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Preface

This book is intended to serve as the textbook for a first-year graduate course in econometrics.
It can be used as a stand-alone text, or be used as a supplement to another text.

Students are assumed to have an understanding of multivariate calculus, probability theory,
linear algebra, and mathematical statistics. A prior course in undergraduate econometrics would
be helpful, but not required. Two excellent undergraduate textbooks are Wooldridge (2009) and
Stock and Watson (2010).

For reference, some of the basic tools of matrix algebra, probability, and statistics are reviewed
in the Appendix.

For students wishing to deepen their knowledge of matrix algebra in relation to their study of
econometrics, I recommend Matriz Algebra by Abadir and Magnus (2005).

An excellent introduction to probability and statistics is Statistical Inference by Casella and
Berger (2002). For those wanting a deeper foundation in probability, I recommend Ash (1972)
or Billingsley (1995). For more advanced statistical theory, I recommend Lehmann and Casella
(1998), van der Vaart (1998), Shao (2003), and Lehmann and Romano (2005).

For further study in econometrics beyond this text, I recommend Davidson (1994) for asymp-
totic theory, Hamilton (1994) for time-series methods, Wooldridge (2002) for panel data and discrete
response models, and Li and Racine (2007) for nonparametrics and semiparametric econometrics.
Beyond these texts, the Handbook of Econometrics series provides advanced summaries of contem-
porary econometric methods and theory.

The end-of-chapter exercises are important parts of the text and are meant to help teach students
of econometrics. Answers are not provided, and this is intentional.

I would like to thank Ying-Ying Lee for providing research assistance in preparing some of the
empirical examples presented in the text.

As this is a manuscript in progress, some parts are quite incomplete, and there are many topics
which I plan to add. In general, the earlier chapters are the most complete while the later chapters
need significant work and revision.

viii



Chapter 1

Introduction

1.1 What is Econometrics?

The term “econometrics” is believed to have been crafted by Ragnar Frisch (1895-1973) of
Norway, one of the three principle founders of the Econometric Society, first editor of the journal
Econometrica, and co-winner of the first Nobel Memorial Prize in Economic Sciences in 1969. It
is therefore fitting that we turn to Frisch’s own words in the introduction to the first issue of
FEconometrica to describe the discipline.

A word of explanation regarding the term econometrics may be in order. Its defini-
tion is implied in the statement of the scope of the [Econometric] Society, in Section I
of the Constitution, which reads: “The Econometric Society is an international society
for the advancement of economic theory in its relation to statistics and mathematics....
Its main object shall be to promote studies that aim at a unification of the theoretical-
quantitative and the empirical-quantitative approach to economic problems....”

But there are several aspects of the quantitative approach to economics, and no single
one of these aspects, taken by itself, should be confounded with econometrics. Thus,
econometrics is by no means the same as economic statistics. Nor is it identical with
what we call general economic theory, although a considerable portion of this theory has
a defininitely quantitative character. Nor should econometrics be taken as synonomous
with the application of mathematics to economics. Experience has shown that each
of these three view-points, that of statistics, economic theory, and mathematics, is
a necessary, but not by itself a sufficient, condition for a real understanding of the
quantitative relations in modern economic life. It is the unification of all three that is
powerful. And it is this unification that constitutes econometrics.

Ragnar Frisch, Econometrica, (1933), 1, pp. 1-2.

This definition remains valid today, although some terms have evolved somewhat in their usage.
Today, we would say that econometrics is the unified study of economic models, mathematical
statistics, and economic data.

Within the field of econometrics there are sub-divisions and specializations. Econometric the-
ory concerns the development of tools and methods, and the study of the properties of econometric
methods. Applied econometrics is a term describing the development of quantitative economic
models and the application of econometric methods to these models using economic data.

1.2 The Probability Approach to Econometrics

The unifying methodology of modern econometrics was articulated by Trygve Haavelmo (1911-
1999) of Norway, winner of the 1989 Nobel Memorial Prize in Economic Sciences, in his seminal

1



CHAPTER 1. INTRODUCTION 2

paper “The probability approach in econometrics”, Econometrica (1944). Haavelmo argued that
quantitative economic models must necessarily be probability models (by which today we would
mean stochastic). Deterministic models are blatently inconsistent with observed economic quan-
tities, and it is incoherent to apply deterministic models to non-deterministic data. Economic
models should be explicitly designed to incorporate randomness; stochastic errors should not be
simply added to deterministic models to make them random. Once we acknowledge that an eco-
nomic model is a probability model, it follows naturally that an appropriate tool way to quantify,
estimate, and conduct inferences about the economy is through the powerful theory of mathe-
matical statistics. The appropriate method for a quantitative economic analysis follows from the
probabilistic construction of the economic model.

Haavelmo’s probability approach was quickly embraced by the economics profession. Today no
quantitative work in economics shuns its fundamental vision.

While all economists embrace the probability approach, there has been some evolution in its
implementation.

The structural approach is the closest to Haavelmo’s original idea. A probabilistic economic
model is specified, and the quantitative analysis performed under the assumption that the economic
model is correctly specified. Researchers often describe this as “taking their model seriously.” The
structural approach typically leads to likelihood-based analysis, including maximum likelihood and
Bayesian estimation.

A criticism of the structural approach is that it is misleading to treat an economic model
as correctly specified. Rather, it is more accurate to view a model as a useful abstraction or
approximation. In this case, how should we interpret structural econometric analysis? The quasi-
structural approach to inference views a structural economic model as an approximation rather
than the truth. This theory has led to the concepts of the pseudo-true value (the parameter value
defined by the estimation problem), the quasi-likelihood function, quasi-MLE, and quasi-likelihood
inference.

Closely related is the semiparametric approach. A probabilistic economic model is partially
specified but some features are left unspecified. This approach typically leads to estimation methods
such as least-squares and the Generalized Method of Moments. The semiparametric approach
dominates contemporary econometrics, and is the main focus of this textbook.

Another branch of quantitative structural economics is the calibration approach. Similar
to the quasi-structural approach, the calibration approach interprets structural models as approx-
imations and hence inherently false. The difference is that the calibrationist literature rejects
mathematical statistics (deeming classical theory as inappropriate for approximate models) and
instead selects parameters by matching model and data moments using non-statistical ad hoc'
methods.

1.3 Econometric Terms and Notation

In a typical application, an econometrician has a set of repeated measurements on a set of vari-
ables. For example, in a labor application the variables could include weekly earnings, educational
attainment, age, and other descriptive characteristics. We call this information the data, dataset,
or sample.

We use the term observations to refer to the distinct repeated measurements on the variables.
An individual observation often corresponds to a specific economic unit, such as a person, household,
corporation, firm, organization, country, state, city or other geographical region. An individual
observation could also be a measurement at a point in time, such as quarterly GDP or a daily
interest rate.

L Ad hoc means “for this purpose” — a method designed for a specific problem — and not based on a generalizable
principle.
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Economists typically denote variables by the italicized roman characters y, =, and/or z. The
convention in econometrics is to use the character y to denote the variable to be explained, while
the characters = and z are used to denote the conditioning (explaining) variables.

Following mathematical convention, real numbers (elements of the real line R) are written using
lower case italics such as g, and vectors (elements of R¥) by lower case bold italics such as x, e.g.

I
L2

Tk

Upper case bold italics such as X are used for matrices.

We typically denote the number of observations by the natural number n, and subscript the
variables by the index i to denote the individual observation, e.g. y;, ; and z;. In some contexts
we use indices other than ¢, such as in time-series applications where the index ¢ is common, and
in panel studies we typically use the double index it to refer to individual ¢ at a time period ¢.

The i’th observation is the set (y;, &;, z;). The sample is the set {(y;, z;, z;) :
i=1,..,n}.

It is proper mathematical practice to use upper case X for random variables and lower case x for
realizations or specific values. Since we use upper case to denote matrices, the distinction between
random variables and their realizations is not rigorously followed in econometric notation. Thus the
notation g; will in some places refer to a random variable, and in other places a specific realization.
This is an undesirable but there is little to be done about it without terrifically complicating the
notation. Hopefully there will be no confusion as the use should be evident from the context.

We typically use Greek letters such as 3, @ and o2 to denote unknown parameters of an econo-
metric model, and will use boldface, e.g. (3 or 6, when these are vector-valued. Estimates are
typically denoted by putting a hat “~”, tilde “~” or bar “-” over the corresponding letter, e.g. 5’
and 3 are estimates of 3.

The covariance matrix of an econometric estimator will typically be written using the capital

~

boldface V, often with a subscript to denote the estimator, e.g. VB = var (ﬁ) as the covariance

matrix for B Hopefully without causing confusion, we will use the notation Vg = avar(,@) to denote

the asymptotic covariance matrix of \/n (B — ﬁ) (the variance of the asymptotic distribution).
Estimates will be denoted by appending hats or tildes, e.g. ‘A/'g is an estimate of V.

1.4 Observational Data

A common econometric question is to quantify the impact of one set of variables on another
variable. For example, a concern in labor economics is the returns to schooling — the change in
earnings induced by increasing a worker’s education, holding other variables constant. Another
issue of interest is the earnings gap between men and women.

Ideally, we would use experimental data to answer these questions. To measure the returns to
schooling, an experiment might randomly divide children into groups, mandate different levels of
education to the different groups, and then follow the children’s wage path after they mature and
enter the labor force. The differences between the groups would be direct measurements of the ef-
fects of different levels of education. However, experiments such as this would be widely condemned
as immoral! Consequently, we see few non-laboratory experimental data sets in economics.
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Instead, most economic data is observational. To continue the above example, through data
collection we can record the level of a person’s education and their wage. With such data we
can measure the joint distribution of these variables, and assess the joint dependence. But from
observational data it is difficult to infer causality, as we are not able to manipulate one variable to
see the direct effect on the other. For example, a person’s level of education is (at least partially)
determined by that person’s choices. These factors are likely to be affected by their personal abilities
and attitudes towards work. The fact that a person is highly educated suggests a high level of ability,
which suggests a high relative wage. This is an alternative explanation for an observed positive
correlation between educational levels and wages. High ability individuals do better in school,
and therefore choose to attain higher levels of education, and their high ability is the fundamental
reason for their high wages. The point is that multiple explanations are consistent with a positive
correlation between schooling levels and education. Knowledge of the joint distibution alone may
not be able to distinguish between these explanations.

Most economic data sets are observational, not experimental. This means
that all variables must be treated as random and possibly jointly deter-
mined.

This discussion means that it is difficult to infer causality from observational data alone. Causal
inference requires identification, and this is based on strong assumptions. We will discuss these
issues on occasion throughout the text.

1.5 Standard Data Structures

There are three major types of economic data sets: cross-sectional, time-series, and panel. They
are distinguished by the dependence structure across observations.

Cross-sectional data sets have one observation per individual. Surveys are a typical source
for cross-sectional data. In typical applications, the individuals surveyed are persons, households,
firms or other economic agents. In many contemporary econometric cross-section studies the sample
size m is quite large. It is conventional to assume that cross-sectional observations are mutually
independent. Most of this text is devoted to the study of cross-section data.

Time-series data are indexed by time. Typical examples include macroeconomic aggregates,
prices and interest rates. This type of data is characterized by serial dependence so the random
sampling assumption is inappropriate. Most aggregate economic data is only available at a low
frequency (annual, quarterly or perhaps monthly) so the sample size is typically much smaller than
in cross-section studies. The exception is financial data where data are available at a high frequency
(weekly, daily, hourly, or by transaction) so sample sizes can be quite large.

Panel data combines elements of cross-section and time-series. These data sets consist of a set
of individuals (typically persons, households, or corporations) surveyed repeatedly over time. The
common modeling assumption is that the individuals are mutually independent of one another,
but a given individual’s observations are mutually dependent. This is a modified random sampling
environment.

Data Structures
e Cross-section
e Time-series

e Panel
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Some contemporary econometric applications combine elements of cross-section, time-series,
and panel data modeling. These include models of spatial correlation and clustering.

As we mentioned above, most of this text will be devoted to cross-sectional data under the
assumption of mutually independent observations. By mutual independence we mean that the ¢’th
observation (y;, x;, 2;) is independent of the j’th observation (y;, x;, z;) for i # j. (Sometimes the
label “independent” is misconstrued. It is a statement about the relationship between observations
i and j, not a statement about the relationship between y; and x; and/or z;.)

Furthermore, if the data is randomly gathered, it is reasonable to model each observation as
a random draw from the same probability distribution. In this case we say that the data are
independent and identically distributed or iid. We call this a random sample. For most of
this text we will assume that our observations come from a random sample.

Definition 1.5.1 The observations (y;, i, z;) are a random sample if
they are mutually independent and identically distributed (4id) across i =
1,....n.

In the random sampling framework, we think of an individual observation (y;, x;, z;) as a re-
alization from a joint probability distribution F (y, x, z) which we can call the population. This
“population” is infinitely large. This abstraction can be a source of confusion as it does not cor-
respond to a physical population in the real world. It’s an abstraction since the distribution F'
is unknown, and the goal of statistical inference is to learn about features of F' from the sample.
The assumption of random sampling provides the mathematical foundation for treating economic
statistics with the tools of mathematical statistics.

The random sampling framework was a major intellectural breakthrough of the late 19th cen-
tury, allowing the application of mathematical statistics to the social sciences. Before this concep-
tual development, methods from mathematical statistics had not been applied to economic data as
they were viewed as inappropriate. The random sampling framework enabled economic samples to
be viewed as homogenous and random, a necessary precondition for the application of statistical
methods.

1.6 Sources for Economic Data

Fortunately for economists, the internet provides a convenient forum for dissemination of eco-
nomic data. Many large-scale economic datasets are available without charge from governmental
agencies. An excellent starting point is the Resources for Economists Data Links, available at
rfe.org. From this site you can find almost every publically available economic data set. Some
specific data sources of interest include

e Bureau of Labor Statistics

e US Census

e Current Population Survey

e Survey of Income and Program Participation

e Panel Study of Income Dynamics

e Federal Reserve System (Board of Governors and regional banks)

e National Bureau of Economic Research
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e U.S. Bureau of Economic Analysis
e CompuStat

e International Financial Statistics

Another good source of data is from authors of published empirical studies. Most journals
in economics require authors of published papers to make their datasets generally available. For
example, in its instructions for submission, Econometrica states:

Econometrica has the policy that all empirical, experimental and simulation results must
be replicable. Therefore, authors of accepted papers must submit data sets, programs,
and information on empirical analysis, experiments and simulations that are needed for
replication and some limited sensitivity analysis.

The American Economic Review states:

All data used in analysis must be made available to any researcher for purposes of
replication.

The Journal of Political Economy states:

It is the policy of the Journal of Political Economy to publish papers only if the data
used in the analysis are clearly and precisely documented and are readily available to
any researcher for purposes of replication.

If you are interested in using the data from a published paper, first check the journal’s website,
as many journals archive data and replication programs online. Second, check the website(s) of
the paper’s author(s). Most academic economists maintain webpages, and some make available
replication files complete with data and programs. If these investigations fail, email the author(s),
politely requesting the data. You may need to be persistent.

As a matter of professional etiquette, all authors absolutely have the obligation to make their
data and programs available. Unfortunately, many fail to do so, and typically for poor reasons.
The irony of the situation is that it is typically in the best interests of a scholar to make as much of
their work (including all data and programs) freely available, as this only increases the likelihood
of their work being cited and having an impact.

Keep this in mind as you start your own empirical project. Remember that as part of your end
product, you will need (and want) to provide all data and programs to the community of scholars.
The greatest form of flattery is to learn that another scholar has read your paper, wants to extend
your work, or wants to use your empirical methods. In addition, public openness provides a healthy
incentive for transparency and integrity in empirical analysis.

1.7 Econometric Software

Economists use a variety of econometric, statistical, and programming software.

STATA (www.stata.com) is a powerful statistical program with a broad set of pre-programmed
econometric and statistical tools. It is quite popular among economists, and is continuously being
updated with new methods. It is an excellent package for most econometric analysis, but is limited
when you want to use new or less-common econometric methods which have not yet been programed.

R (www.r-project.org), GAUSS (www.aptech.com), MATLAB (www.mathworks.com), and Ox
(www.oxmetrics.net) are high-level matrix programming languages with a wide variety of built-in
statistical functions. Many econometric methods have been programed in these languages and are
available on the web. The advantage of these packages is that you are in complete control of your
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analysis, and it is easier to program new methods than in STATA. Some disadvantages are that
you have to do much of the programming yourself, programming complicated procedures takes
significant time, and programming errors are hard to prevent and difficult to detect and eliminate.
Of these languages, Gauss used to be quite popular among econometricians, but now Matlab is
more popular. A smaller but growing group of econometricians are enthusiastic fans of R, which of
these languages is uniquely open-source, user-contributed, and best of all, completely free!

For highly-intensive computational tasks, some economists write their programs in a standard
programming language such as Fortran or C. This can lead to major gains in computational speed,
at the cost of increased time in programming and debugging.

As these different packages have distinct advantages, many empirical economists end up using
more than one package. As a student of econometrics, you will learn at least one of these packages,
and probably more than one.

1.8 Reading the Manuscript

I have endeavored to use a unified notation and nomenclature. The development of the material
is cumulative, with later chapters building on the earlier ones. Never-the-less, every attempt has
been made to make each chapter self-contained, so readers can pick and choose topics according to
their interests.

To fully understand econometric methods, it is necessary to have a mathematical understanding
of its mechanics, and this includes the mathematical proofs of the main results. Consequently, this
text is self-contained, with nearly all results proved with full mathematical rigor. The mathematical
development and proofs aim at brevity and conciseness (sometimes described as mathematical
elegance), but also at pedagogy. To understand a mathematical proof, it is not sufficient to simply
read the proof, you need to follow it, and re-create it for yourself.

Never-the-less, many readers will not be interested in each mathematical detail, explanation,
or proof. This is okay. To use a method it may not be necessary to understand the mathematical
details. Accordingly I have placed the more technical mathematical proofs and details in chapter
appendices. These appendices and other technical sections are marked with an asterisk (*). These
sections can be skipped without any loss in exposition.
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1.9 Common Symbols

k

()

var (y)
cov (z,y)
var (x)
corr(z,y)

SIEIERVIERS

A

scalar

vector

matrix

real line

Euclidean k space
mathematical expectation
variance

covariance

covariance matrix
correlation

probability

limit

convergence in probability
convergence in distribution
probability limit

normal distribution
standard normal distribution
chi-square distribution with & degrees of freedom
identity matrix

trace

matrix transpose

matrix inverse

positive definite, positive semi-definite
Euclidean norm

matrix (Frobinius) norm
approximate equality

definitional equality
is distributed as
natural logarithm



Chapter 2

Conditional Expectation and
Projection

2.1 Introduction

The most commonly applied econometric tool is least-squares estimation, also known as regres-
sion. As we will see, least-squares is a tool to estimate an approximate conditional mean of one
variable (the dependent variable) given another set of variables (the regressors, conditioning
variables, or covariates).

In this chapter we abstract from estimation, and focus on the probabilistic foundation of the
conditional expectation model and its projection approximation.

2.2 The Distribution of Wages

Suppose that we are interested in wage rates in the United States. Since wage rates vary across
workers, we cannot describe wage rates by a single number. Instead, we can describe wages using a
probability distribution. Formally, we view the wage of an individual worker as a random variable
wage with the probability distribution

F(u) = Pr(wage < u).

When we say that a person’s wage is random we mean that we do not know their wage before it is
measured, and we treat observed wage rates as realizations from the distribution F. Treating un-
observed wages as random variables and observed wages as realizations is a powerful mathematical
abstraction which allows us to use the tools of mathematical probability.

A useful thought experiment is to imagine dialing a telephone number selected at random, and
then asking the person who responds to tell us their wage rate. (Assume for simplicity that all
workers have equal access to telephones, and that the person who answers your call will respond
honestly.) In this thought experiment, the wage of the person you have called is a single draw from
the distribution F' of wages in the population. By making many such phone calls we can learn the
distribution F' of the entire population.

When a distribution function F' is differentiable we define the probability density function

_4a
 du

f(u) F(u).

The density contains the same information as the distribution function, but the density is typically
easier to visually interpret.
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Figure 2.1: Wage Distribution and Density. All full-time U.S. workers

In Figure 2.1 we display estimates' of the probability distribution function (on the left) and
density function (on the right) of U.S. wage rates in 2009. We see that the density is peaked around
$15, and most of the probability mass appears to lie between $10 and $40. These are ranges for
typical wage rates in the U.S. population.

Important measures of central tendency are the median and the mean. The median m of a
continuous® distribution F' is the unique solution to

1
F =—.
(m) =3
The median U.S. wage ($19.23) is indicated in the left panel of Figure 2.1 by the arrow. The median
is a robust?® measure of central tendency, but it is tricky to use for many calculations as it is not a
linear operator.
The expectation or mean of a random variable y with density f is

p=B0) = [ ufwin

—00

A general definition of the mean is presented in Section 2.31. The mean U.S. wage ($23.90) is
indicated in the right panel of Figure 2.1 by the arrow. Here we have used the common and
convenient convention of using the single character y to denote a random variable, rather than the
more cumbersome label wage.

We sometimes use the notation the notation Ey instead of E(y) when the variable whose
expectation is being taken is clear from the context. There is no distinction in meaning.

The mean is a convenient measure of central tendency because it is a linear operator and
arises naturally in many economic models. A disadvantage of the mean is that it is not robust?
especially in the presence of substantial skewness or thick tails, which are both features of the wage

'The distribution and density are estimated nonparametrically from the sample of 50,742 full-time non-military
wage-earners reported in the March 2009 Current Population Survey. The wage rate is constructed as annual indi-
vidual wage and salary earnings divided by hours worked.

1

’If F' is not continuous the definition is m = inf{u : F(u) > 5}

3The median is not sensitive to pertubations in the tails of the distribution.
4The mean is sensitive to pertubations in the tails of the distribution.
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distribution as can be seen easily in the right panel of Figure 2.1. Another way of viewing this
is that 64% of workers earn less that the mean wage of $23.90, suggesting that it is incorrect to
describe the mean as a “typical” wage rate.

Log Wage Density

1 2 3 4 5 6

Log Dollars per Hour
Figure 2.2: Log Wage Density

In this context it is useful to transform the data by taking the natural logarithm®. Figure 2.2
shows the density of log hourly wages log(wage) for the same population, with its mean 2.95 drawn
in with the arrow. The density of log wages is much less skewed and fat-tailed than the density of

the level of wages, so its mean
E (log(wage)) = 2.95

is a much better (more robust) measure of central tendency of the distribution. For this reason,
wage regressions typically use log wages as a dependent variable rather than the level of wages.

Another useful way to summarize the probability distribution F'(u) is in terms of its quantiles.
For any « € (0,1), the a’th quantile of the continuous’ distribution F is the real number g, which
satisfies

F (QCM) = .

The quantile function ¢, viewed as a function of «, is the inverse of the distribution function F.
The most commonly used quantile is the median, that is, go.5 = m. We sometimes refer to quantiles
by the percentile representation of «, and in this case they are often called percentiles, e.g. the

median is the 50" percentile.

2.3 Conditional Expectation

We saw in Figure 2.2 the density of log wages. Is this distribution the same for all workers, or
does the wage distribution vary across subpopulations? To answer this question, we can compare
wage distributions for different groups — for example, men and women. The plot on the left in
Figure 2.3 displays the densities of log wages for U.S. men and women with their means (3.05 and
2.81) indicated by the arrows. We can see that the two wage densities take similar shapes but the
density for men is somewhat shifted to the right with a higher mean.

’Throughout the text, we will use log(y) to denote the natural logarithm of y.
5More precisely, the geometric mean exp (E (logw)) = $19.11 is a robust measure of central tendency.
If F is not continuous the definition is g, = inf{u : F(u) > a}
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Figure 2.3: Log Wage Density by Gender and Race

The values 3.05 and 2.81 are the mean log wages in the subpopulations of men and women
workers. They are called the conditional means (or conditional expectations) of log wages
given gender. We can write their specific values as

E (log(wage) | gender = man) = 3.05 (2.1)

E (log(wage) | gender = woman) = 2.81. (2.2)

We call these means conditional as they are conditioning on a fixed value of the variable gender.
While you might not think of a person’s gender as a random variable, it is random from the
viewpoint of econometric analysis. If you randomly select an individual, the gender of the individual
is unknown and thus random. (In the population of U.S. workers, the probability that a worker is a
woman happens to be 43%.) In observational data, it is most appropriate to view all measurements
as random variables, and the means of subpopulations are then conditional means.

As the two densities in Figure 2.3 appear similar, a hasty inference might be that there is not
a meaningful difference between the wage distributions of men and women. Before jumping to this
conclusion let us examine the differences in the distributions of Figure 2.3 more carefully. As we
mentioned above, the primary difference between the two densities appears to be their means. This
difference equals

E (log(wage) | gender = man) — E (log(wage) | gender = woman) = 3.05 — 2.81
= 0.24 (2.3)

A difference in expected log wages of 0.24 implies an average 24% difference between the wages
of men and women, which is quite substantial. (For an explanation of logarithmic and percentage
differences see Section 2.4.)

Consider further splitting the men and women subpopulations by race, dividing the population
into whites, blacks, and other races. We display the log wage density functions of four of these
groups on the right in Figure 2.3. Again we see that the primary difference between the four density
functions is their central tendency.
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men women
white 3.07 2.82
black 2.86 2.73
other 3.03 2.86

Table 2.1: Mean Log Wages by Sex and Race

Focusing on the means of these distributions, Table 2.1 reports the mean log wage for each of
the six sub-populations.
The entries in Table 2.1 are the conditional means of log(wage) given gender and race. For
example
E (log(wage) | gender = man, race = white) = 3.07

and
E (log(wage) | gender = woman, race = black) = 2.73

One benefit of focusing on conditional means is that they reduce complicated distributions
to a single summary measure, and thereby facilitate comparisons across groups. Because of this
simplifying property, conditional means are the primary interest of regression analysis and are a
major focus in econometrics.

Table 2.1 allows us to easily calculate average wage differences between groups. For example,
we can see that the wage gap between men and women continues after disaggregation by race, as
the average gap between white men and white women is 25%, and that between black men and
black women is 13%. We also can see that there is a race gap, as the average wages of blacks are
substantially less than the other race categories. In particular, the average wage gap between white
men and black men is 21%, and that between white women and black women is 9%.

2.4 Log Differences™

A useful approximation for the natural logarithm for small z is
log (14 2) ~ x. (2.4)

This can be derived from the infinite series expansion of log (1 + z) :

2 3 4
log(1+x):x—%+%_%+...
=2+ O(2?).

The symbol O(x?) means that the remainder is bounded by Ax? as z — 0 for some A < co. A plot
of log (1 + x) and the linear approximation z is shown in Figure 2.4. We can see that log (1 + z)
and the linear approximation z are very close for || < 0.1, and reasonably close for |z| < 0.2, but
the difference increases with |z|.

Now, if y* is ¢% greater than y, then

y* = (14 ¢/100)y.

Taking natural logarithms,
logy* = logy + log(1 + ¢/100)

or

logy™ — logy = log(1 + ¢/100) =~ 1—(6)0

where the approximation is (2.4). This shows that 100 multiplied by the difference in logarithms
is approximately the percentage difference between y and y*, and this approximation is quite good
for |c| < 10.
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Figure 2.4: log(1 + x)

2.5 Conditional Expectation Function

An important determinant of wage levels is education. In many empirical studies economists
measure educational attainment by the number of years of schooling, and we will write this variable
as education®.

The conditional mean of log wages given gender, race, and education is a single number for each
category. For example

E (log(wage) | gender = man, race = white, education = 12) = 2.84

We display in Figure 2.5 the conditional means of log(wage) for white men and white women as a
function of education. The plot is quite revealing. We see that the conditional mean is increasing in
years of education, but at a different rate for schooling levels above and below nine years. Another
striking feature of Figure 2.5 is that the gap between men and women is roughly constant for all
education levels. As the variables are measured in logs this implies a constant average percentage
gap between men and women regardless of educational attainment.

In many cases it is convenient to simplify the notation by writing variables using single charac-
ters, typically y, © and/or z. It is conventional in econometrics to denote the dependent variable
(e.g. log(wage)) by the letter y, a conditioning variable (such as gender) by the letter x, and
multiple conditioning variables (such as race, education and gender) by the subscripted letters
L1,L2y o0y LTk

Conditional expectations can be written with the generic notation

E(y | z1, 2, ...,xx) = m(x1, z2, ..., Tg).

We call this the conditional expectation function (CEF). The CEF is a function of (z1, z2, ..., T)
as it varies with the variables. For example, the conditional expectation of y = log(wage) given
(x1,22) = (gender, race) is given by the six entries of Table 2.1. The CEF is a function of (gender,
race) as it varies across the entries.

8Here, education is defined as years of schooling beyond kindergarten. A high school graduate has education=12,
a college graduate has education=16, a Master’s degree has education=18, and a professional degree (medical, law or
PhD) has education=20.
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Figure 2.5: Mean Log Wage as a Function of Years of Education

For greater compactness, we will typically write the conditioning variables as a vector in R¥ :

I
L2

x = : . (2.5)
T,

Here we follow the convention of using lower case bold italics & to denote a vector. Given this
notation, the CEF can be compactly written as

B(y|z)=m(z).

The CEF E (y | ) is a random variable as it is a function of the random variable x. It is
also sometimes useful to view the CEF as a function of z. In this case we can write m (u) =
E (y | € = u), which is a function of the argument u. The expression E (y | & = w) is the conditional
expectation of y, given that we know that the random variable x equals the specific value wu.
However, sometimes in econometrics we take a notational shortcut and use E (y | ) to refer to this
function. Hopefully, the use of E (y | ) should be apparent from the context.

2.6 Continuous Variables

In the previous sections, we implicitly assumed that the conditioning variables are discrete.
However, many conditioning variables are continuous. In this section, we take up this case and
assume that the variables (y, ) are continuously distributed with a joint density function f(y, x).

As an example, take y = log(wage) and © = experience, the number of years of potential labor
market experience’. The contours of their joint density are plotted on the left side of Figure 2.6
for the population of white men with 12 years of education.

Given the joint density f(y, z) the variable & has the marginal density

faol) = /R £y, )dy.

9Here, experience is defined as potential labor market experience, equal to age — education — 6
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Figure 2.6: White men with education=12

For any x such that fgz(x) > 0 the conditional density of y given x is defined as

, X

fio (0] @) = L55, (26)
The conditional density is a slice of the joint density f(y, ) holding x fixed. We can visualize this
by slicing the joint density function at a specific value of x parallel with the y-axis. For example,
take the density contours on the left side of Figure 2.6 and slice through the contour plot at a
specific value of experience. This gives us the conditional density of log(wage) for white men with
12 years of education and this level of experience. We do this for four levels of experience (5, 10,
25, and 40 years), and plot these densities on the right side of Figure 2.6. We can see that the
distribution of wages shifts to the right and becomes more diffuse as experience increases from 5 to
10 years, and from 10 to 25 years, but there is little change from 25 to 40 years experience.

The CEF of y given z is the mean of the conditional density (2.6)

m(z)=E(y | z) = /R yhe | ) dy. (2.7)

Intuitively, m (x) is the mean of y for the idealized subpopulation where the conditioning variables
are fixed at &. This is idealized since x is continuously distributed so this subpopulation is infinitely
small.

In Figure 2.6 the CEF of log(wage) given exzperience is plotted as the solid line. We can see
that the CEF is a smooth but nonlinear function. The CEF is initially increasing in experience,
flattens out around experience = 30, and then decreases for high levels of experience.

2.7 Law of Iterated Expectations

An extremely useful tool from probability theory is the law of iterated expectations. An
important special case is the known as the Simple Law.
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Theorem 2.7.1 Simple Law of Iterated Expectations
IfE|y| < oo then for any random vector x,

EE(y|z)=E(y)

The simple law states that the expectation of the conditional expectation is the unconditional
expectation. In other words, the average of the conditional averages is the unconditional average.
When z is discrete

ZE | ;) Pr(z = x;)

and when x is continuous
BEW| )= [ Ble) ful)ds

Going back to our investigation of average log wages for men and women, the simple law states
that

E (log(wage) | gender = man) Pr (gender = man)
E (log(wage) | gender = woman) Pr (gender = woman)
= E (log(wage)) .
Or numerically,

3.05 x 0.57 +2.79 x 0.43 = 2.92.

The general law of iterated expectations allows two sets of conditioning variables.

Theorem 2.7.2 Law of Iterated Expectations
IfE|y| < oo then for any random vectors 1 and x2,

E(E(y |z, 22) | 1) =B (y | 1)

Notice the way the law is applied. The inner expectation conditions on x; and xo, while
the outer expectation conditions only on x;. The iterated expectation yields the simple answer
E(y | 1), the expectation conditional on x; alone. Sometimes we phrase this as: “The smaller
information set wins.”

As an example

E (log(wage) | gender = man, race = white) Pr (race = white|gender = man)
E (log(wage) | gender = man, race = black) Pr (race = black|gender = man)
E (log(wage) | gender = man, race = other) Pr (race = other|gender = man)

E (log(wage) | gender = man)

or numerically

3.07 x 0.84 + 2.86 x 0.08 + 3.05 x 0.08 = 3.05.

A property of conditional expectations is that when you condition on a random vector & you
can effectively treat it as if it is constant. For example, E(z | ) = ¢ and E(g () | ) = g () for
any function g(-). The general property is known as the conditioning theorem.
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Theorem 2.7.3 Conditioning Theorem
If
Elg(z)y| < oo (2.8)
then
E(g(x)ylz)=g(x)E(y|z) (2.9)
and
E(g(z)y) =E(g(x)E(y | z)). (2.10)

The proofs of Theorems 2.7.1, 2.7.2 and 2.7.3 are given in Section 2.34.

2.8 CEF Error

The CEF error e is defined as the difference between y and the CEF evaluated at the random
vector x:
e=y—m(x).

By construction, this yields the formula
y =m(x)+e. (2.11)

In (2.11) it is useful to understand that the error e is derived from the joint distribution of
(y, ), and so its properties are derived from this construction.

A key property of the CEF error is that it has a conditional mean of zero. To see this, by the
linearity of expectations, the definition m(x) = E(y | ) and the Conditioning Theorem

E(elz) =E((y —m(z)) | z)
=E(y|z)-E(m(z)| )
= m(x) —m(z)
= 0.

This fact can be combined with the law of iterated expectations to show that the unconditional
mean is also zero.

E(e)=E(E(e|z)) =E(0)=0.

We state this and some other results formally.

Theorem 2.8.1 Properties of the CEF error
IfE|y| < oo then

1. E(e|z)=0.
2. E(e) = 0.

3. IfEly|" < oo forr>1 then Ele|” < oco.

4. For any function h (x) such that B |h (x)e| < oo then E(h(z)e) = 0.

The proof of the third result is deferred to Section 2.34.
The fourth result, whose proof is left to Exercise 2.3, says that e is uncorrelated with any
function of the regressors.
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Figure 2.7: Joint density of CEF error e and experience for white men with education=12.

The equations

y=m(z)+e
E(e|z)=0

together imply that m(x) is the CEF of y given . It is important to understand that this is not
a restriction. These equations hold true by definition.

The condition E (e | ) = 0 is implied by the definition of e as the difference between y and the
CEF m (z). The equation E (e | ) = 0 is sometimes called a conditional mean restriction, since
the conditional mean of the error e is restricted to equal zero. The property is also sometimes called
mean independence, for the conditional mean of e is 0 and thus independent of . However,
it does not imply that the distribution of e is independent of &. Sometimes the assumption “e is
independent of &” is added as a convenient simplification, but it is not generic feature of the con-
ditional mean. Typically and generally, e and x are jointly dependent, even though the conditional
mean of e is zero.

As an example, the contours of the joint density of e and ezperience are plotted in Figure 2.7
for the same population as Figure 2.6. The error e has a conditional mean of zero for all values of
experience, but the shape of the conditional distribution varies with the level of experience.

As a simple example of a case where z and e are mean independent yet dependent, let e = ze
where = and e are independent N(0,1). Then conditional on z, the error e has the distribution
N(0,22). Thus E (e | #) = 0 and e is mean independent of z, yet e is not fully independent of z.
Mean independence does not imply full independence.

2.9 Intercept-Only Model

A special case of the regression model is when there are no regressors « . In this case m(x) =
E (y) = p, the unconditional mean of y. We can still write an equation for y in the regression
format:

y=p+e
E(e) =0

This is useful for it unifies the notation.
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2.10 Regression Variance

An important measure of the dispersion about the CEF function is the unconditional variance
of the CEF error e. We write this as

o? =var(e) =E ((6 - E6)2> =E(e?).

Theorem 2.8.1.3 implies the following simple but useful result.

Theorem 2.10.1 If Ey? < oo then 02 < oo.

We can call 02 the regression variance or the variance of the regression error. The magnitude
of 02 measures the amount of variation in y which is not “explained” or accounted for in the
conditional mean E (y | «).

The regression variance depends on the regressors . Consider two regressions

y=E(y|z1)+e
y=E(y |z, z2) + e2.

We write the two errors distinctly as e; and ez as they are different — changing the conditioning
information changes the conditional mean and therefore the regression error as well.

In our discussion of iterated expectations, we have seen that by increasing the conditioning
set, the conditional expectation reveals greater detail about the distribution of y. What is the
implication for the regression error?

It turns out that there is a simple relationship. We can think of the conditional mean E (y | )
as the “explained portion” of y. The remainder e = y — E (y | ) is the “unexplained portion”. The
simple relationship we now derive shows that the variance of this unexplained portion decreases
when we condition on more variables. This relationship is monotonic in the sense that increasing
the amont of information always decreases the variance of the unexplained portion.

Theorem 2.10.2 If Ey? < oo then

var (y) = var (y — E(y | @1)) = var (y — B (y | @1, 32)) .

Theorem 2.10.2 says that the variance of the difference between y and its conditional mean
(weakly) decreases whenever an additional variable is added to the conditioning information.
The proof of Theorem 2.10.2 is given in Section 2.34.

2.11 Best Predictor

Suppose that given a realized value of &, we want to create a prediction or forecast of y. We can
write any predictor as a function g () of @. The prediction error is the realized difference y — g(x).
A non-stochastic measure of the magnitude of the prediction error is the expectation of its square

E(y—g(z))?”. (2.12)

We can define the best predictor as the function g (z) which minimizes (2.12). What function
is the best predictor? It turns out that the answer is the CEF m(a). This holds regardless of the
joint distribution of (y, x).
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To see this, note that the mean squared error of a predictor g (x) is

E(y—g(®)* =E+m=) -g(z)’
= Ee® + 2E (e (m (z) — g (2))) + B (m (z) — g (x))*
=Ee? +E(m(z) — g(z))?
> Ee?
=E(y —m(x))’

where the first equality makes the substitution y = m(x) + e and the third equality uses Theorem
2.8.1.4. The right-hand-side after the third equality is minimized by setting g (x) = m (z), yielding
the inequality in the fourth line. The minimum is finite under the assumption Ey? < co as shown
by Theorem 2.10.1.

We state this formally in the following result.

Theorem 2.11.1 Conditional Mean as Best Predictor
If By? < oo, then for any predictor g (x),

E(y—g(z)®>E(y—m(z))’

where m (x) =B (y | ).

It may be helpful to consider this result in the context of the intercept-only model

y=p+e
E(e) = 0.

Theorem 2.11.1 shows that the best predictor for y (in the class of constant parameters) is the
unconditional mean p = E(y), in the sense that the mean minimizes the mean squared prediction
error.

2.12 Conditional Variance

While the conditional mean is a good measure of the location of a conditional distribution,
it does not provide information about the spread of the distribution. A common measure of the
dispersion is the conditional variance.

Definition 2.12.1 If Ey? < oo, the conditional variance of y given x
18
o*(z) = var (y | @)
~E((y-B(y| ) |e)
=E (& | ).

Generally, 02 (z) is a non-trivial function of & and can take any form subject to the restriction
that it is non-negative. One way to think about o2(z) is that it is the conditional mean of 2 given
x.
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The variance is in a different unit of measurement than the original variable. To convert the
variance back to the same unit of measure we define the conditional standard deviation as its
square root o(x) = \/o?(x).

As an example of how the conditional variance depends on observables, compare the conditional
log wage densities for men and women displayed in Figure 2.3. The difference between the densities
is not purely a location shift, but is also a difference in spread. Specifically, we can see that the
density for men’s log wages is somewhat more spread out than that for women, while the density
for women’s wages is somewhat more peaked. Indeed, the conditional standard deviation for men’s
wages is 3.05 and that for women is 2.81. So while men have higher average wages, they are also
somewhat more dispersed.

The unconditional error variance and the conditional variance are related by the law of iterated
expectations

0’ =F (62) =E(E (62 |z)) = E(O’Q(m)).

That is, the unconditional error variance is the average conditional variance.
Given the conditional variance, we can define a rescaled error

e
= 2.13
We can calculate that since o(x) is a function of x
E(c| ) =B (| —E(e]7)=0
elx) = — |z | =— x) =
o(a) o(@)
and ) 2(z)
_ 9 _ e 1 9 _o(x)
var (e | ) = E (¢° | @) —E(W | m) = 02(m)E(e | z) = 2(2) =1
Thus ¢ has a conditional mean of zero, and a conditional variance of 1.
Notice that (2.13) can be rewritten as
e=o(x)e.
and substituting this for e in the CEF equation (2.11), we find that
y=m(z)+ o(x)e. (2.14)

This is an alternative (mean-variance) representation of the CEF equation.

Many econometric studies focus on the conditional mean m(x) and either ignore the condi-
tional variance o?(z), treat it as a constant o?(xz) = o2, or treat it as a nuisance parameter (a
parameter not of primary interest). This is appropriate when the primary variation in the condi-
tional distribution is in the mean, but can be short-sighted in other cases. Dispersion is relevant
to many economic topics, including income and wealth distribution, economic inequality, and price
dispersion. Conditional dispersion (variance) can be a fruitful subject for investigation.

The perverse consequences of a narrow-minded focus on the mean has been parodied in a classic

joke:

An economist was standing with one foot in a bucket of boiling water
and the other foot in a bucket of ice. When asked how he felt, he
replied, “On average I feel just fine.”

Clearly, the economist in question ignored variance!
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2.13 Homoskedasticity and Heteroskedasticity

An important special case obtains when the conditional variance o(x) is a constant and inde-
pendent of . This is called homoskedasticity.

Definition 2.13.1 The error is homoskedastic if & (62 | m) = o2
does not depend on x.

In the general case where o?(z) depends on & we say that the error e is heteroskedastic.

Definition 2.13.2 The error is heteroskedastic if E (¢? | ) = 0?(x)
depends on x.

It is helpful to understand that the concepts homoskedasticity and heteroskedasticity concern
the conditional variance, not the unconditional variance. By definition, the unconditional variance
02 is a constant and independent of the regressors . So when we talk about the variance as a
function of the regressors, we are talking about the conditional variance o?(z).

Some older or introductory textbooks describe heteroskedasticity as the case where “the vari-
ance of e varies across observations”. This is a poor and confusing definition. It is more constructive
to understand that heteroskedasticity means that the conditional variance o2 () depends on ob-
servables.

Older textbooks also tend to describe homoskedasticity as a component of a correct regression
specification, and describe heteroskedasticity as an exception or deviance. This description has
influenced many generations of economists, but it is unfortunately backwards. The correct view
is that heteroskedasticity is generic and “standard”, while homoskedasticity is unusual and excep-
tional. The default in empirical work should be to assume that the errors are heteroskedastic, not
the converse.

In apparent contradiction to the above statement, we will still frequently impose the ho-
moskedasticity assumption when making theoretical investigations into the properties of estimation
and inference methods. The reason is that in many cases homoskedasticity greatly simplifies the
theoretical calculations, and it is therefore quite advantageous for teaching and learning. It should
always be remembered, however, that homoskedasticity is never imposed because it is believed to
be a correct feature of an empirical model, but rather because of its simplicity.

2.14 Regression Derivative

One way to interpret the CEF m(z) = E(y | ) is in terms of how marginal changes in the
regressors @ imply changes in the conditional mean of the response variable y. It is typical to
consider marginal changes in a single regressor, say x1, holding the remainder fixed. When a
regressor x1 is continuously distributed, we define the marginal effect of a change in z;, holding
the variables xo, ..., x; fixed, as the partial derivative of the CEF

9
8.%1

When z; is discrete we define the marginal effect as a discrete difference. For example, if x; is
binary, then the marginal effect of z; on the CEF is

m(xl,...,xk).

m(1l, xa,...,xr) — m(0, x2, ..., T).
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We can unify the continuous and discrete cases with the notation

0

%m(xl, ey Th) s if 21 is continuous
1

Vim(z) =

m(1,zo,...,x) — m(0,x9,...,x%), if x1 is binary.

Collecting the k effects into one k x 1 vector, we define the regression derivative with respect to
T:

Vim(x)
Vm(zx) = VgTiL(:D)
When all elements of x are continuous, then we have the simplification Vm(z) = %m(:ﬂ), the

vector of partial derivatives.

There are two important points to remember concerning our definition of the regression deriv-
ative.

First, the effect of each variable is calculated holding the other variables constant. This is the
ceteris paribus concept commonly used in economics. But in the case of a regression derivative,
the conditional mean does not literally hold all else constant. It only holds constant the variables
included in the conditional mean. This means that the regression derivative depends on which
regressors are included. For example, in a regression of wages on education, experience, race and
gender, the regression derivative with respect to education shows the marginal effect of education
on mean wages, holding constant experience, race and gender. But it does not hold constant an
individual’s unobservable characteristics (such as ability), or variables not included in the regression
(such as the quality of education).

Second, the regression derivative is the change in the conditional expectation of y, not the
change in the actual value of y for an individual. It is tempting to think of the regression derivative
as the change in the actual value of y, but this is not a correct interpretation. The regression
derivative Vm/(z) is the change in the actual value of y only if the error e is unaffected by the
change in the regressor . We return to a discussion of causal effects in Section 2.30.

2.15 Linear CEF

An important special case is when the CEF m (z) = E(y | @) is linear in . In this case we can
write the mean equation as

m(z) = x151 + x282 + - + 1Bk + Bt

Notationally it is convenient to write this as a simple function of the vector . An easy way to do
so is to augment the regressor vector & by listing the number “1” as an element. We call this the
“constant” and the corresponding coefficient is called the “intercept”. Equivalently, specify that
the final element!? of the vector x is z; = 1. Thus (2.5) has been redefined as the k x 1 vector

T = | (2.15)

10The order doesn’t matter. It could be any element.
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With this redefinition, the CEF is

m(x) = x181 + x2f2 + - - + 110k
_—_y (2.16)

where
B
=1 : (2.17)
Br
is a k x 1 coefficient vector. This is the linear CEF model. It is also often called the linear
regression model, or the regression of y on .

In the linear CEF model, the regression derivative is simply the coefficient vector. That is

Vm(z) = 3.

This is one of the appealing features of the linear CEF model. The coefficients have simple and
natural interpretations as the marginal effects of changing one variable, holding the others constant.

Linear CEF Model

y=a/B+e
E(e|z)=0

If in addition the error is homoskedastic, we call this the homoskedastic linear CEF model.

Homoskedastic Linear CEF Model

y=z'B+e
E(e|z)=0
E(€2|:L'):O'2

2.16 Linear CEF with Nonlinear Effects

The linear CEF model of the previous section is less restrictive than it might appear, as we can
include as regressors nonlinear transformations of the original variables. In this sense, the linear
CEF framework is flexible and can capture many nonlinear effects.

For example, suppose we have two scalar variables 1 and xo. The CEF could take the quadratic
form

m(z1,72) = 2181 + 22B2 + 3 B3 + 2384 + 12285 + Be. (2.18)

This equation is quadratic in the regressors (z1,x2) yet linear in the coefficients 8 = (54, ..., 5s)’.
We will descriptively call (2.18) a quadratic CEF, and yet (2.18) is also a linear CEF in the
sense of being linear in the coefficients. The key is to understand that (2.18) is quadratic in the
variables (x1,z2) yet linear in the coefficients 3.
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To simplify the expression, we define the transformations z3 = 2%, x4 = 13, 5 = 7172, and
xg = 1, and redefine the regressor vector as = (1, ..., 2g)". With this redefinition,

m(xy1,x2) = '3

which is linear in 3. For most econometric purposes (estimation and inference on (3) the linearity
in 3 is all that is important.

An exception is in the analysis of regression derivatives. In nonlinear equations such as (2.18),
the regression derivative should be defined with respect to the original variables, not with respect
to the transformed variables. Thus

0
8—TrL(UC1, r2) = B1 + 22183 + 22035
1

8—m(901, T2) = (2 + 22234 + 7155

Z2

We see that in the model (2.18), the regression derivatives are not a simple coefficient, but are
functions of several coefficients plus the levels of (z1,z2). Consequently it is difficult to interpret
the coefficients individually. It is more useful to interpret them as a group.

We typically call 85 the interaction effect. Notice that it appears in both regression derivative
equations, and has a symmetric interpretation in each. If 85 > 0 then the regression derivative
with respect to x; is increasing in the level of zo (and the regression derivative with respect to xg
is increasing in the level of x1), while if 85 < 0 the reverse is true. It is worth noting that this
symmetry is an artificial implication of the quadratic equation (2.18), and is not a general feature
of nonlinear conditional means m(z1, z3).

2.17 Linear CEF with Dummy Variables

When all regressors takes a finite set of values, it turns out the CEF can be written as a linear
function of regressors.

This simplest example is a binary variable, which takes only two distinct values. For exam-
ple, the variable gender takes only the values man and woman. Binary variables are extremely
common in econometric applications, and are alternatively called dummy variables or indicator
variables.

Consider the simple case of a single binary regressor. In this case, the conditional mean can
only take two distinct values. For example,

po if  gender=man
E (y | gender) =
w1 if  gender=woman

To facilitate a mathematical treatment, we typically record dummy variables with the values {0, 1}.
For example
- { 0 if gender=man (2.19)

1 if gender=woman

Given this notation we can write the conditional mean as a linear function of the dummy variable
1, that is
E(y | 21) = Bz + B2

where 81 = pu1 — po and B2 = pg. In this simple regression equation the intercept s is equal to
the conditional mean of y for the ;1 = 0 subpopulation (men) and the slope 51 is equal to the
difference in the conditional means between the two subpopulations.
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Equivalently, we could have defined x1 as

oy = { 1 if  gender=man (2.20)

0 if gender=woman

In this case, the regression intercept is the mean for women (rather than for men) and the regression
slope has switched signs. The two regressions are equivalent but the interpretation of the coefficients
has changed. Therefore it is always important to understand the precise definitions of the variables,
and illuminating labels are helpful. For example, labelling x1 as “gender” does not help distinguish
between definitions (2.19) and (2.20). Instead, it is better to label 21 as “women” or “female” if
definition (2.19) is used, or as “men” or “male” if (2.20) is used.

Now suppose we have two dummy variables z; and xs. For example, o = 1 if the person is
married, else x5 = 0. The conditional mean given z; and x2 takes at most four possible values:

poo if 1 =0and zo =0 (unmarried men)
por if x1=0and zo =1 (married men)
1o if xp=1and x9 =0 (unmarried women)
p11 if zy=1and zo =1 (married women)

E(y | fEl,SEz) =

In this case we can write the conditional mean as a linear function of z1, x2 and their product
X192 .
E(y | #1,22) = B171 + Baz2 + P3z172 + P4

where 81 = p10 — poo, B2 = po1r — poo, 83 = p11 — H10 — Mot + poo, and B4 = pigo-

We can view the coefficient 5 as the effect of gender on expected log wages for unmarried
wages earners, the coefficient G2 as the effect of marriage on expected log wages for men wage
earners, and the coefficient B3 as the difference between the effects of marriage on expected log
wages among women and among men. Alternatively, it can also be interpreted as the difference
between the effects of gender on expected log wages among married and non-married wage earners.
Both interpretations are equally valid. We often describe 3 as measuring the interaction between
the two dummy variables, or the interaction effect, and describe 53 = 0 as the case when the
interaction effect is zero.

In this setting we can see that the CEF is linear in the three variables (z1, z2,x122). Thus to
put the model in the framework of Section 2.15, we would define the regressor z3 = x1x3 and the
regressor vector as

T

Z2

3
1

€Tr =

So even though we started with only 2 dummy variables, the number of regressors (including the
intercept) is 4.

If there are 3 dummy variables 1,22, 3, then E(y | 21,72, v3) takes at most 23 = 8 distinct
values and can be written as the linear function

E(y | 1,2, 23) = f1z1 + Poxa + P33 + Paz1xa + fsx123 + Peraxs + Brrizaxs + Fs

which has eight regressors including the intercept.

In general, if there are p dummy variables x1,...,z, then the CEF E(y | z1,22,...,x)) takes
at most 2P distinct values, and can be written as a linear function of the 2P regressors including
Z1,®2,...,Tp and all cross-products. This might be excessive in practice if p is modestly large. In
the next section we will discuss projection approximations which yield more parsimonious parame-
terizations.

We started this section by saying that the conditional mean is linear whenever all regressors
take only a finite number of possible values. How can we see this? Take a categorical variable,
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such as race. For example, we earlier divided race into three categories. We can record categorical
variables using numbers to indicate each category, for example

1 if white
z3 =< 2 if black
3 if other

When doing so, the values of 3 have no meaning in terms of magnitude, they simply indicate the
relevant category.

When the regressor is categorical the conditional mean of y given x3 takes a distinct value for
each possibility:

1251 if xr3 = 1
E(y|x3) =< po if x3=2
M3 if xr3 = 3

This is not a linear function of x3 itself, but it can be made a linear function by constructing
dummy variables for two of the three categories. For example

oy 1 if black
=Y 0 if not black

e — 1 if other
7Y 0 if not other

In this case, the categorical variable x5 is equivalent to the pair of dummy variables (x4, z5). The
explicit relationship is
1 if 2z4=0and a5=0
r3=<¢ 2 if z4=1landz5=0
3 if zg=0andzs=1

Given these transformations, we can write the conditional mean of y as a linear function of x4 and
5
E(y|z3) =E(y | w4, 75) = Br1za + Bows + B3

We can write the CEF as either E (y | 23) or E(y | x4, z5) (they are equivalent), but it is only linear
as a function of z4 and x5.

This setting is similar to the case of two dummy variables, with the difference that we have not
included the interaction term x4zs5. This is because the event {x4 = 1 and x5 = 1} is empty by
construction, so z4x5 = 0 by definition.

2.18 Best Linear Predictor

While the conditional mean m(z) = E(y | ) is the best predictor of y among all functions
of @, its functional form is typically unknown. In particular, the linear CEF model is empirically
unlikely to be accurate unless x is discrete and low-dimensional so all interactions are included.
Consequently in most cases it is more realistic to view the linear specification (2.16) as an approx-
imation. In this section we derive a specific approximation with a simple interpretation.

Theorem 2.11.1 showed that the conditional mean m (x) is the best predictor in the sense
that it has the lowest mean squared error among all predictors. By extension, we can define an
approximation to the CEF by the linear function with the lowest mean squared error among all
linear predictors.

For this derivation we require the following regularity condition.
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Assumption 2.18.1
1. Ey? < 0.

2. Bllz|]® < co.

3. Quz = E(za') is positive definite.

In Assumption 2.18.1.2 we use the notation |z| = (:13/:1,')1/2 to denote the Euclidean length of
the vector x.

The first two parts of Assumption 2.18.1 imply that the variables ¥ and x have finite means,
variances, and covariances. The third part of the assumption is more technical, and its role will
become apparent shortly. It is equivalent to imposing that the columns of Q,, = E(za') are
linearly independent, or equivalently that the matrix Q,, is invertible.

A linear predictor for y is a function of the form /@ for some 8 € R¥. The mean squared
prediction error is

2
S(B)=E(y-2'B)".
The best linear predictor of y given x, written P(y | ), is found by selecting the vector 3 to
minimize S(8).

Definition 2.18.1 The Best Linear Predictor of y given x is

Plylz)=a'p
where 3 minimizes the mean squared prediction error
SB) =E(y-2'8)".
The minimizer

B = argmin S(3) (2.21)
BERF

is called the Linear Projection Coefficient.

We now calculate an explicit expression for its value.
The mean squared prediction error can be written out as a quadratic function of 3 :

S(B8) = By? — 28'E (zy) + B'E(zz’)B.

The quadratic structure of S(3) means that we can solve explicitly for the minimizer. The first-
order condition for minimization (from Appendix A.9) is

0= %S(ﬂ) = —2E (zy) + 2E (zz') 8. (2.22)

Rewriting (2.22) as
2E (zy) = 2B (zz') 3

and dividing by 2, this equation takes the form

Qacy = Qa:wﬁ (2.23)
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where Qgy = E(zy) is k x 1 and Qg = E (za’) is k x k. The solution is found by inverting the
matrix Qgg, and is written

ﬁ = Q;g} Qa:y
or

B=(E (azaz'))fl E(zy). (2.24)

It is worth taking the time to understand the notation involved in the expression (2.24). Qg is a

k x k matrix and Qgzy is a k x 1 column vector. Therefore, alternative expressions such as %

or E (zy) (E(za'))”" are incoherent and incorrect. We also can now see the role of Assumption
2.18.1.3. It is necessary in order for the solution (2.24) to exist. Otherwise, there would be multiple
solutions to the equation (2.23).

We now have an explicit expression for the best linear predictor:

Ply|z)=2(E (mm’))flE(my).

This expression is also referred to as the linear projection of y on x.
The projection error is

e=y—x'3. (2.25)

This equals the error from the regression equation when (and only when) the conditional mean is
linear in x, otherwise they are distinct.
Rewriting, we obtain a decomposition of y into linear predictor and error

y=x'8+e. (2.26)

In general we call equation (2.26) or @’'3 the best linear predictor of y given x, or the linear
projection of y on x. Equation (2.26) is also often called the regression of y on  but this can
sometimes be confusing as economists use the term regression in many contexts. (Recall that we
said in Section 2.15 that the linear CEF model is also called the linear regression model.)

An important property of the projection error e is

E (ze) = 0. (2.27)

To see this, using the definitions (2.25) and (2.24) and the matrix properties AA™! = I and
Ia=a,

E(ze) =E (z (y — 2'8))
— E(zy) — E (zz) (B (z2')) "B (zy)
~0 (2.28)

as claimed.
Equation (2.27) is a set of k equations, one for each regressor. In other words, (2.27) is equivalent
to
E(zje) =0 (2.29)

for j =1,....,k. As in (2.15), the regressor vector x typically contains a constant, e.g. xx = 1. In
this case (2.29) for j = k is the same as
E(e) =0. (2.30)

Thus the projection error has a mean of zero when the regressor vector contains a constant. (When
x does not have a constant, (2.30) is not guaranteed. As it is desirable for e to have a zero mean,
this is a good reason to always include a constant in any regression model.)



CHAPTER 2. CONDITIONAL EXPECTATION AND PROJECTION 31

It is also useful to observe that since cov(z;,e) = E(zje) — E(x;)E(e), then (2.29)-(2.30)
together imply that the variables z; and e are uncorrelated.

This completes the derivation of the model. We summarize some of the most important prop-
erties.

Theorem 2.18.1 Properties of Linear Projection Model
Under Assumption 2.18.1,

1. The moments E(zx') and E (zy) exist with finite elements.

2. The Linear Projection Coefficient (2.21) exists, is unique, and equals
B=(E (:L'w’))flE(wy) :
8. The best linear predictor of y given x is
Ply|z)=a'(E (mm’))_lE(my) :
4. The projection error e =y — '3 exists and satisfies
E (e?) < o0

and
E (ze) = 0.

5. If  contains an constant, then

E(e) =0.

6. IfEly|" < 0o and B ||z||" < oo for r > 2 then Ele|” < oo.

A complete proof of Theorem 2.18.1 is given in Section 2.34.

It is useful to reflect on the generality of Theorem 2.18.1. The only restriction is Assumption
2.18.1. Thus for any random variables (y, ) with finite variances we can define a linear equation
(2.26) with the properties listed in Theorem 2.18.1. Stronger assumptions (such as the linear CEF
model) are not necessary. In this sense the linear model (2.26) exists quite generally. However,
it is important not to misinterpret the generality of this statement. The linear equation (2.26) is
defined as the best linear predictor. It is not necessarily a conditional mean, nor a parameter of a
structural or causal economic model.

Linear Projection Model
y=1x'8+e.
E(xze) =0
-1
B=(E(zz))  E(xy)

We illustrate projection using three log wage equations introduced in earlier sections.
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For our first example, we consider a model with the two dummy variables for gender and race
similar to Table 2.1. As we learned in Section 2.17, the entries in this table can be equivalently
expressed by a linear CEF. For simplicity, let’s consider the CEF of log(wage) as a function of
Black and Female.

E(log(wage) | Black, Female) = —0.20Black — 0.24Female + 0.10Black x Female 4 3.06. (2.31)

This is a CEF as the variables are dummys and all interactions are included.
Now consider a simpler model omitting the interaction effect. This is the linear projection on
the variables Black and Female

P(log(wage) | Black, Female) = —0.15Black — 0.23Female + 3.06. (2.32)

What is the difference? The full CEF (2.31) shows that the race gap is differentiated by gender: it
is 20% for black men (relative to non-black men) and 10% for black women (relative to non-black
women). The projection model (2.32) simplifies this analysis, calculating an average 15% wage gap
for blacks, ignoring the role of gender. Notice that this is despite the fact that the gender variable
is included in (2.32).

Log Dollars per Hour

4 6 8 10 12 14 16 18 20

Years of Education
Figure 2.8: Projections of log(wage) onto Education

For our second example we consider the CEF of log wages as a function of years of education
for white men which was illustrated in Figure 2.5 and is repeated in Figure 2.8. Superimposed on
the figure are two projections. The first (given by the dashed line) is the linear projection of log
wages on years of education

P(log(wage) | Education) = 0.11 Education 4+ 1.5

This simple equation indicates an average 11% increase in wages for every year of education. An
inspection of the Figure shows that this approximation works well for education> 9, but under-
predicts for individuals with lower levels of education. To correct this imbalance we use a linear
spline equation which allows different rates of return above and below 9 years of education:

P (log(wage) | Education, (Education — 9) x 1 (Education > 9))
= 0.02Education + 0.10 x (Education — 9) x 1 (Education > 9) + 2.3

This equation is displayed in Figure 2.8 using the solid line, and appears to fit much better. It
indicates a 2% increase in mean wages for every year of education below 9, and a 12% increase in
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Figure 2.9: Linear and Quadratic Projections of log(wage) onto Experience

mean wages for every year of education above 9. It is still an approximation to the conditional
mean but it appears to be fairly reasonable.

For our third example we take the CEF of log wages as a function of years of experience for
white men with 12 years of education, which was illustrated in Figure 2.6 and is repeated as the
solid line in Figure 2.9. Superimposed on the figure are two projections. The first (given by the
dot-dashed line) is the linear projection on experience

P(log(wage) | Experience) = 0.011 Experience + 2.5
and the second (given by the dashed line) is the linear projection on experience and its square
P(log(wage) | Experience) = 0.046 Experience — 0.0007 Experience® + 2.3.

It is fairly clear from an examination of Figure 2.9 that the first linear projection is a poor approx-
imation. It over-predicts wages for young and old workers, and under-predicts for the rest. Most
importantly, it misses the strong downturn in expected wages for older wage-earners. The second
projection fits much better. We can call this equation a quadratic projection since the function
is quadratic in experience.
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Invertibility and Identification

The linear projection coefficient 8 = (B (za')) ' E (zy) exists and is
unique as long as the k x k matrix Qgzz = E (xa’) is invertible. The matrix
Qz2 is sometimes called the design matrix, as in experimental settings
the researcher is able to control Q. by manipulating the distribution of
the regressors x.

Observe that for any non-zero o € R¥,

o' Qura =E (a’:z::z:'a) =E (a’a:)2 >0

S0 Qg2 by construction is positive semi-definite. The assumption that
it is positive definite means that this is a strict inequality, E (a/z)* >
0. Equivalently, there cannot exist a non-zero vector « such that o’z =
0 identically. This occurs when redundant variables are included in .
Positive semi-definite matrices are invertible if and only if they are positive
definite. When Qg is invertible then 8 = (E (z2')) ' E (zy) exists and is
uniquely defined. In other words, in order for 3 to be uniquely defined, we
must exclude the degenerate situation of redundant varibles.

Theorem 2.18.1 shows that the linear projection coefficient 3 is iden-
tified (uniquely determined) under Assumptions 2.18.1. The key is invert-
ibility of Qgs. Otherwise, there is no unique solution to the equation

Qa3 = Qacy‘ (2.33)

When Qg is not invertible there are multiple solutions to (2.33), all of
which yield an equivalent best linear predictor ’3. In this case the coeffi-
cient 3 is not identified as it does not have a unique value. Even so, the
best linear predictor '3 still identified. One solution is to set

B=(E(zz')) E(zy)

where A~ denotes the generalized inverse of A (see Appendix A.5).

2.19 Linear Predictor Error Variance
As in the CEF model, we define the error variance as
o?=E (62) .
Setting Qyy = E (y?) and Q,,, = E (y2') we can write 02 as

o> =E(y - :B’,B)z
=Ey* - 2E (yz') B+ BE (z2') B
= Quy — 2Qua Qppy Quy + Qua Q,p Quoa Qi Quy
= Quy — Qua Q;i wa

de
2. (2.34)

One useful feature of this formula is that it shows that Quy.z = Qyy — Qua Q;ﬂlj Q, equals the
variance of the error from the linear projection of y on .
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2.20 Regression Coefficients

Sometimes it is useful to separate the constant from the other regressors, and write the linear

projection equation in the format
y=x'B+a+e (2.35)

where « is the intercept and x does not contain a constant.
Taking expectations of this equation, we find

Ey = Ex'3 + Ea + Ee
or
Hy = ILL;'IB +a
where p1, = By and p, = Ex, since E (e) = 0 from (2.30). (While = does not contain a constant,
the equation does so (2.30) still applies.) Rearranging, we find
Q= [y — /’L,.Z’B
Subtracting this equation from (2.35) we find

y—hy=(z—p) B+e, (2.36)

a linear equation between the centered variables y — uy and @ — pi,. (They are centered at their
means, so are mean-zero random variables.) Because & — p, is uncorrelated with e, (2.36) is also
a linear projection, thus by the formula for the linear projection model,

B=(E(z—p)(@—pm)) Bz p) (y— uy))

-1

= var (z) "~ cov (z,y)

a function only of the covariances!! of & and y.

Theorem 2.20.1 In the linear projection model
y=xz'B+a+te,

then
o=y — 1B (2.37)

and
B =var (z) cov(z,y). (2.38)

2.21 Regression Sub-Vectors

Let the regressors be partitioned as

z = < :; ) . (2.39)

"'The covariance matrix between vectors = and z is cov(x,z) = E ((x — Ex) (z — Ez)’) . The (co)variance
matrix of the vector « is var (z) = cov (z,z) = E ((x — Ez) (x — Bx)’) .
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We can write the projection of y on x as

y=2'B+e
=z16; + x50, +e (2.40)
E (ze) = 0.

In this section we derive formula for the sub-vectors 8, and 3,.
Partition Q,, comformably with x

Q. — [ Qn Q2 ] _ |:E<$1$/1) E (@1)) }
o Qa1 Qo )

ouc[3 -2

and similarly Q,,

Q2y E ("B2y)
By the partitioned matrix inversion formula (A.4)
~1 _ _ _
Q- [ Qu Qn } def { Q; Q;z ] _ [ 9111-2 . _Qlll.leszzl } L (241
o Qa1 Qo Q" Q — Q.1 Q21 Qyy Q231

def

where Q11 2 = Qn Q12Q§21 Q21 and Q22 1

/8 ( 51 >
Q112 -Q115,Q12Q5 ] [ Qyy ]
—Qy1 Q2 Q! () Qyy

( Q112 Qly Q12Q22 Q2y) >

def

Q2 — Q2 Q17 Qpy. Thus

Q1 (Q2y — Qu Qi Quy)

Q11 2Q1y 2 >
Q22 1Q2y 1

We have shown that

B = Q11 2Q1y0
By = Q22-1 Qa1

2.22 Coefficient Decomposition

In the previous section we derived formulae for the coefficient sub-vectors 3; and 3,. We now use
these formulae to give a useful interpretation of the coefficients in terms of an iterated projection.
Take equation (2.40) for the case dim(z1) = 1 so that 51 € R.

y=x101 + x5035 + e. (2.42)
Now consider the projection of 1 on x5 :

r1 = 23,2"/2 + u1
E((Bgul) =0.

From (2.24) and (2.34), 75 = Qyy Qg and Eu? = Q1.5 = Q11 — Q12 Q59 Qo We can also calculate
that

E(uy) =E ((fBl - ’7/25132) y) =E(71y) - ’7’2E($2y) = Qly - Q12Q521 sz = Q1y~2'
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We have found that

E(u
Bl = Ql_l]jQQly-Q = I(E—ulfw
the coefficient from the simple regression of y on .

What this means is that in the multivariate projection equation (2.42), the coefficient 31 equals
the projection coefficient from a regression of y on uj, the error from a projection of z; on the
other regressors @s. The error u; can be thought of as the component of x7 which is not linearly
explained by the other regressors. Thus the coefficient 51 equals the linear effect of z1 on y, after
stripping out the effects of the other variables.

There was nothing special in the choice of the variable x1. This derivation applies symmetrically
to all coefficients in a linear projection. Each coefficient equals the simple regression of y on the
error from a projection of that regressor on all the other regressors. Each coefficient equals the
linear effect of that variable on y, after linearly controlling for all the other regressors.

2.23 Omitted Variable Bias

Again, let the regressors be partitioned as in (2.39). Consider the projection of y on z; only.
Perhaps this is done because the variables x5 are not observed. This is the equation

y =1y +u (2.43)
E (zu) = 0.

Notice that we have written the coefficient on x; as «; rather than 3; and the error as u rather

than e. This is because (2.43) is different than (2.40). Goldberger (1991) introduced the catchy

labels long regression for (2.40) and short regression for (2.43) to emphasize the distinction.
Typically, B3, # ~;, except in special cases. To see this, we calculate

71 = (E(212})) " E(z1y)
= (B (z12})) " E (21 (218, + 2585 + )
=1 + (B (z121)) " E (1) B,
=B+ 18,

where
= (E (:131:13’1))_1 E (mlmé)

is the coefficient matrix from a projection of xs on 1.

Observe that v; = 8, + '8y # 3, unless I' = 0 or 3, = 0. Thus the short and long regressions
have different coefficients on 1. They are the same only under one of two conditions. First, if the
projection of &y on x; yields a set of zero coefficients (they are uncorrelated), or second, if the
coefficient on x5 in (2.40) is zero. In general, the coefficient in (2.43) is =y, rather than 8;. The
difference I'35 between v, and 3; is known as omitted variable bias. It is the consequence of
omission of a relevant correlated variable.

To avoid omitted variables bias the standard advice is to include all potentially relevant variables
in estimated models. By construction, the general model will be free of such bias. Unfortunately
in many cases it is not feasible to completely follow this advice as many desired variables are
not observed. In this case, the possibility of omitted variables bias should be acknowledged and
discussed in the course of an empirical investigation.

For example, suppose y is log wages, x1 is education, and z9 is intellectual ability. It seems
reasonable to suppose that education and intellectual ability are positively correlated (highly able
individuals attain higher levels of education) which means I' > 0. It also seems reasonable to
suppose that conditional on education, individuals with higher intelligence will earn higher wages
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on average, so that S > 0. This implies that I'82 > 0 and v; = 1 + I'B2 > (1. Therefore, it seems
reasonable to expect that in a regression of wages on education with ability omitted, the coefficient
on education is higher than in a regression where ability is included. In other words, in this context
the omitted variable biases the regression coefficient upwards.

2.24 Best Linear Approximation

There are alternative ways we could construct a linear approximation '3 to the conditional
mean m(x). In this section we show that one alternative approach turns out to yield the same
answer as the best linear predictor.

We start by defining the mean-square approximation error of '3 to m(x) as the expected
squared difference between &’3 and the conditional mean m(x)

d(B) =B (m(z) — 2'8)*. (2.44)

The function d(3) is a measure of the deviation of '3 from m(x). If the two functions are identical

then d(8) = 0, otherwise d(3) > 0. We can also view the mean-square difference d(3) as a density-
. . I N2 .

weighted average of the function (m(x) — 2’3)”, since

4B) = [ (m(a) - 2'8)” fulw)ia

where fz(x) is the marginal density of .

We can then define the best linear approximation to the conditional m(x) as the function '3
obtained by selecting 8 to minimize d(3) :

B = argmind(3). (2.45)
BERF

Similar to the best linear predictor we are measuring accuracy by expected squared error. The
difference is that the best linear predictor (2.21) selects 3 to minimize the expected squared predic-
tion error, while the best linear approximation (2.45) selects 3 to minimize the expected squared
approximation error.

Despite the different definitions, it turns out that the best linear predictor and the best linear
approximation are identical. By the same steps as in (2.18) plus an application of conditional
expectations we can find that

B = (E(z2') ' E(zm(z)) (2.46)
= (B (za')) " E(xy) (2.47)

(see Exercise 2.19). Thus (2.45) equals (2.21). We conclude that the definition (2.45) can be viewed
as an alternative motivation for the linear projection coefficient.

2.25 Normal Regression

Suppose the variables (y, ) are jointly normally distributed. Consider the best linear predictor
of y given x

y=zB+e
B=(E (:B:B’))flE(my).

Since the error e is a linear transformation of the normal vector (y,z), it follows that (e, ) is
jointly normal, and since they are jointly normal and uncorrelated (since E (ze) = 0) they are also
independent (see Appendix B.9). Independence implies that

E(e|xz)=E(e)=0
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and
E(62 | z) :E(e2) = o?

which are properties of a homoskedastic linear CEF.
We have shown that when (y, x) are jointly normally distributed, they satisfy a normal linear
CEF
y=z'B+e

where
e ~N(0,0?%)

is independent of .
This is an alternative (and traditional) motivation for the linear CEF model. This motivation
has limited merit in econometric applications since economic data is typically non-normal.

2.26 Regression to the Mean

The term regression originated in an influential paper by Francis Galton published in 1886,
where he examined the joint distribution of the stature (height) of parents and children. Effectively,
he was estimating the conditional mean of children’s height given their parent’s height. Galton
discovered that this conditional mean was approximately linear with a slope of 2/3. This implies
that on average a child’s height is more mediocre (average) than his or her parent’s height. Galton
called this phenomenon regression to the mean, and the label regression has stuck to this day
to describe most conditional relationships.

One of Galton’s fundamental insights was to recognize that if the marginal distributions of y
and x are the same (e.g. the heights of children and parents in a stable environment) then the
regression slope in a linear projection is always less than one.

To be more precise, take the simple linear projection

y=xzf+a+e (2.48)

where y equals the height of the child and x equals the height of the parent. Assume that y and x
have the same mean, so that y1, = p; = p. Then from (2.37)

a=(1-p5)p

so we can write the linear projection (2.48) as

Pylaz)=Q0=p)p+ap.

This shows that the projected height of the child is a weighted average of the population average
height p and the parent’s height x, with the weight equal to the regression slope 5. When the
height distribution is stable across generations, so that var(y) = var(z), then this slope is the
simple correlation of y and z. Using (2.38)

= cov (z,y)

var(x) = corr(z,y).

By the properties of correlation (e.g. equation (B.7) in the Appendix), —1 < corr(z,y) < 1, with
corr(z,y) = 1 only in the degenerate case y = x. Thus if we exclude degeneracy, [ is strictly less
than 1.

This means that on average a child’s height is more mediocre (closer to the population average)
than the parent’s.
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Sir Francis Galton

Sir Francis Galton (1822-1911) of England was one of the leading figures in
late 19th century statistics. In addition to inventing the concept of regres-
sion, he is credited with introducing the concepts of correlation, the standard
deviation, and the bivariate normal distribution. His work on heredity made
a significant intellectual advance by examing the joint distributions of ob-
servables, allowing the application of the tools of mathematical statistics to
the social sciences.

A common error — known as the regression fallacy — is to infer from 8 < 1 that the population
is converging, meaning that its variance is declining towards zero. This is a fallacy because we
derived the implication 5 < 1 under the assumption of constant means and variances. So certainly
B < 1 does not imply that the variance y is less than than the variance of x.

Another way of seeing this is to examine the conditions for convergence in the context of equation
(2.48). Since = and e are uncorrelated, it follows that

var(y) = 8% var(z) + var(e).

Then var(y) < var(z) if and only if
var(e)

B2 <1—

var(z)

which is not implied by the simple condition || < 1.

The regression fallacy arises in related empirical situations. Suppose you sort families into groups
by the heights of the parents, and then plot the average heights of each subsequent generation over
time. If the population is stable, the regression property implies that the plots lines will converge
— children’s height will be more average than their parents. The regression fallacy is to incorrectly
conclude that the population is converging. A message to be learned from this example is that such
plots are misleading for inferences about convergence.

The regression fallacy is subtle. It is easy for intelligent economists to succumb to its temptation.
A famous example is The Triumph of Mediocrity in Business by Horace Secrist, published in 1933.
In this book, Secrist carefully and with great detail documented that in a sample of department
stores over 1920-1930, when he divided the stores into groups based on 1920-1921 profits, and
plotted the average profits of these groups for the subsequent 10 years, he found clear and persuasive
evidence for convergence “toward mediocrity”. Of course, there was no discovery — regression to
the mean is a necessary feature of stable distributions.

2.27 Reverse Regression

Galton noticed another interesting feature of the bivariate distribution. There is nothing special
about a regression of y on x. We can also regress x on y. (In his heredity example this is the best
linear predictor of the height of parents given the height of their children.) This regression takes
the form

r=yB" +a" +e€". (2.49)

This is sometimes called the reverse regression. In this equation, the coefficients a*, * and
error e* are defined by linear projection. In a stable population we find that

pB* = corr(z,y) = 8

af=(1-p)p=a



CHAPTER 2. CONDITIONAL EXPECTATION AND PROJECTION 41

which are exactly the same as in the projection of y on x! The intercept and slope have exactly the
same values in the forward and reverse projections!

While this algebraic discovery is quite simple, it is counter-intuitive. Instead, a common yet
mistaken guess for the form of the reverse regression is to take the equation (2.48), divide through
by 8 and rewrite to find the equation

_____ . (2.50)

suggesting that the projection of z on y should have a slope coefficient of 1/4 instead of 3, and
intercept of —a// rather than a. What went wrong? Equation (2.50) is perfectly valid, because
it is a simple manipulation of the valid equation (2.48). The trouble is that (2.50) is neither a
CEF nor a linear projection. Inverting a projection (or CEF) does not yield a projection (or CEF).
Instead, (2.49) is a valid projection, not (2.50).

In any event, Galton’s finding was that when the variables are standardized, the slope in both
projections (y on x, and x and y) equals the correlation, and both equations exhibit regression to
the mean. It is not a causal relation, but a natural feature of all joint distributions.

2.28 Limitations of the Best Linear Predictor

Let’s compare the linear projection and linear CEF models.

From Theorem 2.8.1.4 we know that the CEF error has the property E (xe) = 0. Thus a linear
CEF is a linear projection. However, the converse is not true as the projection error does not
necessarily satisfy E (e | ) = 0. Furthermore, the linear projection may be a poor approximation
to the CEF.

To see these points in a simple example, suppose that the true process is y = = + z? with
x ~ N(0,1). In this case the true CEF is m(z) = z + 2? and there is no error. Now consider the
linear projection of y on x and a constant, namely the model y = Sz + « + u. Since x ~ N(0, 1)
then z and 2 are uncorrelated the linear projection takes the form P (y | #) = z + 1. This is quite
different from the true CEF m(z) = x + 2. The projection error equals e = 22 — 1, which is a
deterministic function of z, yet is uncorrelated with x. We see in this example that a projection
error need not be a CEF error, and a linear projection can be a poor approximation to the CEF.

Another defect of linear projection is that it is sensitive to the marginal distribution of the
regressors when the conditional mean is non-linear. We illustrate the issue in Figure 2.10 for a
constructed!? joint distribution of y and x. The solid line is the non-linear CEF of y given x.
The data are divided in two — Group 1 and Group 2 — which have different marginal distributions
for the regressor z, and Group 1 has a lower mean value of x than Group 2. The separate linear
projections of y on x for these two groups are displayed in the Figure by the dashed lines. These
two projections are distinct approximations to the CEF. A defect with linear projection is that it
leads to the incorrect conclusion that the effect of x on y is different for individuals in the two
groups. This conclusion is incorrect because in fact there is no difference in the conditional mean
function. The apparant difference is a by-product of a linear approximation to a non-linear mean,
combined with different marginal distributions for the conditioning variables.

2.29 Random Coefficient Model

A model which is notationally similar to but conceptually distinct from the linear CEF model
is the linear random coefficient model. It takes the form

y=a'n

"2The « in Group 1 are N(2,1) and those in Group 2 are N(4, 1), and the conditional distribution of y given = is
N(m(z), 1) where m(z) = 2z — 22 /6.
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Figure 2.10: Conditional Mean and Two Linear Projections

where the individual-specific coefficient 1 is random and independent of x. For example, if x is
years of schooling and y is log wages, then 7 is the individual-specific returns to schooling. If
a person obtains an extra year of schooling, 1 is the actual change in their wage. The random
coefficient model allows the returns to schooling to vary in the population. Some individuals might
have a high return to education (a high 1) and others a low return, possibly 0, or even negative.

In the linear CEF model the regressor coefficient equals the regression derivative — the change
in the conditional mean due to a change in the regressors, 3 = Vm(x). This is not the effect on a
given individual, it is the effect on the population average. In contrast, in the random coefficient
model, the random vector 7 = Vz'n is the true causal effect — the change in the response variable
y itself due to a change in the regressors.

It is interesting, however, to discover that the linear random coefficient model implies a linear
CEF. To see this, let 8 and 3 denote the mean and covariance matrix of i :

B =E(n)
3 = var (n)

and then decompose the random coefficient as
n=pB+u

where u is distributed independently of & with mean zero and covariance matrix 3. Then we can
write

E(y | z) = 2'E(n | z) = 2'E(n) = 28

so the CEF is linear in «, and the coefficients 3 equal the mean of the random coefficient 7.
We can thus write the equation as a linear CEF

y=2'B+e (2.51)
where e = ’u and u = nn — 3. The error is conditionally mean zero:

E(e | z) = 0.
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Furthermore

var (e | ) = &’ var (n)z

=3z

so the error is conditionally heteroskedastic with its variance a quadratic function of .

Theorem 2.29.1 In the linear random coefficient model y = x'n with n
independent of @, B ||z||* < co, and E||n||* < co, then

E(y|=z) =28
var (y | ¢) = 2’3z

where B = E(n) and X = var (n).

2.30 Causal Effects

So far we have avoided the concept of causality, yet often the underlying goal of an econometric
analysis is to uncover a causal relationship between variables. It is often of great interest to
understand the causes and effects of decisions, actions, and policies. For example, we may be
interested in the effect of class sizes on test scores, police expenditures on crime rates, climate
change on economic activity, years of schooling on wages, institutional structure on growth, the
effectiveness of rewards on behavior, the consequences of medical procedures for health outcomes,
or any variety of possible causal relationships. In each case, the goal is to understand what is the
actual effect on the outcome y due to a change in the input z. We are not just interested in the
conditional mean or linear projection, we would like to know the actual change.

Two inherent barriers are that the causal effect is typically specific to an individual and that it
is unobserved.

Consider the effect of schooling on wages. The causal effect is the actual difference a person
would receive in wages if we could change their level of education holding all else constant. This
is specific to each individual as their employment outcomes in these two distinct situations is
individual. The causal effect is unobserved because the most we can observe is their actual level
of education and their actual wage, but not the counterfactual wage if their education had been
different.

To be even more specific, suppose that there are two individuals, Jennifer and George, and
both have the possibility of being high-school graduates or college graduates, but both would have
received different wages given their choices. For example, suppose that Jennifer would have earned
$10 an hour as a high-school graduate and $20 an hour as a college graduate while George would
have earned $8 as a high-school graduate and $12 as a college graduate. In this example the causal
effect of schooling is $10 a hour for Jennifer and $4 an hour for George. The causal effects are
specific to the individual and neither causal effect is observed.

A variable 1 can be said to have a causal effect on the response variable y if the latter changes
when all other inputs are held constant. To make this precise we need a mathematical formulation.
We can write a full model for the response variable y as

y = h (21, T2, u) (2.52)

where 1 and xo are the observed variables, u is an ¢ x 1 unobserved random factor, and h is a
functional relationship. This framework includes as a special case the random coefficient model
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(2.29) studied earlier. We define the causal effect of 1 within this model as the change in y due to
a change in z; holding the other variables 2 and w constant.

Definition 2.30.1 In the model (2.52) the causal effect of x1 on y is
C(z1,z2,u) = Vih(z1, 22, u), (2.53)

the change in y due to a change in x1, holding ©2 and uw constant.

To understand this concept, imagine taking a single individual. As far as our structural model is
concerned, this person is described by their observables 1 and 2 and their unobservables u. In a
wage regression the unobservables would include characteristics such as the person’s abilities, skills,
work ethic, interpersonal connections, and preferences. The causal effect of 1 (say, education) is
the change in the wage as x; changes, holding constant all other observables and unobservables.

It may be helpful to understand that (2.53) is a definition, and does not necessarily describe
causality in a fundamental or experimental sense. Perhaps it would be more appropriate to label
(2.53) as a structural effect (the effect within the structural model).

Sometimes it is useful to write this relationship as a potential outcome function

y(z1) = h(z1, 22, u)

where the notation implies that y(z1) is holding x2 and w constant.

A popular example arises in the analysis of treatment effects with a binary regressor 1. Let 1 =
1 indicate treatment (e.g. a medical procedure) and x; = 0 indicating non-treatment. In this case
y(x1) can be written

y(0) = h (0, 22, u)
y(1) =h(1,z2,u).

In the literature on treatment effects, it is common to refer to y(0) and y(1) as the latent outcomes
associated with non-treatment and treatment, respectively. That is, for a given individual, y(0) is
the health outcome if there is no treatment, and y(1) is the health outcome if there is treatment.
The causal effect of treatment for the individual is the change in their health outcome due to
treatment — the change in y as we hold both x5 and u constant:

C (z2, u) = y(1) — y(0).

This is random (a function of &3 and u) as both potential outcomes y(0) and y(1) are different
across individuals.
In a sample, we cannot observe both outcomes from the same individual, we only observe the

realized value
y(0) if =0

y(l) if =z =1.

As the causal effect varies across individuals and is not observable, it cannot be measured on
the individual level. We therefore focus on aggregate causal effects, in particular what is known as
the average causal effect.
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Definition 2.30.2 In the model (2.52) the average causal effect of x;
on y conditional on xo is

ACE(xl,mg) :E(C(:pl,wg,u) ‘ .’L‘1,$2) (2.54)

=/, Vih (z1, 22, u) f(u | z1, z2)du
R

where f(u | x1,x2) is the conditional density of u given x1, Ta.

We can think of the average causal effect ACE(x,x2) as the average effect in the general
population. In our Jennifer & George schooling example given earlier, supposing that half of the
population are Jennifer’s and the other half George’s, then the average causal effect of college is
(10+4)/2 = $7 an hour. This is not the individual causal effect, it is the average of the causal effect
across all individuals in the population. Given data on only educational attainment and wages, the
ACE of $7 is the best we can hope to learn.

When we conduct a regression analysis (that is, consider the regression of observed wages
on educational attainment) we might hope that the regression reveals the average causal effect.
Technically, that the regression derivative (the coefficient on education) equals the ACE. Is this the
case? In other words, what is the relationship between the average causal effect ACE(x;, x2) and
the regression derivative Vim (x1, 2)? Equation (2.52) implies that the CEF is

m(z1, z2) = E(h(z1, 2, u) | x1, T2)

- / h (w1, @2, w) f(u | 21, 32)du,
R

the average causal equation, averaged over the conditional distribution of the unobserved component
Uu.
Applying the marginal effect operator, the regression derivative is

Vlm(xla (BQ) = /[ Vlh (zla o, ’LL) f(u | X1, CCQ)dU
R
+/ h (w1, 22, u) Vi f(u|z1, z2)du
R¢

:ACE(xl,w2)+/ h (01, @2, 1) Vi f(u | 21, @) du. (2.55)
R

Equation (2.55) shows that in general, the regression derivative does not equal the average
causal effect. The difference is the second term on the right-hand-side of (2.55). The regression
derivative and ACE equal in the special case when this term equals zero, which occurs when
Vif(u | z1,22) = 0, that is, when the conditional density of w given (x1, 22) does not depend on
1. When this condition holds then the regression derivative equals the ACE, which means that
regression analysis can be interpreted causally, in the sense that it uncovers average causal effects.

The condition is sufficiently important that it has a special name in the treatment effects
literature.

Definition 2.30.3 Conditional Independence Assumption (CIA).
Conditional on x2, the random wvariables x1 and u are statistically inde-
pendent.
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The CIA implies f(u | 21, 22) = f(u | z2) does not depend on z1, and thus Vi f(u | x1, z2) = 0.
Thus the CIA implies that Vim(x1, 22) = ACE(x1, x2), the regression derivative equals the average
causal effect.

Theorem 2.30.1 In the structural model (2.52), the Conditional Indepen-
dence Assumption implies

V1m<$1, :132) = ACE(.’L‘l, :132)

the regression derivative equals the average causal effect for x1 on y condi-
tional on x9.

This is a fascinating result. It shows that whenever the unobservable is independent of the
treatment variable (after conditioning on appropriate regressors) the regression derivative equals the
average causal effect. In this case, the CEF has causal economic meaning, giving strong justification
to estimation of the CEF. Our derivation also shows the critical role of the CIA. If CIA fails, then
the equality of the regression derivative and ACE fails.

This theorem is quite general. It applies equally to the treatment-effects model where x1 is
binary or to more general settings where x; is continuous.

It is also helpful to understand that the CIA is weaker than full independence of u from the
regressors (z1,x2). The CIA was introduced precisely as a minimal sufficient condition to obtain
the desired result. Full independence implies the CIA and implies that each regression derivative
equals that variable’s average causal effect, but full independence is not necessary in order to
causally interpret a subset of the regressors.

To illustrate, let’s return to our education example involving a population with equal numbers
of Jennifer’s and George’s. Recall that Jennifer earns $10 as a high-school graduate and $20 as a
college graduate (and so has a causal effect of $10) while George earns $8 as a high-school graduate
and $12 as a college graduate (so has a causal effect of $4). Given this information, the average
causal effect of college is $7, which is what we hope to learn from a regression analysis.

Now suppose that while in high school all students take an aptitude test, and if a student gets
a high (H) score he or she goes to college with probability 3/4, and if a student gets a low (L)
score he or she goes to college with probability 1/4. Suppose further that Jennifer’s get an aptitude
score of H with probability 3/4, while George’s get a score of H with probability 1/4. Given this
situation, 62.5% of Jennifer’s will go to college'®, while 37.5% of George’s will go to college!?.

An econometrician who randomly samples 32 individuals and collects data on educational at-
tainment and wages will find the following wage distribution:

$8 $10 $12 $20 Mean
High-School Graduate 10 6 0 0 $8.75
College Graduate 0 0 6 10 $17.00

Let college denote a dummy variable taking the value of 1 for a college graduate, otherwise 0.
Thus the regression of wages on college attendence takes the form

E (wage | college) = 8.25¢college + 8.75.

The coefficient on the college dummy, $8.25, is the regression derivative, and the implied wage effect
of college attendence. But $8.25 overstates the average causal effect of $7. The reason is because

YPr (College|Jennifer) = Pr (College|H) Pr (H|Jennifer) + Pr (College|L) Pr (L|Jennifer) = (3/4)% + (1/4)?
Py (College|George) = Pr (College|H) Pr (H|George) + Pr (College|L) Pr (L|George) = (3/4)(1/4) + (1/4)(3/4)
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the CIA fails. In this model the unobservable w is the individual’s type (Jennifer or George) which
is not independent of the regressor x; (education), since Jennifer is more likely to go to college than
George. Since Jennifer’s causal effect is higher than George’s, the regression derivative overstates
the ACE. The coefficient $8.25 is not the average benefit of college attendence, rather it is the
observed difference in realized wages in a population whose decision to attend college is correlated
with their individual causal effect. At the risk of repeating myself, in this example, $8.25 is the true
regression derivative, it is the difference in average wages between those with a college education and
those without. It is not, however, the average causal effect of college education in the population.

This does not mean that it is impossible to estimate the ACE. The key is conditioning on the
appropriate variables. The CIA says that we need to find a variable x2 such that conditional on
x2, u and z1 (type and education) are independent. In this example a variable which will achieve
this is the aptitude test score. The decision to attend college was based on the test score, not on
an individual’s type. Thus educational attainment and type are independent once we condition on
the test score.

This also alters the ACE. Notice that Definition 2.30.2 is a function of xs (the test score).
Among the students who receive a high test score, 3/4 are Jennifer’s and 1/4 are George’s. Thus
the ACE for students with a score of H is (3/4) x 104 (1/4) x 4 = $8.50. Among the students who
receive a low test score, 1/4 are Jennifer’s and 3/4 are George’s. Thus the ACE for students with
a score of L is (1/4) x 10+ (3/4) x 4 = $5.50. The ACE varies between these two observable groups
(those with high test scores and those with low test scores). Again, we would hope to be able to
learn the ACE from a regression analysis, this time from a regression of wages on education and
test scores.

To see this in the wage distribution, suppose that the econometrician collects data on the
aptitude test score as well as education and wages. Given a random sample of 32 individuals we
would expect to find the following wage distribution:

$8 $10 $12 $20 Mean

High-School Graduate + High Test Score 1 3 0 0 $9.50
College Graduate + High Test Score 0 0 3 9 $18.00
High-School Graduate + Low Test Score 9 3 0 0 $8.50
College Graduate + Low Test Score 0 o0 3 1 $14.00

Define the dummy variable highscore which takes the value 1 for students who received a
high test score, else zero. The regression of wages on college attendence and test scores (with
interactions) takes the form

E (wage | college, highscore) = 1.00highscore + 5.50college 4+ 3.00highscore x college + 8.50.

The cofficient on college, $5.50, is the regression derivative of college attendence for those with low
test scores, and the sum of this coefficient with the interaction coefficient, $8.50, is the regression
derivative for college attendence for those with high test scores. These equal the average causal
efffect.

In this example, by conditioning on the aptitude test score, the average causal effect of education
on wages can be learned from a regression analyis. What this shows is that by conditioning on the
proper variables, it may be possible to achieve the CIA, in which case regression analysis measures
average causal effects.

2.31 Expectation: Mathematical Details*

We define the mean or expectation Ey of a random variable y as follows. If y is discrete on
the set {71, 72, ...} then

oo
By = 7Pr(y=m1),
j=1
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and if y is continuous with density f then

By = /OO yf(y)dy.

We can unify these definitions by writing the expectation as the Lebesgue integral with respect to
the distribution function F

[ee)
Ey = / ydF(y). (2.56)
—0o0
In the event that the integral (2.56) is not finite, separately evaluate the two integrals
o0
I = / ydF (y) (2.57)
0
0
I, = —/ ydF(y). (2.58)
—00

If I1 = oo and Iy < oo then it is typical to define Ey = oo. If I1 < oo and Iy = oo then we define
Ey = —oo. However, if both I; = co and Iy = oo then Ey is undefined.If

Ely!—/ lyldF(y) =1 + I < 00

oo

then Ey exists and is finite. In this case it is common to say that the mean Ey is “well-defined”.
More generally, y has a finite ’th moment if

Ely|" < cc. (2.59)

By Liapunov’s Inequality (B.20), (2.59) implies E |y|® < oo for all s < r. Thus, for example, if the
fourth moment is finite then the first, second and third moments are also finite.

It is common in econometric theory to assume that the variables, or certain transformations of
the variables, have finite moments of a certain order. How should we interpret this assumption?
How restrictive is it?

One way to visualize the importance is to consider the class of Pareto densities given by

fy)=ay®t  y>L1

The parameter a of the Pareto distribution indexes the rate of decay of the tail of the density.
Larger a means that the tail declines to zero more quickly. See Figure 2.11 below where we show
the Pareto density for a = 1 and a = 2. The parameter a also determines which moments are finite.
We can calculate that

a7y oy = 2 if r<a

Ely|" =

o0 if r>a.

This shows that if y is Pareto distributed with parameter a, then the r’th moment of y is finite if
and only if r < a. Higher a means higher finite moments. Equivalently, the faster the tail of the
density declines to zero, the more moments are finite.

This connection between tail decay and finite moments is not limited to the Pareto distribution.
We can make a similar analysis using a tail bound. Suppose that y has density f(y) which satisfies
the bound f(y) < Aly|~*"" for some A < oo and a > 0. Since f(y) is bounded below a scale of a
Pareto density, its tail behavior is similarly bounded. This means that for r < a

[e'¢) 1 [e'¢) 24
Bl = [ bl st < [ sedy+ea [Cyay < 2 <o

—00
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Figure 2.11: Pareto Densities, a =1 and a = 2

Thus if the tail of the density declines at the rate ]y\_a_l or faster, then y has finite moments up
to (but not including) a. Broadly speaking, the restriction that y has a finite 7’th moment means
that the tail of y’s density declines to zero faster than y~"~!. The faster decline of the tail means
that the probability of observing an extreme value of y is a more rare event.

We complete this section by adding an alternative representation of expectation in terms of the
distribution function.

Theorem 2.31.1 For any non-negative random variable y

Ey—/ Pr(y > u)du
0

Proof of Theorem 2.31.1: Let F*(z) = Pr(y > x) = 1 — F(x), where F(z) is the distribution
function. By integration by parts

By= [ vr) = [y ) =~ b ) + [

as stated. |

o0

F*(y)dy = /OOOPr (y > u)du

2.32 Existence and Uniqueness of the Conditional Expectation™®

In Sections 2.3 and 2.6 we defined the conditional mean when the conditioning variables x are
discrete and when the variables (y, ) have a joint density. We have explored these cases because
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these are the situations where the conditional mean is easiest to describe and understand. However,
the conditional mean exists quite generally without appealing to the properties of either discrete
or continuous random variables.

To justify this claim we now present a deep result from probability theory. What is says is that
the conditional mean exists for all joint distributions (y, ) for which y has a finite mean.

Theorem 2.32.1 FExistence of the Conditional Mean
IfEly| < oo then there exists a function m(x) such that for all measurable
sets X

E(l(xeX)y)=E(1l(x e X)m(x)). (2.60)

The function m(x) is almost everywhere unique, in the sense that if h(x)
satisfies (2.60), then there is a set S such that Pr(S) =1 and m(z) = h(x)
for ¢ € S. The function m(x) is called the conditional mean and is
written m(z) =E(y | x).

See, for example, Ash (1972), Theorem 6.3.3.

The conditional mean m(x) defined by (2.60) specializes to (2.7) when (y, ) have a joint density.
The usefulness of definition (2.60) is that Theorem 2.32.1 shows that the conditional mean m(x)
exists for all finite-mean distributions. This definition allows y to be discrete or continuous, for x to
be scalar or vector-valued, and for the components of & to be discrete or continuously distributed.

2.33 Identification*

A critical and important issue in structural econometric modeling is identification, meaning that
a parameter is uniquely determined by the distribution of the observed variables. It is relatively
straightforward in the context of the unconditional and conditional mean, but it is worthwhile to
introduce and explore the concept at this point for clarity.

Let F' denote the distribution of the observed data, for example the distribution of the pair
(y,x). Let F be a collection of distributions F. Let 6 be a parameter of interest (for example, the
mean Ey).

Definition 2.33.1 A parameter 6 € R is identified on F if for oll F' € F,
there is a uniquely determined value of 0.

Equivalently, 6 is identified if we can write it as a mapping 6 = g(F') on the set F. The restriction
to the set F is important. Most parameters are identified only on a strict subset of the space of all
distributions.

Take, for example, the mean p = Ey. It is uniquely determined if E|y| < oo, so it is clear that
w is identified for the set F = {F [yl dF(y) < oo}. However, (1 is also well defined when it is
either positive or negative infinity. Hence, defining I; and I3 as in (2.57) and (2.58), we can deduce
that p is identified on the set F = {F : {I; < oo} U {lz < c0}}.

Next, consider the conditional mean. Theorem 2.32.1 demonstrates that E|y| < oo is a sufficient
condition for identification.



CHAPTER 2. CONDITIONAL EXPECTATION AND PROJECTION 51

Theorem 2.33.1 Identification of the Conditional Mean
If Ely| < oo, the conditional mean m(x) = E(y | ) is identified almost
everywhere.

It might seem as if identification is a general property for parameters, so long as we exclude
degenerate cases. This is true for moments of observed data, but not necessarily for more compli-
cated models. As a case in point, consider the context of censoring. Let y be a random variable
with distribution F. Instead of observing y, we observe y* defined by the censoring rule

= Y ify<r
T ify>r

That is, y* is capped at the value 7. A common example is income surveys, where income responses
are “top-coded”, meaning that incomes above the top code 7 are recorded as equalling the top
code. The observed variable y* has distribution

s | F(u) foru <
F(u)—{ 1 for u > 7.

We are interested in features of the distribution F' not the censored distribution F*. For example,
we are interested in the mean wage p = E (y). The difficulty is that we cannot calculate p from
F* except in the trivial case where there is no censoring Pr(y > 7) = 0. Thus the mean p is not
generically identified from the censored distribution.

A typical solution to the identification problem is to assume a parametric distribution. For
example, let F be the set of normal distributions y ~ N(u,0?). It is possible to show that the
parameters (u, 02) are identified for all F' € F. That is, if we know that the uncensored distribution
is normal, we can uniquely determine the parameters from the censored distribution. This is often
called parametric identification as identification is restricted to a parametric class of distribu-
tions. In modern econometrics this is generally viewed as a second-best solution, as identification
has been achieved only through the use of an arbitrary and unverifiable parametric assumption.

A pessimistic conclusion might be that it is impossible to identify parameters of interest from
censored data without parametric assumptions. Interestingly, this pessimism is unwarranted. It
turns out that we can identify the quantiles q, of F for @ < Pr(y < 7). For example, if 20%
of the distribution is censored, we can identify all quantiles for a € (0,0.8). This is often called
nonparametric identification as the parameters are identified without restriction to a parametric
class.

What we have learned from this little exercise is that in the context of censored data, moments
can only be parametrically identified, while (non-censored) quantiles are nonparametrically identi-
fied. Part of the message is that a study of identification can help focus attention on what can be
learned from the data distributions available.

2.34 Technical Proofs*

Proof of Theorem 2.7.1: For convenience, assume that the variables have a joint density f (y, x).
Since E (y | @) is a function of the random vector x only, to calculate its expectation we integrate
with respect to the density fz (z) of @, that is

BEW| )= [ Blo) fo(@)ds.
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Substituting in (2.7) and noting that f,, (y|z) fz () = f (y, x) , we find that the above expression

equals
q /Rk </Ryfygc (y|m)dy> fo (m)dm:/Rk/Ryf(y,a:)dydm:E(y)

the unconditional mean of y. |

Proof of Theorem 2.7.2: Again assume that the variables have a joint density. It is useful to

observe that

~ fly,m, @) f (21, 22) ol
f(ylz1, z2) f (z2|21) = Fen ) f (@) = [ (y, z2|®1), (2.61)

the density of (y, x2) given x;. Here, we have abused notation and used a single symbol f to denote
the various unconditional and conditional densities to reduce notational clutter.
Note that

B(y| @1.32) = [ uf (s, dy. (2.62)

Integrating (2.62) with respect to the conditional density of x2 given @1, and applying (2.61) we
find that

EE(y|z,z) | z1) = /sz E(y | 1, x2) f (x2|T1) d22

-/ ( [ v <yra:1,a:2>dy) 1 (@alr) das

:/k /yf (Y1, 2) f (T2| 1) dydx>
R*2
/ /yf (y, x2|z1) dydexs
RF2
= E y ‘ $1
as stated. [ ]

Proof of Theorem 2.7.3:
E(g(z)y | )= /Rg(:v) Yfylz (ylz) dy = g(w)/Ryfyp; (ylz)dy =g (z)E(y | z)

This is (2.9). The assumption that E|g (z)y| < oo is required for the first equality to be well-
defined. Equation (2.10) follows by applying the Simple Law of Iterated Expectations to (2.9).
|

Proof of Theorem 2.10.2: The assumption that Ey? < oo implies that all the conditional
expectations below exist.
Set z =E(y | 1, x2). By the conditional Jensen’s inequality (B.13),

(E(z | 21))* <E (| 21) -
Taking unconditional expectations, this implies
E(E(y | 21)) <E ((B(y | 21,22))°)

Similarly,

(By)’ < B ((E(y | 21)*) <B (B 21,22))°). (2.63)
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The variables y, E(y | 1) and E(y | 1, x2) all have the same mean Ey, so the inequality (2.63)
implies that the variances are ranked monotonically:

0 <var(E(y | 1)) < var (E(y | z1,x2)) . (2.64)

Next, for u = Ey observe that

E(y—E(y|z)Ey|z)—p)=Ey-Ey|=z) Ey|z)—pn =0
so the decomposition
y—p=y—Ey|=z)+Ey|z)—n
satisfies
var (y) = var (y — E(y | )) + var (E(y | z)) . (2.65)

The monotonicity of the variances of the conditional mean (2.64) applied to the variance decom-
position (2.65) implies the reverse monotonicity of the variances of the differences, completing the
proof. |

Proof of Theorem 2.8.1. Applying Minkowski’s Inequality (B.19) to e =y — m(x),
(E ‘6‘7‘)1/7‘ = (E ’y - m(a;)‘r)l/r < (E ’y‘r)l/T + (E ’m(w)’r)l/r < 00,

where the two parts on the right-hand are finite since E |y|” < oo by assumption and E|m(z)|" < oo

by the Conditional Expectation Inequality (B.14). The fact that (E |e|r)1/r < oo implies E |e|” <
00. |

Proof of Theorem 2.18.1. For part 1, by the Expectation Inequality (B.15), (A.9) and Assump-
tion 2.18.1,
|E (z2')|| < E|za’|| =E ||| < co.
Similarly, using the Expectation Inequality (B.15), the Cauchy-Schwarz Inequality (B.17) and As-
sumption 2.18.1,
I ()| < Ellayl = (Bll2l?)” (B4?)"7? < o0,
Thus the moments E (zy) and E (zz’) are finite and well defined.
For part 2, the coefficient 3 = (E (zz')) ' E (zy) is well defined since (B (zz')) ™" exists under
Assumption 2.18.1.
Part 3 follows from Definition 2.18.1 and part 2.
For part 4, first note that
Ee’ =E (y — 2'g)”
=Ey* - 2E (yz') B+ BE (z2') B
= Ey? — 2K (ya') (E (:1::1:'))71 E (zy)
< By
< 0.
The first inequality holds because E (yz') (E (zz')) ' E (zy) is a quadratic form and therefore neces-

sarily non-negative. Second, by the Expectation Inequality (B.15), the Cauchy-Schwarz Inequality
(B.17) and Assumption 2.18.1,

1/2
I (@) < Blleel = (E[l2]*)"” (Be?) " < .

It follows that the expectation E (ze) is finite, and is zero by the calculation (2.28).
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For part 6, Applying Minkowski’s Inequality (B.19) to e =y — '3,
r\1/r

(B ly|") ”T + (B8
< (Bly")Y" + Bl 18]
< 0

IN

the final inequality by assumption. |

54
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Exercises

Exercise 2.1 Find E(E (E (y | 1, 2, x3) | 1, 22) | 1) .

Exercise 2.2 If E (y | ) = a + bz, find E (yz) as a function of moments of x.
Exercise 2.3 Prove Theorem 2.8.1.4 using the law of iterated expectations.

Exercise 2.4 Suppose that the random variables y and z only take the values 0 and 1, and have
the following joint probability distribution

y=20 Ad 2
y=1 A4 3

Find E(y | z), E(y? | z) and var (y | z) for =0 and = = 1.
Exercise 2.5 Show that o?(x) is the best predictor of €2 given x:
(a) Write down the mean-squared error of a predictor h(z) for e2.

(b) What does it mean to be predicting e2?

(c) Show that o?(z) minimizes the mean-squared error and is thus the best predictor.
Exercise 2.6 Use y = m(x) + e to show that
var (y) = var (m(z)) + o>

Exercise 2.7 Show that the conditional variance can be written as

oX(z) =E ()’ |z) — (E(y| z))*.

Exercise 2.8 Suppose that y is discrete-valued, taking values only on the non-negative integers,
and the conditional distribution of y given x is Poisson:

exp (—2'B) (z'8)’
j!

Pry=j|=)= , i=0,1,2,..

Compute E(y | ) and var (y | ). Does this justify a linear regression model of the form y =
'3 +e? _
Hint: If Pr(y =j) = ﬂfﬁ, then Ey = X\ and var(y) = A.

Exercise 2.9 Suppose you have two regressors: x; is binary (takes values 0 and 1) and zy is
categorical with 3 categories (4, B,C). Write E (y | 1,x2) as a linear regression.

Exercise 2.10 True or False. If y =2+ ¢, x € R, and E (e | ) =0, then E (3726) =0.
Exercise 2.11 True or False. If y = 28 + ¢, z € R, and E (ze) = 0, then E (z%¢) = 0.
Exercise 2.12 True or False. If y = 2’3 + e and E (e | ) = 0, then e is independent of z.

Exercise 2.13 True or False. If y = '8 + ¢ and E(ze) = 0, then E (e | ) = 0.
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Exercise 2.14 True or False. If y = @/B+e¢, E(e|x) =0, and E (e? | ) = 02, a constant, then
e is independent of .

Exercise 2.15 Consider the intercept-only model y = « 4 e defined as the best linear predictor.
Show that o = E(y).

Exercise 2.16 Let z and y have the joint density f (z,y) = % (> +9y*)on0<2<1,0<y <1
Compute the coefficients of the best linear predictor y = a+ S +e. Compute the conditional mean
m(x) =E(y | ). Are the best linear predictor and conditional mean different?

Exercise 2.17 Let = be a random variable with u = Ex and 02 = var(z). Define

slelne) =, S ).

w?—o
Show that Eg (x | m, s) = 0 if and only if m = y and s = o2.

Exercise 2.18 Suppose that

and x3 = a1 + aoxs is a linear function of xs.

(a) Show that Q. = E (za') is not invertible.

(b) Use a linear transformation of « to find an expression for the best linear predictor of y given
x. (Be explicit, do not just use the generalized inverse formula.)

Exercise 2.19 Show (2.46)-(2.47), namely that for

d(B) =E (m(z) — m’ﬁ)2
then

B = argmind(8)
BERk

= (E (za)) ' E (zm(z))
= (E(za)) "E(2y).

Hint: To show E (zm(x)) = E (xy) use the law of iterated expectations.

Exercise 2.20 Verify that (2.60) holds with m(z) defined in (2.7) when (y, ) have a joint density
fly, ).



Chapter 3

The Algebra of Least Squares

3.1 Introduction

In this chapter we introduce the popular least-squares estimator. Most of the discussion will be
algebraic, with questions of distribution and inference defered to later chapters.

3.2 Random Samples

In Section 2.18 we derived and discussed the best linear predictor of y given x for a pair of
random variables (y, ) € Rx R*, and called this the linear projection model. We are now interested
in estimating the parameters of this model, in particular the projection coefficient

B=(E(zz) " E(zy).

We can estimate 3 from observational data which includes joint measurements on the variables
(y,x). For example, supposing we are interested in estimating a wage equation, we would use
a dataset with observations on wages (or weekly earnings), education, experience (or age), and
demographic characteristics (gender, race, location). One possible dataset is the Current Popula-
tion Survey (CPS), a survey of U.S. households which includes questions on employment, income,
education, and demographic characteristics.

Notationally we wish to emphasize when we are discussing observations. Typically in econo-
metrics we denote observations by appending a subscript ¢ which runs from 1 to n, thus the it*
observation is (y;, «;), and n denotes the sample size. The dataset is then {(y;, z;); i = 1,...,n}.

From the viewpoint of empirical analysis, a dataset is a array of numbers often organized as a
table, where the columns of the table correspond to distinct variables and the rows correspond to
distinct observations. For empirical analysis, the dataset and observations are fixed in the sense that
they are numbers presented to the researcher. For statistical analysis we need to view the dataset
as random, or more precisely as a realization of a random process. For cross-sectional studies,
the most common approach is to treat the individual observations as independent draws from an
underlying population F. When the observations are realizations of independent and identically
distributed random variables, we say that the data is a random sample.

Assumption 3.2.1 The observations {(y1,@1), ..., (Yi, i)y ..oy (Yn, Tn)} are a
random sample.

With a random sample, the ordering of the data is irrelevant. There is nothing special about any
specific observation or ordering. You can permute the order of the observations and no information
is gained or lost.

57
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As most economic data sets are not literally the result of a random experiment, the random
sampling framework is best viewed as an approximation rather than being literally true.

The linear projection model applies to the random observations (y;, ;). This means that the
probability model for the observations is the same as that described in Section 2.18. We can write
the model as

yi = ;8 + e (3.1)
where the linear projection coefficient 3 is defined as
B = argmin S(3), (3.2)
BERK

the minimizer of the expected squared error
2
S(B) =E (yi — z8)", (3.3)

and has the explicit solution .
B = (E(ziz;)) E(ziy:). (3.4)

3.3 Sample Means
Consider the intercept-only model

Yi=p+e

In this case the regression parameter is the unconditional mean pu = E(y;).
The standard estimator of a population mean is the sample mean, namely

1 n
ﬁ = E Zyz
i=1

The sample mean is the empirical analog of the population mean, and is the conventional estimator
in the lack of other information about u or the distribution of y. We call iz the moment estimator
for p.

Indeed, whenever we have a parameter which can be written as the expectation of a function of
random variables, a natural estimator of the parameter is the moment estimator, which is the sample
mean of the corresponding function of the observations. For example, for us = E(y?) the moment

1 : L~
estimator is fiz = — > ; yZ, and for 6 = E(y1;42;) the moment estimator is = = 3" | y1;v2;.
n n

3.4 Least Squares Estimator

The linear projection coefficient 3 is defined in (3.2) as the minimizer of the expected squared
error S(B) defined in (3.3). For given 3, the expected squared error is the expectation of the
squared error (y; — :B;,@)2 . The moment estimator of S(3) is the sample average:

1 <& 2
Su(B) == (vi — =) (3.5)

n
i=1

1

where
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Figure 3.1: Sum-of-Squared Errors Function

is called the sum-of-squared-errors function.

Since S, (3) is a sample average, we can interpret it as an estimator of the expected squared
error S(3). Examining S,(3) as a function of 3 therefore is informative about how S(3) varies
with 3. The projection coefficient coeffient minimizes S(/3), an analog estimator minimizes (3.5):

B = argmin Sn(B).
BERF

Alternatively, as S, () is a scale multiple of SSE,(8), we may equivalently define B as the min-
imizer of SSE,(3). Hence B is commonly called the least-squares (LS) (or ordinary least
squares (OLS)) estimator of 3. Here, as is common in econometrics, we put a hat “~” over the
parameter 3 to indicate that 3 is a sample estimate of 3. This is a helpful convention, as just by
seeing the symbol B we can immediately interpret it as an estimator (because of the hat), and as an
estimator of a parameter labelled 3. Sometimes when we want to be explicit about the estimation
method, we will write B, to signify that it is the OLS estimator. It is also common to see the
notation 3,,, where the subscript “n” indicates that the estimator depends on the sample size n.

It is important to understand the distinction between population parameters such as 8 and
sample estimates such as ,B.AThe population parameter 3 is a non-random feature of the population
while the sample estimate B is a random feature of a random sample. 3 is fixed, while 3 varies
across samples.

To visualize the quadratic function S, (8), Figure 3.1 displays an example sum-of-squared er-
rors function SSE,(3) for the case k = 2. The least-squares estimator 8 is the the pair (51, 52)
minimizing this function.

3.5 Solving for Least Squares with One Regressor

For simplicity, we start by considering the case k = 1 so that the coefficient 3 is a scalar. Then
the sum of squared errors is a simple quadratic
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n

SSE,( Z — z;8)?

=1

(2 1) (S o (55

The OLS estimator B minimizes this function. From elementary algebra we know that the minimizer
of the quadratic function a — 2bx + cz? is x = b/c. Thus the minimizer of SSE,(3) is

3= %;f’gz (3.6)

The intercept-only model is the special case x; = 1. In this case we find

2 Zn—1 ly; 1 « _

b= —5==) ¥%=7 (3.7)
Y12 on Z_Zl

the sample mean of y;. Here, as is common, we put a bar over ¥y to indicate that the quantity

is a sample mean. This calculation shows that the OLS estimator in the intercept-only model is

the sample mean.

“—

3.6 Solving for Least Squares with Multiple Regressors

‘We now con&gder the case with £ > 1 so that the coefficient 3 is a vector.
To solve for 3, expand the SSE function to find

SSE.(B) =Y v} —20Y wwi+ 8 wixiB.
=1 =1 =1

This is a quadratic expression in the vector argument 3 . The first-order-condition for minimization

of SSE,(B) is

0

We have written this using a single expression, but it is actually a system of k equations with k
unknowns (the elements of 3).

The solution for B may be found by solving the system of k equations in (3.8). We can write
this solution compactly using matrix algebra. Inverting the k x k matrix ;" ; z;z; we find an
explicit formula for the least-squares estimator

n -1 n
i=1 =1

This is the natural estimator of the best linear projection coefficient 3 defined in (3.2), and can
also be called the linear projection estimator.
We see that (3.9) simplifies to the expression (3.6) when k = 1. The expression (3.9) is a nota-
tionally simple generalization but requires a careful attention to vector and matrix manipulations.
Alternatively, equation (3.4) writes the projection coefficient 3 as an explicit function of the
population moments Q,, and Q,,. Their moment estimators are the sample moments

n
Q=0

Ty n 4 iYi
=1
n

Qo= Yo

=— TiT;.

T n 4 [ad)
=1
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The moment estimator of 3 replaces the population moments in (3.4) with the sample moments:

which is identical with (3.9).

Least Squares Estimation

Definition 3.6.1 The least-squares estimator [Ai 18

B = argmin S,, (B)
BERF

where

Adrien-Marie Legendre

The method of least-squares was first published in 1805 by the French math-
ematician Adrien-Marie Legendre (1752-1833). Legendre proposed least-
squares as a solution to the algebraic problem of solving a system of equa-
tions when the number of equations exceeded the number of unknowns. This
was a vexing and common problem in astronomical measurement. As viewed
by Legendre, (3.1) is a set of n equations with £ unknowns. As the equations
cannot be solved exactly, Legendre’s goal was to select 3 to make the set of
errors as small as possible. He proposed the sum of squared error criterion,
and derived the algebraic solution presented above. As he noted, the first-
order conditions (3.8) is a system of k equations with & unknowns, which
can be solved by “ordinary” methods. Hence the method became known
as Ordinary Least Squares and to this day we still use the abbreviation
OLS to refer to Legendre’s estimation method.
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3.7 Illustration

We illustrate the least-squares estimator in practice with the data set used to generate the
estimates from Chapter 2. This is the March 2009 Current Population Survey, which has extensive
information on the U.S. population. This data set is described in more detail in Section 3.19. For
this illustration, we use the sub-sample of married (spouse present) black female wages earners with
12 years potential work experience. This sub-sample has 20 observations. Let y; be log wages and
x; be years of education and an intercept. Then

im. [ 995.86
W=\ 6264 )0

=1
iw‘wl‘_ 5010 314
T s 20 )
and
n -1
Swal) = 0.0125 —0.196
) T\ ~0196 3124
Thus

B_ 0.0125 —0.196 995.86
~\ —0.196 3.124 62.64

0.155
N ( 0.698 > ' (3.10)
We often write the estimated equation using the format

L —

log(Wage) = 0.155 education + 0.698. (3.11)

An interpretation of the estimated equation is that each year of education is associated with an
16% increase in mean wages.

Equation (3.11) is called a bivariate regression as there are only two variables. A multivari-
ate regression has two or more regressors, and allows a more detailed investigation. Let’s take
an example similar to (3.11) but include all levels of experience. This time, we use the sub-sample
of single (never married) asian men, which has 268 observations. Including as regressors years
of potential work experience (experience) and its square (experience?/100) (we divide by 100 to
simplify reporting), we obtain the estimates

logme) = 0.143 education + 0.036 experience — 0.071 experience? /100 + 0.575. (3.12)
These estimates suggest a 14% increase in mean wages per year of education, holding experience
constant.

3.8 Least Squares Residuals

As a by-product of estimation, we define the fitted value

~

9 = z;3

and the residual
&=y — Ui =y — ;. (3.13)
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Sometimes g; is called the predicted value, but this is a misleading label. The fitted value g; is a
function of the entire sample, including y;, and thus cannot be interpreted as a valid prediction of
y;. It is thus more accurate to describe ¢; as a fitted rather than a predicted value.
Note that y; = 9; + €; and R
vi = T, + é;. (3.14)

We make a distinction between the error e¢; and the residual é;. The error e; is unobservable while
the residual é; is a by-product of estimation. These two variables are frequently mislabeled, which
can cause confusion.

Equation (3.8) implies that

> wiéi = 0. (3.15)
=1

To see this by a direct calculation, using (3.13) and (3.9),

n

n
S witi = (yz - iB;B)
i=1

=1

n n
s
= g Ty — E z;z;3
i=1 i=1
n n n -1 n
/ /
:E wiyz-—E T, E Tix; E T;Yi
i=1 i=1 i=1 i=1
n n
= § LilYi — E LiYi
i=1 i=1

=0.

When z; contains a constant, an implication of (3.15) is

1§:A 0 (3.16)
—» ¢ =0. .

n "

Thus the residuals have a sample mean of zero and the sample correlation between the regressors
and the residual is zero. These are algebraic results, and hold true for all linear regression estimates.

3.9 Model in Matrix Notation

For many purposes, including computation, it is convenient to write the model and statistics in
matrix notation. The linear equation (2.26) is a system of n equations, one for each observation.
We can stack these n equations together as

y=z18+el
Y2 = x50 + €2
Yn = "B%B + en.
Now define
Y1 T €1
/
Y2 T (D)
y= ; X = 2. e=

y’I’L mn en
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Observe that y and e are n x 1 vectors, and X is an n X k matrix. Then the system of n equations
can be compactly written in the single equation

y=XpB+e (3.17)

Sample sums can be written in matrix notation. For example
n
/ !/
E iz, =X'X
i=1

n
> iy =X'y.
i=1
Therefore the least-squares estimator can be written as
o~ -1
B=(X'X)" (X'y). (3.18)
The matrix version of (3.14) and estimated version of (3.17) is
y=XpB+eé,

or equivalently the residual vector is R
=y— Xg0.

Using the residual vector, we can write (3.15) as

o

X'e=0. (3.20)

Using matrix notation we have simple expressions for most estimators. This is particularly
convenient for computer programming, as most languages allow matrix notation and manipulation.

Important Matrix Expressions

y=XpB+e

B=(X'X)" (X'y)

e=y—Xp
X'e=0.

Early Use of Matrices

The earliest known treatment of the use of matrix methods
to solve simultaneous systems is found in Chapter 8 of the
Chinese text The Nine Chapters on the Mathematical Art,
written by several generations of scholars from the 10th to
2nd century BCE.
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3.10 Projection Matrix

Define the matrix
P=X (X'X)' X"

Observe that
PX =X (X'X) X'X = X.

This is a property of a projection matrix. More generally, for any matrix Z which can be written
as Z = XT for some matrix I' (we say that Z lies in the range space of X)), then

PZ=PXT'=X (X'X)f1 X'XIr=Xr==2.
As an important example, if we partition the matrix X into two matrices X7 and X so that
X =[X; X4,

then PX; = X 1. (See Exercise 3.7.)
The matrix P is symmetric and idempotent!. To see that it is symmetric,

P = (X X'X)*IX’)/

(
- (x') (%)) (x
(

To establish that it is idempotent, the fact that PX = X implies that

PP =PX (X'X) ' X’
- X (x'x)'x’
=P.
The matrix P has the property that it creates the fitted values in a least-squares regression:
Py=X (X'X) ' X'y=XB=9.

Because of this property, P is also known as the “hat matrix”.
A special example of a projection matrix occurs when X = 1 is an n-vector of ones. Then

P =1(11)""1
1
=-11".
n
Note that

Piy=1(11)""1y

creates an n-vector whose elements are the sample mean g of ;.

LA matrix P is symmetric if P’ = P. A matrix P is idempotent if PP = P. See Appendix A.8.
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The #’th diagonal element of P = X (X'X) ™' X' is

hii = .'13; (X/X)_l €I; (3.21)

which is called the leverage of the i’th observation.
Some useful properties of the the matrix P and the leverage values h;; are now summarized.

Theorem 3.10.1 .
> hi=trP =k (3.22)
i=1

and
0<h; <L (3.23)

To show (3.22),

trP =t (X (X'X) 7' X')

tr (X'X) " X'X)
tr (Iy,)
k.

See Appendix A.4 for definition and properties of the trace operator. The proof of (3.23) is defered
to Section 3.21.
3.11 Orthogonal Projection

Define

M=1,-P

—I,- X (X'X)"}

X/
where I, is the n X n identity matrix. Note that
MX=(I,-P)X=X-PX=X-X=0.

Thus M and X are orthogonal. We call M an orthogonal projection matrix or an annihilator
matrix due to the property that for any matrix Z in the range space of X then

MZ=7—-PZ =0.

For example, M X1 = 0 for any subcomponent X ; of X, and M P = 0 (see Exercise 3.7).
The orthogonal projection matrix M has many similar properties with P, including that M is
symmetric (M’ = M) and idempotent (M M = M). Similarly to (3.22) we can calculate

trM =n—k. (3.24)
(See Exercise 3.9.) While P creates fitted values, M creates least-squares residuals:

My=y—Py=y—XB="=q. (3.25)
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As discussed in the previous section, a special example of a projection matrix occurs when X =1
is an n-vector of ones, so that Py = 1(1/1) " 1’. Similarly, set

M,=1,-P;
=I,-1(11)"'1.
While P; creates a vector of sample means, M| creates demeaned values:
Miyy=y—1y.

For simplicity we will often write the right-hand-side as y — . The i’th element is y; — ¥, the
demeaned value of y;.

We can also use (3.25) to write an alternative expression for the residual vector. Substituting
y=XpB+ einto &€= My and using M X = 0 we find

ée=My=M (XB+e) =DMe (3.26)

which is free of dependence on the regression coefficient 3.

3.12 Estimation of Error Variance

The error variance o2 = Eeiz is a moment, so a natural estimator is a moment estimator. If e;
were observed we would estimate o2 by

1 n

~2 2

= — . .2
o - ;_1 e; (3 7)

However, this is infeasible as e; is not observed. In this case it is common to take a two-step
approach to estimation. The residuals é; are calculated in the first step, and then we substitute é;
for e; in expression (3.27) to obtain the feasible estimator

S (3.28)

=1

5_2

SE R

In matrix notation, we can write (3.27) and (3.28) as

72=n"tee
and
62 =n"1tee (3.29)
Recall the expressions € = My = M e from (3.25) and (3.26). Applied to (3.29) we find
6?=n"'ée
=n "ty MMy
=n"'y'My
=nleMe
the third equality since MM = M.
An interesting implication is that
52—6*=n"tede—nteMe
=n"1lePe
> 0.

The final inequality holds because P is positive semi-definite and € Pe is a quadratic form. This
shows that the feasible estimator 6% is numerically smaller than the idealized estimator (3.27).



CHAPTER 3. THE ALGEBRA OF LEAST SQUARES 68

3.13 Analysis of Variance
Another way of writing (3.25) is
y=Py+ My=9g+eé (3.30)

This decomposition is orthogonal, that is

It follows that

Yy = §9+20e+ e gy e
or
n n n
vi= Ui+ &
=1 =1 =1

This decomposition is also orthogonal when X contains a constant, as

under (3.16). It follows that
(y—19)' (y—1y) = (§ - 1y)' (§— 1y) + &'e

or
n

n n
\2 L2 .
Dwi—u’=> @i-u’+) &
i=1 i=1 i=1
This is commonly called the analysis-of-variance formula for least squares regression.

A commonly reported statistic is the coefficient of determination or R-squared:

~ —\2 N
R — i Wi —y)” 1 D16

iy (v = 9)? iy (vi — 9)°
It is often described as the fraction of the sample variance of y; which is explained by the least-
squares fit. R? is a crude measure of regression fit. We have better measures of fit, but these require
a statistical (not just algebraic) analysis and we will return to these issues later. One deficiency
with R? is that it increases when regressors are added to a regression (see Exercise 3.16) so the
“fit” can be always increased by increasing the number of regressors.

3.14 Regression Components

Partition
X =[X; X3

~(5):

Then the regression model can be rewritten as

and

y=X10, + X208, + e (3.31)
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The OLS estimator of 8 = (3},35)" is obtained by regression of y on X = [X; X 3] and can be

written as

y:XB‘i‘é:XlBl‘i‘XQBQ‘Fé

We are interested in algebraic expressions for 3; and 3,.

(3.32)

The algebra for the estimator is identical as that for the population coefficients as presented in

Section 2.21.
Partition Q,, and Q,, as

I Lo, o 1o,
R Qn Q2 EXle ﬁXlX?
= o o |7 1 1
Qo Qo EX’2X1 EX’QXQ
and similarly Q,,
. 1
Qly EXlly
Qy EXQ?J
By the partitioned matrix inversion formula (A.4)
~ o~ 1 11 ~12 ~—1 P
_— Qi Qo def Q Q Q1.2 —Q11.2Q12Q0
Qu = ~ ~ - 21 22 - 1 1 1
Qy Qo Q Q — Q92,1 Q21 Q14 Q2.1
~ ~ ~ a1~ ~ ~ ~ A1~
where Q1.9 = Q11 — Q12Q22 Q21 and Qg = Qo — Qa1 Q11 Q-
Thus
B = B
B2
~—1 ~—1 ~ ~-1 ~
_ [ ?11-2 . —Q11-2Ql12Q22 ] [ Qy, ]
— Q931 Q21 Q14 Q221 Qy
~—1 ~
_ ( Q111-2Q1y~2 )
Q22.1 Q241
Now
~ ~ ~ A1~
Q12 = Q11 — Q12Q2 Qyy
1 1 1 1
- Lxix, - ixix, <gxgx2> Lxyx,
1
= ~X|M:X,
where

-1
M;=1I,—-X,(X5Xs) X}
~ 1
is the orthogonal projection matrix for Xo. Similarly Qgy.; = —X5M X2 where
n

M, =1,-X,(X/X,) "X}

(3.33)
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is the orthogonal projection matrix for X ;. Also

~ ~ ~ A1~
Qly-2 = Qly - Q12 Q22 Q2y

1 1 1 11
= 5X,1y - EX3X2 (EX§X2> EXlzy
1
~ 1,
and @y, = — XMy,
Therefore N .
and R .
Bs = (X'2M1X2)7 (X'QMly) . (3.35)

These are algebraic expressions for the sub-coefficient estimates from (3.32).

3.15 Residual Regression

As first recognized by Frisch and Waugh (1933), expressions (3.34) and (3.35) can be used to
show that the least-squares estimators 8, and 85 can be found by a two-step regression procedure.
Take (3.35). Since M is idempotent, M1 = M 1M and thus

By = (X4M;X5) ! (XM 1y)
= (X,M 1M1 X5) ! (X4M 1M y)
~~ \ —1 /~—
- (%) (%)

where -
Xo=M;1X>

and
él = Mly.

Thus the coefficient estimate B2 is algebraically equal to the least-squares regression of €; on
552. Notice that these two are y and X, respectively, premultiplied by M ;. But we know that
multiplication by M is equivalent to creating least-squares residuals. Therefore €; is simply the
least-squares residual from a regression of y on X1, and the columns of X9 are the least-squares
residuals from the regressions of the columns of X5 on X 7.

We have proven the following theorem.

Theorem 3.15.1 Frisch- Waugh-Lovell

In the model (3.31), the OLS estimator of By and the OLS residuals &
may be equivalently computed by either the OLS regression (3.82) or via
the following algorithm.:

1. Regress y on X1, obtain residuals €y;
2. Regress Xo on X1, obtain residuals /)\(/2;

3. Regress €1 on ig, obtain OLS estimates Bz and residuals é.
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In some contexts, the FWL theorem can be used to speed computation, but in most cases there
is little computational advantage to using the two-step algorithm.

This result is a direct analogy of the coefficient representation obtained in Section 2.22. The
result obtained in that section concerned the population projection coefficients, the result obtained
here concern the least-squares estimates. The key message is the same. In the least-squares
regression (3.32), the estimated coefficient 35 numerically equals the regression of y on the regressors
X2, only after the regressors X1 have been linearly projected out. Similarly, the coefficient estimate
B, numerically equals the regression of y on the regressors X, after the regressors Xo have been
linearly projected out. This result can be very insightful when intrepreting regression coefficients.

A common application of the FWL theorem, which you may have seen in an introductory
econometrics course, is the demeaning formula for regression. Partition X = [X; X3] where
X1 =1 is a vector of ones and X5 is a matrix of observed regressors. In this case,

M;=1I,-1(11)""1.
Observe that . o
X2 :M1X2 :XQ _X2
and
y=Miy=y-7y
are the “demeaned” variables. The FWL theorem says that Bz is the OLS estimate from a regression
ofyl- —yOH To; — T2 :

By = (Z(fﬂzi — T2) (2 —52)’> <Z(’£2i —T3) (vi —U)> :

i=1 =1

Thus the OLS estimator for the slope coefficients is a regression with demeaned data.

Ragnar Frisch
Ragnar Frisch (1895-1973) was co-winner with Jan Tinbergen of the first
Nobel Memorial Prize in Economic Sciences in 1969 for their work in devel-
oping and applying dynamic models for the analysis of economic problems.
Frisch made a number of foundational contributions to modern economics
beyond the Frisch-Waugh-Lovell Theorem, including formalizing consumer
theory, production theory, and business cycle theory.

3.16 Prediction Errors

The least-squares residual é; are not true prediction errors, as they are constructed based on
the full sample including ;. A proper prediction for y; should be based on estimates constructed
using only the other observations. We can do this by defining the leave-one-out OLS estimator
of 3 as that obtained from the sample of n — 1 observations ezxcluding the ¢’th observation:

-1
_ 1 1
By == = e DI
J#i J#i
—1
= (XX o)) XCoyi (3.36)
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Here, X ;) and y_; are the data matrices omitting the ¢’th row. The leave-one-out predicted
value for y; is R

gi = w;ﬁ(—zﬁ
and the leave-one-out residual or prediction error or prediction residual is

€ = Yi — Yi-
A convenient alternative expression for B(_i) (derived in Section 3.21) is

~

Bry=B—(1—hy) " (X'X) " e (3.37)

where hj; are the leverage values as defined in (3.21).
Using (3.37) we can simplify the expression for the prediction error:

€ =Yi — fB;BH)
=y — B+ (1—hy) 2l (X'X) 7 ae
=& + (1 — hii) " hiié
= (1—ha) & (3.38)

To write this in vector notation, define

M* = (I,, — diag{h11, .., hun}) "
= diag{(1 — h11)" ", .., (1 — hn) 1 (3.39)

Then (3.38) is equivalent to
e= M"e. (3.40)

A convenient feature of this expression is that it shows that computation of the full vector of
prediction errors e is based on a simple linear operation, and does not really require n separate
estimations.

One use of the prediction errors is to estimate the out-of-sample mean squared error

1 n
5% = ~ g
i=1
_ 1 - h —2 A2
== > (1 —hi) e (3.41)
=1

This is also known as the sample mean squared prediction error. Its square root & = V52 is
the prediction standard error.

3.17 Influential Observations

Another use of the leave-one-out estimator is to investigate the impact of influential obser-
vations, sometimes called outliers. We say that observation ¢ is influential if its omission from
the sample induces a substantial change in a parameter estimate of interest.

For illustration, consider Figure 3.2 which shows a scatter plot of random variables (y;,z;).
The 25 observations shown with the open circles are generated by x; ~ U[1,10] and y; ~ N(z;,4).
The 26" observation shown with the filled circle is zog = 9, y26 = O. (Imagine that yo¢ = 0 was
incorrectly recorded due to a mistaken key entry.) The Figure shows both the least-squares fitted
line from the full sample and that obtained after deletion of the 26" observation from the sample.
In this example we can see how the 26" observation (the “outlier”) greatly tilts the least-squares
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o
S o

leave—-one-out OLS

Figure 3.2: Impact of an influential observation on the least-squares estimator

fitted line towards the 26! observation. In fact, the slope coefficient decreases from 0.97 (which
is close to the true value of 1.00) to 0.56, which is substantially reduced. Neither yog nor xgg are
unusual values relative to their marginal distributions, so this outlier would not have been detected
from examination of the marginal distributions of the data. The change in the slope coefficient of
—0.41 is meaningful and should raise concern to an applied economist.

From (3.37)-(3.38) we know that

B - B(—z) = (1 — hii)_l (X’X)il :Dz'éz‘
(X'X) " mid. (3.42)

By direct calculation of this quantity for each observation ¢, we can directly discover if a specific
observation ¢ is influential for a coefficient estimate of interest.

For a general assessment, we can focus on the predicted values. The difference between the
full-sample and leave-one-out predicted values is

Gi — i = =B — iBQBH)
— o} (X'X) " @ié

= hiié;

which is a simple function of the leverage values h;; and prediction errors é;. Observation ¢ is
influential for the predicted value if |h;;é;| is large, which requires that both h;; and |&;| are large.
One way to think about this is that a large leverage value h;; gives the potential for observation
1 to be influential. A large h;; means that observation ¢ is unusual in the sense that the regressor x;
is far from its sample mean. We call an observation with large h;; a leverage point. A leverage
point is not necessarily influential as the latter also requires that the prediction error €; is large.
To determine if any individual observations are influential in this sense, several diagnostics have
been proposed (some names include DFITS, Cook’s Distance, and Welsch Distance). Unfortunately,
from a statistical perspective it is difficult to recommend these diagnostics for applications as they
are not based on statistical theory. Probably the most relevant measure is the change in the
coefficient estimates given in (3.42). The ratio of these changes to the coefficient’s standard error
is called its DFBETA, and is a postestimation diagnostic available in STATA. While there is no
magic threshold, the concern is whether or not an individual observation meaningfully changes an
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estimated coefficient of interest. A simple diagnostic for influential observations is to calculate
Influence = max |§; — ¥;| = max |h;;é;].
S 19.Snlyz gil @Sn! ii€il

This is the largest (absolute) change in the predicted value due to a single observation. If this diag-
nostic is large relative to the distribution of y;, it may indicate that that observation is influential.

If an observation is determined to be influential, what should be done? As a common cause
of influential observations is data entry error, the influential observations should be examined for
evidence that the observation was mis-recorded. Perhaps the observation falls outside of permitted
ranges, or some observables are inconsistent (for example, a person is listed as having a job but
receives earnings of $0). If it is determined that an observation is incorrectly recorded, then the
observation is typically deleted from the sample. This process is often called “cleaning the data”.
The decisions made in this process involve an fair amount of individual judgement. When this is
done it is proper empirical practice to document such choices. (It is useful to keep the source data
in its original form, a revised data file after cleaning, and a record describing the revision process.
This is especially useful when revising empirical work at a later date.)

It is also possible that an observation is correctly measured, but unusual and influential. In
this case it is unclear how to proceed. Some researchers will try to alter the specification to
properly model the influential observation. Other researchers will delete the observation from the
sample. The motivation for this choice is to prevent the results from being skewed or determined
by individual observations, but this practice is viewed skeptically by many researchers who believe
it reduces the integrity of reported empirical results.

For an empirical illustration, consider the log wage regression (3.12) for single asian males.
This regression, which has 268 observations, has Influence = 0.29. This means that the most
influential observation, when deleted, changes the predicted (fitted) value of the dependent variable
log(Wage) by 0.29, or equivalently the wage by 29%. This is a meaningful change and suggests
further investigation. We examine the influential observation, and find that its leverage h;; is 0.33,
which is disturbingly large. (Rcall that the leverage values are all positive and sum to one. One
third of the leverage in this sample of 268 observations is contained in just this single observation!)
Examining further, we find that this individual is 65 years old with 8 years education, so that his
potential experience is 51 years. This is the highest experience in the subsample — the next highest
is 41 years. The large leverage is due to to his unusual characteristics (very low education and
very high experience) within this sample. Essentially, regression (3.12) is attempting to estimate
the conditional mean at experience= 51 with only one observation, so it is not surprising that this
observation determines the fit and is thus influential. A reasonable conclusion is the regression
function can only be estimated over a smaller range of experience. We restrict the sample to
individuals with less than 45 years experience, re-estimate, and obtain the following estimates.

logme) = 0.144 education + 0.043 experience — 0.095 experience? /100 + 0.531. (3.43)

For this regression, we calculate that Influence = 0.11, which is greatly reduced relative to the
regression (3.12). Comparing (3.43) with (3.12), the slope coefficient for education is essentially
unchanged, but the coefficients in experience and its square have slightly increased.

By eliminating the influential observation, equation (3.43) can be viewed as a more robust
estimate of the conditional mean for most levels of experience. Whether to report (3.12) or (3.43)
in an application is largely a matter of judgment.

3.18 Normal Regression Model

The normal regression model is the linear regression model under the restriction that the error
e; is independent of x; and has the distribution N (O, 02) . We can write this as

€; | €; NN(O,O'Q).
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This assumption implies
Y; | i~ N ($;,3,0’2) .
Normal regression is a parametric model, where likelihood methods can be used for estimation,

testing, and distribution theory.
The log-likelihood function for the normal regression model is

1
log L (B, o Zlog( 2702) 12 °© p( % 53 (Ui — iB) >>
1
__ _ - 2y -
=-3 log (2m) 5 log (o%) 5,7 SSE,(B). (3.44)

The maximum likelihood estimator (MLE) (Bontes 62 ,.) maximizes log L(3, o2). Since the latter
is a function of B only through the sum of squared errors SSE,(3), maximizing the likelihood is
identical to minimizing SSE,(3). Hence

IBmle = 130137

the MLE for 3 equals the OLS estimator. Due to this equivalence, the least squares estimator BOIS
is often called the MLE. R
We can also find the MLE for 2. Plugging 3 into the log-likelihood we obtain

SSEn(Bmle) )

IOgL <1/6\mle7 JQ) = _g IOg (27T) - glog (02) B 202

Maximization with respect to o2 yields the first-order condition

0 S ~2\ n 1 3 _
902 log L (Bmle,a ) = 552 + WSSEn(ﬁmle) =0

Solving for 2 yields the MLE for o2

2 _ SSE(Bue) _ 13-,
r2nle: nn — _Eze?

which is the same as the moment estimator (3.28).
Plugging the estimates into (3.44) we obtain the maximized log-likelihood

IOgL (Bmlea &r2nle> = (log (27T) + 1) -5 ].Og ( mle) . (345)

The log-likelihood (or the negative log—likelihood) is typically reported as a measure of fit.

It may seem surprising that the MLE 3, is numerically equal to the OLS estimator, despite
emerging from quite different motivations. It is not completely accidental. The least-squares
estimator minimizes a particular sample loss function — the sum of squared error criterion — and
most loss functions are equivalent to the likelihood of a specific parametric distribution, in this case
the normal regression model. In this sense it is not surprising that the least-squares estimator can
be motivated as either the minimizer of a sample loss function or as the maximizer of a likelihood
function.
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Carl Friedrich Gauss

The mathematician Carl Friedrich Gauss (1777-1855) proposed the normal
regression model, and derived the least squares estimator as the maximum
likelihood estimator for this model. He claimed to have discovered the
method in 1795 at the age of eighteen, but did not publish the result until
1809. Interest in Gauss’s approach was reinforced by Laplace’s simultane-
ous discovery of the central limit theorem, which provided a justification for
viewing random disturbances as approximately normal.

3.19 CPS Data Set

In this section we describe the data set used in the empirical illustrations.

The Current Population Survey (CPS) is a monthly survey of about 57,000 U.S. households
conducted by the Bureau of the Census of the Bureau of Labor Statistics. The CPS is the primary
source of information on the labor force characteristics of the U.S. population. The survey covers
employment, earnings, educational attainment, income, poverty, health insurance coverage, job
experience, voting and registration, computer usage, veteran status, and other variables. Details
can be found at www.census.gov/cps and dataferrett.census.gov.

From the March 2009 survey we extracted the individuals with non-allocated variables who
were full-time employed (defined as those who had worked at least 36 hours per week for at least 48
weeks the past year), and excluded those in the military. This sample has 50,742 individuals. We
extracted 14 variables from the CPS on these individuals and created the data files cpsO9mar.dta
(Stata format) and cps98mar.txt (text format). The variables are:

1. age: years, capped at 85
2. female: 1 if female, O otherwise
3. hisp: 1 if Spanish, Hispanic, or Latino, 0 otherwise

4. education
0 Less than 1st grade
4 1st, 2nd, 3rd, or 4th grade
6 5th or 6th grade
8 7th or 8th grade
9 9th grade
10 10th grade
11 11th grade or 12th grade with no high school diploma
12 High school graduate, high school diploma or equivalent
13 Some college but no degree
14 Associate degree in college, including occupation/vocation programs
16 Bachelor’s degree or equivalent (BA, AB, BS)
18 Master’s degree (MA, MS MENG, MED, MSW, MBA)
20 Professional degree or Doctorate degree (MD, DDS, DVM, LLB, JD, PHD, EDD)

5. earnings: total annual wage and salary earnings
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. hours: number of hours worked per week

6

7. week: number of weeks worked per year

8. union: 1 for member of a labor union, 0 otherwise
9

. uncov: 1 if covered by a union or employee association contract, 0 otherwise

10. region
1 Northeast
2 Midwest
3 South
4 West
11. Race
1 White only
2 Black only
3 American Indian, Alaskan Native (AI) only
4 Asian only
5 Hawaiian/Pacific Islander (HP) only
6 White-Black
7 White-Al
8 White-Asian
9 White-HP
10 Black-Al
11 Black-Asian
12 Black-HP
13 Al-Asian
14 Asian-HP
15 White-Black-Al
16 White-Black-Asian
17 White-Al-Asian
18 White-Asian-HP
19 White-Black-Al-Asian
20 2 or 3 races
21 4 or 5 races

12. marital

Married - civilian spouse present

Married - Armed Forces spouse present
Married - spouse absent (except separated)
Widowed

Divorced

Separated

N S Ot e W N

Never married
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3.20 Programming

Most packages allow both interactive programming (where you enter commands one-by-one) and
batch programming (where you run a pre-written sequence of commands from a file). Interactive
programming can be useful for exploratory analysis, but eventually all work should be executed in
batch mode. This is the best way to control and document your work.

Batch programs are text files where each line executes a single command. For Stata, this file
needs to have the filename extension “.do”, and for Matlab “.m”, while for Gauss and R there are
no specific naming requirements.

To execute a program file, you type a command within the program.

Stata: do chapter3 executes the file chapter3.do

Gauss: run chapter3.prg executes the file chapters.prg

Matlab: run chapter3 executes the file chapter3.m

R: source(“chapter3.r”) executes the file chatper3.r

When writing batch files, it is useful to include comments for documentation and readability.

We illustrate programming files for Stata, Gauss, R, and Matlab, which execute a portion of
the empirical illustrations from Sections 3.7 and 3.17.

Stata do File

* Clear memory and load the data
clear

use cpsO9mar.dta

* Generate transformations

gen wage=In(earnings/(hours*week))
gen experience = age - education - 6
gen exp2 = (experience”2)/100

* Create indicator for subsamples

gen mbf = (race == 2) & (marital <= 2) & (female == 1)
gen sam = (race == 4) & (marital == 7) & (female == 0)
* Regressions

reg wage education if (mbf == 1) & (experience == 12)
reg wage education experience exp2 if sam ==

* Leverage and influence

predict leverage,hat

predict e,residual

gen d=e*leverage/(1-leverage)

summarize d if mnwf ==1
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Gauss Program File

/* Load the data and create subsamples */
load dat[50742,12]=cps09mar.txt;
experience=dat|.,1]-dat[.,4]-6;

sam=(dat[.,11].==4).*(dat[.,12].==7).*(dat][.,2]. ==
dat1=selif(dat,mbf);

dat2=selif(dat,sam);

/* First regression */
y=In(dat1][.,5]./(dat1[.,6].*dat1[.,7]));

x=dat1[.,4] “ones(rows(dat1),1);
beta=invpd(x'x)*(x’y);

beta;

/* Second regression */
y=In(dat2].,5]./(dat2[.,6].*dat2[.,7]));
experience=dat2[.,1]-dat2][.,4]-6;

exp2 = (experience.”2)/100;

x=dat2[.,4] “experience” exp2~ones(rows(dat2),1);
beta=invpd(x'x)*(x’y);

beta;

/* Create leverage and influence */

e=y-x*beta;
leverage=sumc((x.*(x*invpd(x'x)))’);
d=leverage.*e./(1-leverage);

"Influence " maxc(abs(d));

mbf=(dat].,11].==2).*(dat[.,12].<=2).*(dat[.,2].==1).*(experience.==12)
2

79
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R Program File

# Load the data and create subsamples

dat <- read.table("cpsO9mar.txt")

experience <- dat[,1]-dat[,4]-6

mbf <- (dat[,11]==2)&(dat[,12]<=2)&(dat[,2]==1)&(experience==12)
sam <- (dat[,11]==4)&(dat[,12]==7)&(dat[,2]==0)
datl <- dat[mbf,]

dat2 <- dat[sam,]

# First regression

y <- as.matrix(log(dat1[,5]/(dat1],6]*dat1[,7])))

x <- cbind(dat1[,4],matrix(1,nrow(dat1),1))

beta <- solve(t(x)%*%x,t(x)%*%y)

print(beta)

# Second regression

y <- as.matrix(log(dat2[,5]/(dat2[,6]*dat2[,7])))
experience <- dat2[,1]-dat2[,4]-6

exp2 <- (experience”~2)/100

x <- cbind(dat2[,4],experience,exp2,matrix(1,nrow(dat2),1))
beta <- solve(t(x)%*%x,t(x)%*%y)

print(beta)

# Create leverage and influence

e <- y-x%*%beta

leverage <- rowSums(x*(x%*%solve(t(x)%*%x)))

r <- e/(1-leverage)

d <- leverage*e/(1-leverage)

print(max(abs(d)))

80
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Matlab Program File

% Load the data and create subsamples

load cpsO9mar.txt;

dat=cps09mar;

experience=dat(:,1)-dat(:,4)-6;

mbf = (dat(:,11)==2)&(dat(:,12)<=2)&(dat(:,2)==1)&(experience==12)
sam = (dat(:,11)==4)&(dat(:,12)==7)&(dat(:,2)==0);
datl=dat(mbf,:);

dat2=dat(sam,:);

% First regression
y=log(dat1(:,5)./(dat1(:,6).*dat1(:,7)));
x=[dat1(:,4),ones(length(dat1),1)];
beta=inv(x"*x)*(x"*y);

display(beta);

% Second regression
y=log(dat2(:,5)./(dat2(:,6).*dat2(:,7)));
experience=dat2(:,1)-dat2(:,4)-6;

exp2 = (experience.”2)/100;
x=[dat2(:,4),experience,exp2,ones(length(dat2),1)];
beta=inv(x’*x)*(x'*y);

display(beta);

% Create leverage and influence

e=y-x*beta;

leverage=sum((x.*(x*inv(x*x)))’)’;
d=leverage.*e./(1-leverage);
influence=max(abs(d));

display (influence);
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3.21 Technical Proofs*

Proof of Theorem 3.10.1, equation (3.23): First, hy; = «} (X'X) ' 2; > 0 since it is a
quadratic form and X’X > 0. Next, since h;; is the i’th diagonal element of the projection matrix
P =X (X'X) "' X, then

hu‘ = S/P S
where
0
s = 1
0

is a unit vector with a 1 in the i’th place (and zeros elsewhere).
By the spectral decomposition of the idempotent matrix P (see equation (A.5))

_/IkO
P—B[OOB

where B'B = I,,. Thus letting b = Bs denote the i’th column of B, and partitioning ¥ = (b/l b/2)
then

the final equality since b is the i’th column of B and B’'B = I,,. We have shown that h;; < 1,
establishing (3.23). [ |

Proof of Equation (3.37). The Sherman—Morrison formula (A.3) from Appendix A.5 states that

for nonsingular A and vector b

(A—bb) ' =A 4 (1-bA D)

A b AL,

This implies

1 1

(X'X —mzl) = (X'X) 7+ (1= hy) H(X'X) i (X'X)
and thus
By~ (XX —aial) ™ (X'y — o)
(X'X) 7 X'y — (X'X) " ay;
(1—hi) " (X'X)  aya, (X'X) 7 (X y — @)
8- (X/X)_1 ziyi + (1 — hy) ™! (X/X)_l x; (iBQB - hii?ﬁ)
=B- (1—hy)~ " (X'X)il T; ((1 — hii) yi — 33;3 + hiiyi)
—B-(1-hp) Tt (xX'x)"!
the third equality making the substitutions 8 = (X'X)™" X'y and hy = @ (X'X) ™" @;, and the
remainder collecting terms. ]

+

Ti6;
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Exercises

Exercise 3.1 Let y be a random variable with y = Ey and 02 = var(y). Define

9 (y,1.0%) = <( TR )

y — p)°

Let (fi,52) be the values such that g, (i1, 62) = 0 where g,,(m,s) =n"'Y"" | g (y;,m,s). Show that
i and 62 are the sample mean and variance.

Exercise 3.2 Consider the OLS regression of the n x 1 vector y on the n x k matrix X. Consider
an alternative set of regressors Z = X C, where C is a k X k non-singular matrix. Thus, each
column of Z is a mixture of some of the columns of X. Compare the OLS estimates and residuals
from the regression of y on X to the OLS estimates from the regression of y on Z.

Exercise 3.3 Using matrix algebra, show X'é = 0.
Exercise 3.4 Let & be the OLS residual from a regression of y on X = [X; X5]. Find X5é.

Exercise 3.5 Let & be the OLS residual from a regression of y on X. Find the OLS coefficient
from a regression of é on X.

Exercise 3.6 Let § = X(X'X)"!X’y. Find the OLS coefficient from a regression of § on X.
Exercise 3.7 Show that if X = [X; X5] then PX; = X; and MX; =0.

Exercise 3.8 Show that M is idempotent: MM = M.

Exercise 3.9 Show that tr M =n — k.

Exercise 3.10 Show that if X = [X; X3] and X} X2 =0 then P = Py + Ps.

1
Exercise 3.11 Show that when X contains a constant, — Y " | §; = ¥.
n

Exercise 3.12 A dummy variable takes on only the values 0 and 1. It is used for categorical
data, such as an individual’s gender. Let d; and dy be vectors of 1’s and 0’s, with the i'th element
of dy equaling 1 and that of ds equaling 0 if the person is a man, and the reverse if the person is a
woman. Suppose that there are n; men and ny women in the sample. Consider fitting the following
three equations by OLS

y=p+dias+dazte (3.46)
y=diay +draz te (3.47)
y=u+dipg+e (3.48)

Can all three equations (3.46), (3.47), and (3.48) be estimated by OLS? Explain if not.

(a) Compare regressions (3.47) and (3.48). Is one more general than the other? Explain the
relationship between the parameters in (3.47) and (3.48).

(b) Compute ¢'dy and ¢'ds, where ¢ is an n X 1 is a vector of ones.

(c) Letting a = (a1 av2)’, write equation (3.47) as y = X a+e. Consider the assumption E(z;e;) =
0. Is there any content to this assumption in this setting?
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Exercise 3.13 Let d; and ds be defined as in the previous exercise.

(a) In the OLS regression
y=din+ dyye + 4,

show that 47 is the sample mean of the dependent variable among the men of the sample
(71), and that 92 is the sample mean among the women (7).

(b) Let X (n x k) be an additional matrix of regressions. Describe in words the transformations

Yy =y — diy; — ol
X*=X - diT) — dT,
where T and @2 are the k x 1 means of the regressors for men and women, respectively.

(¢c) Compare 3 from the OLS regresion

with B from the OLS regression
y=diay + doceo +XB+ é.

Exercise 3.14 Let 8, = (X, X,,) ' X'y, denote the OLS estimate when y,, is n x 1 and X, is
n X k. A new observation (y,+1, n4+1) becomes available. Prove that the OLS estimate computed
using this additional observation is

1

B +1:B + —
' "t (X X)) @

(X0 X0) " @t (g1 — 118,

Exercise 3.15 Prove that R? is the square of the sample correlation between y and 4.

Exercise 3.16 Consider two least-squares regressions
y=X,B:+e

and R R
y= X0, + X208, + &

Let R? and R2 be the R-squared from the two regressions. Show that R3 > R2. Is there a case
(explain) when there is equality R3 = R3?

Exercise 3.17 Show that 5% > 42. Is equality possible?
Exercise 3.18 For which observations will ,B(_z-) = B?

Exercise 3.19 Use the data set from Section 3.19 and the sub-sample used for equation (3.43)
(see Section 3.20) for data construction)

1. Estimate equation (3.43) and compute the equation R? and sum of squared errors.

2. Re-estimate the slope on education using the residual regression approach. Regress log(Wage)
on experience and its square, regress education on experience and its square, and the residuals
on the residuals. Report the estimates from this final regression, along with the equation R?
and sum of squared errors. Does the slope coefficient equal the value in (3.43)? Explain.

3. Do the R? and sum-of-squared errors from parts 1 and 2 equal? Explain.
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Exercise 3.20 Estimate equation (3.43) as in part 1 of the previous question.

85

Let é; be the

OLS residual, g; the predicted value from the regression, z1; be education and xo; be experience.

Numerically calculate the following;:

Are these calculations consistent with the theoretical properties of OLS? Explain.

Exercise 3.21 Use the data set from Section 3.19.

1. Estimate a log wage regression for the subsample of white male Hispanics. In addition to
education, experience, and its square, include a set of binary variables for regions and marital
status. For regions, you create dummy variables for Northeast, South and West so that
Midwest is the excluded group. For marital status, create variables for married, windowed or

divorced, and separated, so that single (never married) is the excluded group.

2. Repeat this estimation using a different econometric package. Compare your results. Do they

agree?



Chapter 4

Least Squares Regression

4.1 Introduction

In this chapter we investigate some finite-sample properties of least-squares applied to a random
sample in the the linear regression model. In particular, we calculate the finite-sample mean and
covariance matrix and propose standard errors for the coefficient estimates.

4.2 Sample Mean

To start with the simplest setting, we first consider the intercept-only model

Yi=p+e

which is equivalent to the regression model with k£ = 1 and x; = 1. In the intercept model, u = E (y;)
is the mean of y;. (See Exercise 2.15.) The least-squares estimator 1 = § equals the sample mean
as shown in equation (3.7).

We now calculate the mean and variance of the estimator §. Since the sample mean is a linear
function of the observations, its expectation is simple to calculate

E(y) =E (%Z%) = %ZE% = p
=1 =1

This shows that the expected value of least-squares estimator (the sample mean) equals the projec-
tion coefficient (the population mean). An estimator with the property that its expectation equals
the parameter it is estimating is called unbiased.

Definition 4.2.1 An estimator @\for 0 is unbiased if Ef = 0.

We next calculate the variance of the estimator 7. Making the substitution y; = u + e¢; we find

1 n
@—M:EZ;@-
1=

86
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Then

The second-to-last inequality is because E (e;ej) = o for i = j yet E(e;e;) = 0 for i # j due to
independence.

We have shown that var (7) = %02. This is the familiar formula for the variance of the sample
mean.

4.3 Linear Regression Model

We now consider the linear regression model. Throughout the remainder of this chapter we
maintain the following.

Assumption 4.3.1 Linear Regression Model
The observations (y;, x;) come from a random sample and satisfy the linear
regression equation

yi = .8+ ¢; (4.1)
E (61‘ | :L'z) = 0. (42)

The variables have finite second moments
By} < oo,

E ||zil|* < oo,

and an invertible design matriz

Q.. =E (a:za:;) > 0.

We will consider both the general case of heteroskedastic regression, where the conditional
variance

E (e | z;) = o*(z;) = o}

is unrestricted, and the specialized case of homoskedastic regression, where the conditional variance
is constant. In the latter case we add the following assumption.
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Assumption 4.3.2 Homoskedastic Linear Regression Model
In addition to Assumption 4.3.1,

E (el2 | @) = o?(x;) = o? (4.3)

is independent of x;.

4.4 Mean of Least-Squares Estimator

In this section we show that the OLS estimator is unbiased in the linear regression model. This
calculation can be done using either summation notation or matrix notation. We will use both.
First take summation notation. Observe that under (4.1)-(4.2)

B(y | X) =B(y | &) = @8, (4.4)

The first equality states that the conditional expectation of y; given {1, ..., z,} only depends on
x;, since the observations are independent across i. The second equality is the assumption of a
linear conditional mean.

Using definition (3.9), the conditioning theorem, the linearity of expectations, (4.4), and prop-
erties of the matrix inverse,

E<B|X> (me>_l (imy)LX

() ({51
)
|

) ZE(%‘%’X)
=1
me> ZwiE(yilX)

<Z T T z”: z;z,B
-1

Now let’s show the same result using matrix notation. (4.4) implies

Bly|X)= | Bw|Xx) |=| a8 | -x8. (4.5)

Similarly
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Using definition (3.18), the conditioning theorem, the linearity of expectations, (4.5), and the
properties of the matrix inverse,

B(B]X)=BE((X'X)" X'y| X)
— (X'X)" ' X'E(y | X)
- (X'X) X'X8
= 3.

At the risk of belaboring the derivation, another way to calculate the same result is as follows.
Insert y = X3 + e into the formula (3.18) for B to obtain

B=(X'X)" (X' (XB+e))
= (X'X) ' X'XB+ (X'X) T (X'e)
— B+ (X'X) " Xe. (4.7)

This is a useful linear decomposition of the estimator B into the true parameter 3 and the stochastic
component (X /X)f1 X'e. Once again, we can calculate that

E(B-81X)=E((X'X)"'X'e| X)
= (X'X) X'E(e| X)
~ 0.

Regardless of the method, we have shown that [ (B | X ) = 3. Applying the law of iterated

expectations, we find that
B(8) =E(E(BIx)) =48

We have shown the following theorem.

Theorem 4.4.1 Mean of Least-Squares Estimator
In the linear regression model (Assumption 4.3.1)

E(BlX)=p (4.8)

and

E(3) = 8. (4.9)

__ Equation (4.9) says that the estimator B is unbiased for B, meaning that the distribution of
B is centered at 8. Equation (4.8) says that the estimator is conditionally unbiased, which is a
stronger result. It says that 3 is unbiased for any realization of the regressor matrix X.

4.5 Variance of Least Squares Estimator

In this section we calculate the conditional variance of the OLS estimator.
For any r x 1 random vector Z define the r x r covariance matrix

var(Z) =E(Z —EZ)(Z —-EZ)
=EZZ' — (EZ)(EZ)
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and for any pair (Z,X) define the conditional covariance matrix
var(Z | X)=E((Z -E(Z | X)) (Z -E(Z | X)) X).

We define def
. .
VB = var (B | X)

the conditional covariance matrix of the regression coefficient estimates. We now derive its form.
The conditional covariance matrix of the n x 1 regression error e is the n X n matrix

D =E (e | X).
The ’th diagonal element of D is
E(e? | X) :E(e? | z;) =02
while the 7j'th off-diagonal element of D is
E(eiej | X) =E(ei | zi) B (e; | ;) = 0.

where the first equality uses independence of the observations (Assumption 1.5.1) and the second
is (4.2). Thus D is a diagonal matrix with i’th diagonal element o2

o2 0 0
0 o} -~ 0

D =diag (0%, ...02) = | . | . . | (4.10)
0 0 - o2

In the special case of the linear homoskedastic regression model (4.3), then

E(ef | z;) =07 =0

and we have the simplification
D =1,0%

In general, however, D need not necessarily take this simplified form.
For any matrix n x r matrix A = A(X),

var(A'y | X) =var(A’e | X) = A'DA. (4.11)

In particular, we can write 3 = A’y where A = X (X’X) ™" and thus
Vi =var(B| X)=A'DA=(X'X)" X'DX (X'X)".
It is useful to note that .
X'DX =) zzjo},
i=1
a weighted version of X'X.

In the special case of the linear homoskedastic regression model, D = I, 02, so X'DX =
X'X o2, and the variance matrix simplifies to

Vi = (X'X) o2
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Theorem 4.5.1 Variance of Least-Squares Estimator
In the linear regression model (Assumption 4.3.1)

V5 = var <B | X>

— (x'X)""(X'DX) (X'X) "

(4.12)

where D is defined in (4.10).
In the homoskedastic linear regression model (Assumption 4.3.2)

Vi = (X'X) o2

4.6 Gauss-Markov Theorem

Now consider the class of estimators of 3 which are linear functions of the vector y, and thus

can be written as
B=Ay

where A is an n x k function of X. As noted before, the least-squares estimator is the special case
obtained by setting A = X (X’X)~!. What is the best choice of A? The Gauss-Markov theorem,
which we now present, says that the least-squares estimator is the best choice among linear unbiased
estimators when the errors are homoskedastic, in the sense that the least-squares estimator has the
smallest variance among all unbiased linear estimators. B

To see this, since E (y | X) = X3, then for any linear estimator 3 = A’y we have

E(B]X)=AB(y| X)=AX8,
so (3 is unbiased if (and only if) A’X = I};. Furthermore, we saw in (4.11) that
var <B | X> =var(A'y | X)=A'DA = A'Ao?
the last equality using the homoskedasticity assumption D = I,02 . The “best” unbiased linear
estimator is obtained by finding the matrix Ag satisfying AjX = I such that AjAg is minimized

in the positive definite sense, in that for any other matrix A satisfying A’X = Iy, then A’A— A A,
is positive semi-definite.

Theorem 4.6.1 Gauss-Markov

1. In the homoskedastic linear regression model (Assumption 4.3.2),
the best (minimum-variance) unbiased linear estimator is the least-
squares estimator N

B=(X'X)"X'y

2. In the linear regression model (Assumption 4.3.1), the best unbiased
linear estimator s

B=(X'D'X) 'X'Dy (4.13)
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The first part of the Gauss-Markov theorem is a limited efficiency justification for the least-
squares estimator. The justification is limited because the class of models is restricted to ho-
moskedastic linear regression and the class of potential estimators is restricted to linear unbiased
estimators. This latter restriction is particularly unsatisfactory as the theorem leaves open the
possibility that a non-linear or biased estimator could have lower mean squared error than the
least-squares estimator.

The second part of the theorem shows that in the (heteroskedastic) linear regression model,
within the class of linear unbiased estimators the best estimator is not least-squares but is (4.13).
This is called the Generalized Least Squares (GLS) estimator. The GLS estimator is infeasible
as the matrix D is unknown. This result does not suggest a practical alternative to least-squares.
We return to the issue of feasible implementation of GLS in Section 9.2.

We give a proof of the first part of the theorem below, and leave the proof of the second part
for Exercise 4.3.

Proof of Theorem 4.6.1.1. Let A be any n x k function of X such that A’X = I;. The variance
of the least-squares estimator is (X’X) ' o2 and that of A’y is A’Ac?. It is sufficient to show
that the difference A’A — (X’X) ™" is positive semi-definite. Set C = A — X (X’X) " Note that
X'C = 0. Then we calculate that

AA-(x'X) = (c+ X (X ) ( ) 1)_(x'x)*1
—cc+Ox (x'x) ( )

+(X'X) XX (X'X) T = (X X)
=C'C.

-1

The matrix C'C is positive semi-definite (see Appendix A.8) as required.

4.7 Residuals

What are some properties of the residuals é; = y; — w;,@ and prediction errors é; = y; — :B;B(_Z
at least in the context of the linear regression model?
Recall from (3.26) that we can write the residuals in vector notation as
é=Me

where M = I,, — X (X' X)_1 X' is the orthogonal projection matrix. Using the properties of
conditional expectation

E(é|X)=E(Me|X)=ME(e| X)=0

and
var(é| X)=var(Me| X)=Mvar(e| X)M = MDM (4.14)
where D is defined in (4.10).
We can simplify this expression under the assumption of conditional homoskedasticity

E(e? | x;) = 0.

In this case (4.14) simplies to
var (& | X) = Mo?. (4.15)



CHAPTER 4. LEAST SQUARES REGRESSION 93

In particular, for a single observation i, we can find the (conditional) variance of é; by taking the
it diagonal element of (4.16). Since the i*" diagonal element of M is 1 — h;; as defined in (3.21)
we obtain

var (¢ | X)=E (& | X) = (1 — hy) o> (4.16)

As this variance is a function of h; and hence x;, the residuals é; are heteroskedastic even if the
errors e; are homoskedastic.

Similarly, recall from (3.40) that the prediction errors & = (1 —hy;) " é; can be written in
vector notation as & = M*& where M* is a diagonal matrix with i** diagonal element (1 — hy;) .
Thus € = M*M e. We can calculate that

E(é|X)=M*ME(e| X)=0

and
var(e| X)=M*M var (e | X) MM*= M*MDMM*

which simplifies under homoskedasticity to
var (& | X) = M*MMM*o?
= M*MM*o?
The variance of the it" prediction error is then
var (¢ | X) =E (& | X)
= (1= hg) (1= hy) (1= hy) "t o?
= (1 —hy) o2

A residual with constant conditional variance can be obtained by rescaling. The standardized
residuals are

and in vector notation
e=(e,...en) = M*/?Me.

From our above calculations, under homoskedasticity,
var (e | X) = M*\/2MM*1/252

and
var (¢; | X) =E (& | X) = o? (4.18)

and thus these standardized residuals have the same bias and variance as the original errors when
the latter are homoskedastic.

4.8 Estimation of Error Variance

The error variance o2 = Ee? can be a parameter of interest, even in a heteroskedastic regression
or a projection model. o2 measures the variation in the “unexplained” part of the regression. Its
method of moments estimator (MME) is the sample average of the squared residuals:

n
1
=iy e
n
=1

and equals the MLE in the normal regression model (3.28).
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In the linear regression model we can calculate the mean of 2. From (3.26), the properties of
projection matrices and the trace operator, observe that

52 =

ée= le'MMe: le'Me: ltr (e’Me) = ltr(Mee').
n n n n

S|~

Then
E(6%| X) = %tr (E(Me€ | X))
= %tr (ME (e€' | X))

. %tr (MD). (4.19)

Adding the assumption of conditional homoskedasticity [ (ez2 | :L'Z) = 02, so that D = I,,62, then
(4.19) simplifies to

E (6% | X) = %tr (Mo?)

:O_2<n—k>7
n

the final equality by (3.24). This calculation shows that 2 is biased towards zero. The order of
the bias depends on k/n, the ratio of the number of estimated coefficients to the sample size.
Another way to see this is to use (4.16). Note that

E (6% | X) :%ZE(éﬂX)
i=1
:%Zn:(l—hii)oj
=1
- <”_k> o2 (4.20)

n

the last equality using Theorem 3.10.1.
Since the bias takes a scale form, a classic method to obtain an unbiased estimator is by rescaling
the estimator. Define

1 n
2 _ 42
s _n—k;ei' (4.21)
By the above calculation,
E(s®| X) =o? (4.22)
SO
E (82) =o?

and the estimator s? is unbiased for o2. Consequently, s2 is known as the “bias-corrected estimator”
for 02 and in empirical practice s? is the most widely used estimator for o2.

Interestingly, this is not the only method to construct an unbiased estimator for o2. An esti-
mator constructed with the standardized residuals e; from (4.17) is

n n

1 1
=== - > (1 —hi) e (4.23)

n < :
1=1 =1
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You can show (see Exercise 4.6) that
E(5%| X) =o? (4.24)

and thus &2 is unbiased for o2 (in the homoskedastic linear regression model).

When k/n is small (typically, this occurs when n is large), the estimators 62, s? and &2 are
likely to be close. However, if not then s? and &2 are generally preferred to 62. Consequently it is
best to use one of the bias-corrected variance estimators in applications.

4.9 Mean-Square Forecast Error

A major purpose of estimated regressions is to predict out-of-sample values. Consider an out-
of-sample observation (Yn+1, Tnt1) where @, 1 will be observed but not 1. Given the coefficient
estimate 3 the standard point estimate of B (yp11 | Znt1) = 2,10 1S Jn41 = z;, 18- The forecast
error is the difference between the actual value y,+1 and the point forecast, €,11 = Yn+1 — Yn+1-
The mean-squared forecast error (MSFE) is

MSFE, =Eé2 .

In the linear regression model, é,+1 = epy1 — zc;lﬂ (ﬁ — ,8) , SO

MSFE, =Ee2,, — 2 (enﬂm; " (B - 5)) (4.25)
+8 (el (B-8) (5-5) 2.

The first term in (4.25) is 0. The second term in (4.25) is zero since e,41,,,; is independent
of 3 — 3 and both are mean zero. The third term in (4.25) is

( (o) B (B-8) (B0 )>
=tr (E wn+1$n+1) E( ) <B B) >
— tr ( (Tni1,11) EVB)
=Etr ((mn+1$n+1) VA)
. <w;1+1 Vamnﬂ) (4.26)

~ o~ ~ !/
where we use the fact that x,,41 is independent of 3 and use the face VB =K <<ﬁ — ﬁ) (,6 — ,6) | X) .

Thus
MSFE, = o* —i—E( z, 1 V3 zan)

Under conditional homoskedasticity, this simplifies to
MSFE, =0 (1+ B (@) (X'X) " @0s1) ).

A simple estimator for the MSFE is obtained by averaging the squared prediction errors (3.41)

n
1 Z~2
n
=1
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where €; = y; — wgﬁ(_i) = ¢;(1 — hy)~'. Indeed, we can calculate that
E&? = Eé;

=B (e =<} (By—8))
~ o5 (ol (B - 8) (Bo—5) ).

By the same calculations as in (4.26) we find
E&? = 0% + B (m; Vi, a;) = MSFE, 1.

This is the MSFE based on a sample of size n — 1, rather than size n. The difference arises because
the in-sample prediction errors €; for ¢« < n are calculated using an effective sample size of n—1, while
the out-of sample prediction error €, is calculated from a sample with the full n observations.
Unless n is very small we should expect MSFE,_1 (the MSFE based on n — 1 observations) to
be close to MSFE, (the MSFE based on n observations). Thus 62 is a reasonable estimator for
MSFFE,.

Theorem 4.9.1 MSFFE
In the linear regression model (Assumption 4.3.1)

MSFE, =E&,, = 0> +E (:c; +1VB:I;M)

where Vg = var <B ] X) . Furthermore, 6% defined in (3.41) is an unbiased
estimator of MSFE,_1 :

E62 = MSFE,_,

4.10 Covariance Matrix Estimation Under Homoskedasticity

For inference, we need an estimate of the covariance matrix V3 of the least-squares estimator.
In this section we consider the homoskedastic regression model (Assumption 4.3.2).
Under homoskedasticity, the covariance matrix takes the relatively simple form

Vi = (X'X) "o

which is known up to the unknown scale 0. In Section 4.8 we discussed three estimators of o2.

The most commonly used choice is s2, leading to the classic covariance matrix estimator
Y ~-1 2
Vi = (X’X) s°. (4.27)

=0
Since s? is conditionally unbiased for o2, it is simple to calculate that V3 is conditionally

unbiased for VB under the assumption of homoskedasticity:

E (f/% | X) —(x'x)
= (X'X) " o?
= Vs

E(s* | X)
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This estimator was the dominant covariance matrix estimator in applied econometrics for many
years, and is still the default method in most regression packages.
If the estimator (4.27) is used, but the regression error is heteroskedastic, it is possible for

‘A/% to be quite biased for the correct covariance matrix Vg = (X'X) N (X'DX)(X'X)"". For

example, suppose k = 1 and 022 = x? with Exz; = 0. The ratio of the true variance of the least-squares
estimator to the expectation of the variance estimator is

Vﬁ Z?:l 9521 Ew?

~ = K.

E(ff% | X) T PYL e (Ba2)

(Notice that we use the fact that ¢? = 2? implies 0> = Eo? = Ex?.) The constant « is the
standardized forth moment (or kurtosis) of the regressor z;, and can be any number greater than
one. For example, if x; ~ N (0,02) then x = 3, so the true variance VB is three times larger

=0
than the expected homoskedastic estimator Vig. But £ can be much larger. Suppose, for example,
that z; ~ x? — 1. In this case Kk = 15, so that the true variance Vfa is fifteen times larger than

=0
the expected homoskedastic estimator V. While this is an extreme and constructed example,
the point is that the classic covariance matrix estimator (4.27) may be quite biased when the
homoskedasticity assumption fails.

4.11 Covariance Matrix Estimation Under Heteroskedasticity

In the previous section we showed that that the classic covariance matrix estimator can be
highly biased if homoskedasticity fails. In this section we show how to contruct covariance matrix
estimators which do not require homoskedasticity.

Recall that the general form for the covariance matrix is

V; = (X'X)" (X'DX) (X'X) .

This depends on the unknown matrix D which we can write as

D = diag (0%, - 02)

=E(e€ | X)
=E (Do | X)

where Dy = diag (e%, . 62) . Thus Dy is a conditionally unbiased estimator for D. If the squared

vy €
errors 612 were observable, we could construct the unbiased estimator

=~ é\deal

V5= (X'X) TN (X'DoX) (X'X)”

(x'x)"" (2} mimgeZz) (x'x)"".

1

Indeed,
(Vi 1) = (0x) " (Lealel %)) (x'x)
i=1
n
- (x'x)"" (Z mimgaz?) (x'x)™"
=1

= (X'X)" (X'DX) (X'X)""
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~ideal
verifying that V% ““ is unbiased for VE‘

. ~ddeal . .
Since the errors e? are unobserved, V3 is not a feasible estimator. However, we can replace

the errors e; with the least-squares residuals é;. Making this substitution we obtain the estimator
~W n

Vv = (x'x)"" (Z mim;éZ?) (x'x)"". (4.28)
i=1

We know, however, that é? is biased towards zero. To estimate the variance ¢? the unbiased
estimator s? scales the moment estimator 52 by n/(n — k) . Making the same adjustment we obtain

the estimator
< n -1 R -1
5= (n — k) (X'X) (;Zl :I:mé@?) (X'X)". (4.29)

While the scaling by n/(n — k) is ad hoc, it is recommended over the unscaled estimator (4.28).
Alternatively, we could use the prediction errors €; or the standardized residuals €;, yielding the
estimators

0

Vi=(X'X)" ( mim;é?> (x'x)™"

=1

[

- (x'x)"! (

(1—hy)~2 wim;éZ?) (x'x)"! (4.30)

=1

and

n

Vi - (%) (Lo ) ()
1=1
n

—(x'x)"" (Z (1—hi) ™ :L'Z-:L';é%> (x'x)7. (4.31)

1=1

~W  ~ ~ —
The four estimators Vg | VB, Va, and VB are collectively called robust, heteroskedasticity-

consistent, or heteroskedasticity-robust covariance matrix estimators. The estimator ‘Afﬁ was
first developed by Eicker (1963) and introduced to econometrics by White (1980), and is sometimes
called the Eicker-White or White covariance matrix estimator. The scaled estimator ‘A/B is the
default robust covariance matrix estimator implemented in Stata. The estimator f/'g was introduced
by Andrews (1991) based on the principle of leave-one-out cross-validation (and is implemented
using the vce(hc3) option in Stata). The estimator ‘_/ﬁ was introduced by Horn, Horn and Duncan
(1975) (and is implemented using the vece(hce2) option in Stata).
Since (1 — hy) 2 > (1 — hy;)~' > 1 it is straightforward to show that

~W  — ~
VB < VB < VB (4.32)
(See Exercise 4.7). The inequality A < B when applied to matrices means that the matrix B — A

is positive definite.
In general, the bias of the covariance matrix estimators is quite complicated, but they greatly
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simplify under the assumption of homoskedasticity (4.3). For example, using (4.16),
E (V%V | X) — (x'x)7! (2”: ;@) (€7 | X)) (x'x)"
i=1
- (x'x)™" (i x;x) (1 — hy;) a2> (x'x)™"
i=1
= (X'X) o2 (x'x)7" (i :c:c’h) (X'X) " o?
i=1

~W
This calculation shows that VB is biased towards zero.

Similarly, (again under homoskedasticity) we can calculate that ‘7@ is biased away from zero,
specifically
E (ffﬁ | X) > (X'X) " o2 (4.33)

while the estimator ‘_/3 is unbiased
- -1
E (Va | X> = (X'X) ' o2 (4.34)

(See Exercise 4.8.)
It might seem rather odd to compare the bias of heteroskedasticity-robust estimators under the
assumption of homoskedasticity, but it does give us a baseline for comparison.

~0 ~W =~ ~ —
We have introduced five covariance matrix estimators, Vg, Vg, VB, Vﬁ, and VB. Which
~0
should you use? The classic estimator V3 is typically a poor choice, as it is only valid under
the unlikely homoskedasticity restriction. For this reason it is not typically used in contemporary

econometric research. Unfortunately, standard regression packages set their default choice as ‘A/B’
so users must intentionally select a robust covariance matrix estimator.

~W ~ ~
Of the four robust estimators, V3 and VB are the most commonly used, and in particular VB
is the default robust covariance matrix option in Stata. However, {/'B and Vﬁ are preferred based

on their improved bias. As ‘7@ and VB are simple to implement, this should not be a barrier.

Halbert L. White

Hal White (1950-2012) of the United States was an influential econometri-
cian of recent years. His 1980 paper on heteroskedasticity-consistent covari-
ance matrix estimation for many years has been the most cited paper in
economics. His research was central to the movement to view econometric
models as approximations, and to the drive for increased mathematical rigor
in the discipline. In addition to being a highly prolific and influential scholar,
he also co-founded the economic consulting firm Bates White.
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4.12 Standard Errors

A variance estimator such as V5 is an estimate of the variance of the distribution of B A
more easily interpretable measure of spread is its square root — the standard deviation. This is
so important when discussing the distribution of parameter estimates, we have a special name for
estimates of their standard deviation.

Definition 4.12.1 A standard error S(B) for a real-valued estimator B
is an estimate of the standard deviation of the distribution of (.

When B is a vector with estimate 3 and covariance matrix estimate V7, standard errors for

individual elements are the square roots of the diagonal elements of ‘A/B. That is,

8(6]') = VBj = [VB]J]

As we discussed in the previous section, there are multiple possible covariance matrix estimators,
so standard errors are not unique. It is therefore important to understand what formula and method
is used by an author when studying their work. It is also important to understand that a particular
standard error may be relevant under one set of model assumptions, but not under another set of
assumptions.

To illustrate, we return to the log wage regression (3.11) of Section 3.7. We calculate that
52 = 0.160. Therefore the homoskedastic covariance matrix estimate is

-1
~0 5010 314 0.002  —0.031
Vs ( 314 20 ) 0215 = ( —0.031  0.499 >

We also calculate that .

Nl a2 763.26 48.51
;(1 hia) @i = ( 4851 311 )°
1=
Therefore the Horn-Horn-Duncan covariance matrix estimate is

. _ ( 5010 314 )1 ( 763.26 48.51 > ( 5010 314 >1

8 314 20 4851 3.1 314 20
0.001  —0.015
- ( —0.015  0.243 > (4:35)

The standard errors are the square roots of the diagonal elements of these matrices. A conventional
format to write the estimated equation with standard errors is

—

log(Wage) = 0.155 Education + 0.698
(0.031) (0.493)

Alternatively, standard errors could be calculated using the other formulae. We report the
different standard errors in the following table.

Education Intercept

Homoskedastic (4.27) 0.045 0.707
White (4.28) 0.029 0.461
Scaled White (4.29) 0.030 0.486
Andrews (4.30) 0.033 0.527

Horn-Horn-Duncan (4.31)  0.031 0.493
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The homoskedastic standard errors are noticably different (larger, in this case) than the others,
but the four robust standard errors are quite close to one another.

4.13 Computation

We illustrate methods to compute standard errors for equation (3.12) extending the code of
Section 3.20.

Stata do File (continued)
* Homoskedastic formula (4.27):
reg wage education experience exp2 if (mnwf == 1)
* Scaled White formula (4.29):
reg wage education experience exp2 if (mnwf == 1), r
* Andrews formula (4.30):
reg wage education experience exp2 if (mnwf == 1), vce(hc3)
* Horn-Horn-Duncan formula (4.31):
reg wage education experience exp2 if (mnwf == 1), vce(hc2)

Gauss Program File (continued)

n=rows(y);
k=cols(x);

a=n/(n-k);
sig2=(e’e)/(n-k);

ul=x.*e;
u2=x.*(e./(1-leverage));
u3=x.*(e./sqrt(1-leverage));
xx=inv(x’x);

v0=xx*sig2;
vl=xx*(ul’'ul)*xx;
vla=a*xx*(ul’ul)*xx;
v2=xx*(u2'u2)*xx;
v3=xx*(u3’u3d)*xx

sO0=sqrt(diag(v0)); @ Homoskedastic formula @
sl=sqrt(diag(vl)); @ White formula @
sla=sqrt(diag(vla)); @ Scaled White formula @
s2=sqrt(diag(v2)); @ Andrews formula @

s3=sqrt(diag(v3)); @ Horn-Horn-Duncan formula @
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R Program File (continued)

n <- nrow(y)

k <- ncol(x)

a <- n/(n-k)

sig2 <- (t(e) %*% e)/(n-k)

ul <- x*(e%*%matrix(1,1,k))

u2 <- x*((e/(1-leverage))%*%matrix(1,1,k))
u3 <- x*((e/sqrt(1-leverage))%*%matrix(1,1,k))
v0 <- xx*sig2

xx <- solve(t(x)%*%x)

vl <- xx %*% (t(ul)%*%ul) %*% xx

vlia <- a* xx %*% (t(ul)%*%ul) %*% xx
v2 <- xx %*% (t(u2)%*%u2) %*% xx

v3 <- xx %*% (t(u3)%*%u3) %*% xx

s0 <- sqrt(diag(v0)) # Homoskedastic formula

sl <- sqrt(diag(vl)) # White formula

sla <- sqrt(diag(vla)) # Scaled White formula

s2 <- sqrt(diag(v2)) # Andrews formula

83 <- sqrt(diag(v3)) # Horn-Horn-Duncan formula

Matlab Program File (continued)

[n,k]=size(x);

a=n/(n-k);

sig2=(e*e)/(n-k);
ul=x.*(e*ones(1,k));
u2=x.*((e./(1-leverage))*ones(1,k));
u3=x.*((e./sqrt(1-leverage))*ones(1,k));
xx=inv(x'*x);

v0=xx*sig2;

vl=xx*(ul"*ul)*xx;
vla=a*xx*(ul"*ul)*xx;
v2=xx*(u2"*u2)*xx;
v3=xx*(u3"*u3)*xx;

sO0=sqrt(diag(v0)); # Homoskedastic formula
sl=sqrt(diag(vl)); # White formula
sla=sqrt(diag(vla)); # Scaled White formula
s2=sqrt(diag(v2)); # Andrews formula
s3=sqrt(diag(v3)); # Horn-Horn-Duncan formula

4.14 Measures of Fit

As we described in the previous chapter, a commonly reported measure of regression fit is the
regression R? defined as
RZ—1_— Z?:léiz —1—
iy (i —9)°

Q>| Q[S

<N
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where é}; =n 1Y (yi— 7). R2 can be viewed as an estimator of the population parameter
! 2
o var (z8) ., o
var(y;) o2

However, 62 and &5 are biased estimators. Theil (1961) proposed replacing these by the unbi-
ased versions s* and 63 = (n — 1)7' Y1 (3 — 7)? yielding what is known as R-bar-squared or
adjusted R-squared:

2 5> _ (n—=1)>", éz?

E :1_~_2:1 n _\2°
gy (n—k) Zi:l (yi —9)

052 . . . .
While R” is an improvement on R?, a much better improvement is

21 D16

S (i — )’ B

where €; are the prediction errors (3.38) and 62 is the MSPE from (3.41). As described in Section
(4.9), 52 is a good estimator of the out-of-sample mean-squared forecast error, so R? is a good
estimator of the percentage of the forecast variance which is explained by the regression forecast.
In this sense, R? is a good measure of fit.

One problem with R?, which is partially corrected by R and fully corrected by }~%2, is that R?
necessarily increases when regressors are added to a regression model. This occurs because R? is a
negative function of the sum of squared residuals which cannot increase when a regressor is added.

Q>| Q[\za

<N

In contrast, R’ and R? are non-monotonic in the number of regressors. R? can even be negative,
which occurs when an estimated model predicts worse than a constant-only model.

In the statistical literature the MSPE &2 is known as the leave-one-out cross validation
criterion, and is popular for model comparison and selection, especially in high-dimensional (non-
pararrietric) contexts. It is equivalent to use R? or 52 to compare and select models. Models with
high R? (or low &2) are better models in terms of expected out of sample squared error. In contrast,
R? cannot be used for model selection, as it necessarily increases when regressors are added to a
regression model. R is also an inappropriate choice for model selection (it tends to select models
with too many parameters), though a justification of this assertion requires a study of the theory
of model selection. Unfortunately, R is routinely used by some economists, possibly as a hold-over
from previous generations. N

In summary, it is recommended to calculate and report R? and/or 52 in regression analysis,
and omit R? and R’

Henri Theil

Henri Theil (1924-2000) of Holland invented R and two-stage least squares,

both of which are routinely seen in applied econometrics. He also wrote an
early influential advanced textbook on econometrics (Theil, 1971).

4.15 Empirical Example

We again return to our wage equation, but use a much larger sample of all individuals with at
least 12 years of education. For regressors we include years of education, potential work experience,
experience squared, and dummy variable indicators for the following: female, female union member,



CHAPTER 4. LEAST SQUARES REGRESSION 104

male union member, married female', married male, formerly married female?, formerly married
male, hispanic, black, American Indian, Asian, and mixed race® . The available sample is 46,943
so the parameter estimates are quite precise and reported in Table 4.1. For standard errors we use
the unbiased Horn-Horn-Duncan formula.

Table 4.1 displays the parameter estimates in a standard tabular format. The table clearly
states the estimation method (OLS), the dependent variable (log(Wage)), and the regressors are
clearly labeled. Both parameter estimates and standard errors are reported for all coefficients. In
addition to the coefficient estimates, the table also reports the estimated error standard deviation
and the sample size. These are useful summary measures of fit which aid readers.

Table 4.1
OLS Estimates of Linear Equation for Log(Wage)

B s(B)
Education 0.117 0.001
Experience 0.033 0.001
Experience? /100 -0.056  0.002
Female -0.098 0.011
Female Union Member 0.023 0.020
Male Union Member 0.095 0.020
Married Female 0.016 0.010
Married Male 0.211 0.010

Formerly Married Female -0.006 0.012
Formerly Married Male 0.083 0.015

Hispanic -0.108 0.008
Black -0.096  0.008
American Indian -0.137  0.027
Asian -0.038 0.013
Mixed Race -0.041 0.021
Intercept 0.909 0.021
o 0.565

Sample Size 46,943

Note: Standard errors are heteroskedasticity-consistent (Horn-Horn-Duncan formula)

As a general rule, it is advisable to always report standard errors along with parameter estimates.
This allows readers to assess the precision of the parameter estimates, and as we will discuss in
later chapters, form confidence intervals and t-tests for individual coefficients if desired.

The results in Table 4.1 confirm our earlier findings that the return to a year of education is
approximately 12%, the return to experience is concave, that single women earn approximately
10% less then single men, and blacks earn about 10% less than whites. In addition, we see that
Hispanics earn about 11% less than whites, American Indians 14% less, and Asians and Mixed races
about 4% less. We also see there are wage premiums for men who are members of a labor union
(about 10%), married (about 21%) or formerly married (about 8%), but no similar premiums are
apparant for women.

'Defining “married” as marital code 1, 2, or 3.
’Defining “formerly married” as marital code 4, 5, or 6.
3Race code 6 or higher.
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4.16 Multicollinearity

If X’'X is singular, then (X'X )71 and ,@ are not defined. This situation is called strict
multicollinearity, as the columns of X are linearly dependent, i.e., there is some a # 0 such that
X a = 0. Most commonly, this arises when sets of regressors are included which are identically
related. For example, if X includes both the logs of two prices and the log of the relative prices,
log(p1), log(p2) and log(p1 /p2), for then X’'X will necessarily be singular. When this happens, the
applied researcher quickly discovers the error as the statistical software will be unable to construct
(X’X)~!. Since the error is discovered quickly, this is rarely a problem for applied econometric
practice.

The more relevant situation is near multicollinearity, which is often called “multicollinearity”
for brevity. This is the situation when the X’X matrix is near singular, when the columns of X are
close to linearly dependent. This definition is not precise, because we have not said what it means
for a matrix to be “near singular”. This is one difficulty with the definition and interpretation of
multicollinearity.

One potential complication of near singularity of matrices is that the numerical reliability of
the calculations may be reduced. In practice this is rarely an important concern, except when the
number of regressors is very large.

A more relevant implication of near multicollinearity is that individual coefficient estimates will
be imprecise. We can see this most simply in a homoskedastic linear regression model with two
regressors

Yi = 2101 + w202 + €4,

Ixyx— (17
n p 1)

~ o2 (1 p - o? 1 —p
Var(ﬁ’X>_;(p 1) - n(l—p?) ( —p 1 >
The correlation p indexes collinearity, since as p approaches 1 the matrix becomes singular. We
can see the effect of collinearity on precision by observing that the variance of a coefficient esti-
mate o2 [n (1 — p2)]_1 approaches infinity as p approaches 1. Thus the more “collinear” are the
regressors, the worse the precision of the individual coefficient estimates.

What is happening is that when the regressors are highly dependent, it is statistically difficult to
disentangle the impact of 51 from that of 85. As a consequence, the precision of individual estimates
are reduced. The imprecision, however, will be reflected by large standard errors, so there is no
distortion in inference.

Some earlier textbooks overemphasized a concern about multicollinearity. A very amusing
parody of these texts appeared in Chapter 23.3 of Goldberger’s A Course in Econometrics (1991),
which is reprinted below. To understand his basic point, you should notice how the estimation
variance o2 [n (1 — ,02)] ! depends equally and symmetrically on the correlation p and the sample
size n.

and

In this case
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Arthur S. Goldberger

Art Goldberger (1930-2009) was one of the most distinguished members
of the Department of Economics at the University of Wisconsin. His PhD
thesis developed an early macroeconometric forecasting model (known as the
Klein-Goldberger model) but most of his career focused on microeconometric
issues. He was the leading pioneer of what has been called the Wisconsin
Tradition of empirical work — a combination of formal econometric theory
with a careful critical analysis of empirical work. Goldberger wrote a series
of highly regarded and influential graduate econometric textbooks, including
including Econometric Theory (1964), Topics in Regression Analysis (1968),
and A Course in Econometrics (1991).
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Micronumerosity
Arthur S. Goldberger
A Course in Econometrics (1991), Chapter 23.3

Econometrics texts devote many pages to the problem of multicollinearity in
multiple regression, but they say little about the closely analogous problem of
small sample size in estimating a univariate mean. Perhaps that imbalance is
attributable to the lack of an exotic polysyllabic name for “small sample size.” If
so, we can remove that impediment by introducing the term micronumerosity.

Suppose an econometrician set out to write a chapter about small sample size
in sampling from a univariate population. Judging from what is now written about
multicollinearity, the chapter might look like this:

1. Micronumerosity

The extreme case, “exact micronumerosity,” arises when n = 0, in which case
the sample estimate of y is not unique. (Technically, there is a violation of
the rank condition n > 0 : the matrix 0 is singular.) The extreme case is
easy enough to recognize. “Near micronumerosity” is more subtle, and yet
very serious. It arises when the rank condition n > 0 is barely satisfied. Near
micronumerosity is very prevalent in empirical economics.

2. Consequences of micronumerosity

The consequences of micronumerosity are serious. Precision of estimation is
reduced. There are two aspects of this reduction: estimates of p may have
large errors, and not only that, but Vj; will be large.

Investigators will sometimes be led to accept the hypothesis © = 0 because
y/oy is small, even though the true situation may be not that u = 0 but
simply that the sample data have not enabled us to pick u up.

The estimate of p will be very sensitive to sample data, and the addition of
a few more observations can sometimes produce drastic shifts in the sample
mean.

The true p may be sufficiently large for the null hypothesis ¢ = 0 to be
rejected, even though V5 = 02 /n is large because of micronumerosity. But if
the true p is small (although nonzero) the hypothesis g = 0 may mistakenly
be accepted.
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3. Testing for micronumerosity

Tests for the presence of micronumerosity require the judicious use
of various fingers. Some researchers prefer a single finger, others use
their toes, still others let their thumbs rule.

A generally reliable guide may be obtained by counting the number
of observations. Most of the time in econometric analysis, when n is
close to zero, it is also far from infinity.

Several test procedures develop critical values n*, such that micron-
umerosity is a problem only if n is smaller than n*. But those proce-
dures are questionable.

4. Remedies for micronumerosity

If micronumerosity proves serious in the sense that the estimate of p
has an unsatisfactorily low degree of precision, we are in the statistical
position of not being able to make bricks without straw. The remedy
lies essentially in the acquisition, if possible, of larger samples from
the same population.

But more data are no remedy for micronumerosity if the additional

data are simply “more of the same.” So obtaining lots of small samples
from the same population will not help.

4.17 Normal Regression Model

In the special case of the normal linear regression model introduced in Section 3.18, we can derive
exact sampling distributions for the least-squares estimator, residuals, and variance estimator.

In particular, under the normality assumption e; | ©; ~ N (0, 02) then we have the multivariate
implication

e| X ~N(0,I,07%).

That is, the error vector e is independent of X and is normally distributed. Since linear functions
of normals are also normal, this implies that conditional on X

() (B ) (P )

where M = I, — X (X 'X)_1 X'. Since uncorrelated normal variables are independent, it follows
that 3 is independent of any function of the OLS residuals including the estimated error variance
s? or 62 or prediction errors é.

The spectral decomposition (see equation (A.5)) of M yields

I, O

M:H[ 0 0

]H,
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where HH =1,,. Let u=0"'H'e~N(0,H' H) ~ N (0,I,). Then

2
~ Xn—k;7
a chi-square distribution with n — k degrees of freedom.
Furthermore, if standard errors are calculated using the homoskedastic formula (4.27)

N<O" [(XX) } ) _N(0,1)

ﬁj - _ e
2 n—
S / X X / U2an k\/ X X ” \/—i”:,:

a t distribution with n — k degrees of freedom.

B

Theorem 4.17.1 Normal Regression
In the linear regression model (Assumption 4.5.1) if e; is independent of
x; and distributed N (0,02) then

e B—B~N (0, o2 (X’X)*)

~D 7]6 2
o 15 — (n—k)s” Uz)s ~X2_,
Bi—B;
e/ R N Nt
y S(ﬁj)
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These are the exact finite-sample distributions of the least-squares estimator and variance esti-

mators, and are the basis for traditional inference in linear regression.

While elegant, the difficulty in applying Theorem 4.17.1 is that the normality assumption is too
restrictive to be empirical plausible, and therefore inference based on Theorem 4.17.1 has no guar-
antee of accuracy. We develop an alternative inference theory based on large sample (asymptotic)

approximations in the following chapter.

William Gosset

William S. Gosset (1876-1937) of England is most famous for his derivation
of the student’s t distribution, published in the paper “The probable error
of a mean” in 1908. At the time, Gosset worked at Guiness Brewery, which
prohibited its employees from publishing in order to prevent the possible
loss of trade secrets. To circumvent this barrier, Gosset published under the
pseudonym “Student”. Consequently, this famous distribution is known as
the student’s t rather than Gosset’s t!
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Exercises
Exercise 4.1 Explain the difference between < Y% | ;@) and E (z;}) .

Exercise 4.2 True or False. If y; = z;6 + ¢;, x; € R, E(e; | ;) = 0, and ¢é; is the OLS residual
from the regression of y; on x;, then 2?21 :rizéi =0.

Exercise 4.3 Prove Theorem 4.6.1.2.
Exercise 4.4 In a linear model
y=XB+e E(e|X)=0, var(e|X)=0Q
with © a known function of X , the GLS estimator is
B=(X'Q'X) (X' ly),
the residual vector is é = y — X B, and an estimate of o2 is
9 1

Aly—1 ~
s4 = e e
n—k

(a) Find E (E | X) .

(b) Find var (B | X) .

(c) Prove that & = Mye, where M; =1 — X (X'Q7'X)7' X'Q°".
(d) Prove that M{Q'M; = Q' - 'X (X'Q'X) ' x'Q".
(e) Find E (s | X) .

(f) Is s? a reasonable estimator for o2?

Exercise 4.5 Let (y;, ;) be a random sample with E(y | X) = X 3. Consider the Weighted
Least Squares (WLS) estimator of 3

8= (X'WX) " (X'Wy)

-2

where W = diag (w1, ..., w,) and w; = x;;” , where zj; is one of the z;.

(a) In which contexts would 8 be a good estimator?

(b) Using your intuition, in which situations would you expect that Z‘i’ would perform better than

OLS?
Exercise 4.6 Show (4.24) in the homoskedastic regression model.
Exercise 4.7 Prove (4.32).
Exercise 4.8 Show (4.33) and (4.34) in the homoskedastic regression model.

Exercise 4.9 Let = E (y;), 02 = E (y; — ) and ps = E (y; — 1) and consider the sample mean
y= %2?21 y;. Find E (g — u)3 as a function of u, 02, u3 and n.
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Exercise 4.10 Take the simple regression model y; = x;6 + ¢;, z; € R, E(e; | ;) = 0. Define
~ —~ 3
02 = E(e; | z;) and p3; = E(e} | x;) and consider the OLS coefficient 3. Find E <<5 - B) | X> .

Exercise 4.11 Continue the empirical analysis in Exercise 3.19.

1. Calculate standard errors using the homoskedasticity formula and using the four covariance
matrices from Section 4.11.

2. Repeat in your second programming language. Are they identical?

Exercise 4.12 Continue the empirical analysis in Exercise 3.21. Calculate standard errors using
the Horn-Horn-Duncan method. Repeat in your second programming language. Are they identical?



Chapter 5

An Introduction to Large Sample
Asymptotics

5.1 Introduction

In Chapter 4 we derived the mean and variance of the least-squares estimator in the context of
the linear regression model, but this is not a complete description of the sampling distribution, nor
sufficient for inference (confidence intervals and hypothesis testing) on the unknown parameters.
Furthermore, the theory does not apply in the context of the linear projection model, which is more
relevant for empirical applications.

To illustrate the situation with an example, let y; and z; be drawn from the joint density

f(z,y) =

1 1
exp (—5 (logy — log x)2> exp <—§ (log x)2>

2y

and let B be the slope coefficient estimate from a least-squares regression of y; on x; and a constant.
Using simulation methods, the density function of /3 was computed and plotted in Figure 5.1 for
sample sizes of n = 25, n = 100 and n = 800. The vertical line marks the true projection coefficient.

From the figure we can see that the density functions are dispersed and highly non-normal. As
the sample size increases the density becomes more concentrated about the population coefficient.
Is there a simple way to characterize the sampling distribution of 57

In principle the sampling distribution of B is a function of the joint distribution of (y;,x;)
and the sample size n, but in practice this function is extremely complicated so it is not feasible to
analytically calculate the exact distribution of B except in very special cases. Therefore we typically
rely on approximation methods.

The most widely used and versatile method is asymptotic theory, which approximates sampling
distributions by taking the limit of the finite sample distribution as the sample size n tends to
infinity. It is important to understand that this is an approximation technique, as the asymptotic
distributions are used to assess the finite sample distributions of our estimators in actual practical
samples. The primary tools of asymptotic theory are the weak law of large numbers (WLLN),
central limit theorem (CLT), and continuous mapping theorem (CMT). With these tools we can
approximate the sampling distributions of most econometric estimators.

In this chapter we provide a concise summary. It will be useful for most students to review this
material, even if most is familiar.

5.2 Asymptotic Limits

“Asymptotic analysis” is a method of approximation obtained by taking a suitable limit. There
is more than one method to take limits, but the most common is to take the limit of the sequence

112
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n=25
/\ — — n=100
I -—-- n=800

0.75

0.50

0.25

0.00

Figure 5.1: Sampling Density of B

of sampling distributions as the sample size tends to positive infinity, written “as n — o0.” It is
not meant to be interpreted literally, but rather as an approximating device.
The first building block for asymptotic analysis is the concept of a limit of a sequence.

Definition 5.2.1 A sequence a,, has the limit a, written a, — a as
n — 00, or alternatively as lim, .. a, = a, if for all 6 > 0 there is some
ns < oo such that for all n > ng, |a, —a| <9.

In words, a, has the limit a if the sequence gets closer and closer to a as n gets larger. If a
sequence has a limit, that limit is unique (a sequence cannot have two distinct limits). If a, has
the limit a, we also say that a,, converges to a as n — oo.

Not all sequences have limits. For example, the sequence {1,2,1,2,1,2,...} does not have a
limit. It is therefore sometimes useful to have a more general definition of limits which always
exist, and these are the limit superior and limit inferior of sequence

Definition 5.2.2 liminf, . ay, def lim,, o0 inf,, > ap,

ops . d .
Definition 5.2.3 limsup,,_, an 2] limy, 00 SUP,y,>p, An

The limit inferior and limit superior always exist, and equal when the limit exists. In the
example given earlier, the limit inferior of {1,2,1,2,1,2,...} is 1, and the limit superior is 2.
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5.3 Convergence in Probability

A sequence of numbers may converge to a limit, but what about a sequence of random variables?
For example, consider a sample mean g = n~! > i, yi based on an random sample of n observations.
As n increases, the distribution of 7 changes. In what sense can we describe the “limit” of 77 In
what sense does it converge?

Since ¥ is a random variable, we cannot directly apply the deterministic concept of a sequence of
numbers. Instead, we require a definition of convergence which is appropriate for random variables.
There are more than one such definition, but the most commonly used is called convergence in
probability.

Definition 5.3.1 A random variable z, € R converges in probability
to z as n — oo, denoted z, LN z, or alternatively plim,,_, o z, = z, if for
all § > 0,

lim Pr(|z, — 2| <) =1. (5.1)

n—oo

We call z the probability limit (or plim) of z,.

The definition looks quite abstract, but it formalizes the concept of a sequence of random
variables concentrating about a point. The event {|z, — z| < §} occurs when z, is within § of
the point z. Pr(]z, — z| <) is the probability of this event — that z, is within § of the point
z. Equation (5.1) states that this probability approaches 1 as the sample size n increases. The
definition of convergence in probability requires that this holds for any d. So for any small interval
about z the distribution of z, concentrates within this interval for large n.

You may notice that the definition concerns the distribution of the random variables z,, not
their realizations. Furthermore, notice that the definition uses the concept of a conventional (deter-
ministic) limit, but the latter is applied to a sequence of probabilities, not directly to the random
variables z,, or their realizations.

Two comments about the notation are worth mentioning. First, it is conventional to write the
convergence symbol as 2, where the “p” above the arrow indicates that the convergence is “in
probability”. You should try and adhere to this notation, and not simply write z, — z. Second,
it is important to include the phrase “as n — oo0” to be specific about how the limit is obtained.

A common mistake to confuse convergence in probability with convergence in expectation:

Ez, — Ez. (5.2)

They are related but distinct concepts. Neither (5.1) nor (5.2) implies the other.
To see the distinction it might be helpful to think through a stylized example. Consider a
discrete random variable z, which takes the value 0 with probability 1 —n~! and the value a,, # 0

with probability n=!, or

- % (5.3)

In this example the probability distribution of z,, concentrates at zero as n increases, regardless of
the sequence a,,. You can check that z, L,0asn — oo.
In this example we can also calculate that the expectation of z, is

Gn

Ez, = —
n



CHAPTER 5. AN INTRODUCTION TO LARGE SAMPLE ASYMPTOTICS 115

Despite the fact that z, converges in probability to zero, its expectation will not decrease to zero
unless a,, /n — 0. If a,, diverges to infinity at a rate equal to n (or faster) then Ez, will not converge
to zero. For example, if a, = n, then Ez, = 1 for all n, even though z, 2, 0. This example might
seem a bit artificial, but the point is that the concepts of convergence in probability and convergence
in expectation are distinct, so it is important not to confuse one with the other.

Another common source of confusion with the notation surrounding probability limits is that
the expression to the right of the arrow * L. must be free of dependence on the sample size n.

Thus expressions of the form “z, —— ¢,” are notationally meaningless and should not be used.

5.4 'Weak Law of Large Numbers

In large samples we expect parameter estimates to be close to the population values. For
example, in Section 4.2 we saw that the sample mean 7 is unbiased for u = Ey and has variance
02 /n. As n gets large its variance decreases and thus the distribution of 7 concentrates about the
population mean p. It turns out that this implies that the sample mean converges in probability
to the population mean.

When y has a finite variance there is a fairly straightforward proof by applying Chebyshev’s
inequality.

Theorem 5.4.1 Chebyshev’s Inequality. For any random variable z,
and constant § > 0

Var(zn)‘

Pr(|zn — Bz, > 9) < 5

Chebyshev’s inequality is terrifically important in asymptotic theory. While its proof is a
technical exercise in probability theory, it is quite simple so we discuss it forthwith. Let F),(u)
denote the distribution of z, — Ez,. Then

Pr(|z, — Ez,| > 0) =Pr ((zn —Ez,)? > (52> = / dFy,(u).
{u?2>62}

2
The integral is over the event {u2 > 52}, so that the inequality 1 < % holds throughout. Thus

u? u? E(zn —Bzp)?  var(z,)
F, < — dFy, < — dF, = = 5
/{u2>62} dFn(u) < /{u2>52} 6?2 dFn(u) / 52 dFn(u) 52 92

which establishes the desired inequality.
Applied to the sample mean 7, Chebyshev’s inequality shows that for any 6 > 0

o2
Pr(jg — Ey| >9) < —.
r([7 - Byl >0) <
For fixed 02 and 6, the bound on the right-hand-side shrinks to zero as n — co. Thus the probability
that g is within ¢ of Ey = u approaches 1 as n gets large, or

lim Pr(jg—p| <6)=1.
n—oo
This means that § converges in probability to p as n — oo.

This result is called the weak law of large numbers. Our derivation assumed that y has a
finite variance, but with a more careful proof all that is necessary is a finite mean.
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Theorem 5.4.2 Weak Law of Large Numbers (WLLN)
If y; are independent and identically distributed and Bl|y| < oo, then as
n — o,

I
yzﬁi;yi L5 E(y).
1=

The proof of Theorem 5.4.2 is presented in Section 5.14.
The WLLN shows that the estimator 3 converges in probability to the true population mean .
In general, an estimator which converges in probability to the population value is called consistent.

Definition 5.4.1 An estimator 0 of a parameter 0 is consistent z'fé 2.9
as n — oo.

Theorem 5.4.3 If y; are independent and identically distributed and
Ely| < oo, then i =7 is consistent for the population mean p.

Consistency is a good property for an estimator to possess. It means that for any given data
distribution, there is a sample size n sufficiently large such that the estimator 6 will be arbitrarily
close to the true value 6 with high probability. The theorem does not tell us, however, how large
this n has to be. Thus the theorem does not give practical guidance for empirical practice. Still,
it is a minimal property for an estimator to be considered a “good” estimator, and provides a
foundation for more useful approximations.

5.5 Almost Sure Convergence and the Strong Law™

Convergence in probability is sometimes called weak convergence. A related concept is
almost sure convergence, also known as strong convergence. (In probability theory the term
“almost sure” means “with probability equal to one”. An event which is random but occurs with
probability equal to one is said to be almost sure.)

Definition 5.5.1 A random wvariable z, € R converges almost surely
to z as n — 0o, denoted z, == z, if for every § > 0

Pr (T}E{}o 2 — 2| < 5) ~1. (5.4)

The convergence (5.4) is stronger than (5.1) because it computes the probability of a limit
rather than the limit of a probability. Almost sure convergence is stronger than convergence in
probability in the sense that z, — z implies z, 2, 2.
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In the example (5.3) of Section 5.3, the sequence z, converges in probability to zero for any
sequence a,, but this is not sufficient for z, to converge almost surely. In order for z, to converge
to zero almost surely, it is necessary that a, — 0.

In the random sampling context the sample mean can be shown to converge almost surely to
the population mean. This is called the strong law of large numbers.

Theorem 5.5.1 Strong Law of Large Numbers (SLLN)
If y; are independent and identically distributed and E|y| < oo, then as
n — oo,

1< 5.
U:E;%&E(y)-
1=

The proof of the SLLN is technically quite advanced so is not presented here. For a proof see
Billingsley (1995, Section 22) or Ash (1972, Theorem 7.2.5).

The WLLN is sufficient for most purposes in econometrics, so we will not use the SLLN in this
text.

5.6 Vector-Valued Moments

Our preceding discussion focused on the case where y is real-valued (a scalar), but nothing
important changes if we generalize to the case where y € R™ is a vector. To fix notation, the
elements of y are

Y1
Y2
Y= .
Ym
The population mean of y is just the vector of marginal means
E (y1)
E (y2)
p=E(y) = :

E (ym)

When working with random vectors y it is convenient to measure their magnitude by their
Fuclidean length or Euclidean norm

lyll = (W2 + - +12)"

In vector notation we have
2
lyll* = v'y.

It turns out that it is equivalent to describe finiteness of moments in terms of the Euclidean
norm of a vector or all individual components.

Theorem 5.6.1 For y € R™, E|y| < oo if and only if El|y;| < oo for
7=1,....,m.
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The m x m variance matrix of y is
V=var(y) =B ((y—p) (y—n)).

V is often called a variance-covariance matrix. You can show that the elements of V are finite if

2
E|lyl” < oc.
A random sample {y;, ..., ¥y, } consists of n observations of independent and identically distrib-

uted draws from the distribution of y. (Each draw is an m-vector.) The vector sample mean

Y1

I Ya
Y= gzyz = .
=1 _'

Ym

is the vector of sample means of the individual variables.

Convergence in probability of a vector can be defined as convergence in probability of all ele-
ments in the vector. Thus § —— p if and only if g; 2, pj for j = 1,...,m. Since the latter holds
if E|y;| < oo for j =1,...,m, or equivalently E ||y|| < oo, we can state this formally as follows.

Theorem 5.6.2 Weak Law of Large Numbers (WLLN) for ran-

dom vectors
If y,; are independent and identically distributed and B ||y|| < oo, then as

n — 00,

1 n »
— ' E(v).
y—_nzglyz_ > E(y)

5.7 Convergence in Distribution

The WLLN is a useful first step, but does not give an approximation to the distribution of an
estimator. A large-sample or asymptotic approximation can be obtained using the concept of
convergence in distribution.

Definition 5.7.1 Let z, be a random wvector with distribution F,(u) =
Pr(z, < u). We say that z,, converges in distribution to z as n — oo,
denoted z, — z, if for all w at which F(u) = Pr(z < u) is continuous,
F.(u) — F(u) as n — oc.

When z, 4, z, it is common to refer to z as the asymptotic distribution or limit distri-
bution of z,.

When the limit distribution z is degenerate (that is, Pr(z = ¢) = 1 for some ¢) we can write
the convergence as z, A, ¢, which is equivalent to convergence in probability, z, e

The typical path to establishing convergence in distribution is through the central limit theorem
(CLT), which states that a standardized sample average converges in distribution to a normal
random vector.
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Theorem 5.7.1 Lindeberg—Lévy Central Limit Theorem (CLT). If
y, are independent and identically distributed and B ||y|*> < oo, then as
n — oo

(y; — 1) -5 N(0, V)

1 n
=1

\/ﬁ(ﬂ—H)ZT

S

)

where p =By and V=E ((y — p) (y — p)") .

The standardized sum z,, = /n (g,, — p) has mean zero and variance V. What the CLT adds is
that the variable z,, is also approximately normally distributed, and that the normal approximation
improves as n increases.

The CLT is one of the most powerful and mysterious results in statistical theory. It shows that
the simple process of averaging induces normality. The first version of the CLT (for the number
of heads resulting from many tosses of a fair coin) was established by the French mathematician
Abraham de Moivre in an article published in 1733. This was extended to cover an approximation
to the binomial distribution in 1812 by Pierre-Simon Laplace in his book Théorie Analytique des
Probabilités, and the most general statements are credited to articles by the Russian mathematician
Aleksandr Lyapunov (1901) and the Finnish mathematician Jarl Waldemar Lindeberg (1920, 1922).
The above statement is known as the classic (or Lindeberg-Lévy) CLT due to contributions by
Lindeberg (1920) and the French mathematician Paul Pierre Lévy.

A more general version which does not require the restriction to identical distributions was
provided by Lindeberg (1922).

Theorem 5.7.2 Lindeberg Central Limit Theorem (CLT). Suppose

that y; are independent but not necessarily identically distributed with finite

means p; = By; and variances o = E (y; — wi)?. Set 12 = S o2 If for

alle >0 .
m =S B - -l 2en) =0 (55)
n =1
then .
> (= ) LN,
=1

Equation (5.5) is known as Lindeberg’s condition. A standard method to verify (5.5) is via
Lyapunov’s condition: For some § > 0

. 1 < 246
Jim ) ; E(yi —pa)™" =0. (5.6)

It is easy to verify that (5.6) implies (5.5), and (5.6) is often easy to verify. For example, if
sup; B (y; — 11i)® < k < 0o and inf; 02 > ¢ > 0 then

1 3 nK
—= D B(yi—p) < —=5—0
v Z; ( ) (nc)?’/2

so (5.6) is satisfied.
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5.8 Higher Moments

Often we want to estimate a parameter p which is the expected value of a transformation of a
random vector y. That is, p can be written as

p=Eh (y)

for some function h : R™ — R*. For example, the second moment of y is Ey?, the k’th is Ey*, the

moment generating function is Eexp (ty), and the distribution function is E1{y < z}.
Estimating parameters of this form fits into our previous analysis by defining the random

variable z = h (y) for then g = Ez is just a simple moment of z. This suggests the moment

estimator
n

1o 1
oh=— Z; = — h i) .
= ; - ; (9s)
For example, the moment estimator of Ey* is n =1 S yf, that of the moment generating function
is n= 13" exp (ty;), and for the distribution function the estimator is n=t 3" | 1{y; < x}
Since p is a sample average, and transformations of iid variables are also iid, the asymptotic
results of the previous sections immediately apply.

Theorem 5.8.1 If y; are independent and identically distributed, p =
Eh (y), and E||h(y)|| < oo, then for fi = 137  h(y;), as n — oo,

ﬁLu.

Theorem 5.8.2 If y; are independent and identically distributed, p =
EBh(y), and B[k (y)||* < oo, then for i =231 h(y;), as n — oo,

V(- p) -5 N(0,V)

where V=B ((h(y) — p) (h(y) —p)’) -

Theorems 5.8.1 and 5.8.2 show that the estimate @ is consistent for g and asymptotically
normally distributed, so long as the stated moment conditions hold.

A word of caution. Theorems 5.8.1 and 5.8.2 give the impression that it is possible to estimate
any moment of y. Technically this is the case so long as that moment is finite. What is hidden
by the notation, however, is that estimates of high order momnets can be quite imprecise. For
example, consider the sample 8" moment jig = %Z?:l y?, and suppose for simplicity that y is
N(0,1). Then we can calculate! that var (jig) = n~1645,015, which is huge, even for large n! In
general, higher-order moments are challenging to estimate because their variance depends upon
even higher moments which can be quite large in some cases.

!By the formula for the variance of a mean var (fis) = n~" (Eyl6 — (Ey8)2) . Since y is N(0,1), Ey'® = 15! =
2,027,025 and Ey® = 7!! = 105 where k!! = k(k — 2) - is the double factorial for odd k.
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5.9 Functions of Moments

We now expand our investigation and consider estimation of parameters which can be written
as a continuous function of g = Eh (y). That is, the parameter of interest can be written as

B=g(n) =g(Eh(y) (5.7)

for some functions g : R¥ — R? and h : R — RF.
As one example, the geometric mean of wages w is

7 = exp (B (log (w))) - (5-8)
This is (5.7) with g(u) = exp (u) and h(w) = log(w).
A simple yet common example is the variance
o? = E (w — Bw)?
= Ew? — (Ew)?.

This is (5.7) with

and
g (p1, p2) = p2 — 43

Similarly, the skewness of the wage distribution is

ok = E(w — Ew)? .
o\ 3/2
(E (w — Ew) )
This is (5.7) with
w
h(w) = | w?
w3
and 5 03
pi3 — 3piap + 24
9 (1, pz, i) = ==L (5.9)
(B2 = 1d)

The parameter 3 = g (u) is not a population moment, so it does not have a direct moment
estimator. Instead, it is common to use a plug-in estimate formed by replacing the unknown p
with its point estimate g and then “plugging” this into the expression for 3. The first step is

1
m= " Z h(y;)
i=1
and the second step is R
B=g(n).
Again, the hat “~” indicates that B is a sample estimate of 3.
For example, the plug-in estimate of the geometric mean  of the wage distribution from (5.8)
is
7 = exp()
with
i =

Z log (wage;) .
i=1
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The plug-in estimate of the variance is

1 (1 " 2
=23t (13 0)
o w; w;

ni:l ni:l

n

= %Z (wl —E)Q .
i=1

and that for the skewness is
— i3 — 3figf1 + 23
sk =
~ ~9 3/2
(M2 - Ml)
—\3
% Z?:l (w; — W)

(% Z?:I (wi _ E)2> 3/2

where
n
~ 1 j
Hi =~ E ,wz
n 4
=1

A useful property is that continuous functions are limit-preserving.

Theorem 5.9.1 Continuous Mapping Theorem (CMT). If z, = ¢
asn — 0o and g (-) is continuous at ¢, then g(z,) — g(c) as n — oo.

The proof of Theorem 5.9.1 is given in Section 5.14.
For example, if z, - ¢ as n — oo then

P
Znta—c+a

p
azy, — ac

P
2222

2

as the functions g (u) = u + a, g (u) = au, and g (u) = u*® are continuous. Also

a p @
- =2,
Zn C

if ¢ # 0. The condition ¢ # 0 is important as the function g(u) = a/u is not continuous at u = 0.
If y, are independent and identically distributed, p = Eh (y), and E ||k (y)|| < oo, then for

fi=15" h(y;),asn— oo, i = p. Applying the CMT, B = g (fi) - g () = 3.

Theorem 5.9.2 If y, are independent and identically distributed, B3 =
g(EhR(y)), E|h(y)| < oo, and g(u) is continuous at u = p, then for

B=g(FTiih(y), asn— oo, BB,

To apply Theorem 5.9.2 it is necessary to check if the function g is continuous at p. In our
first example g(u) = exp (u) is continuous everywhere. It therefore follows from Theorem 5.6.2 and

Theorem 5.9.2 that if E|log (wage)| < oo then as n — co, 7 —— 7.
In the example of the variance, g is continuous for all p. Thus if Ew? < oo then as n — oo,
52 2, 52,

In our third example g defined in (5.9) is continuous for all p such that var(w) = us — u? > 0,
which holds unless w has a degenerate distribution. Thus if E |w\3 < oo and var(w) > 0 then as

— )
n — oo, sk — sk.
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5.10 Delta Method

In this section we introduce two tools — an extended version of the CMT and the ]/)\elta Method
— which allow us to calculate the asymptotic distribution of the parameter estimate (3.

We first present an extended version of the continuous mapping theorem which allows conver-
gence in distribution.

Theorem 5.10.1 Continuous Mapping Theorem
If z, 4, 2 asn — oo and g : R™ — R* has the set of discontinuity points
Dy such that Pr(z € Dy) =0, then g(zy) <, g(z) as n — oo.

For a proof of Theorem 5.10.1 see Theorem 2.3 of van der Vaart (1998). It was first proved by
Mann and Wald (1943) and is therefore sometimes referred to as the Mann-Wald Theorem.

Theorem 5.10.1 allows the function g to be discontinuous only if the probability at being at a
discontinuity point is zero. For example, the function g(u) = u~! is discontinuous at u = 0, but if
PR ~N(0,1) then Pr(z =0) =0so z,! 4, 1

A special case of the Continuous Mapping Theorem is known as Slutsky’s Theorem.

Theorem 5.10.2 Slutsky’s Theorem

d p
If zp, — z and ¢, — ¢ as n — o0, then

1. zn+cni>z+c

d
2. zpCnh — ZC

3. z—”i>§z'fc;éo

Cn

Even though Slutsky’s Theorem is a special case of the CMT, it is a useful statement as it
focuses on the most common applications — addition, multiplication, and division.

Despite the fact that the plug-in estimator 3 is a function of g for which we have an asymptotic
distribution, Theorem 5.10.1 does not directly give us an asymptotic distribution for 8. This is
because 3 = g (u) is written as a function of g, not of the standardized sequence \/n (pt — ).
We need an intermediate step — a first order Taylor series expansion. This step is so critical to
statistical theory that it has its own name — The Delta Method.

Theorem 5.10.3 Delta Method:

If V/n(p— ) LN &, where g(u) is continuously differentiable in a neigh-
borhood of p then as n — oo

Vin(g (@) — g(w) —= G’ (5.10)
where G(u) = a%g(u)' and G = G(w). In particular, if € ~ N (0, V) then

V(g (@) — g(w) =N (0,G'VG). (5.11)
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The Delta Method allows us to complete our derivation of the asymptotic distribution of the
estimator 3 of 3.

By combining Theorems 5.8.2 and 5.10.3 we can find the asymptotic distribution of the plug-in
estimator 3.

Theorem 5.10.4 If y, are independent and identically distributed, p =
Eh(y), 8= g(n), E|h(y)|? < oo, and G (u) = (;iug(u)' is continuous
in a neighborhood of p, then for B = g (% S h(y)), asn— oo

Jn (B _ [3) 4. N(0,GVG)

where V=E ((h(y) — p) (b (y) — p)’) and G = G(p).

Theorem 5.9.2 established the consistency of ,@ for 3, and Theorem 5.10.4 established its asymp-
totic normality. It is instructive to compare the conditions required for these results. Consistency
required that h (y) have a finite mean, while asymptotic normality requires that this variable have a
finite variance. Consistency required that g(u) be continuous, while asymptotic normality required
that g(u) be continuously differentiable.

5.11 Stochastic Order Symbols

It is convenient to have simple symbols for random variables and vectors which converge in
probability to zero or are stochastically bounded. In this section we introduce some of the most
commonly found notation.

It might be useful to review the common notation for non-random convergence and boundedness.
Let z,, and a,, n = 1,2, ..., be a non-random sequences. The notation

xn = o(1)
(pronounced “small oh-one”) is equivalent to x,, — 0 as n — oo. The notation

T = o(ap)

Lo, — 0 as n — oo. The notation

is equivalent to a,,
xn, = O(1)

(pronounced “big oh-one”) means that x, is bounded uniformly in n : there exists an M < oo such
that |z,| < M for all n. The notation
zn = O(ay)

is equivalent to a, 'z, = O(1).
We now introduce similar concepts for sequences of random variables. Let z, and a,, n = 1,2, ...
be sequences of random variables. (In most applications, a,, is non-random.) The notation
zn = 0p(1)

(“small oh-P-one”) means that z, 2,0 as n — oo. We also write

Zn = Op(an)
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if a, 12, = 0p(1). For example, for any consistent estimator B for B we can write

B =B+ o0y(1).
Similarly, the notation z, = O,(1) (“big oh-P-one”) means that z, is bounded in probability.
Precisely, for any € > 0 there is a constant M. < oo such that

limsup Pr (|z,| > M) <e.

n—oo

Furthermore, we write
zn = Op(an)

if a,l2, = Op(1).

Op(1) is weaker than o,(1) in the sense that z, = op(1) implies z, = O,(1) but not the reverse.
However, if 2z, = Op(ay,) then z, = 0,(by) for any b,, such that a,/b, — 0.

If a random vector converges in distribution zy, <, 2 (for example, if z ~ N(0,V)) then
zn = Op(1). It follows that for estimators @ which satisfy the convergence of Theorem 5.10.4 then
we can write

B=B+0,n1?).

In words, this statement says that the estimator B equals the true coefficient 3 plus a random
component which is shrinking to zero at the rate n~/2.

Another useful observation is that a random sequence with a bounded moment is stochastically
bounded.

Theorem 5.11.1 If z, is a random vector which satisfies
E || 2a]|° = O (an)
for some sequence a, and § > 0, then
Zn = Op(arlz/(s)-

1/9)

Similarly, B || zn||° = o (an) implies 2, = op(an

This can be shown using Markov’s inequality (B.21). The assumptions imply that there is some

M < oo such that E || z,||° < Ma,, for all n. For any ¢ set B = <—> . Then
€

_ Ma €
Pr(a;"% |zall > B) = Px <||an5 > = ”) < 3rBlanl’ <<
as required.
There are many simple rules for manipulating 0, (1) and Op(1) sequences which can be deduced
from the continuous mapping theorem or Slutsky’s Theorem. For example,
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5.12 Uniform Stochastic Bounds*

For some applications it can be useful to obtain the stochastic order of the random variable

oax [yl
This is the magnitude of the largest observation in the sample {yi, ..., y,}. If the support of the
distribution of y; is unbounded, then as the sample size n increases, the largest observation will
also tend to increase. It turns out that there is a simple characterization.

Theorem 5.12.1 Assume y; are independent and identically distributed.
IfE|y|" < oo, then as n — oo

—1/r P
n oax. lyi| — 0. (5.12)

If Eexp(ty) < oo for all t < oo, then

(logn)~* max lyi| 2= 0. (5.13)

The proof of Theorem 5.12.1 is presented in Section 5.14.
Equivalently, (5.12) can be written as

] 1/r
max [yi| = op(n'") (5.14)
and (5.13) as
ax [yi| = op(logn). (5.15)

Equation (5.12) says that if y has 7 finite moments, then the largest observation will diverge
at a rate slower than n!'/". As r increases this rate decreases. Equation (5.13) shows that if we
strengthen this to y having all finite moments and a finite moment generating function (for example,
if y is normally distributed) then the largest observation will diverge slower than logn. Thus the
higher the moments, the slower the rate of divergence.

To simplify the notation, we write (5.14) as y; = op(nl/r) uniformly in 1 <4 < n, and similarly
(5.15) as y; = op(logn), uniformly in 1 < ¢ < n. It is important to understand when the O, or o,
symbols are applied to subscript ¢ random variables whether the convergence is pointwise in 4, or
is uniform in 4 in the sense of (5.14)-(5.15).

Theorem 5.12.1 applies to random vectors. If E ||y||" < oo then

1 = o (nt/T
g%xnllyzll op(n'"),

and if Eexp(t'y) < oo for all ||¢|| < co then

—1 p
(logn) gg\lyill — 0. (5.16)
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5.13 Semiparametric Efficiency

In this section we argue that the sample mean g and plug-in estimator B = g () are efficient
estimators of the parameters u and 3. Our demonstration is based on the rich but technically
challenging theory of semiparametric efficiency bounds. An excellent accessible review has been
provided by Newey (1990). We will also appeal to the asymptotic theory of maximum likelihood
estimation (see Section B.11). R

We start by examining the sample mean u, for the asymptotic efficiency of 3 will follow from
that of f.

Recall, we know that if E|/y||> < oo then the sample mean has the asymptotic distribution

Vn(p—p) 4N (0, V). We want to know if g is the best feasible estimator, or if there is another
estimator with a smaller asymptotic variance. While it seems intuitively unlikely that another
estimator could have a smaller asymptotic variance, how do we know that this is not the case?
When we ask if 1 is the best estimator, we need to be clear about the class of models — the class
of permissible distributions. For estimation of the mean p of the distribution of y the broadest
conceivable class is £1 = {F': E||y|| < oo}. This class is too broad n for our current purposes, as

B is not asymptotically N (0, V) for all F' € £;. A more realistic choice is Lo = {F E|yl? < oo}

— the class of finite-variance distributions. When we seek an efficient estimator of the mean g in
the class of models L2 what we are seeking is the best estimator, given that all we know is that
F e 52.

To show that the answer is not immediately obvious, it might be helpful to review a set-
ting where the sample mean is inefficient. Suppose that y € R has the double exponential den-
sity f(y|p) = 27Y%exp (= |y — p|V2). Since var(y) = 1 we see that the sample mean sat-

isfies \/n (i — ) LR N(0,1). In this model the maximum likelihood estimator (MLE) f for
1 is the sample median. Recall from the theory of maximum likelhood that the MLE satisfies

V(i —p) 4N (0, (ESQ)_1> where S = 8% log f (y | 1) = —v/2sgn (y — p) is the score. We can

calculate that ES? = 2 and thus conclude that /n (ji — ) 4N (0,1/2) . The asymptotic variance
of the MLE is one-half that of the sample mean. Thus when the true density is known to be double
exponential the sample mean is inefficient.

But the estimator which achieves this improved efficiency — the sample median — is not generi-
cally consistent for the population mean. It is inconsistent if the density is asymmetric or skewed.
So the improvement comes at a great cost. Another way of looking at this is that the sample
median is efficient in the class of densities {f (y | p) = 2-1/2 exp (= ly — pl \/5)} but unless it is
known that this is the correct distribution class this knowledge is not very useful.

The relevant question is whether or not the sample mean is efficient when the form of the
distribution is unknown. We call this setting semiparametric as the parameter of interest (the
mean) is finite dimensional while the remaining features of the distribution are unspecified. In the
semiparametric context an estimator is called semiparametrically efficient if it has the smallest
asymptotic variance among all semiparametric estimators.

The mathematical trick is to reduce the semiparametric model to a set of parametric “submod-
els”. The Cramer-Rao variance bound can be found for each parametric submodel. The variance
bound for the semiparametric model (the union of the submodels) is then defined as the supremum
of the individual variance bounds.

Formally, suppose that the true density of y is the unknown function f(y) with mean p = Ey =
[ yf(y)dy. A parametric submodel 7 for f(y) is a density f, (y | @) which is a smooth function of
a parameter @, and there is a true value g such that f, (y | 89) = f(y). The index 7 indicates the
submodels. The equality f, (y | 80) = f(y) means that the submodel class passes through the true
density, so the submodel is a true model. The class of submodels 1 and parameter 8y depend on
the true density f. In the submodel f; (y | ), the mean is u, (0) = [yf, (y | 8) dy which varies
with the parameter 8. Let n € X be the class of all submodels for f.
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Since each submodel 7 is parametric we can calculate the efficiency bound for estimation of g
within this submodel. Specifically, given the density f, (y | €) its likelihood score is

0
= =5 log £, (y | 60)

Sy
-1
so the Cramer-Rao lower bound for estimation of 8 is (ESnS:7> . Defining M,, = 8%“7)(00), ,
by Theorem B.11.5 the Cramer-Rao lower bound for estimation of g within the submodel 7 is
-1
vV, =M, (ES,S;) M,

As V, is the efficiency bound for the submodel class f, (y | @), no estimator can have an
asymptotic variance smaller than V, for any density f, (y | €) in the submodel class, including the
true density f. This is true for all submodels 7. Thus the asymptotic variance of any semiparametric
estimator cannot be smaller than V, for any conceivable submodel. Taking the supremum of the
Cramer-Rao bounds lower from all conceivable submodels we define?

V =supV,.
neN

The asymptotic variance of any semiparametric estimator cannot be smaller than V, since it cannot
be smaller than any individual V;,. We call 'V the semiparametric asymptotic variance bound
or semiparametric efficiency bound for estimation of u, as it is a lower bound on the asymptotic
variance for any semiparametric estimator. If the asymptotic variance of a specific semiparametric
estimator equals the bound V we say that the estimator is semiparametrically efficient.

For many statistical problems it is quite challenging to calculate the semiparametric variance
bound. However, in some cases there is a simple method to find the solution. Suppose that
we can find a submodel 79 whose Cramer-Rao lower bound satisfies V,, = V,, where V, is
the asymptotic variance of a known semiparametric estimator. In this case, we can deduce that
V =V,, = V,. Otherwise there would exist another submodel 77; whose Cramer-Rao lower bound
satisfies V,,, < V,,, but this would imply V|, < V,,, which contradicts the Cramer-Rao Theorem.

We now find this submodel for the sample mean . Our goal is to find a parametric submodel
whose Cramer-Rao bound for p is V. This can be done by creating a tilted version of the true
density. Consider the parametric submodel

Fo(y160)=fly) 1+0V ! (y—p) (5.17)
where f(y) is the true density and p = Ey. Note that
/fn (y|0)dy = /J”(.v)cly+6”V‘1 /f(y) (y—p)dy=1

and for all 8 close to zero f,, (y | €) > 0. Thus f, (y | ) is a valid density function. It is a parametric
submodel since f, (y | 89) = f(y) when 6y = 0. This parametric submodel has the mean

w(0) = /yfn (y|6)dy

—/yﬂwmpg/ﬂwyw—NYV*aw
=pn+0

which is a smooth function of 6.

’Tt is not obvious that this supremum exists, as V', is a matrix so there is not a unique ordering of matrices.
However, in many cases (including the ones we study) the supremum exists and is unique.
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Since )
\a (y )
1+0'V (y—p)

0
5108 (1+ 0V (y—p)) =

it follows that the score function for @ is

)
%bgfn (y|0)=

;9 log fy (y | 60) = V' (y—p). (5.18)

By Theorem B.11.3 the Cramer-Rao lower bound for 0 is

Sy =

(E(S,5)) " = (V'E((y-w (y-w) V) =V (5.19)

The Cramer-Rao lower bound for pu(0) = p+ 0 is also V, and this equals the asymptotic variance
of the moment estimator 1. This was what we set out to show.

In summary, we have shown that in the submodel (5.17) the Cramer-Rao lower bound for
estimation of p is V which equals the asymptotic variance of the sample mean. This establishes
the following result.

Proposition 5.13.1 In the class of distributions F € Lo, the semipara-
metric variance bound for estimation of p is V = var(y;), and the sample
mean [1 is a semiparametrically efficient estimator of the population mean

.

We call this result a proposition rather than a theorem as we have not attended to the regularity
conditions.

It is a simple matter to extend this result to the plug-in estimator B = g(p). We know from
Theorem 5.10.4 that if B ||y||> < oo and g (w) is continuously differentiable at w = g then the plug-
in estimator has the asymptotic distribution /n (,@ — ,3) 4N (0, G'VGQG) . We therefore consider

the class of distributions

La2(g) = {F . ||y||? < oo, g(uw) is continuously differentiable at u = Ey}.

For example, if 8 = u1/ps where p; = Ey; and pg = Eys then La(g {F Ey? < oo, Eys < oo, and Byy # O}
For any submodel n the Cramer-Rao lower bound for estlmatlon of B =g(p)is GV,G by

Theorem B.11.5. For the submodel (5.17) this bound is G’ VG which equals the asymptotic variance

of B from Theorem 5.10.4. Thus B is semiparametrically efficient.

Proposition 5.13.2 In the class of distributions F' € La(g) the semi-
parametric variance bound for estimation of 3 = g(p) is G'VG, and the
plug-in estimator B = g () is a semiparametrically efficient estimator of

B.

The result in Proposition 5.13.2 is quite general. Smooth functions of sample moments are
efficient estimators for their population counterparts. This is a very powerful result, as most
econometric estimators can be written (or approximated) as smooth functions of sample means.
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5.14 Technical Proofs*

In this section we provide proofs of some of the more technical points in the chapter. These
proofs may only be of interest to more mathematically inclined.

Proof of Theorem 5.4.2: Without loss of generality, we can assume E(y;) = 0 by recentering y;
on its expectation.

We need to show that for all 6 > 0 and n > 0 there is some N < oo so that for all n > N,
Pr (|| > ) <n. Fix § and 7. Set € = dn/3. Pick C' < oo large enough so that

E(lyil 1 (Jyil > C)) < e (5.20)
(where 1 (-) is the indicator function) which is possible since E |y;| < co. Define the random variables
wi = yil (Jys| < C) = E (yil (|yi| < C))
zi = yil (Jyil > C) = E (yil (il > C))
so that
J=wW+Z

and
Ely| <E[w|+E|z|. (5.21)

We now show that sum of the expectations on the right-hand-side can be bounded below 3e.
First, by the Triangle Inequality (A.12) and the Expectation Inequality (B.15),

E|zi| = Elyil (Jyil > C) — E(yi1 (Jyil > C))
<Elyil (|lyil > O) + [E (il (lys| > C))
< 2E|yil (|lyi| > O]
< 2, (5.22)

and thus by the Triangle Inequality (A.12) and (5.22)

n
1 Z
n“

=1

E[z] = E

1 n
<= ;E 2] < 2e. (5.23)

Second, by a similar argument

lwil = lyil (Jyil < C) = E (wil (lys| < O))|
<yl (lyil < O) + [E (il (lys| < C))
<2yl (Jyil <O
<20 (5.24)

where the final inequality is (5.20). Then by Jensen’s Inequality (B.12), the fact that the w; are
iid and mean zero, and (5.24),
Ew?  4C?

E[w)? < E|w]? = — = < 5.25
(E[w])* < Ew| - —<¢ (5.25)

the final inequality holding for n > 4C?/e? = 36C2/6%n%. Equations (5.21), (5.23) and (5.25)
together show that
E[y] < 3¢ (5.26)

as desired.
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Finally, by Markov’s Inequality (B.21) and (5.26),

_ Elgl _ 3e
Pr(fy >6) < —4 <= =y,
r([gl>d) s —— <5 =1
the final equality by the definition of €. We have shown that for any § > 0 and n > 0 then for all
n > 36C?/5%n?, Pr(|y] > 6) < 7, as needed. [ |

Proof of Theorem 5.6.1: By Loéve’s ¢, Inequality (A.19)

1/2

m m
lyl =D vi | <D luil.
j=1 j=1

Thus if E |y;| < oo for j =1, ...,m, then

m
Eyl < Elyl < co.
j=1

For the reverse inequality, the Euclidean norm of a vector is larger than the length of any individual
component, so for any j, |y;| < ||y|| . Thus, if E||y| < oo, then E |y;| < oo for j =1, ..., m. [ |

Proof of Theorem 5.7.1: The moment bound Ey}y; < oo is sufficient to guarantee that the
elements of u and V are well defined and finite. Without loss of generality, it is sufficient to
consider the case pu = 0.

Our proof method is to calculate the characteristic function of \/ny,, and show that it converges
pointwise to the characteristic function of N (0, V). By Lévy’s Continuity Theorem (see Van der
Vaart (2008) Theorem 2.13) this is sufficient to established that\/ny,, converges in distribution to
N(0,V).

For A € R™, let C'(X) = Eexp (iXy;) denote the characteristic function of y; and set ¢ (A) =
log C(A). Since y; has two finite moments the first and second derivatives of C'(A) are continuous
in X\. They are

0 . .
ﬁC(A) =ik (yi exp (szi))
82 2 / -\ /
mC’(/\) = 1’E (y;y; exp (iX'y;)) -
When evaluated at A =0
c0)=1
iC’(O) =iE(y;) =0
ox - T Y=
T C0) = B (ul) =~V
Furthermore,
0 1 0
AN = N = C) 0N
9?2 1 9?2 o 0 0
caa(A) = mC(A) =C(A) 6)\6)\’0( ) —C(N) N (A) WC(A)
so when evaluated at A =0
c(0)=0
ex(0) =
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By a second-order Taylor series expansion of ¢(A) about A = 0,
1 1
c(A) = ¢(0) + cx(0)' X + 5)\'0)\)\()\*))\ = 5)\’0»\()\*))\ (5.27)
where A* lies on the line segment joining 0 and .

We now compute Cy,(A) = F exp (i)\'\/ﬁﬁn) , the characteristic function of \/ng,,. By the prop-
erties of the exponential function, the independence of the y;, the definition of ¢(A) and (5.27)

1y
log Cy,(A) = logE exp (1% ; A yi>
n 1 )
=logE H exp 17/\ Y,
= log H Eexp (1—Xyl>

1
= Z log E exp <i—)\/yi>
=1

(3)

1
= SN e ()

B

where A, lies on the line segment joining 0 and A/y/n. Since A, — 0 and cxx(A) is continuous,
exx(An) — exx(0) = — V. We thus find that as n — oo,

1
log Cp(A) — —§A'V)\
and .
Cr(X) — exp <—§A'V)\>
which is the characteristic function of the N (0, V) distribution. This completes the proof. |

Proof of Theorem 5.9.1: Since g is continuous at ¢, for all € > 0 we can find a § > 0 such
that if ||z, — ]| < ¢ then ||g(2z,) — g(¢)|| < e. Recall that A C B implies Pr(A) < Pr(B). Thus
Pr(||g(z,) —g(c)| <€) > Pr(||zn—¢| <) — 1 as n — oo by the assumption that z, —— ec.
Hence g(z,) = g(c) as n — oc. [ |

Proof of Theorem 5.10.3: By a vector Taylor series expansion, for each element of g,
9i(0n) = g;(0) + g;6(65,) (0, — 0)

where 0* lies on the line segment between 8,, and 8 and therefore converges in probability to 6.

It follows that ajn, = g;6(07,) — gje 250. Stacking across elements of g, we find

Vi (g(0,) — g(8)) = (G+a,) Vn (6, —0) - G (5.28)

The convergence is by Theorem 5.10.1, as G+ a, 4, G, /n (0, —0) 4, &, and their product is
continuous. This establishes (5.10)
When € ~ N (0, V), the right-hand-side of (5.28) equals

G¢=G'N(0,V)=N(0,GVG)
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establishing (5.11). [ |

Proof of Theorem 5.12.1: First consider (5.12). Take any § > 0. The event {maxi<j<y, |y;| > 5n1/r}

means that at least one of the |y;| exceeds dn'/", which is the same as the event (JI" ; {|yi| > (5n1/”}
or equivalently (J;; {|yi|" > 6"n} . Since the probability of the union of events is smaller than the

sum of the probabilities,

—1/r ) _ r r
Pr <n 1?%)(71‘%‘ > 6) =Pr (L_Jl {lyil" > ¢ n})

< ZPr(|yi|r > nd")
i—1
n

> B (yil 1 (|yil" > né")

=1

1 ' ™ T
= yE(|yi| L(lyi|" > nd"))

1
<
— no"

where the second inequality is the strong form of Markov’s inequality (Theorem B.22) and the final
equality is since the y; are iid. Since E |y|” < oo this final expectation converges to zero as n — oo.
This is because

Blul = [ ol dF(y) < o0

implies
Bl Ll > ) = [ ol aPw) —0 (5.20)
Y| >c

as ¢ — oo. This establishes (5.12).
Now consider (5.13). Take any ¢ > 0 and set ¢t = 1/4. By a similar calculation

Pr ((IOg n)~! max lyi| > 5) =Pr (U {exp [tyi| > exp (tJ log n)})

=1

n
<> Pr(exp[tys| > n)
i=1

< E(exp [ty| 1 (exp [ty| > n))

where the second line uses exp (tdlogn) = exp (logn) = n. The assumption Eexp(ty) < co means
E (exp|ty| 1 (exp |ty| > n)) — 0 as n — oo by the same argument as in (5.29). This establishes

(5.13). ®
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Exercises

Exercise 5.1 For the following sequences, find the liminf, limsup and limit (if it exists) as n — oo
1. ap,=1/n
. (T
2. a, = sin (§n>

1
3. a, = -~ sin (gn>

Exercise 5.2 A weighted sample mean takes the form 7* = %Zf‘:l w;y; for some non-negative
constants w; satisfying %Z?:l w; = 1. Assume y; is iid.

1. Show that 7* is unbiased for p = Ey;.

2. Calculate var(g*).

2

3. Show that a sufficient condition for y* 2, 1 is that # S wp — 0.

4. Show that a sufficient condition for the condition in part 3 is max;<, w; = o(n).

Exercise 5.3 Take a random variable Z such that EZ = 0 and var(Z) = 1. Use Chebyshev’s
inequality to find a ¢ such that Pr(]Z] > ) < 0.05. Contrast this with the exact § which solves
Pr(|Z| > 6) =0.05 when Z ~ N (0,1). Comment on the difference.

Exercise 5.4 Find the moment estimator fi of us = Ey? and show that /n (Jiz — us3) 4N (0,v?)
for some v2. Write v? as a function of the moments of y;.

Exercise 5.5 Suppose z, L, ¢ as n — oco. Show that 22 L, ¢ as n — oo without using the

definition of convergence in probability, without using the CMT.
Exercise 5.6 Suppose /n (11 — ) 4N (0,v?) and set 8 = p? and B= 02

1. Use the Delta Method to obtain an asymptotic distribution for /n (B\ — ﬁ) .

2. Now suppose i = 0. Describe what happens to the asymptotic distribution from the previous
part.

3. Improve on the previous answer. Under the assumption 4 = 0, find the asymptotic distribu-
tion for nf = npu?.

4. Comment on the differences between the answers in parts 1 and 3.



Chapter 6

Asymptotic Theory for Least Squares

6.1 Introduction

It turns out that the asymptotic theory of least-squares estimation applies equally to the pro-
jection model and the linear CEF model, and therefore the results in this chapter will be stated for
the broader projection model described in Section 2.18. Recall that the model is

yi = ;8 +e;
for ¢ =1, ...,n, where the linear projection 3 is
-1

Some of the results of this section hold under random sampling (Assumption 1.5.1) and finite
second moments (Assumption 2.18.1). We restate this condition here for clarity.

Assumption 6.1.1

1. The observations (y;, x;), i = 1,...,n, are independent and identically
distributed.

2. EBy? < 0.
3. Bllz|? < .

4. Que = E (xx') is positive definite.

Some of the results will require a strengthening to finite fourth moments.

Assumption 6.1.2 In addition to Assumption 6.1.1, Eyf‘ < oo and
E||zi||* < co.

135
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6.2 Consistency of Least-Squares Estimation

In this section we use the weak law of large numbers (WLLN, Theorem 5.4.2 and Theorem 5.6.2)
and continuous mapping theorem (CMT, Theorem 5.9.1) to show that the least-squares estimator
3 is consistent for the projection coefficient 3.

This derivation is based on three key components. First, the OLS estimator can be written as
a continuous function of a set of sample moments. Second, the WLLN shows that sample moments
converge in probability to population moments. And third, the CMT states that continuous func-
tions preserve convergence in probability. We now explain each step in brief and then in greater
detail.

First, observe that the OLS estimator

(1 (1 00
i=1 i=1

is a function of the sample moments Q,, = LS @iz} and @xy =15 Ty

Second, by an application of the WLLN these sample moments converge in probability to the
population moments. Specifically, the fact that (y;, ;) are mutually independent and identically
distributed implies that any function of (y;, ;) is iid, including z; &} and x;y;. These variables also
have finite expectations by Theorem 2.18.1.1. Under these conditions, the WLLN (Theorem 5.6.2)
implies that as n — oo,

~ 1 &
i=1
and
~ 1 & »
Q. = - Z_Zl Tiyi — B (Ziyi) = Qqy- (6.2)

Third, the CMT ( Theorem 5.9.1) allows us to combine these equations to show that B converges
in probability to 3. Specifically, as n — oo,

~ ~—1~
B = sz Q:cy
= Qi Quy
= 0. (6.3)
We have shown that B 2, 3, as n — o00. In words, the OLS estimator converges in probability to

the projection coefficient vector 3 as the sample size n gets large.
To fully understand the application of the CMT we walk through it in detail. We can write

B=g (@mw @m)

where g (A, b) = A7'b is a function of A and b. The function g (A, b) is a continuous function of
A and b at all values of the arguments such that A~! exists. Assumption 2.18.1 implies that QL
exists and thus g (A, b) is continuous at A = Q,,. This justifies the application of the CMT in
(6.3).

For a slightly different demonstration of (6.3), recall that (4.7) implies that

B - ﬁ = @;;rl @xe (64)

where

n
Q.=-
= — ;€.
xre n ‘ 1“1
=1
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The WLLN and (2.27) imply
Q.. —— E(mie;) = 0. (6.5)

Therefore

B-8=0Q.0Q.

which is the same as ,CA‘S’ 2. 8.

Theorem 6.2.1 Consistency of Least-Squares
~ ~ ~—1
Under Assumption 6.1.1, Que =~ Qups Quy = Quyy Que —— Quiy

(AQ:CGLO, andf‘i‘Lﬁaanoo.

Theorem 6.2.1 states that the OLS estimator B converges in probability to 8 as n increases,
and thus 3 is consistent for 3. In the stochastic order notation, Theorem 6.2.1 can be equivalently
written as

B=B+0y(1). (6.6)

To illustrate the effect of sample size on the least-squares estimator consider the least-squares
regression

In(Wage;) = f1Education; + Ba Experience; + B3 Experience? + By + €;.

We use the sample of 24,344white men from the March 2009 CPS. Randomly sorting the observa-
tions, and sequentially estimating the model by least-squares, starting with the first 5 observations,
and continuing until the full sample is used, the sequence of estimates are displayed in Figure 6.1.
You can see how the least-squares estimate changes with the sample size, but as the number of
observations increases it settles down to the full-sample estimate 3 = 0.114.

6.3 Asymptotic Normality

We started this chapter discussing the need for an approximation to the distribution of the OLS
estimator 3. In Section 6.2 we showed that 3 converges in probability to 3. Consistency is a good
first step, but in itself does not describe the distribution of the estimator. In this section we derive
an approximation typically called the asymptotic distribution.

The derivation starts by writing the estimator as a function of sample moments. One of the
moments must be written as a sum of zero-mean random vectors and normalized so that the central
limit theorem can be applied. The steps are as follows.

Take equation (6.4) and multiply it by /n. This yields the expression

n -1 n
vn (B - B) = (% ; zczzc;) (% ; :Bi@) : (6.7)

This shows that the normalized and centered estimator \/n (B — ﬁ) is a function of the sample

average % >, @iz, and the normalized sample average ﬁ > i, @ie;. Furthermore, the latter has
mean zero so the central limit theorem (CLT, Theorem 5.7.1) applies.
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Figure 6.1: The least-squares estimator Bl as a function of sample size n

The product x;e; is iid (since the observations are iid) and mean zero (since E (x;e;) = 0).
Define the k x k covariance matrix
Q =E (z;zje?) . (6.8)

We require the elements of € to be finite, written 2 < co. By the Expectation Inequality (B.15),
1] < Bljzizie}|| = B|@ie|* = B || ef

or equivalently that B ||z;e;]|* < oo. Using||zie;||* = |lz:]|* €2 and the Cauchy-Schwarz Inequality
(B.17),

1/2
120 < B |[@iaied|| = Bllzicil” =B (ol e?) < (Bllei]*) " (Bel)" (6.9)
which is finite if x; and e; have finite fourth moments. As e; is a linear combination of y; and x;,

it is sufficient that the observables have finite fourth moments (Theorem 2.18.1.6). We can then
apply the CLT (Theorem 5.7.1).

Theorem 6.3.1 Under Assumption 6.1.2,

2] <B|[@iei]|* < oo (6.10)
and
1 & d
—= Y mie; > N(0,Q) (6.11)
\/ﬁ =1
as n — OQ.

Putting together (6.1), (6.7), and (6.11),

Vi (B-B) = Qi N(0,9)
N (0, Q. 0Q,.)
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as n — 0o, where the final equality follows from the property that linear combinations of normal
vectors are also normal (Theorem B.9.1).

We have derived the asymptotic normal approximation to the distribution of the least-squares
estimator.

Theorem 6.3.2 Asymptotic Normality of Least-Squares Estima-
tor
Under Assumption 6.1.2, as n — oo

Vi (B -B) -5 N (0, Vp)

where
Vi = Q.. 2Q,,, (6.12)
Q.. = E(z;z}), and Q =E (z;z}e?) .

In the stochastic order notation, Theorem 6.3.2 implies that

B=B+0,(n""? (6.13)
which is stronger than (6.6).
The matrix Vg = Q,,QQ,. is the variance of the asymptotic distribution of v/n (B - ﬁ) .

Consequently, Vg is often referred to as the asymptotic covariance matrix of B The expression
Vg = Q.10Q;,} is called a sandwich form, as the matrix € is sandwiched between two copies of
Qua-

It is useful to compare the variance of the asymptotic distribution given in (6.12) and the
finite-sample conditional variance in the CEF model as given in (4.12):

vy —var (B]X) = (X'X) (X'DX) (X'X) .

5 (6.14)

Notice that VE‘ is the exact conditional variance of B and Vg is the asymptotic variance of

n (B —3). Thus should be (roughly) n times as large as V4, or ~ nV5. Indeed,
B —pB). Thus Vg should b hl 1 \% Vg Vs 1 deed
multiplying (6.14) by n and distributing, we find

1o, (1o, 1,0\ "
nVE: -X'X - X'DX - X'X
n n n

which looks like an estimator of V. Indeed, as n — oo
nVE L Vﬁ.

The expression VB is useful for practical inference (such as computation of standard errors and

tests) since it is the variance of the estimator B , while Vg is useful for asymptotic theory as it
is well defined in the limit as n goes to infinity. We will make use of both symbols and it will be
advisable to adhere to this convention.
There is a special case where 2 and Vg simplify. We say that e; is a Homoskedastic Pro-
jection Error when
cov(z;x}, e?) = 0. (6.15)
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Figure 6.2: Density of Normalized OLS estimator with Double Pareto Error

Condition (6.15) holds in the homoskedastic linear regression model, but is somewhat broader.
Under (6.15) the asymptotic variance formulae simplify as

Q=E (z;z)) E (¢]) = Q,,0° (6.16)
Vs = Q. 0Q;; = Q0" = Vy (6.17)

In (6.17) we define V% = Q.02 whether (6.15) is true or false. When (6.15) is true then Vg = V%,
otherwise Vg # V% We call V% the homoskedastic asymptotic covariance matrix.

Theorem 6.3.2 states that the sampling distribution of the least-squares estimator, after rescal-
ing, is approximately normal when the sample size n is sufficiently large. This holds true for all joint
distributions of (y;, ;) which satisfy the conditions of Assumption 6.1.2, and is therefore broadly
applicable. Consequently, asymptotic normality is routinely used to approximate the finite sample
distribution of /n (ﬁ - ﬁ) :

A difficulty is that for any fixed n the sampling distribution of B can be arbitrarily far from the
normal distribution. In Figure 5.1 we have already seen a simple example where the least-squares
estimate is quite asymmetric and non-normal even for reasonably large sample sizes. The normal
approximation improves as n increases, but how large should n be in order for the approximation
to be useful? Unfortunately, there is no simple answer to this reasonable question. The trouble
is that no matter how large is the sample size, the normal approximation is arbitrarily poor for
some data distribution satisfying the assumptions. We illustrate this problem using a simulation.
Let y; = p1x; + B2 + e; where z; is N(0,1), and e; is independent of z; with the Double Pareto
density f(e) = le| !, |e| > 1. If @ > 2 the error e; has zero mean and variance a/(a — 2).
As «a approaches 2, however, its variance diverges to infinity. In this context the normalized least-

squares slope estimator ,/nO‘T_Q (Bl — ﬁl> has the N(0,1) asymptotic distibution for any a > 2.

In Figure 6.2 we display the finite sample densities of the normalized estimator 4/ nO‘T*? Bl - b1,

setting n = 100 and varying the parameter . For a = 3.0 the density is very close to the N(0, 1)
density. As « diminishes the density changes significantly, concentrating most of the probability
mass around zero.
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Figure 6.3: Density of Normalized OLS estimator with error process (6.18)

Another example is shown in Figure 6.3. Here the model is y; = 8 + e; where

uj — B (uf)

]

(B - @)

and u; ~ N(0,1). We show the sampling distribution of \/n <§— [3) setting n = 100, for k = 1, 4,
6 and 8. As k increases, the sampling distribution becomes highly skewed and non-normal. The
lesson from Figures 6.2 and 6.3 is that the N(0, 1) asymptotic approximation is never guaranteed
to be accurate.

(6.18)

6.4 Joint Distribution

Theorem 6.3.2 gives the joint asymptotic distribution of the coefficient estimates. We can use
the result to study the covariance between the coefficient estimates. For example, suppose k = 2
and write the estimates as (1, 52). For simplicity suppose that the regressors are mean zero. Then

we can write )
Q i |: 09 pPo102 :|
xxr 2

pPo102 g5

where 01 and 02 are the variances of x1; and x9;, and p is their correlatlon If the error is ho-
moskedastic, then the asymptotic variance matrix for (ﬁl, ﬁg) is V0 Q,.l0%. By the formula for
inversion of a 2 X 2 matrix,

—1_ 1 o3 —po102
o olo3(1—p?) | —po102 ot ‘

Thus if z1; and z9; are positively correlated (p > 0) then 1 and B are negatively correlated (and
vice-versa).

For illustration, Figure 6.4 displays the probability contours of the joint asymptotic distribution
of B1 — By and By — B when 8 = B2 = 0, 02 =03 =02 =1, and p = 0.5. The coefficient estimates
are negatively correlated since the regressors are positively correlated. This means that if ﬁl is
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Bz
0

Figure 6.4: Contours of Joint Distribution of (Bl, Bg), homoskedastic case

unusually negative, it is hkely that 52 is unusually positive, or conversely. It is also unlikely that
we will observe both 31 and (2 unusually large and of the same sign.

This finding that the correlation of the regressors is of opposite sign of the correlation of the coef-
ficient estimates is sensitive to the assumption of homoskedasticity. If the errors are heteroskedastic
then this relationship is not guaranteed.

This can be seen through a simple constructed example. Suppose that z1; and z9; only take
the values {—1,+41}, symmetrically, with Pr(x1; = 29; =1) = Pr(xy; =29, = —1) = 3/8, and
Pr(z1; = 1,29; = —1) = Pr(z1;, = —1,29; = 1) = 1/8. You can check that the regressors are mean
zero, unit variance and correlation 0.5, which is identical with the setting displayed in Figure 6.4.

Now suppose that the error is heteroskedastic. Specifically, suppose that E (e? | x1; = ZL‘QZ‘) =

Z and E (e? | z1; # $2i) = % You can check that E (e?) =1, E (:B%Ze%) = E (:L‘%ze?) = 1 and

E (a:lixgie%) = g Therefore

Vs = Q.. 0Q.,

1 7 1
9 | 1 -= 1 = 1 -=
_ 9 2 8 2
6 1 L 1y
8 2
1
411 7
:_14
3121
4

Thus the coefficient estimates 3; and fy are positively correlated (their correlation is 1/4.) The
joint probability contours of their asymptotic distribution is displayed in Figure 6.5. We can see
how the two estimates are positively associated.

What we found through this example is that in the presence of heteroskedasticity there is no
simple relationship between the correlation of the regressors and the correlation of the parameter
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Figure 6.5: Contours of Joint Distribution of Bl and Bg, heteroskedastic case

estimates.
We can extend the above analysis to study the covariance between coefficient sub-vectors. For
example, partitioning @} = (z},, 5;) and 8’ = (81, 8%) , we can write the general model as

yi = 1,81 + 28 + €

~/ ~/ ~/
and the coeflicient estimates as B = (ﬁl, B2> . Make the partitions

_ | Qu Qn | 211 Q2
wa a |: Q21 Q22 :| ’ = |: 921 922 :| ’ (619)
From (2.41)
Qfl — [ ?III.Q ) _Qil.Q(»)llQQggl ]
o — Q531 Q1 Q3 Q1

where Q110 = Qi1 — Q12Q5y Qa1 and Qg0 = Q9 — Qo1 Q' Q1. Thus when the error is ho-
moskedastic,

cov <31»B2> = —UzQﬁl.g Q12Q§21

which is a matrix generalization of the two-regressor case.
In the general case, you can show that (Exercise 6.5)

Vii Vi
Va= 6.20
o [ Vo1 Vao ] (6:20)
where
Vi = Q1_11.2 (Qll - Q12Q2_21921 — Q2 Q2_21 Q21 + Q12 Q2_21922Q2_21 Q21) Q1_11.2 (6-21)
Vo = Q2_21.1 (921 - Q21 Q1_11911 — Qa9 Q2_21 Q21 + Q21 (:-1)1_11912@22_21 Q21) Q1_11.2 (6-22)
Vaz = Qory (22 — Qu Q' Q2 — 221 Q11 Qua + @ Q' 211 Q11' Q) Q' (6.23)

Unfortunately, these expressions are not easily interpretable.
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6.5 Consistency of Error Variance Estimators

Using the methods of Section 6.2 we can show that the estimators 6% = 13" | €2 and s? =
pro k oy eZ are consistent for o2
The trick is to write the rebldual é; as equal to the error e; plus a deviation term

é =y —zi0
=e +x,8— 20

:ei—w; (B—,@)
Thus the squared residual equals the squared error plus a deviation
~ ~ ’ ~
¢ =2~ 2e,a, (B B) + (B~ B) wia} (B-8). (6.24)

So when we take the average of the squared residuals we obtain the average of the squared errors,
plus two terms which are (hopefully) asymptotically negligible.

ﬁ—ize—%:Z@><—-%{@ﬁyG§?M>@—@. (6.25)

=1

Indeed, the WLLN shows that

1 n

Ly

i

1 n

- Zeiw; 2B (eim;) =0
i=1

1 n

- Z z; T, LN o) (:131:13;) =Q,,
i=1

and Theorem 6.2.1 shows that B -2, 8. Hence (6.25) converges in probability to o2, as desired.
Finally, since n/(n — k) — 1 as n — oo, it follows that

n N
s2 = 52 L, 52
n—=k

Thus both estimators are consistent.

Theorem 6.5.1 Under Assumption 6.1.1, 52 L, 62 and s> 5 o2 as

n — OQ.

6.6 Homoskedastic Covariance Matrix Estimation

Theorem 6.3.2 shows that /n (B — B) is asymptotically normal with with asymptotic covari-

ance matrix Vg. For asymptotic inference (confidence intervals and tests) we need a consistent
estimate of Vg. Under homoskedasticity, Vg simplifies to VOB = Q;leQ, and in this section we
consider the simplified problem of estimating V%
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r_lilie standard moment estimator of Q. is @m defined in (6.1), and thus an estimator for Q!

is Q,,. Also, the standard estimator of o2 is the unbiased estimator s? defined in (4.21). Thus a
~0  ~-1
natural plug-in estimator for Voﬁ = Q. 0% is Vi =Q,, s
~0 ~

Consistency of Vg for V% follows from consistency of the moment estimates Q,, and s2, and
an application of the continuous mapping theorem Speciﬁcally, Theorem 6.2. 1 established that
Q.. 2, Q,., and Theorem 6.5.1 established s2 -~ 2. The function V = Q,.l0? is a continuous

function of Q,, and o2 so long as Q,, > 0, which holds true under Assumption 6 1.1.4. It follows
by the CMT that

Vo= Quus” - Qrlo® = Vi

~0
so that Vg is consistent for V%, as desired.

=0
Theorem 6.6.1 Under Assumption 6.1.1, Vg 2, VOB as n — oo.

It is instructive to notice that Theorem 6.6.1 does not require the assumption of homoskedastic-
=0
ity. That is, Vg is consistent for V% regardless if the regression is homoskedastic or heteroskedastic.
~ =0
However, V% = Vg = avar(8) only under homoskedasticity. Thus in the general case, Vg is con-
sistent for a well-defined but non-useful object.

6.7 Heteroskedastic Covariance Matrix Estimation

Theorems 6.3.2 established that the asymptotic covariance matrix of \/n (B — ﬁ) is Vg =
Q,.192Q,.. We now consider estimation of this covariance matrix without imposing homoskedas-
ticity. The standard approach is to use a plug-in estimator which replaces the unknowns with
sample moments.

As described in the previous section, a natural estimator for Q! is @;xl , Where @m defined in
(6.1).

The moment estimator for €2 is

PO A
Q= Zwiw'-ez (6.26)

Vs = Q,.0Q,,. (6.27)

You can check that ‘A/;V = nf/g/ where ‘A/%V is the White covariance matrix estimator introduced

n (4.28).

As shown in Theorem 6.2.1, Qm 2, Qm, so we just need to Verify the consistency of €.
The key is to replace the squared residual é? with the squared error €2, and then show that the
difference is asymptotically negligible.

Specifically, observe that

—Zm xhe? + — Zmz &7 —e?). (6.28)
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The first term is an average of the iid random variables x;x.e?, and therefore by the WLLN

converges in probability to its expectation, namely,

1 n
— g x; e 2, E( :c’62) = Q.
n

i=1

7,2’

Technically, this requires that €2 has finite elements, which was shown in (6.10).
So to establish that € is consistent for €2 it remains to show that

= "zl (2 - ) 0. (6.29)

There are multiple ways to do this. A reasonable straightforward yet slightly tedious derivation is
to start by applying the Triangle Inequality (A.12)

Zm & ZHM @)
_ = 112
—n;uw@u

Then recalling the expression for the squared residual (6.24), apply the Triangle Inequality and
then the Schwarz Inequality (A.10) twice

e —el. (6.30)

é2_e2| <2lex (B—,B)‘—i— <B—ﬁ),:c7;:z:; (B—ﬁ)
= 21eil[of (3-8)| +| (B ) =
< 2leal il |B - ]| + il B - 8] (6:31)

Combining (6.30) and (6.31), we find

sz & - 2 z(%gumiu%y)HB—ﬂH+<%gumiu4)HB—ﬁHQ

= 0,(1). (6.32)

The expression is op(1) becauseH B - B H 2, 0 and both averages in parenthesis are averages of

random variables with finite mean under Assumption 6.1.2 (and are thus O,(1)). Indeed, by
Holder’s Inequality (B.16)

E(Hwinﬂen)s(E(||a:irr?’)4/3)3/4(Eez>1/4 (Bllai))”" (Bet) ' < o0

We have established (6.29), as desired.

Theorem 6.7.1 Under Assumption 6.1.2, as n — 00, Q-2 Q and

For an alternative proof of this result, see Section 6.21.
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6.8 Summary of Covariance Matrix Notation

The notation we have introduced may be somewhat confusing so it is helpful to write it down

in one place. The exact variance of ,@ and the asymptotic variance of \/n (,@ — ,6) are

Vp=var (B]X) = (X'X)” (X'DX) (X'X) "

Vg = avar (x/ﬁ (B - ﬁ)) = Q.. 2Q;,

The White estimates of these two covariance matrices are

n
f/Zc,V - (x'x)"" (E mim;éZ?) (x'x)™"
=1

and satisfy the simple relationship

Similarly, under the assumption of homoskedasticity the exact and asymptotic variances simplify
to

Ve = (X'X) "o

Vi = Q.00

and their standard estimators are

which also satisfy the relationship
=0 =0
The exact formula and estimates are useful when constructing test statistics and standard errors,
as in practice we are interested in the covariance matrix of the estimates 3, not in the asymptotic
variance. However, for theoretical purposes the asymptotic formula (variances and their estimates)

are more useful, as these retain non-generate limits as the sample sizes diverge. That is why both
sets of notation are useful.

6.9 Alternative Covariance Matrix Estimators*

W W W
In Section 6.7 we introduced Vg as an estimator of Vg. Vg is a scaled version of V3 from
Section 4.11, where we also introduced the alternative heteroskedasticity-robust covariance matrix
estimators VB’ VE‘ and VB' We now discuss the consistency properties of these estimators.

To do so we introduce their scaled versions, e.g. ‘A/'g = n‘A/'A, f/'g = n‘N/A, and V@ = nT/B.
These are (alternative) estimates of the asymptotic covariance matrix Vpg.

~ ~ ~ ~W ~W
First, consider Vig. Notice that Vig = nVj5 = ;25 Vg where Vg was defined in (6.27) and
shown consistent for Vig in Theorem 6.7.1. If £ is fixed as n — oo, then "+ — 1 and thus

-~ ~W
Vg =(1+0(1)Vg - Vg.

Thus ‘A/g is consistent for Vg.
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The alternative estimators {/B and Vg take the form (6.27) but with Q replaced by

- 1 &
Q= —Z(l—h”) zmlm 62
n =1
and .
— 1
Q EZ — ” $;€Z2,

=1

~.

respectively. To show that these estimators also consistent for Vg, given Q- Q, it is sufficient
to show that the differences © — Q and © — © converge in probability to zero as n — oo.
The trick is to use the fact that the leverage values are asymptotically negligible:

hy, = max hj; = op(1). (6.33)

1<i<n

(See Theorem 6.22.1 in Section 6.22).) Then using the Triangle Inequality

—ZH%
(E ; H:z:iH2é12> a-m)t 1),

The sum in parenthesis can be shown to be O,(1) under Assumption 6.1.2 by the same argument
as in in the proof of Theorem 6.7.1. (In fact, it can be shown to converge in probability to

E (||(B7,”26Z2) .) The term in absolute values is 0,(1) by (6.33). Thus the product is o,(1), which

means that = Q + op(1) — €.
Similarly,

<]
|

2
|/\

hi )‘1—1(

VAN

)21

-8 < 53 fweil 2
< (%aniu?é%> a-n)? -1
=1

= op(1).

Theorem 6.9.1 Under Assump_tion 6.1.2, asn — o0, Q-2 Q,Q 2, Q,
Vﬁ L Vﬁ, Vﬁ i) V[g, and Vﬁ L Vﬁ.

Theorem 6.9.1 shows that the alternative covariance matrix estimators are also consistent for
the asymptotic covariance matrix.

6.10 Functions of Parameters

Sometimes we are interested in a transformation of the coefficient vector 3 = (1, ..., Bx). For
example, we may be interested in a single coeflicient 3}, or a ratio 3;//;. In these cases we can write
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the transformation as a function of the coefficients, e.g. 8 = r(3) for some function r : R¥ — RY.
The estimate of 0 is

6 =r(B).

By the continuous mapping theorem (Theorem 5.9.1) and the fact ,@ -2, B we can deduce that
0 is consistent for 6.

Theorem 6.10.1 Under Assumption 6.1.1, if 7(8) is continuous at the
true value of B, then as n — oo, @ L, 0.

Furthermore, if the transformation is sufficiently smooth, by the Delta Method (Theorem 5.10.3)
we can show that 6 is asymptotically normal.

Assumption 6.10.1 r(3) : R¥ — RY is continuously differentiable at the
true value of B and R = %r(ﬁ)’ has rank q.

Theorem 6.10.2 Asymptotic Distribution of Functions of Para-
meters
Under Assumptions 6.1.2 and 6.10.1, as n — o0,

Jn (5 - 9) 4, N(0, V) (6.34)

where
Vg = R'VQR (6.35)

In many cases, the function r(3) is linear:
r(B) =R'p

for some k X ¢ matrix R. In particular, if R is a “selector matrix”

R:(é) (6.36)

then we can conformably partition 3 = (3}, 35)’ so that R'3 = 3, for 8 = (3},35)". Then

I
Vo=(1 O)V,g<0>=Vn,
the upper-left sub-matrix of Vi; given in (6.21). In this case (6.34) states that
= d
Vi (Bi—B1) <N (0, Vi)

That is, subsets of B are approximately normal with variances given by the comformable subcom-
ponents of V.



CHAPTER 6. ASYMPTOTIC THEORY FOR LEAST SQUARES 150

To illustrate the case of a nonlinear transformation, take the example § = /5, for j # . Then
0
1/8,

R= : (6.37)
—Bi/ B}

SO
Vo = ij/ﬂ? + szﬁ?/ﬁfl - 2leﬁj/613

where V;, denotes the ab’th element of V.

For inference we need an estimate of the asymptotic variance matrix Vg = R'V3R, and for
this it is typical to use a plug-in estimator. The natural estimator of R is the derivative evaluated
at the point estimates

0

R= %r(ﬁ) (6.38)
The derivative in (6.38) may be calculated analytically or numerically. By analytically, we mean
working out for the formula for the derivative and replacing the unknowns by point estimates. For
example, if = (3;//;, then %T’(B) is (6.37). However in some cases the function r(3) may be
extremely complicated and a formula for the analytic derivative may not be easily available. In
this case calculation by numerical differentiation may be preferable. Let 6; = (0 --- 1 --- 0)’ be the
unit vector with the “1” in the {’th place. Then the ji’th element of a numerical derivative Ris

(B + 0e) — r;(B)

=
J €

=)

for some small .
The estimate of Vg is

~) A~

Vo =R V3R. (6.39)

Alternatively, ‘A/g, {/B or V@ may be used in place of V,g. For example, the homoskedastic covari-
ance matrix estimator is 0 et 1
Vo=RVSR=RQ,Rs (6.40)
Given (6.38), (6.39) and (6.40) are simple to calculate using matrix operations.
As the primary justification for ‘Afg is the asymptotic approximation (6.34), ‘A/g is often called
an asymptotic covarlance matrix estimator.
The estimator V9 is consistent for Vg under the conditions of Theorem 6.10.2 since Vﬁ L, Vs
by Theorem 6.7.1, and
0
B
el

since 8 - 8 and the function 337(B)" is continuous.

R=2wpy 2 Lrpy=nr

Theorem 6.10.3 Under Assumptions 6.1.2 and 6.10.1, as n — oo,

Ve 2 v,
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Theorem 6.10.3 shows that ‘A/'g is consistent for Vg and thus may be used for asymptotic
inference. In practice, we may set

=
3|
=
=
E

3 (6.41)

as an estimate of the variance of @ , or substitute an alternative covariance estimator such as VB'

6.11 Asymptotic Standard Errors

As described in Section 4.12, a standard error is an estimate of the standard deviation of the
distribution of an estimator. Thus if V5 is an estimate of the covariance matrix of ﬁ, then standard
errors are the square roots of the diagonal elements of this matrix. These take the form

Standard errors for 6 are constructed similarly. Supposing that ¢ =1 (so h(8) is real-valued), then
the standard error for 6 is the square root of (6.41)

i)\ [RV R o HVR

When the justification is based on asymptotic theory we call S(Bj) or s(é) an asymptotic standard
error for Bj or . When reporting your results, it is good practice to report standard errors for
each reported estimate, and this includesfunctions and transformations of your parameter estimates.
This helps users of the work (including yourself) assess the estimation precision.

We illustrate using the log wage regression

log(Wage) = B education + By experience + B3 experience? /100 + f4 + e.
Consider the following three parameters of interest.

1. Percentage return to education:
61 = 1008,

(100 times the partial derivative of the conditional expectation of log wages with respect to
education.)

2. Percentage return to experience for individuals with 10 years of experience
0y = 10052 + 2033

(100 times the partial derivative of the conditional expectation of log wages with respect to
experience, evaluated at experience = 10)

3. Experience level which maximizes expected log wages:
03 = —5082/53

(The level of experience at which the partial derivative of the conditional expectation of log
wages with respect to experience equals 0.)
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The 4 x 1 vector R for these three examples is

100 0 0
r_| © 100 —50/03
I O 2 | 5082/63 |
0 0 0

respectively.
We use the subsample of married black women (all experience levels), which has 982 observa-
tions. The point estimates and standard errors are

—

log(Wage) = 0.118  education + 0.016 experience — 0.022 experience?/100+ 0.947
(0.008) (0.006) (0.012) (0.157)
(6.42)

The standard errors are the square roots of the Horn-Horn-Duncan covariance matrix estimate

0.632 0.131 -0.143 -11.1

= 0.131 0390 —0.731 —6.25 4
Vﬁ_ —-0.143 —-0.731  1.48 9.43 <107 (6:43)

—11.1  —6.25 9.43 246
We calculate that
0, = 1005,
=100 x 0.118
=118

s(61) = v/100% x 0.632 x 10—4
=08

05 = 10032 + 255
— 100 x 0.016 — 2 x 0.022

=1.12
~ 0.390 —0.731 100
s(f2) = \/( 100 2) < 0731 1.48 ) ( 2 ) X107
= 0.40
03 = —5032/33
=50 x 0.016/0.022
=35.2
_ PO 0.390 —0.731 —50/s ~
_ _ 2 PN 4
s(03) = J( 50/Bs 50032//3 ) < _0.731  1.48 ) ( 503,/ 32 ) x 10

=7.0

The calculations show that the estimate of the percentage return to education is about 12%
per year, with a standard of 0.8. The estimate of the percentage return to experience for those
with 10 years of experience is 1.2% per year, with a standard error of 0.4. And the estimate of the
experience level which maximizes expected log wages is 35 years, with a standard error of 7.
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6.12 t statistic

Let @ = r(B) : R¥ — R be any parameter of interest (for example, 6 could be a single element
of B), 0 its estimate and s(é\) its asymptotic standard error. Consider the statistic
0 —
tn(0) = —. (6.44)
s(0)
Different writers have called (6.44) a t-statistic, a t-ratio, a z-statistic or a studentized sta-
tistic, sometimes using the different labels to distinguish between finite-sample and asymptotic
inference. As the statistics themselves are always (6.44) we won’t make such as distinction, and
will simply refer to ¢, (0) as a t-statistic or a t-ratio. We also often suppress the parameter depen-
dence, writing it as t,. The t-statistic is a simple function of the estimate, its standard error, and
the parameter.

By Theorems 6.10.2 and 6.10.3, \/n (5— (9) 4N (0,Vp) and Vg -2~ Vj. Thus

=7 ~N(0,1).

The last equality is by the property that linear scales of normal distributions are normal.

Thus the asymptotic distribution of the t-ratio ¢,(6) is the standard normal. Since this dis-
tribution does not depend on the parameters, we say that t,(0) is asymptotically pivotal. In
special cases (such as the normal regression model, see Section 3.18), the statistic ¢, has an exact
t distribution, and is therefore exactly free of unknowns. In this case, we say that ¢, is exactly
pivotal. In general, however, pivotal statistics are unavailable and we must rely on asymptotically
pivotal statistics.

As we will see in the next section, it is also useful to consider the distribution of the absolute
t-ratio |t,(0)|. Since ¢,(0) %, 7, the continuous mapping theorem yields |¢,,(6)] <, |Z| . Letting
®(u) = Pr(Z < u) denote the standard normal distribution function, we can calculate that the
distribution function of |Z| is

Pr(|Z| <u)=Pr(—u<Z<u)
=Pr(Z<u)—Pr(Z < —u)
= ®(u) — D(—u)
=2P(u) — 1
“F (). (6.45)
Theorem 6.12.1 Under Assumptions 6.1.2 and 6.10.1, t,(0) 7~

N (0,1) and [ta(0)] - |Z|.

The asymptotic normality of Theorem 6.12.1 is used to justify confidence intervals and tests for
the parameters.
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6.13 Confidence Intervals

The OLS estimate B is a point estimate for 3, meaning that B is a single value in R*¥. A
broader concept is a set estimate C,, which is a collection of values in R¥. When the parameter 6
is real-valued then it is common to focus on intervals C,, = [L,, U, and which is called an interval
estimate for . The goal of an interval estimate C), is to contain the true value, e.g. § € C,,, with
high probability.

The interval estimate C, is a function of the data and hence is random. The coverage prob-
ability of the interval C,, = [L,,U,] is Prg(0 € C,). The randomness comes from C, as the
parameter 6 is treated as fixed.

Interval estimates C), are typically called confidence intervals as the goal is typically to set the
coverage probability to equal a pre-specified target, typically 90% or 95%. C,, is called a (1 — @)%
confidence interval if infy Pry(6 € C,) =1 — «.

There is not a unique method to construct confidence intervals. For example, a simple (yet
silly) interval is

o R with probability 1 — «
" { 7 with probability o

By construction, if 0 has a continuous distribution, Pr(6 € C},) = 1 — «, so this confidence interval
has perfect coverage, but Cj, is uninformative about ¢ and is therefore not useful. R

When we have an asymptotically normal parameter estimate 6 with standard error s(6), the
standard confidence interval for 6 takes the form

~

Cp = [9 —c-s(@), 0+c-s0) (6.46)

where ¢ > 0 is a pre-specified constant. This confidence interval is symmetric about the point
estimate 6, and its length is proportional to the standard error s(6).

Equivalently, C,, is the set of parameter values for 6 such that the t-statistic ¢,,(0) is smaller (in
absolute value) than c, that is

Cn:{Q:]tn(G)\Sc}:{O:—cg5(1)930}.

The coverage probability of this confidence interval is
Pr(0 € C,) =Pr(|t,(0)] < ¢)

which is generally unknown. We can approximate the coverage probability by taking the asymptotic
limit as n — oo. Since |t, ()| is asymptotically |Z| (Theorem 6.12.1), it follows that as n — oo that

Pr(0 € C,) — Pr(|Z]| <c) = ®(c)

where ®(u) is given in (6.45). We call this the asymptotic coverage probability. Since the t-
ratio is asymptotically pivotal, the asymptotic coverage probability is independent of the parameter
f, and is only a function of c.

As we mentioned before, an ideal confidence interval has a pre-specified probability coverage
1 — a, typically 90% or 95%. This means selecting the constant ¢ so that

P(c)=1-a.

Effectively, this makes ¢ a function of «, and can be backed out of a normal distribution table. For
example, a = 0.05 (a 95% interval) implies ¢ = 1.96 and o = 0.1 (a 90% interval) implies ¢ = 1.645.
Rounding 1.96 to 2, we obtain the most commonly used confidence interval in applied econometric
practice

Cn = |0-2s(0), 0+2s(0)|. (6.47)
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This is a useful rule-of thumb. This asymptotic 95% confidence interval C), is simple to compute
and can be roughly calculated from tables of coefficient estimates and standard errors. (Technically,
it is an asymptotic 95.4% interval, due to the substitution of 2.0 for 1.96, but this distinction is
overly precise.)

Theorem 6.13.1 Undei Assumptions 6.1.2 and 6.10.1, for C, defined in
(6.46), Pr (0 € C},) — ®(c). For c=1.96, Pr (0 € C,,) — 0.95.

Confidence intervals are a simple yet effective tool to assess estimation uncertainty. When
reading a set of empirical results, look at the estimated coefficient estimates and the standard
errors. For a parameter of interest, compute the confidence interval C,, and consider the meaning
of the spread of the suggested values. If the range of values in the confidence interval are too wide
to learn about 0, then do not jump to a conclusion about 6 based on the point estimate alone.

For illustration, consider the three examples presented in Section 6.11 based on the log wage
regression for single asian men.

Percentage return to education. A 95% asymptotic confidence interval is 11.841.96x0.8 = [10.2,
13.3].

Percentage return to experience for individuals with 12 years experience. A 90% asymptotic
confidence interval is 1.1 + 1.645 x 0.4 = [0.5, 1.8].

Experience level which maximizes expected log wages. An 80% asymptotic confidence interval
is 35+ 1.28 x 7 = [26, 44].

6.14 Regression Intervals
In the linear regression model the conditional mean of y; given x; = x is
m(z) =E(y; | z; = z) = 2B

In some cases, we want to estimate m(z) at a particular point z. Notice that this is a (linear)
function of 8. Letting r(8) = '3 and 0 = r(3), we see that m(x) = § = '3 and R = x, so

5(5) =,/ ‘A/B:B. Thus an asymptotic 95% confidence interval for m(x) is

{m’ﬁ + 1.96, /:1:"73:1:} .

It is interesting to observe that if this is viewed as a function of x, the width of the confidence set
is dependent on .
To illustrate, we return to the log wage regression (3.11) of Section 3.7. The estimated regression
equation is -
log(Wage) = '8 = 0.1552 + 0.698

where x = education. The covariance matrix estimate from (4.35) is

V. 0.001 —0.015
B\ —0.015 0.243 '

Thus the 95% confidence interval for the regression takes the form

0.1552 + 0.698 % 1.961/0.00122 — 0.015z + 0.243.
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Figure 6.6: Wage on Education Regression Intervals

The estimated regression and 95% intervals are shown in Figure 6.6. Notice that the confidence
bands take a hyperbolic shape. This means that the regression line is less precisely estimated for
very large and very small values of education.

Plots of the estimated regression line and confidence intervals are especially useful when the
regression includes nonlinear terms. To illustrate, consider the log wage regression (6.42) which
includes experience and its square, with covariance matrix (6.43). We are interested in plotting
the regression estimate and regression intervals as a function of experience. Since the regression
also includes education, to plot the estimates in a simple graph we need to fix education at a
specific value. We select education=12. This only affects the level of the estimated regression, since
education enters without an interaction. Define the points of evaluation

12
xr

2@) = | 22/100
1

where x =experience.
Thus the 95% regression interval for education=12, as a function of & =experience is

0.118 x 12 +0.016 = — 0.022 22/100 4 0.947

0.632 0.131 -0.143 -11.1
0.131 0390 —-0.731 —6.25
—0.143 —0.731 1.48 9.43
-11.1  —6.25 9.43 246

=0.016 z — .00022 22 + 2.36
4+ 0.01961/70.608 — 9.356 z + 0.54428 2 — 0.01462 23 + 0.000148 z*

+1.96 |z(z) z(z) x 104

The estimated regression and 95% intervals are shown in Figure 6.7. The regression interval
widens greatly for small and large values of experience, indicating considerable uncertainty about
the effect of experience on mean wages for this population. The confidence bands take a more
complicated shape than in Figure 6.6 due to the nonlinear specification.
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log(wage)

Experience

Figure 6.7: Wage on Experience Regression Intervals

6.15 Forecast Intervals

Suppose we a given a value of the regressor vector x,; for an individual outside the sample,
and we want to forecast (guess) yn+1 for this individual. This is equivalent to forecasting y,+1
given @,11 = «, which will generally be a function of . A reasonable forecasting rule is the condi-
tional mean m(x) as it is the mean-square-minimizing forecast. A point forecast is the estimated
conditional mean m(x) = «’3. We would also like a measure of uncertainty for the forecast.

The forecast error is é,+1 = Yp+1 — M(x) = €1 — &’ (,@ - ,@) . As the out-of-sample error e, 1

is independent of the in-sample estimate B, this has variance

Bé2yy =B (¢ | @1 =2) + 2B (B-6) (B-8) =
=o?(x) + ' V3.

Assuming B (€2, ; | Zn41) = o2, the natural estimate of this variance is 62 + @’ ‘A/'Ba:, so a standard

error for the forecast is §(x) = /62 + ‘A/B:B. Notice that this is different from the standard error

for the conditional mean.
The conventional 95% forecast interval for y,,11 uses a normal approximation and sets

[zc'B + 25(:1:)} .

It is difficult, however, to fully justify this choice. It would be correct if we have a normal approx-
imation to the ratio R
enr1—a' (B— 1)
$(x)
The difficulty is that the equation error e, is generally non-normal, and asymptotic theory cannot
be applied to a single observation. The only special exception is the case where ey, 1 has the exact
distribution N(0, 02), which is generally invalid.
To get an accurate forecast interval, we need to estimate the conditional distribution of e,
given x,+1 = @, which is a much more difficult task. Perhaps due to this difficulty, many applied
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forecasters use the simple approximate interval [m’B:i:Z?;(m)} despite the lack of a convincing

justification.

6.16 Wald Statistic

Let & = r(3) : R¥ — R? be any parameter vector of interest, 6 its estimate and {75 its
covariance matrix estimator. Consider the quadratic form

Wa(0) = (6 - e)’ Vo (6-0)=n(0- a)’ Vo' (6-0). (6.48)

where Vg = n‘Afg. When ¢ = 1, then W,,() = t,()? is the square of the t-ratio. When ¢ > 1,
W, (0) is typically called a Wald statistic. We are interested in its sampling distribution.

The asymptotic distribution of W,, () is simple to derive given Theorem 6.10.2 and Theorem
6.10.3, which show that

\/ﬁ@—e) 4, 7 ~N(0, Vp)
and R
Vo -2 V.
It follows that , )
W,(0) = v (9 - e) v, Vi (0 - 9) 4 7v,'z (6.49)
a quadratic in the normal random vector Z. Here we can appeal to a useful result from probability
theory. (See Theorem B.9.3 in the Appendix.)

Theorem 6.16.1 If Z ~ N (0, A) with A >0, q x q, then Z'A™'Z ~ X2,
a chi-square random variable with q degrees of freedom.

The asymptotic distribution in (6.49) takes exactly this form. Note that Vg > 0 since R is
full rank under Assumption 6.10.1 It follows that W;,(0) converges in distribution to a chi-square
random variable.

Theorem 6.16.2 Under Assumptions 6.1.2 and 6.10.1, as n — oo,

Wn(0) 4, X§~

Theorem 6.16.2 is used to justify multivariate confidence regions and mutivariate hypothesis
tests.

6.17 Homoskedastic Wald Statistic

2

Under the conditional homoskedasticity assumption E (e? | :Bl) = ¢0“ we can construct the Wald

~0
statistic using the homoskedastic covariance matrix estimator Vg defined in (6.40). This yields a
homoskedastic Wald statistic

W) = (6-0) (ff%)* (6-0)=n(6-0) (vg)*l (6-0). (6.50)

Under the additional assumption of conditional homoskedasticity, it has the same asymptotic
distribution as W, (0).



CHAPTER 6. ASYMPTOTIC THEORY FOR LEAST SQUARES 159

Theorem 6.17.1 Under Assumptions 6.1.2 and 6.10.1, and & (622 | iBZ) =

%, as n — oo,
0 d_ 2
W, (0) — xg-

6.18 Confidence Regions

A confidence region C), is a set estimator for 8 € R? when ¢ > 1. A confidence region C, is a set
in R? intended to cover the true parameter value with a pre-selected probability 1—c«. Thus an ideal
confidence region has the coverage probability Pr(@ € C,) = 1 — a. In practice it is typically not
possible to construct a region with exact coverage, but we can calculate its asymptotic coverage.

When the parameter estimate satisfies the conditions of Theorem 6.16.2, a good choice for a
confidence region is the ellipse

Cn=1{0:W,(0) <ci_.}.

with ¢;_o the 1 — a’th quantile of the x2 distribution. (Thus Fy(c1—) = 1 — a.) These quantiles
can be found from the xﬁ critical value table.
Theorem 6.16.2 implies

Pr(BECn)HPr(ngcl_a) =1—-a

which shows that C), has asymptotic coverage (1 — «)%.
To illustrate the construction of a confidence region, consider the estimated regression (6.42) of
the model

logmge) = B education + B experience + P3 experience? /100 + f4.

Suppose that the two parameters of interest are the percentage return to education ¢; = 10051 and
the percentage return to experience for individuals with 10 years experience 03 = 10052 4+ 2005s.
These two parameters are a linear transformation of the regression parameters with point estimates

~ 0 100 0 0 \ 4 11.8
0_<O 0 100 20>'B_<1.2>’
and have the covariance matrix estimate

0 0
< (0 100 0O 0>A 100 O

6 0 0 100 2 ) YA o 100
0 20
{0632 0.103
~\ 0103 0.157
1 1.77 —1.16
\ _<—1.16 7.13 )
Thus the Wald statistic is

Wi (8) = (5— 9)' v, (5— 9)

[ 118—6,\' [ 17T 116 11.8 — 6,
“\12-0, ~1.16 7.13 1.2 — 6,

= 1.77(11.8 — 01)* — 2.32(11.8 — 0;) (1.2 — ) + 7.13 (1.2 — 63)%.

with inverse
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Figure 6.8: Confidence Region for Return to Experience and Return to Education

The 90% quantile of the x3 distribution is 4.605 (we use the x2 distribution as the dimension
of 8 is two), so an asymptotic 90% confidence region for the two parameters is the interior of the
ellipse W,,(0) = 4.605 which is displayed in Figure 6.8. Since the estimated correlation of the two
coefficient estimates is modest (about 0.3) the region is modestly elliptical.

6.19 Semiparametric Efficiency in the Projection Model

In Section 4.6 we presented the Gauss-Markov theorem, which stated that in the homoskedastic
CEF model, in the class of linear unbiased estimators the one with the smallest variance is least-
squares. As we noted in that section, the restriction to linear unbiased estimators is unsatisfactory
as it leaves open the possibility that an alternative (non-linear) estimator could have a smaller
asymptotic variance. In addition, the restriction to the homoskedastic CEF model is also unsatis-
factory as the projection model is more relevant for empirical application. The question remains:
what is the most efficient estimator of the projection coefficient 3 (or functions @ = h(3)) in the
projection model?

It turns out that it is straightforward to show that the projection model falls in the estimator
class considered in Proposition 5.13.2. It follows that the least-squares estimator is semiparametri-
cally efficient in the sense that it has the smallest asymptotic variance in the class of semiparametric
estimators of 3. This is a more powerful and interesting result than the Gauss-Markov theorem.

To see this, it is worth rephrasing Proposition 5.13.2 with amended notation. Suppose that a pa-
rameter of interest is @ = g(p) where p = Ez;, for which the moment estimators are i = < 3% | 2;

and 6 = g(n). Let Lo(g) = {F :Ez|* < oo, g(u) is continuously differentiable at u = Ez} be

the set of distributions for which @ satisfies the central limit theorem.

Proposition 6.19.1 In the class of distributions F € La(g), 0 is semi-
parametrically efficient for 0 in the sense that its asymptotic variance equals
the semiparametric efficiency bound.
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Proposition 6.19.1 says that under the minimal conditions in which 0 is asymptotically normal,
then no semiparametric estimator can have a smaller asymptotic variance than 6.

To show that an estimator is semiparametrically efficient it is sufficient to show that it falls
in the class covered by this Proposition. To show that the projection model falls in this class, we
write 3 = Q. Q,, = g(p) where p = Bz; and z; = (z;%], z;y;) . The class L2(g) equals the class
of distributions

L4(B) = {F Byt < o0, El|z||* < 0o, Bzl > 0}.

Proposition 6.19.2 In the class of distributions F' € L4(B), the least-
squares estimator B is semiparametrically efficient for (3.

The least-squares estimator is an asymptotically efficient estimator of the projection coefficient
because the latter is a smooth function of sample moments and the model implies no further
restrictions. However, if the class of permissible distributions is restricted to a strict subset of £4(3)
then least-squares can be inefficient. For example, the linear CEF model with heteroskedastic errors
is a strict subset of £4(8), and the GLS estimator has a smaller asymptotic variance than OLS. In
this case, the knowledge that true conditional mean is linear allows for more efficient estimation of
the unknown parameter. R R

From Proposition 6.19.1 we can also deduce that plug-in estimators @ = h(3) are semiparamet-
rically efficient estimators of @ = h(3) when h is continuously differentiable. We can also deduce
that other parameters estimators are semiparametrically efficient, such as 62 for o2. To see this,
note that we can write

o® =E(y; — 9325)2
~ By? 28 (yiaf) B+ BB (ai)) B
- ny - Qym Q;mlt wa

which is a smooth function of the moments Qyy, Q,, and Q. Similarly the estimator &2 equals
7= En: é;
o i=1 i
= @yy - @ym @;alc @my
Since the variables y?, y;x; and z;z} all have finite variances when F' € L£4(3), the conditions of
Proposition 6.19.1 are satisfied. We conclude:

Proposition 6.19.3 In the class of distributions F € L4(8), 62 is semi-
parametrically efficient for 2.
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6.20 Semiparametric Efficiency in the Homoskedastic Regression
Model*

In Section 6.19 we showed that the OLS estimator is semiparametrically efficient in the projec-
tion model. What if we restrict attention to the classical homoskedastic regression model? Is OLS
still efficient in this class? In this section we derive the asymptotic semiparametric efficiency bound
for this model, and show that it is the same as that obtained by the OLS estimator. Therefore it
turns out that least-squares is efficient in this class as well.

Recall that in the homoskedastic regression model the asymptotic variance of the OLS estimator
B for Bis V% = nglJQ. Therefore, as described in Section 5.13, it is sufficient to find a parametric
submodel whose Cramer-Rao bound for estimation of 3 is V% This would establish that V% is
the semiparametric variance bound and the OLS estimator B is semiparametrically efficient for 3.

Let the joint density of y and x be written as f (y,z) = fi1 (y | ) f2 (z), the product of the
conditional density of y given @ and the marginal density of . Now consider the parametric
submodel

fly.z]0)=filylz)(1+(y—2'B) («'0) /0?) fo (x). (6.51)

You can check that in this submodel the marginal density of « is f2 () and the conditional density
of y given z is f1(y|z) (14 (y — 'B) (2'0) /6?) . To see that the latter is a valid conditional
density, observe that the regression assumption implies that [y fi (v | ) dy = /3 and therefore

/ fily | 2) (1+ (y — 2'B) (/6) jo?) dy

:/fl (ylw)der/fl(y!iv) (y— 2'B8) dy (z'6) /o?
—1.

In this parametric submodel the conditional mean of y given  is
Eo (| @) = [ufi (v ] @) (1+ (s~ @'B) (2'9) /%) dy
= / yhi(y| =) dy + / yfily| =) (y—2'B) (2'0) Jo*dy
= /yﬁ (y | ) dy+/(y— #B)" f1(y| z) (2'0) /o dy

+ [ =28 1y ) dy («'8) (a'6) o*

=a (B+0),
using the homoskedasticity assumption [ (y — ' 6)2 fi(y | x)dy = 0% This means that in this
parametric submodel, the conditional mean is linear in @ and the regression coefficient is 8 (0) =

B+ 6.

We now calculate the score for estimation of 6. Since

0 . 0 1 / _ m(y—m’ﬁ)/g2
5g 108 f (1,21 0) = =5 log (1+ (y — 2/8) (2/0) /o*) = 1+ (y — 2'8) (¢'6) /o2

the score is

— 9 _ 2
— 5108 f (4@ | 80) = we/o?.

The Cramer-Rao bound for estimation of 8 (and therefore 3 (0) as well) is

(E (ss’))_l = (0_4E ((me) (me)/))

S

=0'Q; = Vi
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We have shown that there is a parametric submodel (6.51) whose Cramer-Rao bound for estimation
of 3 is identical to the asymptotic variance of the least-squares estimator, which therefore is the
semiparametric variance bound.

Theorem 6.20.1 In the homoskedastic regression model, the semipara-
metric variance bound for estimation of B is VO = 0?Q} and the OLS
estimator is semiparametrically efficient.

This result is similar to the Gauss-Markov theorem, in that it asserts the efficiency of the least-
squares estimator in the context of the homoskedastic regression model. The difference is that the
Gauss-Markov theorem states that OLS has the smallest variance among the set of unbiased linear
estimators, while Theorem 6.20.1 states that OLS has the smallest asymptotic variance among all
regular estimators. This is a much more powerful statement.

6.21 Uniformly Consistent Residuals™

It seems natural to view the residuals é; as estimates of the unknown errors e;. Are they
consistent estimates? In this section we develop an appropriate convergence result. This is not a
widely-used technique, and can safely be skipped by most readers.

Notice that we can write the residual as

€ =Y — »’L'QB
=e + zi0 —xéB
:@—m%B—g) (6.52)

Since B — B -2 0 it seems reasonable to guess that é; will be close to e; if n is large.
We can bound the difference in (6.52) using the Schwarz inequality (A.10) to find

€ — e =

w%B—BNSHmM@—ﬁw (6.53)

To bound (6.53) we can use HB—BH = Op(n~1/?) from Theorem 6.3.2, but we also need to
bound the random variable [|x;||. If the regressor is bounded, that is, ||z;]| < B < oo, then
|éi —ei| < B HB — ,6” = O,(n~1/2). However if the regressor does not have bounded support then
we have to be more careful.

The key is Theorem 5.12.1 which shows that E||z;||" < oo implies #; = o, (n'/") uniformly in
i, or
—1/r

max ||z;| == 0.
1<i<n

n

Applied to (6.53) we obtain

6. — e < g =
g%yzeA_g%ﬂ%MB %

_ Op(n—1/2+1/r)‘

We have shown the following.
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Theorem 6.21.1 Under Assumption 6.1.2 and B ||z;||" < oo, then uni-
formly in1 <i<mn
éi = €; + 0,(n~Y/2HT), (6.54)

The rate of convergence in (6.54) depends on r. Assumption 6.1.2 requires r > 4, so the rate
of convergence is at least op(nfl/ 4). As r increases, the rate improves. As a limiting case, from
Theorem 5.12.1 we see that if Bexp(t'z;) < oo for all ||¢]| < co then x; = o, (logn) uniformly in ¢,
and thus é;, = ¢; + 0 (n_1/2 logn) .

We mentioned in Sectio/p 6.7 that there are multiple ways to prove the consistent of the co-
variance matrix estimator €2. We now show that Theorem 6.21.1 provides one simple method to
establish (6.32) and thus Theorem 6.7.1. Let g, = maxj<i<n |é; — ;| = 0p(n~'/4). Since

2 2

éi —612 = 2¢; (éi—ei)—i-(éi—ei) ,

then

1 im-m‘ (é2 — 62)
n 4 (2ad) () [
=1

< 23 feistl 2 -
- n ' (2t 7 7
1=1
2 — R 1< )
<=l el 16— esl + = llal® e — e
n 4 n <
i=1 i=1

2 & 1 —
2 2
EE (EAl \ei\qn+g§ il
=1 =1

< Op(nil/él)-

IN

6.22 Asymptotic Leverage*

Recall the definition of leverage from (3.21)
hn’ = m; (X’X)_l €T;.

These are the diagonal elements of the projection matrix P and appear in the formula for leave-
one-out prediction errors and several covariance matrix estimators. We can show that under iid
sampling the leverage values are uniformly asymptotically small.

Let Amin(A) and Apax(A) denote the smallest and largest eigenvalues of a symmetric square
matrix A, and note that Amax(A ™) = (Amin(A)) .

Since 2X’X 5 Q,, > 0 then by the CMT, Ayin (2 X'X) 5 Apin (Que) > 0. (The latter is
positive since Q,, is positive definite and thus all its eigenvalues are positive.) Then by the Trace
Inequality (A.13)

hii = :L'; (XIX)il €T;

1 -1
=tr ((—X’X) —zc,zci)
n n
—1
< Amax ((lX’X> ) tr <lwlw;>
n n
1 11
- (Am (—XX)) Laf?
n n

< (unin (Qua) + 0p(1)) ™" = max [l (6.55)

n 1<i<n

A
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Theorem 5.12.1 shows that E ||z;||” < oo implies maxi<i<n ||Zi]| = op (nl/r) and thus (6.55) is
2/r—1
op (n ).

Theorem 6.22.1 If x; is independent and identically distributed and

E||z:]|" < oo for some r > 2, then uniformly in 1 < i < n, hy; =
2/r—1

op (n2/71).

For any r > 2 then h;; = op (1) (uniformly in ¢ < n). Larger r implies a stronger rate of
convergence, for example 7 = 4 implies h;; = o, (n‘l/ 2) .

Theorem (6.22.1) implies that under random sampling with finite variances and large samples,
no individual observation should have a large leverage value. Consequently individual observations
should not be influential, unless one of these conditions is violated.
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Exercises

Exercise 6.1 Take the model y; = ;3 + 5,3, +e¢; with Ez;e; = 0. Suppose that 3, is estimated
by regressing y; on @1; only. Find the probability limit of this estimator. In general, is it consistent
for 8,7 If not, under what conditions is this estimator consistent for 3,7

Exercise 6.2 Let y be nx1, X be nxk (rank k). y = X3+ e with E(x;e;) = 0. Define the ridge

regression estimator
n -1 n
B = (Z T+ )\Ik> (Z :J:ZyZ) (6.56)
i=1

i=1

where A > 0 is a fixed constant. Find the probability limit of B asn — 00. Is B consistent for 37

Exercise 6.3 For the ridge regression estimator (6.56), set A = cn where ¢ > 0 is fixed as n — oo.
Find the probability limit of 3 as n — oo.

Exercise 6.4 Verify some of the calculations reported in Section 6.4. Specifically, suppose that
x1; and x9; only take the values {—1,+41}, symmetrically, with

=Pr (.’L‘li = X9 — —1) = 3/8
=Pr(zy; =—-1,29;,=1)=1/8

Verify the following:
(a) E.’L‘li =0
(b) Eaf; =1
(¢) Exy 1
C L1325 = D)
(d) () =1
(¢) B (af,e) = 1

ool

() B (zvriz2e]) =

—

Exercise 6.5 Show (6.20)-(6.23).
Exercise 6.6 The model is

yi =ziB+e
E (:czez) =0
Q =E (z;zje?) .

Find the method of moments estimators (B, ﬁ) for (8,9).

(a) In this model, are (B, Q) efficient estimators of (3, 2)?

(b) If so, in what sense are they efficient?
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Exercise 6.7 Of the variables (y,y;, ;) only the pair (y;, ;) are observed. In this case, we say
that y is a latent variable. Suppose

yi = ziB+ e
E (:Iziel) =0
vi =y; +u

where u; is a measurement error satisfying

Let B denote the OLS coefficient from the regression of y; on x;.

(a) Is B the coefficient from the linear projection of y; on x;?

(b) Is B consistent for B as n — 0o?

(¢) Find the asymptotic distribution of \/n <B — ﬁ) as n — oo.
Exercise 6.8 Find the asymptotic distribution of \/n (&2 — 02) as n — oo.

Exercise 6.9 The model is

Yi = xS + €
E(ei|xz;)=0
where x; € R. Consider the two estimators
5o Ziz1 T
> i %2
jolyw
n i

i=1
(a) Under the stated assumptions, are both estimators consistent for 5?7

(b) Are there conditions under which either estimator is efficient?

Exercise 6.10 In the homoskedastic regression model y = X3 + e with E(e; | ;) = 0 and

~

E(e? | ;) = o2, suppose E is the OLS estimate of 8 with covariance matrix estimate VE’ based

on a sample of size n. Let 62 be the estimate of 0. You wish to forecast an out-of-sample value
of yn11 given that ;41 = x. Thus the available information is the sample (y, X), the estimates
(8, VB’ 52), the residuals &, and the out-of-sample value of the regressors, T, 1.

(a) Find a point forecast of y,41.
(b) Find an estimate of the variance of this forecast

Exercise 6.11 As in Exercise 3.21, use the CPS dataset and the subsample of white male Hispan-
ics. Estimate the regression

logmge) = By education + By experience + B3 experience? /100 + By.

(a) Report the coefficients and robust standard errors.
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(b) Let 6 be the ratio of the return to one year of education to the return to one year of experi-
ence. Write 6 as a function of the regression coefficients and variables. Compute 6 from the
estimated model.

(c) Write out the formula for the asymptotic standard error for 0 as a function of the covariance
matrix for 3. Compute §(0) from the estimated model.

(d) Construct a 90% asymptotic confidence interval for 6 from the estimated model.

(e) Compute the regression function at edu = 12 and experience=20. Compute a 95% confidence
interval for the regression function at this point

(f) Consider an out-of-sample individual with 16 years of education and 5 years experience.
Construct an 80% forecast interval for their log wage and wage. [To obtain the forecast
interval for the wage, apply the exponential function to both endpoints.]



Chapter 7

Restricted Estimation

7.1 Introduction

In the linear projection model

yi = ;B + ¢
E((Ihez) =0

a common task is to impose a constraint on the coefficient vector 3. For example, partitioning
r / / / / / . . . . .o

z, = (x);,x5;) and B’ = (,Bl,ﬁ2), a typical constraint is an exclusion restriction of the form

B9 = 0. In this case the constrained model is

yi = x1;,01 +ei
E (zie;) =0

At first glance this appears the same as the linear projection model, but there is one important
difference: the error e; is uncorrelated with the entire regressor vector & = (x};, ;) not just the
included regressor xi;.

In general, a set of ¢ linear constraints on 3 takes the form

RB3=c (7.1)

where R is k X ¢, rank(R) = ¢ < k and ¢ is ¢ X 1. The assumption that R is full rank means that
the constraints are linearly independent (there are no redundant or contradictory constraints).
The constraint 8, = 0 discussed above is a special case of the constraint (7.1) with

0
R<1>’ (7.2)
a selector matrix, and ¢ = 0.

Another common restriction is that a set of coefficients sum to a known constant, i.e. S1+02 = 1.
This constraint arises in a constant-return-to-scale production function. Other common restrictions
include the equality of coefficients 81 = (2, and equal and offsetting coefficients 81 = —fs.

A typical reason to impose a constraint is that we believe (or have information) that the con-
straint is true. By imposing the constraint we hope to improve estimation efficiency. The goal is
to obtain consistent estimates with reduced variance relative to the unconstrained estimator.

The questions then arise: How should we estimate the coefficient vector 3 imposing the linear
restriction (7.1)7 If we impose such constraints, what is the sampling distribution of the resulting
estimator? How should we calculate standard errors? These are the questions explored in this
chapter.

169
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7.2 Constrained Least Squares

An intuitively appealing method to estimate a constrained linear projection is to minimize the
least-squares criterion subject to the constraint R'3 = c.
The constrained least-squares estimator is

Bus = argmin SSE, (8) (7.3)
R/'B=c
where .
SSE.(B) = (yi —=iB)* = y'y — 2/ XB + B X'X . (7.4)

=1

The estimator Bcls minimizes the sum of squared errors over all 3 such that 3 € B g, or equivalently
such that the restriction (7.1) holds. We call 35 the constrained least-squares (CLS) estimator.
We follow the convention of using a tilde “~” rather than a hat “~” to indicate that B is a restricted
estimator in contrast to the unrestricted least-squares estimator 3, and write it as B to be clear
that the estimation method is CLS.

One method to find the solution to (7.3) uses the technique of Lagrange multipliers. The
problem (7.3) is equivalent to the minimization of the Lagrangian

LBA) = %SSE,L(B) LN (RB- ¢ (7.5)

over (B8,A), where X is an s x 1 vector of Lagrange multipliers. The first-order conditions for
minimization of (7.5) are

o ~ ~ - -
%E(Bclsv ’\CIS) = _X,y + X,Xﬁcls + RAas =0 (7'6)

and 5
ﬁﬁ(ﬁclsv )‘CIS) = R//B —c=0. (77)

Premultiplying (7.6) by R/ (X'X) ™" we obtain
~RB+RBy,+R (X'X) 'RAg. = 0 (7.8)

where B = (X'X )_1 X'y is the unrestricted least-squares estimator. Imposing R’ Bds —c=0 from
(7.7) and solving for Ags we find

At = [R’ (x'x)"! R} - (R’B _ c) .

Substuting this expression into (7.6) and solving for BCIS we find the solution to the constrained
minimization problem (7.3)

Bus=B—- (X'X)'R [R’ (x'x)™" R} - (R’B - c) . (7.9)

(See Exercise 7.4 to verify that (3.4) satisfies (7.1).)
This is a general formula for the CLS estimator. It also can be written as

B =B~ Q. R(RQ.R) (RB-c). (7.10)

Given Bcls the residuals are B
€ =Yi— $;ﬁc15' (711)
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The moment estimator of o2 is
1 n
~2 Z ~2
Ocls — E €; -
i=1

A bias-corrected version of &gls is

n

1
2 - 52
SCIS_ﬂ—k—*—qi_Zlez'

You can show (See Exercise 7.6) that in the homoskedastic linear regression model under (7.1),
E (s3 | X) = o? (7.12)

so that szls is unbiased for o2.

7.3 Exclusion Restriction

While (7.9) is a general formula for the CLS estimator, in most cases the estimator can be
found by applying least-squares to a reparameterized equation. To illustrate, let us return to the
first example presented at the beginning of the chapter — a simple exclusion restriction. Recall the
unconstrained model is

yi = ;81 + 05 + € (7.13)
the exclusion restriction is 35 = 0, and the constrained equation is
yi = ;B + ei. (7.14)

In this setting the CLS estimator is OLS of y; on x1;. (See Exercise 7.1.) We can write this as

n -1 n
B = (Z wlzwllz) (Z iL‘liyi) : (7.15)
i=1 i=1
The CLS estimator of the entire vector 3’ = (6/1,,6’2) is
5 (B
= . 1
s (" (7.16)

It is not immediately obvious, but (7.9) and (7.16) are algebraically (and numerically) equivalent.
To see this, the first component of (7.9) with (7.2) is

B oyfp-al( ) [0 nel(§)] o |
Using (3.33) this equals
Bi=5 0" (@) B,

= By + Q1/2Q12Q2 Q2B
= Qua (Quy -~ 01202 @)
+ Q112010 Qo1 Qo (@ — 02011 Q)
= Qu2 (Qy -~ 0120 02101, Q)
= Qu2 (Qu - QQ» Q) Q1 Q,,
- Q1 Q,

which is (7.16) as originally claimed.
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7.4 Minimum Distance

A minimum distance estimator tries to find a parameter value which satisfies the constraint
which is as close as possible to the unconstrained estimate. Let 3 be the unconstrained least-
squares estimator, and for some k x k positive definite weight matrix W, > 0 define the quadratic
criterion function

Jo(8)=n(B-8) W, (5- ) (7.17)

This is a (squared) weighted Euclidean distance between B and 3. J, (B) is small if 3 is close to B,
and is minimized at zero only if 3 = 3. A minimum distance estimator 3,4 for 8 minimizes
Jn (B) subject to the constraint (7.1), that is,

B,q = argmin J,, (8). (7.18)
R/'B=c

The CLS estimator is the special case when W, = @m, and we write this criterion function as
~ !~ ~
78 =n(B-8) Q. (8-8) (7.19)

To see the equality of CLS and minimum distance, rewrite the least-squares criterion as follows.
Write the unconstrained least-squares fitted equation as y; = @3+ ¢; and substitute this equation
into SSE,(8) to obtain

n

SSE.(B8) = (v — iB)"

=1

n . 2
=3 (#B+é — i)
=1

-y @+ (5-8) (Zm) (B-8)
i=1 =1
=no? + J°(8) (7.20)

where the third equality uses the fact that Y ;" | #;é; = 0, and the last line uses > ;" | z;x, = nQ,,
. The expression (7.20) only depends on 3 through J9 (8). Thus minimization of SSE,(3) and

s

J3 (B) are equivalent, and hence 8,4 = B,s when W, = Q,,.
We can solve for 3,4 explicitly by the method of Lagrange multipliers. The Lagrangian is

L(B.N) = 30 (8, Wa) + X (R~ )
which is minimized over (3, X). The solution is
Ama =1 (RW;'R) ™ (R’fa - c) (7.21)
Bumi=B- W;'R(RW,'R)" (R’B - c) . (7.22)
(See Exercise 7.7.) Comparing (7.22) with (7.10) we can see that Bouq specializes to B, when we
set W, = Q..

An obvious question is which weight matrix W, is best. We will address this question after we
derive the asymptotic distribution for a general weight matrix.
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7.5 Asymptotic Distribution

173

We first show that the class of minimum distance estimators are consistent for the population

parameters when the constraints are valid.

Assumption 7.5.1 R'3 = ¢ where R is k x q with rank(R) = q.

Assumption 7.5.2 W, 2. W >o0.

Theorem 7.5.1 Consistency

Under Assumptions 6.1.1, 7.5.1, and 7.5.2, Bmd LN B as n — oo.

For a proof, see Exercise 7.8.

Theorem 7.5.1 shows that consistency holds for any weight matrix with a positive definite limit,

so the result includes the CLS estimator.

Similarly, the constrained estimators are asymptotically normally distributed.

Theorem 7.5.2 Asymptotic Normality
Under Assumptions 6.1.2, 7.5.1, and 7.5.2,

Vit (Bua = B) =5 N (0, V(W)
as n — oo, where

V(W)= Vg - W 'R(RW'R) 'RV
~V3R(RW'R) ' RW!
+W 'R(RW'R) 'RV3R(RW 'R) 'RW!

and Vg = Q.2 QQ,,.

(7.23)

(7.24)

For a proof, see Exercise 7.9.

Theorem 7.5.2 shows that the minimum distance estimator is asymptotically normal for all
positive definite weight matrices. The asymptotic variance depends on W. The theorem includes

the CLS estimator as a special case by setting W = Q...
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Theorem 7.5.3 Asymptotic Distribution of CLS Estimator
Under Assumptions 6.1.2 and 7.5.1, as n — oo

Vn (Bcls - 5) L N(0, V)
where
Vas= Vs - QIR(R'Q;]R) 'R'Vg
- VsR (R'Q;/R) 'R Q;}
+Q./R(RQ,/R) RVsR(RQ,R) RQ,

For a proof, see Exercise 7.10.

7.6 Efficient Minimum Distance Estimator

Theorem 7.5.2 shows that the minimum distance estimators, which include CLS as a special
case, are asymptotically normal with an asymptotic covariance matrix which depends on the weight
matrix W. The asymptotically optimal weight matrix is the one which minimizes the asymptotic
variance Vg(W). This turns out to be W = VEI as is shown in Theorem 7.6.1 below. Since VEI

is unknown this weight matrix cannot be used for a feasible estimator, but we can replace Vlgl
~—1
with a consistent estimate Vg and the asymptotic distribution (and efficiency) are unchanged.

~—1
We call the minimum distance estimator setting W, = V3 the efficient minimum distance
estimator and takes the form

Buma =B — VsR (R’ %R)_l (R/B - c) . (7.25)

The asymptotic distribution of (7.25) can be deduced from Theorem 7.5.2. (See Exercises 7.11 and
7.12.)

Theorem 7.6.1 Efficient Minimum Distance Estimator
Under Assumptions 6.1.2 and 7.5.1,

\/FL (Eemd - ﬁ) i> N (Oa VZ;)
as n — 0o, where
V5= Vs - VgR(R'V3R) 'R'Vg. (7.26)

Since
V’[; < Vg (7.27)

the estimator (7.25) has lower asymptotic variance than the unrestricted
estimator. Furthermore, for any W,

V3 < V(W) (7.28)

so (7.25) is asymptotically efficient in the class of minimum distance esti-
mators.
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Theorem 7.6.1 shows that the minimum distance estimator with the smallest asymptotic vari-
ance is (7.25). One implication is that the constrained least squares estimator is generally in-
efficient. The interesting exception is the case of conditional homoskedasticity, in which case the
optimal weight matrix is W = V%Tl so in this case CLS is an efficient minimum distance estimator.
Otherwise when the error is conditionally heteroskedastic, there are asymptotic efficiency gains by
using minimum distance rather than least squares.

The fact that CLS is generally inefficient is counter-intuitive and requires some reflection to
understand. Standard intuition suggests to apply the same estimation method (least squares) to
the unconstrained and constrained models, and this is the most common empirical practice. But
Theorem 7.6.1 shows that this is not the efficient estimation method. Instead, the efficient minimum
distance estimator has a smaller asymptotic variance. Why? The reason is that the least-squares
estimator does not make use of the regressor xo;. It ignores the information E (x9;e;) = 0. This
information is relevant when the error is heteroskedastic and the excluded regressors are correlated
with the included regressors. B

Inequality (7.27) shows that the efficient minimum distance estimator B3,,,q has a smaller as-
ymptotic variance than the unrestricted least squares estimator ,@ This means that estimation is
more efficient by imposing correct restrictions when we use the minimum distance method.

7.7 Exclusion Restriction Revisited
We return to the example of estimation with a simple exclusion restriction. The model is

yi = @181 + ;02 + e

with the exclusion restriction 35 = 0. We have introduced three estimators of 3;. The first is
unconstrained least-squares applied to (7.13), which can be written as

~ ~—1 ~
B1 = Q112Q1y2-
From Theorem 6.34 and equation (6.21) its asymptotic variance is

avar(8;) = Qs (211 — Q12Q5) Qa1 — 212Q55 Qs + Q12 Q55 R22Q0; Qo) Q.

The second estimator of 3; is the CLS estimator, which can be written as

~ ~—1~
51,c1s = Q11 Qly'

Its asymptotic variance can be deduced from Theorem 7.5.3, but it is simpler to apply the CLT
directly to show that

avar(B) ) = Q' Q1 QY (7.29)
The third estimator of 3; is the efficient minimum distance estimator. Applying (7.25), it equals
Bruma =B — V12V By (7.30)
where we have partitioned
‘A/,az [ Yll ‘:/12]‘
Vo Va2
From Theorem 7.6.1 its asymptotic variance is

aVal"(BLmd) = Vi — Vi V2_21 Voi. (7.31)

See Exercise 7.13 to verify equations (7.29), (7.30), and (7.31).
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In general, the three estimators are different, and they have different asymptotic variances.

It is quite instructive to compare the asymptotic variances of the CLS and unconstrained least-
squares estimators to assess whether or not the constrained estimator is necessarily more efficient
than the unconstrained estimator.

First, consider the case of conditional homoskedasticity. In this case the two covariance matrices
simplify to R

avar(8;) = o Qqy
and B
avar(ﬁl,cls) = 02 Ql_ll‘

If Q3 =0 (so z1; and x2; are orthogonal) then these two variance matrices equal and the two
estimators have equal asymptotic efficiency. Otherwise, since Q5 Q;QI Q,y; >0, then Q;; > Qq —
(A Q2_21 Q,1, and consequently

Qo < (Qy1 — Q12Q2721Q21)71 o,

This means that under conditional homoskedasticity, Bl’ds has a lower asymptotic variance matrix

than ,[A‘i’l. Therefore in this context, constrained least-squares is more efficient than unconstrained
least-squares. This is consistent with our intuition that imposing a correct restriction (excluding
an irrelevant regressor) improves estimation efficiency.

However, in the general case of conditional heteroskedasticity this ranking is not guaranteed.
In fact what is really amazing is that the variance ranking can be reversed. The CLS estimator
can have a larger asymptotic variance than the unconstrained least squares estimator.

To see this let’s use the simple heteroskedastic example from Section 6.4. In that example,

1 7
Qi1 =Qa=1 Q1= 5 011 = Q90 =1, and Qo = 3 We can calculate (see Exercise 7.14) that

Q12 = % and
avar(f‘i’l) = % (7.32)
avar(,élds) =1 (7.33)
avar(,@lmd) = g (7.34)

Thus the restricted least-squares estimator ELCIS has a larger variance than the unrestricted least-

squares estimator Bll The minimum distance estimator has the smallest variance of the three, as
expected.

What we have found is that when the estimation method is least-squares, deleting the irrelevant
variable xo; can actually increase estimation variance, or equivalently, adding an irrelevant variable
can actually decrease the estimation variance.

To repeat this unexpected finding, we have shown in a very simple example that it is possible
for least-squares applied to the short regression (7.14) to be less efficient for estimation of 3; than
least-squares applied to the long regression (7.13), even though the constraint 3, = 0 is valid!
This result is strongly counter-intuitive. It seems to contradict our initial motivation for pursuing
constrained estimation — to improve estimation efficiency.

It turns out that a more refined answer is appropriate. Constrained estimation is desirable,
but not constrained least-squares estimation. While least-squares is asymptotically efficient for
estimation of the unconstrained projection model, it is not an efficient estimator of the constrained
projection model.
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7.8 Variance and Standard Error Estimation

The asymptotic covariance matrix (7.26) may be estimated by replacing Vg with a consistent
estimates such as Vig. This variance estimator is

~ % ~ ~ ~ -1 ~
Vs=Vs- VsR(R'V4R) RV (7.35)

We can calculate standard errors for any linear combination h B so long as h does not lie in
the range space of R. A standard error for h'3 is

s(h'B) = (n’lh’f/;h) 2 (7.36)

7.9 Misspecification

What are the consequences for a constrained estimator B if the constraint (7.1) is incorrect?

To be specific, suppose that
R B=c
where ¢* is not necessarily equal to c.

This situation is a generalization of the analysis of “omitted variable bias” from Section 2.23,
where we found that the short regression (e.g. (7.15)) is estimating a different projection coefficient
than the long regression (e.g. (7.13)).

One mechanical answer is that we can use the formula (7.22) for the minimum distance estimator
to find that

1

Bua = Bia=B8—- WIR(RWR) (¢~ o). (7.37)

The second term, W'R (R’ W_lR) - (¢* — ¢), shows that imposing an incorrect constraint leads
to inconsistency — an asymptotic bias. We can call the limiting value 3}, ; the minimum-distance
projection coefficient or the pseudo-true value implied by the restriction.

However, we can say more.

For example, we can describe some characteristics of the approximating projections. The CLS
estimator projection coefficient has the representation

B, = argminE (y; — 2;8)°,
R/'B=c
the best linear predictor subject to the constraint (7.1). The minimum distance estimator converges
to
Bra = argmin (8 — By)' W (8 — B)
R/B=c

where 3 is the true coefficient. That is, 3 4 is the coefficient vector satisfying (7.1) closest to
the true value in the weighted Euclidean norm. These calculations show that the constrained
estimators are still reasonable in the sense that they produce good approximations to the true
coefficient, conditional on being required to satisfy the constraint.

We can also show that Bmd has an asymptotic normal distribution. The trick is to define the
pseudo-true value

B.=B-W,'R(RW,'R) " (¢ —¢). (7.38)

(Note that (7.37) and (7.38) are different!) Then
Vit (Bua = 8;) =V (B-8) - W' R(RW,'R) ™ Vi (RB - <)
- (1 -~ W,'R(RW;'R)” R/) Jn (B - [3)
L (1- WIR(RW'R) " R)N(0, V)
=N (0, Vg(W)). (7.39)
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In particular
> d
\/ﬁ (IBemd - ﬁ:;) — N (07 Vj'[:]) .

This means that even when the constraint (7.1) is misspecified, the conventional covariance matrix
estimator (7.35) and standard errors (7.36) are appropriate measures of the sampling variance,
though the distributions are centered at the pseudo-true values (or projections) 3, rather than 3.
The fact that the estimators are biased is an unavoidable consequence of misspecification.

An alternative approach to the asymptotic distribution theory under misspecification uses the
concept of local alternatives. It is a technical device which might seem a bit artificial, but it is a

powerful method to derive useful distributional approximations in a wide variety of contexts. The
idea is to index the true coefficient 3,, by n via the relationship

R'B3, = c+on~ /2. (7.40)

Equation (7.40) specifies that 3,, violates (7.1) and thus the constraint is misspecified. However,
the constraint is “close” to correct, as the difference R'3,, — ¢ = dn /2 is “small” in the sense that
it decreases with the sample size n. We call (7.40) local misspecification.

The asymptotic theory is then derived as n — oo under the sequence of probability distributions
with the coefficients 3,,. The way to think about this is that the true value of the parameter is
B,,, and it is “close” to satisfying (7.1). The reason why the deviation is proportional to n~12 ig
because this is the only choice under which the localizing parameter § appears in the asymptotic
distribution but does not dominate it. The best way to see this is to work through the asymptotic
approximation.

Since 3,, is the true coefficient value, then y; = }3,,+e; and we have the standard representation
for the unconstrained estimator, namely

. 1 n . -1 1 n
vn <5 - 5n> = (ﬁ ; wz%) (ﬁ ; iBzez’)
L N(0, V). (7.41)

There is no difference under fixed (classical) or local asymptotics, since the right-hand-side is
independent of the coefficient 3,,.
A difference arises for the constrained estimator. Using (7.40), ¢ = R'8,, — dn~'/2, so

RB-c=R (B-8,)+on '/
and
Bua =B - W,'R(RW,'R)™" (RB - ¢)
—B-W,'R(RW,'R)"'R (B-8,)+ W,'R(R'W,'R) " on""/2
Tt follows that
Vit (Bua = B,) = (I- W,'R(RW,'R) ' R') Vit (B8,
+W,'R(RW,'R) 4.

The first term is asymptotically normal (from 7.41)). The second term converges in probability to
a constant. This is because the n~1/2 local scaling in (7.40) is exactly balanced by the \/n scaling
of the estimator. No alternative rate would have produced this result.

Consequently, we find that the asymptotic distribution equals

Vit (Bua = B,) <= N(0. V) + WR(RW™'R) "6

= N (5%, Va(W)) (7.42)
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where
5= WIR(RW'R) 4.

The asymptotic distribution (7.42) is an approximation of the sampling distribution of the
restricted estimator under misspecification. The distribution (7.42) contains an asymptotic bias
component 8. The approximation is not fundamentally different from (7.39) — they both have the
same asymptotic variances, and both reflect the bias due to misspecification. The difference is that
(7.39) puts the bias on the left-side of the convergence arrow, while (7.42) has the bias on the
right-side. There is no substantive difference between the two, but (7.42) is more convenient for
some purposes, such as the analysis of the power of tests, as we will explore in the next chapter.

7.10 Nonlinear Constraints

In some cases it is desirable to impose nonlinear constraints on the parameter vector 3. They
can be written as

r(B3)=0 (7.43)
where 7 : R¥ — RY. This includes the linear constraints (7.1) as a special case. An example of
(7.43) which cannot be written as (7.1) is $182 = 1, which is (7.43) with r(8) = f162 — 1.

The constrained least-squares and minimum distance estimators of 3 subject to (7.43) solve the
minimization problems

B, = argmin SSE,(8) (7.44)
r(8)=0
Boa = argmin .J, (8) (7.45)
r(8)=0

where SSE,(8) and J, (B) are defined in (7.4) and (7.17), respectively. The solutions minimize
the Lagrangians

L(B,\) = %SSEn(ﬂ) +X'r(B) (7.46)

or

L8N = 370 (B) + N'7(9) (7.47
over (B, ).

Computationally, there is in general no explicit expression for the solutions so they must be
found numerically. Algorithms to numerically solve (7.44) and (7.45) are known as constrained

optimization methods, and are available in programming languages including Matlab, Gauss and
R.

Assumption 7.10.1 7(3) = 0 with rank(R) = ¢, where R = 0

%T(B)"

The asymptotic distribution is a simple generalization of the case of a linear constraint, but the
proof is more delicate.
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Theorem 7.10.1 Under Assumptions 6.1.2, 7.10.1, and 7.5.2, for B =
Bma and B = B defined in (7.44) and (7.45),

> d
Vi (B-8) 5 N(0, V(W)
as n — oo, where Vg(W) is defined in (7.24). For Bas: W = Q,, and
Vg(W) = Vs as defined in Theorem 7.5.3. Vg(W) is minimized with

W = VEI, i which case the asymptotic variance is

V= Vs~ VsR(R'V3R) 'RV

The asymptotic variance matrix for the efficient minimum distance estimator can be estimated
by

~ ~ ~ o~ [t~ ~\—1 )~
Vs=Va- VsR(RVsR) RV
where

0 ~ /
= %T(ﬁmd) : (7.48)

Standard errors for the elements of Bmd are the square roots of the diagonal elements of ff% =
n_lf/;.

=

7.11 Inequality Restrictions
Inequality constraints on the parameter vector 3 take the form
r(3) =0 (7.49)
for some function r : R¥ — RY. The most common example is a non-negative constraint
B1 > 0.

The constrained least-squares and minimum distance estimators can be written as

B = argmin SSE,(3) (7.50)
(8)=0
and _
Bma = argmin J, (8). (7.51)
(8)=0

Except in special cases the constrained estimators do not have simple algebraic solutions. An
important exception is when there is a single non-negativity constraint, e.g. 51 > 0 with ¢ = 1.
In this case the constrained estimator can be found by two-step approach First compute the
uncontrained estimator B If 51 > 0 then 6‘ ,6 Second, if 61 < 0 then impose f; = 0 (eliminate
the regressor X1) and re-estimate. This yields the constrained least-squares estimator. While this
method works when there is a single non-negativity constraint, it does not immediately generalize
to other contexts.

The computational problems (7.50) and (7.51) are examples of quadratic programming
problems. Quick and easy computer algorithms are available in programming languages including
Matlab, Gauss and R.
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Inference on inequality-constrained estimators is unfortunately quite challenging. The conven-
tional asymptotic theory gives rise to the following dichotomy. If the true parameter satisfies the
strict inequality r(3) > 0, then asymptotically the estimator is not subject to the constraint and the
inequality-constrained estimator has an asymptotic distribution equal to the unconstrained case.
However if the true parameter is on the boundary, e.g. r(3) = 0, then the estimator has a trun-
cated structure. This is easiest to see in the one-dimensional case. If we have an estimator B which

satisfies \/n (B — ﬁ) 47 =N (0,V3) and B = 0, then the constrained estimator B = maX[B,O]

will have the asymptotic distribution v/n3 4, max[Z,0], a “half-normal” distribution.

7.12 Constrained MLE

Recall that the log-likelihood function (3.44) for the normal regression model is
n 1
log L(B,0%) = —5 log (2m0?) — @SSE,L(B).

The constrained maximum likelihood estimator (CMLE) (Bepye, 62 1) maximizes log L(3, o%)
subject to the constraint (7.43) Since log L(3, 02) is a function of 3 only through the sum of squared
errors SSE, (), maximizing the likelihood is identical to minimizing SSE,(3). Hence Bemie = Beis

~2
and 67 .

= Ocls-

7.13 Technical Proofs*

Proof of Theorem 7.6.1, Equation (7.28). Let R, be a full rank k£ x (k — ¢) matrix satisfying
R/, VgR = 0 and then set C = [R, R ] which is full rank and invertible. Then we can calculate
that
R'VER R'VZR
A [ R, V3R R\ ViR,

B [ 0 0 }
0 R, V3R,

and
C'Vi(W)C
_[ R'V3(W)R R/'Vj(W)R, ]
R, V5(W)R R/ Vi(W)R,
Jo 0
~ 10 R, V3R, +R,WR(RWR) 'R'VsR(RWR) 'R'WR, |’
Thus

C (Vs(W) - Vi) C

= C'V3(W)C - C'V;C

Jo 0

~ |0 R,WR(R'WR) 'R'VzR(R'WR) 'R'WR,
>0

Since C is invertible it follows that Vg(W) — Vi > 0 which is (7.28). [ |

Proof of Theorem 7.10.1. We show the result for the minimum distance estimator B = Bmd, as
the proof for the constrained least-squares estimator is similar. For simplicity we assume that the
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constrained estimator is consistent [Ni 2, B3. This can be shown with more effort, but requires a
deeper treatment than appropriate for this textbook.
For each element r;(3) of the g-vector r(8), by the mean value theorem there exists a 3; on

the line segment joining B and 3 such that

0 e
ri(B) = 3(8) + 5585 (B~ 8). (7.52)
Let R be the k x ¢ matrix

19, 0 0
Ri = | mn(B) g5 - %rqm]

Since B L, B it follows that B; -2, 3, and by the CMT, R; -2, R. Stacking the (7.52), we obtain

r(B) = r(8)+ R} (B-8).

Since r(3) = 0 by construction and r(3) = 0 by Assumption 7.5.1, this implies
0=RY (B _ ﬁ) . (7.53)

The first-order condition for (7.47) is

o~ ~

W, (B - B) — R

where R is defined in (7.48).
Premultiplying by R¥ W1, inverting, and using (7.53), we find

X= (R;’W,;lﬁ)*l R (ﬁ . ﬁ) - <R,*1’W;11?{>71 R (B . 5) .
Thus
B-3= <1 ~W'R (R;;’W,;lﬁyl R;;’) (B . 5) . (7.54)
From Theorem 6.3.2 and Theorem 6.7.1 we find
Vi (B-8) = (I - W, 'R (RyW,'R) R) Vi (B-8)
4, (1 - WIR(RW'R)™ R’> N (0, V)
~ N(0, V5(W)).
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Exercises

Exercise 7.1 In the model y = X18; + X285 + e, show directly from definition (7.3) that the
CLS estimate of B = (31, 85) subject to the constraint that 3, = 0 is the OLS regression of y on
Xi.

Exercise 7.2 In the model y = X183, + X285 + e, show directly from definition (7.3) that the
CLS estimate of 8 = (B, 3,), subject to the constraint that 3; = ¢ (where ¢ is some given vector)
is the OLS regression of y — X ¢ on Xo.

Exercise 7.3 In the model y = X18; + X285 + e, with X; and X2 each n x k, find the CLS
estimate of 3 = (81, 3,), subject to the constraint that 3; = —3,.

Exercise 7.4 Verify that for 8, defined in (7.9) that R’ Bus = C.

Exercise 7.5 Let e be the vector of constrained least-squares residuals (7.11). Show that under
(7.1),

(a) RB—c=R (X'X) ' X'e
) Bus —B=(X'X)'X'e— (X'X)"'R (R’ (X'X)~" R)_l R(X'X) ' X'e
c)e=I—-P+A)efor P=X (X'X) "X’ and some matrix A (find this matrix A).
(d) Show that A is symmetric and idempotent, tr A = ¢, and PA = 0.
Exercise 7.6 Show (7.12), that is, E (sgls | X ) = 02, under the assumptions of the homoskedastic
regression model and (7.1).

Hint: Use the results of Exercise 7.5

Exercise 7.7 Verify (7.21) and (7.22), and that the minimum distance estimator Boq With W,, =
Q... equals the CLS estimator.

Exercise 7.8 Prove Theorem 7.5.1.

Exercise 7.9 Prove Theorem 7.5.2.

Exercise 7.10 Prove Theorem 7.5.3. (Hint: Use that CLS is a special case of Theorem 7.5.2.)
Exercise 7.11 Verify that (7.26) is Vg(W) with W = Vlgl.

Exercise 7.12 Prove (7.27). Hint: Use (7.26).

Exercise 7.13 Verify (7.29), (7.30) and (7.31)

Exercise 7.14 Verify (7.32), (7.33), and (7.34).
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Exercise 7.15 Asin Exercise 6.11 and 3.21, use the CPS dataset and the subsample of white male
Hispanics.
(a) Estimate the regression
logme) = By education + By experience + B experience? /100 + B4Married;
+ BsMarrieds + SeMarrieds + BrWidowed + BgDivorced + [gSeparated + Pio

where Married;, Marrieds, and Marrieds are the first three marital status codes as listed
in Section 3.19.

(b) Estimate the equation using constrained least-squares, imposing the constraints 54 = 87 and
Bs = Py, and report the estimates and standard errors

(c) Estimate the equation using efficient minimum distance, imposing the same constraints, and
report the estimates and standard errors

(d) Under what constraint on the coefficients is the wage equation non-decreasing in experience
for experience up to 507

(e) Estimate the equation imposing 84 = 7, fs = B9, and the inequality from part (d).



Chapter 8

Hypothesis Testing

8.1 Hypotheses

In Chapter 7 we discussed estimation subject to restrictions, including linear restrictions (7.1),
nonlinear restrictions (7.43), and inequality restrictions (7.49). In this chapter we discuss tests of
such restrictions.

Hypothesis tests attempt to assess whether there is evidence to contradict a proposed parametric
restriction. Let

6 =r(B)

be a ¢ x 1 parameter of interest where 7 : R¥ — © C RY is some transformation. For example, 0
may be a single coefficient, e.g. @ = ;, the difference between two coefficients, e.g. 8 = 8; — 3y, or
the ratio of two coefficients, e.g. @ = 3;/5,.

A point hypothesis concerning @ is a proposed restriction such as

0 =0, (8.1)

where 0 is a hypothesized value.

More generally, letting 3 € B C R¥ be the parameter space, a hypothesis is a restriction 3 € By
where By is a proper subset of B. This specializes to (8.1) by setting Bo = {3 € B : r(38) =60y}.

In this chapter we will focus primarily on point hypotheses of the form (8.1) as they are the
most common and relatively simple to handle.

The hypothesis to be tested is called the null hypothesis.

Definition 1 The null hypothesis, written Hy, is the restriction 8 = 6
or 3 € By.

We often write the null hypothesis as Hy : @ = 8¢ or Hy : 7(3) = 0.
The complement of the null hypothesis (the collection of parameter values which do not satisfy
the null hypothesis) is called the alternative hypothesis.

Definition 2 The alternative hypothesis, written H;, is the set
{06€©:0+#60y} or {f € B: 3¢ Bop}.

185
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We often write the alternative hypothesis as Hj : 6 # g or Hy : r(3) # 6. For simplicity, we
often refer to the hypotheses as “the null” and “the alternative”.

In hypothesis testing, we assume that there is a true (but unknown) value of 8 and this value
either satisfies Hy or does not satisfy Hy. The goal of hypothesis testing is to assess whether or not
Hy is true, by asking if Hy is consistent with the observed data.

To be specific, take our example of wage determination and consider the question: Does union
membership affects wages? We can turn this into a hypothesis test by specifying the null as the
restriction that a coefficient on union membership is zero in a wage regression. Consider, for
example, the estimates reported in Table 4.1. The coefficient for “Male Union Member” is 0.095 (a
wage premium of 9.5%) and the coefficient for “Female Union Member” is 0.022 (a wage premium
of 2.2%). These are estimates, not the true values. The question is: Are the estimates close enough
to zero that they are compatible with the hypothesis that the true values of the coefficients are
zero? Or are the estimates sufficiently different from zero that this hypothesis must be false?

8.2 Acceptance and Rejection

A hypothesis test either accepts the null hypothesis, or rejects the null hypothesis in favor of
the alternative hypothesis. We can describe these two decisions as “Accept Hy” and “Reject Hp”.
In the example given in the previous section, the decision would be either to accept the hypothesis
that union membership does not affect wages, or to reject the hypothesis in favor of the alternative
that union membership does affect wages.

The decision is based on the data, and so is a mapping from the sample space to the decision
set. This splits the sample space into two regions Sy and S7 such that if the observed sample falls
into So we accept Hy, while if the sample falls into S; we reject Hg. The set Sy can be called the
acceptance region and the set S the rejection or critical region.

It is convenient to express this mapping as a real-valued function called a test statistic

T, =T, ((yla :131) DD (yna mn))

relative to a critical value c. The hypothesis test then consists of the decision rule

1. Accept Hy if T;, < ¢,

2. Reject Hy if T;, > c.

A test statistic T}, should be designed so that small values are likely when Hy is true and large
values are likely when Hj is true. There is a well developed statistical theory concerning the design
of optimal tests. We will not review that theory here, but instead refer the reader to Lehmann
and Romano (2005). In this chapter we will summarize the main approaches to the design of test
statistics.

The most commonly used test statistic is the absolute value of the t-statistic

tn = [tn(60)| (82)
where ~
0—0
th(0) = — 8.3
(0) 0 (8.3)

is the t-statistic from (6.44), where f is a point estimate and 5(5) its standard error. t, is an
appropriate statistic when testing hypotheses on individual coefficients or real-valued parameters
0 = h(B) and 6y is the hypothesized value. Quite typically, 8y = 0, as interest focuses on whether
or not a coefficient equals zero, but this is not the only possibility. For example, interest may focus
on whether an elasticity 6 equals 1, in which case we may wish to test Hy : 6 = 1.
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8.3 Typel Error

A false rejection of the null hypothesis Hy (rejecting Hy when Hy is true) is called a Type I
error. The probability of a Type I error is

Pr (Reject Hy | Hy true) = Pr (7, > ¢ | Hy true). (8.4)

The finite sample size of the test is defined as the supremum of (8.4) across all data distributions
which satisfy Hgy. A primary goal of test construction is to limit the incidence of Type I error by
bounding the size of the test.

For the reasons discussed in Chapter 6, in typical econometric models the exact sampling
distributions of estimators and test statistics are unknown and hence we cannot explicitly calculate
(8.4). Instead, we typically rely on asymptotic approximations. We start by assuming that the test
statistic has an asymptotic distribution under Hy. That is, when Hjy is true

T, LT (8.5)

as n — oo for some continuously-distributed random variable 7'. This is not a substantive re-
striction, as most conventional econometric tests satisfy (8.5). Let G(u) = Pr (T < u) denote the
distribution of T'. We call T' (or G) the asymptotic null distribution.

It is generally desirable to design test statistics T;, whose asymptotic null distribution G is
known and does not depend on unknown parameters. In this case we say that the statistic T, is
asymptotically pivotal.

For example, if T}, = t,, the absolute t-statistic from (8.2), then we know from Theorem 6.12.1

that if = 0 (that is, the null hypothesis holds), then ¢, 4, |Z| as n — oo where Z ~ N(0, 1). This
means that G(u) = Pr(T < |Z|) = ®(u), the symmetrized normal distribution function defined in
(6.45). This distribution does not depend on unknowns and is pivotal.

We define the asymptotic size of the test as the asymptotic probability of a Type I error:

lim Pr (7, > c¢| Hp true) = Pr (T > ¢)
=1-G(c).

We see that the asymptotic size of the test is a simple function of the asymptotic null distribution G
and the critical value c. For example, the asymptotic size of a test based on the absolute t-statistic
with critical value ¢ is 1 — ®(c).

In the dominant approach to hypothesis testing, the researcher pre-selects a significance level
a € (0,1) and then selects ¢ so that the (asymptotic) size is no larger than o. When the asymptotic
null distribution G is pivotal, we can accomplish this by setting ¢ equal to the (1 — )" quantile of
the distribution G. (If the distribution G is not pivotal, more complicated methods must be used,
pointing out the great convenience of using asymptotically pivotal test statistics.) We call ¢ the
asymptotic critical value because it has been selected from the asymptotic null distribution.
For example, since ®(1.96) = 0.95, it follows that the 5% asymptotic critical value for the absolute
t-statistic is ¢ = 1.96.

8.4 t tests
As we mentioned earlier, the most common test of the one-dimensional hypothesis
Hy : 0 = 6y (8.6)

against the alternative
Hj : 0 # 6y (8.7)
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is the absolute value of the t-statistic (8.3). We now formally state its asymptotic null distribution,
which is a simple application of Theorem 6.12.1.

Theorem 8.4.1 Under Assumptions 6.1.2, 6.10.1, and Hy : 6 = 6,
tn(60) —= Z.
For ¢ satisfying o = 2 (1 — ®(c)),
Pr ([tn(60)| > ¢ | Ho) — a

so the test “Reject Hy if |t,,(60)| > ¢” has asymptotic size a.

The theorem shows that asymptotic critical values can be taken from the normal distribution
table.

The alternative hypothesis (8.7) is sometimes called a “two-sided” alternative. Sometimes we
are interested in testing for one-sided alternatives such as

H : 6 > 6 (8.8)

or

Hy : 0 < 6. (89)

Tests of (8.6) against (8.8) or (8.9) are based on the signed t-statistic ¢, = ¢,(6p). The hypothesis
(8.6) is rejected in favor of (8.8) if t,, > ¢ where c satisfies a« = 1 — ®(c). Negative values of ¢, are
not taken as evidence against Hp, as point estimates 6 less than 6y do not point to (8.8). Since the
critical values are taken from the single tail of the normal distribution, they are smaller than for
two-sided tests. Specifically, the asymptotic 5% critical value is &« = 1.645. Thus, we reject (8.6) in
favor of (8.8) if ¢, > 1.645.

Conversely, tests of (8.6) against (8.9) reject Hy for negative t-statistics, e.g. if t, < —c. For this
alternative large positive values of ¢, are not evidence against Hy. An asymptotic 5% test rejects
if t,, < —1.645.

There seems to be an ambiguity. Should we use the two-sided critical value 1.96 or the one-
sided critical value 1.6457 The answer is that we should use one-sided tests and critical values only
when the parameter space is known to satisfy a one-sided restriction such as 6 > 6. This is when
the test of (8.6) against (8.8) makes sense. If the restriction § > 6y is not known a priori, then
imposing this restriction to test (8.6) against (8.8) does not makes sense. Since linear regression
coefficients typically do not have a priori sign restrictions, we conclude that two-sided tests are
generally appropriate.

8.5 Type II Error and Power

A false acceptance of the null hypothesis Hy (accepting Hy when Hj is true) is called a Type 11
error. The rejection probability under the alternative hypothesis is called the power of the test,
and equals 1 minus the probability of a Type II error:

™ (0) = Pr (Reject Hy | Hy true) = Pr (7, > ¢ | Hy true).

We call 7,(0) the power function and is written as a function of @ to indicate its dependence on
the true value of the parameter 6.
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In the dominant approach to hypothesis testing, the goal of test construction is to have high
power, subject to the constraint that the size of the test is lower than the pre-specified significance
level. Generally, the power of a test depends on the true value of the parameter 8, and for a well
behaved test the power is increasing both as @ moves away from the null hypothesis 8y and as the
sample size n increases.

Given the two possible states of the world (Hg or H;) and the two possible decisions (Accept Hy
or Reject Hy), there are four possible pairings of states and decisions as is depicted in the following
chart.

Hypothesis Testing Decisions

Accept Hy Reject Hy
Hy true | Correct Decision | Type I Error
H; true | Type II Error Correct Decision

Given a test statistic T}, , increasing the critical value ¢ increases the acceptance region Sy while
decreasing the rejection region Sj. This decreases the likelihood of a Type I error (decreases the
size) but increases the likelihood of a Type II error (decreases the power). Thus the choice of ¢
involves a trade-off between size and the power. This is why the significance level « of the test
cannot be set arbitrarily small. (Otherwise the test will not have meaningful power.)

It is important to consider the power of a test when interpreting hypothesis tests, as an overly
narrow focus on size can lead to poor decisions. For example, it is trivial to design a test which
has perfect size yet has trivial power. Specifically, for any hypothesis we can use the following test:
Generate a random variable U ~ U]0, 1] and reject Hy if U < . This test has exact size of a. Yet
the test also has power precisely equal to a. When the power of a test equals the size, we say that
the test has trivial power. Nothing is learned from such a test.

8.6 Statistical Significance

Testing requires a pre-selected choice of significance level «, yet there is no objective scientific
basis for choice of a. Never-the-less, the common practice is to set @ = 0.05 (5%). Alternative
values are o = 0.10 (10%) and a = 0.01 (1%). These choices are somewhat the by-product of
traditional tables of critical values and statistical software.

The informal reasoning behind the choice of a 5% critical value is to ensure that Type I errors
should be relatively unlikely — that the decision “Reject Hp” has scientific strength — yet the test
retains power against reasonable alternatives. The decision “Reject Hy” means that the evidence
is inconsistent with the null hypothesis, in the sense that it is relatively unlikely (1 in 20) that data
generated by the null hypothesis would yield the observed test result.

In contrast, the decision “Accept Hp” is not a strong statement. It does not mean that the
evidence supports Hy, only that there is insufficient evidence to reject Hy. Because of this, it is
more accurate to use the label “Do not Reject Hp” instead of “Accept Hp”.

When a test rejects Hy at the 5% significance level it is common to say that the statistic is
statistically significant and if the test accepts Hy it is common to say that the statistic is not
statistically significant or that that it is statistically insignificant. It is helpful to remember
that this is simply a way of saying “Using the statistic T, the hypothesis Hp can [cannot] be
rejected at the asymptotic 5% level.” When the null hypothesis Hy : # = 0 is rejected it is common
to say that the coefficient 6 is statistically significant, because the test has rejected the hypothesis
that the coefficient is equal to zero.

Let us return to the example about the union wage premium as measured in Table 4.1. The
absolute t-statistic for the coefficient on “Male Union Member” is 0.095/0.020 = 4.75, which is
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greater than the 5% asymptotic critical value of 1.96. Therefore we reject the hypothesis that
union membership does not affect wages for men. In this case, we can say that union membership
is statistically significant for men. However, the absolute t-statistic for the coefficient on “Female
Union Member” is 0.022/0.020 = 1.10, which is less than 1.96 and therefore we do not reject the
hypothesis that union membership does not affect wages for women. In this case we find that
membership for women is not statistically significant.

When a test accepts a null hypothesis (when a test is not statistically significant), a common
misinterpretation is that this is evidence that the null hypothesis is true. This is incorrect. Failure
to reject is by itself not evidence. Without an analysis of power, we do not know the likelihood of
making a Type II error, and thus are uncertain. In our wage example, it would be a mistake to
write that “the regression finds that female union membership has no effect on wages”. This is an
incorrect and most unfortunate interpretation. The test has failed to reject the hypothesis that the
coeflicient is zero, but that does not mean that the coefficient is actually zero.

When a test rejects a null hypothesis (when a test is statistically significant) it does not mean
that the null hypothesis is false (as we could be making a Type I error) but we know that this
event is unlikely. Thus it is appropriate to interpret the rejection as an evidential statement: The
null hypothesis appears to be incorrect. However, while we can conclude that the true value 0 is
numerically different than the hypothesized value 6, the test alone does not tell us that the true
0 value is meaingfully different than 6y. That is, whether or not the deviation of @ from 6 is
meaningful with respect to the interpretation of the coefficient. This is where an examination of
confidence intervals can be quite helpful.

8.7 P-Values

Continuing with the wage regression estimates reported in Table 4.1, consider another question:
Does marriage status affect wages? To test the hypothesis that marriage status has no effect on
wages, we examine the t-statistics for the coefficients on “Married Male” and “Married Female”
in Table 4.1, which are 0.180/0.008 = 22.5 and 0.016/0.008 = 2.0, respectively. Both exceed the
asymptotic 5% critical value of 1.96, so we reject the hypothesis for both men and women. But the
statistic for men is exceptionally high, and that for women is only slightly above the critical value.
Suppose in contrast that the t-statistic had been 1.9, which is less than the critical value. This would
lead to the decision “Accept Hgy” rather than “Reject Hg”. Should we really be making a different
decision if the t-statistic is 1.9 rather than 2.07 The difference in values is small, shouldn’t the
difference in the decision be also small? Thinking through these examples it seems unsatisfactory
to simply report “Accept Hy” or “Reject Hy”. These two decisions do not summarize the evidence.
Instead, the magnitude of the statistic 7T}, suggests a “degree of evidence” against Hy. How can we
take this into account?

The answer is to report what is known as the asymptotic p-value

pn=1—G(Ty).

Since the distribution function G is monotonically increasing, the p-value is a monotonically de-
creasing function of 7;, and is an equivalent test statistic. Instead of rejecting Hy at the significance
level « if T;, > ¢, we can reject Hy if p, < «. Thus it is sufficient to report p,, and let the reader
decide.

In is instructive to interpret p,, as the marginal significance level: the largest value of « for
which the test T, “rejects” the null hypothesis. That is, p, = 0.11 means that T, rejects Hy for all
significance levels greater than 0.11, but fails to reject Hy for significance levels less than 0.11.

Furthermore, the asymptotic p-value has a very convenient asymptotic null distribution. Since
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T, -% T under Ho, then p, =1 — G(T,) S G(T'), which has the distribution

Pr1-G(T)<u)=Pr(1—-u<G(T))
=1-Pr(T <G '(1-u))
=1-G(G (1 -w)
=1—(1—-u)

:u’

which is the uniform distribution on [0, 1]. Thus p, -, U[0, 1]. This means that the “unusualness”
of p,, is easier to interpret than the “unusualness” of T;,.

An important caveat is that the p-value p, should not be interpreted as the probability that
either hypothesis is true. For example, a common mis-interpretation is that p, is the probability
“that the null hypothesis is false.” This is incorrect. Rather, p, is a measure of the strength of
information against the null hypothesis.

Returing to our empirical example, for the test that the coefficient on “Married Male” is zero,
the p-value is 0.000. This means that it would be highly unlikely to observe a t-statistic as large
as 22.5 when the true value of the coefficient is zero, and thus we can reject that the true value is
zero. When presented with such evidence we can say that we “strongly reject” the null hypothesis,
that the test is “highly significant”, or that “the test rejects at any conventional critical value”.
In contrast, the p-value for the coefficient on “Married Female” is 0.046. In this context it is
typical to say that the test is “marginally significant”, meaning that the test statistic is close to
the asymptotic 5% critical value.

A related (but somewhat inferior) empirical practice is to append asterisks (*) to coefficient
estimates or test statistics to indicate the level of significance. A common practice to to append
a single asterisk (*) for an estimate or test statistic which exceeds the 10% critical value (i.e.,
is significant at the 10% level), append a double asterisk (**) for a test which exceeds the 5%
critical value, or append a trip asterisk (***) for a test which which exceeds the 1% critical value.
Such a practice can be better than a table of raw test statistics as the asterisks permit a quick
interpretation of significance. On the other hand, asterisks are inferior to p-values, which are also
easy and quick to interpret. The goal is essentially the same; it seems wiser to report p-values
whenever possible and avoid the use of asterisks.

Our recommendation is that the best empirical practice is to compute and report the asymptotic
p-value p,, rather than simply the test statistic 7},, the binary decision Accept/Reject, or appending
asterisks. The p-value is a simple statistic, easy to interpret, and contains more information than
the other choices.

We now summarize the main features of hypothesis testing.

1. Select a significance level a.

2. Select a test statistic T, with asymptotic distribution 7}, 4, T under H.

3. Set the asymptotic critical value ¢ so that 1 — G(¢) = «, where G is the distribution function
of T.

4. Calculate the asymptotic p-value p, = 1 — G(T5,).
5. Reject Hy if T}, > ¢, or equivalently p, < a.
6. Accept Hy if T}, < ¢, or equivalently p,, > «.

7. Report p, to summarize the evidence concerning Hy versus Hj.
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8.8 t-ratios and the Abuse of Testing

In Section 4.15, we argued that a good applied practice is to report coefficient estimates 6 and
standard errors s(f) for all coefficients of interest in estimated models. With 6 and s(f) the reader

can easily construct confidence intervals [0 + 2s(0)] and t-statistics <é - 6?0> /s(0) for hypotheses

of interest.

Some applied papers (especially older ones) instead report estimates 0 and t-ratios t,, = 0 / s(é),
not standard errors. Reporting t-ratios instead of standard errors is poor econometric practice.
While the same information is being reported (you can back out standard errors by division, e.g.
s(é) =0 /tn), standard errors are generally more helpful to readers than t-ratios. Standard errors
help the reader focus on the estimation precision and confidence intervals, while t-ratios focus
attention on statistical significance. While statistical significance is important, it is less important
that the parameter estimates themselves and their confidence intervals. The focus should be on
the meaning of the parameter estimates, their magnitudes, and their interpretation, not on listing
which variables have significant (e.g. non-zero) coefficients. In many modern applications, sample
sizes are very large so standard errors can be very small. Consequently t-ratios can be large even
if the coefficient estimates are economically small. In such contexts it may not be interesting
to announce “The coefficient is non-zero!” Instead, what is interesting to announce is that “The
coefficient estimate is economically interesting!”

In particular, some applied papers report coefficient estimates and t-ratios, and limit their
discussion of the results to describing which variables are “significant” (meaning that their t-ratios
exceed 2) and the signs of the coefficient estimates. This is very poor empirical work, and should
be studiously avoided. It is also a receipe for banishment of your work to lower tier economics
journals.

Fundamentally, the common t-ratio is a test for the hypothesis that a coefficient equals zero.
This should be reported and discussed when this is an interesting economic hypothesis of interest.
But if this is not the case, it is distracting.

In general, when a coefficient 6 is of interest, it is constructive to focus on the point estimate,
its standard error, and its confidence interval. The point estimate gives our “best guess” for the
value. The standard error is a measure of precision. The confidence interval gives us the range
of values consistent with the data. If the standard error is large then the point estimate is not
a good summary about #. The endpoints of the confidence interval describe the bounds on the
likely possibilities. If the confidence interval embraces too broad a set of values for 6, then the
dataset is not sufficiently informative to render useful inferences about 6. On the other hand if
the confidence interval is tight, then the data have produced an accurate estimate, and the focus
should be on the value and interpretation of this estimate. In contrast, the statement “the t-ratio
is highly significant” has little interpretive value.

The above discussion requires that the researcher knows what the coefficient # means (in terms
of the economic problem) and can interpret values and magnitudes, not just signs. This is critical
for good applied econometric practice.

For example, consider the question about the effect of marriage status on mean log wages. We
had found that the effect is “highly significant” for men and “marginally significant” for women.
Now, let’s construct asymptotic confidence intervals for the coefficients. The one for men is [0.16,
0.20] and that for women is [0.00, 0.03]. This shows that average wages for married men are about
16-20% higher than for unmarried men, which is very substantial, while the difference for women
is about 0-3%, which is small. These magnitudes are more informative than the results of the
hypothesis tests.
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8.9 Wald Tests

The t-test is appropriate when the null hypothesis is a real-valued restriction. More generally,
there may be multiple restrictions on the coefficient vector 8. Suppose that we have g > 1 restric-
tions which can written in the form (8.1). It is natural to estimate @ = r(3) by the plug-in estimate
0= r(f’i‘) To test Hp : @ = 8 one approach is to measure the magnitude of the discrepancy 0-0.
As this is a vector, there is more than one measure of its length. One simple measure is the weighted

quadratic form known as the Wald statistic. This is (6.48) evaluated at the null hypothesis

~ I 1/~
W, = Wi (6o) = (9 - 90> v, (9 - 90> (8.10)
where i\fg = ﬁ/ffaﬁ is an estimate of V3 and R = %'r(,@)’ . Notice that we can write W),

alternatively as

Wo=n(0-60) V' (6-60)
using the asymptotic variance estimate ‘Afg, or we can write it directly as a function of ,CA‘S’ as
Wo= (r(B) - 00) (RV,R) ™ (r(B) - 00). (8.11)
Also, when r(8) = R'3 is a linear function of 3, then the Wald statistic simplifies to
W, = (R’B - 00>/ (R"A/*E,Ryl (R’B _ 00> .

The Wald statistic W, is a weighted Euclidean measure of the length of the vector 6—6o. When
q = 1 then W,, = t2, the square of the t-statistic, so hypothesis tests based on W,, and [t,| are
equivalent. The Wald statistic (8.10) is a generalization of the t-statistic to the case of multiple
restrictions.

As shown in Theorem 6.16.2, when (3 satisfies (3) = 0y then W, N Xg» a chi-square random
variable with ¢ degrees of freedom. Let G4(u) denote the xﬁ distribution function. For a given
significance level «a, the asymptotic critical value ¢ satisfies @« = 1 — G4(¢) and can be found from
the chi-square distribution table. For example, the 5% critical values for ¢ = 1, ¢ = 2, and ¢ = 3 are
3.84, 5.99, and 7.82, respectively. An asymptotic test rejects Hy in favor of Hy if W,, > ¢. As with
t-tests, it is conventional to describe a Wald test as “significant” if W,, exceeds the 5% asymptotic
critical value.

Theorem 8.9.1 Under Assumptions 6.1.2 and 6.10.1, and Hy : 8 = O,
then ;
Wy — ng

and for ¢ satisfying « =1 — Gy(c),
Pr(W, >c|Hy) — «

so the test “Reject Hy if W,, > ¢” has asymptotic size .

Notice that the asymptotic distribution in Theorem 8.9.1 depends solely on ¢, the number of
restrictions being tested. It does not depend on k, the number of parameters estimated.

The asymptotic p-value for W, is p, = 1 — G4(W,,). It is particularly useful to report p-values
instead of the Wald statistic. For example, if you write that a Wald test on eight restrictions
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(¢ = 8) has the value W,, = 11.2, it is difficult for a reader to assess the magnitude of this statistic
without the time-consuming and cumbersome process of looking up the critical values from a table.
Instead, if you write that the p-value is p, = 0.19 (as is the case for W,, = 11.2 and ¢ = 8) then it
is simple for a reader to intrepret its magnitude as “insignificant”.

For example, consider the empirical results presented in Table 4.1. The hypothesis “Union
membership does not affect wages” is the joint restriction that both coefficients on “Male Union
Member” and “Female Union Member” are zero. We calculate the Wald statistic (8.10) for this
joint hypothesis and find W,, = 23.14 with a p-value of p, = 0.000. Thus we reject the hypothesis
in favor of the alternative that at least one of the coefficients is non-zero. This does not mean that
both coefficients are non-zero, just that one of the two is non-zero. Therefore examining the joint
Wald statistic and the individual t-statistics is useful for interpretation.

The Wald statistic is named after the statistician Abraham Wald, who showed that W,, has
optimal weighted average power in certain settings.

8.10 Homoskedastic Wald Tests

If the error is known to be homoskedastic, then it is appropriate to use the homoskedastic Wald
X =0
statistic (6.50) which replaces V5 with the homoskedastic estimate Vg. This statistic equals

wi= (o0 (V) (6-0)
~/

= <1°(B) - 90)/ <R (}(’X)_1 ﬁ)il <"°(B) - 00> /s>, (8.12)

We call (8.12) the homoskedastic Wald statistic as it is an appropriate test when the errors are
conditionally homoskedastic.

As for W,,, when ¢ = 1 then W2 = ¢2, the square of the t-statistic, where the latter is computed
with a homoskedastic standard error.

In the case of linear hypotheses Hy : R'3 = 6y the homoskedastic Wald statistic equals

=~/

WO = (R’B - 90)' <R (x'x)”" R>_1 (R’B - 90) /82, (8.13)

Theorem 8.10.1 Under Assumptions 6.1.2 and 6.10.1, E (eZ2 ] iBZ) =02,
and Hy : @ = 0y, then
w2 L2,
and for ¢ satisfying o =1 — Gy(c),
Pr (W2 >c|Hy) — a

s0 the test “Reject Ho if W2 > c¢” has asymptotic size a.

8.11 Criterion-Based Tests

The Wald statistic is based on the length of the vector 0— 6y: the discrepancy between the
estimate @ = r(3) and the hypothesized value 8y. An alternative class of tests is based on the
discrepancy between the criterion function minimized with and without the restriction.
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Criterion-based testing applies when we have a criterion function, say J,(3) with 8 € B,
which is minimized for estimation, and the goal is to test Hy : 3 € Bg versus Hy : 3 ¢ By
where By C B. Minimizing the criterion function over B and By we obtain the unrestricted and
restricted estimators

B = argmin J,, (B)
BeB

B = argmin J, (8).
BeBg

The criterion-based statistic for Hgy versus Hj is proportional to

J, = min J,(B) — min J,
Jnin (B) min (B)

= Jn(B) — Ju(B).

The criterion-based statistic J,, is sometimes called a distance statistic, a minimum-distance
statistic, or a likelihood-ratio-like statistic.

~ ~

Since By is a subset of B, J,(3) > J,(8) and thus J,, > 0. The statistic .J,, measures the cost
(on the criterion) of imposing the null restriction 3 € By.
8.12 Minimum Distance Tests

The minimum distance test is a criterion-based test where .J, (3) is the minimum distance
criterion (7.17)

7 (B)=n(B-8) W, (B-p) (8.14)

with 3 the unrestricted (LS) estimator. The restricted estimator ,,q minimizes (8.14) subject to
B € By. Observing that J,(3) = 0, the minimum distance statistic simplifies to

Jn = In(Bus) =1 (B~ Boa) Wi (B~ Brua) - (8.15)

~ ~—1
The efficient minimum distance estimator B,,q is obtained by setting W, = V5 in (8.14) and
(8.15). The efficient minimum distance statistic for Hy : 3 € By is therefore

To=n(B=Buna) V' (B Bena) - (5.16)

Consider the class of linear hypotheses Ho : R'3 = 6g. In this case we know from (7.25) that
the efficient minimum distance estimator B4 subject to the constraint R'3 = 6y is

Bema =B — ‘AfﬁR <R"Af,3R>_1 <R’ﬁ — 00>
and thus .
B Boma = VaR (R’%R) (R’B - 00) .
Substituting into (8.16) we find
Ji=n(RB- 00)' (R"A/gR>_1 R'VsV, VsR (R"A/gR>_1 (RB-6))
—n (R’B — 90)/ (R’ %Ry1 (R’B — 90)
= W,, (8.17)
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which is the Wald statistic (8.10).

Thus for linear hypotheses Hy : R'3 = 0y, the efficient minimum distance statistic J; is identical
to the Wald statistic (8.10). For non-linear hypotheses, however, the Wald and minimum distance
statistics are different.

Newey and West (1987) established the asymptotic null distribution of J;} for linear and non-
linear hypotheses.

Theorem 8.12.1 Under Assumptions 6.1.2 and 6.10.1, and Hy : 6 = Oy,
then J; —25 2.

Testing using the minimum distance statistic J;} is similar to testing using the Wald statistic
W,,. Critical values and p-values are computed using the xﬁ distribution. Hy is rejected in favor of
H; if J} exceeds the level « critical value. The asymptotic p-value is p, = 1 — F,(J}).

8.13 Minimum Distance Tests Under Homoskedasticity
If we set W,, = Q,,, in (8.14) we obtain the criterion (7.19)
N PN
1B =n(B-8) Q. (B-8).
A minimum distance statistic for Hg : 3 € By is

JY = min J° 2,
n=min J,(8)/s

Notice that we have scaled the criterion by the unbiased variance estimator s from (4.21) for
reasons which will become clear momentarily.
Equation (7.20) showed that

SSE.(B) =né* + J,, (B)

and so the minimizers of SSE,(8) and J? (8) are identical. Thus the constrained minimizer of
J? (B) is constrained least-squares

Bcls = argmin Jg (B) = argmin SSE,(3) (8.18)
BeBo BeBy

and therefore
o= Jn(Bay)/s*
(BB Qe (B B) /5

In the special case of linear hypotheses Hy : R'3 = 6, the constrained least-squares estimator

subject to R'3 = 6y has the solution (7.10)
Bo=B - QR (RQR) " (RB-60)
and solving we find
JO=n (R’ﬁ - 00)' <R’@;;R>il (R’B - 00) /5% = WP. (8.19)

This is the homoskedastic Wald statistic (8.13). Thus for testing linear hypotheses, homoskedastic
minimum distance and Wald statistics agree.
For nonlinear hypotheses they disagree, but have the same null asymptotic distribution.
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Theorem 8.13.1 Under Assumptions 6.1.2 and 6.10.1, (622 | :Bz) =02,
and Ho : @ = 0o, then JO — x2.

8.14 F Tests

The F statistic for testing Hy : 3 € By is

(SSEu(Ba) — SSEn(B)) /a
F, = - (8.20)
SSE.(B)/(n— k)

where

SSE(B) = (ui — i8)?

is the sum-of-squared errors, Bds is the constrained least-squares estimator (8.18), B is the uncon-
strained least-squares estimator, ¢ is the number of restrictions, and k is the number of uncon-
strained coefficients. R

Noting that s2 = SSE,(B)/(n — k), we can also write (8.20) as

SSETL(BC]S) — SSEn(B)
qs>

b, =

which is a scale of the difference of sum-of-squared errors, and is thus a criterion-based statistic.
Using (7.20) we can also write the statistic as

Fn:Jg/qv

so the F stastistic is identical to the homoskedastic minimum distance statistic divided by the
number of restrictions g.
Another useful way of writing (8.20) is

F, = <” - k) ("5 (8.21)

where

is the residual variance estimate under H; and

&2 SSE /Bcls 1 Z

3 |

with &; = y; — :B;BdS is the residual variance estimate under Hy.

As we discussed in the previous section, in the special case of linear hypotheses Hy : R'3 = 0,
JO = W0, It follows that in this case F,, = WY /q. Thus the F), statistic equals the homoskedastic
Wald statistic divided by q. It follows that they are equivalent tests for Hy against Hj.

In many statistical packages, linear hypothesis tests are reported as F statistics rather than
Wald statistics. While they are equivalent, it is important to know which is being reported to know
which critical values to use. (If p-values are directly reported this is not an issue.)
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When reporting an F), statistic it is conventional to calculate critical values and p-values using
the F'(q,n — k) distribution instead of the asymptotic x§ /q distribution. This is a prudent small
sample adjustment, as the F' distribution is exact when the errors are independent of the regressors
and normally distributed. However, when the degrees of freedom n — k are large then the difference
is negligible. More relevantly, if n — k is small enough to make a difference, probably we shouldn’t
be trusting the asymptotic approximation anyway!

An elegant feature about (8.20) or (8.21) is that they are directly computable from the standard
output from two simple OLS regressions, as the sum of squared errors (or regression variance) is
a typical printed output from statistical packages, and is often reported in applied tables. Thus
F,, can be calculated by hand from standard reported statistics even if you don’t have the original
data (or if you are sitting in a seminar and listening to a presentation!).

If you are presented with an F), statistic (or a Wald statistic, as you can just divide by ¢) but
don’t have access to critical values, a useful rule of thumb is to know that for large n, the 5%
asymptotic critical value is decreasing as ¢ increases, and is less than 2 for ¢ > 7.

In many statistical packages, when an OLS regression is estimated an “F-statistic” is auto-
matically reported, even though hypothesis test is requested. This is the F statistic Fj, where Hy
restricts all coefficients except the intercept to be zero. This was a popular statistic in the early
days of econometric reporting, when sample sizes were very small and researchers wanted to know
if there was “any explanatory power” to their regression. This is rarely an issue today, as sample
sizes are typically sufficiently large that this F statistic is nearly always highly significant. While
there are special cases where this F statistic is useful, these cases are atypical. As a general rule,
there is no reason to report this F statistic.

The F;, statistic is named after the statistician Ronald Fisher, one of the founders of modern
statistical theory.

8.15 Likelihood Ratio Test

For a model with parameter @ € ® and likelihood function L, (@) the likelihood ratio statistic
for Hy : @ € ®¢ versus Hj : 8 € O is

LR, =2 log L, — log L,
R (glgg 0g Ln(6) — max log (9)>

=2 (log Ln(a) — log Ln(5)>

where 0 and @ are the unrestricted and constrained MLE.
In the normal linear model the maximized log likelihood (3.45) at the unrestricted and restricted
estimates are

~ ) n n )
log L (IBmle’ 012nle> =3 (log (2m) +1) — 5 log (6%)

and _ n n
1OgL <chle7 602mle> = _E (IOg (27T) + 1) - E log (&2)

respectively. Thus the LR statistic is

LR, = n (log (6°) —log (67))

1 &2
=nlog | =
&\ 52

which is a monotonic function of 52/52. Recall that the F statistic (8.21) is also a monotonic
function of 52/62. Thus LR, and F, are fundamentally the same statistic and have the same
information about Hy versus Hj.
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Furthermore, by a first-order Taylor series approximation

~2 ~2
LRn/q—ﬁlog<1+(f—2—1> ~ I <%—1> ~ F,.
q o q \o
This shows that the two statistics (LR, and F,,) will be numerically close. It also shows that the

F statistic and the homoskedastic Wald statistic for linear hypotheses can also be interpreted as
approximate likelihood ratio statistics under normality.

8.16 Problems with Tests of NonLinear Hypotheses

While the t and Wald tests work well when the hypothesis is a linear restriction on 3, they
can work quite poorly when the restrictions are nonlinear. This can be seen by a simple example
introduced by Lafontaine and White (1986). Take the model

yi=P+ei
e; ~ N(0,0?)
and consider the hypothesis
HO : B =1.
Let B and 62 be the sample mean and variance of ;. The standard Wald test for Hy is
. 2
(i-1)
o

Now notice that Hy is equivalent to the hypothesis
Ho(s) : 55 =1
for any positive integer s. Letting r(3) = 3%, and noting R = s~ !, we find that the standard

Wald test for Ho(s) is
. 2
(1)
Wy (s) = n-———

5252 /325—2'
While the hypothesis 5% = 1 is unaffected by the choice of s, the statistic W, (s) varies with s. This
is an unfortunate feature of the Wald statistic.

To demonstrate this effect, we have plotted in Figure 8.1 the Wald statistic W,,(s) as a function
of s, setting n/62 = 10. The increasing solid line is for the case 5’ = 0.8. The decreasing dashed
line is for the case B = 1.6. It is easy to see that in each case there are values of s for which the
test statistic is significant relative to asymptotic critical values, while there are other values of s
for which the test statistic is insignificant. This is distressing since the choice of s is arbitrary and
irrelevant to the actual hypothesis.

Our first-order asymptotic theory is not useful to help pick s, as W, (s) 4, x? under Hy for any
s. This is a context where Monte Carlo simulation can be quite useful as a tool to study and
compare the exact distributions of statistical procedures in finite samples. The method uses random
simulation to create artificial datasets, to which we apply the statistical tools of interest. This
produces random draws from the statistic’s sampling distribution. Through repetition, features of
this distribution can be calculated.

In the present context of the Wald statistic, one feature of importance is the Type I error
of the test using the asymptotic 5% critical value 3.84 — the probability of a false rejection,
Pr(Wy(s) > 3.84 | 8 =1). Given the simplicity of the model, this probability depends only on
s, n, and o2. In Table 8.1 we report the results of a Monte Carlo simulation where we vary these
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Figure 8.1: Wald Statistic as a function of s

three parameters. The value of s is varied from 1 to 10, n is varied among 20, 100 and 500, and o
is varied among 1 and 3. The Table reports the simulation estimate of the Type I error probability
from 50,000 random samples. FEach row of the table corresponds to a different value of s — and thus
corresponds to a particular choice of test statistic. The second through seventh columns contain the
Type I error probabilities for different combinations of n and . These probabilities are calculated
as the percentage of the 50,000 simulated Wald statistics Wy, (s) which are larger than 3.84. The
null hypothesis 5% = 1 is true, so these probabilities are Type I error.

To interpret the table, remember that the ideal Type I error probability is 5% (.05) with devia-
tions indicating distortion. Type I error rates between 3% and 8% are considered reasonable. Error
rates above 10% are considered excessive. Rates above 20% are unacceptable. When comparing
statistical procedures, we compare the rates row by row, looking for tests for which rejection rates
are close to 5% and rarely fall outside of the 3%-8% range. For this particular example the only
test which meets this criterion is the conventional W,, = W,,(1) test. Any other choice of s leads
to a test with unacceptable Type I error probabilities.

Table 8.1
Type I Error Probability of Asymptotic 5% W, (s) Test
o=1 oc=3

s|{n=20 n=100 n=500 | n=20 n=100 n =500
1 .06 .05 .05 .07 .05 .05
2 .08 .06 .05 15 .08 .06
3 .10 .06 .05 .21 12 .07
4 13 .07 .06 .25 .15 .08
) 15 .08 .06 .28 18 .10
6 A7 .09 .06 .30 .20 A1
7 .19 .10 .06 31 .22 13
8 .20 12 .07 .33 .24 14
9 .22 13 .07 .34 .25 .15
10 .23 14 .08 .35 .26 .16

Note: Rejection frequencies from 50,000 simulated random samples
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In Table 8.1 you can also see the impact of variation in sample size. In each case, the Type I
error probability improves towards 5% as the sample size n increases. There is, however, no magic
choice of n for which all tests perform uniformly well. Test performance deteriorates as s increases,
which is not surprising given the dependence of W, (s) on s as shown in Figure 8.1.

In this example it is not surprising that the choice s = 1 yields the best test statistic. Other
choices are arbitrary and would not be used in practice. While this is clear in this particular
example, in other examples natural choices are not always obvious and the best choices may in fact
appear counter-intuitive at first.

This point can be illustrated through another example which is similar to one developed in
Gregory and Veall (1985). Take the model

Yi = Bo + 11 + 282 + € (8.22)
E (mlez) =0
and the hypothesis
Hp : % =0
where 6 is a known constant. Equivalently, define § = [31/82, so the hypothesis can be stated as

Hp : 60 = 6.
Let B8 = (Bo,P1,P2) be the least-squares estimates of (8.22), let VB be an estimate of the

covariance matrix for B and set 6 = 3, / Bg. Define

0

1

R, = Ba

B
b3

~ o~

1/2
1) . In this case a t-statistic for Hj is

B

& g)
n — ~ .
s(0)

An alternative statistic can be constructed through reformulating the null hypothesis as

Hp : p1 — 0pB2 = 0.

A t-statistic based on this formulation of the hypothesis is
By — 005

so that the standard error for 0 is s(f) = (IA%II

(R’2 ViR )
2
where
0
Ry = 1
—0o

To compare t1, and to, we perform another simple Monte Carlo simulation. We let x1; and xo;
be mutually independent N(0,1) variables, e; be an independent N(0,0?) draw with ¢ = 3, and
normalize Sy = 0 and 51 = 1. This leaves 35 as a free parameter, along with sample size n. We vary
B2 among .1, .25, .50, .75, and 1.0 and n among 100 and 500.
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Table 8.2
Type I Error Probability of Asymptotic 5% t-tests
n = 100 n = 500
Pr (£, < —1.645) | Pr (L, > 1.645) | Pr(tn < —1.645) | Pr (¢, > 1.645)

B2 | tin ton t1n ton tin ton t1n ton
10 | 47 .06 .00 .06 .28 .05 .00 .05
.25 | .26 .06 .00 .06 .15 .05 .00 .05
.50 | .15 .06 .00 .06 .10 .05 .00 .05
75 12 .06 .00 .06 .09 .05 .00 .05
1.00 | .10 .06 .00 .06 .07 .05 .02 .05

The one-sided Type I error probabilities Pr (¢, < —1.645) and Pr (¢, > 1.645) are calculated
from 50,000 simulated samples. The results are presented in Table 8.2. Ideally, the entries in the
table should be 0.05. However, the rejection rates for the ¢y, statistic diverge greatly from this
value, especially for small values of 32. The left tail probabilities Pr (t1, < —1.645) greatly exceed
5%, while the right tail probabilities Pr (¢1, > 1.645) are close to zero in most cases. In contrast,
the rejection rates for the linear to,, statistic are invariant to the value of £, and are close to the
ideal 5% rate for both sample sizes. The implication of Table 4.2 is that the two t-ratios have
dramatically different sampling behavior.

The common message from both examples is that Wald statistics are sensitive to the algebraic
formulation of the null hypothesis.

A simple solution is to use the minimum distance statistic J,, which equals W,, with » =1 in
the first example, and |tg,| in the second example. The minimum distance statistic is invariant to
the algebraic formulation of the null hypothesis, so is immune to this problem. Whenever possible,
the Wald statistic should not be used to test nonlinear hypotheses.

8.17 Monte Carlo Simulation

In the Section 8.16 we introduced the method of Monte Carlo simulation to illustrate the small
sample problems with tests of nonlinear hypotheses. In this section we describe the method in more
detail.

Recall, our data consist of observations (y;, ;) which are random draws from a population
distribution F. Let @ be a parameter and let T,, = T, ((y1, 1), -, (Yn, Tn) , 0) be a statistic of
interest, for example an estimator 0 or a t-statistic (§ — 0)/s(0). The exact distribution of T}, is

Gn(u, F) =Pr (T, <u|F).

While the asymptotic distribution of T;, might be known, the exact (finite sample) distribution G,
is generally unknown.

Monte Carlo simulation uses numerical simulation to compute G, (u, F') for selected choices of F.
This is useful to investigate the performance of the statistic 7;, in reasonable situations and sample
sizes. The basic idea is that for any given F, the distribution function G, (u, F') can be calculated
numerically through simulation. The name Monte Carlo derives from the famous Mediterranean
gambling resort where games of chance are played.

The method of Monte Carlo is quite simple to describe. The researcher chooses F' (the dis-
tribution of the data) and the sample size n. A “true” value of @ is implied by this choice, or
equivalently the value 0 is selected directly by the researcher which implies restrictions on F.

Then the following experiment is conducted by computer simulation:

1. n independent random pairs (y;, z}), i = 1,...,n, are drawn from the distribution F' using

the computer’s random number generator.

2. The statistic T, = Tp, ((y7, 27) , ..., (y5, ) , 0) is calculated on this pseudo data.
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For step 1, most computer packages have built-in procedures for generating UJ0, 1] and N(0, 1)
random numbers, and from these most random variables can be constructed. (For example, a
chi-square can be generated by sums of squares of normals.)

For step 2, it is important that the statistic be evaluated at the “true” value of 8 corresponding
to the choice of F.

The above experiment creates one random draw from the distribution G, (u, F'). This is one
observation from an unknown distribution. Clearly, from one observation very little can be said.
So the researcher repeats the experiment B times, where B is a large number. Typically, we set
B =1000 or B = 5000. We will discuss this choice later.

Notationally, let the b*" experiment result in the draw T}, b = 1, ..., B. These results are stored.
After all B experiments have been calculated, these results constitute a random sample of size B
from the distribution of Gy, (u, F) = Pr (T, <u) =Pr (T, <u | F).

From a random sample, we can estimate any feature of interest using (typically) a method of
moments estimator. We now describe some specific examples.

Suppose we are interested in the bias, mean-squared error (MSE), and/or variance of the dis-
tribution of & — 6. We then set T}, = 6 — f, run the above experiment, and calculate

— B 1 B
Bias(f) = =S Ty = by — 0
Bé nb B; b
—_— 1 B 9 1 B R 2
MSE(9) = EZ(Tnb) = EZ <9b - 9)
=1 b—1

Suppose we are interested in the Type I error associated with an asymptotic 5% two-sided t-test.
We would then set T, = ‘é — 6’ /s(0) and calculate

B
|
P== bz_; 1(Tpp > 1.96), (8.23)

the percentage of the simulated t-ratios which exceed the asymptotic 5% critical value.
Suppose we are interested in the 5% and 95% quantile of T}, = 0 or T}, = (é — 9) /s(é) We

then compute the 5% and 95% sample quantiles of the sample {T,,;}. The a% sample quantile is a
number g, such that a% of the sample are less than g,. A simple way to compute sample quantiles
is to sort the sample {73} from low to high. Then ¢, is the N’th number in this ordered sequence,
where N = (B + 1)a. It is therefore convenient to pick B so that N is an integer. For example, if
we set B = 999, then the 5% sample quantile is 50’th sorted value and the 95% sample quantile is
the 950’th sorted value.

The typical purpose of a Monte Carlo simulation is to investigate the performance of a statistical
procedure (estimator or test) in realistic settings. Generally, the performance will depend on n and
F. In many cases, an estimator or test may perform wonderfully for some values, and poorly for
others. It is therefore useful to conduct a variety of experiments, for a selection of choices of n and
F.

As discussed above, the researcher must select the number of experiments, B. Often this is
called the number of replications. Quite simply, a larger B results in more precise estimates of
the features of interest of GG,,, but requires more computational time. In practice, therefore, the
choice of B is often guided by the computational demands of the statistical procedure. Since the
results of a Monte Carlo experiment are estimates computed from a random sample of size B, it
is straightforward to calculate standard errors for any quantity of interest. If the standard error is
too large to make a reliable inference, then B will have to be increased.
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In particular, it is simple to make inferences about rejection probabilities from statistical tests,
such as the percentage estimate reported in (8.23). The random variable 1(7T,, > 1.96) is iid
Bernoulli, equalling 1 with probability p = E1 (T, > 1.96). The average (8.23) is therefore an
unbiased estimator of p with standard error s (p) = v/p (1 — p) /B. As p is unknown, this may be
approximated by replacing p with p or with an hypothesized value. For example, if we are assessing
an asymptotic 5% test, then we can set s (p) = 1/(.05) (.95) /B ~ .22/+/B. Hence, standard errors
for B =100, 1000, and 5000, are, respectively, s (p) = .022, .007, and .003.

Most papers in econometric methods, and some empirical papers, include the results of Monte
Carlo simulations to illustrate the performance of their methods. When extending existing results,
it is good practice to start by replicating existing (published) results. This is not exactly possible
in the case of simulation results, as they are inherently random. For example suppose a paper
investigates a statistical test, and reports a simulated rejection probability of 0.07 based on a
simulation with B = 100 replications. Suppose you attempt to replicate this result, and find a
rejection probability of 0.03 (again using B = 100 simulation replications). Should you conclude
that you have failed in your attempt? Absolutely not! Under the hypothesis that both simulations
are identical, you have two independent estimates, p; = 0.07 and po = 0.03, of a common probability
p. The asymptotic (as B — oo) distribution of their difference is v/B (p1 — p2) -, N(0,2p(1—p)), so
a standard error for p; —pe = 0.04 is § = 1/2p(1 — p)/B ~ 0.03, using the estimate p = (p1 +p2)/2.
Since the t-ratio 0.04/0.03 = 1.3 is not statistically significant, it is incorrect to reject the null
hypothesis that the two simulations are identical. The difference between the results p; = 0.07 and
p2 = 0.03 is consistent with random variation.

What should be done? The first mistake was to copy the previous paper’s choice of B = 100.
Instead, suppose you set B = 5000. Suppose you now obtain ps = 0.04. Then p; — ps = 0.03 and
a standard error is § = y/p(1 — p) (1/100 + 1/5000) ~ 0.02. Still we cannot reject the hypothesis
that the two simulations are different. Even though the estimates (0.07 and 0.04) appear to be
quite different, the difficulty is that the original simulation used a very small number of replications
(B = 100) so the reported estimate is quite imprecise. In this case, it is appropriate to conclude
that your results “replicate” the previous study, as there is no statistical evidence to reject the
hypothesis that they are equivalent.

Most journals have policies requiring authors to make available their data sets and computer
programs required for empirical results. They do not have similar policies regarding simulations.
Never-the-less, it is good professional practice to make your simulations available. The best practice
is to post your simulation code on your webpage. This invites others to build on and use your results,
leading to possible collaboration, citation, and/or advancement.

8.18 Confidence Intervals by Test Inversion

There is a close relationship between hypothesis tests and confidence intervals. We observed in
Section 6.13 that the standard 95% asymptotic confidence interval for a parameter 6 is

Cp = [5— 1.96 - 5(8), 0+ 1.96- s() (8.24)
— {0+ |ta(0)] < 1.96} .

That is, we can describe C), as “The point estimate plus or minus 2 standard errors” or “The set of
parameter values not rejected by a two-sided t-test.” The second definition, known as “test statistic
inversion” is a general method for finding confidence intervals, and typically produces confidence
intervals with excellent properties.

Given a test statistic 7,(0) and critical value ¢, the acceptance region “Accept if T),(0) < ¢”
is identical to the confidence interval C,, = {6 :T,(0) < c}. Since the regions are identical, the
probability of coverage Pr (0 € C,,) equals the probability of correct acceptance Pr (Accept|f) which
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is exactly 1 minus the Type I error probability. Thus inverting a test with good Type I error
probabilities yields a confidence interval with good coverage probabilities.

Now suppose that the parameter of interest # = r(3) is a nonlinear function of the coeflicient
vector (3. In this case the standard confidence interval for 6 is the set C,, as in (8.24) where 0= r(0)

is the point estimate and s(é) = \/IA%/ ‘A/'BIA{ is the delta method standard error. This confidence
interval is inverting the t-test based on the nonlinear hypothesis r(3) = 6. The trouble is that in
Section 8.16 we learned that there is no unique t-statistic for tests of nonlinear hypotheses and that
the choice of parameterization matters greatly.

For example, if 6 = (1/8 then the coverage probability of the standard interval (8.24) is 1
minus the probability of the Type I error, which as shown in Table 8.2 can be far from the nominal
5%.

In this example a good solution is the same as discussed in Section 8.16 — to rewrite the
hypothesis as a linear restriction. The hypothesis § = [31/82 is the same as 08y = (1. The t-
statistic for this restriction is o

Bi — Bab

(R’VBR) V2

m=( %)

and {/B is the covariance matrix for (ffl /3’2) A 95% confidence interval for § = 31/ is the set of

values of 0 such that |t,,(0)] < 1.96. Since 6 appears in both the numerator and denominator, ¢, ()
is a non-linear function of 8 so the easiest method to find the confidence set is by grid search over

6.

tn(e) =

where

For example, in the wage equation
log(Wage) = By Experience + o Experience® /100 + - - -

the hlghest expected wage occurs at Fxperience = —5003; / Bo. From Table 4.1 we have the point
estimate 6 = 29.8 and we can calculate the standard error s(@) = 0.022 for a 95% confidence interval
[29.8, 29.9]. However, if we instead invert the linear form of the test we can numerically find the
interval [29.1, 30.6] which is much larger. From the evidence presented in Section 8.16 we know the
first interval can be quite inaccurate and the second interval is greatly preferred.

8.19 Power and Test Consistency

The power of a test is the probability of rejecting Hg when Hj is true.
For simplicity suppose that y; is i.i.d. N(u,0?) with o2 known, consider the t-statistic ¢, () =
Vn (4§ — p) /o, and tests of Hy : p = 0 against Hy : p > 0. We reject Hy if ¢, = ¢,,(0) > ¢. Note that

= tn(u) + \/EM/U

and ¢, (1) = Z has an exact N(0, 1) distribution. This is because ¢, () is centered at the true mean
, while the test statistic ¢,(0) is centered at the (false) hypothesized mean of 0.
The power of the test is

Pr(ty, >c|0) =Pr(Z+Vnp/o>c)=1—@(c—/np/o).

This function is monotonically increasing in p and n, and decreasing in ¢ and c.

Notice that for any ¢ and p # 0, the power increases to 1 as n — oo. This means that for
0 € Hy, the test will reject Hg with probability approaching 1 as the sample size gets large. We
call this property test consistency.
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Definition 8.19.1 A test of Hy : @ € ©q is consistent against fixed
alternatives if for all @ € 1, Pr(Reject Hy | ) — 1 as n — oo.

For tests of the form “Reject Hy if T,, > ¢”, a sufficient condition for test consistency is that
the T,, diverges to positive infinity with probability one for all 8 € ©;.

Definition 8.19.2 7, - o0 as n — 00 if for all M < o0,
Pr (T, < M) — 0 as n — oo. Similarly, T, L, —00 as n — oo if for
all M < oo, Pr(T,, > —M) — 0 as n — oo.

In general, t-test and Wald tests are consistent against fixed alternatives. Take a t-statistic for
a test of Hp : 8 = 6 R
0 — 0

ty, = =

s(0)
where 6y is a known value and 5((9\) = /n~1V, . Note that

-0 n@O-6
t = > n vV ( : 0)_
s(0) \/ Vi
The first term on the right-hand-side converges in distribution to N(0, 1). The second term on the
right-hand-side equals zero if § = 6y, converges in probability to +oo if § > 6y, and converges

in probability to —oo if 8 < 8. Thus the two-sided t-test is consistent against Hj : 6 # 6y, and
one-sided t-tests are consistent against the alternatives for which they are designed.

Theorem 8.19.1 Under Assumptions 6.1.2 and 6.10.1, for @ = r(8) # 0y
and q = 1, then |t,| == oo, so for any ¢ < oo the test “Reject Ho if [t,| > ¢”
is consistent against fixed alternatives.

The Wald statistic for Hy : @ = r(3) = 6 against Hj : 6 # 0 is
~ !~ _ ~
W, =n (8- 6,) Vel(e—eo).

~ ~ I ~ ~
Under Hy, 8 -2~ @ # 6. Thus (0 - 00) vV, (0 - 00) 5 (60— 60) V5 (0 —6p) > 0. Hence

under Hy, W,, 2> . Again, this implies that Wald tests are consistent tests.

Theorem 8.19.2 Under Assumptions 6.1.2 and 6.10.1, for @ = r(3) #
6q, then W, 2, 00, so for any ¢ < oo the test “Reject Hy if Wy, > ¢” is
consistent against fixed alternatives.
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8.20 Asymptotic Local Power

Consistency is a good property for a test, but does not give a useful approximation to the power
of a test. To approximate the power function we need a distributional approximation.

The standard asymptotic method for power analysis uses what are called local alternatives.
This is similar to our analysis of restriction estimation under misspecification (Section 7.9). The
technique is to index the parameter by sample size so that the asymptotic distribution of the
statistic is continuous in a localizing parameter. In this section we consider t-tests on real-valued
parameters and in the next section consider Wald tests. Specifically, we consider parameter vectors
B,, which are indexed by sample size n and satisfy the real-valued relationship

b= (B, =ty -+ 8)

where the scalar h is is called a localizing parameter. We index 3, and 6,, by sample size to
indicate their dependence on n. The way to think of (8.25) is that the true value of the parameters
are 3,, and 0,,. The parameter 6,, is close to the hypothesized value 6y, with deviation n~1/2p.

The specification (8.25) states that for any fixed h , 6,, approaches 6y as n gets large. Thus 6,
is “close” or “local” to 0. The concept of a localizing sequence (8.25) might seem odd at first as
in the actual world the sample size cannot mechanically affect the value of the parameter. Thus
(8.25) should not be interpreted literally. Instead, it should be interpreted as a technical device
which allows the asymptotic distribution of the test statistic to be continuous in the alternative
hypothesis.

To evaluate the asymptotic distribution of the test statistic we start by examining the scaled
estimate centered at the hypothesized value 6y. Breaking it into a term centered at the true value
0,, and a remainder we find

\/ﬁ<§—90> :ﬁ(§—9n> + /1 (6, — 60)
:v%(@—%>+h
where the second equality is (8.25). The first term is asymptotically normal:
Jn (@— 9n> <, V.
where Z ~ N(0, 1). Therefore
\/ﬁ<§—90> 4, VVoZ +h

or N(h, Vp). This is a continuous asymptotic distribution, and depends continuously on the localing
parameter h.
Applied to the t statistic we find

d VVeZ+h
%—

VVe
~Z+6 (8.26)

where § = h//Vjy. This generalizes Theorem 8.4.1 (which assumes Hy is true) to allow for local
alternatives of the form (8.25).

Consider a t-test of Hy against the one-sided alternative Hj : 8 > 6y which rejects Hy for ¢, > ¢,
where ®(c,) = 1 — a. The asymptotic local power of this test is the limit (as the sample size
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Figure 8.2: Asymptotic Local Power Function of One-Sided t Test

diverges) of the rejection probability under the local alternative (8.25)

lim Pr(Reject Hy) = lim Pr (¢, > ca)
n—o0

n—oo
=Pr(Z+9>ca)
=1—®(cu —9)
=& (5 —cq)
def

= ra(0).

We call 7,(0) the local power function.

In Figure 8.2 we plot the local power function 7,(d) as a function of § € [—1,4] for tests of
asymptotic size a = 0.10, a = 0.05, and a = 0.01. ¢ = 0 corresponds to the null hypothesis so
7o (0) = a. The power functions are monotonically increasing in §. Note that the power is lower
than a for § < 0 due to the one-sided nature of the test.

We can see that the three power functions are ranked by « so that the test with v = 0.10 has
higher power than the test with v = 0.01. This is the inherent trade-off between size and power.
Decreasing size induces a decrease in power, and conversely.

The coefficient § can be interpreted as the parameter deviation measured as a multiple of the

standard error s(é) To see this, recall that s(é) =n"1/2\/Vy ~ n~1/2,/V; and then note that

 h n?h 6,6
Ve s(0) s@)
Thus § equals the deviation 6, — 6y expressed as multiples of the standard error s(é) Thus as
we examine Figure 8.2, we can interpret the power function at 6 = 1 (e.g. 26% for a 5% size
test) as the power when the parameter 6,, is one standard error above the hypothesized value. For
example, from Table 4.1 the standard error for the coefficient on “Married Female” is 0.008. Thus
in this example, 6 = 1 corresonds to 6, = 0.008 or an 0.8% wage premium for married females.
Our calculations show that the asymptotic power of a one-sided 5% test against this alternative is
about 26%.
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The difference between power functions can be measured either vertically or horizontally. For
example, in Figure 8.2 there is a vertical dotted line at § = 1, showing that the asymptotic local
power function 7, (d) equals 39% for o = 0.10, equals 26% for o = 0.05 and equals 9% for o = 0.01.
This is the difference in power across tests of differing size, holding fixed the parameter in the
alternative

A horizontal comparison can also be illuminating. To illustrate, in Figure 8.2 there is a hori-
zontal dotted line at 50% power. 50% power is a useful benchmark, as it is the point where the
test has equal odds of rejection and acceptance. The dotted line crosses the three power curves at
=129 (a =0.10), 6 = 1.65 (a = 0.05), and 6 = 2.33 (o = 0.01). This means that the parameter
f must be at least 1.65 standard errors above the hypothesized value for the one-sided test to have
50% (approximate) power. As discussed agove, these values can be interpreted as the multiple of
the standard error needed for a coefficient to obtain power equal to 50%.

The ratio of these values (e.g. 1.65/1.29 = 1.28 for the asymptotic 5% versus 10% tests)
measures the relative parameter magnitude needed to achieve the same power. (Thus, for a 5% size
test to achieve 50% power, the parameter must be 28% larger than for a 10% size test.) Even more
interesting, the square of this ratio (e.g. (1.65/1.29)? = 1.64) can be interpreted as the increase
in sample size needed to achieve the same power under fixed parameters. That is, to achieve 50%
power, a 5% size test needs 64% more observations than a 10% size test. This interpretation follows
by the following informal argument. By definition and (8.25) § = h/\/Vy = v/n (6,, — 0y) //Vp. Thus
holding 6 and Vj fixed, we can see that §2 is proportional to n.

The analysis of a two-sided t test is similar. (8.26) implies that

0— 6,

—~

n

451z + 4|

s(#
and thus the local power of a two-sided t test is

lim Pr(Reject Hp) = lim Pr (¢, > cqa)

n—oo n—oo

=Pr(|Z+6| > ca)
=P (6 —co)—P(—0—cq)

which is monotonically increasing in |d].

Theorem 8.20.1 Under Assumptions 6.1.2 and 6.10.1, and 0, = r(3,,) =
o + n_l/zh, then

where 7 ~ N(0,1) and § = h/\/Vi. For co such that Pr(Z > c,) = a,
Pr(t(6p) > co) — @ (0 — cq) -
Furthermore, for cqo such that Pr(|Z] > ¢o) = «,

Pr(|t(00)] > ca) — P (0 —ca) = P (=0 —cq) .-
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8.21 Asymptotic Local Power, Vector Case

In this section we extend the local power analysis of the previous section to the case of vector-
valued alternatives. We generalize (8.25) to allow 6,, to be vector-valued. The local parameteriza-

tion takes the form
0, =r(3,) =60 +n"2h (8.27)

where h is ¢ x 1.
Under (8.27),

\/ﬁ(é—ao) Z\/ﬁ(é—en)+h
4 Zp ~ N(h, Vo),

a normal random vector with mean h and variance matrix Vy.
Applied to the Wald statistic we find

~ I ~—1 /~
Wn:n(e—é’o) v, (0—00)
7V T (8.28)
The asymptotic distribution (8.28) is a quadratic in the normal random vector Zp, similar to that
found for the asymptotic null distribution of the Wald statistic. The important difference, however,
is that Zp, has a mean of h. The distribution of the quadratic form (8.28) is a close relative of the
chi-square distribution.

Theorem 8.21.1 If Zp, ~ N(h, V) with V > 0, q x q, then Z}, V17, ~
Xﬁ(k)» a non-central chi-square random wvariable with q degrees of
freedom and non-centrality parameter X\ = h'V~"'h.

The convergence (8.28) shows that under the local alternatives (8.27), W, N Xz(/\). This
generalizes the null asymptotic distribution which obtains as the special case A = 0. We can use this
result to obtain a continuous asymptotic approximation to the power function. For any significance
level a > 0 set the asymptotic critical value ¢, so that Pr (Xg > ca) = . Then as n — oo,

Pr(Wy > ca) — Pr () > ca) & 0 g(V).

The asymptotic local power function 7, 4(A) depends only on «, ¢, and A.

Theorem 8.21.2 Under Assumptions 6.1.2 and 6.10.1, and 6, =
r(B,) = 0o +n"%h, then

d
Wy, — X?,()\)
where X = b’ Vglh. Furthermore, for co such that Pr (xﬁ > ca) =aq,

Pr (W, > cq) — Pr (Xg()\) > ¢q) -
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Figure 8.3: Asymptotic Local Power Function, Varying ¢

The non-central chi-square distribution is a generalization of the chi-square, with Xg()\) special-
izing to x2 when A = 0. In the case ¢ = 1, x2(A) = |Z + 8|* with A = 62, and thus Theorem 8.21.2
generalizes Theorem 8.20.1 from ¢ =1 to ¢ > 1.

Figure 8.3 plots 70.05,4(A) (the power of asymptotic 5% tests) as a function of X for ¢ =1, ¢ = 2,
and g = 3. The power functions are monotonically increasing in A and asymptote to one.

Figure 8.3 also shows the power loss for fixed non-centrality parameter A\ as the dimensionality
of the test increases. The power curves shift to the right as ¢ increases, resulting in a decrease
in power. This is illustrated by the dotted line at 50% power. The dotted line crosses the three
power curves at A = 3.85 (¢ = 1), A = 4.96 (¢ = 2), and A = 5.77 (¢ = 3). The ratio of these A
values correspond to the relative sample sizes needed to obtain the same power. Thus increasing
the dimension of the test from ¢ = 1 to ¢ = 2 requires a 28% increase in sample size, or an increase
from ¢ = 1 to ¢ = 3 requires a 50% increase in sample size, to obtain a test with 50% power.

8.22 Technical Proofs*

Proof of Theorem 8.12. The conditions of Theorem 7.10.1 hold, since Hy implies Assumption
7.5.1. From (7.54) with W, ! = ‘A/[;I, we see that

Vit (B~ Buna) = VaR (R VR) " Rilvi (B - 5)
4, V4R (R'V3R) ' R'N(0, Vp)
— V3R Z.
where Z ~ N(0, (R'VR)™"). Thus
To = (B~ Buna) Va' (B~ Buna)
L ZR' VgV, 'VsR Z
=7/ (R'VgR) 7
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|
Proof of Theorem 8.21.1. We show that the random variable Q = Z}, V174, depends only on
q and ).
First, let G be a square root of V so that V = GG'. Define Z% = G~ 17}, ~ N(h*,I,) with
h* = G 'h. Note that A = h'V"'h = h*h*.
Second, construct an orthogonal ¢ x ¢ matrix H = [H 1, Hs] whose first column equals H; =
h* (h*'h*)~"* . Note that Hh* = A2 and Hyh* = 0. Define Zi* = H'Z;, ~ N(h**, 1,) where

H'h* AL/2 1
Kk ISk 1 .
B = H'S —<th*)—( o ) ot
Note that the distribution of Z3* is only a function of A and q.

Finally, observe that

Q=127,V 7
=775,

which is only a function of Z3* and thus its distribution only depends on A and g. |
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Exercises

Exercise 8.1 Prove that if an additional regressor X1 is added to X, Theil’s adjusted e
increases if and only if |tg41| > 1, where tx11 = Bky1/S(Bk+1) is the t-ratio for fr11 and

$(Bri1) = (52[(X/X)71]k+1,k+1)1/2

is the homoskedasticity-formula standard error.

Exercise 8.2 You have two independent samples (y;, X 1) and (y,, X 2) which satisfy y; = X18;+
e; and Yy, = X203, + ez, where E (z15e1;) = 0 and E (z9;e2;) = 0, and both X; and Xy have k
columns. Let B, and B35 be the OLS estimates of 3; and 3,5. For simplicity, you may assume that
both samples have the same number of observations n.

(a)
(b)
()

Find the asymptotic distribution of \/n ((,@2 - Bl> —(By — ,61)> as n — o0o.

Find an appropriate test statistic for Hy : 85 = 3.

Find the asymptotic distribution of this statistic under Hy.

Exercise 8.3 The data set invest.dat contains data on 565 U.S. firms extracted from Compustat
for the year 1987. The variables, in order, are

I; Investment to Capital Ratio (multiplied by 100).
Qi Total Market Value to Asset Ratio (Tobin’s Q).
C; Cash Flow to Asset Ratio.

D; Long Term Debt to Asset Ratio.

The flow variables are annual sums for 1987. The stock variables are beginning of year.

(a)

(b)
()

(d)

Estimate a linear regression of I; on the other variables. Calculate appropriate standard
€rTors.

Calculate asymptotic confidence intervals for the coefficients.

This regression is related to Tobin’s ¢ theory of investment, which suggests that investment
should be predicted solely by @Q;. Thus the coefficient on (); should be positive and the others
should be zero. Test the joint hypothesis that the coefficients on C; and D; are zero. Test the
hypothesis that the coefficient on @; is zero. Are the results consistent with the predictions
of the theory?

Now try a non-linear (quadratic) specification. Regress I; on Q;, C;, D;, 12, C’z?, D?, Q;C;,

Q;D;, C;D;. Test the joint hypothesis that the six interaction and quadratic coefficients are
ZETO.

Exercise 8.4 In a paper in 1963, Marc Nerlove analyzed a cost function for 145 American electric
companies. (The problem is discussed in Example 8.3 of Greene, section 1.7 of Hayashi, and the
empirical exercise in Chapter 1 of Hayashi). The data file nerlov.dat contains his data. The
variables are described on page 77 of Hayashi. Nerlov was interested in estimating a cost function:
TC = f(Q, PL, PF, PK).
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(a) First estimate an unrestricted Cobb-Douglass specification
log TC; = 1 + P2log Q; + Bslog PL; + B4log PK; + B5log PF; + e;. (8.29)

Report parameter estimates and standard errors. You should obtain the same OLS estimates
as in Hayashi’s equation (1.7.7), but your standard errors may differ.

(b) What is the economic meaning of the restriction Hy : S5 + B4 + 5 = 17

(c) Estimate (8.29) by constrained least-squares imposing 33+ 04+/085 = 1. Report your parameter
estimates and standard errors.

(d) Estimate (8.29) by efficient minimum distance imposing fs + 84 + 85 = 1. Report your
parameter estimates and standard errors.

(e) Test Hy : 53 + 1 + 05 = 1 using a Wald statistic

(f) Test Ho : S5 + B4 + 5 = 1 using a minimum distance statistic



Chapter 9

Regression Extensions

9.1 NonLinear Least Squares

In some cases we might use a parametric regression function m (x, ) = E (y; | ; = ) which is
a non-linear function of the parameters 8. We describe this setting as non-linear regression.

Example 9.1.1 Ezponential Link Regression
m(z,0) = exp (z'6)

The exponential link function is strictly positive, so this choice can be useful when it is desired to
constrain the mean to be strictly positive.

Example 9.1.2 Logistic Link Regression
m(z,0) = A (2'9)

where

Au) = (1 + exp(—u)) " (90.1)

is the Logistic distribution function. Since the logistic link function lies in [0, 1], this choice can be
useful when the conditional mean is bounded between 0 and 1.

Example 9.1.3 Exponentially Transformed Regressors
m (z,0) = 01 + 02 exp(fsx)
Example 9.1.4 Power Transformation
m(z,0) =01 + 0203
with x > 0.
Example 9.1.5 Boz-Cox Transformed Regressors
m(z,0) =01 + Oo2(03)

where
2 —1

LN = o FA>0 (9.2)
log(z), ifA=0

and x > 0. The function (9.2) is called the Box-Cox Transformation and was introduced by Box
and Cox (1964). The function nests linearity (A = 1) and logarithmic (A = 0) transformations
continuously.

215
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Example 9.1.6 Continuous Threshold Regression
m (x,0) =01 + 02z + 03 (x — 04) 1 (x > by)
Example 9.1.7 Threshold Regression
m(z,0) = (0]z1) 1 (22 < 03) + (Ohz1) 1 (v2 > 03)

Example 9.1.8 Smooth Transition

m(z,0) =0z, + (9'2:131) A <$20_4 93)

where A(u) is the logit function (9.1).

What differentiates these examples from the linear regression model is that the conditional
mean cannot be written as a linear function of the parameter vector 6.

Nonlinear regression is sometimes adopted because the functional form m (x,0) is suggested
by an economic model. In other cases, it is adopted as a flexible approximation to an unknown
regression function. R

The least squares estimator 8 minimizes the normalized sum-of-squared-errors

1 n
Sn(0) = =Y (yi —m (2:,0))°.

n <
=1

When the regression function is nonlinear, we call this the nonlinear least squares (NLLS)

o~

estimator. The NLLS residuals are é; = y; — m (mi, 0>

One motivation for the choice of NLLS as the estimation method is that the parameter 0 is the
solution to the population problem ming E (y; — m (;, 0))* R

Since sum-of-squared-errors function S, (@) is not quadratic, & must be found by numerical
methods. See Appendix E. When m(z, 0) is differentiable, then the FOC for minimization are

0= Xn: me (:ci,/é> & (9.3)
=1

where

3}
mg (x,0) = 0™ (z,0).

Theorem 9.1.1 Asymptotic Distribution of NLLS Estimator
If the model is identified and m (x,0) is differentiable with respect to 0,

\/ﬁ(é—e) 4. N(0, Vo)
Vo = (B (maimp,)) " (B (maympie])) (B (moimp,)) ™

where mg; = mg(x;, ).
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Based on Theorem 9.1.1, an estimate of the asymptotic variance Vyg is

-1 n -1
i\fg = ( Z’ﬁ’b ﬁ’ng) (% nglmezAZ) ( nglm02>
i=1

where Mmg; = mg(wi,a) and é; = y; — m(wz,a)
Identification is often tricky in nonlinear regression models. Suppose that

m(xz;, 0) = Bz + Bhxi(7)

where x; (y) is a function of x; and the unknown parameter . Examples include z; (y) = z,

x; (7) = exp (yz;), and z; (v) = x;1 (g (x;) > 7). The model is linear when 3, = 0, and this is
often a useful hypothesis (sub-model) to consider. Thus we want to test

HO:ﬁQZO.

However, under Hg, the model is
yi = Bzi + e

and both 85 and v have dropped out. This means that under Hy, 7 is not identified. This renders
the distribution theory presented in the previous section invalid. Thus when the truth is that
By = 0, the parameter estimates are not asymptotically normally distributed. Furthermore, tests
of Hy do not have asymptotic normal or chi-square distributions.

The asymptotic theory of such tests have been worked out by Andrews and Ploberger (1994) and
B. E. Hansen (1996). In particular, Hansen shows how to use simulation (similar to the bootstrap)
to construct the asymptotic critical values (or p-values) in a given application.

Proof of Theorem 9.1.1 (Sketch). NLLS estimation falls in the class of optimization estimators.
For this theory, it is useful to denote the true value of the parameter 0 as 6.

The first step is to show that 6 2 0,. Proving that nonlinear estimators are consistent is more
challenging than for linear estimators. We sketch the main argument. The idea is that 6 minimizes
the sample criterion function S, (0) which (for any @) converges in probability to the mean-squared
error function E (y; — m (x;, 0)) Thus it seems reasonable that the minimizer 8 will converge in
probability to 8, the minimizer of E (y; — m (z;, 0)) . It turns out that to show this rigorously, we
need to show that S, (@) converges uniformly to its expectation E (y; — m (x;,0))*, which means
that the maximum discrepancy must converge in probability to zero, to exclude the possibility that
Sn(0) is excessively wiggly in 6. Proving uniform convergence is technically challenging, but it
can be shown to hold broadly for relevant nonlinear regression models, especially if the regression
function m (x;,0) is differentiabel in . For a complete treatment of the theory of optimization
estimators see Newey and McFadden (1994).

Since 8 2 @y, 0 is close to 6y for n large, so the minimization of S,(@) only needs to be
examined for @ close to 0. Let

1YY = e; + mbp, 0.

For @ close to the true value 0, by a first-order Taylor series approximation,
m (x;,0) =~ m(z;,00) + my, (6 — 6) .
Thus

yi —m(z;,0) ~ (e; +m (x;,60)) — (m (xi,00) + my; (6 — 6p))
— my; (6 — 6o)

0 /
=y; — mg;0.
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Hence the sum of squared errors function is

n n

5.(0) = 3" (g — m (21,0)* = 3 (5 — mi,6)°
=1

=1 )

and the right-hand-side is the SSE function for a linear regression of y? on mg,;. Thus the NLLS
estimator 6 has the same asymptotic distribution as the (infeasible) OLS regression of 39 on mg;,
which is that stated in the theorem.

9.2 Generalized Least Squares

In the projection model, we know that the least-squares estimator is semi-parametrically efficient
for the projection coefficient. However, in the linear regression model

yi = ;8 + e
E <6i | :L'Z) = 0,
the least-squares estimator is inefficient. The theory of Chamberlain (1987) can be used to show
that in this model the semiparametric efficiency bound is obtained by the Generalized Least
Squares (GLS) estimator (4.13) introduced in Section 4.6.1. The GLS estimator is sometimes
called the Aitken estimator. The GLS estimator (9.2) is infeasible since the matrix D is unknown.
A feasible GLS (FGLS) estimator replaces the unknown D with an estimate D = diag{6%,...,62}.
We now discuss this estimation problem.
Suppose that we model the conditional variance using the parametric form
02 = ag + 21
= a'zi,

where z1; is some ¢ x 1 function of x;. Typically, z1; are squares (and perhaps levels) of some (or
all) elements of x;. Often the functional form is kept simple for parsimony.

Let n; = ezz. Then
E(ni | #;) = a0 + 200

and we have the regression equation

N = o + z’lial + & (9.4)
E(& | zi) = 0.

This regression error &; is generally heteroskedastic and has the conditional variance
var (& | ;) = var (e? | x;)
=B ((-B (e | @)’ | =)
—E (e} | 2) - (B(F | ).
Suppose e; (and thus 7;) were observed. Then we could estimate a by OLS:
a=(2'2)"'2n% a

and
Vi (@ —a) -5 N(0, Vo)
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where
Vo = (B(2i%)) " B (=%} (B (=2])) - (9.5)
While e; is not observed, we have the OLS residual é; = y; — :1:23 =e; — w;(a — ). Thus

G =1 — i

_62—62

= —2¢,2} (B~ B8) + (B - B)z:ai(B - B).
And then

I —2 s 1
\/—T—Z;Zi¢i_7;%€i$i\/ﬁ(ﬂ_ﬂ>+£;Zz,8 Bz, (B — B)vn

2.0
Let
a=(2'2)"'z'7 (9.6)

be from OLS regression of 7; on z;. Then

Vi(@—a)=yn(a—a)+ (n'2'2) " n?Z'¢
4, N(0, Vo) (9.7)

Thus the fact that n; is replaced with 7); is asymptotically irrelevant. We call (9.6) the skedastic
regression, as it is estimating the conditional variance of the regression of y; on x;. We have shown
that « is consistently estimated by a simple procedure, and hence we can estimate 01-2 = z.a by

52 =&z (9.8)
Suppose that 2 > 0 for all 4. Then set
D = diag{57,...,52}

and 1

3= (X’ﬁ_lX) X'D 'y
This is the feasible GLS, or FGLS, estimator of 3. Since there is not a unique specification for
the conditional variance the FGLS estimator is not unique, and will depend on the model (and
estimation method) for the skedastic regression.

One typical problem with implementation of FGLS estimation is that in the linear specification
(9.4), there is no guarantee that 2 > 0 for all i. If 52 < 0 for some 4, then the FGLS estimator
is not well defined. Furthermore, if 52 ~ 0 for some i then the FGLS estimator will force the
regression equation through the point (y;, #;), which is undesirable. This suggests that there is a
need to bound the estimated variances away from zero. A trimming rule takes the form

72 = max[52, c6?]
for some ¢ > 0. For example, setting ¢ = 1/4 means that the conditional variance function is
constrained to exceed one-fourth of the unconditional variance. As there is no clear method to
select ¢, this introduces a degree of arbitrariness. In this context it is useful to re-estimate the
model with several choices for the trimming parameter. If the estimates turn out to be sensitive to
its choice, the estimation method should probably be reconsidered.

It is possible to show that if the skedastic regression is correctly specified, then FGLS is asymp-
totically equivalent to GLS. As the proof is tricky, we just state the result without proof.
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Theorem 9.2.1 If the skedastic regression is correctly specified,
vn <ﬁGLs - ﬁFGLS) 0,

and thus B 4
vn (ﬁFcLs - B) — N (0, Vg),

where

Examining the asymptotic distribution of Theorem 9.2.1, the natural estimator of the asymp-
totic variance of 3 is

~0 1 n -1 1 -1 -1
Vﬂ=<EZ@2mim;> :<EX’D X> :

which is consistent for Vg as n — oo. This estimator ‘7% is appropriate when the skedastic
regression (9.4) is correctly specified.

It may be the case that a’z; is only an approximation to the true conditional variance O'Z-2 =
E(e% | ;). In this case we interpret «'z; as a linear projection of e? on z;. B should perhaps be
called a quasi-FGLS estimator of 8. Its asymptotic variance is not that given in Theorem 9.2.1.
Instead,

Vg = (E ((a’zi)_l mimg))_l (E ((a’zi)_2 afzc,:ci)) (E ((a'zi)_l :cizc;>>_l )

V3 takes a sandwich form similar to the covariance matrix of the OLS estimator. Unless o2 =

/

~0
Vﬁ is inconsistent for Vg.

~0
An appropriate solution is to use a White-type estimator in place of Vg. This may be written
as

-1 -1
< 1. 1. 4, Lo

1o,~1.\ /1o, m1a~— 1o,~1.\"
- (—X’D 1X> (—X’D 'DD 1X> (—X’D 1X>
n n n

where D = diag{é?,...,é2}. This is estimator is robust to misspecification of the conditional vari-
ance, and was proposed by Cragg (1992).

In the linear regression model, FGLS is asymptotically superior to OLS. Why then do we not
exclusively estimate regression models by FGLS? This is a good question. There are three reasons.

First, FGLS estimation depends on specification and estimation of the skedastic regression.
Since the form of the skedastic regression is unknown, and it may be estimated with considerable
error, the estimated conditional variances may contain more noise than information about the true
conditional variances. In this case, FGLS can do worse than OLS in practice.

Second, individual estimated conditional variances may be negative, and this requires trimming
to solve. This introduces an element of arbitrariness which is unsettling to empirical researchers.

Third, and probably most importantly, OLS is a robust estimator of the parameter vector. It
is consistent not only in the regression model, but also under the assumptions of linear projection.
The GLS and FGLS estimators, on the other hand, require the assumption of a correct conditional
mean. If the equation of interest is a linear projection and not a conditional mean, then the OLS
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and FGLS estimators will converge in probability to different limits as they will be estimating two
different projections. The FGLS probability limit will depend on the particular function selected for
the skedastic regression. The point is that the efficiency gains from FGLS are built on the stronger
assumption of a correct conditional mean, and the cost is a loss of robustness to misspecification.

9.3 Testing for Heteroskedasticity
The hypothesis of homoskedasticity is that & (el2 | :1:1) = 02, or equivalently that
HQ L] = 0

in the regression (9.4). We may therefore test this hypothesis by the estimation (9.6) and con-
structing a Wald statistic. In the classic literature it is typical to impose the stronger assumption
that e; is independent of x;, in which case ¢; is independent of x; and the asymptotic variance (9.5)
for & simplifies to

Vo = (B (2i2)) " E(&2). (9.9)
Hence the standard test of Hy is a classic F' (or Wald) test for exclusion of all regressors from
the skedastic regression (9.6). The asymptotic distribution (9.7) and the asymptotic variance (9.9)
under independence show that this test has an asymptotic chi-square distribution.

Theorem 9.3.1 Under Hy and e; independent of x;, the Wald test of Hy is asymptotically X?-

Most tests for heteroskedasticity take this basic form. The main differences between popular
tests are which transformations of z; enter z;. Motivated by the form of the asymptotic variance
of the OLS estimator 3, White (1980) proposed that the test for heteroskedasticity be based on
setting z; to equal all non-redundant elements of x;, its squares, and all cross-products. Breusch-
Pagan (1979) proposed what might appear to be a distinct test, but the only difference is that they
allowed for general choice of z;, and replaced E (512) with 20% which holds when e; is N (O, 02) CIf
this simplification is replaced by the standard formula (under independence of the error), the two
tests coincide.

It is important not to misuse tests for heteroskedasticity. It should not be used to determine
whether to estimate a regression equation by OLS or FGLS, nor to determine whether classic or
White standard errors should be reported. Hypothesis tests are not designed for these purposes.
Rather, tests for heteroskedasticity should be used to answer the scientific question of whether or
not the conditional variance is a function of the regressors. If this question is not of economic
interest, then there is no value in conducting a test for heteorskedasticity

9.4 Testing for Omitted NonLinearity

If the goal is to estimate the conditional expectation E (y; | ;) , it is useful to have a general
test of the adequacy of the specification.

One simple test for neglected nonlinearity is to add nonlinear functions of the regressors to the
regression, and test their significance using a Wald test. Thus, if the model y; = 3 + é; has been
fit by OLS, let z; = h(z;) denote functions of x; which are not linear functions of x; (perhaps
squares of non-binary regressors) and then fit y; = /84 2z/7+¢; by OLS, and form a Wald statistic
for v = 0.

Another popular approach is the RESET test proposed by Ramsey (1969). The null model is

yi = ¢+ e
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which is estimated by OLS, yielding predicted values g; = .’B;B Now let
U
z; = :
gi"
be a (m — 1)-vector of powers of g;. Then run the auxiliary regression
yi = @B + 27 + & (9.10)
by OLS, and form the Wald statistic W,, for v = 0. It is easy (although somewhat tedious) to

show that under the null hypothesis, W, A, x2,_1- Thus the null is rejected at the a% level if W,
exceeds the upper a% tail critical value of the x?2,_; distribution.

To implement the test, m must be selected in advance. Typically, small values such as m = 2,
3, or 4 seem to work best.

The RESET test appears to work well as a test of functional form against a wide range of
smooth alternatives. It is particularly powerful at detecting single-indexr models of the form

yi = G(xB) + e

where G(-) is a smooth “link” function. To see why this is the case, note that (9.10) may be written
as

~ ~\ 2 ~\ 3 ~\m
vi=2iB+ («B) 31+ («1B) G+ (€iB) Fm-r + 6

which has essentially approximated G(-) by a m’th order polynomial

9.5 Least Absolute Deviations

We stated that a conventional goal in econometrics is estimation of impact of variation in x;
on the central tendency of y;. We have discussed projections and conditional means, but these are
not the only measures of central tendency. An alternative good measure is the conditional median.

To recall the definition and properties of the median, let y be a continuous random variable.
The median 6 = med(y) is the value such that Pr(y < ) = Pr(y > 60) = 0.5. Two useful facts
about the median are that

0 = argminE |y — 0| (9.11)
0

and
Esgn(y—60)=0
where ‘
sgn(u):{ 1 l.fuzo
-1 ifu<O
is the sign function.

These facts and definitions motivate three estimators of 6. The first definition is the 50th
empirical quantile. The second is the value which minimizes = 3% ; |y; — 6|, and the third definition
is the solution to the moment equation % Sy sgn (y; — 0) . These distinctions are illusory, however,
as these estimators are indeed identical.

Now let’s consider the conditional median of y given a random vector . Let m(z) = med (y | )

denote the conditional median of y given x. The linear median regression model takes the form
yi = ;B + e
med (e; | ;) =0
In this model, the linear function med (y; | ©; = ) = «’B is the conditional median function, and

the substantive assumption is that the median function is linear in x.
Conditional analogs of the facts about the median are
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o Priy; <z'B|lxzi=2)=Pr(yy>2'B|zi=x)=5
e E(sgn(e;) | z;) =0

o E(x;sgn(e;)) =0

o 3 =ming Ely; — ;3]

These facts motivate the following estimator. Let
1 n
LAD,(B) = ~ Z; lyi — @i
1=

be the average of absolute deviations. The least absolute deviations (LAD) estimator of 3
minimizes this function

~

B = argmin LAD,,(3)
B

Equivalently, it is a solution to the moment condition
1o '
- Z x; sgn <yz~ - :cﬁ) = 0. (9.12)
i=1

The LAD estimator has an asymptotic normal distribution.

Theorem 9.5.1 Asymptotic Distribution of LAD Estimator
When the conditional median is linear in x

Vi (B-B) --N(0,V)
where

-1

==

and f (e | ) is the conditional density of e; given x; = x.

The variance of the asymptotic distribution inversely depends on f (0| ), the conditional
density of the error at its median. When f (0 | ) is large, then there are many innovations near
to the median, and this improves estimation of the median. In the special case where the error is
independent of x;, then f (0| ) = f(0) and the asymptotic variance simplifies

=1
V= (szwz)Q (9.13)
4f (0)
This simplification is similar to the simplification of the asymptotic covariance of the OLS estimator
under homoskedasticity.

Computation of standard error for LAD estimates typically is based on equation (9.13). The
main difficulty is the estimation of f(0), the height of the error density at its median. This can be
done with kernel estimation techniques. See Chapter 20. While a complete proof of Theorem 9.5.1
is advanced, we provide a sketch here for completeness.

Proof of Theorem 9.5.1: Similar to NLLS, LAD is an optimization estimator. Let B, denote
the true value of 3.
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The first step is to show that 3 —- By The general nature of the proof is similar to that for the
NLLS estimator, and is sketched here. For any fixed 3, by the WLLN, LAD,,(8) = Ely; — /3| .
Furthermore, it can be shown that this convergence is uniform in 3. (Proving uniform convergence
is more challenging than for the NLLS criterion since the LAD criterion is not differentiable in
B3.) It follows that 3, the minimizer of LAD,(B), converges in probability to 3, the minimizer of
Ely; — ;8]

Since sgn (a) = 1—2-1(a < 0), (9.12) is equivalent to g, (3) = 0, where g,,(8) = n~* >, 9:(8)
and g;(B) =z; (1 —2-1(y; < x,8)). Let g(B) = Eg;(3). We need three preliminary results. First,
by the central limit theorem (Theorem 5.7.1)

Vi (G,(80) — 9(Bo)) = —n 2> gi(By) ~ N (0, B}

=1

since Eg;(8)9;(8y)" = Exz;x}. Second using the law of iterated expectations and the chain rule of
differentiation,
0 d
—29(8) = 8—B,E-’Bz (1-2-1(y < %8))

0 / /

0 o z;B—x;Bo p
7_28_6' wi/—oo f(e] x;)de

= —9 [z} ()8 — 2B, | ;)]

SO
0 /
5 90) = 2B [ (0] )]

Third, by a Taylor series expansion and the fact g(3) =0

o(B)~ —=9(8) (B~ B).

B
Together

o5
—9F [z, f (0] 2:)]) " Vo (g(B) - %(B))

~ 2 (B (0] 2)])) ™ Vi (3,(80)  9(60)

Vi (B~ 8y) =~ (i <ﬂo>> " Jred
(

The third line follows from an asymptotic empirical process argument and the fact that B 2, Bo-

9.6 Quantile Regression

Quantile regression has become quite popular in recent econometric practice. For 7 € [0, 1] the
7’th quantile @, of a random variable with distribution function F'(u) is defined as

Qr =inf{u: F(u) > 7}
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When F'(u) is continuous and strictly monotonic, then F' (Q);) = 7, so you can think of the quantile
as the inverse of the distribution function. The quantile @), is the value such that 7 (percent) of
the mass of the distribution is less than ). The median is the special case T = .5.
The following alternative representation is useful. If the random variable U has 7’th quantile
Q@-, then
Qr = argminEp, (U —0). (9.14)
0

where p; (q) is the piecewise linear function

pr(q) = { - (;T_ ™) Z ; 8 (9.15)

=q(r—1(g<0)).

This generalizes representation (9.11) for the median to all quantiles.
For the random variables (y;, ;) with conditional distribution function F'(y | ) the conditional
quantile function ¢, () is

Q-(z) =inf{y: F(y|z)>7}.

Again, when F (y | @) is continuous and strictly monotonic in y, then F' (Q,(x) | ) = 7. For fixed 7,
the quantile regression function ¢,(x) describes how the 7’th quantile of the conditional distribution
varies with the regressors.

As functions of @, the quantile regression functions can take any shape. However for computa-
tional convenience it is typical to assume that they are (approximately) linear in x (after suitable
transformations). This linear specification assumes that Q,(z) = B.x where the coefficients 3.
vary across the quantiles 7. We then have the linear quantile regression model

Yi = m;IBT + €

where e; is the error defined to be the difference between y; and its 7’th conditional quantile x.03, .
By construction, the 7’th conditional quantile of e; is zero, otherwise its properties are unspecified
without further restrictions. ~

Given the representation (9.14), the quantile regression estimator 3, for 3, solves the mini-
mization problem

B, = argmin S (3)
B
where

SH(B) = % > pr (v — ziB)
=1

and pr (q) is defined in (9.15).

Since the quantile regression criterion function S} (3) does not have an algebraic solution, nu-
merical methods are necessary for its minimization. Furthermore, since it has discontinuous deriv-
atives, conventional Newton-type optimization methods are inappropriate. Fortunately, fast linear
programming methods have been developed for this problem, and are widely available.

An asymptotic distribution theory for the quantile regression estimator can be derived using
similar arguments as those for the LAD estimator in Theorem 9.5.1.
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Theorem 9.6.1 Asymptotic Distribution of the Quantile Regres-
ston Estimator
When the T°th conditional quantile is linear in x

\/ﬁ (BT - ﬁ‘r) i) N (07 VT) )
where
Ve=7(1-7) (B (zaf (0] mi)))_l (Baiz}) (B (ziz)f (0 | wz‘)))_l

and f (e | ) is the conditional density of e; given x; = x.

In general, the asymptotic variance depends on the conditional density of the quantile regression
error. When the error e; is independent of x;, then f (0| x;) = f (0), the unconditional density of
e; at 0, and we have the simplification

_7’(1—7’) oo 1
Ve T 5 ) .

A recent monograph on the details of quantile regression is Koenker (2005).
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Exercises

Exercise 9.1 Suppose that y; = g(x;,0)+e; withE(e; | ;) =0, 6 is the NLLS estimator, and V is
the estimate of var <é> . You are interested in the conditional mean function E (y; | #; = ) = g(x)

at some z. Find an asymptotic 95% confidence interval for g(x).

Exercise 9.2 In Exercise 8.4, you estimated a cost function on a cross-section of electric companies.
The equation you estimated was

logTC; = B1 + B2log Q; + Bslog PL; + Bylog PK; + 85 log PF; + e;. (916)

(a) Following Nerlove, add the variable (log Q;)? to the regression. Do so. Assess the merits of
this new specification using a hypothesis test. Do you agree with this modification?

(b) Now try a non-linear specification. Consider model (9.16) plus the extra term Sgz;, where

2 =log Q; (1 + exp (— (log Qi — 7)) .

In addition, impose the restriction 3 + 84 + 85 = 1. This model is called a smooth threshold
model. For values of log ; much below (7, the variable log (); has a regression slope of 5.
For values much above (7, the regression slope is 82 + 8¢, and the model imposes a smooth
transition between these regimes. The model is non-linear because of the parameter 3.

The model works best when (7 is selected so that several values (in this example, at least
10 to 15) of log @; are both below and above 7. Examine the data and pick an appropriate
range for 7.

(c) Estimate the model by non-linear least squares. I recommend the concentration method:
Pick 10 (or more if you like) values of 87 in this range. For each value of 7, calculate z; and
estimate the model by OLS. Record the sum of squared errors, and find the value of 87 for
which the sum of squared errors is minimized.

(d) Calculate standard errors for all the parameters (f1, ..., 7).

Exercise 9.3 The data file cps78.dat contains 550 observations on 20 variables taken from the
May 1978 current population survey. Variables are listed in the file cps78.pdf. The goal of the
exercise is to estimate a model for the log of earnings (variable LNWAGE) as a function of the
conditioning variables.

(a) Start by an OLS regression of LNWAGE on the other variables. Report coefficient estimates
and standard errors.

(b) Consider augmenting the model by squares and/or cross-products of the conditioning vari-
ables. Estimate your selected model and report the results.

(c) Are there any variables which seem to be unimportant as a determinant of wages? You may
re-estimate the model without these variables, if desired.

(d) Test whether the error variance is different for men and women. Interpret.
(e) Test whether the error variance is different for whites and nonwhites. Interpret.

(f) Construct a model for the conditional variance. Estimate such a model, test for general
heteroskedasticity and report the results.

(g) Using this model for the conditional variance, re-estimate the model from part (c) using
FGLS. Report the results.



CHAPTER 9. REGRESSION EXTENSIONS 228

(h) Do the OLS and FGLS estimates differ greatly? Note any interesting differences.

(i) Compare the estimated standard errors. Note any interesting differences.
Exercise 9.4 For any predictor g(x;) for y;, the mean absolute error (MAE) is
Ely; — g(i)] -

Show that the function g(«) which minimizes the MAE is the conditional median m () = med(y; |
Exercise 9.5 Define

gu)=7—1(u<0)
where 1 (-) is the indicator function (takes the value 1 if the argument is true, else equals zero).

Let 6 satisfy Eg(y; — 0) = 0. Is 6 a quantile of the distribution of y;?

Exercise 9.6 Verify equation (9.14).



Chapter 10

The Bootstrap

10.1 Definition of the Bootstrap

Let F denote a distribution function for the population of observations (y;, x;) . Let
Tn = Tn ((ZJl» ﬂ?l) PEXXS) (yna mn) aF)

be a statistic of interest, for example an estimator  or a t-statistic (é — 9) /s(6). Note that we
write T}, as possibly a function of F'. For example, the t-statistic is a function of the parameter 0

which itself is a function of F.
The exact CDF of T}, when the data are sampled from the distribution F' is

Gn(u, F) =Pr(T, <u| F)

In general, G, (u, F') depends on F, meaning that G' changes as F' changes.

Ideally, inference would be based on G,,(u, F'). This is generally impossible since F' is unknown.

Asymptotic inference is based on approximating Gy, (u, F') with G(u, F) = lim,—c Gy (u, F).
When G(u, F') = G(u) does not depend on F, we say that T, is asymptotically pivotal and use the
distribution function G(u) for inferential purposes.

In a seminal contribution, Efron (1979) proposed the bootstrap, which makes a different ap-
proximation. The unknown F' is replaced by a consistent estimate F), (one choice is discussed in
the next section). Plugged into G, (u, F') we obtain

G (u) = Gp(u, Fy,). (10.1)

We call G}, the bootstrap distribution. Bootstrap inference is based on G (u).

Let (y}, x}) denote random variables with the distribution F,,. A random sample from this dis-
tribution is called the bootstrap data. The statistic 7,y = T, ((v3, %) , ..., (Y%, ) , F},) constructed
on this sample is a random variable with distribution G}. That is, Pr(T)y < u) = G} (u). We call
T, the bootstrap statistic. The distribution of 7}, is identical to that of 7}, when the true CDF is
F,, rather than F.

The bootstrap distribution is itself random, as it depends on the sample through the estimator
E,.
In the next sections we describe computation of the bootstrap distribution.

10.2 The Empirical Distribution Function

Recall that F(y,z) =Pr(y; <y,x; < z) =E(1(y; <y)1l(z; <)), where 1(-) is the indicator
function. This is a population moment. The method of moments estimator is the corresponding

229
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n=26 n=50

00 0.1 02 03 04 05 06 0.7 08 09 1.0
00 0.1 02 03 04 06 0.6 0.7 08 0.9 1.0

n=100 n=500

0.0 0.1 02 03 04 0.5 0.8 0.7 08 09 1.0
0.0 0.1 02 03 04 0.5 0.8 0.7 0.8 0.9 1.0

-3 -2 -1 0 1 2 [} -8 -2 -1 o 1 2 8

Figure 10.1: Empirical Distribution Functions

sample moment:
1 n
—g21(yi§y)1(mi§m). (10.2)
i=1

F, (y,x) is called the empirical distribution function (EDF). F,, is a nonparametric estimate of F.
Note that while F' may be either discrete or continuous, F;, is by construction a step function.
The EDF is a consistent estimator of the CDF. To see this, note that for any (y, ), 1 (y; < y)1(x; < x)
is an iid random variable with expectation F(y, ). Thus by the WLLN (Theorem 5.4.2), F}, (y, ) ——
F (y, ). Furthermore, by the CLT (Theorem 5.7.1),

Vi (Fy (y.2) — F (y,2)) —5 N(0, F (y,2) (1 — F (y, ))) -

To see the effect of sample size on the EDF, in the Figure below, I have plotted the EDF and
true CDF for three random samples of size n = 25, 50, 100, and 500. The random draws are from
the N (0,1) distribution. For n = 25, the EDF is only a crude approximation to the CDF, but the
approximation appears to improve for the large n. In general, as the sample size gets larger, the
EDF step function gets uniformly close to the true CDF.

The EDF is a valid discrete probability distribution which puts probability mass 1/n at each
pair (y;, x;), ¢ = 1,...,n. Notationally, it is helpful to think of a random pair (y}, z}) with the
distribution Fj,. That is,

Pr(y; <y,z;y <) = F,(y, @)

We can easily calculate the moments of functions of (y, z}) :

Eh (7, ) = / Wy, z)dF(y, @)

Z (yi, i) Pr (y; = yi, ] = @)
=1

the empirical sample average.
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10.3 Nonparametric Bootstrap

The nonparametric bootstrap is obtained when the bootstrap distribution (10.1) is defined
using the EDF (10.2) as the estimate F,, of F.

Since the EDF F,, is a multinomial (with n support points), in principle the distribution G}, could
be calculated by direct methods. However, as there are (2"71_ 1) possible samples {(y], z3), ..., (y5, )},
such a calculation is computationally infeasible. The popular alternative is to use simulation to ap-
proximate the distribution. The algorithm is identical to our discussion of Monte Carlo simulation,

with the following points of clarification:

e The sample size n used for the simulation is the same as the sample size.

e The random vectors (y;, ;) are drawn randomly from the empirical distribution. This is

equivalent to sampling a pair (y;, ;) randomly from the sample.

The bootstrap statistic 7, = T), (v, x7), ..., (y}, k), F,) is calculated for each bootstrap sam-
ple. This is repeated B times. B is known as the number of bootstrap replications. A theory
for the determination of the number of bootstrap replications B has been developed by Andrews
and Buchinsky (2000). It is desirable for B to be large, so long as the computational costs are
reasonable. B = 1000 typically suffices.

When the statistic T, is a function of F| it is typically through dependence on a parameter.

For example, the t-ratio <é - 9> /s(é) depends on 6. As the bootstrap statistic replaces F' with

F,,, it similarly replaces 6 with 6,,, the value of 6 implied by F},. Typically 6, = é, the parameter
estimate. (When in doubt use 6.)

Sampling from the EDF is particularly easy. Since F), is a discrete probability distribution
putting probability mass 1/n at each sample point, sampling from the EDF is equivalent to random
sampling a pair (y;, ;) from the observed data with replacement. In consequence, a bootstrap
sample { (v}, ), ..., (¥}, =)} will necessarily have some ties and multiple values, which is generally
not a problem.

10.4 Bootstrap Estimation of Bias and Variance

The bias of 6 is 7, = E(f — 6p). Let Tp() = 6 — 0. Then 7, = E(T(6p)). The bootstrap
counterparts are 6* = A((y*, %), ..., (v, %)) and T = 6* — 0, = 6* — §. The bootstrap estimate
of 7, is

7, = B(Ty).

If this is calculated by the simulation described in the previous section, the estimate of 7, is

If § is biased, it might be desirable to construct a biased-corrected estimator (one with reduced
bias). Ideally, this would be
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but 7, is unknown. The (estimated) bootstrap biased-corrected estimator is

9*

Il
D>
|

Il
[\) s
| /Q§>| 3\]-;
|
$>

D>

0 —

*

Note, in particular, that the biased-corrected estimator is not 0. Intuitively, the bootstrap makes
the following experiment. Suppose that g is the truth. Then what is the average value of 6
calculated from such samples? The answer is 6*. If this is lower than é, this suggests that the
estimator is downward-biased, so a biased-corrected estimator of ¢ should be larger than é, and the
best guess is the difference between 6 and 6*. Similarly if 6" is higher than é, then the estimator is
upward-biased and the biased-corrected estimator should be lower than 0.

Let T}, = 0. The variance of 0 is

V,, = B(T,, — BT;,)%.

Let T* = 0*. It has variance
Vi =E(T; — BT:)>

n
The simulation estimate is
. 1E . —2
* _ * _
vy _BZ<0” o) .
b=1

A bootstrap standard error for 0 is the square root of the bootstrap estimate of variance,
5*(0) = 4/ Vir.

While this standard error may be calculated and reported, it is not clear if it is useful. The
primary use of asymptotic standard errors is to construct asymptotic confidence intervals, which are
based on the asymptotic normal approximation to the t-ratio. However, the use of the bootstrap
presumes that such asymptotic approximations might be poor, in which case the normal approxi-

mation is suspected. It appears superior to calculate bootstrap confidence intervals, and we turn
to this next.

10.5 Percentile Intervals

For a distribution function G, (u, F'), let g,(a, F') denote its quantile function. This is the
function which solves
Gn(qn(a, F), F) = a.

[When G, (u, F) is discrete, g,(a, F') may be non-unique, but we will ignore such complications.]
Let ¢,(«) denote the quantile function of the true sampling distribution, and ¢ («) = gn(«, Fy)
denote the quantile function of the bootstrap distribution. Note that this function will change
depending on the underlying statistic T,, whose distribution is G,,.

Let T,, = 6, an estimate of a parameter of interest. In (1 — )% of samples,  lies in the region
[gn(/2), gn(1 — «/2)]. This motivates a confidence interval proposed by Efron:

C1 =lgn(a/2), ¢, (1—a/2)].

This is often called the percentile confidence interval.

Computationally, the quantile ¢ («) is estimated by ¢ («), the o’th sample quantile of the
simulated statistics {T}},..., Tz}, as discussed in the section on Monte Carlo simulation. The
(1 — @)% Efron percentile interval is then [¢}(/2), 5 (1 — a/2)].
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The interval C' is a popular bootstrap confidence interval often used in empirical practice. This
is because it is easy to compute, simple to motivate, was popularized by Efron early in the history
of the bootstrap, and also has the feature that it is translation invariant. That is, if we define
¢ = f(0) as the parameter of interest for a monotonically increasing function f, then percentile
method applied to this problem will produce the confidence interval [f (¢} (a/2)), f(g:i(1—a/2))],
which is a naturally good property.

However, as we show now, C is in a deep sense very poorly motivated.

It will be useful if we introduce an alternative definition of Cy. Let T},(6) = 6 — 0 and let g, (a)
be the quantile function of its distribution. (These are the original quantiles, with 6 subtracted.)
Then C] can alternatively be written as

Cr=10+a,(a/2), 0+4q;(1-a/2).
This is a bootstrap estimate of the “ideal” confidence interval
Y =10+ an(@/2), 0+ au(l—a/2)].
The latter has coverage probability
Pr (0 € C?) = Pr (é +agn(e)/2) <00 <0+ gu(l — a/2))
= Pr (—au(1 - /2) <06 < —au(0/2))
= Gn(=an(a/2), Fo) — Gn(=an(1 — a/2), Fy)

which generally is not 1—a! There is one important exception. If 6—6 has a symmetric distribution
about 0, then Gy, (—u, Fy) =1 — G, (u, Fp), so

Pr (90 € Cl) ( (()1/2) ) Gn(_Qn(l - a/2)a FO)

= (1 = Gn(gn(a/2), Fy)) — (1 = Gn(gn(1 — a/2), Fp))
=(1-3)-(-(-3))
=1—-«

and this idealized confidence interval is accurate. Therefore, C¥ and C; are designed for the case
that 0 has a symmetric distribution about 6.

When 6 does not have a symmetric distribution, C7 may perform quite poorly.

However, by the translation invariance argument presented above, it also follows that if there
exists some monotonically increasing transformation f(-) such that f(6) is symmetrically distributed
about f(fp), then the idealized percentile bootstrap method will be accurate.

Based on these arguments, many argue that the percentile interval should not be used unless
the sampling distribution is close to unbiased and symmetric.

The problems with the percentile method can be circumvented, at least in principle, by an
alternative method.

Let T,,(8) = § — 6. Then

1 —a=Pr(gm(e/2) < Th(0o) < qu(1 — a/2))
= Pr (0 - i1 -/2) <0 <0-qu(e/2).
so an exact (1 — a)% confidence interval for 6y would be
S =10 —aqu(l—a/2), 0—qu(a/2)).
This motivates a bootstrap analog

Co=1[0—ar(l—a/2), 6—q(a/2)].
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Notice that generally this is very different from the Efron interval C}! They coincide in the special
case that G (u) is symmetric about 6, but otherwise they differ.
Computationally, this interval can be estimated from a bootstrap simulation by sorting the

bootstrap statistics T,y = (é* — é) , which are centered at the sample estimate 6. These are sorted

to yield the quantile estimates ¢*(.025) and §*(.975). The 95% confidence interval is then [0 —

G5(.975), 0 — g5 (.025)].
This confidence interval is discussed in most theoretical treatments of the bootstrap, but is not
widely used in practice.

10.6 Percentile-t Equal-Tailed Interval

Suppose we want to test Hy : 0 = 0y against Hy : 0 < 0y at size a. We would set T),(0) =
<9 - 9) /s(0) and reject Hy in favor of Hy if T},(6y) < ¢, where ¢ would be selected so that

Pr(T,(6p) < ¢) = .

Thus ¢ = gn (). Since this is unknown, a bootstrap test replaces g, («) with the bootstrap estimate
¢ (), and the test rejects if T,(0p) < ¢ ().
Similarly, if the alternative is Hj : 6 > 6y, the bootstrap test rejects if T),(6p) > ¢ (1 — «).
Computationally, these critical values can be estimated from a bootstrap simulation by sorting
the bootstrap t-statistics Ty = (é* — é) /s(é*) Note, and this is important, that the bootstrap test

statistic is centered at the estimate 0, and the standard error s(é*) is calculated on the bootstrap
sample. These t-statistics are sorted to find the estimated quantiles ¢’ (a) and/or ¢ (1 — «).

Let T),(0) = (é - 9) /5(6). Then taking the intersection of two one-sided intervals,
1~ o = Pr(qu(0/2) < Ta(60) < gu(l — /2)

= Pr (4a(a/2) < (0 00) /5(0) < au(1 — 0/2))
— Pr (é — 5(0)gn(1 — /2) <o <0 — S(é)qn(a/2)> :

so an exact (1 — a)% confidence interval for 6y would be
O3 = 10— s(0)an(1 = a/2), 60— s(0)an(cr/2)].

This motivates a bootstrap analog
Cs = [0 s(0)g5(1 - a/2), 0 —s(0)g;(a/2)].

This is often called a percentile-t confidence interval. It is equal-tailed or central since the probability
that 6y is below the left endpoint approximately equals the probability that 6y is above the right
endpoint, each «/2.

Computationally, this is based on the critical values from the one-sided hypothesis tests, dis-
cussed above.

10.7 Symmetric Percentile-t Intervals

Suppose we want to test Hy : 0 = 0y against Hy : 0 # 0y at size a. We would set T),(0) =
(é — 9) /5(6) and reject Hy in favor of Hj if |T},(6)| > ¢, where ¢ would be selected so that

Pr (|T,(60)| > ¢) = a.
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Note that

Pr (|T,(60)] < ¢) = Pr(—c < T,,(6p) < ¢)
= Gp(c) — Gp(—c)
= Gn(c),

which is a symmetric distribution function. The ideal critical value ¢ = ¢, () solves the equation

Gngn(a)) =1—a.

Equivalently, ¢,(«) is the 1 — a quantile of the distribution of |T},(6p)| .
The bootstrap estimate is ¢ («), the 1 — a quantile of the distribution of |7}|, or the number
which solves the equation

Golan(@) = Gr(an(@) = Gr(—gn(@) =1 —a.

Computationally, ¢ («) is estimated from a bootstrap simulation by sorting the bootstrap t-
statistics |T,¥] = ‘é* — é‘ /s(é*), and taking the upper a% quantile. The bootstrap test rejects if
T (00)| > a7 (cv).

Let

Co=1[0—s(0)q(a), 0+ s0)q ()],

where ¢ («) is the bootstrap critical value for a two-sided hypothesis test. Cjy is called the symmetric
percentile-t interval. It is designed to work well since

Pr (0 € Cy) = Pr (é — s(B)q5 () < 60 < B+ s(é)q;;(a)>

= Pr (|Tn(00)| < g5 ()
~ Pr (|T,,(00)| < qn(e))
=1—-aq.

If 0 is a vector, then to test Hp : @ = 6y against Hj : 8 # g at size o, we would use a Wald
statistic

Wn(0) =n (0‘ - 9)' v, (é— 0)

or some other asymptotically chi-square statistic. Thus here T,,(0) = W,,(6). The ideal test rejects
if Wy, > qn(e), where g () is the (1 — a)% quantile of the distribution of W,,. The bootstrap test
rejects if W, > ¢ (), where ¢ () is the (1 — )% quantile of the distribution of

* Ak AN\~ x—1 [ ax ~
Wn:n<9 —9) v, (0 —e).
Computationally, the critical value ¢} («) is found as the quantile from simulated values of W}.
Note in the simulation that the Wald statistic is a quadratic form in (é* — é) , hot <é* — 90) .
[This is a typical mistake made by practitioners.]

10.8 Asymptotic Expansions

Let T}, € R be a statistic such that

T, -4 N(0, o2). (10.3)
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2

In some cases, such as when 7}, is a t-ratio, then 02 = 1. In other cases o2 is unknown. Equivalently,

writing T;, ~ Gy (u, F) then for each v and F

lim Gy (u, F) = & (3) :

n— o0 g

or
u

Gnl(u, F) = ® ( ) +o(l). (10.4)

g

While (10.4) says that G,, converges to ® (%) as n — o0, it says nothing, however, about the rate
of convergence, or the size of the divergence for any particular sample size n. A better asymptotic
approximation may be obtained through an asymptotic expansion.

The following notation will be helpful. Let a, be a sequence.

Definition 10.8.1 a,, = o(1) if ap, — 0 as n — o©
Definition 10.8.2 a, = O(1) if |ay| is uniformly bounded.

Definition 10.8.3 a, = o(n™") if n" |a,| — 0 as n — oc.

Basically, a,, = O(n™") if it declines to zero like n™".

We say that a function g(u) is even if g(—u) = g(u), and a function h(u) is odd if h(—u) = —h(u).
The derivative of an even function is odd, and vice-versa.

Theorem 10.8.1 Under regularity conditions and (10.3),
Gu(u, F) =& (%) 4 — F)+ Lgp(u, F) + O(n~3/2
W0, F) = @ (2) 4~ (. F) + = ga(u, F) + O(n /%)

uniformly over wu, where g1 is an even function of u, and go is an odd
function of u. Moreover, g1 and go are differentiable functions of u and
continuous in F relative to the supremum norm on the space of distribution
functions.

The expansion in Theorem 10.8.1 is often called an Edgeworth expansion.
We can interpret Theorem 10.8.1 as follows. First, Gy, (u, F') converges to the normal limit at
rate n'/2. To a second order of approximation,

Gp(u, F) = ® (g) + n_l/ggl(u, F).
Since the derivative of g1 is odd, the density function is skewed. To a third order of approximation,
Gn(u, F) =~ ® (g) + nil/le(u, F)+n tgo(u, F)

which adds a symmetric non-normal component to the approximate density (for example, adding
leptokurtosis).
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[Side Note: When T}, = \/n ()_(n - ,u) /o, a standardized sample mean, then

91(1) =~ 0 = 1) 90
g2(u) = — <2—14/<4 (u® — 3u) + 7—12/<§ (u® = 10u” + 15U)> o(u)

where ¢(u) is the standard normal pdf, and

kg =B (X —p)* /o
ke =B (X —p)* Jo* -3
the standardized skewness and excess kurtosis of the distribution of X. Note that when x3 = 0

and k4 = 0, then g1 = 0 and g2 = 0, so the second-order Edgeworth expansion corresponds to the
normal distribution.]

Francis Edgeworth

Francis Ysidro Edgeworth (1845-1926) of Ireland, founding editor of the Eco-
nomic Journal, was a profound economic and statistical theorist, developing
the theories of indifference curves and asymptotic expansions. He also could
be viewed as the first econometrician due to his early use of mathematical
statistics in the study of economic data.

10.9 Omne-Sided Tests

Using the expansion of Theorem 10.8.1, we can assess the accuracy of one-sided hypothesis tests
and confidence regions based on an asymptotically normal t-ratio 7,,. An asymptotic test is based
on ®(u).

To the second order, the exact distribution is

1
Pr (7T, < u) = Gp(u, Fy) = ®(u) + mgl(u,Fo) + O(nil)
since o = 1. The difference is

O (u) — Gp(u, Fp) = #gl(% Fo) + O(n_l)
_ O<n71/2)?

so the order of the error is O(n~1/2).
A bootstrap test is based on G} (u), which from Theorem 10.8.1 has the expansion

G (1) = Go(u, Fy) = ®(u) + #gl (u, ) + O(nY).

Because ®(u) appears in both expansions, the difference between the bootstrap distribution and
the true distribution is

Gaw) = Gl Fo) = =5 (1, Fn) = g1 (u, o)) + O(n ™).
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Since F,, converges to F' at rate y/n, and g; is continuous with respect to F, the difference
(91(u, F,) — g1(u, Fp)) converges to 0 at rate y/n. Heuristically,

0
g1(u, Fy) — g1(u, Fo) = 8—Fg1(U, Fo) (F, — Fo)

— o),
The “derivative” 8% g1(u, F') is only heuristic, as F' is a function. We conclude that
G%(u) — Gn(u, Fy) = O(n™1),

or

Pr(TF <u)=Pr(T, <u)+0(n1),

which is an improved rate of convergence over the asymptotic test (which converged at rate
O(n~1/2)). This rate can be used to show that one-tailed bootstrap inference based on the t-
ratio achieves a so-called asymptotic refinement — the Type I error of the test converges at a faster
rate than an analogous asymptotic test.

10.10 Symmetric Two-Sided Tests

If a random variable y has distribution function H(u) = Pr(y < u), then the random variable
ly| has distribution function

Pr(ly| <u)=Pr(-u<y<u)
=Pr(y<u)—Pr(y<-—u)
= H(u) — H(—u)

For example, if Z ~ N(0, 1), then |Z| has distribution function
D(u) = ®(u) — ®(—u) = 2®(u) — 1.
Similarly, if 7}, has exact distribution Gy, (u, F'), then |T},| has the distribution function

Gn(u, F) = Gp(u, F) — Gp(—u, F).

A two-sided hypothesis test rejects Hy for large values of |T,,|. Since T, LN Z, then |T,,| 4,
|Z| ~ ®. Thus asymptotic critical values are taken from the ® distribution, and exact critical values
are taken from the Gy, (u, Fy) distribution. From Theorem 10.8.1, we can calculate that

Glu, F) = G (u, F) — Goo(—u, F)
_ <<I>(u) o F) + %MU,F))
- <c1>(—u) (- ) + %gz(—u,F)> L O3

=) + 2ga(u, F) + O(n~2), (10,5

where the simplifications are because g; is even and g2 is odd. Hence the difference between the
asymptotic distribution and the exact distribution is

D(u) — Gp(u, Fp) = %gg(u, Fy) +0(n=3?) = 0(n™).
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The order of the error is O(n~1).

Interestingly, the asymptotic two-sided test has a better coverage rate than the asymptotic
one-sided test. This is because the first term in the asymptotic expansion, g1, is an even function,
meaning that the errors in the two directions exactly cancel out.

Applying (10.5) to the bootstrap distribution, we find

*

G a = 2
G (1) = G (u, ) = B(u) + ga(u, Fy) + O(n /%),
Thus the difference between the bootstrap and exact distributions is

) — Tl Fo) = = (g2, Fo) — 9o, o)) + O(n ™)

=0(n~*?),

the last equality because F,, converges to Fy at rate \/n, and go is continuous in F. Another way
of writing this is
Pr (T < u) = Pr(|T,| < u) + O(n%/2)

so the error from using the bootstrap distribution (relative to the true unknown distribution) is
O(n~3/2). This is in contrast to the use of the asymptotic distribution, whose error is O(n~'). Thus
a two-sided bootstrap test also achieves an asymptotic refinement, similar to a one-sided test.

A reader might get confused between the two simultaneous effects. Two-sided tests have better
rates of convergence than the one-sided tests, and bootstrap tests have better rates of convergence
than asymptotic tests.

The analysis shows that there may be a trade-off between one-sided and two-sided tests. Two-
sided tests will have more accurate size (Reported Type I error), but one-sided tests might have
more power against alternatives of interest. Confidence intervals based on the bootstrap can be
asymmetric if based on one-sided tests (equal-tailed intervals) and can therefore be more informative
and have smaller length than symmetric intervals. Therefore, the choice between symmetric and
equal-tailed confidence intervals is unclear, and needs to be determined on a case-by-case basis.

10.11 Percentile Confidence Intervals

To evaluate the coverage rate of the percentile interval, set T, = \/n <é — 90> . We know that

T, a, N(0, V), which is not pivotal, as it depends on the unknown V. Theorem 10.8.1 shows that
a first-order approximation

Gl F) = @ (2) + O(n~112),
where o = v/V/, and for the bootstrap
G () = Gulu, F) =@ () + O™ '12),
where 6 = V(F,) is the bootstrap estimate of o. The difference is
* () — —o (¥ _a(Y ~1/2
Gy (w) = Gu(u, F) = & (2 ) = @ (=) + O(n ™)
U\ U, _
= —¢ (;) ~(6-0)+ 0"
=0(n1?)

Hence the order of the error is O(n~1/2).
The good news is that the percentile-type methods (if appropriately used) can yield /n-
convergent asymptotic inference. Yet these methods do not require the calculation of standard
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errors! This means that in contexts where standard errors are not available or are difficult to
calculate, the percentile bootstrap methods provide an attractive inference method.

The bad news is that the rate of convergence is disappointing. It is no better than the rate
obtained from an asymptotic one-sided confidence region. Therefore if standard errors are available,
it is unclear if there are any benefits from using the percentile bootstrap over simple asymptotic
methods.

Based on these arguments, the theoretical literature (e.g. Hall, 1992, Horowitz, 2001) tends to
advocate the use of the percentile-t bootstrap methods rather than percentile methods.

10.12 Bootstrap Methods for Regression Models

The bootstrap methods we have discussed have set G} (u) = Gy (u, Fy,), where F,, is the EDF.
Any other consistent estimate of F' may be used to define a feasible bootstrap estimator. The
advantage of the EDF is that it is fully nonparametric, it imposes no conditions, and works in
nearly any context. But since it is fully nonparametric, it may be inefficient in contexts where
more is known about F. We discuss bootstrap methods appropriate for the linear regression model

i = ;8 + ¢
E (e | ;) = 0.
The non-parametric bootstrap resamples the observations (yf, «}) from the EDF, which implies
i = a'B+e;
E(xzjef) =0

but generally

E(e; | ;) # 0.
The bootstrap distribution does not impose the regression assumption, and is thus an inefficient
estimator of the true distribution (when in fact the regression assumption is true.)

One approach to this problem is to impose the very strong assumption that the error g; is
independent of the regressor x;. The advantage is that in this case it is straightforward to con-
struct bootstrap distributions. The disadvantage is that the bootstrap distribution may be a poor
approximation when the error is not independent of the regressors.

To impose independence, it is sufficient to sample the 7 and e} independently, and then create
Yy = zc;"’B + ¢. There are different ways to impose independence. A non-parametric method
is to sample the bootstrap errors e randomly from the OLS residuals {éi,...,é,}. A parametric
method is to generate the bootstrap errors e from a parametric distribution, such as the normal
ef ~N(0,52).

For the regressors z;, a nonparametric method is to sample the ] randomly from the EDF
or sample values {1, ..., x,}. A parametric method is to sample z} from an estimated parametric
distribution. A third approach sets x] = x;. This is equivalent to treating the regressors as firved
i repeated samples. If this is done, then all inferential statements are made conditionally on the
observed values of the regressors, which is a valid statistical approach. It does not really matter,
however, whether or not the x; are really “fixed” or random.

The methods discussed above are unattractive for most applications in econometrics because
they impose the stringent assumption that x; and e; are independent. Typically what is desirable
is to impose only the regression condition E (e; | ;) = 0. Unfortunately this is a harder problem.

One proposal which imposes the regression condition without independence is the Wild Boot-
strap. The idea is to construct a conditional distribution for e; so that
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A conditional distribution with these features will preserve the main important features of the data.
This can be achieved using a two-point distribution of the form

o (oo (LEVEY ) _ V61
e; = 5 e | = G

o (oo (L=VB) ) _vB+1
e = 5 é | = N

For each z;, you sample €] using this two-point distribution.
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Exercises

Exercise 10.1 Let F,,(z) denote the EDF of a random sample. Show that
Vi (Fy () — Fo@)) = N (0, Fo(a) (1~ Fo(«))) .

Exercise 10.2 Take a random sample {y1, ..., y, } with g = Ey; and 0 = var (y;) . Let the statistic
of interest be the sample mean T,, = 7,,. Find the population moments ET,, and var (T},). Let
{vt,...,y:} be a random sample from the empirical distribution function and let 7)) = 7 be its
sample mean. Find the bootstrap moments ET;' and var (7).

~

Exercise 10.3 Consider the following bootstrap procedure for a regression of y; on ;. Let 3
denote the OLS estimator from the regression of y on X, and é = y — X3 the OLS residuals.

(a) Draw a random vector (z*,e*) from the pair {(x;,é;) : i = 1,...,n}. That is, draw a random
integer ¢’ from [1,2,...,n], and set * = xy and e* = éy. Set y* = B + e*. Draw (with
replacement) n such vectors, creating a random bootstrap data set (y*, X*).

(b) Regress y* on X*, yielding OLS estimates B* and any other statistic of interest.

Show that this bootstrap procedure is (numerically) identical to the non-parametric boot-

strap.

Exercise 10.4 Consider the following bootstrap procedure. Using the non-parametric bootstrap,
generate bootstrap samples, calculate the estimate 6* on these samples and then calculate

Ty = (0" —0)/s(0),

where s(f) is the standard error in the original data. Let ¢} (.05) and ¢} (.95) denote the 5% and
95% quantiles of T)¥, and define the bootstrap confidence interval

C = [0—s(0)q:(.95), - s(é)q;;(.%)] .
Show that C exactly equals the Alternative percentile interval (not the percentile-t interval).

Exercise 10.5 You want to test Hp : § = 0 against H; : 6§ > 0. The test for Hy is to reject if
T, = 0/5(f) > ¢ where ¢ is picked so that Type I error is o. You do this as follows. Using the non-
parametric bootstrap, you generate bootstrap samples, calculate the estimates 6* on these samples
and then calculate

T =6 /s(6").
Let ¢} (.95) denote the 95% quantile of T0¥. You replace ¢ with ¢}(.95), and thus reject Hy if
T, = 6/5(0) > ¢*(.95). What is wrong with this procedure?

Exercise 10.6 Suppose that in an application, 6 = 1.2 and s(é) = .2. Using the non-parametric
bootstrap, 1000 samples are generated from the bootstrap distributiqn, and 0* is calculated on each
sample. The 6* are sorted, and the 2.5% and 97.5% quantiles of the 6* are .75 and 1.3, respectively.

(a) Report the 95% Efron Percentile interval for 6.
(b) Report the 95% Alternative Percentile interval for 6.
(¢) With the given information, can you report the 95% Percentile-t interval for 67

Exercise 10.7 The datafile hpricel.dat contains data on house prices (sales), with variables
listed in the file hpricel.pdf. Estimate a linear regression of price on the number of bedrooms, lot
size, size of house, and the colonial dummy. Calculate 95% confidence intervals for the regression
coefficients using both the asymptotic normal approximation and the percentile-t bootstrap.
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NonParametric Regression

11.1 Introduction
When components of & are continuously distributed then the conditional expectation function
E(yi | zi = z) = m(x)

can take any nonlinear shape. Unless an economic model restricts the form of m(x) to a parametric
function, the CEF is inherently nonparametric, meaning that the function m(x) is an element
of an infinite dimensional class. In this situation, how can we estimate m(xz)? What is a suitable
method, if we acknowledge that m(x) is nonparametric?

There are two main classes of nonparametric regression estimators: kernel estimators, and series
estimators. In this chapter we introduce kernel methods.

To get started, suppose that there is a single real-valued regressor x;. We consider the case of
vector-valued regressors later.

11.2 Binned Estimator

For clarity, fix the point 2 and consider estimation of the single point m(z). This is the mean
of y; for random pairs (y;, x;) such that x; = z. If the distribution of z; were discrete then we
could estimate m(z) by taking the average of the sub-sample of observations y; for which z; = x.
But when z; is continuous then the probability is zero that x; exactly equals any specific . So
there is no sub-sample of observations with x; = x and we cannot simply take the average of the
corresponding y; values. However, if the CEF m/(x) is continuous, then it should be possible to get
a good approximation by taking the average of the observations for which x; is close to x, perhaps
for the observations for which |z; — 2| < h for some small h > 0. Later we will call h a bandwidth.
This estimator can be written as

i (Jm — x| < h)y

) S Qm e <h) (L)

where 1(+) is the indicator function. Alternatively, (11.1) can be written as
m(z) =Y wi(z)y; (11.2)

where
1(|x; — x| < h)

Y1 1z —z[ < h)
Notice that Y1 ; w;(x) = 1, so (11.2) is a weighted average of the y;.

wi(x) =

243
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: 2 3 4 5 6 .
Figure 11.1: Scatter of (y;, z;) and Nadaraya-Watson regression

It is possible that for some values of = there are no values of x; such that |z; — x| < h, which
implies that """ ; 1 (|z; — 2| < h) = 0. In this case the estimator (11.1) is undefined for those values
of x.

To visualize, Figure 11.1 displays a scatter plot of 100 observations on a random pair (y;, x;)
generated by simulation!. (The observations are displayed as the open circles.) The estimator
(11.1) of the CEF m(x) at x = 2 with h = 1/2 is the average of the y; for the observations
such that x; falls in the interval [1.5 < x; < 2.5]. (Our choice of h = 1/2 is somewhat arbitrary.
Selection of h will be discussed later.) The estimate is m(2) = 5.16 and is shown on Figure 11.1 by
the first solid square. We repeat the calculation (11.1) for x = 3, 4, 5, and 6, which is equivalent to
partitioning the support of x; into the regions [1.5,2.5], [2.5,3.5], [3.5,4.5], [4.5,5.5], and [5.5, 6.5].
These partitions are shown in Figure 11.1 by the verticle dotted lines, and the estimates (11.1) by
the solid squares.

These estimates m(z) can be viewed as estimates of the CEF m(x). Sometimes called a binned
estimator, this is a step-function approximation to m(x) and is displayed in Figure 11.1 by the
horizontal lines passing through the solid squares. This estimate roughly tracks the central tendency
of the scatter of the observations (y;,x;). However, the huge jumps in the estimated step function
at the edges of the partitions are disconcerting, counter-intuitive, and clearly an artifact of the
discrete binning.

If we take another look at the estimation formula (11.1) there is no reason why we need to
evaluate (11.1) only on a course grid. We can evaluate m(z) for any set of values of x. In particular,
we can evaluate (11.1) on a fine grid of values of x and thereby obtain a smoother estimate of the
CEF. This estimator with h = 1/2 is displayed in Figure 11.1 with the solid line. This is a
generalization of the binned estimator and by construction passes through the solid squares.

The bandwidth A determines the degree of smoothing. Larger values of h increase the width
of the bins in Figure 11.1, thereby increasing the smoothness of the estimate m(z) as a function
of x. Smaller values of h decrease the width of the bins, resulting in less smooth conditional mean
estimates.

'The distribution is 2; ~ N(4,1) and y; | 2; ~ N(m(z;), 16) with m(z) = 10log(z).
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11.3 Kernel Regression

One deficiency with the estimator (11.1) is that it is a step function in z, as it is discontinuous
at each observation z = x;. That is why its plot in Figure 11.1 is jagged. The source of the dis-
continuity is that the weights w;(z) are constructed from indicator functions, which are themselves
discontinuous. If instead the weights are constructed from continuous functions then the CEF
estimator will also be continuous in x.

To generalize (11.1) it is useful to write the weights 1 (|z; — z| < h) in terms of the uniform
density function on [—1, 1]

o) = %1(|u| <1).

T; — X
<1l)=2 .
<1) =2 ()
Xr; — X
Z?_ﬂﬁ)(zh >yi
T (25)

The uniform density ko(u) is a special case of what is known as a kernel function.

Then
T; — T

(i —al <) =1 (

and (11.1) can be written as

m(z) = (11.3)

Definition 11.3.1 A second-order kernel function k(u) satisfies 0 <
k(u) < oo, k(u) = k(—u), [ k(uw)du=1 and 0% = [*7 u?k(u)du < co.

[e.e]

Essentially, a kernel function is a probability density function which is bounded and symmetric
about zero. A generalization of (11.1) is obtained by replacing the uniform kernel with any other

kernel function:
n Ti— X
Zi:l k ( 3 > Yi

ey

The estimator (11.4) also takes the form (11.2) with

(11.4)

m(x) =

wl(x) =

STk <x]}; x) :

The estimator (11.4) is known as the Nadaraya-Watson estimator, the kernel regression
estimator, or the local constant estimator.

The bandwidth h plays the same role in (11.4) as it does in (11.1). Namely, larger values of
h will result in estimates m(z) which are smoother in x, and smaller values of h will result in
estimates which are more erratic. It might be helpful to consider the two extreme cases h — 0 and
h — oo. As h — 0 we can see that m(x;) — y; (if the values of x; are unique), so that m(z) is
simply the scatter of y; on x;. In contrast, as h — oo then for all z, m(z) — ¥, the sample mean,
so that the nonparametric CEF estimate is a constant function. For intermediate values of h, m(x)
will lie between these two extreme cases.
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The uniform density is not a good kernel choice as it produces discontinuous CEF estimates.
To obtain a continuous CEF estimate m(x) it is necessary for the kernel k(u) to be continuous.
The two most commonly used choices are the Epanechnikov kernel

ki(u) = % (1—w?)1(jul <1)

and the normal or Gaussian kernel

1 u?
kg(u) = —=exp | ——= | .
o) = 5= cxp < 5 )
For computation of the CEF estimate (11.4) the scale of the kernel is not important so long as

the bandwidth is selected appropriately. That is, for any b > 0, ky(u) = b~k (%) is a valid kernel

function with the identical shape as k(u). Kernel regression with the kernel k(u) and bandwidth h
is identical to kernel regression with the kernel ky(u) and bandwidth h/b.

The estimate (11.4) using the Epanechnikov kernel and h = 1/2 is also displayed in Figure 11.1
with the dashed line. As you can see, this estimator appears to be much smoother than that using
the uniform kernel.

Two important constants associated with a kernel function k(u) are its variance o7 and rough-
ness Ry, which are defined as

= /00 u?k(u)du (11.5)
Ry = /_OO k(u)%du. (11.6)

Some common kernels and their roughness and variance values are reported in Table 9.1.

Table 9.1: Common Second-Order Kernels

Kernel Equation Ry, o*,%
Uniform ko(u) =11 (Ju| < 1) 1/2 1/3
Epanechnikov k1 (u) = 3 (1 —v?) 1 (Ju| < 1) 3/5 1/5
Biweight ko(u) =B (1—u2)®1(jul<1)  5/7 17
Triweight ka(u) = 38 (1—u2)’1(jul <1) 350/429 1/9
Gaussian kg(u) = \/L— (—“;) 1/(2y/m) 1

11.4 Local Linear Estimator

The Nadaraya-Watson (NW) estimator is often called a local constant estimator as it locally
(about x) approximates the CEF m(x) as a constant function. One way to see this is to observe
that m(z) solves the minimization problem

m(z) = argminz k (mz }: a:) (i — ).
i=1

«

This is a weighted regression of g; on an intercept only. Without the weights, this estimation
problem reduces to the sample mean. The NW estimator generalizes this to a local mean.

This interpretation suggests that we can construct alternative nonparametric estimators of the
CEF by alternative local approximations. Many such local approximations are possible. A popular
choice is the local linear (LL) approximation. Instead of approximating m(x) locally as a constant,
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the local linear approximation approximates the CEF locally by a linear function, and estimates
this local approximation by locally weighted least squares.
Specifically, for each x we solve the following minimization problem

{00, )} = argmin Yk (P52 ) s - o - )"
The local linear estimator of m(z) is the estimated intercept
m(z) = a(z)

and the local linear estimator of the regression derivative Vm(z) is the estimated slope coefficient

—

Vimn(x) = B(x).

Computationally, for each x set

and

Then
IR (Z ki<x>zi<m>zi<x>’) > @)z (@)

1=1

®) Q)

(

where K = diag{k1(z), ..., kn(x)}.

To visualize, Figure 11.2 displays the scatter plot of the same 100 observations from Figure 11.1,
divided into three regions depending on the regressor z; : [1, 3], [3, 5], [5, 7]. A linear regression is fit
to the observations in each region, with the observations weighted by the Epanechnikov kernel with
h = 1. The three fitted regression lines are displayed by the three straight solid lines. The values of
these regression lines at = 2, z = 4 and = = 6, respectively, are the local linear estimates m(z) at
x = 2,4, and 6. This estimation is repeated for all x in the support of the regressors, and plotted
as the continuous solid line in Figure 11.2.

One interesting feature is that as h — oo, the LL estimator approaches the full-sample linear
least-squares estimator m(z) — & + Bz. That is because as h — oo all observations receive equal
weight regardless of x. In this sense we can see that the LL estimator is a flexible generalization of
the linear OLS estimator.

Which nonparametric estimator should you use in practice: NW or LL? The theoretical liter-
ature shows that neither strictly dominates the other, but we can describe contexts where one or
the other does better. Roughly speaking, the NW estimator performs better than the LL estimator
when m(x) is close to a flat line, but the LL estimator performs better when m(z) is meaningfully
non-constant. The LL estimator also performs better for values of x near the boundary of the
support of x;.

— (Z’KZ) ' Z'Ky

11.5 Nonparametric Residuals and Regression Fit
The fitted regression at x = z; is m(x;) and the fitted residual is

éi =Y — T/T\L(LEZ)
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Figure 11.2: Scatter of (y;, x;) and Local Linear fitted regression

As a general rule, but especially when the bandwidth A is small, it is hard to view é; as a good
measure of the fit of the regression. As h — 0 then m(x;) — y; and therefore é; — 0. This clearly
indicates overfitting as the true error is not zero. In general, since m(z;) is a local average which
includes y;, the fitted value will be necessarily close to y; and the residual é; small, and the degree
of this overfitting increases as h decreases.

A standard solution is to measure the fit of the regression at © = x; by re-estimating the model
excluding the ¢’th observation. For Nadaraya-Watson regression, the leave-one-out estimator of

m(zx) excluding observation 7 is
Tj—T
Zj;ﬁi k ( ’ A > Yj

2 ik <xJ}:$>

Notationally, the “—¢” subscript is used to indicate that the ¢’th observation is omitted.
The leave-one-out predicted value for y; at © = x; equals

Gi = m—i(x;) = = <$j ; : >>y]

m_;(x) =

Tj — Ty

Z#z"“( N

The leave-one-out residuals (or prediction errors) are the difference between the leave-one-out pre-
dicted values and the actual observation

€ = Yi — Yi-

Since g; is not a function of y;, there is no tendency for §; to overfit for small h. Consequently, é;
is a good measure of the fit of the estimated nonparametric regression.
Similarly, the leave-one-out local-linear residual is €; = y; — a; with

-1
O

(5) - (Zhomms| Sz
(2

J#i JF#i
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11.6 Cross-Validation Bandwidth Selection

and

As we mentioned before, the choice of bandwidth h is crucial. As h increases, the kernel
regression estimators (both NW and LL) become more smooth, ironing out the bumps and wiggles.
This reduces estimation variance but at the cost of increased bias and oversmoothing. As h decreases
the estimators become more wiggly, erratic, and noisy. It is desirable to select h to trade-off these
features. How can this be done systematically?

To be explicit about the dependence of the estimator on the bandwidth, let us write the esti-
mator of m(z) with a given bandwidth h as m(z, h), and our discussion will apply equally to the
NW and LL estimators.

Ideally, we would like to select h to minimize the mean-squared error (MSE) of m(z,h) as a
estimate of m(z). For a given value of x the MSE is

MSE,(x,h) =B (m(z, h) — m(x))*.

We are typically interested in estimating m(z) for all values in the support of . A common measure
for the average fit is the integrated MSE

[MSE,(h) = / MSEy(x, h) fu(z)dz

_ / E (#(z, h) — m(z))? fo(z)dz

where f,(z) is the marginal density of z;. Notice that we have defined the IMSE as an integral with
respect to the density f,(x). Other weight functions could be used, but it turns out that this is a
convenient choice.

The IMSE is closely related with the MSFE of Section 4.9. Let (yn+1,%n+1) be out-of-sample
observations (and thus independent of the sample) and consider predicting y,+1 given 41 and
the nonparametric estimate m(x, h). The natural point estimate for vy, 11 is m(zp+1, k) which has
mean-squared forecast error

MSFEy(h) =B (yn1 — M@n+1, h))?
=B (ent1 +m(znt1) — M(wnia, h))?
=0 + B (m(zn41) — M(@ni1, h))?
— o2y / B (fi(z, h) — m(z))? fo(z)da
where the final equality uses the fact that x,.; is independent of m(x,h). We thus see that
MSFE,(h) = 0?4+ IMSE,(h).

Since o2 is a constant independent of the bandwidth h, MSFE,(h) and IM SE, (h) are equivalent
measures of the fit of the nonparameric regression.

The optimal bandwidth A is the value which minimizes IM SE,,(h) (or equivalently M SFE,,(h)).
While these functions are unknown, we learned in Theorem 4.9.1 that (at least in the case of linear
regression) M SFE,, can be estimated by the sample mean-squared prediction errors. It turns out
that this fact extends to nonparametric regression. The nonparametric leave-one-out residuals are

éi(h) = yi —m_i(wi, h)
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where we are being explicit about the dependence on the bandwidth h. The mean squared leave-

one-out residuals is
n

1
CV(h) =— éi(h)2.
0 =5 > e
This function of h is known as the cross-validation criterion.

The cross-validation bandwidth h is the value which minimizes CV (k)

h = argmin CV (h) (11.7)
h>hy

for some hy > 0. The restriction h > hy is imposed so that C'V (k) is not evaluated over unreasonably
small bandwidths.

There is not an explicit solution to the minimization problem (11.7), so it must be solved
numerically. A typical practical method is to create a grid of values for h, e.g. [h1,ha,...,hj],
evaluate CV'(h;) for j =1,...,J, and set

h= argmin CV(h).
helhi,ha,...,h ]

Evaluation using a coarse grid is typically sufficient for practical application. Plots of C'V'(h) against
h are a useful diagnostic tool to verify that the minimum of C'V'(h) has been obtained.

We said above that the cross-validation criterion is an estimator of the MSFE. This claim is
based on the following result.

Theorem 11.6.1

E(CV(h)) = MSFE,_1(h) = IMSE,_1(h) + o2 (11.8)

Theorem 11.6.1 shows that CV (h) is an unbiased estimator of IMSE,,_1(h) + o2. The first
term, IMSE,_1(h), is the integrated MSE of the nonparametric estimator using a sample of size
n— 1. If n is large, IMSE, _1(h) and IMSE,(h) will be nearly identical, so CV (k) is essentially
unbiased as an estimator of IMSE,(h) + 2. Since the second term (0?) is unaffected by the
bandwidth h, it is irrelevant for the problem of selection of h. In this sense we can view C'V (h)
as an estimator of the IMSE, and more importantly we can view the minimizer of CV(h) as an
estimate of the minimizer of IMSE, (h).

To illustrate, Figure 11.3 displays the cross-validation criteria C'V'(h) for the Nadaraya-Watson
and Local Linear estimators using the data from Figure 11.1, both using the Epanechnikov kernel.
The CV functions are computed on a grid with intervals 0.01. The CV-minimizing bandwidths are
h = 1.09 for the Nadaraya-Watson estimator and h = 1.59 for the local linear estimator. Figure
11.3 shows the minimizing bandwidths by the arrows. It is not surprising that the CV criteria
recommend a larger bandwidth for the LL estimator than for the NW estimator, as the LL employs
more smoothing for a given bandwidth.

The CV criterion can also be used to select between different nonparametric estimators. The
CV-selected estimator is the one with the lowest minimized CV criterion. For example, in Figure
11.3, the NW estimator has a minimized CV criterion of 16.88, while the LL estimator has a
minimized CV criterion of 16.81. Since the LL estimator achieves a lower value of the CV criterion,
LL is the CV-selected estimator. The difference (0.07) is small, suggesting that the two estimators
are near equivalent in IMSE.

Figure 11.4 displays the fitted CEF estimates (NW and LL) using the bandwidths selected by
cross-validation. Also displayed is the true CEF m(z) = 101In(z). Notice that the nonparametric
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Figure 11.3: Cross-Validation Criteria, Nadaraya-Watson Regression and Local Linear Regression
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Figure 11.4: Nonparametric Estimates using data-dependent (CV) bandwidths
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estimators with the CV-selected bandwidths (and especially the LL estimator) track the true CEF
quite well.

Proof of Theorem 11.6.1. Observe that m(x;) — m—;(z;, h) is a function only of (z1,...,2,) and
(e1,...,epn) excluding e;, and is thus uncorrelated with e;. Since €;(h) = m(z;) — m—_;(z;, h) + e;,
then

E(CV(h) = E (&(h)?)
=E (e?) +E (m—i(zi, h) — m(x;))?
+2E ((m—i(xs, h) — m(z;)) €;)
= 02 + B (m_i(zi, h) —m(xz;))?. (11.9)
The second term is an expectation over the random variables x; and m_;(x, h), which are indepen-
dent as the second is not a function of the i’th observation. Thus taking the conditional expectation

given the sample excluding the i’th observation, this is the expectation over x; only, which is the
integral with respect to its density

B (i) = () = [ (i) = m(o)? £ ().

Taking the unconditional expecation yields

B (_i(zi, h) — m(zs))? = B / (i(z, B) — m())? fole)da
= IMSE,_1(h)

where this is the IMSE of a sample of size n — 1 as the estimator m_; uses n — 1 observations.
Combined with (11.9) we obtain (11.8), as desired. [ |

11.7 Asymptotic Distribution

There is no finite sample distribution theory for kernel estimators, but there is a well developed
asymptotic distribution theory. The theory is based on the approximation that the bandwidth h
decreases to zero as the sample size n increases. This means that the smoothing is increasingly
localized as the sample size increases. So long as the bandwidth does not decrease to zero too
quickly, the estimator can be shown to be asymptotically normal, but with a non-trivial bias.

Let f»(x) denote the marginal density of z; and 0?(z) = E (e? | #; = z) denote the conditional
variance of e; = y; — m(x;).
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Theorem 11.7.1 Let m(x) denote either the Nadarya-Watson or Local
Linear estimator of m(x). If x is interior to the support of x; and f,(x) > 0,
then as n — oo and h — 0 such that nh — oo,

w(x) — m(z) — h2o2B(z)) - M
Vnh ((z) — m(z) — K202 B(x)) N<O, fx($)> (11.10)

where of and Ry, are defined in (11.5) and (11.6). For the Nadaraya-
Watson estimator

Bla) = 5" (x) + fole) ™ fo( (@)

and for the local linear estimator

B(z) = 3 fula)m"(z)

There are several interesting features about the asymptotic distribution which are noticeably
different than for parametric estimators. First, the estimator converges at the rate v/nh, not V.
Since h — 0, Vnh diverges slower than \/n, thus the nonparametric estimator converges more
slowly than a parametric estimator. Second, the asymptotic distribution contains a non-neglible
bias term h20']%B(.’L'). This term asymptotically disappears since h — 0. Third, the assumptions that
nh — oo and h — 0 mean that the estimator is consistent for the CEF m(z).

The fact that the estimator converges at the rate v/nh has led to the interpretation of nh as the
“effective sample size”. This is because the number of observations being used to construct m(x)
is proportional to nh, not n as for a parametric estimator.

It is helpful to understand that the nonparametric estimator has a reduced convergence rate
because the object being estimated — m(x) — is nonparametric. This is harder than estimating a
finite dimensional parameter, and thus comes at a cost.

Unlike parametric estimation, the asymptotic distribution of the nonparametric estimator in-
cludes a term representing the bias of the estimator. The asymptotic distribution (11.10) shows
the form of this bias. Not only is it proportional to the squared bandwidth h? (the degree of
smoothing), it is proportional to the function B(x) which depends on the slope and curvature of
the CEF m(x). Interestingly, when m(z) is constant then B(z) = 0 and the kernel estimator has no
asymptotic bias. The bias is essentially increasing in the curvature of the CEF function m(x). This
is because the local averaging smooths m(z), and the smoothing induces more bias when m(x) is
curved.

Theorem 11.7.1 shows that the asymptotic distributions of the NW and LL estimators are
similar, with the only difference arising in the bias function B(x). The bias term for the NW
estimator has an extra component which depends on the first derivative of the CEF m/(z) while the
bias term of the LL estimator is invariant to the first derivative. The fact that the bias formula for
the LL estimator is simpler and is free of dependence on the first derivative of m(z) suggests that
the LL estimator will generally have smaller bias than the NW estimator (but this is not a precise
ranking). Since the asymptotic variances in the two distributions are the same, this means that the
LL estimator achieves a reduced bias without an effect on asymptotic variance. This analysis has
led to the general preference for the LL estimator over the NW estimator in the nonparametrics
literature.

One implication of Theorem 11.7.1 is that we can define the asymptotic MSE (AMSE) of m(z)
as the squared bias plus the asymptotic variance

2 Rpoi(x)

AMSE (i(z)) = (h?0}B(z))” + ah () (11.11)
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Focusing on rates, this says
1

AMSE (m(z)) ~ h* + — (11.12)
n
which means that the AMSE is dominated by the larger of h* and (nh)~'. Notice that the bias is
increasing in h and the variance is decreasing in h. (More smoothing means more observations are
used for local estimation: this increases the bias but decreases estimation variance.) To select h to
minimize the AMSE, these two components should balance each other. Setting h* o (nh)f1 means
setting h oc n /5. Another way to see this is to pick h to minimize the right-hand-side of (11.12).
The first-order condition for A is
0 1 1
— (h4+—> —4h3 — —5 =0

oh nh nh?

which when solved for h yields h = n~1/5. What this means is that for AMSE-efficient estimation
of m(z), the optimal rate for the bandwidth is h oc n =1/,

Theorem 11.7.2 The bandwidth which minimizes the AMSE (11.12) is
of order h o< n=Y/5. With h & n=Y/5 then AMSE (m(z)) = O (n_4/5) and
m(z) = m(x) + O, (n~/9).

This result means that the bandwidth should take the form h = ¢n=1/5. The optimal constant
¢ depends on the kernel k, the bias function B(x) and the marginal density f,(x). A common mis-
interpretation is to set h = n~/5, which is equivalent to setting ¢ = 1 and is completely arbitrary.
Instead, an empirical bandwidth selection rule such as cross-validation should be used in practice.

When h = en~Y/® we can rewrite the asymptotic distribution (11.10) as

0'2 x
n2/5 (m(z) —m(z)) BN N (CQJ]%B(l‘)a %)

In this representation, we see that m(x) is asymptotically normal, but with a n2/5 rate of conver-
gence and non-zero mean. The asymptotic distribution depends on the constant ¢ through the bias
(positively) and the variance (inversely).

The asymptotic distribution in Theorem 11.7.1 allows for the optimal rate h = ¢n~1/5 but this
rate is not required. In particular, consider an undersmoothing (smaller than optimal) bandwith
with rate h = o(nfl/ 5). For example, we could specify that h = cn™® for some ¢ > 0 and
1/5 < a < 1. Then vnhh? = O(n(t=50/2) = o(1) so the bias term in (11.10) is asymptotically
negligible so Theorem 11.7.1 implies

Sy ey Rio?(z)
Vnh (@(z) — m(z)) N(O,—fx(x) )

That is, the estimator is asymptotically normal without a bias component. Not having an asymp-
totic bias component is convenient for some theoretical manipuations, so many authors impose the
undersmoothing condition h = o (nfl/ 5) to ensure this situation. This convenience comes at a cost.
First, the resulting estimator is inefficient as its convergence rate is is O), (n_(l_‘”‘)/ 2) > 0, (n_2/ 5)
since a > 1/5. Second, the distribution theory is an inherently misleading approximation as it misses
a critically key ingredient of nonparametric estimation — the trade-off between bias and variance.
The approximation (11.10) is superior precisely because it contains the asymptotic bias component
which is a realistic implication of nonparametric estimation. Undersmoothing assumptions should
be avoided when possible.
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11.8 Conditional Variance Estimation
Let’s consider the problem of estimation of the conditional variance

o?(z) = var (y; | ©; = x)
=E(ef |zi=12).

Even if the conditional mean m(z) is parametrically specified, it is natural to view o2(x) as inher-
ently nonparametric as economic models rarely specify the form of the conditional variance. Thus
it is quite appropriate to estimate o?(x) nonparametrically.

We know that o?(x) is the CEF of e? given z;. Therefore if e? were observed, o2(x) could be
nonparametrically estimated using NW or LL regression. For example, the ideal NW estimator is

> ki(w)el
2 ki(z)

Since the errors e; are not observed, we need to replace them with an empirical residual, such as
é; = y; — m(x;) where m(z) is the estimated CEF. (The latter could be a nonparametric estimator
such as NW or LL, or even a parametric estimator.) Even better, use the leave-one-out prediction
errors €¢; = y; — m—_;(x;), as these are not subject to overfitting.

With this substitution the NW estimator of the conditional variance is

72 (x) =

52(z) = M
() S ki(z) (11.13)

This estimator depends on a set of bandwidths hq, ..., hy, but there is no reason for the band-
widths to be the same as those used to estimate the conditional mean. Cross-validation can be used
to select the bandwidths for estimation of 62(x) separately from cross-validation for estimation of

There is one subtle difference between CEF and conditional variance estimation. The conditional
variance is inherently non-negative o%(z) > 0 and it is desirable for our estimator to satisfy this
property. Interestingly, the NW estimator (11.13) is necessarily non-negative, since it is a smoothed
average of the non-negative squared residuals, but the LL estimator is not guarenteed to be non-
negative for all z. For this reason, the NW estimator is preferred for conditional variance estimation.

Fan and Yao (1998, Biometrika) derive the asymptotic distribution of the estimator (11.13).
They obtain the surprising result that the asymptotic distribution of this two-step estimator is
identical to that of the one-step idealized estimator 52(z).

11.9 Standard Errors

Theorem 11.7.1 shows the asymptotic variances of both the NW and LL nonparametric regres-

sion estimators equal

V(2) = @)
For standard errors we need an estimate of V (). A plug-in estimate replaces the unknowns by
estimates. The roughness Ry can be found from Table 9.1. The conditional variance can be
estimated using (11.13). The density of x; can be estimated using the methods from Section 20.1.

Replacing these estimates into the formula for V' (x) we obtain the asymptotic variance estimate

~ Rk;@'2(.’L')
Vi) = ——.
(z) @)
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Then an asymptotic standard error for the kernel estimate m(z) is

(z) = ,/%f/(:p).

Plots of the estimated CEF m(z) can be accompanied by confidence intervals m(z) £ 25(x).
These are known as pointwise confidence intervals, as they are designed to have correct coverage
at each x, not uniformly in x.

One important caveat about the interpretation of nonparametric confidence intervals is that
they are not centered at the true CEF m(x), but rather are centered at the biased or pseudo-true

W>

value
m*(x) = m(z) + h*oiB(x).

Consequently, a correct statement about the confidence interval m(x) + 25(x) is that it asymptoti-
cally contains m*(z) with probability 95%, not that it asymptotically contains m(x) with probability
95%. The discrepancy is that the confidence interval does not take into account the bias h?a2B(x).
Unfortunately, nothing constructive can be done about this. The bias is difficult and noisy to esti-
mate, so making a bias-correction only inflates estimation variance and decreases overall precision.
A technical “trick” is to assume undersmoothing h = o (nfl/ 5) but this does not really eliminate
the bias, it only assumes it away. The plain fact is that once we honestly acknowledge that the
true CEF is nonparametric, it then follows that any finite sample estimate will have finite sample
bias, and this bias will be inherently unknown and thus impossible to incorporate into confidence
intervals.

11.10 Multiple Regressors

Our analysis has focus on the case of real-valued z; for simplicity of exposition, but the methods
of kernel regression extend easily to the multiple regressor case, at the cost of a reduced rate of
convergence. In this section we consider the case of estimation of the conditional expectation
function

E(yi | i = x) = m(z)
when
T14
€r; =
Ldi
is a d-vector.
For any evaluation point & and observation ¢, define the kernel weights

) _ L1 — 21 L2 — T2\ Ldi — Td
) = < hy >k< ha ) k( ha )’

a d-fold product kernel. The kernel weights k;(x) assess if the regressor vector x; is close to the
evaluation point  in the Euclidean space R%.

These weights depend on a set of d bandwidths, h;, one for each regressor. We can group them
together into a single vector for notational convenience:

h1

h = :
ha
Given these weights, the Nadaraya-Watson estimator takes the form

Z?:l k:z(m)yz )

) =S @)
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Zz‘(fff‘):<mi1_w>

For the local-linear estimator, define

-1
a(-’ﬂ) B n () z: () z: () ()2 ()0
(B(m))‘(,zk* J2i(@)zi( >) > kil@)z(@)y:

where K = diag{k1(z), ..., kn(x)}.

In multiple regressor kernel regression, cross-validation remains a recommended method for
bandwidth selection. The leave-one-out residuals é; and cross-validation criterion CV (h) are de-
fined identically as in the single regressor case. The only difference is that now the CV criterion is
a function over the d-dimensional bandwidth h. This is a critical practical difference since finding
the bandwidth vector h which minimizes CV (h) can be computationally difficult when h is high
dimensional. Grid search is cumbersome and costly, since G gridpoints per dimension imply evau-
lation of C'V (k) at G? distinct points, which can be a large number. Furthermore, plots of CV (h)
against h are challenging when d > 2.

The asymptotic distribution of the estimators in the multiple regressor case is an extension of
the single regressor case. Let f,(x) denote the marginal density of @; and o%(z) = E (¢? | @; = =)
the conditional variance of e; = y; — m(x;). Let |h| = hihy - - - hy.

Theorem 11.10.1 Let m(z) denote either the Nadarya-Watson or Local
Linear estimator of m(x). If x is interior to the support of x; and f(x) >
0, then as n — oo and hj — 0 such that n|h| — oo,

d d_2
S Rio*(x)
nlh| | m(z) — m(z) — o2 h2B . (x i>N<()7k7>
Vlhl | () —m(e) k;jw fo(@)
where for the Nadaraya- Watson estimator
1 02 _; 0 0
Bj(z) = 587;’”(@ + fa() %jfx(w)%m(w)

and for the Local Linear estimator

1 92
Bj(z) = 5@7”(33)
J

For notational simplicity consider the case that there is a single common bandwidth h. In this

case the AMSE takes the form )
~ 4
AMSE(m(:L‘)) ~ h + W

That is, the squared bias is of order h%, the same as in the single regressor case, but the variance is

of larger order (nh%)~!. Setting h to balance these two components requires setting h ~ n~/(*4+4d),
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Theorem 11.10.2 The bandwidth which minimizes the AMSE is of order
h o< n~ V) With b oc n=/(4+4) then AMSE (M(z)) = O (n—4/(4+d))
and m(z) = m(z) + O, (n—2/(4+d))

In all estimation problems an increase in the dimension decreases estimation precision. For
example, in parametric estimation an increase in dimension typically increases the asymptotic vari-
ance. In nonparametric estimation an increase in the dimension typically decreases the convergence
rate, which is a more fundamental decrease in precision. For example, in kernel regression the con-
vergence rate O, (n_2/ (4+d)) decreases as d increases. The reason is the estimator m(z) is a local
average of the y; for observations such that x; is close to @, and when there are multiple regressors
the number of such observations is inherently smaller. This phenomenon — that the rate of con-
vergence of nonparametric estimation decreases as the dimension increases — is called the curse of
dimensionality.



Chapter 12

Series Estimation

12.1 Approximation by Series

As we mentioned at the beginning of Chapter 11, there are two main methods of nonparametric
regression: kernel estimation and series estimation. In this chapter we study series methods.

Series methods approximate an unknown function (e.g. the CEF m(x)) with a flexible paramet-
ric function, with the number of parameters treated similarly to the bandwidth in kernel regression.
A series approximation to m(x) takes the form mg(x) = mg(x, B ) where mg (x, B ) is a known
parametric family and By is an unknown coefficient. The integer K is the dimension of B and
indexes the complexity of the approximation.

A linear series approximation takes the form

M=

mi(z) = ) zjx(x)BjK

I
—

k() B (12.1)

where zjg (x) are (nonlinear) functions of @, and are known as basis functions or basis function
transformations of .
For real-valued x, a well-known linear series approximation is the p’th-order polynomial

N <.

p
mK(a:) = Z.’L‘j,BjK

J=0

where K =p+ 1.
When z € R? is vector-valued, a p’th-order polynomial is

Jj1=0 Ja=0

This includes all powers and cross-products, and the coefficient vector has dimension K = (p+ 1)<
In general, a common method to create a series approximation for vector-valued x is to include all
non-redundant cross-products of the basis function transformations of the components of x.

12.2 Splines

Another common series approximation is a continuous piecewise polynomial function known
as a spline. While splines can be of any polynomial order (e.g. linear, quadratic, cubic, etc.),
a common choice is cubic. To impose smoothness it is common to constrain the spline function
to have continuous derivatives up to the order of the spline. Thus a quadratic spline is typically

259
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constrained to have a continuous first derivative, and a cubic spline is typically constrained to have
a continuous first and second derivative.

There is more than one way to define a spline series expansion. All are based on the number of
knots — the join points between the polynomial segments.

To illustrate, a piecewise linear function with two segments and a knot at ¢ is

mi(z) = Boo + Por (z —t) x<t
mg(z) =
ma(z) = Bro+ Pz —t) x>t

(For convenience we have written the segments functions as polyomials in x — ¢t.) The function
mg(x) equals the linear function mq(x) for z < t and equals ma(t) for > t. Its left limit at x = ¢
is oo and its right limit is 19, so is continuous if (and only if) Soo = S10. Enforcing this constraint
is equivalent to writing the function as

mg(z) =Bo+Bi(z—t)+B2(z—t)1(z >1)
or after transforming coefficients, as
mg(z) = fo+ Pre+ fo (x —t) 1 (z > t)

Notice that this function has K = 3 coefficients, the same as a quadratic polynomial.
A piecewise quadratic function with one knot at ¢ is

mi(z) = Boo + Por (x —t) + Boz (z —t)>  z <t
mg(x) =
mo(z) = Bro+ P (x —t)+ Bra(x — ) x>t

This function is continuous at = = t if Byg = S10, and has a continuous first derivative if Gp; = B11.
Imposing these contraints and rewriting, we obtain the function

mg(x) = Bo + Biz + Box® + B3 (:v—t)21(:1c >t).

Here, K = 4.
Furthermore, a piecewise cubic function with one knot and a continuous second derivative is

my(z) = Bo + iz + foa? + Bz’ + Ba (x — 1)° 1 (z > 1)

which has K = 5.

The polynomial order p is selected to control the smoothness of the spline, as mg(x) has
continuous derivatives up to p — 1.

In general, a p’th-order spline with N knots at ¢1, ta, ..., txy with t1 <9 < --- <ty is

p N
mi () =Y Bial + > (@ —tx) 1(x > 1)

=0 k=1

which has K = N + p + 1 coefficients.

In spline approximation, the typical approach is to treat the polynomial order p as fixed, and
select the number of knots N to determine the complexity of the approximation. The knots t; are
typically treated as fixed. A common choice is to set the knots to evenly partition the support X
of x;.
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12.3 Partially Linear Model

A common use of a series expansion is to allow the CEF to be nonparametric with respect
to one variable, yet linear in the other variables. This allows flexibility in a particular variable
of interest. A partially linear CEF with vector-valued regressor x; and real-valued continuous zo
takes the form

m (z1,v2) = @16 +ma(v2).

This model is commonly used when x; are discrete (e.g. binary variables) and 2 is continuously
distributed.

Series methods are particularly convenient for estimation of partially linear models, as we can
replace the unknown function mg(z2) with a series expansion to obtain

= 18, + 2k Bak

= ‘BIKIBK

where zx = zx(x2) are the basis transformations of xs (typically polynomials or splines) and By
are coefficients. After transformation the regressors are xx = (), z’¢). and the coefficients are

12.4 Additively Separable Models

When z is multivariate a common simplification is to treat the regression function m (z) as
additively separable in the individual regressors, which means that

m(z) =my (z1) +ma (z2) + -+ ma (zq) -

Series methods are quite convenient for estimation of additively separable models, as we simply
apply series expansions (polynomials or splines) separately for each component m; (x;) . The advan-
tage of additive separability is the reduction in dimensionality. While an unconstrained p’th order
polynomial has (p + 1)¢ coefficients, an additively separable polynomial model has only (p + 1)d
coeflicients. This can be a major reduction in the number of coefficients. The disadvantage of this
simplification is that the interaction effects have been eliminated.

The decision to impose additive separability can be based on an economic model which suggests
the absence of interaction effects, or can be a model selection decision similar to the selection of
the number of series terms. We will discuss model selection methods below.

12.5 Uniform Approximations

A good series approximation my (x) will have the property that it gets close to the true CEF
m(x) as the complexity K increases. Formal statements can be derived from the theory of functional
analysis.

An elegant and famous theorem is the Stone-Weierstrass theorem, (Weierstrass, 1885, Stone
1937, 1948) which states that any continuous function can be arbitrarily uniformly well approxi-
mated by a polynomial of sufficiently high order. Specifically, the theorem states that for € R,
if m(x) is continuous on a compact set X', then for any € > 0 there exists a polynomial mg(x) of
some order K which is uniformly within e of m(x):

sup l[mg(x) — m(x)| <e. (12.2)
xrcX

Thus the true unknown m(x) can be arbitrarily well approximately by selecting a suitable polyno-
mial.
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Figure 12.1: True CEF and Best Approximations

The result (12.2) can be stengthened. In particular, if the s derivative of m(z) is continuous
then the uniform approximation error satisfies

sup |mg(x) — m(z)| = O (K~%) (12.3)
reEX
as K — oo where @ = s/d. This result is more useful than (12.2) because it gives a rate at which
the approximation my (x) approaches m(x) as K increases.

Both (12.2) and (12.3) hold for spline approximations as well.

Intuitively, the number of derivatives s indexes the smoothness of the function m(z). (12.3)
says that the best rate at which a polynomial or spline approximates the CEF m(z) depends on
the underlying smoothness of m(z). The more smooth is m(x), the fewer series terms (polynomial
order or spline knots) are needed to obtain a good approximation.

To illustrate polynomial approximation, Figure 12.1 displays the CEF m(z) = z'/4(1 — x)
on z € [0,1]. In addition, the best approximations using polynomials of order K = 3, K = 4, and
K = 6 are displayed. You can see how the approximation with K = 3 is fairly crude, but improves
with K = 4 and especially K = 6. Approximations obtained with cubic splines are quite similar so
not displayed.

As a series approximation can be written as my () = zx (x) B as in (12.1), then the coefficient
of the best uniform approximation (12.3) is then

1/2

B7 = argmin sup |ZK(:L')/,6K — m(m)! . (12.4)
Bk xEX

The approximation error is
*

ri(x) = m(@) — zx (@) B

We can write this as
m(x) = zx(x) B + rik(z) (12.5)

to emphasize that the true conditional mean can be written as the linear approximation plus error.
A useful consequence of equation (12.3) is

sup [rfe(@)] < O (K~°). (12.6)
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Figure 12.2: True CEF, polynomial interpolation, and spline interpolation

12.6 Runge’s Phenomenon

Despite the excellent approximation implied by the Stone-Weierstrass theorem, polynomials
have the troubling disadvantage that they are very poor at simple interpolation. The problem is
known as Runge’s phenomenon, and is illustrated in Figure 12.2. The solid line is the CEF
m(z) = (1 + 22)~! displayed on [—5,5]. The circles display the function at the K = 11 integers in
this interval. The long dashes display the 10’th order polynomial fit through these points. Notice
that the polynomial approximation is erratic and far from the smooth CEF. This discrepancy gets
worse as the number of evaluation points increases, as Runge (1901) showed that the discrepancy
increases to infinity with K.

In contrast, splines do not exhibit Runge’s phenomenon. In Figure 12.2 the short dashes display
a cubic spline with seven knots fit through the same points as the polynomial. While the fitted
spline displays some oscillation relative to the true CEF, they are relatively moderate.

Because of Runge’s phenomenon, high-order polynomials are not used for interpolation, and are
not popular choices for high-order series approximations. Instead, splines are widely used.

12.7 Approximating Regression

For each observation i we observe (y;, ;) and then construct the regressor vector zx; = zx(x;)
using the series transformations. Stacking the observations in the matrices y and Z g, the least
squares estimate of the coefficient B in the series approximation zx(x)' B is

5 -1
Br =(ZxZk) ~ Zy,
and the least squares estimate of the regression function is
mi(z) = zx () Bk. (12.7)

As we learned in Chapter 2, the least-squares coefficient is estimating the best linear predictor
of y; given zg;. This is .
,BK =E (ZKZ'Z/KZ‘) E (zKiyi) .
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Given this coefficient, the series approximation is zx () B) with approximation error
rr(z) = m(z) — zx(z) Bk (12.8)

The true CEF equation for y; is
yi = m(z;) + € (12.9)

with e; the CEF error. Defining rx; = rx(x;), we find

!
Yi = 2giBr + ek

where the equation error is
€Ki = TKi + €.

Observe that the error eg; includes the approximation error and thus does not have the properties
of a CEF error.
In matrix notation we can write these equations as

Yy=ZgBg+rx+e
= ZKﬁK+ er. (12.10)

We now impose some regularity conditions on the regression model to facilitate the theory.
Define the K x K expected design matrix

Qx = E (zxizk;) ,

let X denote the support of x;, and define the largest normalized length of the regressor vector in
the support of x;

1/2

(k= sup (zx () Q' 2k () (12.11)

xeX
¢ will increase with K. For example, if the support of the variables zx (x;) is the unit cube [0, 1]%,
then you can compute that (x = VK. As discussed in Newey (1997) and Li and Racine (2007,
Corollary 15.1) if the support of ; is compact then (x = O(K) for polynomials and (x = O(K'/?)
for splines.

Assumption 12.7.1

1. For some o > 0 the series approximation satisfies (12.3).
2. E(e? | azz) < 52 < o0.
3. Amin(Qg) > A > 0.

4. K = K(n) is a function of n which satisfies K/n — 0 and (%K /n —
0 as n — oo.

Assumptions 12.7.1.1 through 12.7.1.3 concern properties of the regression model. Assumption
12.7.1.1 holds with o = s/d if X is compact and the s’th derivative of m(x) is continuous. Assump-
tion 12.7.1.2 allows for conditional heteroskedasticity, but requires the conditional variance to be
bounded. Assumption 12.7.1.3 excludes near-singular designs. Since estimates of the conditional
mean are unchanged if we replace zg; with 2%, = Bizg; for any non-singular B g, Assumption
12.7.1.3 can be viewed as holding after transformation by an appropriate non-singular B .
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Assumption 12.7.1.4 concerns the choice of the number of series terms, which is under the
control of the user. It specifies that K can increase with sample size, but at a controlled rate of
growth. Since (x = O(K) for polynomials and (x = O(K'/?) for splines, Assumption 12.7.1.4 is
satisfied if K3 /n — 0 for polynomials and K?/n — 0 for splines. This means that while the number
of series terms K can increase with the sample size, K must increase at a much slower rate.

In Section 12.5 we introduced the best uniform approximation, and in this section we introduced
the best linear predictor. What is the relationship? They may be similar in practice, but they are
not the same and we should be careful to maintain the distinction. Note that from (12.5) we can
write m(x;) = 2%, 8% + 5, where ., = ri.(x;) satisfies sup; |};| = O (K~%) from (12.6). Then
the best linear predictor equals

Br =E (zkizk;)  E(zkiyi)
=B (2ii) B (zrm(@:))
=K (ZKiz/Kl) B (zki(2%iB%k + i)
= Bic + B (2xi2i;)
Thus the difference between the two approximations is
ric(@) — (@) = zic(@) (B — B
= 2x(2)B (2xi2;) B (zxirii) - (12.12)

Observe that by the properties of projection

1

E (ZKiTKi) .

E (T;(Qz) - E (T?{iZKi)IE (ZKz'Z,Ki)_l E(zkirk;) >0 (12.13)
and by (12.6)
E (7“}21) = /r}((m)Qfx(m)dm <O (K_QO‘) . (12.14)

Then applying the Schwarz inequality to (12.12), Definition (12.11), (12.13) and (12.14), we find

_ 1/2
ri(@) = ric(@)| < (210(@)B (2x:2k) " 2xc(@))
_ 1/2
(E (riizxi) B (zxizi;) ' B (ZKiT?a)>
<O (CkK™?). (12.15)
It follows that the best linear predictor approximation error satisfies

sup Iri(z)| <O (CkK™?). (12.16)
€T

The bound (12.16) is probably not the best possible, but it shows that the best linear predictor
satisfies a uniform approximation bound. Relative to (12.6), the rate is slower by the factor (k.
The bound (12.16) term is o(1) as K — oo if (x K~ — 0. A sufficient condition is that o > 1
(s > d) for polynomials and o > 1/2 (s > d/2) for splines, where d = dim(x) and s is the number
of continuous derivatives of m(x).

It is also useful to observe that since B is the best linear approximation to m(x;) in mean-
square (see Section 2.24), then

ET%@ =E (m(mi) - ZKzﬂK)2
<E (m(z:) — 25:B%)”
<O (K2 (12.17)

the final inequality by (12.14).
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12.8 Residuals and Regression Fit
The fitted regression at @ = x; is my (x;) = z’mB x and the fitted residual is
Cix = Yi — M (T;).
The leave-one-out prediction errors are

&k = Yi — MK, —i(®;)

=Yi— Z/KiﬁK,fi

where B Fk—i is the least-squares coefficient with the i’th observation omitted. Using (3.38) we can
also write

Gix = Circ (1 — hgcis) "
where hicii = 2he; (2 Z )" zKi.

As for kernel regression, the prediction errors €;x are better estimates of the errors than the
fitted residuals é;x, as they do not have the tendency to “over-fit” when the number of series terms
is large.

To assess the fit of the nonparametric regression, the estimate of the mean-square prediction

error is
1 — 1 —
~2 ~2 2 -2
Ox = — E CiK = — E i (1 — hicii)
n “ n <
=1 =1

and the prediction R? is
n 2
ﬁg{ —1_ >ic1 Gik
= —.
i (Wi = 9)

12.9 Cross-Validation Model Selection

The cross-validation criterion for selection of the number of series terms is the MSPE
1 n
can):5%::E§;é%41—th—?
1=

By selecting the series terms to minimize C'V(K), or equivalently maximize }NE%(, we have a data-
dependent rule which is designed to produce estimates with low integrated mean-squared error
(IMSE) and mean-squared forecast error (MSFE). As shown in Theorem 11.6.1, CV(K) is an
approximately unbiased estimated of the MSFE and IMSE, so finding the model which produces
the smallest value of CV(K) is a good indicator that the estimated model has small MSFE and
IMSE. The proof of the result is the same for all nonparametric estimators (series as well as kernels)
so does not need to be repeated here.

As a practical matter, an estimator corresponds to a set of regressors zg;, that is, a set of
transformations of the original variables x;. For each set of regressions, the regression is estimated
and CV(K) calculated, and the estimator is selected which has the smallest value of CV(K). If
there are p ordered regressors, then there are p possible estimators. Typically, this calculation is
simple even if p is large. However, if the p regressors are unordered (and this is typical) then there
are 2P possible subsets of conceivable models. If p is even moderately large, 2P can be immensely
large so brute-force computation of all models may be computationally demanding.
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12.10 Convergence in Mean-Square

The series estimate B i are indexed by K. The point of nonparametric estimation is to let
K be flexible so as to incorporate greater complexity when the data are sufficiently informative.
This means that K will typically be increasing with sample size n. This invalidates conventional
asymptotic distribution theory. However, we can develop extensions which use appropriate matrix
norms, and by focusing on real-valued functions of the parameters including the estimated regression
function itself.

The asymptotic theory we present in this and the next several sections is largely taken from
Newey (1997).

Our first main result shows that the least-squares estimate converges to By in mean-square
distance.

Theorem 12.10.1 Under Assumption 12.7.1, as n — oo,

(BK - :6K>/ Qk (BK — ﬁK) =0, (%) + o, (K2%) (12.18)

The proof of Theorem 12.10.1 is rather technical and deferred to Section 12.16.

The rate of convergence in (12.18) has two terms. The O, (K/n) term is due to estimation
variance. Note in contrast that the corresponding rate would be O, (1/n) in the parametric case.
The difference is that in the parametric case we assume that the number of regressors K is fixed as
n increases, while in the nonparametric case we allow the number of regressors K to be flexible. As
K increases, the estimation variance increases. The o, (K _20‘) term in (12.18) is due to the series
approximation error.

Using Theorem 12.10.1 we can establish the following convergence rate for the estimated re-
gression function.

Theorem 12.10.2 Under Assumption 12.7.1, as n — o0,

[ Gta) @) f@)ia = 0, (5 ) + 0, (57> (1219)

Theorem 12.10.2 shows that the integrated squared difference between the fitted regression and
the true CEF converges in probability to zero if K — 0o as n — oco. The convergence results of
Theorem 12.10.2 show that the number of series terms K involves a trade-off similar to the role of
the bandwidth h in kernel regression. Larger K implies smaller approximation error but increased
estimation variance.

The optimal rate which minimizes the average squared error in (12.19) is K = O (nl/ (1+2a)) ,
yielding an optimal rate of convergence in (12.19) of O, (n_20‘/ (1+20‘)) . This rate depends on the
unknown smoothness « of the true CEF (the number of derivatives s) and so does not directly
syggest a practical rule for determining K. Still, the implication is that when the function being
estimated is less smooth (« is small) then it is necessary to use a larger number of series terms K
to reduce the bias. In contrast, when the function is more smooth then it is better to use a smaller
number of series terms K to reduce the variance.

To establish (12.19), using (12.7) and (12.8) we can write

g (z) — m(z) = zx(z) (BK - 5K> —rr(x). (12.20)
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Since ef; are projection errors, they satisfy E(zgxier;) = 0 and thus E(zg;rg;) = 0. This
means fzK z)ri(z) fz(z)dz = 0. Also observe that Qx = [ zx(z)zk(z) fo(z)dz and Eri, =
[rr(x x)dz. Then

/ (e () — m())? fo()de
( K~ 5K>, Qx (BK - 5K) + Er;
<0y <%> + 0, (K72%)

by (12.18) and (12.17), establishing (12.19).

12.11 Uniform Convergence

Theorem 12.10.2 established conditions under which mg () is consistent in a squared error
norm. It is also of interest to know the rate at which the largest deviation converges to zero. We
have the following rate.

Theorem 12.11.1 Under Assumption 12.7.1, then as n — oo,

;1612 Imi(x) —m(x)| = O, (\/ C%ff) +Op (CkK™?). (12.21)

Relative to Theorem 12.10.2, the error has been increased multiplicatively by (k. This slower
convergence rate is a penalty for the stronger uniform convergence, though it is probably not
the best possible rate. Examining the bound in (12.21) notice that the first term is o,(1) under
Assumption 12.7.1.4. The second term is op(1) if (x K~ — 0, which requires that KX — oo and
that a be sufficiently large. A sufficient condition is that s > d for polynomials and s > d/2 for
splines, where d = dim(z) and s is the number of continuous derivatives of m(z). Thus higher
dimensional z require a smoother CEF m(z) to ensure that the series estimate m g () is uniformly
consistent.

The convergence (12.21) is straightforward to show using (12.18). Using (12.20), the Triangle
Inequality, the Schwarz inequality (A.10), Definition (12.11), (12.18) and (12.16),

sup [ (z) — m(z)]

reX
< sup |zg(z) (BK - ,3K>’ + sup |rg(x)|
rckX xreX
R 1/2
< sup (s () Q' 2x(2) ((ﬁK Brc) Quc (Br - ﬂK)>
+0 (CeK™)

s (o8] ) ot

( C%K) L (CRE™). (12.22)

n

This is (12.21).
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12.12 Asymptotic Normality

One advantage of series methods is that the estimators are (in finite samples) equivalent to
parametric estimators, so it is easy to calculate covariance matrix estimates. We now show that
we can also justify normal asymptotic approximations.

The theory we present in this section will apply to any linear function of the regression function.
That is, we allow the parameter of interest to be aany non-trivial real-valued linear function of the
entire regression function m(-)

0=a(m).

This includes the regression function m(x) at a given point @, derivatives of m(z), and integrals
over m(z). Given mg(z) = zx(x) Bk as an estimator for m(x), the estimator for 6 is

éK =a(mk) = a/KBK

for some K x 1 vector of constants ax # 0. (The relationship a (mg) = a’KB i follows since a is
linear in m and mg is linear in B K-

If K were fixed as n — oo, then by standard asymptotic theory we would expect O to be
asymptotically normal with variance

1 1
vk = ax Qr Ak Q ax

where
! 2
QK =k (zKizKieKi) .

The standard justification, however, is not valid in the nonparametric case, in part because vg
may diverge as K — oo, and in part due to the finite sample bias due to the approximation error.
Therefore a new theory is required. Interestingly, it turns out that in the nonparametric case O is
still asymptotically normal, and v is still the appropriate variance for 0. The proof is different
than the parametric case as the dimensions of the matrices are increasing with K, and we need to
be attentive to the estimator’s bias due to the series approximation.

Theorem 12.12.1 Under Assumption 12.7.1, if in addition E (eﬂazi) <
kg < 00, B (612|:132) > 02 >0, and (kK= = O(1), then as n — oo,

vn (0 —0+a(rg)
( o ) 4, N(0,1) (12.23)

Vg

The proof of Theorem 12.12.1 can be found in Section 12.16.

Theorem 12.12.1 shows that the estimator 0 is approximately normal with bias —a (rg) and
variance vk /n. The variance is the same as in the parametric case, but the asymptotic distribution
contains an asymptotic bias, similar as is found in kernel regression. We discuss the bias in more
detail below.

Notice that Theorem 12.12.1 requires (x K~ = O(1), which is similar to that found in Theorem
12.11.1 to establish uniform convergence. The the bound (x K~ = O(1) allows K to be constant
with n or to increase with n. However, when K is increasing the bound requires that « be sufficient
large so that K® grows faster than (x. A sufficient condition is that s = d for polynomials and
s = d/2 for splines. The fact that the condition allows for K to be constant means that Theorem
12.12.1 includes parametric least-squares as a special case with explicit attention to estimation bias.
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One useful message from Theorem 12.12.1 is that the classic variance formula vy for éK still
applies for series regression. Indeed, we can estimate the asymptotic variance using the standard
White formula

~—l~ ~—1
N /
Ik = ag Qg R Qg ax
1 n
! 22
Qg = - E ZKiZKiCiK
=1

n
N 1 )
Q= — § ZKiZ[i
n < 1
=

Hence a standard error for 0 is

R 1 A=l -1
5(0k) = \/EGII{QK Qx Qi ax.

It can be shown (Newey, 1997) that 0 /vx —— 1 as n — oo and thus the distribution in (12.23) is
unchanged if v is replaced with 0.

Theorem 12.12.1 shows that the estimator fx has a bias term a (rg). What is this? It is the
same transformation of the function rx(x) as € = a(m) is of the regression function m(x). For
example, if § = m(x) is the regression at a fixed point x , then a (rx) = rx(x), the approximation

d
error at the same point. If § = d—m(w) is the regression derivative, then a (rx) = d—rK(:B) is the
T x

derivative of the approximation error.

This means that the bias in the estimator x for § shown in Theorem 12.12.1 is simply the
approximation error, transformed by the functional of interest. If we are estimating the regression
function then the bias is the error in approximating the regression function; if we are estimating
the regression derivative then the bias is the error in the derivative in the approximation error for
the regression function.

12.13 Asymptotic Normality with Undersmoothing

An unpleasant aspect about Theorem 12.12.1 is the bias term. An interesting trick is that
this bias term can be made asymptotically negligible if we assume that K increases with n at a
sufficiently fast rate.

Theorem 12.13.1 Under Assumption 12.7.1, if in addition E (eﬂwi) <
Ky < o0, B(e?|z;) > o > 0, a(ry) < O(K™®), nK2* — 0, and
a’KQ[_(1 ax s bounded away from zero, then

e\t 6) <9§2_ ') L N(0,1). (12.24)
UK

The condition a (r},) < O (K~%) states that the function of interest (for example, the regression
function, its derivative, or its integral) applied to the uniform approximation error converges to
zero as the number of terms K in the series approximation increases. If a (m) = m(z) then this
condition holds by (12.6).

The condition that a'y Ql}l ar is bounded away from zero is simply a technical requirement to
exclude degeneracy.
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The critical condition is the assumption that nK —2* — 0. This requires that K — oo at a
rate faster than n'/2%. This is a troubling condition. The optimal rate for estimation of m(z) is
K=0 (nl/(1+20‘)) If we set K = n/(+29) by this rule then nk —2* = n!/(14+20) _, 56 not zero.
Thus this assumption is equivalent to assuming that K is much larger than optimal. The reason
why this trick works (that is, why the bias is negligible) is that by increasing K, the asymptotic
bias decreases and the asymptotic variance increases and thus the variance dominates. Because K
is larger than optimal, we typically say that mg(x) is undersmoothed relative to the optimal series
estimator.

Many authors like to focus their asymptotic theory on the assumptions in Theorem 12.13.1, as
the distribution (12.24) appears cleaner. However, it is a poor use of asymptotic theory. There
are three problems with the assumption nK 2% — 0 and the approximation (12.24). First, it says
that if we intentionally pick K to be larger than optimal, we can increase the estimation variance
relative to the bias so the variance will dominate the bias. But why would we want to intentionally
use an estimator which is sub-optimal? Second, the assumption nK 2% — 0 does not eliminate the
asymptotic bias, it only makes it of lower order than the variance. So the approximation (12.24) is
technically valid, but the missing asymptotic bias term is just slightly smaller in asymptotic order,
and thus still relevant in finite samples. Third, the condition nK 2% — 0 is just an assumption, it
has nothing to do with actual empirical practice. Thus the difference between (12.23) and (12.24)
is in the assumptions, not in the actual reality or in the actual empirical practice. Eliminating a
nuisance (the asymptotic bias) through an assumption is a trick, not a substantive use of theory.
My strong view is that the result (12.23) is more informative than (12.24). It shows that the
asymptotic distribution is normal but has a non-trivial finite sample bias.

12.14 Regression Estimation

A special yet important example of a linear estimator of the regression function is the regression
function at a fixed point . In the notation of the previous section, a (m) = m(x) and ax = zx(x).
The series estimator of m(x) is O = M (z) = zx (z)' B As this is a key problem of interest, we
restate the asymptotic results of Theorems 12.12.1 and 12.13.1 for this estimator.

Theorem 12.14.1 Under Assumption 12.7.1, if in addition E (eﬂwi) <
kg < 00, B (e%]:nz) > g% >0, and (k K~ = O(1), then as n — oo,

Vi (g (z) — m(z) + ri(z))

vil*(x)

4, N(0,1) (12.25)

where
vi(®) = zx(2) Q' Uk Q) 2k ().
If (k K~ = O(1) is replaced by nK =2 — 0, and zk(z) Qi 2k () is

bounded away from zero, then

v (mg(x) —m(x)) N N(0,1) (12.26)

There are two important features about the asymptotic distribution (12.25).
First, as mentioned in the previous section, it shows how to construct asymptotic standard
errors for the CEF m(x). These are

(o) = el @ Qi (o).
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Second, (12.25) shows that the estimator has the asymptotic bias component rx (). This is
due to the fact that the finite order series is an approximation to the unknown CEF m(x), and this
results in finite sample bias.

The asymptotic distribution (12.26) shows that the bias term is negligable if K diverges fast
enough so that nK—2* — 0. As discussed in the previous section, this means that K is larger than
optimal.

The assumption that zx () Qx 2k () is bounded away from zero is a technical condition to
exclude degenerate cases, and is automatically satisfied if zx () includes an intercept.

Plots of the CEF estimate mg(x) can be accompanied by 95% confidence intervals mg(x) £
25(x). As we discussed in the chapter on kernel regression, this can be viewed as a confidence
interval for the pseudo-true CEF mj.(x) = m(x) — rx(x), not for the true m(xz). As for kernel
regression, the difference is the unavoidable consequence of nonparametric estimation.

12.15 Kernel Versus Series Regression

In this and the previous chapter we have presented two distinct methods of nonparametric
regression based on kernel methods and series methods. Which should be used in practice? Both
methods have advantages and disadvantages and there is no clear overall winner.

First, while the asymptotic theory of the two estimators appear quite different, they are actually
rather closely related. When the regression function m(z) is twice differentiable (s = 2) then the
rate of convergence of both the MSE of the kernel regression estimator with optimal bandwidth
h and the series estimator with optimal K is n=2/(4*%) There is no difference. If the regression
function is smoother than twice differentiable (s > 2) then the rate of the convergence of the series
estimator improves. This may appear to be an advantage for series methods, but kernel regression
can also take advantage of the higher smoothness by using so-called higher-order kernels or local
polynomial regression, so perhaps this advantage is not too large.

Both estimators are asymptotically normal and have straightforward asymptotic standard error
formulae. The series estimators are a bit more convenient for this purpose, as classic parametric
standard error formula work without amendment.

An advantage of kernel methods is that their distributional theory is easier to derive. The
theory is all based on local averages which is relatively straightforward. In contrast, series theory is
more challenging, dealing with increasing parameter spaces. An important difference in the theory
is that for kernel estimators we have explicit representations for the bias while we only have rates
for series methods. This means that plug-in methods can be used for bandwidth selection in kernel
regression. However, typically we rely on cross-validation, which is equally applicable in both kernel
and series regression.

Kernel methods are also relatively easy to implement when the dimension d is large. There is
not a major change in the methodology as d increases. In contrast, series methods become quite
cumbersome as d increases as the number of cross-terms increases exponentially.

A major advantage of series methods is that it has inherently a high degree of flexibility, and
the user is able to implement shape restrictions quite easily. For example, in series estimation it
is relatively simple to implement a partial linear CEF, an additively separable CEF, monotonicity,
concavity or convexity. These restrictions are harder to implement in kernel regression.

12.16 Technical Proofs

Define zg; = zx(x;) and let Q}(/Q denote the positive definite square root of Q. As mentioned
before Theorem 12.10.1, the regression problem is unchanged if we replace zg; with a rotated
regressor such as 2z}, = Ql_(l/ 2y k- This is a convenient choice for then E(z?ﬂz}él) = Ig. For

notational convenience we will simply write the transformed regressors as zx; and set Qi = I k.
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We start with some convergence results for the sample design matrix

~ 1 1 &
i=1

Theorem 12.16.1 Under Assumption 12.7.1 and Qi = Ix, as n — oo,

| @ — 1| = 0p(1) (12.27)

and R
Amin(Qg) == 1. (12.28)

Proof. Since

2
Z (zjKizoKi — EZjKizéKz’)>

=1

)
S
L
i
I
M=
—
e
3

.

then

R 9 K K 1 n
EHQK—IKH =ZZvar (EZZjKizéKz)
i=1

=1 £=1

K K
= n_l Z Z var (ZjKiZKKi)
j=1/¢=1
K K
<n'BY zik ) Ziki
j=1 =1
— "B (2izxi)’ (12.29)
Since 2% zxki < (2 by definition (12.11) and using (A.1) we find
B (2zKi) = tr (Bzrizl,) = trIxg = K, (12.30)

so that
E (25iz5i)° < (WK (12.31)

and hence (12.29) is o(1) under Assumption 12.7.1.4. Theorem 5.11.1 shows that this implies
(12.27).

Let A1, Ao, ..., A be the eigenvalues of @K — I i which are real as @K — I'i is symmetric. Then

1/2
A Qi) = 1| = [Amin( Qi = I0)| < (ZAZ) = || @ — Ix|

where the second equality is (A.8). This is 0,(1) by (12.27), establishing (12.28). [

Proof of Theorem 12.10.1. As above, assume that the regressors have been transformed so that

From expression (12.10) we can substitute to find

Br — Bk =

) ! ,KeK'

(2’
— Qx < K6K> (12.32)
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Using (12.32) and the Quadratic Inequality (A.14),
(Bx — Bx) (Bx - Bx)
n=? (eKZK) QK QKl ( ,KGK)
< (Amax (QK )) n"2 (e Z i Zher). (12.33)

Observe that (12.28) implies

~—1 ~ -1
Amax (QK ) = (Amax (QK)) = Op(l) (1234)
Since eg; = €; + Tk, and using Assumption 12.7.1.2 and (12.16), then

sup & (e%dmz) =52+ sup %, <+ 0 ((%(K*QO‘) . (12.35)

As eg; are projection errors, they satisfy E (zgiex;) = 0. Since the observations are indepen-
dent, using (12.30) and (12.35), then

n n

-2 / ! —2 2 : / } :

n E(EKZKZKQK):R E CKiRK; ZKjCKj
i=1 ij=1

n
=1

<n'E (z'KZ-zKi) supE (e%d:z:l)
2 7-1-2a
< 25 o (—CKK >
n
K
= EQZ +o(K) (12.36)
since (%4 K/n = o(1) by Assumption 12.7.1.4. Theorem 5.11.1 shows that this implies
n e ZiZiex =0y (n?) +op (K2%). (12.37)
Together, (12.33), (12.34) and (12.37) imply (12.18). [

Proof of Theorem 12.12.1. As above, assume that the regressors have been transformed so that
Using m(x) = zx (x)'Bx + rx(z) and linearity
0 =a(m)
=a(zr(®)Bk) +a(rk)

= axPBx +a(rk)

Combined with (12.32) we find

Ok —0+a(rg) = ay (BK—ﬁK>

1 ~—1
!/ !/
= EG’KQK K€K
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and thus

1
1 ~—1

+Wa’K (QK —IK) Z e (12.39)
L o (00 —14) 7 12.40

+ —anaK Qx K KTK- (12.40)

where we have used ex = e + rx. We now take the terms in (12.38)-(12.40) separately.
First, take (12.38). We can write

1 R
— a7’ = — ! R 12.41
— ayZ%ex \/W;al(zme[ﬁ ( )

Observe that @,z e; are independent across ¢, mean zero, and have variance
/ 2 / )
E (aKzKieKi) = ailE (zKizKieK@') arg = VK.

We will apply the Lindeberg CLT 5.7.2, for which it is sufficient to verify Lyapunov’s condition
(5.6):

4 1 4
n%K ZE (dxzrieri) = @E ((a’KzKi) e}lﬁ> — 0. (12.42)

The assumption that (x K~ = O(1) means (g K~ < k; for some k1 < oco. Then by the ¢,
inequality and E (eﬂmi) <k

supE (e}lﬁ-|mi) < 8sup (E (eﬂmi) + r}lﬁ) <8(k+ K1) . (12.43)
(2 K3
Using (12.43), the Schwarz Inequality, and (12.31)

E ((a'KZKi)4 e%g) =L <(G,KZKz')4E (é(z""’))
<8(k+ K1) (aKZKz)
< 8(k+ A1 (a% ) (Z}aZKi)Q
Since E (e%;|z;) = E (e?|z;) + r%,; > o2,
vg = axE (ZKiZﬂm@lzKi) aK
> o?ady B (ZKiZ/m) ax
= c’dyag. (12.45)

Equation (12.44) and (12.45) combine to show that

8 (k + K1) CIQ(K
a4 n

—E ((a’](zKi)4e}1<i> < =o(1)

an
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under Assumption 12.7.1.4. This establishes Lyapunov’s condition (12.42). Hence the Lindeberg
CLT applies to (12.41) and we conclude

1
——ay Zex - N(0,1). (12.46)
nvk

Second, take (12.39). Since E (e | X) = 0, then applying E (e?|@;) < 52, the Schwarz and Norm
Inequalities, (12.45), (12.34) and (12.27),

E ((ﬁ—K“K (Qx - 1x) ’Ke>2 | X)

1 ~—1 ~—1
:Ea}( <QK _1K> WE(e€ | X) Z g <QK —1K> ax

5—2 / ~—1 ~ ~—1
< EGK (QK _IK> Qx <QK - IK) 277¢

5.2

= GG/K (@K _IK> @1_(1 <@K - IK) aK
2
o, (@)@ n

IN

_QOp(l)'

IA
Q| Q

This establishes 1

/MUK

Third, take (12.40). By the Cauchy-Schwarz inequality, (12.45), and the Quadratic Inequality,

al (E)f}l - 1K> Zle 2 0. (12.47)

1 ~—1 2
(e (@' - 1) Zer)
!
< aKaK""KZK (QKl - IK) <QK1 - IK) Z/K'PK
nvk
1 ~—1 21, ,
< = M (QK - 1K> ~rhZx L. (12.48)

Observe that since the observations are independent and Ezg;rx; = 0, z’Kiz Ki < (%(, and (12.17)

1 1 n n
/ / v . .
E<ETKZKZK7'K> =FE - E TKiZK; g ZKTK)
i=1 ij=1

1 n

' 2

=E EE RKiRKiTK;
i=1

< (B (rk;)
= O (CRE™™)
—0(1)

1
since (k K~2 = O(1). Thus — 74 Z x Z'crkx = O,(1). This means that (12.48) is 0,(1) since (12.28)
n

implies

Amax (@[_(1 - IK) = Amax (@[_(1) —-1= Op(l). (1249)
Equivalently,
1 ~—1
WGIK (QK - IK> Z'rk 0. (12.50)
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Equations (12.46), (12.47) and (12.50) applied to (12.38)-(12.40) show that

T (b5 +a(ri0) - N0

completing the proof. |

Proof of Theorem 12.13.1. The assumption that nK 2% = o(1) implies K% = o (nfl/z). Thus

(kK“<o ((%)1/2> <o ((C}f{')m) =o(1)

so the conditions of Theorem 12.12.1 are satisfied. It is thus sufficient to show that

\/ga (ri) = o(1).

ri () =rk(z) + 2x(2) 7k

From (12.12)

1 "
Thus by linearity, applying (12.45), and the Schwarz inequality

\/ga (ri) = \/g (a(rk) + axvi)

nl/2

< (a/KaK)l/2a(rK) (12.51)
/ 1/2
+ % (12.52)

By assumption, n'/2a (r%;) = O (nI/ZK*a) = o(1). By (12.14) and nK 2% = o(1)

nygvK = Nk (r}k{iz/Ki) E (ZKiZ/Kz‘)il E(zkirk;)
< n0O (K_%‘)
=o(1).

Together, both (12.51) and (12.52) are o(1), as required. |



Chapter 13

Generalized Method of Moments

13.1 Overidentified Linear Model

Consider the linear model

i =xiB+e
=z1,8, + x5,8; + e
E ((1%61) =0

where xq; is k X 1 and @9; is r x 1 with £ = k + r. We know that without further restrictions, an
asymptotically efficient estimator of 3 is the OLS estimator. Now suppose that we are given the
information that 35 = 0. Now we can write the model as

yi = ;8 + e
E (:c,el) =0.

In this case, how should 3; be estimated? One method is OLS regression of y; on x; alone. This
method, however, is not necessarily efficient, as there are ¢ restrictions in E (x;e;) = 0, while 3, is
of dimension k < £. This situation is called overidentified. There are { — k = r more moment
restrictions than free parameters. We call r the number of overidentifying restrictions.

This is a special case of a more general class of moment condition models. Let g(y, z, z, 3) be
an £ x 1 function of a k£ x 1 parameter 3 with ¢ > & such that

Eg(yi, ®i, zi, By) = 0 (13.1)

where 3 is the true value of 8. In our previous example, g(y, z,3) = z-(y— ) 3;). In econometrics,
this class of models are called moment condition models. In the statistics literature, these are
known as estimating equations.

As an important special case we will devote special attention to linear moment condition models,
which can be written as

yi =B+ e
E (ziei) =0.

where the dimensions of x; and z; are £k x 1 and ¢ x 1 , with ¢ > k. If kK = £ the model is just
identified, otherwise it is overidentified. The variables x; may be components and functions of
zi, but this is not required. This model falls in the class (13.1) by setting

g(y,m,z,ﬁo) = Z'(y_ mlﬁ) (132)

278
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13.2 GMM Estimator

Define the sample analog of (13.2)

n

5.8) =~ > 0.8) =~ >z (v~ 2lB) = = (2'y~ 2'Xp). (13.3)
=1

=1

The method of moments estimator for 3 is defined as the parameter value which sets g,,(3) = 0.
This is generally not possible when ¢ > k, as there are more equations than free parameters. The
idea of the generalized method of moments (GMM) is to define an estimator which sets g, (3)
“close” to zero.

For some ¢ x £ weight matrix W,, > 0, let

This is a non-negative measure of the “length” of the vector g,,(3). For example, if W, = I, then,
Jn(B) =n-3,8)9,(8) =n-7,(8)|*, the square of the Euclidean length. The GMM estimator

minimizes J,, (83).

Definition 13.2.1 By, = argmin J, (3).
B

o~

Note that if k& = ¢, then g,(3) = 0, and the GMM estimator is the method of moments
estimator. The first order conditions for the GMM estimator are

0 ~ ~

— 9 (%X’Z) W, (%z’ (y — XB))

2(X'Z)W, (Z'X)B=2(X'Z)W, (Z'y)

SO

which establishes the following.

Proposition 13.2.1

Bouw = (X'Z2) W, (X)) (X'Z) W, (Z'y).

While the estimator depends on Wy, the dependence is only up to scale, for if W, is replaced
by ¢W,, for some ¢ > 0, By does not change.
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13.3 Distribution of GMM Estimator

Assume that W,, -2 W > 0. Let
Q=E (zlas;)
and
Q =E(zizje}) =E(g,9}) ,
where g; = z;e;. Then
<1X’Z> W, <lz’X> L, QqwWQ
n n

and

<%X'z> W, (%zk) L, QWN(0,9).

We conclude:

Theorem 13.3.1 Asymptotic Distribution of GMM FEstimator
> d
Vi (B-8) =N, V),

where

Vs=(QWQ) " (QWaWQ) (QWQ) .

In general, GMM estimators are asymptotically normal with “sandwich form” asymptotic vari-
ances.

The optimal weight matrix Wy is one which minimizes Vg. This turns out to be Wy = QL
The proof is left as an exercise. This yields the efficient GMM estimator:

B=(X'zQ'Z'X) ' X'207'Z'y.

Thus we have

Theorem 13.3.2 Asymptotic Distribution of Efficient GMM Es-

timator
Vi (B-8) - (o (@aQ) ).

Wy = Q! is not known in practice, but it can be estimated consistently. For any W/, LN W,
we still call B the efficient GMM estimator, as it has the same asymptotic distribution.

By “efficient”, we mean that this estimator has the smallest asymptotic variance in the class
of GMM estimators with this set of moment conditions. This is a weak concept of optimality, as
we are only considering alternative weight matrices W,,. However, it turns out that the GMM
estimator is semiparametrically efficient, as shown by Gary Chamberlain (1987).

If it is known that E(g;(8)) = 0, and this is all that is known, this is a semi-parametric
problem, as the distribution of the data is unknown. Chamberlain showed that in this context,
no semiparametric estimator (one which is consistent globally for the class of models considered)
can have a smaller asymptotic variance than (G’ Q_IG)f1 where G = Eai,a’ g;(B). Since the GMM
estimator has this asymptotic variance, it is semiparametrically efficient.

This result shows that in the linear model, no estimator has greater asymptotic efficiency than
the efficient linear GMM estimator. No estimator can do better (in this first-order asymptotic
sense), without imposing additional assumptions.
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13.4 Estimation of the Efficient Weight Matrix

Given any weight matrix W,, > 0, the GMM estimator ,@ is consistent yet inefficient. For
example, we can set W, = I,. In the linear model, a better choice is W,, = (Z'Z )_1. Given
any such first-step estimator, we can define the residuals é; = y; — ;3 and moment equations
§; = zié; = g(yi, Ti, zi, B). Construct

Gy = Gl Zgz,

*

gi = gz - gna
and define

—1
I~ .
( Zgz /) Z(Ezgigé—gng%> : (13.4)
=1

Then W,, 25 Q1 = Wy, and GMM using W, as the weight matrix is asymptotically efficient.
A common alternative choice is to set
( §:a¢)

which uses the uncentered moment conditions. Since Eg, = 0, these two estimators are asymptot-
ically equivalent under the hypothesis of correct specification. However, Alastair Hall (2000) has
shown that the uncentered estimator is a poor choice. When constructing hypothesis tests, under
the alternative hypothesis the moment conditions are violated, i.e. Eg; # 0, so the uncentered
estimator will contain an undesirable bias term and the power of the test will be adversely affected.
A simple solution is to use the centered moment conditions to construct the weight matrix, as in
(13.4) above.

Here is a sunple way to compute the efficient GMM estimator for the linear model. First, set
W, = (Z'Z)7!, estimate 6 using this weight matrix, and construct the residual é; = y; — :c’ 6‘
Then set §;, = z;é;, and let g be the associated n x £ matrix. Then the efficient GMM estimator is

~ -1
B=(X'z(35-n9.3,) ' 2'X) X'Z(33-n5,9,) " 2'y.

In most cases, when we say “GMM”, we actually mean “efficient GMM”. There is little point in
using an inefficient GMM estimator when the efficient estimator is easy to compute.
An estimator of the asymptotic variance of 3 can be seen from the above formula. Set

V=n (X’z (&9 - ng,9,) " Z’X)i

1 ~
Asymptotic standard errors are given by the square roots of the diagonal elements of — V.

n
There is an important alternative to the two-step GMM estimator just described. Instead, we
can let the weight matrix be considered as a function of 3. The criterion function is then

J(B8) =n-9.(8) (% > gf(ﬂ)gf(ﬂ)’) 9.(8)-

where
9: (B) = 9:(8) — 9.(B)
The B which minimizes this function is called the continuously-updated GMM estimator, and
was introduced by L. Hansen, Heaton and Yaron (1996).
The estimator appears to have some better properties than traditional GMM, but can be nu-
merically tricky to obtain in some cases. This is a current area of research in econometrics.
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13.5 GMM: The General Case

In its most general form, GMM applies whenever an economic or statistical model implies the
¢ x 1 moment condition

E(g:(8)) = 0.

Often, this is all that is known. Identification requires | > k = dim(3). The GMM estimator
minimizes

where .
1
9.(8)=~> a0
i=1
and

—1
1., _ _
Wn=<gzgig£—gng;> ,
=1

with g, = g, (B) constructed using a preliminary consistent estimator B, perhaps obtained by first
setting W), = I. Since the GMM estimator depends upon the first-stage estimator, often the weight
matrix W, is updated, and then 3 recomputed. This estimator can be iterated if needed.

Theorem 13.5.1 Distribution of Nonlinear GMM Estimator
Under general reqularity conditions,

Vi (B-8) LN (o (@6,

where

Q=K (gig;)
and

- 8,6/ gz .

The variance of B may be estimated by
~ ~l A —1 A —1
Ve= (G076

where

Q=n"'> 597
T

and

~

=Y 55 0B)

The general theory of GMM estimation and testing was exposited by L. Hansen (1982).

13.6 Over-Identification Test

Overidentified models (¢ > k) are special in the sense that there may not be a parameter value
3 such that the moment condition
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Eg(yw Z;, Zi?ﬁ) =0

holds. Thus the model — the overidentifying restrictions — are testable.

For example, take the linear model y; = B3| €1; +B5x2; +e; with E (z1;¢;) = 0 and E (za;¢;) = 0.
It is possible that B, = 0, so that the linear equation may be written as y; = 3} x1; + e;. However,
it is possible that B9 # 0, and in this case it would be impossible to find a value of 3; so that
both B (z1; (y; — 1;,81)) = 0 and E (x9; (y; — 2};81)) = 0 hold simultaneously. In this sense an
exclusion restriction can be seen as an overidentifying restriction.

Note that g, 2, Eg;, and thus g, can be used to assess whether or not the hypothesis that
Eg,; = 0 is true or not. The criterion function at the parameter estimates is

Jn =n g%ann

= 1°g,, (89— 19.9,) " T

is a quadratic form in g,,, and is thus a natural test statistic for Hy : Eg; = O.

Theorem 13.6.1 (Sargan-Hansen). Under the hypothesis of correct spec-
ification, and if the weight matriz is asymptotically efficient,

- d
I = Jn(IB) - X%—k-

The proof of the theorem is left as an exercise. This result was established by Sargan (1958)
for a specialized case, and by L. Hansen (1982) for the general case.

The degrees of freedom of the asymptotic distribution are the number of overidentifying restric-
tions. If the statistic J exceeds the chi-square critical value, we can reject the model. Based on
this information alone, it is unclear what is wrong, but it is typically cause for concern. The GMM
overidentification test is a very useful by-product of the GMM methodology, and it is advisable to
report the statistic J whenever GMM is the estimation method.

When over-identified models are estimated by GMM, it is customary to report the J statistic
as a general test of model adequacy.

13.7 Hypothesis Testing: The Distance Statistic

We described before how to construct estimates of the asymptotic covariance matrix of the
GMM estimates. These may be used to construct Wald tests of statistical hypotheses.

If the hypothesis is non-linear, a better approach is to directly use the GMM criterion function.
This is sometimes called the GMM Distance statistic, and sometimes called a LR-like statistic (the
LR is for likelihood-ratio). The idea was first put forward by Newey and West (1987).

For a given weight matrix W,,, the GMM criterion function is

For h : R¥ — R", the hypothesis is

The estimates under H; are

B = argmin Jn(B)
B
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and those under Hy are B
B = argmin J(3).
h(B)=0

~ ~

The two minimizing criterion functions are J,(8) and J,(3). The GMM distance statistic is the
difference

Dy, = Ju(B) — Ju(B).

Proposition 13.7.1 If the same weight matrix W, is used for both null
and alternative,

1. D>0
2. D% 2

3. If h is linear in B, then D equals the Wald statistic.

If h is non-linear, the Wald statistic can work quite poorly. In contrast, current evidence
suggests that the D,, statistic appears to have quite good sampling properties, and is the preferred
test statistic.

Newey and West (1987) suggested to use the same weight matrix W, for both null and alter-
native, as this ensures that D,, > 0. This reasoning is not compelling, however, and some current
research suggests that this restriction is not necessary for good performance of the test.

This test shares the useful feature of LR tests in that it is a natural by-product of the compu-
tation of alternative models.

13.8 Conditional Moment Restrictions

In many contexts, the model implies more than an unconditional moment restriction of the form
Eg;(B8) = 0. It implies a conditional moment restriction of the form

E(ei(B)]2)=0

where e;(3) is some s x 1 function of the observation and the parameters. In many cases, s = 1.
The variable z; is often called an instrument.

It turns out that this conditional moment restriction is much more powerful, and restrictive,
than the unconditional moment restriction discussed above.

As discussed later in Chapter 15, the linear model y; = 3 + e; with instruments z; falls into
this class under the assumption E (e; | z;) = 0. In this case, e;(8) = y; — ;3.

It is also helpful to realize that conventional regression models also fall into this class, except
that in this case &; = z;. For example, in linear regression, e;(3) = y; — «;3, while in a nonlinear
regression model e;(3) = y; — g(x;, B). In a joint model of the conditional mean and variance

yi — i3
e (B,7) =
(yi — 2iB)* — f(z:)' v

Here s = 2.
Given a conditional moment restriction, an unconditional moment restriction can always be
constructed. That is for any ¢ x 1 function ¢ (z;,3), we can set g;(8) = ¢ (x;, 3) ei(3) which
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satisfies Eg;(8) = 0 and hence defines a GMM estimator. The obvious problem is that the class of
functions ¢ is infinite. Which should be selected?

This is equivalent to the problem of selection of the best instruments. If z; € R is a valid
instrument satisfying E (e; | ;) = 0, then x;, 22, 23, ..., etc., are all valid instruments. Which
should be used?

One solution is to construct an infinite list of potent instruments, and then use the first &
instruments. How is k to be determined? This is an area of theory still under development. A
recent study of this problem is Donald and Newey (2001).

Another approach is to construct the optimal instrument. The form was uncovered by Cham-
berlain (1987). Take the case s = 1. Let

0
Ri =E (@61(,6) ’ Zi>
and
o7 =E (ei(B)? ] 2i) -
Then the “optimal instrument” is
A, =—-0’R,;

)

so the optimal moment is
9:(B) = Aiei(B).

Setting g, (B) to be this choice (which is k x 1, so is just-identified) yields the best GMM estimator
possible.

In practice, A; is unknown, but its form does help us think about construction of optimal
instruments.

In the linear model e;(8) = y; — 3, note that

Ri =-E (.’Bl | Zi)

and

SO
A; = O‘i_2E($7; ’ Zi) .

In the case of linear regression, ¢; = z;, so A; = o, 2 2;. Hence efficient GMM is GLS, as we
discussed earlier in the course.

In the case of endogenous variables, note that the efficient instrument A; involves the estimation
of the conditional mean of x; given z;. In other words, to get the best instrument for x;, we need the
best conditional mean model for x; given z;, not just an arbitrary linear projection. The efficient
instrument is also inversely proportional to the conditional variance of e;. This is the same as the
GLS estimator; namely that improved efficiency can be obtained if the observations are weighted
inversely to the conditional variance of the errors.

13.9 Bootstrap GMM Inference

Let ,CA‘S’ be the 2SLS or GMM estimator of 3. Using the EDF of (y;, z;, ;), we can apply the
bootstrap methods discussed in Chapter 10 to compute estimates of the bias and variance of B,
and construct confidence intervals for 3, identically as in the regression model. However, caution
should be applied when interpreting such results.

A straightforward application of the nonparametric bootstrap works in the sense of consistently
achieving the first-order asymptotic distribution. This has been shown by Hahn (1996). However,
it fails to achieve an asymptotic refinement when the model is over-identified, jeopardizing the
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theoretical justification for percentile-t methods. Furthermore, the bootstrap applied J test will
yield the wrong answer.

The problem is that in the sample, B is the “true” value and yet ﬁn(fi‘) # 0. Thus according to
random variables (yf, 27, ) drawn from the EDF F,,

E(g:(B)) = .(8) #o.

This means that (v, 2z}, x}) do not satisfy the same moment conditions as the population distrib-
ution.

A correction suggested by Hall and Horowitz (1996) can solve the problem. Given the bootstrap
sample (y*, Z*, X*), define the bootstrap GMM criterion

AN/ A
J2(B) =n- (3:(8) - 9.(8)) Wi (5:(8) —5.(8))
where §n(B) is from the in-sample data, not from the bootstrap data.
Let B* minimize J¥(8), and define all statistics and tests accordingly. In the linear model, this
implies that the bootstrap estimator is

where e =y — X B are the in-sample residuals. The bootstrap J statistic is J% (B*)
Brown and Newey (2002) have an alternative solution. They note that we can sample from
the observations with the empirical likelihood probabilities p; described in Chapter 14. Since

~

> o1 Dig; <ﬁ) = 0, this sampling scheme preserves the moment conditions of the model, so no

recentering or adjustments is needed. Brown and Newey argue that this bootstrap procedure will
be more efficient than the Hall-Horowitz GMM bootstrap.
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Exercises

Exercise 13.1 Take the model

yi = ;8 + e
E (:czez) =0

e = 2iy + 1
E (zn;) = 0.

Find the method of moments estimators (B,’y) for (B,7).

Exercise 13.2 Take the single equation

y=XB+e
E(e|Z)=0

Assume E (¢? | z;) = 0. Show that if B is estimated by GMM with weight matrix W,, = (2'Z)"",
then
> d _ -1
vi(B-8) 4N (0.0 (@MT'Q) ")
where Q = E (z;z}) and M =E(z;2}).

Exercise 13.3 Take the model y; = /8 + ¢; with E (z;e;) = 0. Let é; = y; — (IZ;B where B is
consistent for 3 (e.g. a GMM estimator with arbitrary weight matrix). Define the estimate of the

optimal GMM weight matrix
-1
1 < o
WTL = (52;Zzzgel> .
1=

Show that W,, 2> Q! where Q = E (ziz;e?) )

Exercise 13.4 In the linear model estimated by GMM with general weight matrix W, the asymp-
totic variance of B 1S

V= (QWQ) ' QqwawQ(QwQq) "

(a) Let V be this matrix when W = Q1. Show that V = (Q’Q—lc:,))‘1 .

(b) We want to show that for any W, V — V| is positive semi-definite (for then Vj is the smaller
possible covariance matrix and W = Q7! is the efficient weight matrix). To do this, start by
finding matrices A and B such that V = A’QA and V, = B'QB.

(c) Show that B'QQA = B’QB and therefore that B'Q (A — B) = 0.

(d) Use the expressions V = A'QA, A = B + (A— B), and B'Q2(A — B) = 0 to show that
V > V,.

Exercise 13.5 The equation of interest is

yi = m(zi, B) + e
E (ziez-) =0.

The observed data is (y;, 24, ;). z;is {x 1 and B is k x 1, £ > k. Show how to construct an efficient
GMM estimator for 3.
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Exercise 13.6 In the linear model y = X3 + e with E(x;e;) = 0, a Generalized Method of
Moments (GMM) criterion function for 8 is defined as

Ly xp) X0 X' (y - X) (13.5)

n

where 2 = %Z?:l x;x)e2, é; = y; — 43 are the OLS residuals, and 8= (X’X)_1 X'y is LS. The
GMM estimator of 3, subject to the restriction h(3) = 0, is defined as

B3 = argmin Jn(B).

Jn(B)

h(B)=0
The GMM test statistic (the distance statistic) of the hypothesis h(8) = 0 is
D= J,(8) = min J,(B). 13.6
(B) = min_ () (13.6)

(a) Show that you can rewrite J,(3) in (13.5) as
~\ ~ 1 ~
Jn(B)=n(8-B) V' (8-8)
thus ,B is the same as the minimum distance estimator.
(b) Show that in this setting, the distance statistic D in (13.6) equals the Wald statistic.

Exercise 13.7 Take the linear model

yi=ziB+e
E (ziei) =0.

and consider the GMM estimator B of 3. Let
_ ava-le s

denote the test of overidentifying restrictions. Show that J,, N X%—k as n — oo by demonstrating
each of the following:

(a) Since > 0, we can write Q7! = CC’ and 2 = C'~!C!
N/ A N1 -

(b) Ju=n(C'5,(8)) (C'2C)  CF,(B)

(¢) C'.(B) = DnC'5, (By) where

1
D,=1,-C <lz’X> <<1X’z> Q' (lz’X» (lX’Z> Q 'c!
n n n n

1
gn(IBO) - Ezle‘

(d) D, 2 I,— R(R'R)"" R where R = C'E (z;z))
(e) n'/2C'g,(By) <= u~ N (0,1y)

(1) Jn ' (I~ R(RR) ' R') u

(8) w (I~ R(R'R) R ) u~ iy

Hint: I, — R(R'R)"' R’ is a projection matrix.



Chapter 14

Empirical Likelihood

14.1 Non-Parametric Likelihood

An alternative to GMM is empirical likelihood. The idea is due to Art Owen (1988, 2001) and
has been extended to moment condition models by Qin and Lawless (1994). It is a non-parametric
analog of likelihood estimation.

The idea is to construct a multinomial distribution F(pi, ..., p,) which places probability p;
at each observation. To be a valid multinomial distribution, these probabilities must satisfy the
requirements that p; > 0 and

> pi=1 (14.1)
=1

Since each observation is observed once in the sample, the log-likelihood function for this multino-
mial distribution is

=1

First let us consider a just-identified model. In this case the moment condition places no
additional restrictions on the multinomial distribution. The maximum likelihood estimators of
the probabilities (p1, ...,pn) are those which maximize the log-likelihood subject to the constraint
(14.1). This is equivalent to maximizing

Zlog(pi) T H (Zm —~ 1)

where p is a Lagrange multiplier. The n first order conditions are 0 = p{l — . Combined with the
constraint (14.1) we find that the MLE is p; = n~! yielding the log-likelihood —nlog(n).
Now consider the case of an overidentified model with moment condition

Egi(ﬁﬂ) =0

where g is £ x 1 and 3 is k x 1 and for simplicity we write g;(3) = g(vi, zi, i, 3). The multinomial
distribution which places probability p; at each observation (y;, x;, z;) will satisfy this condition if
and only if

> pigi(B) =0 (14.3)
=1

The empirical likelihood estimator is the value of 8 which maximizes the multinomial log-
likelihood (14.2) subject to the restrictions (14.1) and (14.3).

289
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The Lagrangian for this maximization problem is

i=1 =1 =1

where A and p are Lagrange multipliers. The first-order-conditions of £ with respect to p;, i, and
A are

Multiplying the first equation by p;, summing over i, and using the second and third equations, we
find g =n and

1
P 0+ Ny, 8)

Substituting into £ we find
R(B,X) = —nlog(n) — > log (1+ XNg;(8)). (14.4)
i=1

For given 3, the Lagrange multiplier A(3) minimizes R (38, A) :

A(B) = arg)r\nin R(B, ). (14.5)

This minimization problem is the dual of the constrained maximization problem. The solution
(when it exists) is well defined since R(3,A) is a convex function of A. The solution cannot be
obtained explicitly, but must be obtained numerically (see section 6.5). This yields the (profile)
empirical log-likelihood function for 3.

R(B) = R(B,A(B))
= —nlog(n) — Zlog (1+X(B)9:(B))
i=1

The EL estimate ,3 is the value which maximizes R(3), or equivalently minimizes its negative

~

8= argénin [—R(3)] (14.6)

Numerical methods are required for calculation of 3 (see Section 14.5).
As a by-product of estimation, we also obtain the Lagrange multiplier A = A(3), probabilities

o 1 |
"R )

and maximized empirical likelihood

R(B) = log (1) (14.7)
=1
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14.2 Asymptotic Distribution of EL Estimator

Let B, denote the true value of 3 and define
0

G; (B) = 237 (8) (14.8)
G =EG; ()
Q =E(g; (Bo) 9; (Bo)")
and
V= (ge'e)™ (14.9)
Va=0-G(@e'6) ' ¢ (14.10)

For example, in the linear model, G; (8) = —z;@;, G = —E (z;z}), and Q = E (2;2}¢?) .

Theorem 14.2.1 Under regqularity conditions,
A d
Vi (8- 8,) <5 N (0, Vp)
VA -5 Q7IN(0, Vy)

where V and V' are defined in (14.9) and (14.10), and \/n (,@ - ,60> and
\/7_15\ are asymptotically independent.

The theorem shows that the asymptotic variance Vg for B is the same as for efficient GMM.
Thus the EL estimator is asymptotically efficient.

Chamberlain (1987) showed that Vg is the semiparametric efficiency bound for 8 in the overi-
dentified moment condition model. This means that no consistent estimator for this class of models
can have a lower asymptotic variance than Vg. Since the EL estimator achieves this bound, it is
an asymptotically efficient estimator for 3.

Proof of Theorem 14.2.1. (B, 5\) jointly solve

: " 9 (f)

0=—R(B,A) =— — — (14.11)
AN N ()

N/

5 G (B) A

0=-—R(B,A) =— AN (14.12)
% 2Ky ()

Let G, = %Z?:l Gi (Bo), G, = % Z?:l 9; (Bp) and Q,, = %Z?:l 9; (Bo) 9; (/30),-
Expanding (14.12) around 3 = B, and A = Ag = 0 yields
0~ G, (5\ . )\0> . (14.13)

Expanding (14.11) around 3 = By and A = Ag = 0 yields

0~-g,— G, (B - 50> + A (14.14)
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Premultiplying by G/, Q! and using (14.13) yields
0~ -G,0,'9, ~ G,2%," G (8- Bo) + G, QA
= -G,9.'7, - G,9,'G, (BB,
Solving for 8 and using the WLLN and CLT yields
Vi (8- By) = - (G, G,) ™ G, Vg, (14.15)
L (@ 'e) "GN (0,Q)
=N (0, Vp)

Solving (14.14) for A and using (14.15) yields
Vi ~ Q7 (I -G, (G0'G,) Ggﬂgl) NG (14.16)
o7 (I-6(@e76) et )N(0.Q)
= Q7 IN(0, Vy)

Furthermore, since
¢(1-o'c(@e'e) " @) -0

Vn <B — B()) and \/ES\ are asymptotically uncorrelated and hence independent.

14.3 Overidentifying Restrictions

In a parametric likelihood context, tests are based on the difference in the log likelihood func-
tions. The same statistic can be constructed for empirical likelihood. Twice the difference between
the unrestricted empirical log-likelihood —n log (n) and the maximized empirical log-likelihood for
the model (14.7) is

LR, = inog (1 +Ng, (ﬁ)) . (14.17)
=1

Theorem 14.3.1 If Eg,(8,) = 0 then LR, <, X2 .

The EL overidentification test is similar to the GMM overidentification test. They are asymp-
totically first-order equivalent, and have the same interpretation. The overidentification test is a
very useful by-product of EL estimation, and it is advisable to report the statistic LR, whenever
EL is the estimation method.

Proof of Theorem 14.3.1. First, by a Taylor expansion, (14.15), and (14.16),

20 (8) = va(s,+ G (5- )
~(1-6Gu (@ G) " Gat) vig,
~ Qn\/ﬁjx
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Second, since log(1 + u) ~ u — u?/2 for u small,
_ - o (A
LR, = ;2105; (1 + Ny, (5))
=28y 4, (8) - XY 0 (8) g (B) A
i=1 i=1

~ nj\/ﬂnj\

~5 N (0, Va) Q7IN(0, V)
2

= Xo—k

where the proof of the final equality is left as an exercise.

14.4 Testing

Let the maintained model be
Eg,(8) = 0 (14.18)

where g is £ x 1 and 3 is k x 1. By “maintained” we mean that the overidentfying restrictions
contained in (14.18) are assumed to hold and are not being challenged (at least for the test discussed
in this section). The hypothesis of interest is

h(8) = 0.

where h : R¥ — R, The restricted EL estimator and likelihood are the values which solve

B = argmax R(3)
h(B)=0

R(B) = X R(B).

Fundamentally, the restricted EL estimator Bis simply an EL estimator with {—k-+a overldentlfymg
restrictions, so there is no fundamental change in the distribution theory for ﬂ relative to B To test
the hypothesis h(83) while maintaining (14.18), the simple overidentifying restrictions test (14.17)
is not appropriate. Instead we use the difference in log-likelihoods:

LR, =2 (R(B) - R(3)).

This test statistic is a natural analog of the GMM distance statistic.

Theorem 14.4.1 Under (14.18) and Hy : h(8) = 0, LR, —= x2.

The proof of this result is more challenging and is omitted.
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14.5 Numerical Computation
Gauss code which implements the methods discussed below can be found at

http://www.ssc.wisc.edu/“bhansen/progs/elike.prc

Derivatives
The numerical calculations depend on derivatives of the dual likelihood function (14.4). Define
9 (B A) = —F—"—==
' (1+Xg,;(B)
G; (B)' A
G (B = ———=
BN =T )

The first derivatives of (14.4) are

0
Ry =51 R(B.) = Zgz (8.2)

0
Rp = 55R(B.0) = —ZG;" (B.A
=1

The second derivatives are

32

R)\)\ 8)\8/\/ Zgz ﬁv gz ﬁa )
82 = * * !/ Gl (16)

Ryg = E3Yed R(B,A) = ; (97; (B,X) G (B,A) — HA’—M)
82 " . . i (9:(B) A)

Inner Loop
The so-called “inner loop” solves (14.5) for given 8. The modified Newton method takes a
quadratic approximation to R, (3, A) yielding the iteration rule

Aj+1 =X = 5 (Rax (B, A) T  Ra (B, \)) - (14.19)

where 0 > 0 is a scalar steplength (to be discussed next). The starting value A; can be set to the
zero vector. The iteration (14.19) is continued until the gradient Ry (3, A;) is smaller than some
prespecified tolerance.

Efficient convergence requires a good choice of steplength §. One method uses the following

quadratic approximation. Set dg = 0, 61 = % and 6 = 1. For p=10,1,2, set

Ap =X — 8 (Rax (B.2) ' Ra (8. X))
Ry, = R(B, )‘p)

A quadratic function can be fit exactly through these three points. The value of § which minimizes

this quadratic is
Ry + 3Ry — 4Ry

4Ry + 4Ry — 8RRy’
yielding the steplength to be plugged into (14.19).

5:
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A complication is that A must be constrained so that 0 < p; < 1 which holds if
n(l+Xg;(8)>1 (14.20)

for all 4. If (14.20) fails, the stepsize d needs to be decreased.
Outer Loop
The outer loop is the minimization (14.6). This can be done by the modified Newton method

described in the previous section. The gradient for (14.6) is

0 0
since Ry (B,A) =0 at A = X(8), where

0

(B) = —Ry,Rag,

the second equality following from the implicit function theorem applied to Ry (3, A(3)) = 0.
The Hessian for (14.6) is

0
Rgg=———R
6 = " 3305 (B)
0

=7 [Rg (B, A(8)) + A5Ra (B, A(8))]

=~ (Rpg (B.A(8)) + RigXs + AgRag + AgRaxAs)

= RjsR3Rag — Rgp.
It is not guaranteed that Rgg > 0. If not, the eigenvalues of Rgg should be adjusted so that all
are positive. The Newton iteration rule is

ﬁjJrl = Bj - 5R51§Rﬂ

where 0 is a scalar stepsize, and the rule is iterated until convergence.



Chapter 15

Endogeneity

We say that there is endogeneity in the linear model y = 3 + ¢; if B is the parameter of
interest and E(x;e;) # 0. This cannot happen if 3 is defined by linear projection, so requires a
structural interpretation. The coefficient 3 must have meaning separately from the definition of a
conditional mean or linear projection.

Example: Measurement error in the regressor. Suppose that (y;, ) are joint random
variables, B(y; | ) = «}’8 is linear, 8 is the parameter of interest, and x is not observed. Instead
we observe z; = @] + u; where u; is an k£ x 1 measurement error, independent of y; and z;. Then

yi =z B+ e
= (z; —w;)' B+e
= (B;ﬁ-i-vi

where

The problem is that
E(zv;) = E [(2] + w) (e, — uiB)] = —E (ujuj) B8 #0
if B # 0 and E (u;u}) # 0. It follows that if B is the OLS estimator, then
8L =8 - (B(xi)) "B (wul) B+ 8.

This is called measurement error bias.
Example: Supply and Demand. The variables ¢; and p; (quantity and price) are determined
jointly by the demand equation
¢ = —Bipi +e1i
and the supply equation
¢ = Bopi + €2;.

Assume that e; = < Zli ) is iid, Ee; = 0, 81 + B2 = 1 and Ee;e, = Iy (the latter for simplicity).
2

The question is, if we regress ¢; on p;, what happens?
It is helpful to solve for ¢; and p; in terms of the errors. In matrix notation,

G- ()

296
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(%‘) [1 b1 ]1<61¢>
i 1 —p €2
[ B2 1 ] ( e1i )
1 -1 €9;
_ ( Baeri + Brezi )
(e1; — e2;) ’

¢ = B'pi + €
E (pigi) =0

SO

The projection of g; on p; yields

where

E(pigi) _ P2—5

E (p7) 2

Hence if it is estimated by OLS, B £, 5%, which does not equal either 81 or §o. This is called
simultaneous equations bias.

g =

15.1 Instrumental Variables

Let the equation of interest be
where z; is k x 1, and assume that E(z;e;) # 0 so there is endogeneity. We call (15.1) the
structural equation. In matrix notation, this can be written as

y=XB+e. (15.2)

Any solution to the problem of endogeneity requires additional information which we call in-
struments.

Definition 15.1.1 The £ x 1 random vector z; is an instrumental vari-
able for (15.1) if E(zie;) = 0.

In a typical set-up, some regressors in x; will be uncorrelated with e; (for example, at least the
intercept). Thus we make the partition

T\ k1
T, = < o, ) oy (15.3)
where E(z1,e;) = 0 yet E(xge;) # 0. We call x1; exogenous and xy; endogenous. By the above
definition, z; is an instrumental variable for (15.1), so should be included in z;. So we have the

partition
zi \ ki
zi = ( 2o > 0y (15.4)

where x1; = z1; are the included exogenous variables, and z,; are the excluded exogenous
variables. That is zy; are variables which could be included in the equation for y; (in the sense
that they are uncorrelated with e;) yet can be excluded, as they would have true zero coefficients
in the equation.

The model is just-identified if ¢ = k (i.e., if ¢ = ko) and over-identified if ¢ > k (i.e., if
ly > ]{32)

We have noted that any solution to the problem of endogeneity requires instruments. This does
not mean that valid instruments actually exist.
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15.2 Reduced Form

The reduced form relationship between the variables or “regressors” x; and the instruments z;
is found by linear projection. Let

r=E (ziz;)_l E (zz})
be the ¢ x k matrix of coefficients from a projection of x; on z;, and define
u=xz,—I'z
as the projection error. Then the reduced form linear relationship between x; and z; is
x; =TIz, + u,. (15.5)
In matrix notation, we can write (15.5) as
X=ZT'+U (15.6)

where Uis n X k.

By construction,
E(z;u;) = 0,

so (15.5) is a projection and can be estimated by OLS:

~/
xz; =T z; + 1.

or L
X=72T+U
where R
= (2'z)" (2'X).
Substituting (15.6) into (15.2), we find
y=(ZIr'+U)B+e
=ZA+, (15.7)
where
A=T3 (15.8)
and
v=UB+e.

Observe that
E (Zﬂ)i) =E (Zﬂl,;) ,6 +E (ziei) =0.

Thus (15.7) is a projection equation and may be estimated by OLS. This is
y=2ZX\+ 9,
5= (z2)" (2'y)

The equation (15.7) is the reduced form for y. (15.6) and (15.7) together are the reduced form
equations for the system

y=2ZA+v
X=ZT+U.

As we showed above, OLS yields the reduced-form estimates <5\, f‘)
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15.3 Identification

The structural parameter 3 relates to (A, I') through (15.8). The parameter 3 is identified,
meaning that it can be recovered from the reduced form, if

rank (I') = k. (15.9)

Assume that (15.9) holds. If £ = k, then 3 = T"'A. If £ > k, then for any W > 0, 3 =
(I'WT) ' T WA

If (15.9) is not satisfied, then 3 cannot be recovered from (A, I') . Note that a necessary (although
not sufficient) condition for (15.9) is £ > k.

Since Z and X have the common variables X1, we can rewrite some of the expressions. Using
(15.3) and (15.4) to make the matrix partitions Z = [Z1,Z2] and X = [Z, X 2], we can partition
I as

'y T ]
T —
[ Tor T
| I T2
| 0 Ty
(15.6) can be rewritten as
X1=2
Xo=2Z1T'12+ Z2T'9 + Us. (15.10)

3 is identified if rank(T") = k, which is true if and only if rank(IT's3) = ko (by the upper-diagonal
structure of I'). Thus the key to identification of the model rests on the /3 x ko matrix I'ss in
(15.10).

15.4 Estimation
The model can be written as
Yyi = ;B + e
E(ze) =0
or

Eg, (B) =0
9; (B) = zi (y% - 33213) :

This is a moment condition model. Appropriate estimators include GMM and EL. The estimators
and distribution theory developed in those Chapter 8 and 9 directly apply. Recall that the GMM
estimator, for given weight matrix W, is

B=(X'ZW,Z'X)' X'ZW,Z'y.

15.5 Special Cases: IV and 2SLS

If the model is just-identified, so that k = ¢, then the formula for GMM simplifies. We find that
B=(X'ZW,Z'X) " X'ZW,Z'y
—(2'X)"' W, (X'Z2) X'ZW,,Z'y
—(2'X)' 2"y
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This estimator is often called the instrumental variables estimator (IV) of 3, where Z is used
as an instrument for X . Observe that the weight matrix W, has disappeared. In the just-identified
case, the weight matrix places no role. This is also the method of moments estimator of 3, and the
EL estimator. Another interpretation stems from the fact that since 8 = I'"' X, we can construct
the Indirect Least Squares (ILS) estimator:

which again is the IV estimator.

Recall that the optimal weight matrix is an estimate of the inverse of 2 = E (ziz;e?) . In the
special case that E (e? | z;) = 02 (homoskedasticity), then = E(z;2}) 0% o< E(z;2}) suggesting
the weight matrix W,, = (Z'Z )_1 . Using this choice, the GMM estimator equals

Bass = (X'2 (2'2)™ Z’X)il X'z (2'2)" z'y

This is called the two-stage-least squares (2SLS) estimator. It was originally proposed by Theil
(1953) and Basmann (1957), and is the classic estimator for linear equations with instruments.
Under the homoskedasticity assumption, the 2SLS estimator is efficient GMM, but otherwise it is
inefficient.

It is useful to observe that writing

P=2(2'2)"2
X =PX=2T
then the 2SLS estimator is
3= (X'PX) ' X'Py
- (XX) Xy
The source of the “two-stage” name is since it can be computed as follows

e First regress X on Z, vis.,, I' = (Z'Z) " (Z'X) and X = ZT = PX.

— ~ o~ —~\ —1 ~
e Second, regress y on X, vis., 8 = (X/X> X/y.

It is useful to scrutinize the projection X . Recall, X = [X1,X2] and Z = [X 1, Z3]. Then

—

X = |:/X\17/}22i|
=[PX,PX>]
= [X1,PX5]
= {X175(\2} )
since X lies in the span of Z. Thus in the second stage, we regress y on X and /)Zg. So only the

endogenous variables X o are replaced by their fitted values:

Xy = Z 1T+ ZoTgs.
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15.6 Bekker Asymptotics

Bekker (1994) used an alternative asymptotic framework to analyze the finite-sample bias in
the 2SLS estimator. Here we present a simplified version of one of his results. In our notation, the
model is

y=XpB+e (15.11)
X=ZT+U (15.12)
§=(eU)
E[Z)=0
E(¢|Z)=S

As before, Z is n x [ so there are [ instruments.
First, let’s analyze the approximate bias of OLS applied to (15.11). Using (15.12),

1
E <—X'e> =E (:L'Zez) = FIE (ziei) +E (uzez) = 8921
n

and

E (lX’X> =K (.’Blil:;)
n
=T'E (22;) T + B (u;z}) T + I'E (z;u}) + E (u;uj)
=I'Qr + Sy

where Q = E (z;2}) . Hence by a first-order approximation
E (B _ ﬁ) < (B(ixx)) B(ixe
OLS n n
= (I'QT + S2) ' s (15.13)

which is zero only when s9; = 0 (when X is exogenous).
We now derive a similar result for the 2SLS estimator.

Basrs = (X,PX)il (X'Py).

Let P = Z(Z'Z) ' Z'. By the spectral decomposition of an idempotent matrix, P = HAH’
where A = diag (I;,0). Let Q = H'¢S™'/2 which satisfies EQ' Q = I, and partition Q = (¢, Qj)
where gq; is [ x 1. Hence

E <l£,P£ ’ Z) — lSl/2/E (Q/AQ ’ Z) Sl/2
n n

— lsl/QlE (lq,ﬂh) 51/2
n n

— 181/2/51/2
n

=aS

where

Using (15.12) and this result,

l / _ l !l rp! l 4 _
nE (X Pe) = nE (1" VA e) + nE(UPe) = 8o,
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and

1
aE(X'PX) I"IE;(zz )]f‘—l—]f‘E(zZuz)—Hlﬂ(uZ )I‘—i— E(U’PU)
:I‘/QI‘-FO[SQQ.

Together

. 1 -1
E (ﬁms . ,8) ~ (E (;XTX)) E <%X/Pe>
= a(T'QT + aSs) ™ sa1. (15.14)

In general this is non-zero, except when s2; = 0 (when X is exogenous). It is also close to zero
when a = 0. Bekker (1994) pointed out that it also has the reverse implication — that when oo = [/n
is large, the bias in the 2SLS estimator will be large. Indeed as o — 1, the expression in (15.14)
approaches that in (15.13), indicating that the bias in 2SLS approaches that of OLS as the number
of instruments increases.

Bekker (1994) showed further that under the alternative asymptotic approximation that « is
fixed as n — oo (so that the number of instruments goes to infinity proportionately with sample
size) then the expression in (15.14) is the probability limit of Bygrg — B

15.7 Identification Failure

Recall the reduced form equation
Xo=Z1T'2+ ZoT'3 + Us.

The parameter 3 fails to be identified if I'so has deficient rank. The consequences of identification
failure for inference are quite severe.
Take the simplest case where k =1 =1 (so there is no Z1). Then the model may be written as

Yi =zib +ei
Ti = 27y + Uy

and T'yg = v = E(zjz;) /Ezf We see that g is identified if and only if v # 0, which occurs
when E (z;2;) # 0. Thus identification hinges on the existence of correlation between the excluded
exogenous variable and the included endogenous variable.

Suppose this condition fails, so E (x;2z;) = 0. Then by the CLT

% Z Zi€; N Ny ~N(0,E (222612)) (15.15)
i=1
Z:zzar:Z = X:zzuZ — Ny ~ N (0, E (22u?)) (15.16)

therefore L <

n > ic1 i€ R Ny
,8 =1 - __ F ~ Cauchy,

NG Zizl 2idq 2
since the ratio of two normals is Cauchy. This is particularly nasty, as the Cauchy distribution
does not have a finite mean. This result carries over to more general settings, and was examined

by Phillips (1989) and Choi and Phillips (1992).

B—
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Suppose that identification does not completely fail, but is weak. This occurs when I'g9 is full
rank, but small. This can be handled in an asymptotic analysis by modeling it as local-to-zero, viz

F22 = n_l/QC,

where C is a full rank matrix. The n=1/2 is picked because it provides just the right balancing to
allow a rich distribution theory.

To see the consequences, once again take the simple case k = [ = 1. Here, the instrument z; is
weak for z; if

1/2

¥y=mn "¢

Then (15.15) is unaffected, but (15.16) instead takes the form

1 n 1 n 1 n
E E 2 §
\/_ni—l \/Tl i—1 \/ﬁi—l

therefore
N

Qc+ Ny

As in the case of complete identification failure, we find that B is inconsistent for 8 and the
asymptotic distribution of B is non-normal. In addition, standard test statistics have non-standard
distributions, meaning that inferences about parameters of interest can be misleading.

The distribution theory for this model was developed by Staiger and Stock (1997) and extended
to nonlinear GMM estimation by Stock and Wright (2000). Further results on testing were obtained
by Wang and Zivot (1998).

The bottom line is that it is highly desirable to avoid identification failure. Once again, the
equation to focus on is the reduced form

B-8-L

Xo=2Z1T'19+ ZsIl'9g + Uy

and identification requires rank(I'y2) = ko. If ko = 1, this requires I'gg # 0, which is straightforward
to assess using a hypothesis test on the reduced form. Therefore in the case of ks = 1 (one RHS
endogenous variable), one constructive recommendation is to explicitly estimate the reduced form
equation for Xo, construct the test of I'ss = 0, and at a minimum check that the test rejects
Hy : I'yg = 0.

When ky > 1, T'9g # 0 is not sufficient for identification. It is not even sufficient that each
column of T'gg is non-zero (each column corresponds to a distinct endogenous variable in Z3). So
while a minimal check is to test that each columns of I'yo is non-zero, this cannot be interpreted
as definitive proof that T'se has full rank. Unfortunately, tests of deficient rank are difficult to
implement. In any event, it appears reasonable to explicitly estimate and report the reduced form
equations for Zs, and attempt to assess the likelihood that I'9s has deficient rank.
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Exercises
1. Consider the single equation model
yi = 2z + e,

where y; and z; are both real-valued (1 x 1). Let B denote the IV estimator of 8 using as an
instrument a dummy variable d; (takes only the values 0 and 1). Find a simple expression
for the IV estimator in this context.

2. In the linear model
yi = T8 + e
E (ei | $1) =0

suppose 01'2 =E (el2 | xz) is known. Show that the GLS estimator of 3 can be written as an

IV estimator using some instrument z;. (Find an expression for z;.)

3. Take the linear model
y=X0G+e.

Let the OLS estimator for 3 be 8 and the OLS residual be & = Yy — XB.

Let the IV estimator for 3 using some instrument Z be 5‘ and the IV residual be e = y— X 5‘
If X is indeed endogeneous, will IV “fit” better than OLS, in the sense that €' e < é&'é, at
least in large samples?

4. The reduced form between the regressors x; and instruments z; takes the form
T; = F/ZZ' + u;

or
X=ZT+U

where x; is k x 1, z;isIx1, X isnxk, Zisnxl, Uisn xk, and I" is [ X k. The parameter
T is defined by the population moment condition

E (ziu;) =0
Show that the method of moments estimator for T'is T' = (2'Z) " (Z2'X).
5. In the structural model

y=XB+e
X =ZT+U

with I' [ X k, | > k, we claim that 3 is identified (can be recovered from the reduced form) if
rank(I') = k. Explain why this is true. That is, show that if rank(I') < k then 3 cannot be
identified.

6. Take the linear model

yi = xif + €
E(ei | LE‘Z) =0.

where z; and § are 1 x 1.
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(a) Show that E (zie;) = 0 and E (z7e;) = 0. Is 2z; = (z; «?)’ a valid instrumental variable
for estimation of 37

(b) Define the 2SLS estimator of 3, using z; as an instrument for z;. How does this differ
from OLS?

(c) Find the efficient GMM estimator of 5 based on the moment condition
E(zi (yi —2:8)) = 0.
Does this differ from 2SLS and/or OLS?

7. Suppose that price and quantity are determined by the intersection of the linear demand and
supply curves

Demand: Q =ag+a1P+aY + e
Supply : Q = bo + blp + b2W + ez

where income (Y') and wage (W) are determined outside the market. In this model, are the
parameters identified?

8. The data file card.dat is taken from Card (1995). There are 2215 observations with 29
variables, listed in card.pdf. We want to estimate a wage equation

log(Wage) = By + f1Educ + By Exper + f3Exper? + fySouth + BsBlack + e

where Educ = Eduation (Years) Exper = Experience (Years), and South and Black are
regional and racial dummy variables.

(a) Estimate the model by OLS. Report estimates and standard errors.

(b) Now treat Education as endogenous, and the remaining variables as exogenous. Estimate
the model by 2SLS, using the instrument near4, a dummy indicating that the observation
lives near a 4-year college. Report estimates and standard errors.

(c) Re-estimate by 2SLS (report estimates and standard errors) adding three additional
instruments: near2 (a dummy indicating that the observation lives near a 2-year college),
fatheduc (the education, in years, of the father) and motheduc (the education, in years,
of the mother).

(d) Re-estimate the model by efficient GMM. I suggest that you use the 2SLS estimates as
the first-step to get the weight matrix, and then calculate the GMM estimator from this
weight matrix without further iteration. Report the estimates and standard errors.

(e) Calculate and report the J statistic for overidentification.

(f) Discuss your findings.



Chapter 16

Univariate Time Series

A time series 1; is a process observed in sequence over time, ¢t = 1,...,7. To indicate the
dependence on time, we adopt new notation, and use the subscript ¢ to denote the individual
observation, and T to denote the number of observations.

Because of the sequential nature of time series, we expect that y; and y;—1 are not independent,
so classical assumptions are not valid.

We can separate time series into two categories: univariate (y; € R is scalar); and multivariate
(y: € R™ is vector-valued). The primary model for univariate time series is autoregressions (ARs).
The primary model for multivariate time series is vector autoregressions (VARs).

16.1 Stationarity and Ergodicity

Definition 16.1.1 {y;} is covariance (weakly) stationary if
E(y)) =
15 independent of t, and

cov (Y, ye—k) = (k)

is independent of t for all k.y(k) is called the autocovariance function.

p(k) = (k) /7(0) = corr(ye, yr—+)

is the autocorrelation function.

Definition 16.1.2 {y;} is strictly stationary if the joint distribution of
(Yty -, Yt—k) 18 independent of t for all k.

Definition 16.1.3 A stationary time series is ergodic if y(k) — 0 as
k — oo.

306
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The following two theorems are essential to the analysis of stationary time series. The proofs

are rather difficult, however.

Theorem 16.1.1 If y; is strictly stationary and ergodic and x;
f(t, yt—1,...) is a random wvariable, then x; is strictly stationary and er-

godic.

Theorem 16.1.2 (Ergodic Theorem). If y; is strictly stationary and er-
godic and B |y| < oo, then as T — oo,

T
1
T Z Yt e E(y).

t=1

This allows us to consistently estimate parameters using time-series moments

The sample mean:

1 X
= T Z Yt
t=1
The sample autocovariance
1 X
(k) =7 > (e — i) (yer — 1)
t=1
The sample autocorrelation
. Y(k)
p(k) =<
(k) 7(0)

Theorem 16.1.3 If y; is strictly stationary and ergodic and Ey? < oo

then as T — o0,

Proof of Theorem 16.1.3. Part (1) is a direct consequence of the Ergodic theorem. For Part
(2), note that

(Yt — 1)

T
Z
T
Z el k——Zytu——Zyt ki + i
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By Theorem 16.1.1 above, the sequence y,y;_ 1 is strictly stationary and ergodic, and it has a finite
mean by the assumption that Ey? < oo. Thus an application of the Ergodic Theorem yields

T
1
T Z YtYt—k 2, E(ytytfk)-
t=1
Thus
A(k) 2 Eyeyei) — p2 — 12 + p? = B(yeye—i) — p? = (k).

Part (3) follows by the continuous mapping theorem: p(k) = 4(k)/5(0) == (k) /~v(0) = p(k).

16.2 Autoregressions

In time-series, the series {...,y1,¥2, ..., yr, ...} are jointly random. We consider the conditional
expectation

E(y: | Fi-1)

where F;_1 = {yi—1,Yt—2, ...} is the past history of the series.
An autoregressive (AR) model specifies that only a finite number of past lags matter:

E(ye | Fie1) =B | ye—1, s Y—) -
A linear AR model (the most common type used in practice) specifies linearity:
B (y | Fio1) = a0 +oays—1 + oys—1 + - + Yk

Letting
ee =y — By | Fi1),

then we have the autoregressive model

Y=o +a1y—1 + oY1+ + Yk + €
E (et ’ ft—l) = 0

The last property defines a special time-series process.

Definition 16.2.1 e¢; is a martingale difference sequence (MDS) if
E(et ’ ftfl) = 0.

Regression errors are naturally a MDS. Some time-series processes may be a MDS as a conse-
quence of optimizing behavior. For example, some versions of the life-cycle hypothesis imply that
either changes in consumption, or consumption growth rates, should be a MDS. Most asset pricing
models imply that asset returns should be the sum of a constant plus a MDS.

The MDS property for the regression error plays the same role in a time-series regression as
does the conditional mean-zero property for the regression error in a cross-section regression. In
fact, it is even more important in the time-series context, as it is difficult to derive distribution
theories without this property.

A useful property of a MDS is that e; is uncorrelated with any function of the lagged information
Fi—1. Thus for k > 0, E (y;_ret) = 0.
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16.3 Stationarity of AR(1) Process

A mean-zero AR(1) is
Yt = ayp-1 + e
Assume that e; is iid, E(e;) = 0 and Ee? = 0% < 0.
By back-substitution, we find

Yt = €¢ + aer—1 + a2et_2 + ...
00
= Eaket_k.
k=0

Loosely speaking, this series converges if the sequence «
when || < 1.

key i gets small as k — oo. This occurs

Theorem 16.3.1 If and only if |a| < 1 then y; is strictly stationary and
ergodic.

We can compute the moments of y; using the infinite sum:

By = ZakE (et—r) =0
k=0

0_2

1—a?

o
var(y;) = Z o?F var (e;_i) =
k=0

If the equation for y; has an intercept, the above results are unchanged, except that the mean
of y; can be computed from the relationship
Ey; = ap + a1 By 1,
and solving for By, = Ey,—1 we find By = ap/(1 — aq).

16.4 Lag Operator

An algebraic construct which is useful for the analysis of autoregressive models is the lag oper-
ator.

Definition 16.4.1 The lag operator L satisfies Ly = y4—1.

Defining L? = LL, we see that L?y; = Ly;—1 = y;—2. In general, L*y; = y,_y.
The AR(1) model can be written in the format

Yt — QYg—1 = €¢

or
(1 —al)y: = e
The operator a(L) = (1 — aL) is a polynomial in the operator L. We say that the root of the
polynomial is 1/« since p(z) = 0 when z = 1/a. We call a(L) the autoregressive polynomial of ;.
From Theorem 16.3.1, an AR(1) is stationary iff |a| < 1. Note that an equivalent way to say
this is that an AR(1) is stationary iff the root of the autoregressive polynomial is larger than one
(in absolute value).
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16.5 Stationarity of AR(k)

The AR(k) model is
Y = 01Yp—1 + QYo + -+ Yk + €.

Using the lag operator,

ye — onLys — oLy — - — oLy = ey,
or
a(L)yr = e
where
p(L)=1— oL — sl — o — LR,

We call (L) the autoregressive polynomial of y;.
The Fundamental Theorem of Algebra says that any polynomial can be factored as

a(z) = (1=A712) (1=212) - (1= A1)

where the Aq, ..., A\ are the complex roots of a(z), which satisfy a();) = 0.

We know that an AR(1) is stationary iff the absolute value of the root of its autoregressive
polynomial is larger than one. For an AR(k), the requirement is that all roots are larger than one.
Let |A| denote the modulus of a complex number A.

Theorem 16.5.1 The AR(k) is strictly stationary and ergodic if and only
if |\j| > 1 for all j.

One way of stating this is that “All roots lie outside the unit circle.”
If one of the roots equals 1, we say that «(L), and hence y;, “has a unit root”. This is a special
case of non-stationarity, and is of great interest in applied time series.

16.6 Estimation
Let

th:(l Yt—1 Yt—2 - Yt—k )/

B=(ay a1 as - a).

Then the model can be written as
Y = i3 + ey

The OLS estimator is R
8= (X'x)"X'y.

To study B, it is helpful to define the process u; = x;e;. Note that uy is a MDS, since
E(ut | ftfl) = E(mtet | ftfl) = a:tE (et | ftfl) = 0.

By Theorem 16.1.1, it is also strictly stationary and ergodic. Thus

el
el

1 o 1 o
Z Ty — Zut L) E (ut) =0. (161)
t=1 t=1
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The vector x; is strictly stationary and ergodic, and by Theorem 16.1.1, so is x; ;. Thus by the
Ergodic Theorem,

T
%Z iz, R (ziy) = Q.

t=1

Combined with (16.1) and the continuous mapping theorem, we see that

1 & A
N (T > fvtw%) (f 2 $tet> > Q'o=o.
t=1 t=1

We have shown the following:

Theorem 16.6.1 If the AR(k) process y; is strictly stationary and ergodic
and By? < oo, thenﬁ—>ﬂ as T — oc.

16.7 Asymptotic Distribution

Theorem 16.7.1 MDS CLT. If u; is a strictly stationary and ergodic
MDS and B (uu}) = Q < oo, then as T — oo,

T
1 Z d
_T Ut—>N(O,Q)
v t=1

Since xe; is a MDS, we can apply Theorem 16.7.1 to see that
T
Z it —> N 0 Q)
=1

where
Q = E(x;z)e?).

Theorem 16.7.2 If the AR(k) process y; is strictly stationary and ergodic
and By} < oo, then as T — oo,

VT (B _ 5) 4, N(0,Q7'eQ ™).

This is identical in form to the asymptotic distribution of OLS in cross-section regression. The
implication is that asymptotic inference is the same. In particular, the asymptotic covariance
matrix is estimated just as in the cross-section case.
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16.8 Bootstrap for Autoregressions

In the non-parametric bootstrap, we constructed the bootstrap sample by randomly resampling
from the data values {y;, ;}. This creates an iid bootstrap sample. Clearly, this cannot work in a
time-series application, as this imposes inappropriate independence.

Briefly, there are two popular methods to implement bootstrap resampling for time-series data.

Method 1: Model-Based (Parametric) Bootstrap.

1. Estimate ,@ and residuals é;.
2. Fix an initial condition (y_g41,Y—k+2, -, Y0)-
3. Simulate iid draws e} from the empirical distribution of the residuals {éi, ..., ér}.

4. Create the bootstrap series y; by the recursive formula
Yr = Qo+ Yy + Qayio + -+ QrYpp €

This construction imposes homoskedasticity on the errors e}, which may be different than the
properties of the actual e;. It also presumes that the AR(k) structure is the truth.

Method 2: Block Resampling

1. Divide the sample into 7'/m blocks of length m.
2. Resample complete blocks. For each simulated sample, draw 7'/m blocks.
3. Paste the blocks together to create the bootstrap time-series y; .

4. This allows for arbitrary stationary serial correlation, heteroskedasticity, and for model-
misspecification.

5. The results may be sensitive to the block length, and the way that the data are partitioned
into blocks.

6. May not work well in small samples.

16.9 Trend Stationarity

Yo = po + pat + 5 (16.2)
St = p1Si—1 + p2Si—2 + -+ + prSi—i + €4, (16.3)

or
Yy = g+ a1t + p1ye—1 + paye—1 + -+ prYe—k + et (16.4)

There are two essentially equivalent ways to estimate the autoregressive parameters (a1, ..., o).

e You can estimate (16.4) by OLS.

e You can estimate (16.2)-(16.3) sequentially by OLS. That is, first estimate (16.2), get the
residual S;, and then perform regression (16.3) replacing S; with S;. This procedure is some-
times called Detrending.
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The reason why these two procedures are (essentially) the same is the Frisch-Waugh-Lovell
theorem.

Seasonal Effects
There are three popular methods to deal with seasonal data.

e Include dummy variables for each season. This presumes that “seasonality” does not change
over the sample.

e Use “seasonally adjusted” data. The seasonal factor is typically estimated by a two-sided
weighted average of the data for that season in neighboring years. Thus the seasonally
adjusted data is a “filtered” series. This is a flexible approach which can extract a wide range
of seasonal factors. The seasonal adjustment, however, also alters the time-series correlations
of the data.

e First apply a seasonal differencing operator. If s is the number of seasons (typically s = 4 or
s =12),
Asyt = Yt — Yt—s,

or the season-to-season change. The series Ay, is clearly free of seasonality. But the long-run
trend is also eliminated, and perhaps this was of relevance.

16.10 Testing for Omitted Serial Correlation

For simplicity, let the null hypothesis be an AR(1):
Yt = Qo + 01Yp—1 + Ug. (16.5)
We are interested in the question if the error w; is serially correlated. We model this as an AR(1):
ur = Ous_1 + e (16.6)
with e; a MDS. The hypothesis of no omitted serial correlation is
Hp:0=0
H; : 0 #0.

We want to test Hy against Hj.
To combine (16.5) and (16.6), we take (16.5) and lag the equation once:

Yi—1 = Qo + 1yr—2 + Up—1.
We then multiply this by 6 and subtract from (16.5), to find
yt — 0yi—1 = ap — 0o + a1yr—1 — Oonye—1 + ue — Oup—1,

or
Yp = Oz()(l — 9) + (Oél + 9) Yi—1 — OBaryr_o + e = AR(Q).

Thus under Hy, y; is an AR(1), and under H] it is an AR(2). Hp may be expressed as the restriction
that the coefficient on y;_o is zero.

An appropriate test of Hg against Hy is therefore a Wald test that the coefficient on 1,9 is
zero. (A simple exclusion test).

In general, if the null hypothesis is that y; is an AR(k), and the alternative is that the error is an
AR(m), this is the same as saying that under the alternative y; is an AR (k+m), and this is equivalent
to the restriction that the coefficients on y;_x_1, ..., Ys_k_m are jointly zero. An appropriate test is
the Wald test of this restriction.
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16.11 Model Selection

What is the appropriate choice of k in practice? This is a problem of model selection.
A good choice is to minimize the AIC information criterion

AIC(k) =log62(k) + ?

where 62(k) is the estimated residual variance from an AR(k)

One ambiguity in defining the AIC criterion is that the sample available for estimation changes
as k changes. (If you increase k, you need more initial conditions.) This can induce strange behavior
in the AIC. The appropriate remedy is to fix a upper value k, and then reserve the first k as initial

conditions, and then estimate the models AR(1), AR(2), ..., AR(k) on this (unified) sample.

16.12 Autoregressive Unit Roots
The AR(k) model is

a(L)ys = ao + e
a(L)=1—oL —--- — aiL".

As we discussed before, y; has a unit root when a(1) =0, or
al+ag+---+ap=1.

In this case, 3 is non-stationary. The ergodic theorem and MDS CLT do not apply, and test
statistics are asymptotically non-normal.
A helpful way to write the equation is the so-called Dickey-Fuller reparameterization:

Ay = poye—1 + p1AYe—1 + -+ pr—1AY—(k—1) + e (16.7)

These models are equivalent linear transformations of one another. The DF parameterization
is convenient because the parameter pg summarizes the information about the unit root, since
a(1) = —po. To see this, observe that the lag polynomial for the y; computed from (16.7) is

(1-L) = poL = p1(L = L?) — - — pp (L = 1LF)
But this must equal p(L), as the models are equivalent. Thus
()= (1=1)—pp—(1=1)—--- = (1= 1) = —po.
Hence, the hypothesis of a unit root in y; can be stated as
Hyg : po = 0.
Note that the model is stationary if pg < 0. So the natural alternative is
Hj : po < 0.
Under Hy, the model for y; is
Ays = p+ p1Aye1 + - + pr1AY—k—1) + €t

which is an AR(k-1) in the first-difference Ay;. Thus if y; has a (single) unit root, then Ay, is a
stationary AR process. Because of this property, we say that if 3; is non-stationary but A%y, is
stationary, then vy is “integrated of order d”, or I(d). Thus a time series with unit root is I(1).



CHAPTER 16. UNIVARIATE TIME SERIES 315

Since «g is the parameter of a linear regression, the natural test statistic is the t-statistic for
Hp from OLS estimation of (16.7). Indeed, this is the most popular unit root test, and is called the
Augmented Dickey-Fuller (ADF) test for a unit root.

It would seem natural to assess the significance of the ADF statistic using the normal table.
However, under Hp, 7 is non-stationary, so conventional normal asymptotics are invalid. An
alternative asymptotic framework has been developed to deal with non-stationary data. We do not
have the time to develop this theory in detail, but simply assert the main results.

Theorem 16.12.1 Dickey-Fuller Theorem.
If po =0 then as T — oo,

. d
Tpo— (L=p1—p2—---—pr—1) DF,

ADF = _, DF,.

s(po)

The limit distributions DF,, and DF; are non-normal. They are skewed to the left, and have
negative means.

The first result states that py converges to its true value (of zero) at rate T, rather than the
conventional rate of T'/2. This is called a “super-consistent” rate of convergence.

The second result states that the t-statistic for pg converges to a limit distribution which is
non-normal, but does not depend on the parameters p. This distribution has been extensively
tabulated, and may be used for testing the hypothesis Hy. Note: The standard error s(pp) is the
conventional (“homoskedastic”) standard error. But the theorem does not require an assumption
of homoskedasticity. Thus the Dickey-Fuller test is robust to heteroskedasticity.

Since the alternative hypothesis is one-sided, the ADF test rejects Hy in favor of Hy when
ADF < ¢, where c is the critical value from the ADF table. If the test rejects Hg, this means that
the evidence points to y; being stationary. If the test does not reject Hgy, a common conclusion is
that the data suggests that y; is non-stationary. This is not really a correct conclusion, however.
All we can say is that there is insufficient evidence to conclude whether the data are stationary or
not.

We have described the test for the setting of with an intercept. Another popular setting includes
as well a linear time trend. This model is

Aye = p1 + pot + poye—1 + p1AY—1 + - + pr—1AY_k—1) + €t (16.8)

This is natural when the alternative hypothesis is that the series is stationary about a linear time
trend. If the series has a linear trend (e.g. GDP, Stock Prices), then the series itself is non-
stationary, but it may be stationary around the linear time trend. In this context, it is a silly waste
of time to fit an AR model to the level of the series without a time trend, as the AR model cannot
conceivably describe this data. The natural solution is to include a time trend in the fitted OLS
equation. When conducting the ADF test, this means that it is computed as the t-ratio for pg from
OLS estimation of (16.8).

If a time trend is included, the test procedure is the same, but different critical values are
required. The ADF test has a different distribution when the time trend has been included, and a
different table should be consulted.

Most texts include as well the critical values for the extreme polar case where the intercept has
been omitted from the model. These are included for completeness (from a pedagogical perspective)
but have no relevance for empirical practice where intercepts are always included.



Chapter 17

Multivariate Time Series

A multivariate time series y, is a vector process m x 1. Let F;—1 = (y;_1, Y;_o, --.) be all lagged
information at time ¢. The typical goal is to find the conditional expectation E (y, | Fi—1). Note
that since vy, is a vector, this conditional expectation is also a vector.

17.1 Vector Autoregressions (VARs)
A VAR model specifies that the conditional mean is a function of only a finite number of lags:
E(y, | Fi-1) =E (yt | yt—lv-‘-yyt—k:) .
A linear VAR specifies that this conditional mean is linear in the arguments:

E (yt | Y1, s yt—k) =ao+ A1y, 1+ A2y o+ AxYy_p

Observe that ag is m x 1,and each of A; through Ay are m x m matrices.
Defining the m x 1 regression error

et =Y, _E(yt | Fi-1),
we have the VAR model
Yy=0a0+ A1y, 1+ Ay, o+ Apy e

E(e | Fi—1) = 0.
Alternatively, defining the mk + 1 vector
1
Yi—1
;= | Yi-2
Yi—k
and the m x (mk + 1) matrix
A=(ay A Ay - Ap),
then
Yy = Az + e

The VAR model is a system of m equations. One way to write this is to let a; be the jth row
of A. Then the VAR system can be written as the equations

!
Y;'t = aja:t + €jt-

Unrestricted VARs were introduced to econometrics by Sims (1980).

316
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17.2 Estimation

Consider the moment conditions
E (illtejt) = 0,

j=1,...,m. These are implied by the VAR model, either as a regression, or as a linear projection.
The GMM estimator corresponding to these moment conditions is equation-by-equation OLS

a; = (X'X)' X'y,
An alternative way to compute this is as follows. Note that
&) =y, X (X'X)"

And if we stack these to create the estimate A, we find

Yy
. Y-
A=| 77 [xx'x)™?
y;n+1
=Y X(X'X)!,
where
Y:(yl Yz - ym)

the T x m matrix of the stacked yj.
This (system) estimator is known as the SUR (Seemingly Unrelated Regressions) estimator,
and was originally derived by Zellner (1962)

17.3 Restricted VARs

The unrestricted VAR is a system of m equations, each with the same set of regressors. A
restricted VAR imposes restrictions on the system. For example, some regressors may be excluded
from some of the equations. Restrictions may be imposed on individual equations, or across equa-
tions. The GMM framework gives a convenient method to impose such restrictions on estimation.

17.4 Single Equation from a VAR
Often, we are only interested in a single equation out of a VAR system. This takes the form
Yjt = ajT + e,

and x; consists of lagged values of y;; and the other y,s. In this case, it is convenient to re-define
the variables. Let y; = y;¢, and z; be the other variables. Let e; = e;; and 8 = a;. Then the single
equation takes the form

yr = B + e, (17.1)

and
!
iEt:[(l Y1 o Yok Zpq o z;%k:)]'

This is just a conventional regression with time series data.
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17.5 Testing for Omitted Serial Correlation

Consider the problem of testing for omitted serial correlation in equation (17.1). Suppose that
e is an AR(1). Then

yr = B + e
e = (9675_1 + Uy (172)
E (ut | Fr—1) = 0.

Then the null and alternative are
Hp:06=0 H; : 0 #0.
Take the equation y, = x;3 + e;, and subtract off the equation once lagged multiplied by 6, to get

yr — Oy = (2B +er) — 0 (xi_18 + er—1)
=xiB8 — 0z 18+ e — Oey_1,

or
Yo = Oyi—1 + B+ w1y + uy, (17.3)

which is a valid regression model.

So testing Hy versus H; is equivalent to testing for the significance of adding (y;—1,x¢—1) to
the regression. This can be done by a Wald test. We see that an appropriate, general, and simple
way to test for omitted serial correlation is to test the significance of extra lagged values of the
dependent variable and regressors.

You may have heard of the Durbin-Watson test for omitted serial correlation, which once was
very popular, and is still routinely reported by conventional regression packages. The DW test is
appropriate only when regression y; = ;3 + ¢; is not dynamic (has no lagged values on the RHS),
and e; is iid N(0, 02). Otherwise it is invalid.

Another interesting fact is that (17.2) is a special case of (17.3), under the restriction v = —/36.
This restriction, which is called a common factor restriction, may be tested if desired. If valid,
the model (17.2) may be estimated by iterated GLS. (A simple version of this estimator is called
Cochrane-Orcutt.) Since the common factor restriction appears arbitrary, and is typically rejected
empirically, direct estimation of (17.2) is uncommon in recent applications.

17.6 Selection of Lag Length in an VAR

If you want a data-dependent rule to pick the lag length k in a VAR, you may either use a testing-
based approach (using, for example, the Wald statistic), or an information criterion approach. The
formula for the AIC and BIC are

- p
AIC(k) = logdet (€2(k) ) + 22
A plog(T)
BIC(k) = log det (ﬂ(k)> T
) 1 &
t=1
p=m(km+1)

where p is the number of parameters in the model, and &;(k) is the OLS residual vector from the
model with k£ lags. The log determinant is the criterion from the multivariate normal likelihood.
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17.7 Granger Causality

Partition the data vector into (y,, 2¢). Define the two information sets

Fie= (Yo Y1, Y12, )
For = (yt> Zty Yi_15 Bt—1, Yp_2, Zt—2,, )

The information set Fj; is generated only by the history of y,, and the information set Fy; is
generated by both y, and z;. The latter has more information.
We say that z; does not Granger-cause y, if

E(y; | Fre-1) = B(y; | Foar-1)-

That is, conditional on information in lagged y,;, lagged z; does not help to forecast y,. If this
condition does not hold, then we say that z; Granger-causes y,.

The reason why we call this “Granger Causality” rather than “causality” is because this is not
a physical or structure definition of causality. If z; is some sort of forecast of the future, such as a
futures price, then z; may help to forecast y, even though it does not “cause” y,. This definition
of causality was developed by Granger (1969) and Sims (1972).

In a linear VAR, the equation for y, is

Yyy=a+pY oYt 2+ 2 Ve e

In this equation, z; does not Granger-cause vy, if and only if

Ho:vp=22="=v=0.

This may be tested using an exclusion (Wald) test.

This idea can be applied to blocks of variables. That is, y, and/or z; can be vectors. The
hypothesis can be tested by using the appropriate multivariate Wald test.

If it is found that z; does not Granger-cause y,, then we deduce that our time-series model of
E (y, | Fi—1) does not require the use of z;. Note, however, that z; may still be useful to explain
other features of y,, such as the conditional variance.

Clive W. J. Granger

Clive Granger (1934-2009) of England was one of the leading figures in time-
series econometrics, and co-winner in 2003 of the Nobel Memorial Prize in
Economic Sciences (along with Robert Engle). In addition to formalizing
the definition of causality known as Granger causality, he invented the con-
cept of cointegration, introduced spectral methods into econometrics, and
formalized methods for the combination of forecasts.

17.8 Cointegration

The idea of cointegration is due to Granger (1981), and was articulated in detail by Engle and
Granger (1987).
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Definition 17.8.1 The m x 1 series y, is cointegrated if y, is I(1) yet
there exists 3, m X r, of rank r, such that z; = @'y, is I(0). The r vectors
in B are called the cointegrating vectors.

If the series y, is not cointegrated, then r = 0. If » = m, then y, is I(0). For 0 < r < m, y, is
I(1) and cointegrated.

In some cases, it may be believed that 3 is known a priori. Often, 3 = (1 —1)". For example, if
Yy, is a pair of interest rates, then 3 = (1 — 1)’ specifies that the spread (the difference in returns)
is stationary. If y = (log(C) log(I))’, then 8= (1 — 1) specifies that log(C/I) is stationary.

In other cases, 8 may not be known.

If y, is cointegrated with a single cointegrating vector (r = 1), then it turns out that 8 can
be consistently estimated by an OLS regression of one component of y, on the others. Thus y, =
(Y1, Yay) and B = (81 B2) and normalize 3; = 1. Then By = (Yhy2) tybhy, 2., B,. Furthermore
this estimation is super-consistent: T'(32 — f2) <, Limit, as first shown by Stock (1987). This
is not, in general, a good method to estimate 3, but it is useful in the construction of alternative
estimators and tests.

We are often interested in testing the hypothesis of no cointegration:

H():T:O
Hy:r>0.

Suppose that B is known, so z; = By, is known. Then under Hy z; is I(1), yet under H; z; is
1(0). Thus Hy can be tested using a univariate ADF test on z;.
When 3 is unknown, Engle and Granger (1987) suggested using an ADF test on the estimated

residual 2; = B,yt, from OLS of y1; on ys:. Their justification was Stock’s result that B is super-
consistent under Hj. Under Hy, however, B is not consistent, so the ADF critical values are not
appropriate. The asymptotic distribution was worked out by Phillips and Ouliaris (1990).

When the data have time trends, it may be necessary to include a time trend in the estimated
cointegrating regression. Whether or not the time trend is included, the asymptotic distribution of
the test is affected by the presence of the time trend. The asymptotic distribution was worked out
in B. Hansen (1992).

17.9 Cointegrated VARs
We can write a VAR as
A(L)y, = e
A(L)=I—-AL—A)L%2—...— A LF

or alternatively as
Ay, =y, , + D(L)Ay, | + e
where
IT=-A(1)
:—I—|—A1+A2—|——|—Ak
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Theorem 17.9.1 Granger Representation Theorem
y, is cointegrated with m x r B if and only if rank(Il) = r and II =
where o is m X r, rank () = 7.

Thus cointegration imposes a restriction upon the parameters of a VAR. The restricted model
can be written as

Ay, =af'y, 1+ DL)Ay,_ + e
Ay, =azi—1 + D(L)Ay,  + e

If B is known, this can be estimated by OLS of Ay, on z;_; and the lags of Ay,.

If B is unknown, then estimation is done by “reduced rank regression”, which is least-squares
subject to the stated restriction. Equivalently, this is the MLE of the restricted parameters under
the assumption that e; is iid N(0, 2).

One difficulty is that 3 is not identified without normalization. When r = 1, we typically just
normalize one element to equal unity. When r > 1, this does not work, and different authors have
adopted different identification schemes.

In the context of a cointegrated VAR estimated by reduced rank regression, it is simple to test
for cointegration by testing the rank of IT. These tests are constructed as likelihood ratio (LR) tests.
As they were discovered by Johansen (1988, 1991, 1995), they are typically called the “Johansen
Max and Trace” tests. Their asymptotic distributions are non-standard, and are similar to the
Dickey-Fuller distributions.
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Limited Dependent Variables

A “limited dependent variable” y is one which takes a “limited” set of values. The most common
cases are

e Binary: y € {0,1}

e Multinomial: y € {0,1,2, ..., k}
e Integer: y € {0,1,2,...}

e Censored: y € RT

The traditional approach to the estimation of limited dependent variable (LDV) models is
parametric maximum likelihood. A parametric model is constructed, allowing the construction of
the likelihood function. A more modern approach is semi-parametric, eliminating the dependence
on a parametric distributional assumption. We will discuss only the first (parametric) approach,
due to time constraints. They still constitute the majority of LDV applications. If, however, you
were to write a thesis involving LDV estimation, you would be advised to consider employing a
semi-parametric estimation approach.

For the parametric approach, estimation is by MLE. A major practical issue is construction of
the likelihood function.

18.1 Binary Choice

The dependent variable y; € {0,1}. This represents a Yes/No outcome. Given some regressors
x;, the goal is to describe Pr(y; = 1| ;) , as this is the full conditional distribution.
The linear probability model specifies that

Pr(y; =1|=;) = z.8.

AsPr(y;=1|=;) =E (yi | ;), this yields the regression: y; = 3+ ¢; which can be estimated by

OLS. However, the linear probability model does not impose the restriction that 0 < Pr (y; | ;) < 1.

Even so estimation of a linear probability model is a useful starting point for subsequent analysis.
The standard alternative is to use a function of the form

Pr(y;=1]z) = F (z;8)

where F'(-) is a known CDF, typically assumed to be symmetric about zero, so that F(u) =
1 — F(—u). The two standard choices for F' are
e Logistic: F(u) = (14+e %) ",

322
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e Normal: F(u) = ®(u).

If F' is logistic, we call this the logit model, and if F' is normal, we call this the probit model.
This model is identical to the latent variable model

yi = ziB+e
ei~ F ()

1 ify; >0
Yi=1 0 otherwise

For then
Pr(yi=1|z;)=Pr(y; >0 z)
=Pr(ziB+¢ >0 )
=Pr (e > —ziB | x;)
1P (el
=F (m;ﬁ) )

Estimation is by maximum likelihood. To construct the likelihood, we need the conditional
distribution of an individual observation. Recall that if y is Bernoulli, such that Pr(y = 1) = p and
Pr(y = 0) = 1 — p, then we can write the density of y as

fly)=pA-p'Y,  y=0,L

In the Binary choice model, y; is conditionally Bernoulli with Pr (y; =1 | ;) = p; = F' (2}3) . Thus
the conditional density is

) =1
=F (:B;ﬁ)y2 (1-F (w;,@))l_yl

Hence the log-likelihood function is

log L(B) = Zlog Flyi | =)
= Zlog (€i8)" (1 — F ()" ™*)

= Z [yilog F (28) + (1 — y;) log(1 — F («3))]
= Z log F (z;3) + Z log(1 — F (z;8)).
yi=1 yi=0

The MLE g is the value of 8 which maximizes log L(3). Standard errors and test statistics are
computed by asymptotic approximations. Details of such calculations are left to more advanced
courses.

18.2 Count Data

If y € {0,1,2,...}, a typical approach is to employ Poisson regression. This model specifies that

exp (—\; )\f
Priyi = k| a) = “PEAA

Ai = exp(z;3).

k=0,1,2,..



CHAPTER 18. LIMITED DEPENDENT VARIABLES 324

The conditional density is the Poisson with parameter \;. The functional form for A; has been
picked to ensure that A\; > 0.
The log-likelihood function is

n

log L(B) = > log f(yi | m:) =Y (—exp(@}B) + yiziB — log(ui)) -
i=1

i=1

The MLE is the value 8 which maximizes log L(83).

Since
E (y; | ;) = A = exp(z;3)

is the conditional mean, this motivates the label Poisson “regression.”
Also observe that the model implies that

var (y; | ;) = N = exp(z;03),

so the model imposes the restriction that the conditional mean and variance of y; are the same.
This may be considered restrictive. A generalization is the negative binomial.

18.3 Censored Data

The idea of “censoring” is that some data above or below a threshold are mis-reported at the
threshold. Thus the model is that there is some latent process y; with unbounded support, but we
observe only

_Jy ityr >0
y{ 0 ifyf<0 (18.1)

(This is written for the case of the threshold being zero, any known value can substitute.) The
observed data y; therefore come from a mixed continuous/discrete distribution.

Censored models are typically applied when the data set has a meaningful proportion (say 5%
or higher) of data at the boundary of the sample support. The censoring process may be explicit
in data collection, or it may be a by-product of economic constraints.

An example of a data collection censoring is top-coding of income. In surveys, incomes above
a threshold are typically reported at the threshold.

The first censored regression model was developed by Tobin (1958) to explain consumption of
durable goods. Tobin observed that for many households, the consumption level (purchases) in a
particular period was zero. He proposed the latent variable model

yi = B +e
e; X N(0,0?)
with the observed variable y; generated by the censoring equation (18.1). This model (now called
the Tobit) specifies that the latent (or ideal) value of consumption may be negative (the household
would prefer to sell than buy). All that is reported is that the household purchased zero units of
the good.

The naive approach to estimate 3 is to regress y; on x;. This does not work because regression
estimates E (y; | ;) , not E (y | ;) = 3, and the latter is of interest. Thus OLS will be biased
for the parameter of interest 3.

[Note: it is still possible to estimate E (y; | ;) by LS techniques. The Tobit framework postu-
lates that this is not inherently interesting, that the parameter of 3 is defined by an alternative
statistical structure.]
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Consistent estimation will be achieved by the MLE. To construct the likelihood, observe that
the probability of being censored is

Pr(yi:0|mi): (z<0|mz)
Pr (z Zﬁ+ez<0|m)

(220
()

The conditional density function above zero is normal:

o(LEE) yso
g

Therefore, the density function for y > 0 can be written as

1o =o () (=)

where 1 (+) is the indicator function.
Hence the log-likelihood is a mixture of the probit and the normal:

log L(B) = ilog f(yi | @)
- e () oo (2722)]

The MLE is the value 8 which maximizes log L(B).

18.4 Sample Selection

The problem of sample selection arises when the sample is a non-random selection of potential
observations. This occurs when the observed data is systematically different from the population
of interest. For example, if you ask for volunteers for an experiment, and they wish to extrapolate
the effects of the experiment on a general population, you should worry that the people who
volunteer may be systematically different from the general population. This has great relevance for
the evaluation of anti-poverty and job-training programs, where the goal is to assess the effect of
“training” on the general population, not just on the volunteers.

A simple sample selection model can be written as the latent model

yi = T8 + e
Ti:1(z§")/+60i >O)

where 1 (+) is the indicator function. The dependent variable y; is observed if (and only if) T; = 1.
Else it is unobserved.

For example, y; could be a wage, which can be observed only if a person is employed. The
equation for 7T; is an equation specifying the probability that the person is employed.

The model is often completed by specifying that the errors are jointly normal

()05 2))



CHAPTER 18. LIMITED DEPENDENT VARIABLES 326

It is presumed that we observe {z;, z;,T;} for all observations.
Under the normality assumption,
€1; = pepi + Vi,

where v; is independent of eg; ~ N(0,1). A useful fact about the standard normal distribution is

that
¢(z)

E(e()i | €p; > —37) = )\(x) = ‘I)(.f),

and the function A\(x) is called the inverse Mills ratio.
The naive estimator of 3 is OLS regression of y; on x; for those observations for which y; is
available. The problem is that this is equivalent to conditioning on the event {T; = 1}. However,

E (e | Ti =1,2) = E(ey; | {eos > 27}, 2i)
= pE (egi ’ {e()i > —Z;")’}, Zi) +E (vi ’ {601' > —Z;")/}, Zi)
= pA (277),

which is non-zero. Thus
eri = pA (2iy) + us,
where

E(uz“Ti:l,Zi):O.

Hence
yi = B + pA (2i7y) + i (18.2)

is a valid regression equation for the observations for which T; = 1.

Heckman (1979) observed that we could consistently estimate 8 and p from this equation, if v
were known. It is unknown, but also can be consistently estimated by a Probit model for selection.
The “Heckit” estimator is thus calculated as follows

e Estimate 4 from a Probit, using regressors z;. The binary dependent variable is T;.
e Estimate (,@, ﬁ) from OLS of y; on z; and \(z%).

e The OLS standard errors will be incorrect, as this is a two-step estimator. They can be
corrected using a more complicated formula. Or, alternatively, by viewing the Probit/OLS
estimation equations as a large joint GMM problem.

The Heckit estimator is frequently used to deal with problems of sample selection. However,
the estimator is built on the assumption of normality, and the estimator can be quite sensitive
to this assumption. Some modern econometric research is exploring how to relax the normality
assumption.

The estimator can also work quite poorly if A (z7) does not have much in-sample variation.
This can happen if the Probit equation does not “explain” much about the selection choice. Another
potential problem is that if z; = x;, then A (2}7) can be highly collinear with ;, so the second
step OLS estimator will not be able to precisely estimate 3. Based this observation, it is typically
recommended to find a valid exclusion restriction: a variable should be in z; which is not in ;. If
this is valid, it will ensure that A (2,%) is not collinear with ;, and hence improve the second stage
estimator’s precision.
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Panel Data

A panel is a set of observations on individuals, collected over time. An observation is the pair
{yit, ©it}, where the i subscript denotes the individual, and the ¢ subscript denotes time. A panel
may be balanced:

{yi,zip} :t=1,...T; i=1,..,n,

or unbalanced:

{yit, @it} :Fori=1,...,n, t=1t,;, ....t.

=77 *

19.1 Individual-Effects Model

The standard panel data specification is that there is an individual-specific effect which enters
linearly in the regression
Yit = 4B + ui + €.
The typical maintained assumptions are that the individuals ¢ are mutually independent, that wu;
and e;; are independent, that e;; is iid across individuals and time, and that e;; is uncorrelated with
Lit.
OLS of y;; on x; is called pooled estimation. It is consistent if

E(mltul) =0 (19.1)

If this condition fails, then OLS is inconsistent. (19.1) fails if the individual-specific unobserved
effect u; is correlated with the observed explanatory variables x;;. This is often believed to be
plausible if u; is an omitted variable.

If (19.1) is true, however, OLS can be improved upon via a GLS technique. In either event,
OLS appears a poor estimation choice.

Condition (19.1) is called the random effects hypothesis. It is a strong assumption, and most
applied researchers try to avoid its use.

19.2 Fixed Effects

This is the most common technique for estimation of non-dynamic linear panel regressions.
The motivation is to allow u; to be arbitrary, and have arbitrary correlated with x;. The goal
is to eliminate u; from the estimator, and thus achieve invariance.

There are several derivations of the estimator.
First, let

1 if i=j

dij = ;
0 else

327
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and

din

an n X 1 dummy vector with a “1” in the i'th place. Let

U1
u fry
Un,
Then note that
u; = dju,
and
yir = T8 + diu + €. (19.2)

Observe that
E (eit | ®it, d;) = 0,

so (19.2) is a valid regression, with d; as a regressor along with x;.
OLS on (19.2) yields estimator (B, ﬁ) . Conventional inference applies.
Observe that

e This is generally consistent.

e If x;; contains an intercept, it will be collinear with d;, so the intercept is typically omitted
from x;;.

e Any regressor in x;; which is constant over time for all individuals (e.g., their gender) will be
collinear with d;, so will have to be omitted.

e There are n + k regression parameters, which is quite large as typically n is very large.

Computationally, you do not want to actually implement conventional OLS estimation, as the
parameter space is too large. OLS estimation of B proceeds by the FWL theorem. Stacking the
observations together:

y=XB+ Du+e,

then by the FWL theorem,
B=(X'"I-Pp)X) ' (X'(I-Pp)y)
— (X*/X*)*l (X*Iy*) ,
where
y*=y-D(D'D)"'D'y
X*=X-D(D'D)"'D'X.

Since the regression of y;; on d; is a regression onto individual-specific dummies, the predicted value
from these regressions is the individual specific mean 7;, and the residual is the demean value

yft = Yit — Y;-

The fixed effects estimator 3 is OLS of y; on x7,, the dependent variable and regressors in deviation-
from-mean form.
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Another derivation of the estimator is to take the equation
Yir = Ty + i + e,

and then take individual-specific means by taking the average for the #'th individual:

7 1 7
1 14 1
i;yzt—i;witﬂ"i'uz"’_i;ezt

or
Ui =T + ui + €.

Subtracting, we find
i =z B+ e,

which is free of the individual-effect w;.

19.3 Dynamic Panel Regression
A dynamic panel regression has a lagged dependent variable
Yir = ayir—1 + B + ui + eir. (19.3)

This is a model suitable for studying dynamic behavior of individual agents.

Unfortunately, the fixed effects estimator is inconsistent, at least if 7" is held finite as n — oc.
This is because the sample mean of y;;_1 is correlated with that of e;.

The standard approach to estimate a dynamic panel is to combine first-differencing with IV or
GMM. Taking first-differences of (19.3) eliminates the individual-specific effect:

Ayit = oszit,l =+ Am;tﬁ + Aeit. (19.4)
However, if e;; is iid, then it will be correlated with Ay;;_1 :
E (Ayi—1Aeit) = B ((Yit—1 — Yir—2) (et — €it—1)) = —E (yir—1€i—1) = —02.

So OLS on (19.4) will be inconsistent.

But if there are valid instruments, then IV or GMM can be used to estimate the equation.
Typically, we use lags of the dependent variable, two periods back, as y;_s is uncorrelated with
Ae;r. Thus values of y;;_, kK > 2, are valid instruments.

Hence a valid estimator of « and 3 is to estimate (19.4) by IV using y;_9 as an instrument for
Ay;—1 (which is just identified). Alternatively, GMM using y;—2 and y;_3 as instruments (which is
overidentified, but loses a time-series observation).

A more sophisticated GMM estimator recognizes that for time-periods later in the sample, there
are more instruments available, so the instrument list should be different for each equation. This is
conveniently organized by the GMM principle, as this enables the moments from the different time-
periods to be stacked together to create a list of all the moment conditions. A simple application
of GMM yields the parameter estimates and standard errors.



Chapter 20

Nonparametric Density Estimation

20.1 Kernel Density Estimation

Let X be a random variable with continuous distribution F'(z) and density f(x) = %F(m).
The goal is to estimate f(z) from a random sample (X7, ..., X;,} While F(z) can be estimated by
the EDF F(z) =n~' 321 | 1(X; < ), we cannot define %F(m) since F'(z) is a step function. The
standard nonparametric method to estimate f(x) is based on smoothing using a kernel.

While we are typically interested in estimating the entire function f(z), we can simply focus
on the problem where z is a specific fixed number, and then see how the method generalizes to
estimating the entire function.

Definition 20.1.1 K(u) is a second-order kernel function if it is a
symmetric zero-mean density function.

Three common choices for kernels include the Normal

K(u) = \/12_7rexp <—“;)

the Epanechnikov
3 2
_ Z(l—u), lu| <1
K(u) { 0 |u>1

and the Biweight or Quartic

(1 —u?)?) Jul<1
K(u) ={ 16 ( ; =
() { 0 lu| > 1

In practice, the choice between these three rarely makes a meaningful difference in the estimates.
The kernel functions are used to smooth the data. The amount of smoothing is controlled by

the bandwidth h > 0. Let .

Kalw) = 55 (5)

be the kernel K rescaled by the bandwidth h. The kernel density estimator of f(z) is

f(z) = %ZK;L (X — ).
i=1

330
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This estimator is the average of a set of weights. If a large number of the observations X; are near

x, then the weights are relatively large and f (x) is larger. Conversely, if only a few X; are near z,

then the weights are small and f (x) is small. The bandwidth h controls the meaning of “near”.
Interestingly, f (z) is a valid density. That is, f (z) > 0 for all z, and

/OO f(a:)d:r:/oo %EKh(Xi—JJ)d:L‘
- %0 =1

i=1Y X
1o [®
= —Z/ K (u)du=1
n 4 oo
=1

where the second-to-last equality makes the change-of-variables u = (X; —z)/h.
We can also calculate the moments of the density f(x). The mean is

/°° of(z)ds = %é/_Zth(Xi—z)d:z:

—00

:%2/ (X + uh) K () du
i=17 7"
—liX‘/ooK(u)du—i—lih/muK(u)du
nl:l l - nz:l -0

1 n
ZEZ;Xi

the sample mean of the X;, where the second-to-last equality used the change-of-variables u =
(X; — x)/h which has Jacobian h.
The second moment of the estimated density is

n

/OO 22 f(x)dz = lZ:/OO 22Ky, (X; — ) dz

— n < —
00 i—1 00

1~ [
:Ez/ (X; + uh)? K (u) du
i=1v 7>
—lzn:Xg—i-zzn:Xih/oo K(u)du—l—lzn:h?/oo K (u) du
(it l i > (it >
L 2 2 2
i

where -
o2 —/ u? K (u) du

is the variance of the kernel. It follows that the variance of the density f(z) is
00 0o 2 1 n 1 n 2
27 ; 2, 12 2
dx — d =—> X’+h -1 =) X
[ stayis = ([ aftoras) =13t i (z )
=6 + h¥oj

Thus the variance of the estimated density is inflated by the factor h20%( relative to the sample
moment.
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20.2 Asymptotic MSE for Kernel Estimates

For fixed x and bandwidth A observe that
[o¢]
EKp, (X —z) :/ K (z — ) f(2)dz
—0o0

_ / " K (uh) f(z + hu)hdu

_ /Oo K () f(z + hu)du

The second equality uses the change-of variables u = (z — z)/h. The last expression shows that the
expected value is an average of f(z) locally about z.

This integral (typically) is not analytically solvable, so we approximate it using a second order
Taylor expansion of f(x + hu) in the argument hu about hu = 0, which is valid as h — 0. Thus

Fo+ hu) ~ f(z) + f'(2)hu + % £ (2)h2?
and therefore
EK), (X —z) ~ / T K (u) ( f(z)+ f'(z)hu + E f’/(x)h2u2> du
= fz / K (u)du + f'(x / K (u) udu

l/ h2 / K Qdu

= (o) + 5" @0k

l\D|H

The bias of f(z) is then
Bias(x) = Ef (x) ZEKh - f@) = 5@k

We see that the bias of f(x) at = depends on the second derivative f”(z). The sharper the derivative,
the greater the bias. Intuitively, the estimator f (z) smooths data local to X; = z, so is estimating
a smoothed version of f(z). The bias results from this smoothing, and is larger the greater the
curvature in f(z).

We now examine the variance of f (z). Since it is an average of iid random variables, using
first-order Taylor approximations and the fact that n=! is of smaller order than (nh)~!

var (z) = %V&I‘ (Kp (X; — )

= "B, (Xi —2)° — - (B, (X; )’

~ mK<Z;x>2f(2)dz—gf(w)2

nh2
/ K (u)® f (z + hu) du
~ W/ K (u)* du
 T@RE)

nh
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where R(K) = [* K (u)? du is called the roughness of K.
Together, the asymptotic mean-squared error (AMSE) for fixed z is the sum of the approximate
squared bias and approximate variance

J (2) R(K)

1 " 214 4
- h
fi(@)°h ok + s

AMSE)(z) = 1

A global measure of precision is the asymptotic mean integrated squared error (AMISE)

_ WkRU") | ROK)

) 20.1
4 nh (20.1)

AMISE), = / AMSE(z)da

where R(f") = [ (f"(x))* dz is the roughness of f”. Notice that the first term (the squared bias)
is increasing in h and the second term (the variance) is decreasing in nh. Thus for the AMISE to
decline with n, we need h — 0 but nh — oo. That is, h must tend to zero, but at a slower rate
than n~!.

Equation (20.1) is an asymptotic approximation to the MSE. We define the asymptotically

optimal bandwidth hg as the value which minimizes this approximate MSE. That is,

ho = argmin AMISE},
h

It can be found by solving the first order condition

i _ 134 AN R(K) _
dhAMISEh = Kok R(f") =0
yielding
R(K) \'°
ho= [ ——2— /2, 20.2
° <Jj%<R(f”)> ! (202

This solution takes the form hg = en~/5 where ¢ is a function of K and f, but not of n. We
thus say that the optimal bandwidth is of order O(n~'/?). Note that this h declines to zero, but at
a very slow rate.

In practice, how should the bandwidth be selected? This is a difficult problem, and there is a
large and continuing literature on the subject. The asymptotically optimal choice given in (20.2)
depends on R(K), 0%, and R(f"). The first two are determined by the kernel function. Their
values for the three functions introduced in the previous section are given here.

K 0% = [ u’K (u)du R(K)= [ K (u)’du
Gaussian 1 1/(2+/m)
Epanechnikov 1/5 1/5

Biweight 1/7 5/7

An obvious difficulty is that R(f”) is unknown. A classic simple solution proposed by Silverman
(1986) has come to be known as the reference bandwidth or Silverman’s Rule-of-Thumb. It
uses formula (20.2) but replaces R(f”) with 6 °R(¢"), where ¢ is the N(0, 1) distribution and 62 is
an estimate of 02 = var(X). This choice for h gives an optimal rule when f(x) is normal, and gives
a nearly optimal rule when f(x) is close to normal. The downside is that if the density is very far
from normal, the rule-of-thumb A can be quite inefficient. We can calculate that R(¢”) = 3/ (8y/7).
Together with the above table, we find the reference rules for the three kernel functions introduced
earlier.

Gaussian Kernel: h, . = 1.066n

Epanechnikov Kernel: A, = 2.346m~1/5

Biweight (Quartic) Kernel: Ay e = 2.786n1/5

~1/5
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Unless you delve more deeply into kernel estimation methods the rule-of-thumb bandwidth is
a good practical bandwidth choice, perhaps adjusted by visual inspection of the resulting estimate
f (x). There are other approaches, but implementation can be delicate. I now discuss some of these
choices. The plug-in approach is to estimate R(f”) in a first step, and then plug this estimate into
the formula (20.2). This is more treacherous than may first appear, as the optimal A for estimation
of the roughness R(f”) is quite different than the optimal h for estimation of f(x). However, there
are modern versions of this estimator work well, in particular the iterative method of Sheather
and Jones (1991). Another popular choice for selection of h is cross-validation. This works by
constructing an estimate of the MISE using leave-one-out estimators. There are some desirable
properties of cross-validation bandwidths, but they are also known to converge very slowly to the
optimal values. They are also quite ill-behaved when the data has some discretization (as is common
in economics), in which case the cross-validation rule can sometimes select very small bandwidths
leading to dramatically undersmoothed estimates. Fortunately there are remedies, which are known
as smoothed cross-validation which is a close cousin of the bootstrap.



Appendix A

Matrix Algebra

A.1 Notation

A scalar a is a single number.
A vector a is a k x 1 list of numbers, typically arranged in a column. We write this as

ai
a2
a

Equivalently, a vector a is an element of Euclidean k space, written as @ € R*. If k = 1 then a is
a scalar.
A matrix A is a k X r rectangular array of numbers, written as

a1l a2 - Gl

a1 a2 - G
A= ]

ar1 Qg2 - Qkr

By convention a;; refers to the element in the #'th row and j'th column of A. If » =1 then A is a
column vector. If Kk =1 then A is a row vector. If r = k = 1, then A is a scalar.

A standard convention (which we will follow in this text whenever possible) is to denote scalars
by lower-case italics (a), vectors by lower-case bold italics (a), and matrices by upper-case bold
italics (A). Sometimes a matrix A is denoted by the symbol (a;;).

A matrix can be written as a set of column vectors or as a set of row vectors. That is,

(851
(85)
A:[al a --- ar]:
(877
where
ai;
a;
a; = .
97
are column vectors and
aj=[ajp ap - aj ]

335
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are row vectors.
The transpose of a matrix, denoted A’, is obtained by flipping the matrix on its diagonal.
Thus

aipr a1 - Gkl
A/ a2 a2 - Qg2
air @2y - Qkr

Alternatively, letting B = A, then b;; = aj;. Note that if A is k x r, then A" isr x k. If ais a
k x 1 vector, then @’ is a 1 x k row vector. An alternative notation for the transpose of A is A.
A matrix is square if k = r. A square matrix is symmetric if A = A’, which requires a;; = aj;.
A square matrix is diagonal if the off-diagonal elements are all zero, so that a;; = 0 if ¢ # j. A
square matrix is upper (lower) diagonal if all elements below (above) the diagonal equal zero.
An important diagonal matrix is the identity matrix, which has ones on the diagonal. The
k x k identity matrix is denoted as

10 - 0
o1 - 0
I, = )
00 1
A partitioned matrix takes the form
A Ap - Ay
Asy Az -0 Ay
A= ) . .
At Ape - Apgy

where the A;; denote matrices, vectors and/or scalars.

A.2 Matrix Addition
If the matrices A = (a;;) and B = (b;;) are of the same order, we define the sum
A+ B = (a;j + bij) .
Matrix addition follows the commutative and associative laws:

A+B=B+A
A+(B+C)=(A+B)+C.

A.3 Matrix Multiplication
If Ais k x r and c is real, we define their product as
Ac = cA = (a;5¢).

If @ and b are both k x 1, then their inner product is
k
a'b= a1by + asby + - + apby, = Zajbj.
j=1

Note that a’b = b'a. We say that two vectors a and b are orthogonal if a’b = 0.



APPENDIX A. MATRIX ALGEBRA 337

If Ais k xr and B is r X s, so that the number of columns of A equals the number of rows
of B, we say that A and B are conformable. In this event the matrix product AB is defined.
Writing A as a set of row vectors and B as a set of column vectors (each of length r), then the
matrix product is defined as

a;
ay
AB=| 7 |[b b - b]
| @,
[ a}b; alby - a)bs
B abby abby -+ dyb;
| apby apby oo apb

Matrix multiplication is not commutative: in general AB # BA. However, it is associative
and distributive:

A(BC)=(AB)C
A(B+C)=AB+ AC

An alternative way to write the matrix product is to use matrix partitions. For example,

[ A11 A12 Bll B12
AB =
| A21 Ag } [ B2 B ]

_ [ A;1Bi11+ A12B21 A11Bio + A1sBoo
| A21B11 + AsB21 A21Bio + AsBas |

As another example,

AB:[Al Ay - Ar]
B,
=A1B1+ABy+---+ A, B,

=> A;B;
j=1

An important property of the identity matrix is that if A is kxr, then AI,, = A and I, A = A.
The k x r matrix A, r < k, is called orthogonal if A’A = I,..

A.4 Trace

The trace of a k x k square matrix A is the sum of its diagonal elements

k
tr (A) = Z Qi
=1
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Some straightforward properties for square matrices A and B and real ¢ are

Also, for £k x r A and r x k B we have

tr (AB) = tr (BA). (A.1)
Indeed,
alb; ayby --- ajby
tr (AB) = tr ayby a%bg o by,
a;c.bl ag by - a;; by

k
= Z a; bi
i=1
k
= Z b.a;
i=1
=tr(BA).

A.5 Rank and Inverse
The rank of the k x r matrix (r < k)
A:[al ay --- ar]

is the number of linearly independent columns a;, and is written as rank (A). We say that A has
full rank if rank (A) = r.

A square k x k matrix A is said to be nonsingular if it is has full rank, e.g. rank (A) = k.
This means that there is no k x 1 ¢ # 0 such that Ac = 0.

If a square k x k matrix A is nonsingular then there exists a unique matrix k x k matrix A~!
called the inverse of A which satisfies

AA ' =AT1A=1T,.

For non-singular A and C, some important properties include

AAT =ATTA=1T,
(A7) = ()"
(AC) t=cCctA™?
A+O0)'=A1 (A +CcY)
Al—A+o) T =A (AT oY)

1 C_l

1 A_l

Also, if A is an orthogonal matrix, then A~' = A’.
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Another useful result for non-singular A is known as the Woodbury matrix identity
(A+BCD) '=A"'-A"'BC(C+CDA™'B C)*1 CDA™ . (A.2)

In particular, for C = —1, B = band D = ¥ for vector b we find what is known as the Sherman—
Morrison formula

1

(A-bb) '=A '+ (1-VA D) ABHA L (A.3)

The following fact about inverting partitioned matrices is quite useful.

(A4)

[ A Ap ]_1

[ Al A } — [ Af11-2 _Af11~2A12A2721
Ay As

21 22 -1 -1 —1
A A _A22~1A21A11 A22~1
where Aq1.9 = Aq1 — A12A2_21A21 and Agg.1 = Agg — A21A1_11A12. There are alternative algebraic

representations for the components. For example, using the Woodbury matrix identity you can
show the following alternative expressions

All = Al_ll + A1_11A12A2_21~1A21A1_11
A% = Ay + Ay An AT, AnAy
A = —Aj ApAy,
A% = _A2721A21A1711~2

Even if a matrix A does not possess an inverse, we can still define the Moore-Penrose gen-
eralized inverse A~ as the matrix which satisfies

AATA=A
ATAAT = A"
AA™ is symmetric

A" A is symmetric

For any matrix A, the Moore-Penrose generalized inverse A~ exists and is unique.
For example, if

N [ A1 O
A=1"0 o ]
and when Al_l1 exists then
_ (A o
e } .

A.6 Determinant

The determinant is a measure of the volume of a square matrix.

While the determinant is widely used, its precise definition is rarely needed. However, we present
the definition here for completeness. Let A = (a;;) be a general k x k matrix . Let 7 = (j1, ..., j)
denote a permutation of (1, ..., k). There are k! such permutations. There is a unique count of the
number of inversions of the indices of such permutations (relative to the natural order (1,...,k),
and let e, = +1 if this count is even and ¢, = —1 if the count is odd. Then the determinant of A
is defined as

det A = E EnQ1j 024y * * * Qkjy -
s
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For example, if A is 2 x 2, then the two permutations of (1,2) are (1,2) and (2,1), for which
6(172) =1 and 6(271) = —1. Thus

det A = £(1 9ya11a22 + €(2,1)a21012
= a11022 — (12021-
Some properties include

o det
o det(cA) = cFdet A
o det (AB) = (det A) (det B)
(A7Y) = (det A)"

. { } (det D) det (A — BD™'C) if det D # 0

e det A # 0 if and only if A is nonsingular
e If A is triangular (upper or lower), then det A = Hle aj;

e If A is orthogonal, then det A = +1

A.7 Eigenvalues
The characteristic equation of a k X k square matrix A is
det (A — AIy) = 0.

The left side is a polynomial of degree k£ in A so it has exactly k roots, which are not necessarily
distinct and may be real or complex. They are called the latent roots or characteristic roots or
eigenvalues of A. If )\; is an eigenvalue of A, then A — \;I is singular so there exists a non-zero
vector h; such that

(A —X\NIg)h;=0.

The vector h; is called a latent vector or characteristic vector or eigenvector of A corre-
sponding to ;.

We now state some useful properties. Let A; and h;, ¢ = 1,...,k denote the k eigenvalues and
eigenvectors of a square matrix A. Let A be a diagonal matrix with the characteristic roots in the
diagonal, and let H = [hy -- - hg].

o det(A) =TI, \i
o tr(A) =0 N
e A is non-singular if and only if all its characteristic roots are non-zero.

e If A has distinct characteristic roots, there exists a nonsingular matrix P such that A =
P 'AP and PAP ! = A.

o If A is symmetric, then A = HAH' and H'AH = A, and the characteristic roots are all
real. A = HAH' is called the spectral decomposition of a matrix.

e When the eigenvalues of k£ x k A are real they are written in decending order \y > Ay > -+- >
Ak- We also write Apin (A) = A = min{\;} and Apax (A) = A1 = max{)\}.
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e The characteristic roots of A™! are )\1_1, )\2_1, . )\,;1.
e The matrix H has the orthonormal properties HH =TI and HH' = 1.
e H'=H'and (H) '=H

A.8 Positive Definiteness

We say that a k£ x k symmetric square matrix A is positive semi-definite if for all ¢ # 0,
d Ac > 0. This is written as A > 0. We say that A is positive definite if for all ¢ # 0, ¢ Ac > 0.
This is written as A > 0.

Some properties include:

e If A = G'G for some matrix G, then A is positive semi-definite. (For any ¢ # 0, ¢ Ac =
o'a > 0 where a = Ge.) If G has full rank, then A is positive definite.

e If A is positive definite, then A is non-singular and A~! exists. Furthermore, A~! > 0.
e A > 0 if and only if it is symmetric and all its characteristic roots are positive.

e By the spectral decomposition, A = HAH’ where H'H = I and A is diagonal with non-
negative diagonal elements. All diagonal elements of A are strictly positive if (and only if)
A > 0.

e If A>0then A '=HA'H'

e If A > 0 and rank(A) = r < k then A~ = HA H’ where A~ is the Moore-Penrose
generalized inverse, and A~ = diag ()\1_1, )\2_1, . )\,;1, o,.., O)

e If A > 0 we can find a matrix B such that A = BB’. We call B a matrix square root
of A. The matrix B need not be unique. One way to construct B is to use the spectral
decomposition A = HAH' where A is diagonal, and then set B = H A2, There is a unique
root root B which is also positive semi-definite B > 0.

A square matrix A is idempotent if AA = A. If A is idempotent and symmetric then all its
characteristic roots equal either zero or one and is thus positive semi-definite. To see this, note
that we can write A = HAH' where H is orthogonal and A contains the 7 (real) characteristic

roots. Then
A=AA=HAH'HAH = HA’H'.

By the uniqueness of the characteristic roots, we deduce that A2 = A and AZZ =)\ fori=1,..,r
Hence they must equal either 0 or 1. It follows that the spectral decomposition of idempotent A

takes the form
I,_,. O

a-m | T 0

] H (A.5)

with H'H = I. Additionally, tr(A) = rank(A).
If A is idempotent then I — A is also idempotent.
One useful fact is that A is idempotent then for any conformable vector e,

dAc<dc (A.6)
d(I-A)c< e (A.7)
To see this, note that
de=dAc+d(I-A)e

Since A and I — A are idempotent, they are both positive semi-definite, so both ¢ Ac and
cd (I — A) c are negative. Thus they must satisfy (A.6)-(A.7)..
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A.9 Matrix Calculus

Let € = (21,...,7%) be k x 1 and g(z) = g(x1, ..., zx) : R¥ — R. The vector derivative is

5 729 (z)
oz (z) = ) :
ETR ()
and 9
—9(@) = (9@ - ge(@) ).
Some properties are now summarized.
e L(dz)=2L (z'a)=a
) 8(1’ (Az)=A

o L (Az)=(A+ Az

8

o5

o 32 (a'Az) = A+ A

A.10 Kronecker Products and the Vec Operator

Let A =[a; a2 --- a,] be m x n. The vec of A, denoted by vec (A), is the mn x 1 vector
ai
a
vec (A) =
an

Let A = (a;j) be an m x n matrix and let B be any matrix. The Kronecker product of A
and B, denoted A ® B, is the matrix

anB a2B a1, B

a1 B axpB --- ay,B
A®B = ) ) :

amlB amgB e amnB

Some important properties are now summarized. These results hold for matrices for which all
matrix multiplications are conformable.

e (A+B) C=A®C+B®C

(A B)(C® D)= AC® BD

e A9(BRC)=(A®B)®C

e (A®B)=A"@B’

e tr(A®B) =tr(A)tr(B)

o If Aism xm and B is n x n, det(A @ B) = (det (A))" (det (B))™
e (A®B)'=A"19 B!

e [fA>0and B >0then A®B >0

e vec(ABC) = (C'® A)vec(B)

e tr (ABCD) = vec(D') (C' @ A) vec (B)
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A.11 Vector and Matrix Norms

The Euclidean norm of an m x 1 vector a is

lal| = (a'a)"/?

— (tr (A'A))

If an m X m matrix A is symmetric with eigenvalues Ay, £ = 1, ..., m, then

m 1/2
Al = (Z A?) :
(=1

To see this, by the spectral decomposition A = HAH' with H'H = I and A = diag{\1, ..., \m},
SO

m 1/2
IA[| = (tr (HAH'HAH'))'? = (tr (AA))Y/? = (Z A?) . (A.8)
=1
A useful calculation is for any m x 1 vectors a and b, using (A.1),
1/2
|ab|| = tr (ba’'ab) " = (¥ba'a)""* = | al |15]

and in particular
|ad|| = |al*. (A.9)

The are other matrix norms. Another norm of frequent use is the spectral norm
1/2
IAlls = (Amax (A’A))

where A\pax (B) denotes the largest eigenvalue of the matrix B.

A.12 Matrix Inequalities

Schwarz Inequality: For any m x 1 vectors a and b,
|a’b] < [lall[|B] . (A.10)
Schwarz Matrix Inequality: For any m x n matrices A and B,

|A'B|| < ||A[l| B (A.11)
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Triangle Inequality: For any m x n matrices A and B,
|A+B| <Al + B (A.12)
Trace Inequality. For any m X m matrices A and B such that A is symmetric and B > 0
tr (AB) < Apax (A) tr (B) (A.13)

where Apax (A) is the largest eigenvalue of A.
Quadratic Inequality. For any m x 1 b and m x m symmetric matrix A

b'Ab < Apax (A) Vb (A.14)
Norm Inequality. For any m x m matrices A and B such that A >0and B >0
|AB]| < Amax (A) | B (A.15)

where Apax (A) is the largest eigenvalue of A.
Eigenvalue Product Inequaly. For any k x k matrices A > 0 and B > 0, the eigenvalues
A¢ (AB) are real and satisfy

Auin (A) Anin (B) < A (AB) = A (AY2BAY2) < Ao (A) Aax (B) (A.16)
(Zhang and Zhang, 2006, Corollary 11)

Jensen’s Inequality. If g(-) : R — R is convex, then for any non-negative weights a; such that
> a; =1, and any real numbers x;

j=1
m m
gD ajzs | <D ajg(z)). (A.17)
j=1 j=1
In particular, setting a; = 1/m, then
1 — 1 —
- < = )
g mZa:] < mZg(xj). (A.18)
7=1 J=1
Loéve’s ¢, Inequality. For r > 0,
T
m m
Zaj < CTZ|(ZJ‘|T (A.19)
j=1 J=1

where ¢, = 1 when r < 1 and ¢, = m"~! when r > 1.
c2 Inequality. For any m x 1 vectors a and b,

(a+b) (a+b)<2da+2bd (A.20)

Proof of Schwarz Inequality: First, suppose that ||b|| = 0. Then b = 0 and both |a'b| = 0 and
||a]| ||b]] = 0 so the inequality is true. Second, suppose that ||b|| > 0 and define ¢ = a—b (b'b)f1 b a.
Since ¢ is a vector, ¢ ¢ > 0. Thus

0<cdec=da- (a’b)2/(b’b).
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Rearranging, this implies that
(a’b)2 < (a’a) (b’b) )

Taking the square root of each side yields the result. |

Proof of Schwarz Matrix Inequality: Partition A = [a4,...,a,] and B = [by,..., b,]. Then
by partitioned matrix multiplication, the definition of the matrix Euclidean norm and the Schwarz
inequality

aib; ajby -
aB] = | b aib

HalHHblH !alHHsz

< || llazl[ |1l Ilaz]l [|b2]l
n n 1/2
= 1) ladl? 16017
=1 j=1
n 12/ » 1/2
() ()
=1 =1
n m 1/2 n m 1/2
= 22>k (DD bl
=1 j=1 =1 j=1
= [|A[ B

Proof of Triangle Inequality: Let a = vec (A) and b= vec (B) . Then by the definition of the
matrix norm and the Schwarz Inequality
IA+B|* = [la+ b
=da+2adb+bb

< a'a+2‘a'b| +b'b

< [lal® + 2| all | 6] + | 8]
= (llall + 116])

= (|A] +BI)?

Proof of Trace Inequality. By the spectral decomposition for symmetric matices, A = HAH’
where A has the eigenvalues \j of A on the diagonal and H is orthonormal. Define C = H'BH
which has non-negative diagonal elements C}; since B is positive semi-definite. Then

tr (AB) =tr (AC) = Z \;Cj; < max by chj = Amax (A) tr (C)
7j=1 7j=1
where the inequality uses the fact that C;; > 0. But note that

tr (C)=tr (H'BH) = tr (HH'B) = tr (B)
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since H is orthonormal. Thus tr (AB) < A\pax (A) tr (B) as stated. [ |

Proof of Quadratic Inequality: In the Trace Inequality set B = bb and note tr (AB) = ¥ Ab
and tr (B) = b'b. [ |

Proof of Norm Inequality. Using the Trace Inequality

|AB| = (tr (BAAB))"/?

= (tr (AABB))Y/?
< (\max (AA) tr (BB))'/2
= Amax (A) | B[
The final equality holds since A > 0 implies that Apax (AA) = Amax (A)%. [
Proof of Jensen’s Inequality (A.17). By the definition of convexity, for any A € [0, 1]
g Az + (1= A)x2) < Ag(z1) + (1 - A) g (22). (A.21)
This implies
m mo
;aﬂj =g | ag(z1)+ (1 —a1) ]Z_: ] _Jalifj

<a1g(z1) + (1 —ay) Zb xj

where b; = a;/(1 —a1) and } ", b; = 1. By another application of (A.21) this is bounded by

m m

a1g (@1)+(1 =) | bag(wa) + (1= ba)g | D cjwj | | = arg (1) +azg(wa)+(1 —ar) (1-ba)g | D cj;
j=2 J=2

where ¢; = b;j/(1 — ba). By repeated application of (A.21) we obtain (A.17). [ |

Proof of Loéve’s ¢, Inequality. For r > 1 this is simply a rewriting of the finite form Jensen’s
inequality (A.18) with g(u) = u”. For r < 1, define b; = |a;| / (ZTZI \aj|) . The facts that 0 < b; <1
and <1 imply b; < b7 and thus

=D b <)Y
=1 =1

which implies

m m

S lagl | <> el

j=1 j=1

The proof is completed by observing that

m m

Soai| <D gyl

=1 j=1
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Proof of ¢y Inequality. By the ¢, inequality, (a; + bj)2 < Qa? + Qb?. Thus
m
(a+b Z aj + bj)
=1

! m m
< 2Za§+22b§
j=1 j=1

=2a'a+2b'b



Appendix B

Probability

B.1 Foundations

The set S of all possible outcomes of an experiment is called the sample space for the exper-
iment. Take the simple example of tossing a coin. There are two outcomes, heads and tails, so
we can write S = {H,T'}. If two coins are tossed in sequence, we can write the four outcomes as
S={HH,HT,TH,TT}.

An event A is any collection of possible outcomes of an experiment. An event is a subset of .S,
including S itself and the null set (). Continuing the two coin example, one event is A = {HH, HT'},
the event that the first coin is heads. We say that A and B are disjoint or mutually exclusive
if AN B = (). For example, the sets {HH, HT} and {TH} are disjoint. Furthermore, if the sets
A1, Ag, ... are pairwise disjoint and U2, A; = S, then the collection Aq, Ag, ... is called a partition
of S.

The following are elementary set operations:

Union: AUB={z:x € Aorze€ B}.

Intersection: ANB = {z:x € A and z € B}.

Complement: A°={z:z ¢ A}.

The following are useful properties of set operations.

Commutatitivity: AU B = BU A; ANB=BnNA.

Associativity: AU(BUC)=(AUB)UC; AN(BNC)=(AnB)nC.

Distributive Laws: AN(BUC) =(ANB)U(ANC); AU(BNC)=(AUB)N(AUC).

DeMorgan’s Laws: (AU B)® = A°N B (AN B)“ = A°U BC.

A probability function assigns probabilities (numbers between 0 and 1) to events A in S.
This is straightforward when S is countable; when S is uncountable we must be somewhat more
careful. A set B is called a sigma algebra (or Borel field) if ) € B, A € B implies A° € B, and
Ay, Ay, ... € B implies U°; A; € B. A simple example is {(), S} which is known as the trivial sigma
algebra. For any sample space S, let B be the smallest sigma algebra which contains all of the open
sets in S. When S is countable, B is simply the collection of all subsets of S, including () and S.
When S is the real line, then B is the collection of all open and closed intervals. We call B the
sigma algebra associated with S. We only define probabilities for events contained in B.

We now can give the axiomatic definition of probability. Given S and B, a probability function
Pr satisfies Pr(S) = 1, Pr(A) > 0 for all A € B, and if Ay, Ag,... € B are pairwise disjoint, then
Pr (U2, 4;) = 3772, Pr(4;).

Some important properties of the probability function include the following

e Pr(f)=0
e Pr(4) <1
e Pr(A°)=1-"Pr(A)

348
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e Pr(BnNA°) =Pr(B)—Pr(ANB)

e Pr(AUB) =Pr(A) +Pr(B) - Pr(AnB)

e If A C B then Pr(A) < Pr(B)

e Bonferroni’s Inequality: Pr(A N B) > Pr(A4) + Pr(B) — 1
e Boole’s Inequality: Pr (AU B) < Pr(A) + Pr(B)

For some elementary probability models, it is useful to have simple rules to count the number
of objects in a set. These counting rules are facilitated by using the binomial coefficients which are
defined for nonnegative integers n and r, n > r, as

() ==

When counting the number of objects in a set, there are two important distinctions. Counting
may be with replacement or without replacement. Counting may be ordered or unordered.
For example, consider a lottery where you pick six numbers from the set 1, 2, ..., 49. This selection is
without replacement if you are not allowed to select the same number twice, and is with replacement
if this is allowed. Counting is ordered or not depending on whether the sequential order of the
numbers is relevant to winning the lottery. Depending on these two distinctions, we have four
expressions for the number of objects (possible arrangements) of size r from n objects.

Without With
Replacement Replacement
Ordered (n%'r), n”
Unordered ™ ("

In the lottery example, if counting is unordered and without replacement, the number of po-
tential combinations is (469) = 13, 983, 816.

If Pr(B) > 0 the conditional probability of the event A given the event B is
Pr(ANB)
Pr(A|B) = ———=—

r(A]B) Pr(B)

For any B, the conditional probability function is a valid probability function where S has been
replaced by B. Rearranging the definition, we can write

Pr(AnB)=Pr(A| B)Pr(B)

which is often quite useful. We can say that the occurrence of B has no information about the
likelihood of event A when Pr (A | B) = Pr(A), in which case we find

Pr(AN B) = Pr(A) Pr(B) (B.1)

We say that the events A and B are statistically independent when (B.1) holds. Furthermore,
we say that the collection of events Ay, ..., Ax are mutually independent when for any subset

{AZ NS I},
Pr (ﬂAZ) =[] Pr 4.

el el

Theorem 3 (Bayes’ Rule). For any set B and any partition Ay, Aa, ... of the sample space, then
for eachi=1,2, ...

Pr(4; | B) = Y52 Pr(B | Aj) Pr(4))
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B.2 Random Variables

A random variable X is a function from a sample space S into the real line. This induces a
new sample space — the real line — and a new probability function on the real line. Typically, we
denote random variables by uppercase letters such as X, and use lower case letters such as x for
potential values and realized values. (This is in contrast to the notation adopted for most of the
textbook.) For a random variable X we define its cumulative distribution function (CDF) as

F(z)=Pr(X <ux). (B.2)
Sometimes we write this as Fix(z) to denote that it is the CDF of X. A function F(z) is a CDF if
and only if the following three properties hold:
1. limg o F(z) =0 and lim, o F'(z) =1
2. F(z) is nondecreasing in x

3. F(x) is right-continuous

We say that the random variable X is discrete if F'(x) is a step function. In the latter case,
the range of X consists of a countable set of real numbers 71, ..., 7. The probability function for X

takes the form
PI‘(XZTj)Z?Tj, jZl,...,T (B3)
where 0 < 7; <1 and 22:1 = 1.
We say that the random variable X is continuous if F'(x) is continuous in . In this case Pr(X =

7) = 0 for all 7 € R so the representation (B.3) is unavailable. Instead, we represent the relative
probabilities by the probability density function (PDF)

f() = - Fla)
so that .
F(z) = /_ f(u)du
and

Pr(a < X <)) :/bf(u)du.

These expressions only make sense if F'(z) is differentiable. While there are examples of continuous
random variables which do not possess a PDF, these cases are unusual and are typically ignored.
A function f(z) is a PDF if and only if f(x) >0 for all 2 € R and [%_ f(z)dx = 1.

B.3 Expectation

For any measurable real function g, we define the mean or expectation Eg(X) as follows. If
X is discrete,

Eg(X) =Y g(rj)m;,
j=1

and if X is continuous

|l s < s (B.4)
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/ du
(x)>0
/ du

If I; = co and Is < oo then we define Eg(X) = oo. If I; < oo and [2 = oo then we define
Eg(X) = —oco. If both I} = oo and I = 0o then Eg(X) is undefined.

Since E (a + bX) = a + bEX, we say that expectation is a linear operator.

For m > 0, we define the m/th moment of X as EX™ and the m’th central moment as
E(X —EX)™.

Two special moments are the mean p = EX and variance 02 = E (X — ,u) =EX? — ;2. We
call 0 = V0?2 the standard deviation of X. We can also write 02 = = var(X). For example, this
allows the convenient expression var(a + bX) = b% var(X).

The moment generating function (MGF) of X is

M(X\) =Eexp (AX).

If (B.4) does not hold, evaluate

The MGF does not necessarily exist. However, when it does and E|X|™ < oo then
dm
axm

which is why it is called the moment generating function.
More generally, the characteristic function (CF) of X is

C(A) = Eexp (iAX)

—_MMN)|  =EX™)

A=0

where i = \/—1 is the imaginary unit. The CF always exists, and when E |X|™ < oo
dm
C(A)

d ™
The L? norm, p > 1, of the random variable X is

I1X1, = (B|X]")"7.

— i"E (X™).
A=0

B.4 Gamma Function

The gamma function is defined for o > 0 as

It satisfies the property
so for positive integers n,
Special values include

and .
r(=)=nx"2
(3)--
Sterling’s formula is an expansion for the its logarithm

R S S
12 36003 = 126005

1 1
logT(a) = 5 log(27) + <Oz - 5) loga — z +



APPENDIX B. PROBABILITY 352

B.5 Common Distributions

For reference, we now list some important discrete distribution function.

Bernoulli
Pr(X =2)=p"(1 —p)'™%, x=0,1; 0<p<l1
EX =p
var(X) = p(1 —p)
Binomial

Pr(X:x):<n>px(1—p)”_I, x=0,1,...,n; 0<p<l1
x

EX =np
var(X) = np(1 — p)

Geometric
Pr(X=xz)=p1l-p)* "' z=12.; 0<p<l
1
EX = -
p
1—p
var(X) =
(X) e
Multinomial
n‘ XT1 L2 T,
Pr(X;=z1,Xo=22,.... X;p =) = mpl pa2 - pim,

1+ F Ty =1
prt-dpm=1
EX; = p;
var(X;) = np;i(1 — pi)
cov (X, X;) = —npip;

Negative Binomial

F(T‘—{—LE) r rz—1
=z)=——"p"(1— = <p<
gx—"1—D)

b
r(1—p)
var(X) =
(X) e
Poisson
—A) AT

Pr(X =z) = %, 2=0,1,2,.., A>0

EX =)\

var(X) = A

We now list some important continuous distributions.
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Beta

Cauchy

Exponential

1 T
= Z < :
f(z) eexp<0>, 0<z< o0 >0
EX =0
var(X) = 62

Logistic

o) = 2P L)

5 —o0 < T <00
+exp (—7))

-7
EX =0

71'2
3

Lognormal

1 (logz — )’
T) = exp | ———— |, 0<z < o0 >0
Ha) = —— p( 52
EX = exp (1 + 0°/2)

var(X) = exp (2u + 20°) — exp (2 + o)
Pareto

f(x):fg;.ﬁv a<z<oo, a>0, fB>0
B
51
Ba?
(B-1*(B-2)

EX = B>1

var(X) = B> 2

Uniform

353
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Weibull
¥
f(x)—%w”’lexp<—%>, 0<x<oo; 4>0,8>0
1
EX = 8Y/T <1 + —>
~
2/ 2 2 1
var(X) =7 (T (14+— ) —-T* 1+ —
Y Y
Gamma
1 a—1 T
f(x) I‘(a)eaz exp< 9>, 0 < x < oo a>0,0>0
EX = af
var(X) = af?
Chi-Square
1 T
e — T‘/2—1 o < .
/@) rer/22r P ( 2) o Ose<os >0
EX =r
var(X) = 2r
Normal
_ 1 ((E B /1’)2 X 2
f(l‘)—maexp<— 572 , —00 < T < 00; —co < pu<oo, 0°>0
EX =pu
var(X) = o?
Student t
r4+1
I (=) 22\ ~(5)
f(:c):—QT(l—i-—) ; —00 < & < 00; r>0
vrol (5) r

EX =0ifr>1
var(X) = T2ifr>2
r —

B.6 Multivariate Random Variables

A pair of bivariate random variables (X,Y) is a function from the sample space into R?. The
joint CDF of (X,Y) is
Flz,y)=Pr(X <z,Y <y).

If F' is continuous, the joint probability density function is
82
=——F .
flz,y) 920y (z,y)

For a Borel measurable set A € R?,

Pr((X,Y) € A) = / /A F(@,y)dzdy
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For any measurable function g(z,y),

(e} o0
Eg(X,Y) = / / 9(z,y) f(z, y)dxdy.
The marginal distribution of X is

Fx(z) =Pr(X <x)
= lingo F(z,y)

_ 700 | sy

Fx(z) = %FX(Q;) _ / " Hay)dy.

so the marginal density of X is

Similarly, the marginal density of Y is

fr(y) = /_Oo f(@,y)dz.

The random variables X and Y are defined to be independent if f(z,y) = fx(z)fy(y).
Furthermore, X and Y are independent if and only if there exist functions g(x) and h(y) such that

f(zy) = g(z)h(y).
If X and Y are independent, then

B0 = [ [ sl f0,2)dyds
— [ [ @)t sxw)dyds
~ [s@irx(@)ds [ no)p @iy
=Eg(X)ER(Y). (B.5)
if the expectations exist. For example, if X and Y are independent then
E(XY) =EXEY.
Another implication of (B.5) is that if X and Y are independent and Z = X + Y, then

Mz(A) =Eexp(AM(X +Y))
= E (exp (AX) exp (\Y))
= Eexp ()\’X) Eexp (XY)
= Mx (N My (N). (B.6)
The covariance between X and Y is

cov(X,Y) = oxy = E((X — EX) (Y — EY)) = EXY — EXEY.

The correlation between X and Y is

oxXy
ox0oy

corr (X,Y) = pxy =
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The Cauchy-Schwarz Inequality implies that

lpxy| < 1. (B.7)

The correlation is a measure of linear dependence, free of units of measurement.

If X and Y are independent, then oxy = 0 and pxy = 0. The reverse, however, is not true.
For example, if EX = 0 and EX?3 = 0, then cov(X, X?) = 0.

A useful fact is that

var (X +Y) = var(X) + var(Y') + 2 cov(X,Y).
An implication is that if X and Y are independent, then
var (X +Y) = var(X) + var(Y),

the variance of the sum is the sum of the variances.

A k x 1 random vector X = (X1, ..., X}) is a function from S to R*. Let « = (z1, ..., z)’ denote
a vector in R*. (In this Appendix, we use bold to denote vectors. Bold capitals X are random
vectors and bold lower case x are nonrandom vectors. Again, this is in distinction to the notation
used in the bulk of the text) The vector X has the distribution and density functions

F(z)=Pr(X <z

k
f(2) = 5———F(a)

For a measurable function g : R¥ — R®, we define the expectation

Bo(X) = | g@)f(@)ia
where the symbol da denotes dx; - - - dry. In particular, we have the k£ x 1 multivariate mean
n=EX
and k x k covariance matrix

E=E((X - p) (X -p))
=EXX' — pp/

If the elements of X are mutually independent, then ¥ is a diagonal matrix and
k k
var (Z X1> = Evar (X4)
i=1 i=1

B.7 Conditional Distributions and Expectation

The conditional density of Y given X = x is defined as

fyix(ylz) = 7J}($(7 y))

x (T
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if fx(x) > 0. One way to derive this expression from the definition of conditional probability is

frx ] @) = S lmPr(y <y |z <X <wto)
e—

dy
_ihmPr({YSy}ﬁ{mSXSw—i-e})
Oy e—0 Prle < X <z +¢)

_ 0y Fletey) — F(z.y)
N 0y —0 Fx($+€) —Fx(m)
o .. %F(m—i—s,y)
= —lim&— —-
Oy e—0  fx(x+e¢)
_ w ()
fx ()
f(z,y)

- fx(z)
The conditional mean or conditional expectation is the function

[e.9]

m(x) = E(Y | X =w>=/ ufyix (v] @) dy.

The conditional mean m(x) is a function, meaning that when X equals «, then the expected value
of Y is m(x).
Similarly, we define the conditional variance of Y given X = x as

o¥(xz) =var (Y | X = z)
—F ((Y “m(@)? | X = :1:)
=E(Y?| X =z) —m(z)>.

Evaluated at £ = X, the conditional mean m(X) and conditional variance ¢?(X) are random
variables, functions of X. We write this as E(Y | X) = m(X) and var (Y | X) = 0%(X). For
example, f E(Y | X = ) = a+ 'z, then E(Y | X) = a + f'X, a transformation of X.

The following are important facts about conditional expectations.

Simple Law of Iterated Expectations:

B(E(Y | X)) = E(Y) (B.5)
Proof:
E(E(Y | X)) = E (m(X))
- / m(x) fx (z)da

e}

= /_OO /_°° yfvix (v | =) fx(z)dydz

—/Oo /Oo yf (y, z) dyde
:E(;o) N

Law of Iterated Expectations:

EE(Y | X,Z)|X)=E(Y | X) (B.9)
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Conditioning Theorem. For any function g(x),

E(@X)Y | X)=g(X)E(Y | X) (B.10)
Proof: Let

hz) =E(g(X)Y | X = )

- / " g(@)fyix (v] ) dy

—00

9(z) /OO yfyix (y | =) dy

= g(x)m(z)

where m(z) = E(Y | X = x). Thus h(X) = g(X)m(X), which is the same as E (¢(X)Y | X) =
g(X)EY | X).

B.8 Transformations

Suppose that X € R* with continuous distribution function Fx(z) and density fx(z). Let
Y = g(X) where g(z) : R¥ — R* is one-to-one, differentiable, and invertible. Let h(y) denote the
inverse of g(x). The Jacobian is

0
J(y) =det | =—h .
() = et 500 )
Consider the univariate case k = 1. If g(z) is an increasing function, then g(X) <Y if and only
if X <h(Y), so the distribution function of Y is

Fy(y) =Pr(g9(X) <y)

Taking the derivative, the density of Y is
d d
— Y ) = Y)) —h(y).
fy(v) dy v(y) = fx (M(Y)) dyh(y)

If g(z) is a decreasing function, then g(X) <Y if and only if X > h(Y), so
Fy(y) = Pr(9(X) <y)
=1-Pr(X >hn(Y))
=1-Fx (hY))
and the density of Y is
(o) = ~£x (B(Y) Th(o).
We can write these two cases jointly as

fr(y) = fx (W(Y)) I (y)]- (B.11)

This is known as the change-of-variables formula. This same formula (B.11) holds for k& > 1, but
its justification requires deeper results from analysis.

As one example, take the case X ~ UJ[0,1] and Y = —log(X). Here, g(x) = —log(z) and
h(y) = exp(—y) so the Jacobian is J(y) = —exp(y). As the range of X is [0, 1], that for Y is [0,00).
Since fx (x) =1 for 0 <z <1 (B.11) shows that

fy(y) = exp(—y), 0 <y < oo,

an exponential density.
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B.9 Normal and Related Distributions

The standard normal density is

1 < x2>
exp | —— |, —00 < T < 00.

o(x) = Ton 5

It is conventional to write X ~ N (0,1), and to denote the standard normal density function by
¢(x) and its distribution function by ®(z). The latter has no closed-form solution. The normal
density has all moments finite. Since it is symmetric about zero all odd moments are zero. By
iterated integration by parts, we can also show that EX? = 1 and EX* = 3. In fact, for any positive
integer m, EX?™ = (2m — 1)!! = (2m — 1) - (2m — 3) --- 1. Thus EX* = 3, EX% = 15, EX® = 105,
and EX'0 = 945.

If Z is standard normal and X = pu + oZ, then using the change-of-variables formula, X has

density
1 (x —p)?
f(z) = exp | ————— |, —00 < x < 0.

o2mo 202

which is the univariate normal density. The mean and variance of the distribution are p and
02, and it is conventional to write X ~ N (u, 02).
For € R¥, the multivariate normal density is

1 (z—p)'E " (z—p)
f(:L‘) = (27_‘_)k/2 det (2)1/2 exp (_ 9 ) s T < Rk.

The mean and covariance matrix of the distribution are g and ¥, and it is conventional to write
X ~N(p,X).

The MGF and CF of the multivariate normal are exp (Xu + )\'2)\/2) and exp (i)\'u — )\'2)\/2) ,
respectively.

If X € R* is multivariate normal and the elements of X are mutually uncorrelated, then
Y= diag{a?} is a diagonal matrix. In this case the density function can be written as

f(z) = ! exp <_ <(=’B1—M1)2/U%+"'+($k—uk)2/01%>>
k

k
~1I- } —— exp (_(xj _éij)2>
j:1(27r) / 0y 20;

which is the product of marginal univariate normal densities. This shows that if X is multivariate
normal with uncorrelated elements, then they are mutually independent.

Theorem B.9.1 If X ~ N(u,X) and Y = a + BX with B an invertible matriz, then Y ~
N(a+ Bu,BXB’).

Theorem B.9.2 Let X ~ N(0,I,). Then Q = X'X 1is distributed chi-square with r degrees of
freedom, written x2.

Theorem B.9.3 If Z ~ N (0,A) with A >0, q x q, then Z'A™'Z ~ 2.

Theorem B.9.4 Let Z ~ N (0,1) and Q ~ x? be independent. Then T, = Z/+/Q/r is distributed
as student’s t with r degrees of freedom.
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Proof of Theorem B.9.1. By the change-of-variables formula, the density of Y = a + BX is

fly) =

1 y—py) Sy (y—p
2 det (By ) 2T <_( . 3 W) et

where gy = a+Bp and Xy = BEB’, where we used the fact that det (BEB’)"/? = det ()2 det (B).
|

Proof of Theorem B.9.2. First, suppose a random variable @ is distributed chi-square with r
degrees of freedom. It has the MGF

Eexp (tQ) = /Ooo Wfﬂl exp (tz) exp (—z/2) dy = (1 — 2¢) 7"/
2

where the second equality uses the fact that [y~ exp (—by) dy = b~ "I'(a), which can be found
by applying change-of-variables to the gamma function. Our goal is to calculate the MGF of
Q = X’'X and show that it equals (1 — 275)771/ 2 which will establish that Q ~ X2.

Note that we can write @ = X'X = 377, ZJ2 where the Z; are independent N (0,1). The
distribution of each of the ij is

using the change-of-variables s = 22 and the fact I’ (%) = /. Thus the density of ij is

1 _ x
fiz) = Wﬂf 12 exp (—5)

which is the x? and by our above calculation has the MGF of Eexp (tZJZ) =(1- 2t)71/2 .
Since the ZJ2 are mutually independent, (B.6) implies that the MGF of Q = Z§:1 Zj2 is
[(1 - 2t)*1/2y =(1- 2t)7T/2 , which is the MGF of the x2 density as desired. [

Proof of Theorem B.9.3. The fact that A > 0 means that we can write A = CC’ where C is
non-singular. Then A~! = C7VC~! and

C'Z~N(0,C'ACY)=N(0,c"'cc’'Cc™")=N(0,1,).

Thus
Z'A7'Z =2'CcVC7Z = (C'2)' (C7'Z) ~ 2.

Proof of Theorem B.9.4. Using the simple law of iterated expectations, T, has distribution
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function

Thus its density is

which is that of the student t with r degrees of freedom. |

B.10 Inequalities
Jensen’s Inequality. If g(-) : R™ — R is convex, then for any random vector x for which

E|z| < oo and E|g (x)| < oo,
9(B(z)) <E(g(z)). (B.12)

Conditional Jensen’s Inequality. If g(-) : R™ — R is convex, then for any random vectors
(y, ) for which E||y|| < oo and E||g (y)]| < oo,

9(E(y | z)) <E(g(y)|z). (B.13)

Conditional Expectation Inequality. For any r > such that E |y|" < oo, then

EE(y | z)|" <Ely|" < cc. (B.14)

Expectation Inequality. For any random matrix Y for which E || Y] < oo,

[BY)[| <E[Y]. (B.15)

Holder’s Inequality. If p > 1 and ¢ > 1 and ]—1) + % =1, then for any random m x n matrices X
and Y,
1 1
BI|X'Y]| < BX ") &) Y])". (B.16)
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Cauchy-Schwarz Inequality. For any random m x n matrices X and Y,

E|XY] < (IE‘TfHXHz)l/2 (EHYHz)l/Q- (B.17)

Matrix Cauchy-Schwarz Inequality. Tripathi (1999). For any random € R™ and y € RY,

Eyz' (Exz') Ezy < Eyy' (B.18)

Minkowski’s Inequality. For any random m x n matrices X and Y,

E[X + Y)Y < ®(X|")" + @& Y|")" (B.19)

Liapunov’s Inequality. For any random m X n matrix X and 1 <7 < p,
BX [ < @]X|)" (B-20)
Markov’s Inequality (standard form). For any random vector & and non-negative function

g(z) >0,
Pr(g(z) > a) < o 'Byg(x). (B.21)

Markov’s Inequality (strong form). For any random vector x and non-negative function
g9(z) >0,
Pr(g(z) > a) < o 'E(g(z)1(g9(x) > )). (B.22)

Chebyshev’s Inequality. For any random variable x,

Pr(z — Ba| > o) < Y2 &) (B.23)

a2

Proof of Jensen’s Inequality (B.12). Since g(u) is convex, at any point u there is a nonempty
set of subderivatives (linear surfaces touching g(u) at u but lying below g(u) for all w). Let a+ b'u
be a subderivative of g(u) at u = Ex. Then for all u, g(u) > a + Yu yet g(Exz) = a + YEx.
Applying expectations, Eg(z) > a + YEx = g(BEx), as stated. [ |

Proof of Conditional Jensen’s Inequality. The same as the proof of (B.12), but using condi-
tional expectations. The conditional expectations exist since E ||y|| < oo and E||g (y)| < oo. [ |

Proof of Conditional Expectation Inequality. As the function |u|” is convex for r > 1, the
Conditional Jensen’s inequality implies

Ey [ 2)]" <E(jy|" | =).
Taking unconditional expectations and the law of iterated expectations, we obtain
E[E(y | @)" <EE(|y[" | z) =Ely|" < oo
as required. |
Proof of Expectation Inequality. By the Triangle inequality, for A € [0, 1],
[AUL + (1 = ) Us|| < AM[UL]| + (1 = A) | Uz
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which shows that the matrix norm ¢g(U) = ||U]|| is convex. Applying Jensen’s Inequality (B.12) we
find (B.15). [

Proof of Hélder’s Inequality. Since % + % = 1 an application of Jensen’s Inequality (A.17)
shows that for any real a and b
1 1 1 1
exp [—a + —b] < —exp(a)+ —exp (b).
p q p q
Setting v = exp (a) and v = exp (b) this implies

u v
ul/pvl/q < -4 -
p

LS

and this inequality holds for any u > 0 and v > 0.
Setuw = | X||” /E || X||” and v = || Y||? /E || Y]|?. Note that Eu = BEv = 1. By the matrix Schwarz
Inequality (A.11), | X"Y] < | X| | Y|l. Thus

E|X'Y] - E(|IX| | Y])
B (X" G Y|)Y T @)X |P) E] Y9

( 1/pvl/q)
“x(:+)

| /\

I
j"UI)—‘

which is (B.16). [ |
Proof of Cauchy-Schwarz Inequality. Special case of Holder’s with p = ¢ = 2.

Proof of Matrix Cauchy-Schwarz Inequality. Define ¢ = y — (Eya’) (Exz’)” x. Note that
Eee’ > 0 is positive semi-definite. We can calculate that

Eee = Eyy — (Byz') (Bzz') Exy'.

Since the left-hand-side is positive semi-definite, so is the right-hand-side, which means Eyy’ >
(Eyz') (Exx’)” Exy’ as stated. |

Proof of Liapunov’s Inequality. The function g(u) = uP/" is convex for u > 0 since p > r. Set
u=|X||". By Jensen’s inequality, g (Eu) < Eg (u) or

®(X]")" <EQX|)"" =B|X|P.
Raising both sides to the power 1/p yields (E || X |)Y" < (E|| X ||?)"/? as claimed. [ ]

Proof of Minkowski’s Inequality. Note that by rewriting, using the triangle inequality (A.12),
and then Holder’s Inequality to the two expectations

BX + Y|P =B (|X + Y] |X+ Y|
< B (1X] 1% +Y7) + B (v X+ i)
< E|X|")PE <”X + Y||q(p*1)>1/q
+ (B HYHP)l/pE (||X + Y\|q(p*1))1/q

= (®1X]7)"7 + @ Y")) B ()X + Y|
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where the second equality picks ¢ to satisfy 1/p+1/q = 1, and the final equality uses this fact to make
the substitution ¢ = p/(p—1) and then collects terms. Dividing both sides by E (|| X + Y[?)®~1/?
we obtain (B.19). W

Proof of Markov’s Inequality. Let F' denote the distribution function of . Then
Prig(@)za)= [ ar
{g(u)=a}

< MdF u
B /{g(u) )

>a} @
— a7l / 1(9(w) > ) g(u)dF(u)
— "B (g ()1 (g(z) > ))

the inequality using the region of integration {g(w) > a}. This establishes the strong form (B.22).
Since 1(g(x) > a) < 1, the final expression is less than o 'E (g(x)), establishing the standard
form (B.21). |

Proof of Chebyshev’s Inequality. Define y = (2 — Ex)? and note that Ey = var (z) . The events
{|]z — Ex| > a} and {y > oz2} are equal, so by an application Markov’s inequality we find

Pr(|z — Bz| > a) = Pr(y > o®) < a 2B (y) = a 2 var (z)

as stated. |

B.11 Maximum Likelihood

In this section we provide a brief review of the asymptotic theory of maximum likelihood
estimation.

When the density of y, is f(y | @) where F' is a known distribution function and 8 € © is an
unknown m X 1 vector, we say that the distribution is parametric and that @ is the parameter
of the distribution F. The space O is the set of permissible value for 8. In this setting the method
of maximum likelihood is an appropriate technique for estimation and inference on 8. We let 6
denote a generic value of the parameter and let 8y denote its true value.

The joint density of a random sample (yy, ..., y,,) is

=1

The likelihood of the sample is this joint density evaluated at the observed sample values, viewed
as a function of 8. The log-likelihood function is its natural logarithm

log L() = > "log f (y; | 0).
i=1

The likelihood score is the derivative of the log-likelihood, evaluated at the true parameter
value.

0
S; = %Ing(yi | 60) .

We also define the Hessian o
H=-FE——1 - B.24
8080/ ng (yz ‘ 00) ( )
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and the outer product matrix
Q=E(S:9]). (B.25)

We now present three important features of the likelihood.

Theorem B.11.1
iHﬂlogj'" (y0) =0 (B.26)
00 0—6,
ES; =0 (B.27)
and
H=Q=T (B.28)

The matrix Z is called the information, and the equality (B.28) is called the information
matrix equality.

The maximum likelihood estimator (MLE) 6 is the parameter value which maximizes the
likelihood (equivalently, which maximizes the log-likelihood). We can write this as

6 = argmaxlog L(6). (B.29)
6co

In some simple cases, we can find an explicit expression for 8 as a function of the data, but these
cases are rare. More typically, the MLE 6 must be found by numerical methods.

To understand why the MLE 0 is a natural estimator for the parameter @ observe that the
standardized log-likelihood is a sample average and an estimator of Elog f (y; | 0) :

1 1 <
~log L(6) =~ log f (y; | ) = Elog f (y; | ).
=1

As the MLE 6 maximizes the left-hand-side, we can see that it is an estimator of the maximizer of
the right-hand-side. The first-order condition for the latter problem is

B
Elog f (y; | 0)

0:%

which holds at 8 = @ by (B.26). This suggests that @ is an estimator of 6p. In. fact, under
conventional regularity conditions, 0 is consistent, § — 0y as n — . Furthermore, we can derive
its asymptotic distribution.

Theorem B.11.2 Under regularity conditions, +/n <§— 90> —
N(0,°1).

We omit the regularity conditions for Theorem B.11.2, but the result holds quite broadly for
models which are smooth functions of the parameters. Theorem B.11.2 gives the general form for
the asymptotic distribution of the MLE. A famous result shows that the asymptotic variance is the
smallest possible.
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Theorem B.11.3 Cramer-Rao Lower Bound. Ifbv 18 an unbiased reg-

ular estimator of 0, then var(6) > (nZ)™ .

The Cramer-Rao Theorem shows that the finite sample variance of an unbiased estimator is
bounded below by (nI)f1 . This means that the asymptotic variance of the standardized estimator

Vn <0 — (90) is bounded below by Z~!. In other words, the best possible asymptotic variance among

all (regular) estimators is Z~1. An estimator is called asymptotically efficient if its asymptotic
variance equals this lower bound. Theorem B.11.2 shows that the MLE has this asymptotic variance,
and is thus asymptotically efficient.

Theorem B.11.4 The MLE is asymptotically efficient in the sense that
its asymptotic variance equals the Cramer-Rao Lower Bound.

Theorem B.11.4 gives a strong endorsement for the MLE in parametric models. R R

Finally, consider functions of parameters. If ¢ = g(0) then the MLE of v is ¥ = g(0).
This is because maximization (e.g. (B.29)) is unaffected by parameterization and transformation.
Applying the Delta Method to Theorem B.11.2 we conclude that

N ({b _ ¢) ~ Gn (5 — 9) 4N (0,G'T'G) (B.30)

where G = % g(0p)’. By Theorem B.11.4, '(Aﬂ is an asymptotically efficient estimator for 1) since it
is the MLE. The asymptotic variance G'Z ! G is the Cramer-Rao lower bound for estimation of .

Theorem B.11.5 The Cramer-Rao lower bound for ¢ = g(0) is GI'G,
and the MLE ¥ = g(0) is asymptotically efficient.

Proof of Theorem B.11.1. To see (B.26),

D Blog £ (y | 0) —-Qi/k%f(ylmjfyIOMdy

00 o—9, 00 0=0,
- [Zrwio %dy .
=%/NW®@L%

S o

Equation (B.27) follows by exchanging integration and differentiation

5, 0
Eoglosf(y|00) = 55Elog f(y | 6o) = 0.
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o577 f (u | 60)
9606 _
E( 7 (w1 00) ) >

Similarly, we can show that

By direction computation,

7 _ eowd (W100)  &f(y|60) S (y]60)
geggr | (y160) 0 2
_ 0606 9

Taking expectations yields (B.28). [

Proof of Theorem B.11.2 Taking the first-order condition for maximization of log L(0), and
making a first-order Taylor series expansion,

0
0= 75105 L(6)

0=0

—Z%logf(mé)
2 A~
Z log f (4, | 00) +280889,10gf(y1|0 ) (6-60).
=1

where 6,, lies on a line segment joining 6 and 6. (Technically, the specific value of 6,, varies by
row in this expansion.) Rewriting this equation, we find

n 2 -1 n
(8- 0) = (— > o tos f (3 | 0n>> (Z Sz-)
i=1 1=1

where S; are the likelihood scores. Since the score S; is mean-zero (B.27) with covariance matrix
Q (equation B.25) an application of the CLT yields

%Xn:siLN(o,Q).

=1

The analysis of the sample Hessian is somewhat more complicated due to the presence of ,,.
92
Let H(0) = —%logf(yi,e). If it is continuous in @, then since 8, —— 6 it follows that

H(6,,) =~ H and so

1< 0?2 1 & 52
n 5000’ o Yn) = =707 | 7 - n n
Py

by an application of a uniform WLLN. (By uniform, we mean that the WLLN holds uniformly over
the parameter value. This requires the second derivative to be a smooth function of the parameter.)
Together,

Vit (0-8y) 5 HTIN(0,9) =N (0,HT'QH ) =N (0,27Y),

the final equality using Theorem B.11.1 . |
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Proof of Theorem B.11.3. Let Y = (y,, ..., y,,) be the sample, and set

d
S = aelogfnYHO Zs

which by Theorem (B.11.1) has mean zero and variance nZ. Write the estimator 8 = 0 (Y) as a
function of the data. Since 6 is unbiased for any 8,

0 =E0 = /E(Y)f(Y,e)dY
Differentiating with respect to # and evaluating at 6y yields
~ 0
1 :/O(Y)Wf(Y,O)dY
0
/0( )80,10gf(Y 0) (Y, 00)dY

(" %))
the final equality since E(S) =0
By the matrix Cauchy-Schwarz inequality (B.18), E ((5 — 00> S’) =1I,andvar (S) =E(SS’) =

Var E((G 90 0 90)>
((6-05)8)E (ss’)m(s('é-a@')

E
E(SS’)”
= (nI)”

Vv

as stated. [ ]



Appendix C

Numerical Optimization

Many econometric estimators are defined by an optimization problem of the form

6 = argmin Q(6) (C.1)
6co
where the parameter is @ € ® C R™ and the criterion function is Q(0) : ® — R. For example
NLLS, GLS, MLE and GMM estimators take this form. In most cases, Q(#) can be computed
for given @, but 6 is not available in closed form. In this case, numerical methods are required to
obtain 6.

C.1 Grid Search

Many optimization problems are either one dimensional (m = 1) or involve one-dimensional
optimization as a sub-problem (for example, a line search). In this context grid search may be
employed.

Grid Search. Let © = [a,b] be an interval. Pick some € > 0 and set G = (b — a)/e to be
the number of gridpoints. Construct an equally spaced grid on the region [a, b] with G gridpoints,
which is {8(j) = a+j(b—a)/G : j = 0,...,G}. At each point evaluate the criterion function
and find the gridpoint which yields the smallest value of the criterion, which is 8(j) where j =
argming< ;< Q(6(5)). This value 6 () is the gridpoint estimate of 6. If the grid is sufficiently fine to
capture small oscillations in Q(8), the approximation error is bounded by ¢, that is, ‘0( 7)) — 67‘ <e.
Plots of Q(6(j)) against 8(j) can help diagnose errors in grid selection. This method is quite robust
but potentially costly.

Two-Step Grid Search. The gridsearch method can be refined by a two-step execution. For
an error bound of ¢ pick G so that G2 = (b — a)/e For the first step define an equally spaced
grid on the region [a,b] with G gridpoints, which is {6(j) = a + j(b — a)/G : j = 0,...,G}.
At each point evaluate the criterion function and let j = argming ;<o Q(0(j)). For the second
step define an equally spaced grid on [@(j—1),0(j+ 1)] with G gridpoints, which is {6'(k) =

~

60— 1) +2k(b—0a)/G* : k = 0,...,G}. Let k = argmingc,<g Q(6'(k)). The estimate of 6 is
0 (l%) The advantage of the two-step method over a one-step grid search is that the number of

function evaluations has been reduced from (b—a)/e to 24/(b — a)/e which can be substantial. The
disadvantage is that if the function Q(0) is irregular, the first-step grid may not bracket 6 which
thus would be missed.

C.2 Gradient Methods

Gradient Methods are iterative methods which produce a sequence 6; : ¢ = 1,2,... which
are designed to converge to 6. All require the choice of a starting value 61, and all require the

369
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computation of the gradient of Q(0)

9(8) = 559(0)

and some require the Hessian
82
H(O) = ——Q(0).
If the functions g(€) and () are not analytically available, they can be calculated numerically.
Take the j'th element of g(@). Let d; be the j'th unit vector (zeros everywhere except for a one in

the j'th row). Then for £ small
QO+ 6;5) —Q(6)

9;(0) ~ -
Similarly,
imilarly. Q0 + dje + dxe) — Q(8 + dre) — Q(0 + dj¢) + Q(6)
gjk(0) ~ g2

In many cases, numerical derivatives can work well but can be computationally costly relative to
analytic derivatives. In some cases, however, numerical derivatives can be quite unstable.

Most gradient methods are a variant of Newton’s method which is based on a quadratic
approximation. By a Taylor’s expansion for 8 close to 0

0= g(d) ~ g(6) + H(0) (é . a)

which implies
0=060—-H1()"g(0).

This suggests the iteration rule A
6ip1 =06, —H(6;) " g(6).

where

One problem with Newton’s method is that it will send the iterations in the wrong direction if
H(0;) is not positive definite. One modification to prevent this possibility is quadratic hill-climbing
which sets

0ir1=0; — (H(6;) + ail) " g(6:).
where «; is set just above the smallest eigenvalue of H (0;) if H(0) is not positive definite.
Another productive modification is to add a scalar steplength ;. In this case the iteration
rule takes the form
0i11=20; —D;g;\; (C.2)

where g, = ¢(0;) and D; = H(0;)~! for Newton’s method and D; = (’H(Bi)—i—ailm)_l for
quadratic hill-climbing.

Allowing the steplength to be a free parameter allows for a line search, a one-dimensional
optimization. To pick A; write the criterion function as a function of A

Q(\) =Q(0; + Dig;\)

a one-dimensional optimization problem. There are two common methods to perform a line search.
A quadratic approximation evaluates the first and second derivatives of Q(\) with respect to
A, and picks \; as the value minimizing this approximation. The half-step method considers the
sequence A = 1, 1/2, 1/4, 1/8, ... . Each value in the sequence is considered and the criterion
Q(0; + D;g;\) evaluated. If the criterion has improved over Q(0;), use this value, otherwise move
to the next element in the sequence.
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Newton’s method does not perform well if Q(0) is irregular, and it can be quite computationally
costly if H (@) is not analytically available. These problems have motivated alternative choices for
the weight matrix D;. These methods are called Quasi-Newton methods. Two popular methods
are do to Davidson-Fletcher-Powell (DFP) and Broyden-Fletcher-Goldfarb-Shanno (BFGS).

Let

Ag,=9g;— 91
AO; =0, -0,
and . The DFP method sets

Af;Ag; AgiDi1Ag;

D;=D; 1+

The BFGS methods sets
n ABG; A0 B ABG; A0
AbAg;  (A6iAg;)”

ABZAg;Di,l 4 Di,lAgiAOQ

D,=D,_
! A@IAg; A6iAg,

AggDi_lAgi +

For any of the gradient methods, the iterations continue until the sequence has converged in
some sense. This can be defined by examining whether |6; — 6;_1|, |Q (0;) — Q (8;—1)| or |g(6;)]
has become small.

C.3 Derivative-Free Methods

All gradient methods can be quite poor in locating the global minimum when (@) has several
local minima. Furthermore, the methods are not well defined when () is non-differentiable. In
these cases, alternative optimization methods are required. One example is the simplex method
of Nelder-Mead (1965).

A more recent innovation is the method of simulated annealing (SA). For a review see Goffe,
Ferrier, and Rodgers (1994). The SA method is a sophisticated random search. Like the gradient
methods, it relies on an iterative sequence. At each iteration, a random variable is drawn and
added to the current value of the parameter. If the resulting criterion is decreased, this new value
is accepted. If the criterion is increased, it may still be accepted depending on the extent of the
increase and another randomization. The latter property is needed to keep the algorithm from
selecting a local minimum. As the iterations continue, the variance of the random innovations is
shrunk. The SA algorithm stops when a large number of iterations is unable to improve the criterion.
The SA method has been found to be successful at locating global minima. The downside is that
it can take considerable computer time to execute.
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