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PREFACE

No single statistical tool has received the attention given to regression analysis
in the past 25 years. Both practical data analysts and statistical theorists have con-
tributed to an unprecedented advancement in this important and dynamic topic.
Many volumes have been written by statisticians and scientists with the result
being that the arsenal of effective regression methods has increased manyfold.

My intent for this second edition is to provide a rather substantial increase in
material related to classical regression while continuing to introduce relevant new
and modern techniques. I have included major supplements in simple linear
regression that deal with simultaneous influence, maximum likelihood estimation
of parameters, and the plotting of residuals. In multiple regression, new and
substantial sections on the use of the general linear hypothesis, indicator variables,
the geometry of least squares, and relationship to ANOVA models are added. In
addition, all new topics are illustrated with the use of real-life data sets and
annotated computer printout. In the area of useful modern techniques, additional
types of diagnostic residual plots are developed and illustrated, including compo-
nent plus residual plots and augmented partial plots. These plots are designed
to provide a two-dimensional picture of the role of each regressor in the multiple
regression and graphically highlight the need for nonlinearities in the regression
model.

The chapter on nonstandard conditions has received considerable enhancement
in order to better highlight modern techniques. The Box-Cox transformation
has been expanded considerably with illustrations. Regression with a categorical
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PREFACE

response, and otherwise nonnormal error situations, are now given the consider-
ation they deserve. Logistic regression is now expanded and is accompanied by
Poisson regression. These two important techniques provide a foundation for a
generalization to generalized linear models from which one can build models
under error structures that have distributions such as gamma, negative binomial,
exponential, and others. Other nonstandard conditions such as autocorrelated
errors are discussed and illustrated. The text continues to emphasize applications
that are selected from a wide variety of fields. The text puts emphasis on concepts
and provides a blend between illustrations with real data sets and conceptual
development.

Exercises in the text have been enhanced substantially. The number of exercises
have been approximately doubled, and many new ones involve new data sets
and problems to provide the student experience in using new techniques developed
in the text. A data disk is available containing data sets in the exercises.

It is necessary that readers have been exposed to a course in basic statistical
methods and thus are familiar with the use of the normal, ¢, 2, and F distributions.
A basic course in calculus is required, and familiarity with matrix algebra is
desirable. The text emphasizes applications with examples that illustrate nearly
all techniques discussed. I have selected examples from a wide variety of fields
including the physical sciences, engineering, biology, management science, and
economics.

The book is designed for seniors and graduate students majoring in statistics
or user subject-matter fields. There are nine chapters and three appendices.
Chapter 1 introduces the general notion of regression models, and Chapter 2
deals specifically in simple linear regression with traditional material based on
ordinary least squares estimation. Chapter 3 extends least squares estimation to
multiple linear regression and introduces multicollinearity with illustrations,
though modern methods of diagnosis and combating collinearity are relegated
to Chapter 8. Both Chapters 2 and 3 have been expanded in areas previously
discussed. Chapter 4 represents a blend between classical and contemporary
methodology designed to choose the optimal subset model. Sequential analytic
or stepwise model-building methods are discussed and illustrated. In addition,
Mallow’s C-statistic is developed and motivated as a criterion that represents a
compromise between model overfitting and underfitting. The obvious connection
is made in Chapter 4 between cross-validation criteria and model selection. To
this end, the PRESS statistic and data splitting are presented and illustrated as
criteria for discriminating among competing models. Illustrations are given of
how modern software allows PRESS, C,, and other model selection criteria to
be used in an all possible regression type of procedure.

Chapter 5 deals solely in analysis of residuals when the user’s intent is to do
model criticism and detection of violation of assumptions. Modern diagnostic
methods are discussed for outlier detection and plotting of residuals. The material
in Chapter 6 revolves around modern methods for detecting data points that
exert disproportionate influence on the regression results. Influence diagnostics,



PREFACE 14

which are rapidly becoming a standard part of the analyst’s arsenal, are discussed.
Chapter 7 follows logically by presenting procedures that are used as alternatives
to standard methodology when assumptions are violated. Transformations are
presented with illustrations. Weighted regression is used as an alternative to
ordinary least squares when the homogeneous variance assumption fails. Robust
regression is described for the case of outliers or non-Gaussian error assumptions.
As I mentioned previously, Chapter 7 has been supplemented to include auto-
correlated errors, additional development in transformations, and regression with
categorical responses and other non-Gaussian conditions. Chapter 8 is dedicated
completely to diagnostic and analytical methods in cases of data sets that contain
multicollinearity. Ridge regression and principal components regression are
developed and illustrated with real data sets. Chapter 9 covers nonlinear regres-
sion. Standard nonlinear regression methods for finding least squares estimators
are developed and presented.

I have already mentioned the substantial number of real data sets that are a
part of an expanded number of exercises. Other exercises are more conceptual
or theoretical in nature and are certainly challenging to the graduate student or
high-level undergraduate who has an appreciation of linear algebra.

The three appendices are each designed for a different purpose. Appendix A
supplements the reader’s background in linear algebra with a treatment of items
such as eigenvalues, eigenvectors, and quadratic forms. Appendix B is designed
to strengthen the reader’s understanding of certain statistical concepts that are
not likely to be covered in prerequisite courses. For example, treatment of notions
such as maximum likelihood, the generalized variance, and expected values of
quadratic forms are given. This will aid the student who is mathematically more
sophisticated to achieve a higher level of understanding of some of the regression
concepts in the text. In addition, Appendix B contains derivations of results dealing
with quadratic forms, deletion formulae associated with influence diagnostics, and
several other theoretical results that were deleted from the mainstream of the
text so that the reader not be deflected from the practical concepts and
consequences of the regression development. Appendix C contains statistical
tables.

I would like to acknowledge those who made contributions to the project.
First and foremost, I would like to thank my wife, Sharon, who proofread the
manuscript at each stage and whose efforts resulted in many improvements.
Thanks also go to Roy Welsh and Jeffrey Birch who made helpful suggestions on
how to improve the first edition. In addition, [ would like to thank the reviewers
for this edition:

Fred Andrews, University of Oregon; Indra Chakavarti, University of North
Carolina at Chapel Hill; Don Edwards, University of South Carolina at Columbia;
Yu Sheng Hsu, Georgia State University; Jon Matta, University of Missouri;
J. Michael Steel, Princeton University; R. Kirk Steinhorst, University of Idaho, and
Wayne L. Winston, Indiana University.

Raymond H. Myers
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INTRODUCTION:
REGRESSION
ANALYSIS

The term regression analysis describes a collection of statistical techniques that
serve as a basis for drawing inferences about relationships among quantities in
a scientific system. In the field of applied statistics, there is a plethora of modern
data analysis techniques, which are branded with eye-catching names. The motiva-
tion of a particular method stems from the need to solve a specific problem.
But regression analysis has been burdened with the responsibility—under one
heading—of solving a variety of problems. For this reason, volumes are written
about the topic, and its use continues to expand. New subtopics and subareas are
hurled under the ever-growing umbrella that we continue to call regression
analysis. The resulting analytical methodology, a product of the imagination of
both professional statisticians and subject matter scientists, has become readily
accessible today due to the rapid work of computer software personnel. Though it
was not the intent or grand design, regression analysis is now perhaps the most
used of all data analysis methods.

In 1885 Sir Francis Galton (1885) first introduced the word “regression” in a
study that demonstrated that offspring do not tend toward the size of parents, but
rather toward the average as compared to the parents. The upshot of the term’s
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CHAPTER 1 INTRODUCTION: REGRESSION ANALYSIS

application was the “regression towards mediocrity” of offspring. Credit for
discovery of the method of least squares generally is given to Carl Friedrich Gauss,
who used the procedure in the early part of the nineteenth century. There is some
controversy concerning this discovery. Apparently Adrien Marie Legendre pub-
lished the first work on its use in 1805. Regression analysis and the method of least
squares nearly always were linked in practice and seemed to be compatible
bedfellows until the latter part of the 1960s. It became very apparent that, in many
nonideal situations, ordinary least squares (OLS) is not appropriate and, indeed,
can be improved upon. Much controversy has evolved and will likely continue to
cloud the notion of alternatives to OLS. However, biased estimation for combating
multicollinearity (Chapter 8) and robust regression (Chapter 7) have been accepted
by many data analysts and will attain a niche in the heritage of regression analysis.

Often a matter of no small question to the analyst is what effect quantities
(variables) have on one another. The system that generates the data may be a
chemical or biological process, the nation’s economy, a group of patients in a
medical experiment, or perhaps a group of metal specimen in a tensile strength
study. In some cases the pertinent variables are random variables and are related in
a probability sense through a joint probability distribution. In other cases, the
variables are mathematical quantities, and the assumption is that there exists a
functional relationship linking them. From a set of data involving measurements
on the variables, regression analysis is designed to shed light on certain aspects of
the mechanism that relate them. An example illustrates what kind of information
regression analysis can acquire from the data. Suppose we select a group of men at
random to take part in an experiment. Each individual must run a specified
distance. We then make the following measures on each individual:

X,. age

x,: weight

X5. pulse rate at rest (rest pulse)

x4: pulse rate immediately following run (run pulse)

xs: time that it takes to run the distance (run time)
y: oOxygen consumption rate (oxygen rate)

For specific data on this type of application, the reader is referred to the SAS User’s
Guide (1985). The y variable represents the efficiency with which the individual
utilizes oxygen. We can argue that perhaps y should play a somewhat different role
than x,, x,, X3, X4, and xs. It may be of interest to visualize the x variables as
quantities that actually determine y or rather predict y. Thus the x’s are called
independent variables or regressor variables. Given the data, the analyst certainly
would hope to derive information regarding the role of each regressor variable in
terms of its influence on oxygen rate. If one or more of the variables has a negligible
influence on oxygen, this is valuable information. In addition, we might expect that
the data should allow for estimation of the relationship that exists among the
variables (assuming a relationship exists). Before any specific techniques can be
developed or even discussed, the notion of a statistical model must be introduced.
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REGRESSION MODELS

In the following chapters much development revolves around the use and
development of statistical models. Simply put, all procedures used and conclusions
drawn in a regression analysis depend at least indirectly on the assumption of a
regression model. A model is what the analyst perceives as the mechanism that
generates the data on which the regression analysis is conducted. Regression
models are usually found in an algebraic form. For example, in the oxygen
consumption illustration, if the experimenter is willing to assume that the
relationship is well represented by a structure that is linear in the regressor
variables, then a suitable model may be given by

y=Po+Byx; +Baxo+ Bsxs+ Baxs+ Bsxs+e 1.1)

In Eq. (1.1), By, B,. ..., Bs are unknown constants called regression coefficients.
Procedures embraced by regression analysis concern themselves with drawing
conclusions about these coefficients. The investigator may be involved in a
painstaking attempt to determine if an increase in x, (run pulse) truly does
decrease or increase the efficiency of oxygen consumption. Perhaps the sign and
magnitude of the coefficient is important. The ¢ term in the model is added to
account for the fact that the model is not exact. It essentially describes the random
disturbance or model error. When we apply (1.1) to a set of data, we can view the ¢
term as an aid in accounting for any variation due to the individual, that is apart
from the terms supplied by the model. Chapter 2 gives a description that outlines the
very important assumptions that often must be made on the ¢’s, assumptions on
which the theory underlying regression analysis depends.

The model in Eq. (1.1) falls into the class of linear models (linear in the
parameters, the §’s). Any regression procedure involves fitting the model to a set of
data, the latter defined as readings on the variables for the various experimental
units being sampled (for example, the individuals sampled in the oxygen consump-
tion situation). The term, fit to a set of data, actually involves estimation of the
regression coefficients and the corresponding formulation of a firted regression
model, an empirical device that is the basis of any statistical inference made.
Measures of quality of fit are important statistics that form the foundation of a
statistical analysis. Clearly if the postulated model does not describe the data
satisfactorily, any fundamentai conclusions recovered from the fitted model are
suspect.

This text is not confined to the treatment of linear models. Nonlinear models are
commonplace in many of the natural sciences or engineering applications. A
biochemist may postulate a growth model of the type

y +é (1.2)

Tt



1.2
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to represent the growth y of a particular organism as a function of time t. Here the
parameters o and f are to be estimated from the data. Many of the same problems
one attempts to solve by linear regression can often be handled by nonlinear
regression. However, the computational aspects of building nonlinear models are
less straightforward and thus require a special treatment (see Chapter 9).

The fitted regression model is produced by the model builder as an estimate of
the functional relationship that describes the data. The type of model postulated
quite often depends on the range of the regressor variables encountered in the data.
For example, a chemical engineer may have knowledge of his system that
necessitates the use of terms that impart curvature on the model. Suppose x, and
x, represent temperature and a reactant concentration, and the response y is a
simple yield of a chemical reaction. The engineer’s goal is possibly two-fold:

1. To use the fitted or estimated regression ( prediction equation) for yield
estimation at locations x, and x, other than data conditions;

2. To study the relationship in the region of the data, perhaps with a view
toward finding temperature and concentration conditions that provide
satisfactory yield.

To reflect model curvature, a structure of the type
y=Bo+Byx; + Baxs+ Prixi +Braxi+ Brax Xyt (1.3)

is used. Thus the ranges of the regressor variables may well dictate the model type.
With narrow ranges in x, and x,, the engineer may be successful at using a model
that does not involve quadratic terms. Though Eq. (1.3) includes powers and
products of order two in the regressor variables, it is, nevertheless, another example
of a linear model since the coefficients enter linearly.

In nearly all regression applications in which linear models describe a set of data,
the model formulation is an oversimplification of what occurs in the data
observational process. Areas in the social and behavioral sciences represent
examples where the systems from which the data are taken are far too complicated
to model with an absolutely correct structure. The linear medels used are approxi-
mations that hopefully work well in the range of the data used to build them. There
is no intention here to cast stones on those who build linear models as approxi-
mations. When the sophistication of the subject matter field is not sufficient to
provide a working theory, a linear and “common sense” empirical model approach
can be very informative, particularly when used in conjunction with a set of data of
reasonable quality.

FORMAL USES OF REGRESSION ANALYSIS

In this text much coverage is given to categories representing specific kinds of
inferences, and distinctions are necessarily drawn among them. This is crucial since
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either the estimation procedure or even the model that is adopted may well depend
on what the intended goal of the study is. This often seems counter to the ideology
of certain users of the methodology. To the inexperienced analyst, it may seem that
the model that apparently best describes the data should be adopted for every
purpose. However, a model that gives a satisfactory solution to one problem will
not necessarily provide success in solving another. The uses of regression analysis
fall into three or perhaps four categories, though there is some overlap. These
categories are as follows:

1. Prediction

2. Variable screening

3. Model specification (system explanation)
4. Parameter estimation

The analyst is advised to know and bear in mind what goal is vital in his or her
particular endeavor. Let us initially consider goal (1). Here, parameter estimates
are not sought for their own sake. We do not search for the true model specification
apart from how the functional form influences prediction. It is not important that
we capture the role of each regressor in the model with strict preciseness. Certainly
our example with the chemical process is a prediction problem. Reaction yield is
important, and the engineer needs to predict it adequately.

Goal (2) above is relevant in a greater number of real-life applications than one
might suspect. The model formulation is secondary; it is used merely as an
instrument to detect the degree of importance of each variable in explaining the
variation in response. Variables that are found to explain a reasonable amount of
variation in the response are perhaps kept for further study. Regressors that
seemingly play a minor role are eliminated. This practice often precedes a more
extensive study or model-building process. A tobacco chemist, for example,
conducts a taste-testing experiment with a panel in which a taste-type rating is
given to each of several tobacco formulations. The regressor variables are the
ingredient concentrations of the many additives put into cigarette tobacco. A
model is fit to the test data with the sole purpose of determining, from a fitted
regression model, which ingredients influence taste. Those that appear to play a
role are retained as experimental variables for future studies.

Model specification explains itself. The analyst must take a great deal of care in
postulating the model. Any analyst will acknowledge, either directly or obliquely,
that various candidate models are often in competition, in different functional
forms. Each functional form defines a different role for the regressor. When the
model is linear, this type of exercise can be frustrating unless the complexion of
each regressor variable is well defined in the data.

Parameter estimation is often the sole purpose of conducting a regression
analysis in certain scientific fields. In Chapter 8, a data set is shown in which an
agriculture production function is fit to a set of input regressors that represent
expenditures. Six expenditure type regressors and a rainfall variable are used. The
sampling unit is a year, and the data have been collected for the State of Virginia
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for each of 25 years. These 25 data points are fit to a linear model, and prediction
and variable screening are totally unimportant. However, specific ranges of the
regression coefficients support (or refute) a particular economic theory. The signs
and magnitudes of the coefficients are crucial.

1.3

THE DATA BASE

Much used (and perhaps overused) clichés in data analysis “Garbage In—Garbage
Out” and “The results are only as good as the data that produced them” apply in
the building of regression models. If the data do not reflect a trend involving the
variables, there will be no success in model development or in drawing inferences
regarding the system. Even if some type of association does exist, this does not
imply that the data will reveal it in a clearly detectable fashion. Data may be
produced from a designed experiment, a well-developed survey, a collection and
tabulation over time, a computer simulation, or from one of many other sources. It
should be clear that sample size is important. When the sample size is too small, the
analyst cannot compute adequate measures of error in the regression results, and
there can be no basis for checking model assumptions. However, the size of the data
set is far from the only consideration. Many of the difficulties with data sets are
obvious. For example, we cannot develop a model to produce a broad-based
relationship if the sample of experimental units does not represent the population
we are attempting to model. Broad generalizations regarding any of the goals of
regression analysis cannot be made if the data are too specific. At times, even the
ranges of the regressor variables in the data are such that the model built and
conclusions drawn are data specific. For the oxygen consumption example, suppose
all the individuals used in the experiment were well-conditioned athletes. Both the
ranges of the variables and other characteristics of the inferences made would likely
apply only to that population.

In many situations, difficuities with the regression analysis are a result of a failure
of one or more assumptions. In particular, the multiple linear regression model of
Eq. (1.1) is analyzed under the assumption that the regressor variabies are
measured without error. If excessive measurement error in the regressors exists,
estimates of the regression coefficients can be severely affected and other inferences
such as prediction, variable screening, etc. can be clouded with uncertainty. See
Seber (1977).

Perhaps the most serious limitation in a regression data set is the failure to
collect data on all potentially important regressors. This inadequacy may arise
because the analyst isn’t aware of all of the relevant regressors. Even if all or most of
the quantities are identified, limitations in the data gathering process may prevent



