95%.
out<-FDAboot (x, gp)

apply (out$betas, 2, mean)

[1] 0.8468 1.5807 -2.2558 -2.9180

sum (out Sbetas[,4]<0) #all betahat ™

[1] 1000 #estimate betahat, not -betahat
ddplot4 (outS$Sbetas) #right click Stop

#covers the identity line
outS$shorci[[1]]$shorth

[1] 0.3148 1.4634

outS$shorci[[2]]$shorth

[1] 0.7745 2.3096

out$shorci[[3]]S$shorth

[1] -2.9276 -1.6260
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out$shorci[[4]]$shorth
[1] -3.8609 -1.8875

Next, R code is given for robust FDA. The function getUbig gets the
RMVN set U; for each group for ¢ = 1, ..., G and combines the sets into one
large data set. RMVN is useful when n/p is large. Then RFDA is the classical
FDA applied to this cleaned data set. See the output below. Figure 5.2 only
uses the cleaned cases since outliers could obscure the plot, and this technique
can distort the amount of group overlap.

i
?2 2 o Tl
1y 41

2
o 2 1
3%, ) 11

LD2
0
1
o

LD1

Fig. 8.1 Plot of LD1 versus LD2 for the iris data.

tem<-getubig(x,gp) ##Robust FDA
outr<-lda (tem$Ubig, tem$Sgrp)
l-mean (predict (outr, x) $class==gp) #AER 0.03
plot (outr)
outr
Prior probabilities of groups:
1 2 3

0.3206107 0.3282443 0.3511450
Group means:

Sepal.Length Sepal.Width Petal.Length Petal.Width
1 5.026190 3.438095 1.464286 0.2309524
2 5.923256 2.813953 4.234884 1.3093023
3 6.486957 2.950000 5.454348 2.0173913
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LD1

Fig. 8.2 RFDA Plot of LD1 versus LD2 for the iris data.

Coefficients of linear discriminants:

LD1

LD2

Sepal.Length 0.4281837 -0.06899442
Sepal.Width 2.5221645 2.01270912
Petal.Length -2.3230167 -1.11944258
Petal.Width -3.2947263 3.25076179

Proportion of trace:
LD1 LD2
0.9942 0.0058
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The covmb2 subset B can be found when p < n or p > n. See Section
1.3. The function getBbig gets the set B; for each group fori =1, ...,G and
combines the sets into one large data set. Then a robust FDA is the classical
FDA applied to this cleaned data set. For the iris data, using covmb2 did
not discard any cases, so the robust FDA and classical FDA had identical

output. See the R code below.

#Robust FDA with covmb2 set B from each group.
#This subset of cases can be found when p > n.

tem<-getBbig (x, gp)
outr<-lda (tem$Bbig, tem$grp)

plot (outr); l-mean (predict (outr,x)Sclass==gp)
outr #Output is same as that for classical FDA.

#AER 0.02
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8.7 Estimating the Test Error

Definition 5.10. The test error rate L, is the population proportion of
misclassification errors made by the DA method on test data.

The Bayes classifier has the smallest expected test error, but the Bayes
classifier generally can’t be computed used since the 75 and fj are unknown.
If it was known that m; = 0.9, a simple DA rule would be to always allocate
w to group 1. Then the test error of this rule would be L,, = 0.1.

Generally the test error L,, needs to be estimated by Ln. A simple method
for estimating the test error is to apply the DA method to the training data
and find the proportion of classification errors made. To help see why this
method is poor, consider KNN with K = 1. Then the training data is perfectly
classified with a training error rate of 0, although the test error rate may be
quite high.

Definition 5.11. The training error rate or apparent error rate (AER) is

where }Afij is the DA estimate of Y;; using all n training cases ©1 1, ..., Zg,ng-
Note that Y;; = j since x;; comes from the jth group. If m; of the n; group

j cases are correctly classified, then the apparent error rate for group j is
G G

1—mj/n;. f mag = ij of the n = an training cases are correctly
j=1 j=1

classified, then AER =1 —ma/n.

DA methods fit the training data better than test data, so the AER tends
to underestimate the error rate for test data. We want to use a DA method
with a low test error rate. Cross validation (CV) divides the training data
into a big part and a small part, perhaps J times. For each of the J divisions,
the DA rule is computed for the big part and applied to the small part. Hence
the small part is used as a validation set. The proportion of errors made for
the small part is recorded.

For leave one out or delete one cross validation, J = n, the big part uses
n — 1 cases from the training data while the small part uses the 1 case left
out of the big part. This case will either be correctly or incorrectly classified.
The leave one out CV rule can sometimes be rapidly computed, but usually
requires the DA method to be fit n times.

Definition 5.12. An estimator of the test error rate is the leave one out
cross validation error rate
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nj G

Ln= %ZZI(Y@ # Yij)

i=1 j=1

where Yij is the estimate of Y;; when x;; is deleted from the n training
cases &1, ..., Lq ng- INote that L, is the proportion of training cases that
are misclassified by the n leave one out rules. If m¢ is the number of cases
correctly classified by leave one out classification, then Ln=1—me¢ /n.

For KNN, find the K cases in the training data closest to x; ; not in-
cluding x; ;. Then compute the leave one out cross validation error rate as
in Definition 5.12.

Assume that the training data @1 1, ..., Tns,¢ is a random sample from the

G populations so that n;/n Eit mj as n — oo for j = 1,...,G. Hence n;/n
is a consistent estimator of ;. Following Devroye and Wagner (1982), when
K =1 the test error rate L,, of KNN method converges in probability to L
where Lp < L < 2Lp and Lp is the test error rate of the Bayes classifier. If
K, — oo and K, /n — 0 as n — oo, then the KNN method converges to the

Bayes classifier in that the KNNA test error rate L, L Lp. Then the leave one
out cross validation error rate L, isAa good estimator of L,, in that 2e=2"¢
was usually an upper bound on P[|L,, — L,| > € for small € > 0.

For the method below, J = 1 and the validation set or hold-out set is the
small part of the data. Typically 10% or 20% of the data is randomly selected
to be in the validation set. Note that the DA method is only computed once
to compute the error rate.

Definition 5.13. The validation set approach has J = 1. Let the valida-
tion set contain n, cases (z1,Y1), ..., (€n,, Yn,), say. Then the validation set
error rate is

. 1 &
Ly=—=>) 1(Yi#Y)
Mo 1=1
where Y; is the estimate of Y; computed from the DA method applied to the
n — n, cases not in the validation set. If my, is the number of the n, cases

from the validation set correctly classified, then f)n =1—myg/n,.

The k-fold CV has J = k partitions of the data into big and small sets, and
the DA method is computed k times. The values £ = 5 and 10 are common
because they have been shown empirically to work well.

Definition 5.14. For k-fold cross validation (k-fold CV), randomly divide
the training data into k groups or folds of approximately equal size n; ~ n/k
for j = 1,...,k. Leave out the first fold, fit the DA method to the k — 1
remaining folds, and then find the proportion of errors for the first fold.
Repeat for folds 2, ..., k. The k-fold CV error rate is
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nj G

Ln= %ZZI(Y@ # Yij)

i=1 j=1

where Yij is the estimate of Y;; when x;; is in the deleted fold. If my, is the
number of the n training cases correctly classified, then L, =1 — my/n.

Definition 5.15. A truth table or confusion matrix for a G category
classifier is a G x G table with G labels on the top for the “truth” (true
classes) and G labels on the left side for the predicted classes. The cells give
classification counts. The diagonal cells are counts for correctly classified
cases, while the off diagonals are counts for incorrectly classified cases. The
error rate = (sum of off diagonal cells)/(sum of all cells) =
1 - (sum of diagonal cells)/(sum of all cells).

For a binary classifier, consider the following truth table where the counts
TN = true negative, FN = false negative, FP = false positive, and TP = true
positive.

truth total
-1 1
predict —1| TN FN| N*

1| FP TP| P*
total N P

The true positive rate = TP/P = sensitivity = power = recall = 1—
type II error. The false positive rate = FP/N = 1— specifity ~ type 1
error. The positive predicted value = TP/P* = precison = 1— false dis-
covery proportion. The negative predicted value = TN/N. The error rate
=(FP+FN)/(FP+FN+TN+TP).

For a binary classifier, sometimes one error is much more important than
the other. For example consider a loan with categories “default” and “does
not default.” Misclassifying “default” should be small compared to misclas-
sifying “does not default.”

A ROC curve is used to evaluate a binary classifier. The horizontal axis is
the false positive rate while the vertical axis is the true positive rate. Both
axes go from 0 to 1, so the total area of the square plot is 1. The overall
performance of the binary classifier is summarized by the area under the
curve (AUC). An ideal ROC curve is close to the top left corner of the plot,
so the larger the AUC, the better the classifier. Note that 0 < AUC < 1. A
classifier with AUC = 0.5 does no better than chance. A ROC from test data
or validation data is better than a ROC from training data.
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8.8 Some Examples

Example 5.2. The following output illustrates crude variable selection using
the LDA function. See Problems 5.6 and 5.7. The code deletes predictors as
long as the AER does not increase if the predictor is deleted. Using all of the
data, the AER = 0.0357. Eventually the AER = 0.

library (MASS) #Output for Example 5.2.
group <- pottery[pottery[,1]!=5,1]
group <- (as.integer (group!=1l)) + 1

x <- potteryl[pottery[,1]!=5,-1]

out<-1lda (x,group)

l-mean (predict (out, x) $class==group)

[1] 0.03571429 #AER using all of the predictors.
out<-lda(x[,-c(1)],group)

lfmean(predict out,x[,-c(1l)])Sclass==group)
out<-lda(x[, 1,2)]1,group)

lfmean(predlct out,x[,-c(1,2)])Sclass==group)
out<-1lda (x[, 1,2,3)1,group)

lfmean(predlct out,x[,-c(1,2,3)])Sclass==group)
out<-lda (x[, 1,2,3, 4)J,group)

lfmean(predlct out,x[,-c(1,2,3,4)])Sclass==group)
out<-lda (x[, 1,2,3,4,5)]1,group)

lfmean(predlct out,x[,-c(1,2,3,4,5)])Sclass==group)
[1] 0.03571429 #Can delete predictors 1-5.
out<-lda(x[,-c(1,2,3,4,5,6)],group)

l-mean (predict (out,x[,-c(1,2,3,4,5,6)])Sclass==group)
[1] 0.07142857 #Predictor x6 is important.
out<-lda(x[, 1,2,3,4,5,7)1,group)

1 mean(predlct out,x[,-c(1,2,3,4,5,7)])Sclass==group)
out<-lda(x|[, 1,2,3,4,5,7,8)1,group)

1 mean(predlct out,x[,-c(1,2,3,4,5,7,8)1)
Sclass==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9)1,group)

l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9)1)
$class==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10)],group)

l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10)1)
$class==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10,11)1,group)
l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,11) 1)
Sclass==group)

[1] 0.07142857 #Predictor x11 is important.
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10,12)1,group)

o~~~ o~~~ o~~~ —~

—~ o~ o~ —~
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l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12) 1)
Sclass==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10,12,13)]1,group)
l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13)1)
Sclass==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10,12,13,14)],group)
l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
14) 1) Sclass==group)

[1] 0.07142857 #Predictor x14 is important.
out<-lda(x[,-¢c(1,2,3,4,5,7,8,9,10,12,13,15)1,group)
l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
15) 1) Sclass==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10,12,13,15,16)1,group)
l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
15,16) 1) Sclass==group)
out<-lda(x[,-c(1,2,3,4,5,7,8,9,10,12,13,15,16,17) 1,
group)

l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
15,16,17) 1) Sclass==group)

[1] 0.03571429
out<-lda(x[(,-c(1,2,3,4,5,7,8,9,10,12,13,15,16,17,
18)]1,group)

l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
15,16,17,18) 1) $class==group)

[1] 0.07142857 #Predictor x18 is important.
out<-lda(x[(,-c(1,2,3,4,5,7,8,9,10,12,13,15,16,17,
19)1,group)

l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
15,16,17,19) 1) $Sclass==group)

[1] 0.03571429
out<-lda(x[(,-c(1,2,3,4,5,7,8,9,10,12,13,15,16,17,
19,20)1,group)

l-mean (predict (out,x[,-c(1,2,3,4,5,7,8,9,10,12,13,
15,16,17,19,20)]) $class==group)

[1] O

#Predictors x6, x11, x14, x18 seem good for LDA.

Example 5.3. This example illustrates that the AER tends to under-
estimate the test error rate compared to the validation set approach. The
validation test error estimates can change greatly when the random number
generator seed is changed. See Definitions 5.11 and 5.13. The men’s basket-
ball data set mbb1415 is described in Problem 7.4, which tells how to get the
data set into R. The KNN method AER is especially poor when K is small
(K < 10, say). The KNN method also depends on a random number seed,
perhaps to handle ties. (If there are three groups and K = 3, it is possible
that the 3 nearest neighbors to w come from groups 1, 2, and 3. How does
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KNN decide which group to allocate w?) The R commands below standard-
ize the variables to have mean 0 and variance 1, puts guards into group 1,
small forwards into group 2, centers and power forwards into group 3, and
individuals with unknown position into group 0. Then individuals who do
not play much (are in the bottom quartile in playing time) are deleted. Next,
players in group 0 are deleted, leaving a data set z with 86 cases, 3 groups,
and 35 predictor variables. The data set z is also divided into a validation
test set ztest of 20 cases and a training set ztrain of 66 cases.

set.seed (1)

z <- mbbl415[,-1]

z <- scale(z) #standardize the variables
grp <- mbbl415[,1]

grplgrp==2]<-1
grplgrp==3]1<-2
grplgrp==4]1<-3
grplgrp==5]<-3

#Put guards in group 1, small forwards in group 2,
#centers and power forwards in group 3,
#unknowns in group O.

#Get rid of players who did not play much.
z <— z[mbbl415[,3]>182,]

grp <- grp[mbbl415([,3]1>182]

#Get rid of group 0, 86 cases left.

z <= z[grp>0,]

grp<-grp[grp>0]
indx<-sample (1:86, replace=F)

train <- indx[21:86]

test <- indx[1:20]

ztest <- z[test, ] #20 test cases
grptest <- grpltest]

ztrain <- z[train, ]

grptrain <- grpltrain]

Since z; is used as group, z; = z;41. Below we use z; = turnovers, z19 =
stl.pos (stolen possessions, a ball handling rating), z12 = rebounds, z15 =
offensive rebounds, z28 = three point field goal percentage, and z3, = free
throw percentage. With 2 nearest neighbors, the AER is 0.151, but (the
validation error rate) VER = 0.45. With 1 nearest neighbor, the AER = 0
since each training case is its own nearest neighbor. Hence the training cases
are perfectly classified.

#see what the variables are
z[1l,c(7,10,12,13,28,32)]

library(class)
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out <- knn(z[,c(7,10,12,13,28,32)]1,
z[l,c(7,10,12,13,28,32)]1,9rp,k=2)
mean (grp!=out) #0.151 AER

out<-knn(ztrainfl,c(7,10,12,13,28,32)1,
ztest[,c(7,10,12,13,28,32)1,grptrain, k=2)
mean (grptest!=out) #0.45 validation ER

out <- knn(z[,c(7,10,12,13,28,32)1,
z[,c(7,10,12,13,28,32)]1,grp, k=1)
mean (grp!=out) #0.0 AER

out<-knn(ztrain[,c(7,10,12,13,28,32)1,
ztest[,c(7,10,12,13,28,32)]1,grptrain, k=1)
mean (grptest!=out) #0.45 validation ER

The output below shows that VER = 0.5 and AER = 0.22 with FDA
(LDA), and VER = 0.45 and AER = 0.13 with QDA.

library (MASS) #three ways to get VER = 0.5

out <- lda(zl[,c(7,10,12,13,28,32)],g9rp, subset=train)
l-mean (predict (out,z[-train,c(7,10,12,13,28,32)1])
Sclass==grp[-train])

l-mean (predict (out, z[test,c(7,10,12,13,28,32)1])
Sclass==grptest)

l-mean (predict (out, ztest([,c(7,10,12,13,28,32)1])
Sclass==grptest)
out<-lda(z[,c(7,10,12,13,28,32)]1,9rp)

l-mean (predict (out,z[,c(7,10,12,13,28,32)1)
Sclass==grp) #AER =0.22

out <- gda(zl[,c(7,10,12,13,28,32)],g9rp, subset=train)
#VER = 0.45

l-mean (predict (out, ztest[,c(7,10,12,13,28,32)1])
Sclass==grptest)
out<-gda(z[,c(7,10,12,13,28,32)1,9rp)

l-mean (predict (out,z[,c(7,10,12,13,28,32)1)
Sclass==grp) #AER =0.13

8.9 Classification Trees, Bagging, and Random Forests

A classification tree is a flexible method for classification that is very similar
to the regression tree of Section 4.10. The method produces a graph called a
tree. Each branch has a label like z; > 7.56 if z; is quantitative, or z; € {a, c}
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(written z; = ac) where x; is a factor taking on values a,b, ¢, d, e, f, say.
Unless told otherwise, go to the left branch if the condition is true, go to
the right branch if the condition is false. (Some software switches this. Check
the story problem.) The bottom of the tree has leaves that give a label for a
group such as Y = j for some j = 1, ..., G. The root is the top node, a leaf is
a terminal node, and a split is a rule for creating new branches. Each node
has a left and right branch.

Mg < 2.695
T
Na < 13.785 Al<[1.42
Al<li 38 Bado2 RI<{0.93 Mg <[3.455
K <D.29
WinNF  Con Veh Mg <3.75 WinNF WinNF
Tabl  Head WinF
WinF  WinNF

Fig. 8.3 Classification Tree for Example 5.4.

Example 5.4.

The Venables and Ripley (2010) fgl data set has fragments of glass clas-
sified by five chemicals x1 = Al,z2 = Ba,z3 = K,x4 = Mg,x5 = Na, and
x¢ = RI = refractive index. The categories which occur are window float
glass (WinF), window non-float glass (WinNF'), vehicle window glass (Veh),
containers (Con), tableware (Tabl), and vehicle headlamps (Head). In the
second node to the left, the split is NA < 13.785, but the 13.785 is hard to
read.

a) Predict the class Y if Mg =2, Na = 14 and Ba = 0.35.
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Solution: Go left, right, right to predict class Head.

b) Predict the class Y if Mg = 3.1 and Al = 1.6.

Solution: Go right right left to predict class WinNF.

Note that the tree in Figure 5.3 can be simplified: predict WinNF if Mg >
2.65 and 1) Al > 1.42 or ii) Al < 1.42 and RI > —0.93.

Classification trees have some advantages. Trees can be easier to interpret
than competing methods when some predictors are numerical and some are
categorical. Trees are invariant to monotone (increasing or decreasing) trans-
formations of the predictor variable x;. Trees can handle complex unknown
interactions. Classification and regression trees i) give prediction rules that
can be rapidly and repeatedly evaluated, ii) are useful for screening predic-
tors (interactions, variable selection), iii) can be used to assess the adequacy
of linear models, and iv) can summarize large multivariate data sets.

Trees that use recursive partitioning for classification and regression trees
use the CART algorithm. In growing a tree, the binary partitioning algorithm
recursively splits the data in each node until either the node is homogeneous
(roughly 0 training data misclassifications for a classification tree) or the
node contains too few observations (default < 5). The deviance is a measure
of node homogeneity, and deviance = 0 for a perfectly homogeneous node.
For a classification tree, Y is often the mode of the node labels (Y is the class
that occurs the most).

Trees divide the predictor space (set of possible values of the training
data x;) into J distinct and nonoverlapping regions Ry, ..., R; that are high
dimensional boxes. Then for every observation that falls in R;, make the
same prediction. Hence YRj = modal class mode; of training data Y; in R;.
Choose R;j so RSS = ijl Yier, 1(Yi # YR].) is small. Let {x|z; < s} be
the region in the predictor space such that z; < s where & = (z1, ..., 7,)7.
Define 2 regions Ri(j, s) = {z|z; < s} and Ra(j, s) = {x|z; > s}. Then seek
cutpoint s and variable x; to minimize

i:miGRl(j,S) i:miGRz(j,S)

This can be done “quickly” if p is small (could use order statistics). Then
repeat the process looking for the best predictor and the best cutpoint in
order to split the data further so as to minimize the RSS within each of the
resulting regions. Only split one of the regions, R1, Ra, and R3. Continue this
process until a stopping criterion is reached such as no region contains more
than 5 observations (and stop if the region is homogeneous). If J is too large,
the tree overfits.

The null classifier hat ¥ = d where d is the modal (dominant) class. So if
k% of the test observations belong to the dominant class, then the test error

100—I€<1 1

100 — G
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where there are G groups since k > 100/G. Classifiers that do not beat the
null classifier are very bad.

Classification trees are often beat by one of the earlier techniques from this
chapter. Bagging, pruning, and random forests makes trees more competitive.
The following subsections follow James et al. (2013) closely.

8.9.1 Pruning

Trees use regions Rj,..., Ry, and if J is too large, the tree overfits. One
strategy is to grow a large tree Ty with Jy regions, then prune it to get a
subtree T, with J, regions.

Next, we describe cost complexity pruning = weakest link pruning. Let T' C
To, a > 0, and |T'| = number of terminal nodes of tree T. Each terminal node
corresponds to a hyperbox region R;. Let R,, be the region corresponding to
the mth terminal node and YRm be the predicted response for R,,. For each
value of v > 0, there corresponds a subtree T' C Ty such that

17|

oS 1 #£ V) +alT] (8.6)

m=19:L;ERm

is as small as possible. (Replace I(Y; # Y&, ) by (y; — ir,, )? for a regression
tree.) Note that & = 0 has T = Ty and (5.16) = RSS(Tp) = training data
RSS for Ty. Much like lasso, there is a sequence of nested subtrees

To, €+ CToy CTo, CTo. (8.7)

Branches get “pruned” from 7j in a nested and predictable fashion.

The pruning algorithm is a) build tree Tp, stopping when each (region
corresponding to a terminal node has < 5 observations. b) Use (5.6) to obtain
(5.7). ¢) Use k-fold CV to choose oo = aq: for each i € 1,..., k, 1) repeat steps
a) and b) on all but the ith fold. ii) Evaluate the mean squared prediction
error

1 & o
MSE; = — ;I% # Y;(1))

on the data Yj; in the left out fold 7 as a function of a. Note that M SE; =
proportion misclassified in the ith fold. Average the results for each value of
a am pick a4 to minimize the average error

k
1
CV (k)= > MSE;.
i=1

d) Use tree T,, from (5.7). Note that if n; = n/k, then
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proportion of misclassified observations. (For a regression tree, use

nq

MSE; = ni > (¥ = Y5(0)%)

4 j=1

8.9.2 Bagging

Bagging was used before: compute T7,...,T5 with the bootstrap, and the

sample mean
B
= 1
T == T;
P>

is the baggin estimator. For a regression tree, draw a sample of size n with
replacement from the training data @1, ..., x,. Fit the tree and find fl ().
Repeat B times to get TF = f;(z). The trees are not pruned, so terminate
when each terminal node has 5 or fewer observations.

Bagging a classification tree draws a sample of size n; from each group
with replacement. For the ith bootstrap estimator (i = 1, ..., B), fit the clas-
sification tree, and let fF(x) = ji(x) € {1,...,G} where Y takes on levels
1,...,G. That is, determine how the classification tree classifies . Compute
fi(@), ..., f3(x), and let my, = the number of j;(x) = k for k = 1, ..., G. Take
fbag(:c) = d where mg = max{m,...,mg}.

For each bootstrap sample b, let @;,, ..., z;,, be the ky observations not in
the bootstrap sample. These a the “out of bag” (OOB) observations. Predict
Y for each OOB observation. Doing this for all B bootstraps produces about
e b~ B /3 predictors for each @;. Let Yio = mode level for a classification
tree. Then the OOB MSE =

n

LS 1 £ Vi)

=1

3

is “virtually equivalent” to the leave one out CV estimator for large enough B.
(For a regression tree, let Y;, = the average of the }A/l-, and replace I(Y; # Yz‘o)
by (Y; — Y;0)? to get the OOB MSE.)

For classification trees, let p,,, = proportion of training observations in
R, from the kth class. Then Gini’s index =

G
Z ﬁmk(l - ﬁmk)
k=1
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is small if all p,, are close to 0 or 1.

For bagging with B trees, a measure of variable importance can be com-
puted for each variable using the number of splits for each variable. This
measure can be summarized with a variable importance plot.

For a binary classifier whith Y = 0 or 1, for a fixed test value «, the
bootstrap produces B estimators of P(Y = 1|x). Two common ways to get
Y]x are a) Y]z = mode class of 0 or 1, and b) average the B estimates of
P(Y = 1|z) and set Y|z = 0 if ave. P(Y = 1]a) < 0.5, with Y|z = 1,
otherwise.

8.9.3 Random Forests

For random forests, the bootstrap is used, but each time a split is consid-
ered, a random sample of m = [,/p] predictors is chosen as split candidates.
Random forest tend to produce bootstrap trees that are less correlated than
bagged trees (that use m = p), and the random forests estimator tends to
have better test error and OOB error than the bagging estimator. Also, B
around a few hundred seems to work.

If there is a single strong predictor, bagged trees tend to use that predictor
in the first split. For random forests, the strong predictor is not considered
for (p — m)/p splits, on average.

8.10 Support Vector Machines

This section follow James et al. (2013, ch. 9) closely. Logistic regression is used
a lot in biostatistics and epidemiology where the focus is statistical inference.
Support vector machines (SVMs) are used in machine learning where the goal
is classification accuracy.

8.10.1 Two Groups

When p >> n, there is often a hyperplane that perfectly separates two groups
(even if the two groups are iid from the same population: severe overfitting).
The launching point for SVMs was finding the optimal separating hyperplane.
Wide data has p >> n. If n < p+ 1, then there is a separating hyperplane
unless there are “exact predictor ties across the class barrier.”

For 2 groups, let SP = §y + Bl a. Classify « in group 1 if ESP > 0 and
in group —1 if ESP < 0. So the classifier C(z) = sign(ESP). Note that the
second group now has label —1 instead of 0.
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Suppose two groups of training data can be separated by a hyperplane.
Then there are two parallel separating hyperplanes where the first separating
hyperplane passes through some cases in group 1 and the second hyperplane
passes through some cases in group 2. The distance between the two sepa-
rating hyperplanes is called the margin between classes. The cases that just
touch the two separating hyperplanes are called the support set. Then the
“optimal separating hyperplane” ESP has the largest margin on the training
data, and the optimal separating hyperplane is parallel and equidistant from
the two separating hyperplanes that determine the support set.

As a visual aid, use “0” for cases from group —1 and “+” for cases from
group 1. Draw a plot on a piece of paper where the two groups can be
separated by a line. A separating line that touches one case from each group
has margin 0. Draw two parallel lines such that one line touches at least one
0 and one line touches at least one +. Make the distance between the two
parallel lines as far as possible (biggest margin). Then the parallel line in
the middle of these two parallel lines is the optimal sepparating hyperplane
(line).

Think of the hyperplane 3y —|—BT:cl- = fo+ iz +- - -+ Bpxip as separating
RP into two halves.

Definition 5.16. A separating hyperplane has SP > 0 if & € group 1 and
SP < 0if x e group —1. So V; SP; = Yi(fo + B x;) >0fori=1,.. n.

Nowlet Z=1iff Y =1and Z =0 iff Y = —1. Then think of the binary
classifier that uses ESP as a binary regression Z|x ~ bin(m = 1, p(x)) where
p(x) = p(SP) = P(Z = 1lz) = P(Y = 1|x) is unknown. Make a response
plot of ESP versus Z with lowess and possibly a step function added as
visual aids. The bootstrap is likely useful if n; > 10p for both groups. a) Use
the bootstrap with with n; cases selected with replacements from each group.
b) Use the bootstrap with Z = 1 with probability p(x;) and Z; = 0 with
probability 1 — p(z;). Fit the SVM using Y} and X for j =1,..., B.

Classification and regression trees (CART) splits R, with regions R,, €
R, while a SVM splits R, into two regions using ESP € R so there is
dimension reduction. The SVM split tries to make the 2 “halves” or partitions
as homogeneous as possible.

The hyperplanes parallel to the E'SP hyperplane that form the boundaries
of the margin are called fences. The fence pass through at least two training
data cases. These cases form the support set S of support vectors. It turns
out that if a separating hyperplane exists, then the optimal margin classifier
Bu = ZiGS QT

Let M be the margin. The optimal margin classifier (BOM, BM) maximizes
M subject to

Y SP, =Yi(B0 + frzin + - -+ Bpxip) > M (8.8)
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for all ¢ =1, ...,n. This is called a hard margin classifier since no cases from
either group can pass the fences of the classifier. The maximization is over
Bo € R and B € R,. The maximization is equivalent to minimizing |32
subject to (5.8).

A soft margin classifier allows cases from either group to pass the fences or
to be misclassified. This classifier minimizes ||3]|2 subject to Y;(Go + B8 ;) >
1 —¢ for i = 1,...,n where the slack variables ¢, > 0 and Y . ;¢ < D.
Hastie et al. (2001, p. 380) showed that this minimization is equivalent to
minimizing

n

> 1 =Yi(Bo + B )4 + NIBII3 (8.9)

i=1
where [w]; = w if w > 0 and [w]; =0 if w < 0. The hinge loss
[1—Yi(Bo+BTx)] 4 = 0if a; is on the correct side of the margin. Otherwise,
the hinge loss is the cost of x; being on the wrong side of the margin. The
minimization is over fy € R and B € Ry, and the criterion (5.9) is similar to
the ridge regression criterion.

A support vector machine (SVM) that uses @; minimizes the above cri-
terion. For separable data, (BO,SVMHBSVM) — (BoyM,BM) as A — 0. A
lasso-SVM minimizes

n

> 1 =Yi(Bo + B )4 + MBI, (8.10)

=1

and does variable selection. A “ridged logistic regression” with ¥; € {—1,1}
minimizes N
> log[l +exp(=Yi(Bo + B"x:))] + AlBII3- (8.11)
i=1
The criterion (5.9) and (5.11) are similar. It can be shown that the SVM
maximizes M = width of margin subject to 3>7_, 37 = 1 such that ¢; > 0,
S? e < D, and Y;(Bo + B x;) > M(1 — ¢;). Compare (5.8). The maxi-
mization is over fy € R, 8 € RP, and ¢, ..., €,.

A slack variable €; = 0 if x; is on the correct side of the margin. If ¢; > 0,
then x; is on the wrong side of the hyperplane. Y;(8y + 87 x;) > M has
€; = 0 and is necessary for x; to be on the correct side of the margin. If
Yi(Bo + ,Bchl-) > M(1 —¢;) with ¢; > (but not if ¢; = 0), then ; is on the
wrong side of the hyperplane. See Definition 5.15. .

It can be shown that Bgyy = > cg%®%i, and ESP = [y svm +
ccTBSVM = BO,SVM + Y,cs ¥iwl@;. This quantity can ge computed using
the n x n Gram matrix X X7 with O(n?p) complexity, or using X X with
O(np?) complexity. Ridge regression could also be computed this way.

Sometimes one or a few cases shift the maximal margin hyperplane. The
SVM classifier is a soft margin classifier and can do better.
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The SVM that uses x; is like LDA and logistic regression for two groups.
An SVM that uses a kernel function is similar to QDA. Let the kernel function
be k(z;,x;). A linear kernel is k(z;,z;) = ! z;. A polynomial kernel of
degree d is k(z;, x;) = (1 + l'z;)?. A radial kernel is k(z;, z;) =

P
exp [—”y Z(xlk —2jk)?

k=1

= exp[—[z; — 2;|%].

If x is far from x;, then ||z — x;||3 is large so k(z;, z;) = exp[—7|z; — x;||?]
is tiny, and «; has almost no contribution to SP = SP(x) =
Bo + >, aik(z, z;). Compare KNN.

A support vector machine (SVM) uses

SP =SP(x) = o + Z aik(x, ;) = o + Z aik(z, z;)

=1 €S

where S is the index of support vectors. The support vectors determine the
hyperplane and the margin: if the support vectors are moved, then the hy-
perplane moves.

Using k(x, ;) leads o nonlinear decision boundaries if the kernel % is
nonlinear. The kernel is a bivariate transformation. There are () = n(n —
1)/2 istinct pairs (x;, ;) that are needed to estimate Gy and the c;. The
SVM with ESP = ESP(x) = fo+ Y1, aik(x, ;) is a competitor for QDA

while the SVM with ESP — ESP(z) = fo + 8 @ is a competitor for LDA.

8.10.2 SVM With More Than Two Groups

There are two common ways to extend binary classifies, such as SVMs and
binary logistic regression, to G > 2 classes. First, the one versus one or all
pairs classifier constructs (C;) binary classifiers, one for each pair of groups.
Classify & with f;;(x) = ESP;;(z), and let m; = number of times x is
predicted to be in class i. Then Y (x) = d where mg = max(my, ..., ma).
Second, the one versus all classifier fits G binary classifiers (such as SVMs):
group ¢ = 1 versus the G —1 other classes coded as —1 with ESP;(x) = f;(x).
Then Y (x) = d where fy(x) = max(fi(z), ..., fo(x)). (These are ESPs.)

8.11 Summary

1) In supervised classification, there are G known groups or populations and
m test cases. Each case is assigned to exactly one group based on its mea-
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surements w;. Assume that for each population there is a probability density
function (pdf) f;(z) where z is a p x 1 vector and j = 1, ..., G. Hence if the
random vector & comes from population j, then x has pdf f;(z). Assume
that there is a random sample of n; cases x1 j, ..., Ty, ; for each group. The

n= Zle n; cases make up the training data. Let (¥;, S;) denote the sample
mean and covariance matrix for each group. Let the ith test case w; be a new
p x 1 random vector from one of the G groups, but the group is unknown.
Discriminant analysis attempts to allocate the w; to the correct groups for
i=1,...,m.

2) The mazimum likelihood discriminant rule allocates case w to group a
if f,(w) maximizes fj (w) for j =1, ..., G. This rule is robust to nonnormality
and the assumption of equal population dispersion matrices, but f; is hard
to estimate for p > 2.

3) Given the fj (w) or a plot of the fj (w), determine the maximum likeli-
hood discriminant rule.

For the following rules, assume that costs of correct and incorrect alloca-
tion are unknown or equal, and assume that the probabilities 7; = p;(w;)
that w; is in group j are unknown or equal: 7; = 1/G for j =1, ..., G. Often
it is assumed that the G groups have the same covariance matrix X'g. Then
the pooled covariance matrix estimator is

1 G
Spont = —= 3 (0 = S,
Jj=1
where n = Zle n;. Let (i, 32,) be the estimator of multivariate location
and dispersion for the jth group, e.g. the sample mean and sample covariance
matrix (f;, X;) = (Z;, S;).
4) Assume the population dispersion matrices are equal: ¥; = X for
j=1,...,G. Let Z‘pool be an estimator of X. Then the linear discriminant
rule is allocate w to the group with the largest value of

d](w) = /]’?Zpololw - %ﬁ’?zpololﬂ’j = &j + Bfw
where j = 1,...,G. Linear discriminant analysis (LDA) uses (fi;, 3 ool) =
(T, Spoot). LDA is robust to nonnormality and somewhat robust to the as-
sumption of equal population covariance matrices.
5) The quadratic discriminant rule is allocate w to the group with the
largest value of

-1 - 1 . o1 .
Q(w) = S lo8(13,) — +w — )" %, (w0 — )
where j = 1,..., G. Quadratic discriminant analysis (QDA) uses (f;, 2J) =
(Z;,S;). QDA has some robustness to nonnormality.
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6) The distance discriminant rule allocates w to the group with the small-
est squared distance D3y, (f;, 2J) = (w—ﬂj)Ti‘;l(w—ﬂj) where j =1, ..., k.
This rule is robust to nonnormality and the assumption of equal X';, but
needs n; > 10p for j =1,...,G.

7) Assume that G = 2 and that there is a group 0 and a group 1. Let
p(w) = P(w € group 1). Let p(w) be the logistic regression (LR) estimate of
p(w). Logistic regression produces an estimated sufficient predictor ESP =

T
a+ B w. Then

T
efsP exp(d+ 08 w)

p(w) = 1+ ¢BSP -

A AT ’
l+exp(a@+ B w)

The logistic regression discriminant rule allocates w to group 1 if p(w) > 0.5
and allocates w to group 0 if p(w) < 0.5. Equivalently, the LR rule allocates
w to group 1 if ESP > 0 and allocates w to group 0 if ESP < 0.

8) Let Y; = j if case i is in group j for 5 = 0,1. Then a response plot is
a plot of ESP versus Y; (on the vertical axis) with p(x) = p(ESP) added
as a visual aid where ; is the vector of predictors for case i. Also divide the
ESP into J slices with approximately the same number of cases in each slice.
Then compute the sample mean = sample proportion in slice s: p, = Y, =
> Yi/m, where my is the number of cases in slice s. Then plot the resulting
step function as a visual aid. If ny and n; are the sample sizes of both groups
and n; > 5p, then the logistic regression model was useful if the step function
of observed slice proportions scatter fairly closely about the logistic curve
p(ESP). If the LR response plot is good, ng > 5p and ny > 5p, then the
LR rule is robust to nonnormality and the assumption of equal population
dispersion matrices. Know how to tell a good LR response plot from a bad
one.

9) Given LR output, as shown below in symbols and for a real data set,
and given x to classify, be able to a) compute ESP, b) classify @ in group 0
or group 1, ¢) compute p(x).

Label Estimate Std. Error Est/SE p-value
Constant & se(&) 20,0 for Ho: a =0
T b se(B1)  zon = P1/se(fr) for Ho: 1 =0

Tp Bp se(Bp) Zop = Bp/se(ﬁp) for Ho: B, =0

Binomial Regression Kernel mean function = Logistic
Response = Status,Terms = (Bottom Left),Trials = Ones
Coefficient Estimates

Label Estimate Std. Error Est/SE p-value
Constant -389.806 104.224 -3.740 0.0002

Bottom 2.26423 0.333233 6.795 0.0000
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Left 2.83356 0.795601 3.562 0.0004

10) Suppose there is training data x;; for i = 1, ..., n; for group j. Hence it
is known that x;; came from group j where there are G' > 2 groups. Use the
discriminant analysis method to classify the training data. If m; of the n;
group j cases are correctly classified, then the apparent error rate for group
. _ G _ G
Jis1—mj/n;. Ifma =377 mjof then = 37", n; cases were correctly
classified, then the apparent error rate AER = 1 —mau/n.

11) Get apparent error rates for LDA, and QDA with the following com-
mands.

out2 <- lda(x,group)
l-mean (predict (out?2, x) $class==group)

out3 <- gda(x,group)
l-mean (predict (out3, x) $class==group)

Get the AERs for the methods that use variables x1,z3, and z7 with the
following commands.

out <- lda(xI[,c(1,3,7)1,group)
l-mean (predict (out,x[,c(1,3,7)])Sclass==group)

out <- gda(x[,c(1,3,7)],group)
l-mean (predict (out,x[,c(1,3,7)]) $class==group)

Get the AERs for the methods that leave out variables x1, x4, and x5 with
the following commands.

out <- lda(x[,fc(l,4,5)],group)
l-mean (predict (out,x[,-c(1,4,5)])Sclass==group)

out <- gda(x[,-c(1,4,5)],group)
l-mean (predict (out,x[,-c(1,4,5)])Sclass==group)

12) Expect the apparent error rate to be too low: the method works better
on the training data than on the new test data to be classified.

13) Cross validation (CV): for ¢ = 1,...,n where the training data has n
cases, compute the discriminant rule with case ¢ left out and see if the rule
correctly classifies case i. Let m¢o be the number of cases correctly classified.
Then the CV error rate is 1 — mg/n.

14) Suppose the training data has n cases. Randomly select a subset L of
n, cases to be left out when computing the discriminant rule. Hence n — n,,
cases are used to compute the discriminant rule. Let mj be the number of
cases from subset L that are correctly classified. Then the “leave a subset
out” error rate is 1 — my,/n,. Here n, should be large enough to get a good
rate. Often use n, between 0.1n and 0.5n.
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15) Variable selection is the search for a subset of variables that does a
good job of classification.

16) Crude forward selection: suppose X1, ..., X, are variables.

Step 1) Choose variable W7 = X; that minimizes the AER.

Step 2) Keep Wi in the model, and add variable W5 that minimizes the
AER. So W; and Ws are in the model at the end of Step 2).

Step k) Have W1, ..., Wi_1 in the model. Add variable W), that minimizes
the AER. So W1, ..., Wy, are in the model at the end of Step k).

Step p) Wi,..., W, = X1, ..., X}, so all p variables are in the model.

17) Crude backward elimination: suppose X1, ..., X, are variables.

Step 1) Wh, ..., W, = Xu, ..., Xp, so all p variables are in the model.

Step 2) Delete variable W, = X such that the model with p —1 variables
Wi, ..., Wp—1 minimizes the AER.

Step 3) Delete variable W,_; = X such that the model with p—2 variables
Wi, ..., Wp—o minimizes the AER.

Step k) Wi, ..., Wp_i4o are in the model. Delete variable W,_p 42 = X
such that the model with p — k + 1 variables Wy, ..., W,_; 41 minimizes the
AER.

Step p) Have W7 and W5 in the model. Delete variable W5 such that the
model with 1 variable W7 minimizes the AER.

18) Other criterion can be used and proc stepdisc in SAS does variable
selection.

19) In R, using LDA, leave one variable out at a time as long as the AER
does not increase much, to find a good subset quickly.

8.12 Complements

This chapter followed Olive (2017c: ch. 8) closely. Discriminant analysis has
a massive literature. James et al. (2013) and Hastie et al. (2009) discuss
many other important methods such as trees, random forests, boosting, and
support vector machines. Koch (2014, pp. 120-124) shows that Fisher’s dis-
criminant analysis is a generalized eigenvalue problem. James et al. (2013)
has useful R code for fitting KNN. Cook and Zhang (2015) show that enve-
lope methods have the potential to significantly improve standard methods
of linear discriminant analysis.

Huberty and Olejnik (2006) and McLachlan (2004) are useful references
for discriminant analysis. Silverman (1986, ¢ 6.1) is a good reference for
nonparametric discriminant analysis. Discrimination when p > n is interest-
ing. See Cai and Liu (2011) and Mai et al. (2012). See Friedman (1989) for
regularized discriminant analysis.

A DA method for two groups can be extended to G groups by performing
the DA method G times where Y;; = 1 if «;; is in the jth group and Y;; =0
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if @;; is not in the jth group for j = 1,...,G. Then compute p; = I:’(w is in
the jth) group, and assign w to group a where p, is a max.

There are variable selection methods for DA, and some implementations
are needed in R, especially forward selection for when p > n. Witten and
Tibshirani (2011) give a LASSO type FDA method useful for p > n. See
the R package penalizedLDA. An outlier resistant version can be made using
getBbig to find By;4. See Section 1.3 and Example 5.1.

Olive and Hawkins (2005) suggest that fast variable selection methods orig-
inally meant for multiple linear regression are also often effective for logistic
regression when the C), criterion is used. See Olive (2010: ch. 10, 2013b, 2017a:
ch. 13) for more information about variable selection and response plots for
logistic regression.

Hand (2006) notes that supervised classification is a research area in statis-
tics, machine learning, pattern recognition, computational learning theory,
and data mining. Hand (2006) argues that simple classification methods,
such as linear discriminant analysis, are almost as good as more sophisti-
cated methods such as neural networks and support vector machines.

8.13 Problems

PROBLEMS WITH AN ASTERISK * ARE ESPECIALLY USE-
FUL.

5.1*. Assume the cases in each of the G groups are iid from a population
with covariance matrix X (j) Find E(Spoe) assuming that the k groups
have the same covariance matrix X'z (j) = Xg for j =1,...,G.

Logistic Regression Output for Problem 5.2

Response = nodal involvement, Terms = (acid size xray)
Label Estimate Std. Error Est/SE p-value
Constant -3.57564 1.18002 -3.030 0.0024
acid 2.06294 1.26441 1.632 0.1028
size 1.75556 0.738348 2.378 0.0174
xray 2.06178 0.777103 2.653 0.0080

Number of cases: 53, Degrees of freedom: 49,
Deviance: 50.660

5.2. Following Collett (1999, p. 11), treatment for prostate cancer de-
pends on whether the cancer has spread to the surrounding lymph nodes.
Let the response variable = group y = nodal involvement (0 for absence, 1
for presence). Let 1 = acid (serum acid phosphatase level), o = size (=
tumor size: 0 for small, 1 for large) and x3 = zray (xray result: 0 for negative,
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1 for positive). Assume the case to be classified has & with 21 = acid = 0.65,
x9 = 0, and 3 = 0. Refer to the above output.

a) Find ESP for «.
b) Is x classified in group 0 or group 17
¢) Find p(x).
5.3. Recall that X comes from a uniform(a,b) distribution, written x ~
1
U(a,b), if the pdf of z is f(z) = 2
—a
Suppose group 1 has X ~ U(-3,3), group 2 has X ~ U(-5,5), and group
3 has X ~ U(-1,1). Find the maximum likelihood discriminant rule for
classifying a new observation x.

fora < < band f(x) =0, otherwise.

#Problem 5.4

out <- lda(state[,1:4],statel[,5])

l-mean (predict (out, state[,1:4]) $Sclass==statel[,5])
[1] 0.3

5.4. The above LDA output is for the Minor (2012) state data where gdp
= GDP per capita, povrt = poverty rate, unins = 3 year average uninsured
rate 2007-9, and lifexp = life expectancy for the 50 states. The fifth variable
was a 1 if the state was not worker friendly and a 2 if the state was worker
friendly. With these two groups, what was the apparent error rate (AER) for
LDA?

> out <- lda(x,group) #Problem 5.5
> l-mean (predict (out, x) Sclass==group)

[1] 0.02

>

> out<-lda(x[,-c(1)],group)

> l-mean (predict (out,x[,-c(1l)])S$class==group)
[1] 0.02

> out<-lda(x[,-c(1,2)],group)

> l-mean (predict (out,x[,-c(1,2)])S$class==group)
[1] 0.04

> out<-lda(x[,-c(1,3)],group)

> l-mean (predict (out,x[,-c(1,3)])S$class==group)
[1] 0.03333333

> out<-lda(x[,-c(1,4)],group)

> l-mean (predict (out,x[,-c(1,4)])S$class==group)
[1] 0.04666667

>

> out<-lda(x[,c(2,3,4)]1,group)

> l-mean (predict (out,x[,c(2,3,4)])S$class==group)
[1] 0.02

5.5. The above output is for LDA on the famous iris data set. The variables
are 1 = sepal length, xo = sepal width, x3 = petal length, and x4 = petal
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width. These four predictors are in the  data matrix. There are three groups
corresponding to types of iris: setosa, versicolor, and virginica.

a) What is the AER using all 4 predictors?

b) Which variables, if any, can be deleted without increasing the AER in
a)?
5.6.

Logistic Regression Output

Response = survival, Terms = (Age Vel)

Coefficient Estimates

Label Estimate Std. Error Est/SE p-value
Constant -16.9845 5.14715 -3.300 0.0010
Age 0.162501 0.0414345 3.922 0.0001
Vel 0.233906 0.0862480 2.712 0.0067

The survival outcomes of 58 side-impact collisions using crash dummies
was examined. z; = age is the “age” of the crash dummy while xo = vel
was the velocity of the automobile at impact. The group = response variable
survival was coded as a 1 if the accident would have been fatal, 0 otherwise.
Assume the case to be classified has  with age = 1 = 60.0 and velocity

a) Find ESP for «.

b) Is « classified in group 0 or group 17

¢) Find p(x).

5.7.

out <- lda(state[,1:4],statel[,5])
l-mean (predict (out, state[,1:4]) $Sclass==state[,5])
[1] 0.3

The LDA output above is for the Minor (2012) state data where gdp =
GDP per capita, povrt = poverty rate, unins = 3 year average uninsured rate
2007-9, and lifexp = life expectancy for the 50 states. The fifth variable Y
was a 1 if the state was not worker friendly and a 2 if the state was worker
friendly. With these two groups, what was the apparent error rate (AER) for
LDA?

5.8.

> out <- lda(x,group)

> l-mean (predict (out, x) Sclass==group)

[1] 0.02

>

> out<-lda(x[,—-c(l)],group)

> l-mean (predict (out,x[,-c(1l)])S$class==group)
[1] 0.02

> out<-lda(x[,-c(1,2)],group)

> l-mean (predict (out,x[,-c(1,2)])S$class==group)



240 8 Classification

[1] 0.04

> out<-lda(x[,-c(1,3)],group)

> l-mean (predict (out,x[,-c(1,3)])S$class==group)
[1] 0.03333333

> out<-lda(x[,-c(1,4)],group)

> l-mean (predict (out,x[,-c(1,4)])S$class==group)
1] 0.04666667

[

>

> out<-lda(x[,c(2,3,4)],group)

> l-mean (predict (out,x[,c(2,3,4)])$class==group)
[1]

1] 0.02

The above output is for LDA on the famous iris data set. the variables
are r1 = sepal length, x5 = sepal width, x3 = petal length and x4 = petal
width. These four predictors are in the  data matrix. There are three groups
corresponding to types of iris: setosa versicolor virginica.

a) What is the AER using all 4 predictors?

b) Which variables, if any, can be deleted without increasing the AER in
a)?
5.9. The James et al. (2013) ISLR Default data set is simulated data for
predicting which customers will default on their credit card debt. Let Y = 1 if
the customer defaulted and Y = —1 otherwise. The predictors were 1 = Yes
if the customer is a student and X; = No, otherwise, 2 = balance = the
average monthly balance after the monthly payment, and x3 = income of the
customer.

i) For SVM

truth
predict -1 1 AER =
-1 9667 333
1 0 0

ii) For bagging

truth
predict -1 1 AER =
-1 9566 227
1 101 106

iii) For random forests

truth
predict -1 1 AER =
-1 9625 245
1 42 88

a) Compute the error rate AER for each table.
b) Which method was worst for predicting a default?
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5.10. This problem uses the Gladstone (1905) brain weight data and clas-
sifies gender (F for y = —1 or 2z = 0, M for y = 1 = 2) using various predictors
including head measurements, brain weight, and height. Some outliers were
removed and the data set was divided into a training set with n = 200 cases
and a test set with m = 61 cases. Compute the VER for each table.

truth
predict -1 1
-1 16 12 bagging VER =
1 3 30
truth
predict -1 1
-1 15 13 random forest VER =
1 4 29
truth
predict -1 1 (10-fold CV) SVM VER =
-1 12 13
1 7 29
truth
predict -1 1
-1 12 18 LDA VER =
1 7 24
truth
predict -1 1
-1 17 21 QDA VER =
1 2 21
truth

predict -1 1
-1 14 14 (K = 7) KNN VER
1 5 28

R Problems

Warning: Use the command source(“G:/slpack.tzt”) to download
the programs. See Preface or Section 8.1. Typing the name of the
slpack function, e.g. ddplot, will display the code for the function. Use the
args command, e.g. args(ddplot), to display the needed arguments for the
function. For some of the following problems, the R commands can be copied
and pasted from (http://parker.ad.siu.edu/Olive/slrhw.txt) into R.

5.11. The Wisseman et al. (1987) pottery data has 36 pottery shards
of Roman earthware produced between second century B.C. and fourth cen-
tury A.D. Often the pottery was stamped by the manufacturer. A chemical
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analysis was done for 20 chemicals (variables), and 28 cases were classified as
Arrentine (group 1) or nonArrentine (group 2), while 8 cases were of ques-
tionable origin. So the training data has n = 28 and p = 20.

a) Copy and paste the R commands for this part into R to make the data
set.

b) Because of the small sample size, LDA should be used instead of QDA.
Nonetheless, variable selection using QDA will be done. Copy and paste the
R commands for this part into R. The first 9 variables result in no misclas-
sification errors.

¢) Now use commands like those shown in Example 5.2 to delete variables
whose deletion does not result in a classification error. You should get four
variables are needed for perfect classification. What are they (e.g. X1, X2,
X3, and X4)?

5.12. Variable selection for LDA used the pottery data described in Prob-
lem 5.11, and suggested that variables X6, X11, X14, and X18 are good. Use
the R commands for this problem to get the apparent error rate AER.

5.13. This problem uses KNN on the same data set as in Problem 5.11.

a) Copy and paste the commands for this part into R to show AER = 0
for KNN if K = 1.

b) Copy and paste the commands for this part into R to get the validation
error rate for KNN if K = 1. Give the rate. The validation set has 12 cases
and KNN is computed from the remaining 16 cases.

¢) Use these commands to give the AER if K = 2.

d) Use these commands to give the validation ER if K = 2.

e) Use these commands to give the AER for 2NN using variables X6, X11, X14,
and X18 that were good for LDA in Problem 5.11.

f) Use these commands to give the validation ER for 2NN using variables
X6, X11, X14, and X 18 that were good for LDA.

5.14. For the Gladstone (1905) data, the response variable Y = gender,
gives the group (0-F, 1-M). The predictors are x1 = age, o = log(age), x3 =
breadth of head, x4 and x5 are indicators for cause of death coded as a factor,
26 = cephalic index (a head measurement), x7 = circumference of head, xg =
height of the head, x9 = height of the person, x1y = length of head, x1; =
size of the head, and x12 = log(size) of head. The sample size is n = 267.

a) The R code for this part does backward elimination for logistic regres-
sion. Backward elimination should only be used if n > Jp with J > 5 and
preferably J > 10.

Include the coefficients for the selected model (given by the summary (back)
command) in Word. (You may need to do some editing to make the table
readable.)

b) The R code for this part gives the response plot for the backward
elimination submodel Ig. Does the response plot look ok?

¢) Use the R code for this part to give the AER for I5.

d) Use the R code for this part to give a validation ER for Ip.
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(Another validation ER would apply backward elimination on the cases not
in the validation set. We just used the variables from the backward elimina-
tion model selected using the full data set. The first method is likely superior,
but the second method is easier to code.)

e) These R commands will use lasso with a classification criterion. We got
rid of the factor (two indicator variables) since cv.glmnet uses a matrix
of predictors. Lasso can handle indicators like gender as a response variable,
but will not keep or delete groups two or more indicators that are needed
for a quantitative variable with 3 or more levels. These commands give the
k-fold CV error rate for the lasso logistic regression. What is it?

f) Use the commands for this part to get the relaxed lasso response plot
where relaxed lasso uses the lasso from part e). Include the plot in Word.

g) Use the commands from this plot to make the EE plot of the ESP from
relaxed lasso (ESPRL) versus the ESP from lasso (ESPlasso).

5.15. This problem creates a classification tree. The vignette Therneau
and Atkinson (2017) and book MathSoft (1999b) were useful. The dataset has
n = 81 children who have had corrective spinal surgery. The variables are Y =
Kyphosis: postoperative deformity is present/absent, and predictors z; =
Age of child in months, x,, = Number vertebrae involved in the operation,
and Start = beginning of the range of vertebrae involved.

a) Use the R code for this part to print the classification tree. Then predict
whether Y = absent or Y = present if Start = 13 and Age = 25.

b) Then predict whether Y = absent or Y = present if Start = 10 and
Age = 120. Note that you go to the left of the tree branch if the label
condition is true, and to the right of the tree branch if the label condition is
not true.

5.16. This is the pottery data of Problem 5.11, but the 28 cases were
classified as Arrentine for y = —1 and nonArrentine for y = 1.

a) Copy and paste the commands for this part into R. These commands
make the data and do bagging. Copy and paste the truth table into Word.
What is the AER?

b) Copy and paste the commands for this part into R. These commands
do random forests. Copy and paste the truth table into Word. What is the
AER?

¢) Copy and paste the commands for this part into R. These commands
do SVM with a fixed cost. Copy and paste the truth table into Word. What
is the AER?

d) Copy and paste the commands for this part into R. These commands
do SVM with a cost chosen by 10-fold CV. Copy and paste the truth table
into Word. What is the AER?

5.17. This problem uses the Gladstone (1905) brain weight data and clas-
sifies gender (F for y = —1, M for y = 1) using various predictors including
head measurements, brain weight, and height. Some outliers were removed
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and the data set was divided into a training set with n = 200 cases and a
test set with m = 61 cases.

a) Copy and paste the commands for this part into R. These commands
make the data and do bagging. Copy and paste the truth table into Word.
What is the AER?

b) Copy and paste the commands for this part into R. These use bagging
on the training data and validation set. Copy and paste the truth table into
Word. What is the bagging validation error rate?

¢) Copy and paste the commands for this part into R. These commands
do random forests. Copy and paste the truth table into Word. What is the
AER?

d) Copy and paste the commands for this part into R. These use random
forests on the training data and validation set. Copy and paste the truth
table into Word. What is the random forests validation error rate?

e) Copy and paste the commands for this part into R. These commands
do SVM with a cost chosen by 10-fold CV. Copy and paste the truth table
into Word. What is the AER?

f) Copy and paste the commands for this part into R. These commands do
SVM with a cost chosen by 10-fold CV on the training data and validation
set. Copy and paste the truth table into Word. What is the SVM validation
error rate?



Chapter 9
Multivariate Linear Regression

This chapter will show that multivariate linear regression with m > 2 re-
sponse variables is nearly as easy to use, at least if m is small, as multiple
linear regression which has 1 response variable. For multivariate linear re-
gression, at least one predictor variable is quantitative. Plots for checking
the model, including outlier detection, are given. Prediction regions that are
robust to nonnormality are developed. For hypothesis testing, it is shown
that the Wilks’ lambda statistic, Hotelling Lawley trace statistic, and Pillai’s
trace statistic are robust to nonnormality.

9.1 Introduction

Definition 10.1. The response variables are the variables that you want
to predict. The predictor variables are the variables used to predict the
response variables.

Definition 10.2. The multivariate linear regression model
Y, = BTCEi + €;

for © = 1,...,n has m > 2 response variables Y7,...,Y,, and p predictor
variables 1, ®g, ..., ¥, where ;1 = 1 is the trivial predictor. The ith case
is (', yT) = (1,22, ..., Tip, Yi1, .-, Yim) where the 1 could be omitted. The
model is written in matrix form as Z = X B + E where the matrices are
defined below. The model has E(ex) = 0 and Cov(ey) = XYe = (0y;) for
k = 1,...,n. Then the p x m coefficient matrix B = [,81 Bs ...,Bm] and
the m x m covariance matrix Xe are to be estimated, and E(Z) = XB
while E(Y;;) = :ciTBj. The €; are assumed to be iid. Multiple linear regres-
sion corresponds to m = 1 response variable, and is written in matrix form
as Y = X3+ e. Subscripts are needed for the m multiple linear regression
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models Y; = X 3;+e; for j = 1,..., m where FE(e;) = 0. For the multivariate
linear regression model, Cov(e;, e;) = 0;; I, for i,5 =1,...,m where I,, is
the n x n identity matrix.

Notation. The multiple linear regression model uses m = 1. See Def-
inition 1.9. The multivariate linear model y, = BTz, +efori=1,..,n
has m > 2, and multivariate linear regression and MANOVA models are
special cases. See Definition 9.2. This chapter will use 1 = 1 for the multi-
variate linear regression model. The multivariate location and dispersion
model is the special case where X =1 and p=1.

The data matrix W = [X Z] except usually the first column 1 of X is
omitted for software. The n x m matrix

YiiYio... Y1 o7
1
Yoi1 Yoo ... Yo,
= . . . :[YlYQ...Ym]:
: : .o yT
Yni1Yeo. ... Yom n
The n X p design matrix of predictor variables is
1,1 1,2 --- T1,p
Ty
2,1 2,2 --- T2.p
X = :[’Ul’l}z...’l}p]: :
),
Tn,1 Tn,2 -+ Tn,p
where v; = 1.
The p x m matrix
Bi1 Bz Bim
Bo1 B2z - Pom
= : S : :[/31/32---/3m]-
Bp,l 6;0,2 cee 6p,m
The n x m matrix
6171 6172 e 617m T
€1
6271 6272 e 627m
FE = :[6162...6m]: :
€n
6n71 6n72 e en,m

Considering the ith row of Z, X, and E shows that yI = ! B + €!.

Each response variable in a multivariate linear regression model follows a
multiple linear regression model Y; = X3, + e; for j = 1,...,m where it
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is assumed that E(e;) = 0 and Cov(e;) = o;;I,. Hence the errors corre-
sponding to the jth response are uncorrelated with variance O'J2- = 0;;. Notice
that the same design matrix X of predictors is used for each of the m
models, but the jth response variable vector Y';, coeflicient vector 3;, and
error vector e; change and thus depend on j.

Now consider the ith case (27, yZ) which corresponds to the ith row of Z
and the ith row of X. Then

Yi1 = Buizia + -+ Bpiip + €1 = L By + €1
Yio = Biazi + -+ Bpaip + €i2 = T By + €2

Yim = BimTin + -+ -+ ﬂpm.fbip + €im = m;TIBm + €im
ory; = g, + € = E(y;) + €; where

mi,@l
x; By

The notation y;|x; and E(y,|z;) is more accurate, but usually the condi-
tioning is suppressed. Taking gy, to be a constant (or condition on a; if the
predictor variables are random variables), y, and €; have the same covariance
matrix. In the multivariate regression model, this covariance matrix ¥'¢ does
not depend on 4. Observations from different cases are uncorrelated (often
independent), but the m errors for the m different response variables for the
same case are correlated. If X is a random matrix, then assume X and E
are independent and that expectations are conditional on X.

Example 10.1. Suppose it is desired to predict the response variables
Y1 = height and Yo = height at shoulder of a person from partial skeletal
remains. A model for prediction can be built from nearly complete skeletons
or from living humans, depending on the population of interest (e.g. ancient
Egyptians or modern US citizens). The predictor variables might be 1 = 1,
xo = femur length, and x3 = ulna length. The two heights of individuals with
xo = 200mm and x3 = 140mm should be shorter on average than the two
heights of individuals with xo = 500mm and x3 = 350mm. In this example
Y1, Y, xo, and x3 are quantitative variables. If x4 = gender is a predictor
variable, then gender (coded as male = 1 and female = 0) is qualitative.

Definition 10.3. Least squares is the classical method for fitting multi-
variate linear regression. The least squares estimators are

B=(X"X)"'X"Z=[8,8,...8,]

The predicted values or fitted values
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YiiYieg... Y1
Yo1 Yoo ... Yo,

Yoi1 Yo .. Yom

AT ~ ~ ~

€ 6171 6172 N 617m
~T ~ ~ ~

€y €21 €22 ... €2 m
. :[T17’2...7’m]:

AT ~ ~ ~

€ €n,1 €n,2 - €Enm

n

These quantities can be found from the m multiple linear regressions of Y,
on the predictors: 8, = (X' X)'X"Y;, Y; = XB,,andr; =Y, - Y
fOI‘j = 1, M. Hence gi,j = }/i,j — }A/iyj where Yj = (}A/lyj, ceny Ynyj)T. FinaHy,
Sea=

n

Z-27(Z-%2) (Z-XB"Z-XB) EE 1 .
n—d:n—d;

€€, .

The choices d = 0 and d = p are common. If d = 1, then 26,(1:1 = S5,, the
sample covariance matrix of the residual vectors €;, since the sample mean
of the €; is 0. Let X¢ = X¢ , be the unbiased estimator of Xe. Also,

Sea=n—-a) ' ZT I - X(XTX)'X]Z,

and A
E=[I-XX"X)"'X]z.

The following two theorems show that the least squares estimators are

fairly good. Also see Theorem 10.7 in Section 10.4. Theorem 10.2 can also be
n—1
S

n—d

Theorem 10.1, Johnson and Wichern (1988, p. 304): Suppose X
has full rank p < n and the covariance structure of Definition 10.2 holds. Then
E(B) = B so E(B;) = B;, Cov(B,,B) = oju(X"X)™! for j,k = 1,...,p.
Also E and B are uncorrelated, E(E) = 0, and

~T ~
E(Ye)=E <f_1;> = Ye.

used for 267(1 =
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Theorem 10.2. S, = X¢ + Op(n~'/?) and 71121 € e = Xe +
Op(n=1/2) if the following three conditions hold: B — B = Op(nfl/Q),
LN Jex! =0p(1),and 137 | @ _Op( 1/2),

Proof. Note that y, = Bchi—i-ei = B x;+€;. Hence €; = (B—B)chi—l-ei.
Thus

B)' () @] )(B - B).
=1
Thus 1 Z,L 1 AléT = %Z’?:l eie;_r_i_
Op(1)Op(n~"%) + Op(n" 2>0p(1> +O0p(n”%)0p(n!/*)0p(n~""?),

and the result follows since % S €€l = e+ Op(n~t/?) and
n 1«
T n—1n g

S, and 26 are also y/n consistent estimators of X'¢ by Su and Cook (2012,
p. 692). See Theorem 10.7.

9.2 Plots for the Multivariate Linear Regression Model

This section suggests using residual plots, response plots, and the DD plot to
examine the multivariate linear model. The DD plot is used to examine the
distribution of the iid error vectors. The residual plots are often used to check
for lack of fit of the multivariate linear model. The response plots are used
to check linearity and to detect influential cases for the linearity assumption.
The response and residual plots are used exactly as in the m = 1 case corre-
sponding to multiple linear regression and experimental design models. See
Olive (2010, 2017a), Olive et al. (2015), Olive and Hawkins (2005), and Cook
and Weisberg (1999, p. 432).

Notation. Plots will be used to simplify the regression analysis, and in
this text a plot of W versus Z uses W on the horizontal axis and Z on the
vertical axis.
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Definition 10.4. A response plot for the jth response variable is a plot
of the fitted values Y;; versus the response Y;;. The identity line with slope
one and zero intercept is added to the plot as a visual aid. A residual plot
corresponding to the jth response variable is a plot of }Afij Versus r;;.

Remark 10.1. Make the m response and residual plots for any multi-
variate linear regression. In a response plot, the vertical deviations from the
identity line are the residuals r;; = Y;; — Yw Suppose the model is good,
the jth error distribution is unimodal and not highly skewed for j =1, ..., m,
and n > 10p. Then the plotted points should cluster about the identity line
in each of the m response plots. If outliers are present or if the plot is not
linear, then the current model or data need to be transformed or corrected.
If the model is good, then each of the m residual plots should be ellipsoidal
with no trend and should be centered about the » = 0 line. There should not
be any pattern in the residual plot: as a narrow vertical strip is moved from
left to right, the behavior of the residuals within the strip should show little
change. Outliers and patterns such as curvature or a fan shaped plot are bad.

Rule of thumb 10.1. Use multivariate linear regression if
n > max((m + p)%, mp + 30, 10p))

provided that the m response and residual plots all look good. Make the DD
plot of the €;. If a residual plot would look good after several points have
been deleted, and if these deleted points were not gross outliers (points far
from the point cloud formed by the bulk of the data), then the residual plot
is probably good. Beginners often find too many things wrong with a good
model. For practice, use the computer to generate several multivariate linear
regression data sets, and make the m response and residual plots for these
data sets. This exercise will help show that the plots can have considerable
variability even when the multivariate linear regression model is good. The
linmodpack function MLRs im simulates response and residual plots for various
distributions when m = 1.

Rule of thumb 10.2. If the plotted points in the residual plot look like
a left or right opening megaphone, the first model violation to check is the
assumption of nonconstant variance. (This is a rule of thumb because it is
possible that such a residual plot results from another model violation such
as nonlinearity, but nonconstant variance is much more common.)

Remark 10.2. Residual plots magnify departures from the model while
the response plots emphasize how well the multivariate linear regression model
fits the data.

Definition 10.5. An RR plot is a scatterplot matrix of the m sets of
residuals ry, ..., 7p,.
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Definition 10.6. An FF plot is a scatterplot matrix of the m sets of fitted
values of response variables Y1, ..., Y,,. The m response variables Y1, ..., Y,
can be added to the plot.

Remark 10.3. Some applications for multivariate linear regression need
the m error vectors to be linearly related, and larger sample sizes may be
needed if the error vectors are not linearly related. For example, the asymp-
totic optimality of the prediction regions of Section 10.3 needs the error
vectors to be iid from an elliptically contoured distribution. Make the RR
plot and a DD plot of the residual vectors €; to check that the error vectors
are linearly related. Make a DD plot of the continuous predictor variables to
check for a-outliers. Make a DD plot of Yy, ....,Y,, to check for outliers, es-
pecially if it is assumed that the response variables come from an elliptically
contoured distribution.

The RMVN DD plot of the residual vectors €; is used to check the error
vector distribution, to detect outliers, and to display the nonparametric pre-
diction region developed in Section 10.3. The DD plot suggests that the error
vector distribution is elliptically contoured if the plotted points cluster tightly
about a line through the origin as n — oco. The plot suggests that the error
vector distribution is multivariate normal if the line is the identity line. If n
is large and the plotted points do not cluster tightly about a line through the
origin, then the error vector distribution may not be elliptically contoured.
These applications of the DD plot for iid multivariate data are discussed in
Olive (2002, 2008, 2013a, 2017b) and Chapter 7. The RMVN estimator has
not yet been proven to be a consistent estimator when computed from resid-
ual vectors, but simulations suggest that the RMVN DD plot of the residual
vectors is a useful diagnostic plot. The linmodpack function mregddsim can
be used to simulate the DD plots for various distributions.

Predictor transformations for the continuous predictors can be made ex-
actly as in Section 1.2.

Warning: The log rule and other transformations do not always work. For
example, the log rule may fail. If the relationships in the scatterplot matrix are
already linear or if taking the transformation does not increase the linearity,
then no transformation may be better than taking a transformation. For
the Cook and Weisberg (1999) data set evaporat.lsp with m = 1, the log
rule suggests transforming the response variable Fvap, but no transformation
works better.

Response transformations can also be made as in Section 1.2, but also
make the response plot of Y'; versus Y;, and use the rules of Section 1.2
on Y; to linearize the response plot for each of the m response variables
Y1, ., Yoo
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9.3 Asymptotically Optimal Prediction Regions

In this section, we will consider a more general multivariate regression model,
and then consider the multivariate linear model as a special case. Given n
cases of training or past data (x1,y,), ..., (€n,y,,) and a vector of predictors
@, suppose it is desired to predict a future test vector y .

Definition 10.7. A large sample 100(1 — )% prediction region is a set A,
such that P(y; € A,) — 1—3§ asn — oo, and is asymptotically optimal if the
volume of the region converges in probability to the volume of the population
minimum volume covering region.

The classical large sample 100(1 — §)% prediction region for a future value

xs given iid data @1, ...,,®, is {z : D% (T, S) < X;lﬂ;}, while for multi-
variate linear regression, the classical large sample 100(1 — )% prediction
region for a future value y, given x; and past data (z1,Y;), - (Tn,y,) is

{y: D%(ijf, 26) < X72n,176}' See Johnson and Wichern (1988, pp. 134, 151,
312). By Equation (1.36), these regions may work for multivariate normal x;
or €;, but otherwise tend to have undercoverage. Section 4.4 and Olive (2013a)
replaced x7 ; _; by the order statistic D7, | where U,, decreases to [n(1—9)].
This section will use a similar technique from Olive (2018) to develop possibly
the first practical large sample prediction region for the multivariate linear
model with unknown error distribution. The following technical theorem will
be needed to prove Theorem 10.4.

Theorem 10.3. Let @ > 0 and assume that (fi,,3,) is a consistent
estimator of (p,aX).

8) D} (ft,, ) — LD%(p, X) = op(1).
b) Let 0 < & < 0.5. If (j1,,, 5n) — (1, a%) = Op(n~?) and a3, — X! =
Op(n~?%), then

P 1 -
D3 (jt, £0) = - D3, ) = Op(n™).

Proof. Let B,, denote the subset of the sample space on which 3, has an
inverse. Then P(B,,) — 1 as n — co. Now

D3 (ft, B0) = (@ — 1,)" 2, (@ — f1,,) =

( - 1+2n1)<w—ﬂn>—
3

(— fi)" (
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1
a

(@— )" (-2 +a B, )@—p,) +

-1

(w—u+u—ﬂn)T( )(w—u+u—ﬂn)

= oI @)t - )T I )+

1 © T g1 -
(i — > _ z
(=) (b= fon) +
on B, and the last three terms are op(1) under a) and Op(n~?) under b).
O

Now suppose a prediction region for an m x 1 random vector y; given a
vector of predictors x is desired for the multivariate linear model. If we had
many cases z; = BTlg ¢ + €, then we could use the multivariate prediction
region for m variables from Section 2.2. Instead, Theorem 10.4 will use the

. T
prediction region from Section 4.4 on the pseudodata z; = B x5 + € =
Yy + € fori=1,..,n. This takes the data cloud of the n residual vectors €;
and centers the cloud at g ;. Note that 2; = (B—B +B) x4 (ei—€i+¢&) =
zi+(B-B)Tx;+é—€ = zi+(B-B)Tx;—(B-B) z; = 2,4+ 0p(n~'/?).
Hence the distances based on the z; and the distances based on the %; have
the same quantiles, asymptotically (for quantiles that are continuity points
of the distribution of z;).

If the €; are iid from an EC,,(0, X, g) distribution with continuous de-
creasing ¢ and nonsingular covariance matrix Ye¢ = ¢X for some con-

stant ¢ > 0, then the population asymptotically optimal prediction region
is {y : Dy(B"x;, ¥¢) < D1_s} where P(Dy(B"zy, X¢) < Di_s5) =1 —4.
For example, if the iid €; ~ N, (0, X¢), then Dy_s = 1/)(72717175. If the er-
ror distribution is not elliptically contoured, then the above region still has
100(1 — 6)% coverage, but prediction regions with smaller volume may exist.
A natural way to make a large sample prediction region is to estimate the
target population minimum volume covering region, but for moderate sam-
ples and many error distributions, the natural estimator that covers [n(1—9)]
of the cases tends to have undercoverage as high as min(0.05,/2). This em-
pirical result is not too surprising since it is well known that the performance
of a prediction region on the training data is superior to the performance on
future test data, due in part to the unknown variability of the estimator. To
compensate for the undercoverage, let ¢, be as in Theorem 10.4.

Theorem 10.4. Suppose y, = E(y;|x;) + €; = Y, + & where Cov(e;) =
Ye > 0, and where the zero mean €y and the €; are iid for ¢ = 1,...,n.
Given @, suppose the fitted model produces ¥ ¢ and nonsingular Ye. Let
21' :’gj—i-él and
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A < A ~ e ~
D} =D}y, Xe) = (2:—9;) Ze (2 —9y)

fori=1,...,n. Let ¢, = min(1l — § + 0.05,1 — 6 +m/n) for § > 0.1 and
gn = min(l — /2,1 — 0 + 106m/n), otherwise.

If g <1—-06+0.001,set ¢, =1—6. Let 0 <6 <1andh = Dy, where
Dy, is the 100 g,th sample quantile of the Mahalanobis distances D;. Let
the nominal 100(1 — §)% prediction region for y; be given by

N 1 N
{z:(z=9,)"Zc (z—9;) <Dy} =

{z: D?Z(gfa 26) < D(2Un)} ={z: DZ(Qj', 26) <Dw,}- (9.1)

a) Consider the n prediction regions for the data where (y;,;, i) =
(y;, ;) for i = 1,...,n. If the order statistic Dy, is unique, then U,, of the
n prediction regions contain y, where U, /n — 1 —§ as n — oo.

b) If (y,, 3¢) is a consistent estimator of (E(y;), Xe), then (10.1) is a
large sample 100(1 — )% prediction region for y .

c) If (g, 3¢) is a consistent estimator of (E(yy), Xe), and the €; come
from an elliptically contoured distribution such that the unique highest den-
sity region is {z : Dz(0, ¥X¢) < D;j_s}, then the prediction region (10.1) is
asymptotically optimal.

Proof. a) Suppose (zy,y;) = (i, y;). Then

- N A1 N a1, -
D12/1. (Ui, XYe) = (y; — yi)TZG (y; —9;) = 6?26 € = D?Ei(O, Ye).

Hence y; is in the ith prediction region {2z : Dz (9;, Xe) < Dw,\ (Y, Ye)d
iff &; is in prediction region {z : Dz (0, ¥¢) < Dw,)(0, 3e)}, but exactly U,
of the €; are in the latter region by construction, if D(y, ) is unique. Since
D,y is the 100(1 — 0)th percentile of the D; asymptotically, U, /n — 1 —4.

b) Let P[Dz(E(y;), Xe) < Di1-s(E(y;), ¥e)] = 1 — 4. Since Xe > 0,

Theorem 10.3 shows that if (g}f,ﬁe) il (E(ys), Xe) then D(i/f,ﬁ‘e) 5
Dz(E(yy), Xe). Hence the percentiles of the distances converge in distribu-
tion, and the probability that y, is in {z : Dz (¥, 26) < Di-s(9y, 26)}
converges to 1 — ¢ = the probability that y; is in {2 : Dz(E(y;), Xe) <
Dy _5(E(y;), Xe)} at continuity points D; s of the distribution of D(E(y ),
Ze).

¢) The asymptotically optimal prediction region is the region with the
smallest volume (hence highest density) such that the coverage is 1 — 4, as
n — oo. This region is {z : Dz(E(y;), ¥e) < D1-5(E(y;), Xe)} if the
asymptotically optimal region for the €; is {z : Dz (0, ¥X¢) < D1_5(0, X¢)}.
Hence the result follows by b). O
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Notice that if 2;1 exists, then 100¢,% of the n training data y, are in their
corresponding prediction region with 5 = «;, and ¢,, — 1—4 even if (g, Z‘e)
is not a good estimator or if the regression model is misspecified. Hence the
coverage g, of the training data is robust to model assumptions. Of course the
volume of the prediction region could be large if a poor estimator (g,, 26) is
used or if the €; do not come from an elliptically contoured distribution. The
response, residual, and DD plots can be used to check model assumptions.
If the plotted points in the RMVN DD plot cluster tightly about some line
through the origin and if n > max[3(m + p)?, mp + 30], we expect the volume
of the prediction region may be fairly low for the least squares estimators.

If n is too small, then multivariate data is sparse and the covering ellipsoid
for the training data may be far too small for future data, resulting in severe
undercoverage. Also notice that ¢, = 1—6/2 or g, = 1 —3§+0.05 for n < 20p.
At the training data, the coverage ¢, > 1 — §, and ¢, converges to the
nominal coverage 1 — ¢ as n — oo. Suppose n < 20p. Then the nominal 95%
prediction region uses ¢, = 0.975 while the nominal 50% prediction region
uses g, = 0.55. Prediction distributions depend both on the error distribution
and on the variability of the estimator (g, Y¢). This variability is typically
unknown but converges to 0 as n — oo. Also, residuals tend to underestimate
errors for small n. For moderate n, ignoring estimator variability and using
gn = 1 — 0 resulted in undercoverage as high as min(0.05,6/2). Letting the
“coverage” ¢, decrease to the nominal coverage 1 — § inflates the volume of
the prediction region for small n, compensating for the unknown variability
of (’gj, Ze)

Consider the multivariate linear regression model. Let 26 = 2€7d:p, Z; =
Y+ &, and DXy, S,) = (2: —9;)"'S, ' (2i — @) for i = 1,...,n. Then the
large sample nonparametric 100(1 — §)% prediction region is

{z:Dz(9;.8,) < Diy,)} ={z: Dz(y;,8:) < Dw,}.  (92)

Theorem 10.5 will show that this prediction region (10.2) can also be found
by applying the nonparametric prediction region (2.24) on the z;. Recall that
S defined in Definition 10.3 is the sample covariance matrix of the residual
vectors €;. For the multivariate linear regression model, if D;_; is a continuity
point of the distribution of D, Assumption D1 above Theorem 10.7 holds,
and the €; have a nonsingular covariance matrix, then (10.2) is a large sample
100(1 — §)% prediction region for y .

Theorem 10.5. For multivariate linear regression, when least squares is
used to compute gy, S, and the pseudodata z;, prediction region (10.2) is
the nonparametric prediction region (4.24) applied to the 2;.

Proof. Multivariate linear regression with least squares satisfies Theorem
10.4 by Su and Cook (2012). (See Theorem 10.7.) Let (T, C) be the sample
mean and sample covariance matrix (see Definition 2.7) applied to the %;.
The sample mean and sample covariance matrix of the residual vectors is
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(0, S,) since least squares was used. Hence the 2, = ¢, + €; have sample
covariance matrix S, and sample mean g;. Hence (T,C) = (9, S;), and
the D;(9;, S») are used to compute Dy, ). [

The RMVN DD plot of the residual vectors will be used to display the
prediction regions for multivariate linear regression. See Example 10.3. The
nonparametric prediction region for multivariate linear regression of Theorem
10.5 uses (T,C) = (y;, Sy) in (10.1), and has simple geometry. Let R, be
the nonparametric prediction region (10.2) applied to the residuals €; with
Yy = 0. Then R, is a hyperellipsoid with center 0, and the nonparametric
prediction region is the hyperellipsoid R, translated to have center ¢ ;. Hence
in a DD plot, all points to the left of the line M D = Dy, ) correspond to y;
that are in their prediction region, while points to the right of the line are
not in their prediction region.

The nonparametric prediction region has some interesting properties. This
prediction region is asymptotically optimal if the €; are iid for a large class
of elliptically contoured EC,,(0,X,g) distributions. Also, if there are 100
different values (z;f,y,) to be predicted, we only need to update g, for
7 =1,...,100, we do not need to update the covariance matrix S,.

It is common practice to examine how well the prediction regions work on
the training data. That is, for 7 = 1,...,n, set £y = x; and see if y; is in
the region with probability near to 1 — § with a simulation study. Note that
Yy =9, if ¢y = x;. Simulation is not needed for the nonparametric prediction
region (10.2) for the data since the prediction region (10.2) centered at ¥y,
contains y; iff R, the prediction region centered at 0, contains €; since €; =
y, —Y;. Thus 100, % of prediction regions corresponding to the data (y,, x;)
contain y,;, and 100¢,% — 100(1 — 6)%. Hence the prediction regions work
well on the training data and should work well on (z;,y;) similar to the
training data. Of course simulation should be done for test data (xf,y;)
that are not equal to training data cases. See Problem 10.11.

This training data result holds provided that the multivariate linear regres-
sion using least squares is such that the sample covariance matrix S, of the
residual vectors is nonsingular, the multivariate regression model need
not be correct. Hence the coverage at the n training data cases (x;,y;)
is robust to model misspecification. Of course, the prediction regions may
be very large if the model is severely misspecified, but severity of misspec-
ification can be checked with the response and residual plots. Coverage for
a future value y; can also be arbitrarily bad if there is extrapolation or if
(xf,y;) comes from a different population than that of the data.
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9.4 Testing Hypotheses
This section considers testing a linear hypothesis Hy : LB = 0 versus
H; : LB # 0 where L is a full rank r x p matrix.

Definition 10.8. Assume rank(X) = p. The total corrected (for the mean)
sum of squares and cross products matriz is

T=R+W,=2"7 (In—111T> Z.
n

Note that T'/(n — 1) is the usual sample covariance matrix 2y if all n of the
y, are iid, e.g. if B = 0. The regression sum of squares and cross products
matriz is

1 |
R=Z" | X(X"x)'xT - —11T] Z=2Z"XB--z"1172z.
n n

Let H=B"L7 [L(XTX)"*LT)"'LB. The error or residual sum of squares
and cross products matriz is
W.=(2Z-2)"2-2)=2"2-2"XB=2"]1, - X(X"Xx)'x")|z.
AT ~ R
Note that W, =E E and W./(n —p) = Ye.
Warning: SAS output uses E instead of W.

The MANOVA table is shown below.
Summary MANOVA Table

Source matrix df
Regression or Treatment R p—1
Error or Residual We n—p
Total (corrected) T n-1

Definition 10.9. Let A\y > Ay > --- > A, be the ordered eigenvalues of
W _'H. Then there are four commonly used test statistics.
The Roy’s mazimum root statistic is Amaz(L) = A1.

The Wilks” A statistic is A(L) = |(H + W) 'W | = |W;1H+ 7! =
[Ja+x)~n

=1

The Pillai’s trace statistic is V(L) = tr[(H + W) ' H] = Z
i=1

Ad
14+ N
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The Hotelling-Lawley trace statistic is U(L) = tr[W ' H| = Z Aie

=1

Typically some function of one of the four above statistics is used to get
pval, the estimated pvalue. Output often gives the pvals for all four test
statistics. Be cautious about inference if the last three test statistics do not
lead to the same conclusions (Roy’s test may not be trustworthy for r > 1).
Theory and simulations developed below for the four statistics will provide
more information about the sample sizes needed to use the four test statistics.
See the paragraphs after the following theorem for the notation used in that
theorem.

Theorem 10.6. The Hotelling-Lawley trace statistic

u(L) = - ip[vec(LE)]T[i‘; Lo (L(XTX) L) e LB)). (9.3)

Proof. Using the Searle (1982, p. 333) identity
tr(AGT DGC) = [vec(@)]T[C A @ DT |[vec(G)), it follows that
(n—p)UL) = tr[ S B LT[L(XTX)'L7]"'LB]
— [vee(LB)|T[Z: ® (L(XTX) 'LT)[vec(LB)] = T where A = 3¢,
G=LB,D=[L(X"X)"'L"]"!, and C = I. Hence (10.3) holds. [J

Some notation is useful to show (10.3) and to show that (n—p)U (L) 5 X
under mild conditions if Hy is true. Following Henderson and Searle (1979),
let matrix A = [a1 a2 ... ap]. Then the vec operator stacks the columns
of A on top of one another so

a
az
vec(A) =

ap

Let A = (a;;) be an m x n matrix and B a p x ¢ matrix. Then the
Kronecker product of A and B is the mp x ng matrix

CLllB CL12B tee CLlnB
a1 B apB - ay,B
A®B= . . :
amlB am2B e amnB
An important fact is that if A and B are nonsingular square matrices, then
[A® B]"' = A™' ® B™'. The following assumption is important.
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Assumption D1: Let h; be the ith diagonal element of X (X*X)~1 X7,

P ..
Assume maxj<;<n h; — 0 as n — oo, assume that the zero mean iid error

1
vectors have finite fourth moments, and assume that — X7 X Zw-L.
n

Su and Cook (2012) proved a central limit type theorem for 3¢ and B for
the partial envelopes estimator, and the least squares estimator is a special
case. These results prove the following theorem. Their theorem also shows
that for multiple linear regression (m = 1), 62 = MSE is a \/n consistent
estimator of 0.

Theorem 10.7: Multivariate Least Squares Central Limit Theo-
rem (MLS CLT). For the least squares estimator, if assumption D1 holds,
then X¢ is a y/n consistent estimator of X¢ and

Vi vee(B — B) 2 N, (0, Ze @ W).

Theorem 10.8. If assumption D1 holds and if Hy is true, then
(n = p)U(L) & X2

Proof. By Theorem 10.7, i vec(B — B) 2 N,,,(0, e ® W). Then un-
der Hy, /0 vec(LB) RN Nym(0, Xe @ LWLT), and n [vec(LB)|T[ Xt ®
(LW L") Y[vec(LB)] 2 x2,,. This result also holds if W and X are re-

placed by W = n(XTX)~! and X¢. Hence under Hy and using the proof of
Theorem 10.6,

T = (n-p)U(L) = [vec(LB))[S¢ @(L(XT X) L) [uec(LB)] 2 2,
O

Some more details on the above results may be useful. Consider testing a
linear hypothesis Hy : LB = 0 versus Hy : LB # 0 where L is a full rank
r X p matrix. For now assume the error distribution is multivariate normal

Nm(O, Ze) Then

Bi-p,
vec(B —B) = P2 _IBQ ~ Npm (0, e @ (XTX)il)
Bm _/Bm

where
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[au(XTX)*l oa(XTX)"t ... alm(XTX)*l'I
ool (XT X)L 000(XTX) L oo go(XTX) L
C = 2€®(XTX)71 _ 21( ) 22( ' ) 2 ( ' )
01 (XTX) ™ 0pa(XTX) s o (XT X))

Now let A be an rm x pm block diagonal matrix: A = diag(L, ..., L). Then
A vece(B — B) =vec(L(B — B)) =

L3, - 8)
L —
(BQ, B) | Ny (0, Ze ® L(XTX)~1LT)

where D = ¥e @ L(XTX)'L" = ACA” =
on L(XTX) LT o, L(XTX)'LT ... 0, L(XTX)'L”
o L(XTX) LY 00 L(XTX)'LT ... 09, L(XTX)'L”
amlL(XfX)*lLT amQL(XfX)*lLT N o-mmL(X'TX)*lLT
Under Hy, vec(LB) = A vec(B) =0, and
LB,

R Lg,

vec(LB) = ~ Ny (0, Xe @ L(XTX)1LT).

LB,
Hence under Hy,
[vece(LB))"[Ze' @ (L(XTX) " L) M[vece(LB)] ~ Xip,
and

T = [vec(LB)T[E: @ (L(XTX) L) Y[vec(LB)] 2 \2,,.  (9.4)

A large sample level 0 test will reject Hy if pval < § where

T
pval = P (— < Frm,nmp) ) (9.5)

rm

Since least squares estimators are asymptotically normal, if the €; are iid
for a large class of distributions,
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B, -8,
. Ba—B2 | p
Vn vec(B — B) =+/n i = Npm (0, Xe @ W)
Bm - IBm
where "
XX Py
n
Then under Hy,
LB,
N L/B2 D T
Vn vee(LB) = \/n ] = Npm (0, Xe @ LWL,
LB,

and
n [vee(LB)|T[X¢" @ (LWLY) [vec(LB)] 2 x

Hence (10.4) holds, and (10.5) gives a large sample level ¢ test if the least
squares estimators are asymptotically normal.

Kakizawa (2009) showed, under stronger assumptions than Theorem 10.8,
that for a large class of iid error distributions, the following test statistics
have the same x?2,, limiting distribution when Hj is true, and the same non-
central X2, (w?) limiting distribution with noncentrality parameter w? when
H) is false under a local alternative. Hence the three tests are robust to the
assumption of normality. The limiting null distribution is well known when
the zero mean errors are iid from a multivariate normal distribution. See
Khattree and Naik (1999, p. 68): (n — p)U(L) 2 x2,., (n— p)V(L) 2«2,
and —[n —p—0.5(m —r + 3)]log(A(L)) 5 X2,,- Results from Kshirsagar
(1972, p. 301) suggest that the third chi-square approximation is very good
if n > 3(m + p)? for multivariate normal error vectors.

Theorems 10.6 and 10.8 are useful for relating multivariate tests with
the partial F' test for multiple linear regression that tests whether a reduced
model that omits some of the predictors can be used instead of the full model
that uses all p predictors. The partial F test statistic is

2
rm*

r. _ [SSE(R) — SSE(F)
e dfg — dfr

where the residual sums of squares SSE(F) and SSE(R) and degrees of
freedom dfr and df, are for the full and reduced model while the mean
square error M SE(F) is for the full model. Let the null hypothesis for the
partial F' test be Hy : L3 = 0 where L sets the coefficients of the predictors
in the full model but not in the reduced model to 0. Seber and Lee (2003, p.
100) shows that

/MSE(F)
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(LA (L(X"X) L") "'[LB]

ré?

Fp=

is distributed as F, ,_, if Hy is true and the errors are iid N(0,0?). Note
that for multiple linear regression with m = 1, Fgr = (n — p)U(L)/r since

1
Y. =1/62. Hence the scaled Hotelling Lawley test statistic is the partial
F test statistic extended to m > 1 predictor variables by Theorem 10.6.

By Theorem 10.8, for example, rFr 5 X2 for a large class of nonnormal

error distributions. If Z,, ~ F}, 4, , then Z, A Xi /k as d,, — co. Hence using
the F, ,_, approximation gives a large sample test with correct asymptotic
level, and the partial F' test is robust to nonnormality.

Similarly, using an F, n—pm approximation for the following test statistics
gives large sample tests with correct asymptotic level by Kakizawa (2009) and
similar power for large n. The large sample test will have correct asymptotic
level as long as the denominator degrees of freedom d,, — oo as n — oo, and
d, =n — pm reduces to the partial F test if m = 1 and U(L) is used. Then
the three test statistics are

—[n—p—0.5(m—1r+3) log(A(L)), n—p V(L), and n—p

rm rm rm

U(L).
By Berndt and Savin (1977) and Anderson (1984, pp. 333, 371),
V(L) < ~log(A(L)) < U(L).

Hence the Hotelling Lawley test will have the most power and Pillai’s test
will have the least power.

Following Khattree and Naik (1999, pp. 67-68), there are several ap-
proximations used by the SAS software. For the Roy’s largest root test, if
h = max(r,m), use

n—p—h+r

” Amaz (L) = F(h,n—p—h+r).

The simulations in Section 10.5 suggest that this approximation is good for
r =1 but poor for r > 1. Anderson (1984, p. 333) stated that Roy’s largest
root test has the greatest power if » = 1 but is an inferior test for » > 1. Let
g=n—p—(m—r+1)/2,u = (rm—2)/4and t = Vr2m2 — 4/v/m2 +r2 — 5 for
m24+712—5 > 0and t = 1, otherwise. Assume H is true. Thus U 2 0,V 2 0,

andAglaanoo.Then

gt —2u 1—AY? 1— AUt
p— i ~ F(rm,gt —2u) or (n—p)t A~ Xam

For large n and ¢ > 0, —log(A) = —tlog(AY!) = —tlog(1l + AY* — 1) =~
t(1 — AVt =~ t(1 — AYY) /A If it can not be shown that
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(n — p)[—log(A) — t(1 — A /A1 £0 as n— 00,

then it is possible that the approximate x?, distribution may be the limiting
distribution for only a small class of iid error distributions. When the €; are
iid N,,,(0, X¢), there are some exact results. For r = 1,

n—p—-m+11—-A
m A

~Fmn—p—m+1).
For r = 2,

2n—p—m+1) 1 — A2
2m AL/2

~ F(2m,2(n—p—m+1)).

For m = 2,
2(n —p) 1— A2
2r AL/2
Let s = min(r,m), my = (|[r —m| —1)/2 and mz = (n —p — m — 1)/2. Note
that s(|r —m/| + s) = min(r, m) max(r, m) = rm. Then

~ F(2r,2(n—p)).

n—p 1% - n—op \%4 U 2ma+s+1 Ve
rm 1-V/s  s(lr—m|+s) 1-V/s 2mi+s+1 s—V

F(s(2mi+s+1),s(2ma+s+1)) =~ F(s(|r—m|+s), s(n—p)) = F(rm, s(n—p)).
This approximation is asymptotically correct by Slutsky’s theorem since
1-V/s 5 1. Finally, =20 =

rm

n—p _ 2(sma+1)
s(lr—m|+s)  ~ $2@2mi+s+1)

U= F(s(2m1 + s+ 1),2(smg + 1))

~ F(s(|r — m|+s),s(n — p)) = F(rm, s(n — p)).

This approximation is asymptotically correct for a wide range of iid error
distributions.

Multivariate analogs of tests for multiple linear regression can be derived
with appropriate choice of L. Assume a constant x; = 1 is in the model. As
a textbook convention, use § = 0.05 if ¢ is not given.

The four step MANOVA test of linear hypotheses is useful.

i) State the hypotheses Hy : LB =0 and H; : LB # 0.

ii) Get test statistic from output.

iii) Get pval from output.

iv) State whether you reject Hy or fail to reject Hy. If pval < ¢, reject Hy
and conclude that LB # 0. If pval > §, fail to reject Hy and conclude that
LB = 0 or that there is not enough evidence to conclude that LB # 0.
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The MANOVA test of Hy : B = 0 versus H; : B # 0 is the special case

corresponding to L = I and H = BTXTXB = ZTZ, but is usually not a
test of interest.

The analog of the ANOVA F' test for multiple linear regression is the
MANOVA F test that uses L = [0 I, 1] to test whether the nontrivial
predictors are needed in the model. This test should reject Hy if the response
and residual plots look good, n is large enough, and at least one response
plot does not look like the corresponding residual plot. A response plot for
Y; will look like a residual plot if the identity line appears almost horizontal,
hence the range of }7J is small. Response and residual plots are often useful
for n > 10p.

The 4 step MANOVA F test of hypotheses uses L = [0 I,_4].

i) State the hypotheses Hy: the nontrivial predictors are not needed in the
mreg model Hj: at least one of the nontrivial predictors is needed.

ii) Find the test statistic Fy from output.

iii) Find the pval from output.

iv) If pval < 4, reject Hy. If pval > §, fail to reject Hy. If Hy is rejected,
conclude that there is a mreg relationship between the response variables

Yi,..., Y, and the predictors z2, ..., xp. If you fail to reject Hy, conclude
that there is a not a mreg relationship between Y7, ..., Y;, and the predictors
Z2, ..., Tp. (Or there is not enough evidence to conclude that there is a

mreg relationship between the response variables and the predictors. Get the
variable names from the story problem.)

The F; test of hypotheses uses L; = [0,...,0,1,0, ..., 0], where the 1 is in
the jth position, to test whether the jth predictor z; is needed in the model
given that the other p — 1 predictors are in the model. This test is an analog
of the t tests for multiple linear regression. Note that x; is not needed in the
model corresponds to Hy : B; = 0 while x; needed in the model corresponds
to Hy : Bj # 0 where BJT is the jth row of B.

The 4 step F; test of hypotheses uses L; = [0, ...,0,1,0, ..., 0] where the 1
is in the jth position.

i) State the hypotheses Hy : x; is not needed in the model

Hy: z; is needed.

ii) Find the test statistic F; from output.

iii) Find pval from output.

iv) If pval < 4, reject Hy. If pval > ¢, fail to reject Hy. Give a nontechnical
sentence restating your conclusion in terms of the story problem. If Hj is
rejected, then conclude that x; is needed in the mreg model for Yi,...,Y,,
given that the other predictors are in the model. If you fail to reject Hy, then
conclude that x; is not needed in the mreg model for Yi,...,Y,, given that
the other predictors are in the model. (Or there is not enough evidence to
conclude that x; is needed in the model. Get the variable names from the
story problem.)
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The Hotelling Lawley statistic

Bin

1 AT a1 4 1~ s a1 | By
F;= 25713j Ye Bj = E{T(ﬁ%l,ﬁ%z,---,ﬁ%rn)ZTG }
j j :

Bjm

where BJT is the jth row of B and d; = (XTX);jl, the jth diagonal entry of
(X7 X)~1. The statistic F;j could be used for forward selection and backward
elimination in variable selection.

The 4 step MANOVA partial F test of hypotheses has a full model
using all of the variables and a reduced model where r of the variables are
deleted. The i¢th row of L has a 1 in the position corresponding to the ith
variable to be deleted. Omitting the jth variable corresponds to the F} test
while omitting variables x», ..., x, corresponds to the MANOVA F test. Using
L = [0 I}] tests whether the last k predictors are needed in the multivariate
linear regression model given that the remaining predictors are in the model.
i) State the hypotheses Hy: the reduced model is good H;i: use the full
model.

ii) Find the test statistic Fr from output.

iii) Find the pval from output.

iv) If pval < 0, reject Hy and conclude that the full model should be used.
If pval > 4, fail to reject Hp and conclude that the reduced model is good.

The linmodpack function m1treg produces the m response and residual
plots, gives B, 26, the MANOVA partial F' test statistic and pval corre-
sponding to the reduced model that leaves out the variables given by indices
(so x2 and x4 in the output below with F' = 0.77 and pval = 0.614), F; and
the pval for the F} test for variables 1, 2, ..., p (where p = 4 in the output
below so Fy = 1.51 with pval = 0.284), and Fy and pval for the MANOVA
F test (in the output below Fy = 3.15 and pval= 0.06). Right click Stop
on the plots m times to advance the plots and to get the cursor back on the
command line in R.

The command out <- mltreg(x,y,indices=c(2)) would produce
a MANOVA partial F' test corresponding to the Fy test while the command
out <- mltreg(x,y,indices=c (2, 3, 4)) would produce a MANOVA
partial F' test corresponding to the MANOVA F test for a data set with
p = 4 predictor variables. The Hotelling Lawley trace statistic is used in the
tests.

out <- mltreg(x,y,indices=c(2,4))
$Bhat

[,1] [,2] [,3]
[1,] 47.96841291 623.2817463 179.8867890
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[2,] 0.07884384 0.7276600 -0.5378649
[3,] —-1.45584256 -17.3872206 0.2337900
[4,] -0.01895002 0.1393189 -0.3885967
$Covhat
[,1] [,2] [,3]
[1,] 21.91591 123.2557 132.339
[2,] 123.25566 2619.4996 2145.780
[3,]1 132.33902 2145.7797 2954.082
Spartial
partialF Pval
[1,] 0.7703294 0.6141573
SFtable
Fj pvals
[1,] 6.30355375 0.01677169
[2,] 1.51013090 0.28449166
[3,] 5.61329324 0.02279833
[4,] 0.06482555 0.97701447
SMANOVA
MANOVAF pval
[1,] 3.150118 0.06038742

#Output for Example 10.2

y<-marry[,c(2,3)]; x<-marry]|
mltreg(x,y,indices=c(3,4))
Spartial
partialF Pval
[1,] 0.2001622 0.9349877
SFtable
Fj pvals
(1,1 4.35326807 0.02870083
[2,] 600.57002201 0.00000000
[3,] 0.08819810 0.91597268
[4,] 0.06531531 0.93699302
SMANOVA
MANOVAF pval
[1,] 295.071 1.110223e-16

rfc(213)17

Example 10.2. The above output is for the Hebbler (1847) data from

the 1843 Prussia census. Sometimes if the wife or husband was not at the
household, then s/he would not be counted. Y7 = number of married civilian
men in the district, Yo = number of women married to civilians in the district,

9 = population of the district in 1843, x3

= number of married military men
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in the district, and x4 = number of women married to military men in the
district. The reduced model deletes x3 and x4. The constant uses z; = 1.

a) Do the MANOVA F test.

b) Do the Fy test.

¢) Do the Fy test.

d) Do an appropriate 4 step test for the reduced model that deletes x3
and 4.

e) The output for the reduced model that deletes z1 and x5 is shown below.
Do an appropriate 4 step test.

Spartial
partialF Pval
[1,] 569.6429 0

Solution:

a) 1) Hy: the nontrivial predictors are not needed in the mreg model
H: at least one of the nontrivial predictors is needed

i) Fy = 295.071

iii) pval = 0

iv) Reject Hp, the nontrivial predictors are needed in the mreg model.

b) i) Ho: 22 is not needed in the model Hj: zo is needed

ii) Fy» = 600.57

iii) pval = 0

iv) Reject Ho, population of the district is needed in the model.

¢) i) Ho: x4 is not needed in the model Hj: x4 is needed

ii) Fy = 0.065

iii) pval = 0.937

iv) Fail to reject Hy, number of women married to military men is not
needed in the model given that the other predictors are in the model.

d) i) Ho: the reduced model is good Hj: use the full model.
ii) Fr = 0.200

iii) pval = 0.935

iv) Fail to reject Hy, so the reduced model is good.

e) i) Hy: the reduced model is good H;: use the full model.
ii) Fr = 569.6

iii) pval = 0.00

iv) Reject Hy, so use the full model.

9.5 An Example and Simulations

In the DD plot, cases to the left of the vertical line are in their nonparametric
prediction region. The long horizontal line corresponds to a similar cutoff
based on the RD. The shorter horizontal line that ends at the identity line
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is the parametric MVN prediction region from Section 4.4 applied to the
z;. Points below these two lines are only conjectured to be large sample
prediction regions, but are added to the DD plot as visual aids. Note that
2; = Y +€;, and adding a constant g to all of the residual vectors does not
change the Mahalanobis distances, so the DD plot of the residual vectors can
be used to display the prediction regions.

Response Plot
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Fig. 9.1 Plots for Y1 = log(S).

Example 10.3. Cook and Weisberg (1999, pp. 351, 433, 447) gave a data
set on 82 mussels sampled off the coast of New Zealand. Let Y7 = log(S)
and Y, = log(M) where S is the shell mass and M is the muscle mass.
The predictors are Xo = L, X3 = log(W), and X4, = H: the shell length,
log(width), and height. To check linearity of the multivariate linear regression
model, Figures 10.1 and 10.2 give the response and residual plots for Y; and
Y5. The response plots show strong linear relationships. For Y7, case 79 sticks
out while for Y5, cases 8, 25, and 48 are not fit well. Highlighted cases had
Cook’s distance > min(0.5, 2p/n). See Cook (1977).

To check the error vector distribution, the DD plot should be used instead
of univariate residual plots, which do not take into account the correlations
of the random variables €y, ..., €, in the error vector €. A residual vector
€ = (€ — €) + € is a combination of € and a discrepancy € — € that tends
to have an approximate multivariate normal distribution. The € — € term
can dominate for small to moderate n when € is not multivariate normal,
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Fig. 9.2 Plots for Y2 = log(M).

48 0

80

790

RD

MD

Fig. 9.3 DD Plot of the Residual Vectors for the Mussels Data.
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incorrectly suggesting that the distribution of the error vector € is closer to a
multivariate normal distribution than is actually the case. Figure 10.3 shows
the DD plot of the residual vectors. The plotted points are highly correlated
but do not cover the identity line, suggesting an elliptically contoured error
distribution that is not multivariate normal. The nonparametric 90% predic-
tion region for the residuals consists of the points to the left of the vertical
line M D = 2.60. Cases 8, 48, and 79 have especially large distances.

The four Hotelling Lawley F; statistics were greater than 5.77 with pvalues
less than 0.005, and the MANOVA F statistic was 337.8 with pvalue = 0.

The response, residual, and DD plots are effective for finding influential
cases, for checking linearity, for checking whether the error distribution is
multivariate normal or some other elliptically contoured distribution, and
for displaying the nonparametric prediction region. Note that cases to the
right of the vertical line correspond to cases with y, that are not in their
prediction region. These are the cases corresponding to residual vectors with
large Mahalanobis distances. Adding a constant does not change the distance,
so the DD plot for the residual vectors is the same as the DD plot for the 2;.
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Fig. 9.4 Plots for Yo = M.

¢) Now suppose the same model is used except Yo = M. Then the response
and residual plots for Y7 remain the same, but the plots shown in Figure 10.4
show curvature about the identity and r = 0 lines. Hence the linearity condi-
tion is violated. Figure 10.5 shows that the plotted points in the DD plot have
correlation well less than one, suggesting that the error vector distribution



9.5 An Example and Simulations 271

RD
3
|

Fig. 9.5 DD Plot When Y> = M.

is no longer elliptically contoured. The nonparametric 90% prediction region
for the residual vectors consists of the points to the left of the vertical line
MD = 2.52, and contains 95% of the training data. Note that the plots can
be used to quickly assess whether power transformations have resulted in a
linear model, and whether influential cases are present. R code for producing
the five figures is shown below.

y <- log(mussels) [,4:5]

x <— mussels[,1:3]

x[,2] <- log(x[,2])

z<-cbind(x,y) #scatterplot matrix

pairs(z, labels=c("L","log(Ww)","H","log(S)","log(M)"))
ddplot4 (z) #right click Stop, DD plot of MLD model

out <- mltreg(x,y) #right click Stop 4 times, Fig. 10.1,

ddplot4 (outS$Sres) #right click Stop, Fig. 10.3

y[,2] <- mussels|[,5]

tem <- mltreg(x,y) #right click Stop 4 times, Fig. 10.4
ddplot4 (tem$Sres) #right click Stop, Fig. 10.5

10.
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9.5.1 Simulations for Testing

A small simulation was used to study the Wilks’ A test, the Pillai’s trace
test, the Hotelling Lawley trace test, and the Roy’s largest root test for the
F} tests and the MANOVA F test for multivariate linear regression. The first
row of B was always 17 and the last row of B was always 07. When the null
hypothesis for the MANOVA F test is true, all but the first row corresponding
to the constant are equal to 07. When p > 3 and the null hypothesis for the
MANOVA F test is false, then the second to last row of B is (1, 0, ..., 0),
the third to last row is (1, 1, 0, ..., 0) et cetera as long as the first row is
not changed from 17 First m x 1 error vectors w; were generated such that
the m random variables in the vector w; are iid with variance o2. Let the
m x m matrix A = (a;;) with a;; = 1 and a;; = ¥ where 0 < ¢ < 1 for i # j.
Then €; = Aw; so that Xe = 02AAT = (0ij) where the diagonal entries
oi; = 02[1+ (m—1)1?] and the off diagonal entries o;; = 02[2¢) 4 (m — 2)1?
where 1) = 0.10. Hence the correlations are (2¢) + (m—2)1?)/(1+ (m—1)1?).
As 1 gets close to 1, the error vectors cluster about the line in the direction
of (1,...,1)T. We used w; ~ Ny, (0, 1), w; ~ (1 —7)N,,(0,I) + 7N,,(0,251)
with 0 < 7 < 1 and 7 = 0.25 in the simulation, w; ~ multivariate t4; with
d = 7 degrees of freedom, or w; ~ lognormal - E(lognormal): where the m
components of w; were iid with distribution e* — E(e®) where z ~ N(0,1).
Only the lognormal distribution is not elliptically contoured.

Table 9.1 Test Coverages: MANOVA F Hy is True.
w dist n test Fi s Fp 1 F, Fu

MVN 300 W 1 0.043 0.042 0.041 0.018
MVN 300 P 1 0.040 0.038 0.038 0.007
MVN 300 HL 1 0.059 0.058 0.057 0.045
MVN 300 R 1 0.051 0.049 0.048 0.993
MVN 600 W 1 0.048 0.043 0.043 0.034
MVN 600 P 1 0.046 0.042 0.041 0.026
MVN 600 HL 1 0.055 0.052 0.050 0.052
MVN 600 R 1 0.052 0.048 0.047 0.994
MIX 300 W 1 0.042 0.043 0.044 0.017
MIX 300 P 1 0.039 0.040 0.042 0.008
MIX 300 HL 1 0.057 0.059 0.058 0.039
MIX 300 R 1 0.050 0.050 0.051 0.993
MVT(7) 300 W 1 0.048 0.036 0.045 0.020
MVT(7) 300 P 1 0.046 0.032 0.042 0.011
MVT(7) 300 HL 1 0.064 0.049 0.058 0.045
MVT(7) 300 R 1 0.055 0.043 0.051 0.993
LN 300 W 1 0.043 0.047 0.040 0.020

LN 300 P 10.039 0.045 0.037 0.009

LN 300 HL 1 0.057 0.061 0.058 0.041

R

LN 300 1 0.049 0.055 0.050 0.994
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Table 9.2 Test Coverages: MANOVA F' Hy is False.

n m = p test F1 > Fp_1 F, Fum
30 5 W 0.012 0.222 0.058 0.000 0.006

30 5 P 0.000 0.000 0.000 0.000 0.000
30 5 HL 0.382 0.694 0.322 0.007 0.579
30 5 R 0.799 0.871 0.549 0.047 0.997
50 5 W 0.984 0.955 0.644 0.017 0.963
50 5 P 0.971 0.940 0.598 0.012 0.871
50 5 HL 0.997 0.979 0.756 0.053 0.991
50 5 R 0.996 0.978 0.744 0.049 1

105 10 W 0.650 0.970 0.191 0.000 0.633
105 10 P 0.109 0.812 0.050 0.000 0.000
105 10 HL 0.964 0.997 0.428 0.000 1

105 10 R 1 1 0.892 0.052 1
150 10 W 1 1 0.948 0.032 1
150 10 P 1 1 0.941 0.025 1
150 10 HL 1 1 0.966 0.060 1
150 10 R 1 1 0.965 0.057 1
450 20 W 1 1 0.999 0.020 1
450 20 P 1 1 0.999 0.016 1
450 20 HL 1 1 0.999 0.035 1
450 20 R 1 1 0.999 0.056 1

The simulation used 5000 runs, and Hy was rejected if the F' statistic
was greater than Fy, 4,(0.95) where P(Fy, 4, < Fu, 4,(0.95)) = 0.95 with
dy = rm and ds = n — mp for the test statistics

o203 I yogarmy), P (), ana 2P v

rm rm rm

while dy = h = max(r,m) and do = n — p — h + r for the test statistic

n—p—h+r

” Amaz (L).

Denote these statistics by W, P, HL, and R. Let the coverage be the propor-
tion of times that Hy is rejected. We want coverage near 0.05 when Hj is true
and coverage close to 1 for good power when Hj is false. With 5000 runs,
coverage outside of (0.04,0.06) suggests that the true coverage is not 0.05.
Coverages are tabled for the Fy, F», Fj_1, and Fj, test and for the MANOVA
F' test denoted by Fjs. The null hypothesis Hy was always true for the F),
test and always false for the F; test. When the MANOVA F test was true,
Hy was true for the Fj tests with j # 1. When the MANOVA F test was
false, Hy was false for the F; tests with j # p, but the Fj,_; test should be
hardest to reject for j # p by construction of B and the error vectors.
When the null hypothesis Hy was true, simulated values started to get close
to nominal levels for n > 0.8(m+p)?, and were fairly good for n > 1.5(m-+p)2.
The exception was Roy’s test which rejects Hy far too often if » > 1. See
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Table 10.1 where we want values for the F; test to be close to 1 since Hy
is false for the F} test, and we want values close to 0.05, otherwise. Roy’s
test was very good for the Fj tests but very poor for the MANOVA F test.
Results are shown for m = p = 10. As expected from Berndt and Savin
(1977), Pillai’s test rejected Hy less often than Wilks’ test which rejected Hy
less often than the Hotelling Lawley test. Based on a much larger simulation
study, using the four types of error vector distributions and m = p, the tests
had approximately correct level if n > 0.83(m + p)? for the Hotelling Lawley
test, if n > 2.80(m + p)? for the Wilks’ test (agreeing with Kshirsagar (1972)
n > 3(m + p)? for multivariate normal data), and if n > 4.2(m + p)? for
Pillai’s test.

In Table 10.2, Hy is only true for the F}, test where p = m, and we want
values in the Fj, column near 0.05. We want values near 1 for high power
otherwise. If Hy is false, often Hy will be rejected for small n. For example,
if n > 10p, then the m residual plots should start to look good, and the
MANOVA F test should be rejected. For the simulated data, the test had
fair power for n not much larger than mp. Results are shown for the lognormal
distribution.

Some R output for reproducing the simulation is shown below. The linmod-
pack function is mregsim and etype = 1 uses data from a MVN distribution.
The fcov line computed the Hotelling Lawley statistic using Equation (10.3)
while the hotlawcov line used Definition 10.9. The mnull=T part of the com-
mand means we want the first value near 1 for high power and the next three
numbers near the nominal level 0.05 except for mancv where we want all
of the MANOVA F test statistics to be near the nominal level of 0.05. The
mnull=F part of the command means want all values near 1 for high power
except for the last column (for the terms other than mancv) corresponding to
the F), test where Hy is true so we want values near the nominal level of 0.05.
The “coverage” is the proportion of times that Hy is rejected, so “coverage”
is short for “power” and “level”: we want the coverage near 1 for high power
when H) is false and we want the coverage near the nominal level 0.05 when
Hy is true. Also see Problem 10.10.

mregsim(nruns=5000, etype=1,mnull=T)
Swilkcov
[1] 1.0000 0.0450 0.0462 0.0430
Spilcov
[1] 1.0000 0.0414 0.0432 0.0400
Shotlawcov
[1] 1.0000 0.0522 0.0516 0.0490
Sroycov
[1] 1.0000 0.0512 0.0500 0.0480
Sfcov
[1] 1.0000 0.0522 0.0516 0.0490
Smancv

WCV pcv  hlcv rcv fev
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[1,] 0.0406 0.0332 0.049 0.1526 0.049
mregsim(nruns=5000, etype=2, mnull=F)

Swilkcov
[1] 0.9834 0.9814 0.9104 0.0408
Spilcov
[1] 0.9824 0.9804 0.9064 0.0372
Shotlawcov
[1] 0.9856 0.9838 0.9162 0.0480
Sroycov
[1] 0.9848 0.9834 0.9156 0.0462
Sfcov
[1] 0.9856 0.9838 0.9162 0.0480
Smancv

WCV pcv hlcv rcv fev
[1,] 0.993 0.9918 0.9942 0.9978 0.9942

See Olive (2017b, ¢ 12.5.2) for simulations for the prediction region. Also
see Problem 10.11.

9.6 The Robust rmreg2 Estimator

The robust multivariate linear regression estimator rmreg2 is the classi-
cal multivariate linear regression estimator applied to the RMVN set when
RMVN is computed from the vectors w;, = (a2, ..., Tip, Yi1, ey Yir) T for
i = 1,...,n. Hence u; is the ith case with z;; = 1 deleted. This regression
estimator has considerable outlier resistance, and is one of the most outlier
resistant practical robust regression estimator for the m = 1 multiple linear
regression case. See Chapter 7. The rmreg2 estimator has been shown to be
consistent if the u; are iid from a large class of elliptically contoured distri-
butions, which is a much stronger assumption than having iid error vectors
€;.

Theorem 2.20 gave a second way to compute B, and there is a similar result
for multivariate linear regression. Let @ = (1,u”)Tand let 8 = (31, 83)7 =

(a,n™)". Now for multivariate linear regression, 3; = (a;, ﬁJT)T where &; =
Yj—ﬁjrﬁ and 7); = 2,11 2uyj by Theorem 2.20. Let Euy =L 3" (wi—
w)(y, —y)T which has jth column Z‘wyj for j=1,...,m. Let

v = (Z) E(v) = py = (gg]‘;) - (ZZ) and Cov(v) = Sy =
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Yuu Xuy
Yyu Yyy )’

Let the vector of constants be a’ = (ai,...,a,,) and the matrix of slope
vectors Bg = [171 Ny ... nm] . Then the population least squares coefficient

matrix is T
o
7~ (3,)

where o = iy — B g, and By = X' Dy where oy = Sy
If the w,; are iid with nonsingular covariance matrix Cov(u), the least

squares estimator
B-(%
= Bs

where & =y — Bgﬂ and B s = 2;121@ The least squares multivariate
linear regression estimator can be calculated by computing the classical esti-
mator (T, Sy) = (T, p) of multivariate location and dispersion on the v;,
and then plug in the results into the formulas for & and Bg.

Let (T, C) = (fiq, Xv) be a robust estimator of multivariate location and
dispersion. If fiy, is a consistent estimator of gy, and Xy is a consistent
estimator of ¢ X'y for some constant ¢ > 0, then a robust estimator of mul-

tivariate linear regression is the plug in estimator & = figy — Egﬁu and
Bs = 5, Suy.

For the rmreg2 estimator, (T, C) is the classical estimator applied to
the RMVN set when RMVN is applied to vectors v; for ¢ = 1,...,n (could
use (T,C) = RMVN estimator since the scaling does not matter for this
application). Then (T, C) is a v/n consistent estimator of (e, ¢ X'p) if the v;
are iid from a large class of ECy(ptq,, Xv, g) distributions where d = m+p—1.
Thus the classical and robust estimators of multivariate linear regression are
both /n consistent estimators of B if the v; are iid from a large class of
elliptically contoured distributions. This assumption is quite strong, but the
robust estimator is useful for detecting outliers. When there are categorical
predictors or the joint distribution of v is not elliptically contoured, it is
possible that the robust estimator is bad and very different from the good
classical least squares estimator. The linmodpack function rmreg2 computes
the rmreg2 estimator and produces the response and residual plots.

Example 10.4. Buxton (1920) gave various measurements of 88 men. Let
Y1 = nasal height and Yo = height with xo = head length, x5 = bigonal breadth,
and x4 = cephalic index. Five individuals, numbers 62-66, were reported to
be about 0.75 inches tall with head lengths well over five feet! Thus Y2 and
22 have massive outliers. Figures 10.6 and 10.7 show that the response and
residual plots corresponding to rmreg2 do not have fits that pass through
the outliers.

These figures can be made with the following R commands.
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Fig. 9.6 Plots for Y1 = nasal height using rmreg2.
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Fig. 9.7 Plots for Y2 = height using rmreg2.
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ht <- buxy; z <- cbind (buxx,ht);

y <= z[,c(2,5)]; x <= z[,c(1,3,4)]

# compare mltreg(x,y) #right click Stop 4 times
out <- rmreg2(x,y) #right click Stop 4 times

# try ddplot4d (outS$Sres) #right click Stop

The residual bootstrap for the test Hy : LB = 0 may be useful. Take a
sample of size n with replacement from the residual vectors to form Z7 with
ith row y:7 where y! = 9; + €. The function rmreg3 gets the rmreg2

estimator without the plots. Using rmreg3, regress Z on X to get vec(LB:).

Repeat B times to get a bootstrap sample wi, ..., wp where w; = vec(LB:).
The nonparametric bootstrap uses n cases drawn with replacement, and may
also be useful. Apply the nonparametric prediction region to the w; and see
if 0 is in the region. If L is r X p, then w is rp x 1, and we likely need
n > max[507p, 3(m + p)?].

9.7 Bootstrap

9.7.1 Parametric Bootstrap

The parametric bootstrap for the multivariate linear regression model uses

~T R
Y; ~ Np(B x;, Y¢) for i = 1,...,n where we are not assuming that the
€ ~ Nin(0, Xe¢). Let Z; have ith row y;” and regress Z; on X to obtain

B; for j =1,..,B. Let S C I, let By = (XTX;)"'X%TZ*, and assume
n(XTX ;)Y £ Wy for any I such that S C I. Then with calculations
similar to those for the multiple linear regression model parametric bootstrap
of Section 4.6.1, E(B)) = By,

N vec(BI — By) L Noym(0, Xe @ W),

and v vec(B] — Bi) ~ Nam (0, Ze @ n(XTX 1)) 2 Noym (0, e @ W)

asn,B — oo if S C I. Let B;,o be formed from B; by adding rows of zeros
corresponding to omitted variables.

9.7.2 Residual Bootstrap

The residual bootstrap uses the multivariate linear regression model

Z"—XB+E"
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~W ~ W
where the rows of E are sampled with replacement from the rows of E .
Ak Ak
Regress Z* of X and repeat to get the bootstrap sample By, ..., Bg.

9.7.3 Nonparametric Bootstrap

T

The nonparametric bootstrap samples cases (y!, z1)T with replacement to

form (Z7, X7), and regresses Z; on X to get E; for j = 1,...,B. The
nonparametric bootstrap can be useful even if heteroscedasticity or overdis-
persion is present, if the cases are an iid sample from some population, a
very strong assumption. See Eck (2018) for using the residual bootstrap and
nonparametric bootstrap to bootstrap multivariate linear regression.

9.8 Data Splitting

The theory for multivariate linear regression assumes that the model is known
before gathering data. If variable selection and response transformations are
performed to build a model, then the estimators are biased and results for
inference fail to hold in that pvalues and coverage of confidence and prediction
regions will be wrong.

Data splitting can be used in a manner similar to how data splitting is
used for MLR and other regression models. A pilot study is an alternative to
data splitting.

9.9 Ridge Regression, PCR, and Other High
Dimensional Methods

Consider models Z = XB + FE and Z = a + X B + E where the second
model separates out the constants.

There are many things that can be done for multivariate linear regression.
a) Fit a global estimator such as forward selection, lasso, lasso variable selec-
tion, etc. For example, a ridge estimator is Br = (XX + M\, 1) ' X7 Z,
which uses one value of \.
b) Fit a Chapter 3 method for each Y;,i = 1,...,m to find Bl and B =
(Bl, e Bm) Hence the corresponding ridge estimator would use \; for
i=1,...,m. Note that
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¢) Find k linear combinations w; = ﬁchc, i =1,...,k and fit a model using
the w; instead of the z;. For example, use w; = fl @ with 7); = 2my
fori =1,....k = m. If £ and m are small enough, an option is to fit the
multivariate linear regression of y on the w; with OLS. Taking 7, = Bl
where 3 is from b) is an option.

See Olive (2024b) for more on high dimensional testing.

9.10 Summary

1) The multivariate linear regression model is a special case of the multi-
variate linear model where at least one predictor variable x; is continuous.
The MANOVA model in Chapter 9 is a multivariate linear model where all
of the predictors are categorical variables so the x; are coded and are often
indicator variables.

2) The multivariate linear regression model y, = BTz, + ¢ for
i=1,...,mn has m > 2 response variables Y7, ..., Y}, and p predictor variables
T1, %9, ..., Tp. The ith case is (xl,y?) = (@i1,Ti2, .o, Tipy Yi1, vy Yim). The
constant x;; = 1 is in the model, and is often omitted from the case and
the data matrix. The model is written in matrix form as Z = XB + E.
The model has E(ex) = 0 and Cov(ex) = Ye = (045) for k = 1,...,n. Also
E(e;) = 0 while Cov(e;, e;) = 0;I, for 4,j = 1,...,m. Then B and X are
unknown matrices of parameters to be estimated, and E(Z) = X B while
E(Yi;) = szIBJ

3) Each response variable in a multivariate linear regression model follows
a multiple linear regression model Y; = X3, + e; for j = 1,...,m where it
is assumed that E(e;) = 0 and Cov(e;) = ;1.

4) For each variable Yj make a response plot of f’ik versus Y;; and a residual
plot of f’ik versus r;x = Yip — Yik. If the multivariate linear regression model
is appropriate, then the plotted points should cluster about the identity line
in each of the m response plots. If outliers are present or if the plot is not
linear, then the current model or data need to be transformed or corrected.
If the model is good, then each of the m residual plots should be ellipsoidal
with no trend and should be centered about the » = 0 line. There should not
be any pattern in the residual plot: as a narrow vertical strip is moved from
left to right, the behavior of the residuals within the strip should show little
change. Outliers and patterns such as curvature or a fan shaped plot are bad.

5) Make a scatterplot matrix of Y1, ..., Y;, and of the continuous predictors.
Use power transformations to remove strong nonlinearities.

6) Consider testing LB = 0 where L is an r x p full rank matrix. Let
W.=E Eand W./(n—p) = Se. Let H =B LT[L(XTX)"'LT]"'LB.
Let Ay > A2 > -+ > A, be the ordered eigenvalues of W;lH . Then there
are four commonly used test statistics.
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The Wilks’ A statistic is A(L) = |[(H + W) ‘W, | = |W_'H +I|"! =

[Ja+x)~"

=1

The Pillai’s t tatistic is V(L) = tr[(H + W.) 'H| = L
e Pillai’s trace statistic is V(L) = tr[(H + W) ] ;1_’_)\1_
The Hotelling-Lawley trace statistic is U(L) = tr[W_ 'H] = Z Aie
i=1

The Roy’s maximum root statistic is Adpaz (L) = A1.
7) Theorem: The Hotelling-Lawley trace statistic
1 -1

U = —— [vec(LB)|"[X¢

@ (L(XTX)' L") ] [vec(LB)).

8) Assumption D1: Let h; be the ith diagonal element of X (X” X)~1 X7,

P ..
Assume max(hy, ..., hy,) = 0 as n — 0o, assume that the zero mean iid error

1
vectors have finite fourth moments, and assume that —X Tx Lwt
n
9) Multivariate Least Squares Central Limit Theorem (MLS
CLT): For the least squares estimator, if assumption D1 holds, then X¢ is
a \/n consistent estimator of X, and \/n vec(B — B) 5 Npm (0, Xe @ W).
10) Theorem: If assumption D1 holds and if Hj is true, then
(n=P)UL) = X
11) Under regularity conditions, —[n —p+1—0.5(m —r+3)]log(A(L)) 5
D D
Xim:  (n=p)V(L) = X7, and (n—p)U(L) = X7,
These statistics are robust against nonnormality.
12) For the Wilks’ Lambda test,

rm

log(A(L)) < Frmmrm)-

For the Pillai’s trace test, pval = P (n —Pp
rm

V(L) < Frmynm)

For the Hotelling Lawley trace test, pval = P (% (L) < Frm,nrm>
The above three tests are large sample tests, P(reject Ho|Hy is true) — §
as m — oo, under regularity conditions.
13) The 4 step MANOVA F test of hypotheses uses L =[0 I,_1].
i) State the hypotheses Hy: the nontrivial predictors are not needed in the
mreg model Hj: at least one of the nontrivial predictors is needed.
ii) Find the test statistic F, from output.
iii) Find the pval from output.
iv) If pval < 4, reject Hy. If pval > §, fail to reject Hy. If Hy is rejected,
conclude that there is a mreg relationship between the response variables
Yi, ..., Yy, and the predictors xa, ..., z,. If you fail to reject Hy, conclude that
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there is a not a mreg relationship between Y7, ..., Y,, and the predictors x5,
., Tp. (Get the variable names from the story problem.)

14) The 4 step F; test of hypotheses uses L; = [0,...,0,1,0,...,0] where

the 1 is in the jth position. Let BJT be the jth row of B. The hypotheses are

equivalent to Hy : BJT =0 H;: BJT # 0. 1) State the hypotheses

Hy: x; is not needed in the model H;: =z is needed in the model.

ii) Find the test statistic F; from output.

iii) Find pval from output.

iv) If pval <4, reject Hy. If pval > ¢, fail to reject Hy. Give a nontechnical
sentence restating your conclusion in terms of the story problem. If Hj is
rejected, then conclude that x; is needed in the mreg model for Y3, ..., Y,,. If
you fail to reject Hy, then conclude that x; is not needed in the mreg model
for Y3, ..., Y,, given that the other predictors are in the model.

15) The 4 step MANOVA partial F test of hypotheses has a full model
using all of the variables and a reduced model where r of the variables are
deleted. The i¢th row of L has a 1 in the position corresponding to the ith
variable to be deleted. Omitting the jth variable corresponds to the F} test
while omitting variables 2, ..., z, corresponds to the MANOVA F test.

i) State the hypotheses Hy: the reduced model is good

Hi: use the full model.

ii) Find the test statistic Fr from output.

iii) Find the pval from output.

iv) If pval < 0, reject Hy and conclude that the full model should be used.
If pval > 4, fail to reject Hp and conclude that the reduced model is good.

16) The 4 step MANOVA F test should reject Hy if the response and
residual plots look good, n is large enough, and at least one response plot
does not look like the corresponding residual plot. A response plot for Y; will
look like a residual plot if the identity line appears almost horizontal, hence
the range of f@ is small.

17) The linmodpack function m1t reg produces the m response and resid-
ual plots, gives B, Y, the MANOVA partial F test statistic and pval cor-
responding to the reduced model that leaves out the variables given by in-
dices (so z2 and x4 in the output below with F' = 0.77 and pval = 0.614),
F; and the pval for the F; test for variables 1, 2, ..., p (where p = 4 in
the output below so F» = 1.51 with pval = 0.284), and Fy and pval for
the MANOVA F test (in the output below Fy = 3.15 and pval= 0.06).
The command out <- mltreg(x,y,indices=c (2)) would produce a
MANOVA partial F' test corresponding to the Fy test while the command
out <- mltreg(x,y,indices=c (2, 3, 4)) would produce a MANOVA
partial F' test corresponding to the MANOVA F test for a data set with
p = 4 predictor variables. The Hotelling Lawley trace statistic is used in the
tests.

out <- mltreg(x,y,indices=c(2,4))
$Bhat [rlJ [121 [131
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]

;] 0.0788438
]

;] —0.0189500

[,1]

1,] 21.91591

2,1 123.25566

3,1 132.33902
partial

partialF

[1,] 0.7703294
SFtable

[
[
[
$

Fj
] 6.30355375
;] 1.51013090
] 5.61329324
;] 0.06482555

4 0.72766

—-1.45584256 -17.3872206

2 0.13931

[,2]
123.2557
2619.4996 2
2145.7797 2

Pval
0.6141573

pvals
0.01677169
0.28449166
0.02279833
0.97701447

47.96841291 623.2817463 179.8867890

00 -0.5378649
0.2337900
89 -0.3885967

[,3]
132.339
145.780
954.082
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MANOVAF pval
[1,] 3.150118 0.06038742

B,,) and xy, find §; = (i1, ..., m)T Where

n
E é;¢]" while the sample covariance matrix of
i=1

n—p
~ TE
T Both X¢ and S, are \/n consistent

_ n —

estimators of X¢ for a large class of distributions for the error vectors ¢;.
20) The 100(1 — §)% nonparametric prediction region for y; given xy is

the nonparametric prediction region from ¢ 2.2 applied to 2; = ¥ Fte =

the residuals is S, = = pi‘e =
n

. T
B xy+¢€; fori=1,...,n. This takes the data cloud of the n residual vectors
€; and centers the cloud at g ;. Let

D?('flfa Sr) = (';-i - '!Alf)TS;l(%i - flj)
fori=1,...,n. Let ¢, = min(l — § + 0.05,1 — 6 +m/n) for § > 0.1 and
gn = min(1 — §/2,1 — 0 + 106m/n), otherwise.

If g <1—-06+0.001,set ¢, =1—6. Let 0 < <1andh = Dy, where
D,y is the g,th sample quantile of the D;. The 100(1 — ¢)% nonparametric
prediction region for y is
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{y: (w—9,)"S(y—9;) < DY)} ={y: Dy(¥;,S:) < Dw,}-

a) Consider the n prediction regions for the data where (y,,, @) =
(y;, ;) for i = 1,...,n. If the order statistic Dy, is unique, then U,, of the
n prediction regions contain y,; where U, /n — 1 —4§ as n — oo.

b) If (¢, S») is a consistent estimator of (E(y;), X'e) then the nonpara-
metric prediction region is a large sample 100(1 — §)% prediction region for
Yy
jc) If (§4,8r) is a consistent estimator of (E(y;), Xe), and the €; come
from an elliptically contoured distribution such that the unique highest den-
sity region is {y : Dy(0, ¥Xe) < Di1_s}, then the nonparametric prediction
region is asymptotically optimal.

21) On the DD plot for the residual vectors, the cases to the left of the
vertical line correspond to cases that would have y, = y; in the nonpara-
metric prediction region if £y = x;, while the cases to the right of the line
would not have y, = y, in the nonparametric prediction region.

22) The DD plot for the residual vectors is interpreted almost exactly as
a DD plot for iid multivariate data is interpreted. Plotted points clustering
about the identity line suggests that the €; may be iid from a multivariate
normal distribution, while plotted points that cluster about a line through
the origin with slope greater than 1 suggests that the €; may be iid from an
elliptically contoured distribution that is not MVN. Points to the left of the
vertical line corresponds to the cases that are in their nonparamtric prediction
region. Robust distances have not been shown to be consistent estimators of
the population distances, but are useful for a graphical diagnostic.
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23)|Multiple Linear Regression Multivariate Linear Regression
Y =XfB+e Z=-XB+E

1) EY)=Xp3 E[Z = XB

2) V,=xI'B+e y, =B z; +¢

3) E(e)=0 EE] =0

HIH=P=XXTX)"'Xx" H=P=XXTx)"'xT

5| B=xX"X)"'X"Y B=(X"x)1x"z

6) Y = PY Z=PrZ

7) r=e=(I-P)Y E=(I-P)Z

8) EB =8 E[B] =B

9| EY)=EY)=Xp3 E|Z)= XB

E'E

10) §2 =TT Se=

11) V(e;) = o2 Cov(e;) = Xe

12) E(Y;) = ﬁTﬂfi Ely;] = BTCCz‘
HQZL,@ZO HQLBZO

13) rFr 22 (n—=p)U(L) 2 X2,

14) LS CLT MLS CLT

Vi(B = B) D Ny(0,0*°W) |V vec(B — B) 2 Ny (0, Ze @ W).
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23) The table on the previous page compares MLR and MREG.

24) The robust multivariate linear regression method rmreg2 computes
the classical estimator on the RMVN set where RMVN is computed from
the n cases v; = (22, ..., Tpi, Yi1, ..., Yim)T. This estimator has considerable
outlier resistance but theory currently needs very strong assumptions. The
response and residual plots and DD plot of the residuals from this estimator
are useful for outlier detection. The rmreg2 estimator is superior to the
rmreqg estimator for outlier detection.

9.11 Complements

This chapter followed Olive (2017b, ch. 12) closely. Multivariate linear re-
gression is a semiparametric method that is nearly as easy to use as multiple
linear regression if m is small. Section 10.3 followed Olive (2018) closely. The
material on plots and testing followed Olive et al. (2015) closely. The m re-
sponse and residual plots should be made as well as the DD plot, and the
response and residual plots are very useful for the m = 1 case of multiple
linear regression and experimental design. These plots speed up the model
building process for multivariate linear models since the success of power
transformations achieving linearity can be quickly assessed, and influential
cases can be quickly detected. See Cook and Olive (2001).

Work is needed on variable selection and on determining the sample sizes
for when the tests and prediction regions start to work well. Response and
residual plots can look good for n > 10p, but for testing and prediction
regions, we may need n > a(m+ p)? where 0.8 < a < 5 even for well behaved
elliptically contoured error distributions. Variable selection for multivariate
linear regression is discussed in Fujikoshi et al. (2014). R programs are needed
to make variable selection easy. Forward selection would be especially useful.

Often observations (Y1, ..., Yo, 2, ..., xp) are collected on the same person
or thing and hence are correlated. If transformations can be found such that
the DD plot and the m response plots and residual plots look good, and
n is large (n > max[(m + p)?, mp + 30)] starts to give good results), then
multivariate linear regression can be used to efficiently analyze the data.
Examining m multiple linear regressions is an incorrect method for analyzing
the data.

In addition to robust estimators and seemingly unrelated regressions, en-
velope estimators and partial least squares (PLS) are competing methods for
multivariate linear regression. See recent work by Cook such as Cook (2018),
Cook and Su (2013), Cook et al. (2013), and Su and Cook (2012). Methods
like ridge regression and lasso can also be extended to multivariate linear re-
gression. See, for example, Obozinski et al. (2011). Relaxed lasso extensions
are likely useful. Prediction regions for alternative methods with n >> p
could be made following Section 10.3.
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Plugging in robust dispersion estimators in place of the covariance matri-
ces, as done in Section 10.6, is not a new idea. Maronna and Morgenthaler
(1986) used M-estimators when m = 1. Problems can occur if the error
distribution is not elliptically contoured. See Nordhausen and Tyler (2015).

Khattree and Naik (1999, pp. 91-98) discussed testing Hy : LBM = 0
versus Hy : LBM # 0 where M = I gives a linear test of hypotheses.
Johnstone and Nadler (2017) gave useful approximations for Roy’s largest
root test when the error vector distribution is multivariate normal.

9.12 Problems

PROBLEMS WITH AN ASTERISK * ARE ESPECIALLY USE-
FUL.

10.1*. Consider the Hotelling Lawley test statistic. Let

T(W) =n [vec(LB)T[S¢ ® (LWLY) Y vec(LB)].

Let r
X' X o —
[i 1.

Show T(W) = [vee(LB))7[5:  (L(XTX) " LT)[vec(LB)).

10.2. Consider the Hotelling Lawley test statistic. Let T =

wee(LB)| 7[5 © (L(XTX) L)Y jvec(LB)].

Let L= L; =[0,...,0,1,0,...,0 have a 1 in the jth position. Let b, = LB be
the jth row of B. Let d; = L; (XTX) 1LT (X"x);,
entry of (X7 X)~'. Then T = dijbj 3 bj. The Hotelling Lawley statistic

the ]th diagonal

U=tr([(n—p)Ze|'B’ LTL(XTX)'LT]"'LB)).

Hence if L = Lj, then Uj = = p)tr(i‘; I; B ).
Using tr(ABC) = tr(CAB) and tr(a) = a f
(n—p)U; =1Tj.

or scalar a, show that

10.3. Consider the Hotelling Lawley test statistic. Using the Searle (1982,
p- 333) identity

tr(AGT DGC) = [vec(G))T[CA @ DT ][vec(G)],
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show (n—p)U(L) = t[Ze B LTL(X"X)'L"]"'LB

= [vec(LB))T[Ee ' ® (L(XTX)~'LT) " Y[vec(LB)] by identifying A, G, D,
and C.

SFtable Fj pvals #Output for problem 10.4.
[1,] 82.147221 0.000000e+00

[2,] 58.448961 0.000000e+00

[3,] 15.700326 4.258563e-09

[4,] 9.072358 1.281220e-05

[5,]1 45.364862 0.000000e+00

SMANOVA

MANOVAF pval
[1,] 67.80145 0

10.4. The output above is for the R Seatbelts data set where Y; =
drivers = number of drivers killed or seriously injured, Y2 = front = number
of front seat passengers killed or seriously injured, and Y3 = back = num-
ber of back seat passengers killed or seriously injured. The predictors were
x9 = kms = distance driven, x3 = price = petrol price, x4 = van = number
of van drivers killed, and x5 = law = 0 if the law was in effect that month
and 1 otherwise. The data consists of 192 monthly totals in Great Britain
from January 1969 to December 1984, and the compulsory wearing of seat
belts law was introduced in February 1983.

a) Do the MANOVA F test.

b) Do the Fy test.

10.5. a) Sketch a DD plot of the residual vectors €; for the multivariate
linear regression model if the error vectors e€; are iid from a multivariate
normal distribution. b) Does the DD plot change if the one way MANOVA
model is used instead of the multivariate linear regression model?

10.6. The output below is for the R judge ratings data set consisting of
lawyer ratings for n = 43 judges. Y1 = oral = sound oral rulings, Yo = writ =
sound written rulings, and Y3 = rten = worthy of retention. The predictors
were o = cont = number of contacts of lawyer with judge, z3 = intg =
judicial integrity, x4 = dmnr = demeanor, x5 = dilg = diligence, x¢ =
cfmg = case flow managing, x7 = deci = prompt decisions, xg = prep =
preparation for trial, xg = fami = familiarity with law, and x19 = phys =
physical ability.

a) Do the MANOVA F test.

b) Do the MANOVA partial F test for the reduced model that deletes
Ta, Ts, Tg, T7, and Ts.

y<-USJudgeRatings[,c(9,10,12)] #See problem 8.6.
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x<-USJudgeRatings[,-c(9,10,12)]
mltreg(x,y,indices=c(2,5,6,7,8))
Spartial

partialF Pval
[1,] 1.649415 0.1855314

SMANOVA
MANOVAF pval
[1,] 340.1018 1.121325e-14

10.7. Let B, be p x 1 and suppose

(@1‘51) ~ N, ((0> [Ull(XTX)l 0’12(XTX)1}>
Bz — Bo PANO ) [on(XTX) opn(XT X)) )
Find the distribution of

Bl‘ﬁl) 7
L N =L
Lo (BQ—BQ P

where LB, = 0 and L is r x p with r < p. Simplify.
10.8. Let y = BYx + €. Suppose © = (1,22, ...,zp)T = (1 wT)T where

w = (g, ...,2p)T. Let
ol
5-(5.)

AN Py Tyy Tyw
w P g )\ Bwy Zww )|

Then y|w ~ N (py + Zyw Zww (W — ), Zyy — Zyw Zww Zww),
and € ~ Nm(O, Zyy — Zwa{Uleww) = Nm(O, Ze)
Now

Suppose

1
yle = y| (w) :BT:c—l-e,

and
T T
- T - 87 1 o T 1 o T
ylw =B :c—l—e—(BS) (w>+e—(a By) (w>+e—a+BSw+e.

Hence E(y|w) = py + Syw Zpw (W — ) = a + Blw.
a) Show a = py — By

b) Show Bs = Xy, Ty where oy = Zopaw.

(Hence BE = SywEy-)

R Problems
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Warning: Use the command source( “G:/linmodpack.trt”) to down-
load the programs. See Preface or Section 11.1. Typing the name of
the mpack function, e.g. ddplot, will display the code for the function. Use
the args command, e.g. args(ddplot), to display the needed arguments for
the function. For some of the following problems, the R commands can be
copied and pasted from (http://parker.ad.siu.edu/Olive/linmodrhw.txt) into
R.

10.9. This problem examines multivariate linear regression on the Cook
and Weisberg (1999) mussels data with Y7 = log(S) and Y2 = log(M) where
S is the shell mass and M is the muscle mass. The predictors are Xy = L,
X3 =log(W), and X4 = H: the shell length, log(width), and height.

a) The R command for this part makes the response and residual plots
for each of the two response variables. Click the rightmost mouse button and
highlight Stop to advance the plot. When you have the response and residual
plots for one variable on the screen, copy and paste the two plots into Word.
Do this two times, once for each response variable. The plotted points fall in
roughly evenly populated bands about the identity or r = 0 line.

b) Copy and paste the output produced from the R command for this part
from $partial on. This gives the output needed to do the MANOVA F test,
MANOVA partial F' test, and the F} tests.

¢) The R command for this part makes a DD plot of the residual vectors
and adds the lines corresponding to those in Figure 10.3. Place the plot
in Word. Do the residual vectors appear to follow a multivariate normal
distribution? (Right click Stop once.)

d) Do the MANOVA partial F' test where the reduced model deletes X3
and X4.

e) Do the Fy test.

f) Do the MANOVA F test.

10.10. This problem examines multivariate linear regression on the SAS
Institute (1985, p. 146) Fitness Club Data with Y7 = chinups, Yo = situps,
and Y3 = jumps. The predictors are Xo = weight, X3 = waist, and Xy =
pulse.

a) The R command for this part makes the response and residual plots for
each of the three variables. Click the rightmost mouse button and highlight
Stop to advance the plot. When you have the response and residual plots for
one variable on the screen, copy and paste the three plots into Word. Do this
three times, once for each response variable. Are there any outliers?

b) The R command for this part makes a DD plot of the residual vectors
and adds the lines corresponding to those in Figure 10.3. Place the plot in
Word. Are there any outliers? (Right click Stop once.)

10.11. This problem uses the linmodpack function mregsim to simulate
the Wilks’ A test, Pillai’s trace test, Hotelling Lawley trace test, and Roy’s
largest root test for the F} tests and the MANOVA F' test for multivariate
linear regression. When mnull = T the first row of B is 17 while the re-
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maining rows are equal to 0. Hence the null hypothesis for the MANOVA
F test is true. When mnull = F the null hypothesis is true for p = 2, but
false for p > 2. Now the first row of B is 17 and the last row of B is 07. If
p > 2, then the second to last row of B is (1, 0, ..., 0), the third to last row is
(1,1, 0, ..., 0) et cetera as long as the first row is not changed from 17 First
m iid errors z; are generated such that the m errors are iid with variance
02. Then €; = Az; so that Xe = 02AAT = (0i;) where the diagonal entries
oi; = 02[1+ (m—1)1?] and the off diagonal entries o;; = 0%[2¢)+ (m — 2)1?
where ¢ = 0.10. Terms like Wilkcov give the percentage of times the Wilks’
test rejected the Fy, Fy, ..., F), tests. The $mancv wev pev hlev rev fev output
gives the percentage of times the 4 test statistics reject the MANOVA F test.
Here hlcov and fcov both correspond to the Hotelling Lawley test using the
formulas in Problem 10.3.

5000 runs will be used so the simulation may take several minutes. Sample
sizes n = (m + p)?,n = 3(m + p)?, and n = 4(m + p)? were interesting. We
want coverage near 0.05 when Hj is true and coverage close to 1 for good
power when Hj is false. Multivariate normal errors were used in a) and b)
below.

a) Copy the coverage parts of the output produced by the R commands
for this part where n = 20, m = 2, and p = 4. Here Hj is true except for
the F test. Wilks’ and Pillai’s tests had low coverage < 0.05 when Hj was
false. Roy’s test was good for the F} tests, but why was Roy’s test bad for
the MANOVA F test?

b) Copy the coverage parts of the output produced by the R commands
for this part where n = 20, m = 2, and p = 4. Here Hj is false except for the
F} test. Which two tests seem to be the best for this part?

10.12. This problem uses the linmodpack function mpredsim to simulate
the prediction regions for y, given x ¢ for multivariate regression. With 5000
runs this simulation may take several minutes. The R command for this
problem generates iid lognormal errors then subtracts the mean, producing
z;. Then the €¢; = Az; are generated as in Problem 10.11 with n=100, m=2,
and p=4. The nominal coverage of the prediction region is 90%, and 92%
of the training data is covered. The ncvr output gives the coverage of the
nonparametric region. What was ncvr?
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Chapter 11
Stuff for Students

11.1 R

R is available from the CRAN website (https://cran.r-project.org/). As of
January 2020, the author’s personal computer has Version 3.3.1 (June 21,
2016) of R. R is similar to Splus, but is free. R is very versatile since many
people have contributed useful code, often as packages.

Downloading the book’s files into R

Many of the homework problems use R functions contained in the book’s
website (http://parker.ad.siu.edu/Olive/slearnbk.htm) under the file name
slpack.tzt. The following two R commands can be copied and pasted into R
from near the top of the file (http://parker.ad.siu.edu/Olive/slrhw.txt).

Downloading the book’s R functions slpack.txt and data files si-
data.txt into R: the commands

source ("http://parker.ad.siu.edu/Olive/slpack.txt")
source ("http://parker.ad.siu.edu/Olive/sldata.txt")

can be used to download the R functions and data sets into R. Type Is().
Nearly 70 R functions from slpack.tzt should appear. In R, enter the com-
mand ¢(). A window asking “Save workspace image?’ will appear. Click on
No to remove the functions from the computer (clicking on Yessaves the func-
tions in R, but the functions and data are easily obtained with the source
commands).

Citing packages

We will use R packages often in this book. The following R command is
useful for citing the Mevik et al. (2015) pls package.

citation("pls")

Other packages cited in this book include MASS and class: both from Ven-
ables and Ripley (2010), glmnet: Friedman et al. (2015), and leaps: Lumley
(2009).

295
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This section gives tips on using R, but is no replacement for books such
as Becker et al. (1988), Crawley (2005, 2013), Fox and Weisberg (2010), or
Venables and Ripley (2010). Also see Mathsoft (1999ab) and use the website
(www.google.com) to search for useful websites. For example enter the search
words R documentation.

The command ¢() gets you out of R.

Least squares regression can be done with the function Isfit or Im.

The commands help(fn) and args(fn) give information about the function
fn, e.g. if fn = Isfit.

Type the following commands.

x <- matrix (rnorm(300),nrow=100,ncol=3)
y <= x%x%1:3 + rnorm(100)

out<- lsfit (x,vy)

out$coef

ls.print (out)

The first line makes a 100 by 3 matrix x with N(0,1) entries. The second
line makes y[i] = 0+ 1% x[i, 1] +2xx[i, 2] +3*x[i, 2] + e where e is N(0,1). The
term 1:3 creates the vector (1,2,3)7 and the matrix multiplication operator is
% *%. The function 1sfit will automatically add the constant to the model.
Typing “out” will give you a lot of irrelevant information, but out$coef and
out$resid give the OLS coefficients and residuals respectively.

To make a residual plot, type the following commands.

fit <- y - out$resid
plot (fit,out$resid)
title("residual plot")

The first term in the plot command is always the horizontal axis while the
second is on the vertical axis.

To put a graph in Word, hold down the Ctrl and ¢ buttons simulta-
neously. Then select “Paste” from the Word menu, or hit Ctrl and v at the
same time.

To enter data, open a data set in Notepad or Word. You need to know
the number of rows and the number of columns. Assume that each case is
entered in a row. For example, assuming that the file cyp.lsp has been saved
on your flash drive from the webpage for this book, open cyp.lsp in Word. It
has 76 rows and 8 columns. In R , write the following command.

cyp <- matrix(scan(),nrow=76,ncol=8,byrow=T)

A data frame is a two-dimensional array in which the values of different
variables are stored in different named columns.

Then copy the data lines from Word and paste them in R. If a cursor does
not appear, hit enter. The command dim(cyp) will show if you have entered
the data correctly.
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Enter the following commands

cypy <- cypl,2]
cypx<—- cypl,-c(1,2)]
1sfit (cypx, cypy) Scoef

to produce the output below.

Intercept X1 X2 X3
205.40825985 0.94653718 0.17514405 0.23415181
X4 X5 X6

0.75927197 -0.05318671 -0.30944144
Making functions in R is easy.
For example, type the following commands.

mysquare <- function (x) {
# this function squares x
r <- x"2

r }

The second line in the function shows how to put comments into functions.
Modifying your function is easy.

Store a function as text file, modify the function in Notepad, and copy and
paste the function into R.

To save data or a function in R, when you exit, click on Yes when the
“Save worksheet image?’ window appears. When you reenter R, type Is().
This will show you what is saved. You should rarely need to save anything
for this book. To remove unwanted items from the worksheet, e.g. z, type
rm (),
pairs(x) makes a scatterplot matrix of the columns of z,
hist(y) makes a histogram of y,
bozplot(y) makes a boxplot of y,
stem(y) makes a stem and leaf plot of y,
scan(), source(), and sink() can be are useful.

To type a simple list, use y <— ¢(1,2,3.5).
The commands mean(y), median(y), var(y) are self explanatory.

The following commands are useful for a scatterplot created by the com-
mand plot(x,y).
lines(x,y), lines(lowess(x,y,f=.2))

identify(x,y)
abline(out$coef), abline(0,1)

The usual arithmetic operators are 244, 3 — 7, 8 x4, 8/4, and
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27{10}.

The ith element of vector y is y[i] while the ij element of matrix « is z[i, j].
The second row of z is x[2, | while the 4th column of z is x[, 4]. The transpose
of z is t(z).

The command apply(z,1,fn) will compute the row means if fn = mean.
The command apply(z,2,fn) will compute the column variances if fn = var.
The commands cbind and rbind combine column vectors or row vectors with
an existing matrix or vector of the appropriate dimension.

Getting information about a library in R

In R, a library is an add—on package of R code. The command library()
lists all available libraries, and information about a specific library, such as
leaps for variable selection, can be found, e.g., with the command
library(help=leaps).

Downloading a library into R

Many researchers have contributed a library or package of R code that can
be downloaded for use. To see what is available, go to the website
(http://cran.us.r-project.org/) and click on the Packages icon.

Following Crawley (2013, p. 8), you may need to “Run as administrator”
before you can install packages (right click on the R icon to find this). Then
use the following command to install the glmnet package.

install.packages ("glmnet")

Open R and type the following command.
library(glmnet)
Next type help(glmnet) to make sure that the library is available for use.

Warning: R is free but not fool proof. If you have an old version of R
and want to download a library, you may need to update your version of
R. The libraries for robust statistics may be useful for outlier detection, but
the methods have not been shown to be consistent or high breakdown. All
software has some bugs. For example, Version 1.1.1 (August 15, 2000) of R
had a random generator for the Poisson distribution that produced variates
with too small of a mean 6 for § > 10. Hence simulated 95% confidence
intervals might contain 6 0% of the time. This bug seems to have been fixed
in Versions 2.4.1 and later. Also, some functions in lregpack may no longer
work in new versions of R.

11.2 Hints for Selected Problems

1.9. See Example 1.7.
3.7 Note that Z4Z, = 272,
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G
Gany = (\/En 77) ;
and Z4Gan, = Z"Gn. Then
RSS(Ma) = [|1Za = Ganall3 = (Za = Gana)' (Za — Gany) =
Z3Za— ZhGan, —niGLZa+n4GLGan, =
G
zZ'7 -7Z"Gn-n"GTZ + (nTGT \/)\_2 nT) (\/En 77) .
Thus
Qn(na)=Z"Z - Z"Gn—n"G"Z +0"G"Gn+X;n"n+7nal =

*
1

ﬁ”’h”l =

RSS(n) + Asllnllz + Atlnl = Q(n). O

1Z = Gnll3 + Asimll +

11.3 Projects

Straightforward Projects

1) Bootstrap OLS and forward selection with C), as in Table 2.2, but use
more values of n, p, k, 1, and error distributions. See some R code for Problem
3.12.

2) Bootstrap OLS and forward selection with BIC in a maaner similar
to bootstrapping OLS and forward selection with C}, as in Table 2.2, but
use more values of n, p, k, ¥, and error distributions. The slpack functions
bicboot and bicbootsim are useful.

3) For a support vector machine (SVM), Y =1 orY = —1. Let Z =1 if
Y=1and Z=0if Y = —1. Let f(x) = By + .7, &K (x,x;) = ESP. Plot
ESP versus Z and add lowess as a visual aid. This treats Z|lx as a binary
regression where p(ESP) is not specified. Use the prediction region method
to bootstrap 3.

4) Analyze a data set with one or more statistical learning methods. The
UC Irvine Machine Learning Repository website has interesting data sets. See
(http://archive.ics.uci.edu/ml/index.php) and (http://mlearn.ics.uci.edu/
MLRepository.html).

Harder Projects

1) Compare the Bickel and Ren (2001) bootstrap confidence region (2.21)
with the prediction region method bootstrap confidence region (2.22) on a
problem. For example for OLS or forward selection testing Hy : 3, = 0.
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2) A regression tree can be made for the model Y = m(x) + e. Develop a
prediction interval for Y} using (2.7) with d = number of terminal nodes.

3) For multiple linear regression, shrinkage estimators often shrink B and
the ESP too much. See Figure 1.9b for ridge regression. Suppose Y = 31 +
Boxo + -+ P1o17101 + € = T2 + e with n = 100 and p = 101. This model is
sparse and lasso performs well, similar to Figure 1.9a. Ridge regression shrinks
too much, but Y is highly correlated with Y. This suggests regressing ¥ on
Y to get Y =a+ bY +¢c Then Y = XBQ where Bz’2 = lA)BiM fori=2,...,p
and Bﬂ =a+ lA)Bl »m and M is the shrinkage method such as ridge regression.
If b ~ 1 or if the response plot using shrinkage method M looks good (the
plotted points are linear and cover the identity line), then the improvement
is not needed.

This technique greatly improves the appearance of the response plot and
the prediction intervals on the training data. Investigate whether the tech-
nique improves the prediction intervals on test data. Consider automating
the procedure by using the improvement if Hy : b = 1 versus Hy : b # 1 is
rejected, e.g. if 1 is not in the CI b=+ 2SE(b). Some R code is shown below.

(It may be possible to improve shrinkage estimators for regression models
such as Poisson regression. For Poisson regression, we would want

ST
exp(a + bBy,x) to track ¥ well.)

#Possible way to correct shrinkage estimator
#underfitting.

#The response plot looks much better, but is the idea
#useful for prediction? Usually x1 was x2 in

#the formula Y = 0 + x1 + e.

#The corrected version has ‘'x1" coef approx 0.48.

library (glmnet)

set.seed(13)

par (mfrow=c(2,1))

x <- matrix (rnorm(10000), nrow=100,ncol=100)
Y <- x[,1] + rnorm(100,sd=0.1)

#sparse model, iid predictors

out <- cv.glmnet (x,Y,alpha=1) #lasso

lam <- out$lambda.min

fit <- predict (out, s=lam, newx=x)

res<—- Y-fit

#PI bands used d = 1

AERplot2 (yvhat=fit, y=Y, res=res)
title("lasso")

cor (fit,Y) #about 0.997

tem <- lsfit (fit,Y)

tem$coef #changes even if set.seed is used
# Intercept 1
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#0.0009741988 1.0132965955

out <- cv.glmnet (x,Y,alpha=0) #ridge regression
lam <- out$lambda.min

fit <- predict (out, s=lam, newx=x)

res<—- Y-fit

#PI bands used d = 1

AERplot2 (yvhat=fit, y=Y, res=res)

#Srespi

#[1] -1.276461 1.693856 #PI length about 2.97
title("ridge regression")

par (mfrow=c(1l,1))

#ridge regression shrank betahat and ESP too much
cor (fit,Y) #about 0.91

tem <- lsfit (fit,Y)

tem$coef

# Intercept 1

#0.3523725 5.8094443 #Fig. 1.9 has -0.7008187 5.7954084
fit2 <- Y-tem$resid

#Y = yhat + r, fit2 = yhat for scaled RR estimator
plot (£it2,Y) #response plot is much better
abline (0, 1)

rrcoef <- predict (out,type="coefficients",s=lam)
plot (rrcoef)

bhat <- tem$coef[2]xrrcoef

bhat[1] <- bhat[l] + tem$Scoef[l]

#bhat is the betahat for the new ESP fit2

fit3 <- x%x%bhat[-1] + bhat[1l]

plot (£it2, £it3)

max (abs (£it2-£f1it3))

#[1] 1.110223e-15

plot (rrcoef)

plot (bhat)

res2 <- Y - fit2

AERplot2 (yhat=fit2, y=Y, res=res2)

Srespi

[1] -0.7857706 0.6794579 #PI length about 1.47
title ("Response Plot for Scaled Ridge Regression Estimator")

Research Ideas That Have Confounded the Author

1) We want clearer and weaker sufficient conditions for when the bootstrap
methods work. In particular, we want to weaken sufficient conditions for
when the shorth CI and prediction region method confidence region work. See
Remark 2.9, Section 2.3.4, Equation (2.2), and the Warning before Example
2.8. Some heuristics for why these bootstrap methods may work for MLR
forward selection are given in Sections 2.3.5 and 3.11.
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11.4 Tables

Tabled values are F(k,d, 0.95) where P(F < F(k,d,0.95)) = 0.95.

00 stands for co. Entries were produced with the gf (.95, k,d) command
in R. The numerator degrees of freedom are k while the denominator degrees
of freedom are d.

k 1 2 3 4 5 6 7 8 9 00
d

1 lel 200 216 225 230 234 237 239 241 254
2 18.5 19.0 19.2 19.3 19.3 19.3 19.4 19.4 19.4 19.5
3 10.1 9.55 9.28 9.12 9.01 8.94 8.89 8.85 8.81 8.53
4 7.71 6.94 6.59 6.39 6.26 6.16 6.09 6.04 6.00 5.63
5 6.61 5.79 5.41 5.19 5.05 4.95 4.88 4.82 4.77 4.37
6 5.99 5.14 4.76 4.53 4.39 4.28 4.21 4.15 4.10 3.67
7 5.59 4.74 4.35 4.12 3.97 3.87 3.79 3.73 3.68 3.23
8 5.32 4.46 4.07 3.84 3.69 3.58 3.50 3.44 3.39 2.93
9 5.12 4.26 3.86 3.63 3.48 3.37 3.29 3.23 3.18 2.71
10 4.96 4.10 3.71 3.48 3.33 3.22 3.14 3.07 3.02 2.54
11 4.84 3.98 3.59 3.36 3.20 3.09 3.01 2.95 2.90 2.41
12 4.75 3.89 3.49 3.26 3.11 3.00 2.91 2.85 2.80 2.30
13 4.67 3.81 3.41 3.18 3.03 2.92 2.83 2.77 2.71 2.21
14 4.60 3.74 3.34 3.11 2.96 2.85 2.76 2.70 2.65 2.13
15 4.54 3.68 3.29 3.06 2.90 2.79 2.71 2.64 2.59 2.07
16 4.49 3.63 3.24 3.01 2.85 2.74 2.66 2.59 2.54 2.01
17 4.45 3.59 3.20 2.96 2.81 2.70 2.61 2.55 2.49 1.96
18 4.41 3.55 3.16 2.93 2.77 2.66 2.58 2.51 2.46 1.92
19 4.38 3.52 3.13 2.90 2.74 2.63 2.54 2.48 2.42 1.88
20 4.35 3.49 3.10 2.87 2.71 2.60 2.51 2.45 2.39 1.84
25 4.24 3.39 2.99 2.76 2.60 2.49 2.40 2.34 2.28 1.71
30 4.17 3.32 2.92 2.69 2.53 2.42 2.33 2.27 2.21 1.62
00 3.84 3.00 2.61 2.37 2.21 2.10 2.01 1.%94 1.88 1.00
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Tabled values are to q where P(t < to.q) = o where t has a ¢ distribution
with d degrees of freedom. If d > 29 use the N(0,1) cutoffs d = Z = .

alpha pvalue
d 0.005 0.01 0.025 0.05 0.5 0.95 0.975 0.99 0.995 left tail
1 -63.66 -31.82 -12.71 -6.314 0 6.314 12.71 31.82 63.66
2 -9.925 -6.965 -4.303 -2.920 0 2.920 4.303 6.965 9.925
3 -5.841 -4.541 -3.182 -2.353 0 2.353 3.182 4.541 5.841
4 -4.604 -3.747 -2.776 -2.132 0 2.132 2.776 3.747 4.604
5 -4.032 -3.365 -2.571 -2.015 0 2.015 2.571 3.365 4.032
6 -3.707 -3.143 -2.447 -1.943 0 1.943 2.447 3.143 3.707
7 -3.499 -2.998 -2.365 -1.895 0 1.895 2.365 2.998 3.499
8 -3.355 -2.896 -2.306 -1.860 0 1.860 2.306 2.896 3.355
9 -3.250 -2.821 -2.262 -1.833 0 1.833 2.262 2.821 3.250
10 -3.169 -2.764 -2.228 -1.812 0 1.812 2.228 2.764 3.169
11 -3.106 -2.718 -2.201 -1.796 0 1.796 2.201 2.718 3.106
12 -3.055 -2.681 -2.179 -1.782 0 1.782 2.179 2.681 3.055
13 -3.012 -2.650 -2.160 -1.771 0 1.771 2.160 2.650 3.012
14 -2.977 -2.624 -2.145 -1.761 0 1.761 2.145 2.624 2.977
15 -2.947 -2.602 -2.131 -1.753 0 1.753 2.131 2.602 2.947
16 -2.921 -2.583 -2.120 -1.746 0 1.746 2.120 2.583 2.921
17 -2.898 -2.567 -2.110 -1.740 0 1.740 2.110 2.567 2.898
18 -2.878 -2.552 -2.101 -1.734 0 1.734 2.101 2.552 2.878
19 -2.861 -2.539 -2.093 -1.729 0 1.729 2.093 2.539 2.861
20 -2.845 -2.528 -2.086 -1.725 0 1.725 2.086 2.528 2.845
21 -2.831 -2.518 -2.080 -1.721 O 1.721 2.080 2.518 2.831
22 -2.819 -2.508 -2.074 -1.717 0 1.717 2.074 2.508 2.819
23 -2.807 -2.500 -2.069 -1.714 0 1.714 2.069 2.500 2.807
24 -2.797 -2.492 -2.064 -1.711 0 1.711 2.064 2.492 2.797
25 -2.787 -2.485 -2.060 -1.708 0 1.708 2.060 2.485 2.787
26 -2.779 -2.479 -2.056 -1.706 0 1.706 2.056 2.479 2.779
27 -2.771 -2.473 -2.052 -1.703 0 1.703 2.052 2.473 2.771
28 -2.763 -2.467 -2.048 -1.701 0 1.701 2.048 2.467 2.763
29 -2.756 -2.462 -2.045 -1.699 0 1.699 2.045 2.462 2.756
Z -2.576 -2.326 -1.960 -1.645 0 1.645 1.960 2.326 2.576
CI 90% 95% 99%
0.995 0.99 0.975 0.95 0.5 0.05 0.025 0.01 0.005 right tail
0.01 0.02 0.05 0.10 1 0.10 0.05 0.02 0.01 two tail
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