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Preface

This textbook is the first in a two-part series covering the core material typically taught in a one-year
Ph.D. course in econometrics. The sequence is

1. Introduction to Econometrics (this volume)

2. Econometrics (the next volume)

The textbooks are written as an integrated series, but either can be used as a stand-alone course
textbook.

This first volume covers intermediate-level mathematical statistics. It is a gentle yet a rigorous treat-
ment using calculus but not measure theory. The level of detail and rigor is similar to that of Casella
and Berger (2002) and Hogg and Craig (1995). The material is explained using examples at the level of
Hogg and Tanis (1997), targeted to students of economics. The goal is to be accessible to students with a
variety of backgrounds yet attain full mathematical rigor.

Readers who desire a gentler treatment may try Hogg and Tanis (1997). Readers who desire more
detail are recommended to read Casella and Berger (2002) or Shao (2003). Readers wanting a measure-
theoretic foundation in probability are recommended to read Ash (1972) or Billingsley (1995). For ad-
vanced statistical theory see van der Vaart (1998), Lehmann and Casella (1998) and Lehmann and Ro-
mano (2005), each of which has a different emphasis. Mathematical statistics textbooks with similar
goals as this textbook include Ramanathan (1993), Amemiya (1994), Gallant (1997), and Linton (2017).

Technical material which is not essential for the main concepts are presented in the starred (*) sec-
tions. This material is intended for students interested in the mathematical details.

Chapters 1-5 cover probability theory. Chapters 6-18 cover statistical theory.

The end-of-chapter exercises are important parts of the text and are central for learning. Answers are
not provided and this is intentional.

This textbook could be used for a one-semester course in econometrics. It can also be used for a
one-quarter course (as done at the University of Wisconsin) if a selection of topics are skipped. For
example, the material in Chapter 3 should probably be viewed as reference rather than taught; Chapter
9 is for advanced students; Chapter 11 can be covered in brief; Chapter 12 can be left for reference; and
Chapters 15-18 are optional depending on the instructor.

ix
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Mathematical Preparation

Students should be familiar with integral, differential, and multivariate calculus, as well as linear ma-
trix algebra. This is the material typically taught in a four-course undergraduate mathematics sequence
ata U.S. university. No prior coursework in probability, statistics, or econometrics is assumed, but would
be helpful. It is highly recommended, but not necessary, to have studied mathematical analysis and/or
a “prove-it” mathematics course.

The language of probability and statistics is mathematics. To understand the concepts you need
to derive the methods from their principles. This is different from introductory statistics which unfor-
tunately often emphasizes memorization. By taking a mathematical approach little memorization is
needed. Instead it requires a facility to work with detailed mathematical derivations and proofs.

The reason why it is recommended to have studied mathematical analysis is not that we will be using
those results. The reason is that the method of thinking and proof structures are similar. We start with the
axioms of probability and build the structure of probability theory from these axioms. Once probability
theory is built we construct statistical theory on that base.

A timeless introduction to mathematical analysis is Rudin (1976). For those wanting more, Rudin
(1987) is recommended.

The appendix to the textbook contains a brief summary of important mathematical results and is
included as a reference.



Notation

Real numbers (elements of the real line R, also called scalars) are written using lower case italics such
as x.

Vectors (elements of R¥) are typically written by lower case italics such as x, and sometimes using
lower case bold italics such as x (for matrix algebra expressions), For example, we write

X1
X2
Xk
Vectors by default are written as column vectors. The transpose of x is the row vector
M=(x1 x o xm ).

There is diversity between fields concerning the choice of notation for the transpose. The notation x’ is
the most common in econometrics. In statistics and mathematics the notation x' is typically used, or
occassionally x’.

Matrices are written using upper case bold italics. For example

ap a2
ay  aze

A=

Random variables and vectors are written using upper case italics such as X.

We typically use Greek letters such as §, 8 and o2 to denote unknown parameters of a probability
model. Estimators are typically denoted by putting a hat “A”, tilde “~” or bar “-” over the corresponding
letter, e.g. B and B are estimators of 5.

xii



Common Symbols

Ry

Rk

P[A]
P[A| B]
F(x)

1(x)

fx)

E[X]
E[Y|X=x],E[Y | X]
var [ X]
var[Y | X]
cov(X,Y)
corr(X,Y)

Xn
~2

scalar

vector

matrix

random variable or vector

real line

positive real line

Euclidean k space

probability

conditional probability
cumulative distribution function
probability mass function
probability density function
mathematical expectation
conditional expectation
variance, or covariance matrix
conditional variance
covariance

correlation

sample mean

sample variance
biased-corrected sample variance
estimator

standard error of estimator
limit

probability limit

convergence
convergence in probability

convergence in distribution

likelihood function

log-likelihood function

information matrix

standard normal distribution

normal distribution with mean pu and variance o
chi-square distribution with k degrees of freedom
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n x n identity matrix

trace of matrix A

vector or matrix transpose
matrix inverse

positive definite

positive semi-definite
Euclidean norm

indicator function (1 if A is true, else 0)
approximate equality

is distributed as

natural logarithm
exponential function

summation fromi=1toi=n
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Greek Alphabet

It is common in economics and econometrics to use Greek characters to augment the Latin alphabet.
The following table lists the various Greek characters and their pronunciations in English. The second
character, when listed, is upper case (except for € which is an alternative script for €.)

Greek Character Name Latin Keyboard Equivalent
a alpha a
B beta b

v, T gamma g
0, A delta d
£,€ epsilon e
4 zeta zZ
n eta h
0,0 theta y
t iota i
K kappa k
A, A lambda 1
u mu m
v nu n
§E Xi X
m, 11 pi p
0 rho r
o, sigma S
T tau t
v upsilon u
¢, D phi f
X chi X
v,V psi c
w, omega w



Chapter 1

Basic Probability Theory

1.1 Introduction

Probability theory is foundational for economics and econometrics. Probability is the mathematical
language used to handle uncertainty, which is central for modern economic theory. Probability theory is
also the foundation of mathematical statistics, which is the foundation of econometric theory.

Probability is used to model uncertainty, variability, and randomness. When we say that something
is uncertain we mean that the outcome is unknown. For example, how many students will there be in
next year’s Ph.D. entering class at your university? By variability we mean that the outcome is not the
same across all occurrences. For example, the number of Ph.D. students fluctuate from year to year. By
randomness we mean that the variability has some sort of pattern. For example, the number of Ph.D.
students may fluctuate between 20 and 30, with 25 more likely than either 20 or 30. Probability gives us
a mathematical language to describe uncertainty, variability, and randomness.

1.2 Outcomes and Events

Suppose you take a coin, flip it in the air, and let it land on the ground. What will happen? Will the
result be “heads” (H) or “tails” (T)? We do not know the result in advance so we describe the outcome as
random.

Suppose you record the change in the value of a stock index over a period of time. Will the value in-
crease or decrease? Again, we do not know the result in advance so we describe the outcome as random.

Suppose you select an individual at random and survey them about their economic situation. What
is their hourly wage? We do not know in advance. The lack of foreknowledge leads us to describe the
outcome as random.

We will use the following terms.

An outcome is a specific result. For example, in a coin flip an outcome is either H or T. If two coins
are flipped in sequence may write an outcome as HT for a head and then a tails. A roll of a six-sided die
has the six outcomes {1,2,3,4,5, 6}.

The sample space S is the set of all possible outcomes. In a coin flip the sample space is S = {H, T}.
If two coins are flipped the sample spaceis S={HH,HT,TH, T T}.

An event A is a subset of outcomes in S. An example event from the roll of a die is A = {1,2}.

The one-coin and two-coin sample spaces are illustrated in Figure 1.1. The event {HH, HT} is illus-
trated by the ellipse in Figure 1.1(b).

Set theoretic manipulations are helpful in describing events. We will use the following concepts.
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(a) One Coin (b) Two Coins

Figure 1.1: Sample Space

Definition 1.1 For events A and B

1. Ais asubset of B, written A c B, if every element of A is an element of B.

2. The event with no outcomes @ = {} is called the null or empty set.

3. The union AU B is the collection of all outcomes that are in either A or B (or both).
4. The intersection AN B is the collection of elements that are in both A and B.

5. The complement A€ of A are all outcomes in S which are not in A.

6. The events A and B are disjoint if they have no outcomes in common: AnB = @.

7. The events Aj, Ay, ... are a partition of S if they are mutually disjoint and their union is S.

Events satisfy the rules of set operations, including the commutative, associative and distributive
laws. The following is useful.

Theorem 1.1 Partitioning Theorem. If {B;, B,,---} is a partition of S, then for any event A,
o0
A=J(ANB).
i=1

The sets (AN B;) are mutually disjoint.

A proofis provided in Section 1.15.

1.3 Probability Function

Definition 1.2 A function P which assigns a numerical value to events' is called a probability function
if it satisfies the following Axioms of Probability:

IFor events in a sigma field. See Section 1.14.
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1. P[A] =0.

2. P[S]=1.

o0
3. If Aj, Ay, .. are disjoint then P | | A;

j=1

=ji:uﬂ>[Aj].

In this textbook we use the notation P [A] for the probability of an event A. Other common notation
includes P(A) and Pr(A).

Let us understand the definition. The phrase “a function P which assigns a numerical value to events”
means that P is a function from the space of events to the real line. Thus probabilities are numbers. Now
consider the Axioms. The first Axiom states that probabilities are non-negative. The second Axiom is
essentially a normalization: the probability that “something happens” is one.

The third Axiom imposes considerable structure. It states that probabilities are additive on disjoint
events. That is, if A and B are disjoint then

P[AUB]=P[A] +P[B].

Take, for example, the roll of a six-sided die which has the possible outcomes {1,2,3,4,5,6}. Since the
outcomes are mutually disjoint the third Axiom states that P [1 or 2] =P [1] + [P [2].

When using the third Axiom it is important to be careful that it is applied only to disjoint events. Take,
for example, the roll of a pair of dice. Let A be the event “1 on the first roll” and B the event “1 on the
second roll”. It is tempting to write ° [“1 on either roll’] = P[Au B] = P[A] + P [B] but the second equality
is incorrect since A and B are not disjoint. The outcome “1 on both rolls” is an element of both A and B.

Any function P which satisfies the axioms is a valid probability function. Take the coin flip example.
One valid probability function sets P[H] = 0.5 and P[T] = 0.5. (This is typically called a fair coin.) A
second valid probability function sets I’ [H] = 0.6 and P [T] = 0.4. However a function which sets P [H] =
—0.6 is not valid (it violates the first axiom), and a function which sets P[H] = 0.6 and P [T] = 0.6 is not
valid (it violates the second axiom).

While the definition states that a probability function must satisfy certain rules it does not describe
the meaning of probability. The reason is because there are multiple interpretations. One view is that
probabilities are the relative frequency of outcomes as in a controlled experiment. The probability that
the stock market will increase is the frequency of increases. The probability that an unemployment du-
ration will exceed one month is the frequency of unemployment durations exceeding one month. The
probability that a basketball player will make a free throw shot is the frequency with which the player
makes free throw shots. The probability that a recession will occur is relative frequency of recessions.
In some examples this is conceptually straightforward as the experiment repeats or has multiple occu-
rances. In other cases an situation occurs exactly once and will never be repeated. As I write this para-
graph questions of uncertainty of general interest include “Will Britain exit from the European Union?”
and “Will global warming exceed 2 degrees?” In these cases it is difficult to interpret the probability as a
relative frequency as the outcome can only occur once. The interpretation can be salvaged by viewing
“relative frequency” abstractly by imagining many alternative universes which start from the same initial
conditions but evolve randomly.

Another view is that probability is subjective. This view is that probabilities can be interpreted as
degrees of belief. If I say “The probability of rain tomorrow is 80%” I mean that this is my personal
subjective assessment of the likelihood based on the information available to me. This may seem too
broad as it allows for arbitrary beliefs, but the subjective interpretation requires subjective probability to
follow the axioms and rules of probability, and to update beliefs as information is revealed.

What is common between the two definitions is that the probability function follows the same axioms
— otherwise the label “probability” should not be used.
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We illustrate the concept with two real-world examples. The first is from finance. Let U be the event
that the S&P stock index increases in a given week, and let D be the event that the index decreases. This
is similar to a coin flip. The sample space is {U, D}. We cornpute2 that P[U] =0.57 and P[D] = 0.43. The
probability 57% of an increase is somewhat higher than a fair coin. The probability interpretation is that
the index will increase in value in 57% of randomly selected weeks.

The second example concerns wage rates in the United States. Take a randomly selected wage earner.
Let H be the event that their wage rate exceeds $25/hour and L be the event that their wage rate is less
than $25/hour. Again the structure is similar to a coin flip. We calculate3 that P[H] = 0.31 and P [L] = 0.69.
To interpret this as a probability we can imagine surveying a random individual. Before the survey we
know nothing about the individual. Their wage rate is uncertain and random.

1.4 Properties of the Probability Function
The following properties of probability functions can be derived from the axioms.

Theorem 1.2 For events A and B
1. P[A]=1-P[A]
2. Plg]=0.
3. P[A]=1.
4. Monotone Probability Inequality: If A c B, then P[A] <[P [B].
5. Inclusion-Exclusion Principle: P[AUB] =P[A]+P[B]-P[ANB].
6. Boole’s Inequality: P[AuB] <P[A] +P[B].
7. Bonferroni’s Inequality: P[An B] =P[A]+P[B] - 1.

Proofs are provided in Section 1.15.

Part 1 states that the probability that an event does not occur equals one minus the probability that
the event occurs.

Part 2 states that “nothing happens” occurs with zero probability. Remember this when asked “What
happened today in class?”

Part 3 states that probabilities cannot exceed one.

Part 4 shows that larger sets necessarily have larger probability.

Part 5 is a useful decomposition of the probability of the union of two events.

Parts 6 & 7 are implications of the inclusion-exclusion principle and are frequently used in probabil-
ity calculations. Boole’s inequality shows that the probability of a union is bounded by the sum of the
individual probabilities. Bonferroni’s inequality shows that the probability of an intersection is bounded
below by an expression involving the individual probabilities. A useful feature of these inequalities is
that the right-hand-sides only depend on the individual probabilities.

A further comment related to Part 2 is that any event which occurs with probability zero or one is
called trivial. Such events are essentially non-random. In the coin flip example we could define the
sample space as S = {H, T,Edge, Disappear} where “Edge” means the coin lands on its edge and “Disap-
pear” means the coin disappears into the air. If P [Edge| = 0 and P [Disappear| = 0 then these events are
trivial.

2Calculated from a sample of 3584 weekly prices of the S&P Index between 1950 and 2017.
3Calculated from a sample of 50,742 U.S. wage earners in 2009.
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1.5 Equally-Likely Outcomes

When we build probability calculations from foundations it is often useful to consider settings where
symmetry implies that a set of outcomes are equally likely. Standard examples are a coin flip and the
toss of a die. We describe a coin as fair if the event of a heads is as equally likely as the event of a tails.
We describe a die as fair if the event of each face is equally likely. Applying the Axioms we deduce the
following.

Theorem 1.3 Principle of Equally-Likely Outcomes: If an experiment has N outcomes aj, ..., ay which
are symmetric in the sense that each outcome is equally likely, then P [a;] = %

For example, a fair coin satisfies P [H] =[P [T] = 1/2 and a fair die satisfiesP[1] =--- =[P [6] = 1/6.

In some contexts deciding which outcomes are symmetric and equally likely can be confusing. Take
the two coin example. We could define the sample space as {HH,TT,HT} where HT means “one head and
one tail”. If we guess that all outcomes are equally likely we would set P [H H] = 1/3, etc. However if we
define the sample space as {HH,TT,HT,TH} and guess all outcomes are equally likely would would find
P[HH] =1/4. Both answers (1/3 and 1/4) cannot be correct. The implication is that we should not apply
the principle of equally-likely outcomes simply because there is a list of outcomes. Rather there should
be ajustifiable reason why the outcomes are equally likely. In this two coin example there is no principled
reason for symmetry without further analysis so the property should not be applied. We return to this
question in Section 1.8.

1.6 Joint Events

Take two events H and C. For example, let H be the event that an individual’s wage exceeds $25/hour
and let C be the event that the individual has a college degree. We are interested in the probability of the
jointevent HNC. Thisis “H and C” or in words that the individual’s wage exceeds $25/hour and they have
a college degree. Previously we reported that P[H] = 0.31. We can similarly calculate that P[C] = 0.36.
What about the joint event Hn C?

From Theorem 1.2 we can deduce that 0 = P[HNC] < 0.31. (The upper bound is Bonferroni’s in-
equality.) Thus from the knowledge of P [H] and [P [C] alone we can bound the joint probability but not
determine its value. It turns out that the actual* probability is P [H n C] = 0.19.

The relationships are displayed in Figure 1.2. The left ellipse is the event H, the right ellipse is the
event C, the intersecting region is H N C, and the remaining area is (H U C)°. Let N = C° be the event “no
college degree” and let L = H® be the event that the wage is below $25. In Figure 1.2 the left half-moon
sliver is the event H N N, and the right half-moon sliver is the event L n C. The figure has been graphed
so that the areas of the regions are proportionate to the actual probabilities.

From the three known probabilities and the properties of Theorem 1.2 we can calculate the proba-
bilities of the various intersections. We display the results in the following chart. The four numbers in
the central box are the probabilities of the joint events; for example 0.19 is the probability of both a high
wage and a college degree. The largest of the four probabilities is 0.52: the joint event of a low wage and
no college degree. The four probabilities sum to one as the events are a partition of the sample space.
The sum of the probabilities in each column are reported in the bottom row: the probabilities of a col-
lege degree and no degree, respectively. The sums by row are reported in the right-most column: the
probabilities of a high and low wage, respectively.

4Calculated from the same sample of 50,742 U.S. wage earners in 2009.
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(HU C)*

Figure 1.2: Joint events

Joint Probabilities: Wages and Education
C N  Any Education

H 0.19 0.12 0.31
L 0.17 0.52 0.69
Any Wage 0.36 0.64 1.00

As another illustration we examine stock price changes. We reported before that the probability of
an increase in the S&P stock index in a given week is 57%. Now consider the change in the stock index
over two sequential weeks. What is the joint probability? We display the results in the following chart.
U; means the index increases, D; means the index decreases, U;_; means the index increases in the
previous week, and D;_; means that the index decreases in the previous week.

Joint Probabilities: Stock Returns
U;-1  D;-1 AnyPastReturn

U; 0.322 0.245 0.567
D, 0.245 0.188 0.433
Any Return 0.567 0.433 1.00

The four numbers in the central box sum to one since they are a partition of the sample space. We can
see that the probability that the stock price increases for two weeks in a row is 32% and that it decreases
for two weeks in a row is 19%. The probability is 25% for an increase followed by a decrease, and also
25% for a decrease followed by an increase.



CHAPTER 1. BASIC PROBABILITY THEORY 7

1.7 Conditional Probability

Take two events A and B. For example, let A be the event “Receive a grade of A on the econometrics
exam” and let B be the event “Study econometrics 12 hours a day”. We might be interested in the ques-
tion: Does B affect the likelihood of A? Alternatively we may be interested in questions such as: Does
attending college affect the likelihood of obtaining a high wage? Or: Do tariffs affect the likelihood of
price increases? These are questions of conditional probability.

Abstractly, consider two events A and B. Suppose that we know that B has occurred. Then the only
way for A to occur is if the outcome is in the intersection An B. So we are asking: “What is the probability
that An B occurs, given that B occurs?” The answer is not simply [P [ AN B]. Instead we can think of the
“new” sample space as B. To do so we normalize all probabilities by P’ [B]. We arrive at the following
definition.

Definition 1.3 If P[B] > 0 the conditional probability of A given B is

P[ANB]

P[A|B] =
P [B]

The notation “A | B” means “A given B” or “A assuming that B is true”. To add clarity we will some-
times refer to [ A] as the unconditional probability to distinguish it from P [A| B].

For example, take the roll of a fair die. Let A ={1,2,3,4} and B = {4,5,6}. The intersection is AN B = {4}
which has probability P[An B] = 1/6. The probability of B is P[B] = 1/2. Thus P[A|B] = (1/6)/(1/2) =
1/3. This can also be calculated by observing that conditional on B, the events {4}, {5}, and {6} each have
probability 1/3. Event A only occurs given B if {4} occurs. Thus P[A|B] =P [4|B] =1/3.

Conditional probability is illustrated in Figure 1.3. The figure shows the events A and B and their
intersection An B. The event B is shaded, indicating that we are conditioning on this event. The condi-
tional probability of A given B is the ratio of the probability of the double-shaded region to the probabil-
ity of the partially shaded region B.

Consider our example of wages and college education. From the probabilities reported in the previ-
ous section we can calculate that

PHNC] 019

P[H|C] = ==
PIC]  0.36

0.53

and
P(HNN] _0.12

P[N]  0.64
There is a considerable difference in the conditional probability of receiving a high wage conditional on

a college degree, 53% versus 19%.
As another illustration we examine stock price changes. We calculate that

P[H|N]= =0.19.

P(UnU;—1] _ 0322

PlU, | U;_;] =
(U1 U] PU,_] 0.567

=0.568

and
P[U:ND¢_1] 0.245
P[U; | D¢—1] = = =0.566.
P[Ds_1] 0.433

In this case the two conditional probabilities are essentially identical. Thus the probability of a price
increase in a given week is unaffected by the previous week’s result. This is an important special case and
is explored further in the next section.
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Figure 1.3: Conditional Probability

1.8 Independence

We say that events are independent if their occurrence is unrelated, or equivalently that the knowl-
edge of one event does not affect the conditional probability of the other event. Take two coin flips. If
there is no mechanism connecting the two coins we would typically expect that neither coin is affected
by the outcome of the other. Similarly if we take two die throws we typically expect there is no mecha-
nism connecting the dice and thus no reason to expect that one is affected by the outcome of the other.
As a third example, consider the crime rate in Chicago and the price of tea in Shanghai. There is no rea-
son to expect one of these two events to affect the other event. In each of these cases we describe the
events as independent.

This discussion implies that two unrelated (independent) events A and B will satisfy the properties
P[A|B] =P[A] and P[B| A] = P[B]. In words, the probability that a coin is H is unaffected by the out-
come (H or T) of another coin. From the definition of conditional probability this implies P[ANn B] =
P[A]P[B]. We use this as the formal definition.

Definition 1.4 The events A and B are statistically independent if P[An B] =P [A]P[B].

We typically use the simpler label independent for brevity. As an immediate consequence of the
derivation we obtain the following equivalence.
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Theorem 1.4 If A and B are independent with P [A] >0 and P[B] > 0, then

P[A|B]=P[A]
P[B|Al=PI[B].

Consider the stock index illustration. We found that P [U; | U;_;] =0.57 and P[U; | D;_;] = 0.57. This
means that the probability of an increase is unaffected by the outcome from the previous week. This
satisfies the definition of independence. It follows that the events U; and U;_; are independent.

When events are independent then joint probabilities can be calculated by multiplying individual
probabilities. Take two independent coin flips. Write the possible results of the first coin as {H;, 77} and
the possible results of the second coin as {H>, T»}. Let p =P [H;] and g = P[H>]. We obtain the following
chart for the joint probabilities

Joint Probabilities: Independent Events

H T
Hy pq 1-plg q
L | pl-q) A-pA-9q) 1-g
p 1-p 1

The chart shows that the four joint probabilities are determined by p and g, the probabilities of the
individual coins. The entries in each column sum to p and 1 — p, and the entries in each row sum to g
and1-gq.

If two events are not independent we say that they are dependent. In this case the joint event An B
occurs at a different rate than predicted if the events were independent.

For example consider wage rates and college degrees. We have already shown that the conditional
probability of a high wage is affected by a college degree, which demonstrates that the two events are
dependent. What we now do is see what happens when we calculate the joint probabilities from the
individual probabilities under the (false) assumption of independence. The results are shown in the
following chart.

Joint Probabilities: Wages and Education
C N  Any Education

H 0.11 0.20 0.31
L 0.25 0.44 0.69
Any Wage 0.36 0.64 1.00

The entries in the central box are obtained by multiplication of the individual probabilities, i.e. P[H N C] =
0.31x0.36 = 0.11. What we see is that the diagonal entries are much smaller, and the off-diagonal entries
are much larger, then the corresponding correct joint probabilities. In this example the joint events HNC
and Ln N occur more frequently than that predicted if wages and education were independent.

We can use independence to make probability calculations. Take the two coin example. If two se-
quential fair coin flips are independent then the probability that both are heads is

PHiNnH)] =P[H I]j’H—1 1_1
(H1N Hy] =P [H] xP[ 2]_5X§_Z'

This answers the question raised in Section 1.5. The probability of HH is 1/4, not 1/3. The key is the
assumption of independence not how the outcomes are listed.
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As another example, consider throwing a pair of fair die. If the two die are independent then the
probability of two 1’sis P [1] x P[1] = 1/36.

Naively, one might think that independence relates to disjoint events, but the converse if true. If A
and B are disjoint then they cannot be independent. That is, disjointness means An B = &, and by part
2 of Theorem 1.2

P[ANB]=P[g]=0#P[A]P[B]

and the right-side is non-zero under the definition of independence.

Independence lies at the core of many probability calculations. If you can break an event into the
joint occurance of several independent events, then the probability of the event is the product of the
individual probabilities.

Take, for example, the two coin example and the event { H H, HT}. This equals {First coin is H, Second
coin is either H or T}. If the two coins are independent this has probability

1 1
PH xP[HorT]==x1=—.
2 2

As a bit more complicated example, what is the probability of “rolling a seven” from a pair of die,
meaning that the two faces add to seven? We can calculate this as follows. Let (x, y) denote the outcomes
from the two (ordered) die. The following outcomes yield a seven: {(1,6),(2,5),(3,4), 4,3),(5,2),(6,1)}.
The outcomes are disjoint. Thus by the third Axiom the probability of a seven is the sum

P[71=P[1,6]+P[2,5]+P[3,4] +P[4,3] +P[5,2] +P[6,1].

Assume the two die are independent of one another and the probabilities are products. For fair die the
above expression equals

P xP6]+P2] xP[B3]+P[3] xP[4]+P[4] xP[3]+P[5] xP[2] +P[6] x PP [1]
1 11 1 1 1 1 1 1 1 1 1
=—X—4+—-X—-4+—-X—-F+—-X—4+—X—+—X—
6 6 6 6 6 6 6 6 6 6 6 6
1
ZGX?
1
=5

Now suppose that the dice are not fair. Suppose they are independent, but each is weighted so that
the probability of a “1” is 2/6 and the probability of a “6” is 0. We revise the calculation to find

Pl xP6]+P2] xP[5]+P3] xP[4]+P[4] xP[3]+P[5] xP[2] +P[6] x P[1]
2 0 1 1 1 1 1 1 1 1 0 2

= —X—F-—X—-F-—X—F—X—F—xX—F—X%x—

6 6 6 6 6 6 6 6 6 6 6 6

1

=5

1.9 Law of Total Probability

An important relationship can be derived from the partitioning theorem (Theorem 1.1) which states
that if {B;} is a partition of the sample space S then

(&)
A={J(ANnB)).
i=1
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Since the events (AN B;) are disjoint an application of the third Axiom and the definition of conditional
probability implies
o0 o0
P[A]=) P[ANB;l=) P[A|BiIP[B;l.
i=1 i=1
This is called the Law of Total Probability.

Theorem 1.5 Law of Total Probability. If {B;, By,---} is a partition of S and P[B;] > 0 for all i then

P[Al=) P[A|B]P[Bjl.
i=1

For example, take the roll of a fair die and the events A = {1,3,5} and B; = {j}. We calculate that

6 1 1 1 1 1
Y PIAIBiIP[Bil=1x~+0x~+1x=+0x—-+1x—=+0x
6 6 6 6 6

1
i=1 2

| =

which equals P [A] = 1/2 as claimed.

1.10 Bayes Rule

A famous result is credited to Reverend Thomas Bayes.

Theorem 1.6 Bayes Rule. If P [A] > 0 and P [B] > 0 then

P[B|AIP[A]

P[A|B] = .
P[B|AIP[A]l+P[B| AC]P[A°]

Proof. The definition of conditional probability (applied twice) implies
P[ANB]=P[A|B]P[B]=P[B| AlP[A].

Solving we find
P[B|AIP[A]
P(B]

Applying the law of total probability to P [B] using the partition {A, A;} we obtain the stated result. |

P[A|B] =

Bayes Rule is illustrated in Figure 1.4. It shows the sample space divided between A and A€, with B
intersecting both. The probability of A given B is the ratio of An B to B, the probability of B given A is
the ratio of An B to A, and the probability of B given A€ is the ratio of A°n B to A°.

Bayes Rule is terrifically useful in many contexts.

As one example suppose you walk by a sports bar where you see a group of people watching a sports
match which involves a popular local team. Suppose you suddenly hear a roar of excitement from the
bar. Did the local team just score? To investigate this by Bayes Rule, let A = {score} and B = {crowd roars}.
Assume that P[A] = 1/10, P[B| A] =1 and P[B | A°] = 1/10 (there are other events which can cause a
roar). Then

1x 15 10
PIAIB] = —F——F——3 = 5 =93%.
X350+ 70 X 10 19
This is slightly over one-half. Under these assumptions the roar of the crowd is highly informative though
not definitive®.

5Consequently it is reasonable to enter the sports bar to learn the truth!
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Figure 1.4: Bayes Rule

As another example suppose there are two types of workers: hard workers (H) and lazy workers (L).
Suppose that we know from previous experience that P [H] = 1/4 and P [L] = 3/4. Suppose we can admin-
ister a screening test to determine if an applicant is a hard worker. Let T be the event that an applicant
has a high score on the test. Suppose that

P[T|H]=3/4
PIT|L=1/4.
That is, the test has some signal but is not perfect. We are interested in calculating P[H | T], the condi-

tional probability that an applicant is a hard worker, given that they have a high test score. Bayes Rule
tells us

P(T | HP[H] § %7 1
PH|T]= P Sk SR
P[T|HP[H]+P[T|LIP[L] TXatIxy 2

The probability the applicant is a hard worker is only 50%! Does this mean the test is useless? Consider
the question: What is the probability an applicant is a hard worker, given that they had a poor (P) test

score? We find
X

1

x% 10°

P[P| HIP[H]

P[H|P]= = -
PIP|HIP[H+P[P|LIP[L] 1x

+

NN
ENSU N

This is only 10%. Thus what the test tells us is that if an applicant scores high we are uncertain about that
applicant’s work habits, but if an applicant scores low it is unlikely that they are a hard worker.

To revisit our real-world example of education and wages, recall that we calculated that the probabil-
ity of a high wage (H) given a college degree (C) is P[H | C] = 0.53. Applying Bayes Rule we can find the



CHAPTER 1. BASIC PROBABILITY THEORY 13

probability that an individual has a college degree given that they have a high wage is

P[HICIP[C] 0.53x0.36
PIC|H]= PH] —— =0.62.

The probability of a college degree given that they have a low wage (L) is

PILICIP[C] 0.47x0.36
PICIL]= PILI =069 0.25.

Thus given this one piece of information (if the wage is above or below $25) we have probabilistic infor-
mation about whether the individual has a college degree.

1.11 Permutations and Combinations

For some calculations it is useful to count the number of individual outcomes. For some of these
calculations the concepts of counting rules, permutations, and combinations are useful.

The first definition we explore is the counting rule, which shows how to count options when we
combine tasks. For example, suppose you own ten shirts, three pairs of jeans, five pairs of socks, four
coats and two hats. How many clothing outfits can you create, assuming you use one of each category?
The answer is 10 x 3 x 5 x 4 x 2 = 1200 distinct outfits®.

Theorem 1.7 Counting Rule. If a job consists of K separate tasks, the k*”* of which can be done in n;
ways, then the entire job can be done in nyny - - - ng ways.

The counting rule is intuitively simple but is useful in a variety of modeling situations.

The second definition we explore is a permutation. A permutation is a re-arrangement of the or-
der. Suppose you take a classroom of 30 students. How many ways can you arrange their order? Each
arrangement is called a permutation. To calculate the number of permutations, observe that there are
30 students who can be placed first. Given this choice there are 29 students who can be placed second.
Given these two choices there are 28 students for the third position, and so on. The total number of
permutations is

30x29x---x1=30!

Here, the symbol ! denotes the factorial. (See Section A.3.)
The general solution is as follows.

Theorem 1.8 The number of permutations of a group of N objects is N!

Suppose we are trying to select an ordered five-student team from a 30-student class for a competi-
tion. How many ordered groups of five can are there? The calculation is much the same as above, but we
stop once the fifth position is filled. Thus the number is

30!

30%x29%x28x%x27%x26=—.
25!

The general solution is as follows.

Theorem 1.9 The number of permutations of a group of N objects taken K at a time is

N!
P(N,K) = ———
(N-K)!

6Remember this when you (or a friend) asserts “I have nothing to wear!”
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The third definition we introduce is combinations. A combination is an unordered group of objects.
For example revisit the idea of sending a five-student team for a competition but now assume that the
team is unordered. Then the question is: How many five-member teams can we construct from a class
of 30 students? In general, how many groups of K objects can be extracted from a group of N objects?
We call this the number of combinations.

The extreme cases are easy. If K = 1 then there are N combinations (each individual student). If
K = N then there is one combination (the entire class). The general answer can be found by noting that
the number of ordered groups is the number of permutations P(N, K). Each group of K can be ordered
K! ways (since this is the number of permutations of a group of K). This means that the number of
unordered groups is P(N, K)/K!. We have found the following.

Theorem 1.10 The number of combinations of a group of N objects taken K at a time is
A
K| KI(N-K)!

N
The symbol x| in words “N choose K”, is a commonly-used notation for combinations. They are

also known as the binomial coefficients. The latter name is because they are the coefficients from the
binomial expansion.

Theorem 1.11 Binomial Theorem. For any integer N =0

N

(a+b)N =) (]IZ)aKbN_K.
K=0
The proof of the binomial theorem is given in Section 1.15.
The permutation and combination rules introduced in this section are useful in certain counting
applications but may not be necessary for a general understanding of probability. My view is that the
tools should be understood but not memorized. Rather, the tools can be looked up when needed.

1.12 Sampling With and Without Replacement

Consider the problem of sampling from a finite set. For example, consider a $2 Powerball lottery
ticket which consists of five integers each between 1 and 69. If all five numbers match the winning
numbers, the player wins’ $1 million!

To calculate the probability of winning the lottery we need to count the number of potential tickets.
The answer depends on two factors: (1) Can the numbers repeat? (2) Does the order matter? The number
of tickets could be four distinct numbers depending on the two choices just described.

The first question, of whether a number can repeat or not, is called “sampling with replacement”
versus “sampling without replacement”. In the actual Powerball game 69 ping-pong balls are numbered
and put in a rotating air machine with a small exit. As the balls bounce around some find the exit. The
first five to exit are the winning numbers. In this setting we have “sampling without replacement” as
once a ball exits it is not among the remaining balls. A consequence for the lottery is that a winning
ticket cannot have duplicate numbers. However, an alternative way to play the game would be to extract
the first ball, replace it into the chamber, and repeat. This would be “sampling with replacement”. In this
game a winning ticket could have repeated numbers.

"There are also other prizes for other combinations.



CHAPTER 1. BASIC PROBABILITY THEORY 15

The second question, of whether the order matters, is the same as the distinction between permuta-
tions and combinations as discussed in the previous section. In the case of the Powerball game the balls
emerge in a specific order. However, this order is ignored for the purpose of a winning ticket. This is the
case of unordered sets. If the rules of the game were different the order could matter. If so we would use
the tools of ordered sets.

We now describe the four sampling problems. We want to find the number of groups of size K which
can be taken from N items, e.g. the number of five integers taken from the set {1, ..., 69}.

Ordered, with replacement. Consider selecting the items in sequence. The first item can be any of the
N, the second can be any of the N, the third can be any of the N, etc. So by the counting rule the total
number of possible groups is

NxNx--x N=NK,

In the powerball example this is
69° = 1,564,031,359.

This is a very large number of potential tickets!

Ordered, without replacement. This is the number of permutations P(N, K) = N!/(N - K)! In the power-

ball example this is

69! 69!
——— = — =69 x68x67x66x65=1,348,621,560.
(69-5)! 64!

This is nearly as large as the case with replacement.

Unordered, without replacement. This is the number of combinations N!/K!(N — K)! In the powerball

example this is

69!
—— =11,238,513.
5!(69 —5)!

This is a large number but considerably smaller than the cases of ordered sampling.

Unordered, with replacement. This is a tricky computation. It is not NX (ordered with replacement)
divided by K! because the number of orderings per group depends on whether or not there are repeats.
The trick is to recast the question as a different problem. It turns out that the number we are looking for
is the same as the number of N-tuples of non-negative integers {xi, ..., xy} whose sum is K. To see this,

»”

a lottery ticket (unordered with replacement) can be represented by the number of “1’s” x;, the number

of “2’s” x,, the number of “3’s” x3, etc, and we know that the sum of these numbers (x; + - -- + x)) must
equal K. The solution has a clever name based on the original proof notation.

Theorem 1.12 Stars and Bars Theorem. The number of N-tuples of non-negative integers whose sum
N+K—j

is K is equal to (
K

The proof of the stars and bars theorem is omitted as it is rather tedious. It does give us the answer
to the question we started to address, namely the number of unordered sets taken with replacement. In
the powerball example this is
(69 +5- 1) 73!

= —— =15,020,334.
5 5!68!

Table 1.1 summarizes the four sampling results.
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Table 1.1: Number of possible arrangments of size K from N items

Without Replacement With Replacement

N!
Ordered L NK
(N-K)!
Unordered (N) (N tK- 1)
K K

The actual Powerball game uses unordered without replacement sampling. Thus there are about 11
million potential tickets. As each ticket has equal chance of occurring (if the random process is fair) this
means the probability of winning is about 1/11,000,000. Since a player wins $1 million once for every
11 million tickets the expected payout (ignoring the other payouts) is about $0.09. This is a low payout
(considerably below a “fair” bet, given that a ticket costs $2) but sufficiently high to achieve meaningful
interest from players.

1.13 Poker Hands

A fun application of probability theory is to the game of poker. Similar types of calculations can be
useful in economic examples involving multiple choices.

A standard game of poker is played with a 52-card deck containing 13 denominations {2, 3, 4, 5, 6, 7,
8,9, 10, Jack, Queen, King, Ace} in each of four suits {club, diamond, heart, spade}. The deck is shuffled
(so the order is random) and a player is dealt® five cards called a “hand”. Hands are ranked based on
whether there are multiple cards (pair, two pair, 3-of-a-kind, full house, or four-of-a-kind), all five cards
in sequence (called a “straight”), or all five cards of the same suit (called a “flush”). Players win if they
have the best hand.

We are interested in calculating the probability of receiving a winning hand.

The structure is unordered sampling without replacement. The number of possible poker hands is

52 52! 48 x 49 x 50 x 51 x 52
= = =48x49x5x 17 %13 =2,598,560.

5| 475! 2x3x4x%x5

Since the draws are symmetric and random all hands have the same probability of receipt, implying that
the probability of receiving any specific hand is 1/2,598,560, an infinitesimally small number.

Another way of calculating this probability is as follows. Imagine picking a specific 5-card hand. The
probability of receiving one of the five cards on the first draw is 5/52, the probability of receiving one of
the remaining four on the second draw is 4/51, the probability of receiving one of the remaining three on
the third draw is 3/50, etc., so the probability of receiving the five card hand is

5x4x3x2x1 B 1 B 1
52x51 x50x49x48 13x17x5x49x48 2,598,960

This is the same.

8A typical game involves additional complications which we ignore.
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One way to calculate the probability of a winning hand is to enumerate and count the number of
winning hands in each category and then divide by the total number of hands 2,598,560. We give a few
examples.

Four of a Kind: Consider the number of hands with four of a specific denomination (such as Kings). The
hand contains all four Kings plus an additional card which can be any of the remaining 48. Thus there are
exactly 48 five-card hands with all four Kings. There are thirteen denominations so there are 13 x48 = 624
hands with four-of-a-kind. This means that the probability of drawing a four-of-a-kind is

13 x 48 ~ 1 1
13x17x5x49%x48 17x5x49 4165

~0.0%.

Three of a Kind: Consider the number of hands with three of a specific denomination (such as Aces).

4
There are (3 = 4 groups of three Aces. There are 48 cards to choose the remaining two. The number of

. 48 48!
such arrangements is

o | = 2621 = 47 x 24. However, this includes pairs. There are twelve denomina-

4
tions each of which has o= 6 pairs, so there are 12 x 6 = 72 pairs. This means the number of two-card

arrangements excluding pairs is 47 x 24 — 72 = 44 x 24. Hence the number of hands with three Aces and
no pair is 4 x 44 x 24. As there are 13 possible denominations the number of hands with a three of a kind
is 13 x 4 x 44 x 24. The probability of drawing a three-of-a-kind is

13 x4 x44 x24 B 88
13x17x5x49x48 17 x5x 49

=2.1%.

One pair: Consider the number of hands with two of a specific denomination (such as a “7”). There
4 48
are (2) = 6 pairs of 7’s. From the 48 remaining cards the number of three-card arrangements are ( 5 ) =

48!
YEETI 23 x 47 x 16. However, this includes three-card groups and two-card pairs. There are twelve

4 4
denominations. Each has 3| = 4 three-card groups. Each also has o= 6 pairs and 44 remaining cards

from which to select the third card. Thus there are 12 x (4 + 6 x 44) three-card arrangements with a either
a three-card group or a pair. Subtracting, we find that the number of hands with two 7’s and no other
pairs is

6x(23x47x16—-12x (4+6x44)).

Multiplying by 13, the probability of drawing one pair of any denomination is

6x(23x47%x16—12x (4+6x%x44)) 23x47x2—-3x(2+3x44)
X =
13x17x5%x49 x48 17 x5x49

13

=42%.

From these simple calculations you can see that if you receive a random hand of five cards you have a
good chance of receiving one pair, a small chance of receiving a three-of-a-kind, and a negligible chance
of receiving a four-of-a-kind.
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1.14 Sigma Fields*

Definition 1.2 isincomplete as stated. When there are an uncountable infinity of events it is necessary
to restrict the set of allowable events to exclude pathological cases. This is a technicality which has little
impact on practical econometrics. However the terminology is used frequently so it is prudent to be
aware of the following definitions. The correct definition of probability is as follows.

Definition 1.5 A probability function P is a function from a sigma field 28 to the real line which satisfies
the Axioms of Probability.

The difference is that Definition 1.5 restricts the domain to a sigma field 8. The latter is a collection
of sets which is closed under set operations. The restriction means that there are some events for which
probability is not defined.

We now define a sigma field.

Definition 1.6 A collection £ of sets is called a sigma field if it satisfies the following three properties:

1. T eAB.

2. If Ae B then A € .

[e.0]
3. If Ay, Az,...€ B then | JA; € B.
i=1

The infinite union in part 3 includes all elements which are an element of A; for some i. An example
o0
is J[0,1-1/i]=10,1).
i=1
An alternative label for a sigma field is “sigma algebra”. The following is a leading example of a sigma
field.

Definition 1.7 The Borel sigma field is the smallest sigma field on R containing all open intervals (a, b).
It contains all open intervals and closed intervals, and their countable unions, intersections, and com-
plements.

A sigma-field can be generated from a finite collection of events by taking all unions, intersections
and complements. Take the coin flip example and start with the event {H}. Its complement is {T}, their
union is S = {H, T} and its complement is {&}. No further events can be generated. Thus the collection
{2}, {H},{T}, S} is a sigma field.

For an example on the positive real line take the sets [0, 1] and (1,2]. Their intersection is {&}, union
[0,2], and complements (1,00), [0,1] U (2,00), and (2,00). A further union is [0,00). This collection is a
sigma field as no further events can be generated.

When there are an infinite number of events then it may not be possible to generate a sigma field
through set operations as there are pathological counter-examples. These counter-examples are difficult
to characterize, are non-intuitive, and seem to have no practical implications for econometric practice.
Therefore the issue is generally ignored in econometrics.

If the concept of a sigma field seems technical, it is! The concept is not used further in this textbook.
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1.15 Technical Proofs*

Proof of Theorem 1.1 Take an outcome w in A. Since {B;, By,---} is a partition of S it follows that w € B;
forsome i. Thusw € A; c Ucl."il A;. This shows that every element in A is an element of U;?gl Aj.

Now take an outcome w in U32, A;. Thus w € A; = (An B;) for some i. This implies w € A. This shows
that every element in U‘;.’Zl A; is an element of A.

Set A; = (ANB;). Fori # j, AinAj = (AnB;)n(ANB;) = An(B;nBj) = & since B; are mutually
disjoint. Thus A; are mutually disjoint. [ |

Proof of Theorem 1.2.1 A and A° are disjoint and AU A° = S. The second and third Axioms imply
1=P[SI=P[Al+P[A°]. (1.1)
Rearranging we find P [A€] = 1 — P [A] as claimed. [ |
Proof of Theorem 1.2.2 & = S°. By Theorem 1.2.1 and the second Axiom, PP [&] = 1-[P [S] = 0 as claimed. [
Proof of Theorem 1.2.3 Axiom 1 implies P[A°] = 0. This and equation (1.1) imply
PlA]=1-P[A°] =1
as claimed. |

Proof of Theorem 1.2.4 The assumption A c B implies An B = A. By the partitioning theorem (Theorem
1.1) B= (BN A)u(Bn A% = Au (Bn A°) where A and B n A€ are disjoint. The third Axiom implies

P[B]=P[A]+P[BnA°| =P [A]
where the inequality is P [B n A°] = 0 which holds by the first Axiom. Thus, P [B] = P [A] as claimed. |

Proof of Theorem 1.2.5 {AU B} = AU{Bn A°} where A and {Bn A} are disjoint. Also B={Bn A}u{Bn A°}
where {Bn A} and {Bn A°} are disjoint. These two relationships and the third Axiom imply

P[AUB] =P[A]+P[Bn A°]
P[Bl=P[BNA]+P[Bn A°].

Subtracting,
P[AUB]-P[B]=P[A]-P[BnA].

By rearrangement we obtain the result. [

Proof of Theorem 1.2.6 From the Inclusion-Exclusion Principle and P [An B] = 0 (the first Axiom)
P[AUB]=P[A]+P[B]-P[AnB] <P[A] +P[B]

as claimed. |

Proof of Theorem 1.2.7 Rearranging the Inclusion-Exclusion Principle and using ®[AuU B] < 1 (Theorem
1.2.3)
P[ANnB]I=P[A]+P[B]-P[AUB]=P[A]l+P[B] -1

which is the stated result. [ ]
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Proof of Theorem 1.11 Multiplying out, the expression
(a+b)N =(a+b)x-x(a+Db) (1.2)

is a polynomial in a and b with 2" terms. Each term takes the form of the product of K of the a and N- K
of the b, thus of the form aX b =X, The number of terms of this form is equal to the number of combina-
tions of the a’s, which is (}). Consequently expression (1.2) equals ¥ ¥_ (¥)a¥bV =K asstated. ~®

1.16 Exercises
Exercise 1.1 Let A={a,b,c,d} and B ={a,c,e, f}.
(@) Find AnB.
(b) Find AUB.
Exercise 1.2 Describe the sample space S for the following experiments.
(a) Flip a coin.
(b) Roll a six-sided die.

(¢) Roll two six-sided dice.

(d) Shoot six free throws (in basketball).
Exercise 1.3 From a 52-card deck of playing cards draw five cards to make a hand.

(a) Let Abe the event “The hand has two Kings”. Describe A°.

(b) A straight is five cards in sequence, e.g. {5,6,7,8,9}. A flush is five cards of the same suit. Let A
be the event “The hand is a straight” and B be the event “The hand is 3-of-a-kind”. Are A and B
disjoint or not disjoint?

(c) Let A be the event “The hand is a straight” and B be the event “The hand is flush”. Are A and B
disjoint or not disjoint?

Exercise 1.4 For events A and B, express “either A or B but not both” as a formula in terms of P [A], PP [B],
andP[ANB].

Exercise 1.5 IfP[A] =1/2 and P[B] =2/3, can A and B be disjoint? Explain.

Exercise 1.6 Prove that P[AuB]=P[A]+P[B]-P[ANB]J.

Exercise 1.7 Show thatP[AnB]<P[A]<P[AUB]<P[A]+P[B].

Exercise 1.8 Suppose An B = A. Can A and B be independent? If so, give the appropriate condition.

Exercise 1.9 Prove that
P[ANBNC]=P[A|BNnC]P[B|C]P[C].

AssumeP[C]>0andP[BNC] > 0.
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Exercise 1.10 IsP[A| B] <P [A], P[A| B] =P [A] or is neither necessarily true?
Exercise 1.11 Give an example where P[A] >0yetP[A| B] =0.
Exercise 1.12 Calculate the following probabilities concerning a standard 52-card playing deck.

(a) Drawing a King with one card.

(b) Drawing a King on the second card, conditional on a King on the first card.

(c) Drawing two Kings with two cards.

(d) Drawing a King on the second card, conditional on the first card is not a King.

(e) Drawing a King on the second card, when the first card is placed face down (so is unknown).

Exercise 1.13 You are on a game show, and the host shows you five doors marked A, B, C, D, and E. The
host says that a prize is behind one of the doors, and you win the prize if you select the correct door.
Given the stated information, what probability distribution would you use for modeling the distribution
of the correct door?

Exercise 1.14 Calculate the following probabilities, assuming fair coins and dice.

(a) Getting three heads in a row from three coin flips.

(b) Getting a heads given that the previous coin was a tails.

(c) From two coin flips getting two heads given that at least one coin is a heads.
(d) Rolling a six from a pair of dice.

(e) Rolling “snakes eyes” from a pair of dice. (Getting a pair of ones.)

Exercise 1.15 If four random cards are dealt from a deck of playing cards, what is the probability that all
four are Aces?

Exercise 1.16 Suppose that the unconditional probability of a disease is 0.0025. A screening test for this
disease has a detection rate of 0.9, and has a false positive rate of 0.01. Given that the screening test
returns positive, what is the conditional probability of having the disease?

Exercise 1.17 Suppose 1% of athletes use banned steroids. Suppose a drug test has a detection rate of
40% and a false positive rate of 1%. If an athlete tests positive what is the conditional probability that the
athlete has taken banned steroids?

Exercise 1.18 Sometimes we use the concept of conditional independence. The definition is as follows:
let A, B, C be three events with positive probabilities. Then A and B are conditionally independent given
CifP[AnB|C]=P[A|CIP[B|C]. Consider the experiment of tossing two dice. Let A = {First die is 6},
B = {Second die is 6}, and C = {Both dice are the same}. Show that A and B are independent (uncondi-
tionally), but A and B are dependent given C.
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Exercise 1.19 Monte Hall. This is a famous (and surprisingly difficult) problem based on an old U.S.
television game show “Let’s Make a Deal hosted by Monte Hall”. A standard part of the show ran as
follows: A contestant was asked to select from one of three identical doors: A, B, and C. Behind one of
the three doors there was a prize. If the contestant selected the correct door they would receive the prize.
The contestant picked one door (say A) but it is not immediately opened. To increase the drama the host
opened one of the two remaining doors (say door B) revealing that that door does not have the prize. The
host then made the offer: “You have the option to switch your choice” (e.g. to switch to door C). You can
imagine that the contestant may have made one of reasonings (a)-(c) below. Comment on each of these
three reasonings. Are they correct?

(a) “WhenIselected door A the probability that it has the prize was 1/3. No information was revealed.
So the probability that Door A has the prize remains 1/3.”

(b) “The original probability was 1/3 on each door. Now that door B is eliminated, doors A and C each
have each probability of 1/2. It does not matter if I stay with A or switch to C.”

(c) “The host inadvertently revealed information. If door C had the prize, he was forced to open door
B. If door B had the prize he would have been forced to open door C. Thus it is quite likely that
door C has the prize.”

(d) Assume a prior probability for each door of 1/3. Calculate the posterior probability that door A and
door C have the prize. What choice do you recommend for the contestant?

Exercise 1.20 In the game of blackjack you are dealt two cards from a standard playing deck. Your score
is the sum of the value of the two cards, where numbered cards have the value given by their number,
face cards (Jack, Queen, King) each receive 10 points, and an Ace either 1 or 11 (player can choose). A
blackjack is receiving a score of 21 from two cards, thus an Ace and any card worth 10 points.

(a) What is the probability of receiving a blackjack?

(b) The dealer is dealt one of his cards face down and one face up. Suppose the “show” card is an Ace.
What is the probability the dealer has a blackjack? (For simplicity assume you have not seen any
other cards.)

Exercise 1.21 Consider drawing five cards at random from a standard deck of playing cards. Calculate
the following probabilities.

(a) A straight (five cards in sequence, suit not relevant).
(b) A flush (five cards of the same suit, order not relevant)

(c) Afull house (3-of-a-kind and a pair, e.g. three Kings and two “3’s”.

Exercise 1.22 In the poker game “Five Card Draw" a player first receives five cards drawn at random.
The player decides to discard some of their cards and then receives replacement cards. Assume a player
is dealt a hand with one pair and three unrelated cards and decides to discard the three unrelated cards
to obtain replacements. Calculate the following conditional probabilities for the resulting hand after the
replacements are made.

(a) Obtaining a four-of-a-kind.

(b) Obtaining a three-of-a-kind.
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(c) Obtaining two pairs.
(d) Obtaining a straight or a flush.

(e) Ending with one pair.
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Chapter 2

Random Variables

2.1 Introduction

In practice it is convenient to represent random outcomes numerically. If the outcome is numerical
and one-dimensional we call the outcome a random variable. If the outcome is multi-dimensional we
call it a random vector.

Random variables are one of the most important and core concepts in probability theory. It is so
central that most of the time we don’t think about the foundations.

As an example consider a coin flip which has the possible outcome H or T. We can write the outcome
numerically by setting the result as X = 1 if the coin is heads and X = 0 if the coin is tails. The object X is
random since its value depends on the outcome of the coin flip.

2.2 Random Variables

Definition 2.1 A random variable is a real-valued outcome; a function from the sample space S to the
real line R.

A random variable is typically represented by an uppercase Latin character; common choices are X
and Y. In the coin flip example the function is

1 ifH
X‘{ 0 ifT

To illustrate, Figure 2.1 illustrates a mapping from the coin flip sample space to the real line, with T
mapped to 0 and H mapped to 1. A coin flip may seem overly simple but the structure is identical to any
two-outcome application.

Notationally it is useful to distinguish between random variables and their realizations. In probability
theory and statistics the convention is to use upper case X to indicate a random variable and use lower
case x to indicate a realization or specific value. This may seem a bit abstract. Think of X as the random
object whose value is unknown and x as a specific number or outcome.

2.3 Discrete Random Variables

We have a defined a random variable X as a real-valued outcome. In most cases X only takes values
on a subset of the real line. Take, for example, a coin flip coded as 1 for heads and 0 for tails. This only
takes the values 0 and 1. It is an example of what we call a discrete distribution.

24
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Figure 2.1: A Random Variable is a Function

Definition 2.2 The set & is discrete if it has a finite or countably infinite number of elements.

Most discrete sets in applications are non-negative integers. For example, in a coin flip & = {0, 1} and
inaroll ofadie & ={1,2,3,4,5,6}.

Definition 2.3 If there is a discrete set & such that P[X € &'] = 1 then X is a discrete random variable.
The smallest set & with this property is the support of X.

The support is the set of values which receive positive probability of occurance. We sometimes write
the support as & = {11,72,...,Tn}, X ={11,72,...} or X = {19, 71,72,...} when we need an explicit descrip-
tion of the support. We call the values 7 ; the support points.

The following definition is useful.

Definition 2.4 The probability mass function of a random variable is 7(x) = P[X = x], the probability
that X equals the value x. When evaluated at the support points 7; we write 77 ; = 71(7 ;).

Take, for example, a coin flip with probability p of heads. The support is & = {0,1} = {79, 71}. The
probability mass function takes the values 7y = 1 — p and n; = p.

Take a fair die. The support is = {1,2,3,4,5,6} = {t; : j = 1,...,6} with probability mass function
wj=1/6for j=1,..,6.

An example of a countably infinite discrete random variable is

-1

|P>[X=k]=ek—', k=01,2,... 2.1)

o0

This is a valid probability function since e = ), 0 1/k!. The support is ¥ = {0,1,2,...} with probability
mass functionz; = e~1/(j" for j = 0. (This a special case of the Poisson distribution which will be defined
in Section 3.6.)

It can be useful to plot a probability mass function as a bar graph to visualize the relative frequency
of occurrence. Figure 2.2(a) displays the probability mass function for a fair six-sided die. The height
of each bar is the the probability 7; at the support point. For a fair die each bar has height 7; = 1/6.
Figure 2.2(b) displays the probability mass function for the distribution (2.1). While the distribution
is countably infinite the probabilities are negligible for k = 6 so we have plotted the probability mass
function for k < 5. You can see that the probabilities for k = 0 and k = 1 are about 0.37, that for k = 2
about 0.18, for k = 3 is 0.06 and for k = 4 the probability is 0.015.
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To illustrate using a real-world example, Figure 2.2(c) displays the probability mass function for the
years of education! among U.S. wage earners in 2009. You can see that the highest probability occurs at
12 years of education (about 27%) and second highest at 16 years (about 23%)
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Figure 2.2: Probability Mass Functions

2.4 Transformations

If X is a random variable and Y = g(X) for some function g : & — % c R then Y is also a random
variable. To see this formally, since X is a mapping from the sample space S to Z <R, and g maps & to
% c R, then Y is also a mapping from S to R.

We are interested in describing the probability mass function for Y. Write the support of X as & =
{T1,72,...} and its probability mass function as 7 x (7 ;).

If we apply the transformation to each of X’s support points we obtain u; = g(7;). If the u; are
unique (there are no redundancies) then Y has support & = {u;, y», ...} with probability mass function
my (uj) = nx (7). The impact of the transformation X — Y is to move the support points from 7; to yj,
and the probabilities are maintained.

If the y; are not unique then some probabilities are combined. Essentially the transformation re-
duces the number of support points. As an example suppose that the support of X is {-1,0,1}and Y = X?.
Then the support for Y is {0,1}. Since both —1 and 1 are mapped to 1, the probability mass function for
Y inherits the sum of these two probabilities. That is, the probability mass function for Y is

my (0) =mwx(0)
ry(1) =nx(-1+mx(1).
In general
rypd= ) 7x(1))
J:8T)=8()

The sum looks complicated, but it simply states that the probabilites are summed over all indices for
which there is equality among the transformed values.

1Here, 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 educa-
tion=20.
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2.5 Expectation

The expectation of a random variable X, denoted as E [X], is a useful measure of the central tendency
of the distribution. It is the average value with probability-weighted averaging. The expectation is also
called the expected value, average, or mean of the distribution. We prefer the labels “expectation” or
“expected value” as they are the least ambiguous. It is typical to write the expectation of X as E [X], E (X)),
orEX.

Definition 2.5 For a discrete random variable X with support {7 ;}, the expectation of X is

[
E(X]=) 77
j=1

if the series is convergent. (For the definition of convergence see Appendix A.1.)

It is important to understand that while X is random, the expectation E[X] is non-random. It is a
fixed feature of the distribution.

Example: X = 1 with probability p and X = 0 with probability 1 — p. Its expected value is

EX]=0x(1-p)+1xp=p.

Example: Fair die throw

1 1 1 1 1
E[X]=1x—-4+2x—-4+3x—-4+4x—-+5%x—-+6xX
6 6 6 6 6

=
N~

o1
Example: P[X = k] = o for non-negative integer k.

E[X] = Zk—.—0+Zk ;(k i

Example: Years of Education. For the probability distribution displayed in Figure 2.2(c) the expected
value is

E[X]=8x%x0.027+9x0.011+10x0.011+11x0.026+ 12 x 0.274
+13x0.182+14x0.111+16 x 0.229 + 18 x 0.092 + 20 x 0.037
=13.9.

Thus the average number of years of education is about 14.

One property of the expectation is that it is the center of mass of the distribution. Imagine the proba-
bility mass functions of Figure 2.2 as a set of weights on a board placed on top of a fulcrum. For the board
to balance the fulcrum needs to be placed at the expectation E[X]. It is instructive to review Figure 2.2
with the knowledge the center of mass for the die throw probability mass function is 3.5, the center of
mass for the Poisson distribution is 1, and that for the years of education is 14.

We similarly define the expectation of transformations.
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Definition 2.6 For a discrete random variable X with support {7 ;}, the expectation of g(X) is
o0
ElgX0)] =) gljm;
j=1
if the series is convergent.

When applied to transformations we may use simplified notation when it leads to less clutter. For
example, we may write E|X| rather than E [| X|], and E|X]|" rather than E[| X|"].
Expectation is an linear operator.

Theorem 2.1 Linearity of Expectations. For any constants a and b,
Ela+bX]=a+ bE[X].

Proof: Using the definition of expectation

Ela+bX]=} (a+brj)m;

sinceZ‘]’.ilnj:landZ‘]’.ozlanj:[E[X]. [ ]

2.6 Finiteness of Expectations

The definition of expectation includes the phrase “if the series is convergent”. This is included since
it is possible that a series is not convergent. In the latter case the expectation is either infinite or not
defined.

As an example suppose that X has support points 2% for k = 1,2, ... and has probability mass function
i = 27¥. This is a valid probability function since

[e.°] [e.°] 1
R
k=1 k=1

+ee=1

Ool>—‘

1
4

NI»—'

The expected value is
(e8] (o]
EX]=) 2fme =) 2k =0
= =1

This example is known as the St. Petersburg Paradox and corresponds to a bet. Toss a fair coin K times
until a heads appears. Set the payout as X = 2K, This means that a playeris paid $2if K = 1, $4 if K = 2, $8
if K = 3, etc. The payout has infinite expectation, as shown above. This game has been called a paradox
because few individuals are willing to pay a high price to receive this random payout, despite the fact
that the expected value is infinite?.

The probability mass function for this payout is displayed in Figure 2.3. You can see how the prob-
ability decays slowly in the right tail. Recalling the property of the expected value as equal to the center

2Economists should realize that there is no paradox once you introduce concave utility. If utility is u(x) = x1/2 then the
expected utility of the bet is Z°° 2kI2 —p-1/2 (1 — 2_1/2) =~2.41. The value of the bet (certainty equivalence) is $5.83, for this
also yields a utility of 2.41.
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of mass, this means that if we imagine an infinitely-long board with the probability mass function of
Figure 2.3 as weights, there would be no position where you could put a fulcrum such that the board bal-
ances. Regardless of where the fulcrum is placed the board will tilt to the right. The small but increasingly
distantly-placed probability mass points dominate.

0.5

0.4

0.2

0.1

0.0

2 8 16 32 64

Figure 2.3: St. Petersburg Paradox

It is also possible for an expectation to be undefined. Suppose that we modify the payout of the St.
Petersburg bet so that the support points are 2% and —2* each with probability 7; = 27%~1. Then the

expected value is
X1 X1

(e, [e.o]
E(X]=) 2%m - Y 2% = Y 52 5 =000

k=1 k=1 k=14 k=1
This series is not convergent but also neither +oo nor —co. (It is tempting but incorrect to guess that the
two infinite sums cancel.) In this case we say that the expectation is not defined or does not exist.

The lack of finiteness of the expected value can make economic transactions difficult. Suppose that

X is loss due to an unexpected severe event, such as fire, tornado, or earthquake. With high probability
X = 0. With with low probability X is positive and quite large. In these contexts risk adverse economic
agents seek insurance. An ideal insurance contract compensates fully for a random loss X. In a market
with no asymmetries or frictions, insurance companies offer insurance contracts with the premium set
to equal the expected loss E [ X]. However, when the loss is not finite this is impossible so such contracts
are infeasible.

2.7 Distribution Function

A random variable can be represented by its distribution function.
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Definition 2.7 The distribution function is F(x) =P [X < x], the probability of the event {X < x}.

F(x) is also known as the cumulative distribution function (CDF). A common shorthand is to write
“X ~ F” to mean “the random variable X has distribution function F” or “the random variable X is
distributed as F”. We use the symbol “~” to means that the variable on the left has the distribution
indicated on the right.

It is standard notation to use upper case letters to denote a distribution function. The most common
choice is F though any symbol can be used. When there is need to be clear about the random variable we
add a subscript, writing the distribution function as Fx(x). The subscript X indicates that Fy is the dis-
tribution of X. The argument “x” does not signify anything. We could equivalently write the distribution
as Fx () or Fx(s). When there is only one random variable under discussion we simplify the notation
and write the distribution function as F(x).

For a discrete random variable with support points 7, the CDF at the support points equals the
cumulative sum of the probabilities less than j.

J
Frj)=) m(p.
k=1
The CDF is constant between the support points. Therefore the CDF of a discrete random variable is a
step function with jumps at each support point of magnitude 7 (7 ;).
Figure 2.4 displays the distribution functions for the three examples displayed in Figure 2.2.
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Figure 2.4: Discrete Distribution Functions

You can see how each distribution function is a step function with steps at the support points. The
size of the jumps is constant for the die toss since the six probabilities are equal, but the size of the jumps
for the other two examples are varied since the probabilities are unequal.

In general (not just for discrete random variables) the CDF has the following properties.

Theorem 2.2 Properties of a CDF. If F(x) is a distribution function then
1. F(x) is non-decreasing.
2. lim F(x)=0.
X——00

3. lim F(x)=1.
X—00
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4. F(x) is right-continuous, meaning lilm F(x) = F(xp).
X1 Xo

Properties 1 and 2 are consequences of Axiom 1 (probabilities are non-negative). Property 3 is Axiom
2. Property 4 states that at points where F(x) has a step, F(x) is discontinuous to the left but continuous to
the right. This property is due to the definition of the distribution function as P [X < x]. If the definition
were P [X < x] then F(x) would be left-continuous.

2.8 Continuous Random Variables

Ifarandom variable X takes a continuum of values it is not discretely distributed. Formally, we define
arandom variable to be continuous if the distribution function is continuous.

Definition 2.8 If X ~ F(x) and F(x) is continuous then X is a continuous random variable.

Example: Uniform Distribution

0 x<0
F(x)= X 0<sx<l1
1 x>1.

The function F(x) is globally continuous, limits to zero as x — —oo and limits to 1 as x — oco. Therefore it
satisfies the properties of a CDE

Example: Exponential Distribution.

0 x<0
1-exp(—x) x=0.

F(x) :{

The function F(x) is globally continuous, limits to zero as x — —oo and limits to 1 as x — oco. Therefore it
satisfies the properties of a CDE

Example: Hourly Wages. As a real-world example, Figure 2.5 displays the distribution function for hourly
wages in the U.S. in 2009, plotted over the range [$0,$60]. The function is continuous and everywhere
increasing. This is because wage rates are dispersed. Marked with arrows are the values of the distribu-
tion function at $10 increments from $10 to $50. This is read as follows. The distribution function at $10
is 0.14. Thus 14% of wages are less than or equal to $10. The distribution function at $20 is 0.54. Thus
54% of the wages are less than or equal to $20. Similarly, the distribution at $30, $40, and $50 are 0.78,
0.89, and 0.94.

One way to think about the distribution function is in terms of differences. Take an interval (a, b]. The
probability that X € (a, b] isP[a < X < b] = F(b) — F(a), the difference in the distribution function. Thus
the difference between two points of the distribution function is the probability that X lies in the interval.
For example, the probability that a random person’s wage is between $10 and $20 is 0.54 — 0.14 = 0.30.
Similarly, the probability that their wage is in the interval [$40, $50] is 94% — 89% = 5%.

One property of continuous random variables is that the probability that they equal any specific
value is 0. To see this take any number x. We can find the probability that X equals x by taking the limit
of the sequence of probabilities that X is in the interval [x, x + €] as € decreases to zero. This is

P[X =x] :lir%[F"[xssz+e] :lin(l)F(x+€)—F(x) =0
€— €—



CHAPTER 2. RANDOM VARIABLES 32

1.0

0.9
1

0.7

0.6

0.5

0.4

0.2

0.1

0.0

Figure 2.5: Distribution Function — U.S. Wages

when F(x) is continuous. This is a bit of a paradox. The probability that X equals any specific value x is
zero, but the probability that X equals some value is one. The paradox is due to the magic of the real line
and the richness of uncountable infinity.

An implication is that for continuous random variables we have the equalities

PIX<x]=P[X=x]=F(x)
PIXzx]=P[X>x]=1-F(x).

2.9 Quantiles
For a continuous distribution F(x) the quantiles g(a) are defined as the solutions to the function
a =F(q(a)).
Effectively they are the inverse of F(x), thus
q(@) =F (a).

The quantile function g(a) is a function from [0, 1] to the range of X.

Expressed as percentages, 100 x g(a) are called the percentiles of the distribution. For example, the
95" percentile equals the 0.95 quantile.

Some quantiles have special names. The median of the distribution is the 0.5 quantile. The quartiles
are the 0.25, 0.50, and 0.75 quantiles. The later are called the quartiles as they divide the population into
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four equal groups. The quintiles are the 0.2, 0.4, 0.6, and 0.8 quantiles. The deciles are the 0.1, 0.2, ..., 0.9
quantiles.
Quantiles are useful summaries of the spread of the distribution.
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Figure 2.6: Quantile Function — U.S. Wages

Example: Exponential Distribution. F(x) = 1 —exp(—x) for x = 0. To find a quantile g(a) set a =1 -
exp(—x) and solve for x, thus x = —log(1 — a). For example the 0.9 quantile is —log(1 —0.9) = 2.3, the 0.5
quantile is —log(1 - 0.5) = 0.7.

Example: Hourly Wages. Figure 2.6 displays the distribution function for hourly wages. From the points
0.25, 0.50, and 0.75 on the y-axis lines are drawn to the distribution function and then to the x-axis with
arrows. These are the quartiles of the wage distribution, and are $12.82, $18.88, and $28.35. The interpre-
tation is that 25% of wages are less than or equal to $12.82, 50% of wages are less than or equal to $18.88,
and 75% are less than or equal to $28.35.

2.10 Density Functions

Continuous random variables do not have a probability mass function. An analog is the derivative of
the distribution function which is called the density.

Definition 2.9 When F(x) is differentiable, its density is f(x) = %F (x).

A density function is also called the probability density function (PDF). It is standard notation to
use lower case letters to denote a density function; the most common choice is f. As for distribution



CHAPTER 2. RANDOM VARIABLES 34

functions when we want to be clear about the random variable we write the density function as fx(x)
where the subscript indicates that this is the density function of X. A common shorthand is to write
“X ~ f” to mean “the random variable X has density function f”.

Theorem 2.3 Properties of a PDF. A function f(x) is a density function if and only if

1. f(x)=0forall x.
2. foof(x)dx: 1.

A density is a non-negative function which is integrable and integrates to one. By the fundamental
theorem of calculus we have the relationship

b
P[asXsb]zf fx)dx.
a

This states that the probability that X is in the interval [a, b] is the integral of the density over [a, b]. This
shows that the area underneath the density function are probabilities.

Example: Uniform Distribution. F(x) = x for 0 < x < 1. The density is
fx) d F(x) d 1
x)=—F((x)=—x=
dx dx

on for 0 < x < 1, 0 elsewhere. This density function is non-negative and satisfies

[e] 1
f f(x)dx:f ldx=1
—00 0

and so satisfies the properties of a density function.

Example: Exponential Distribution. F(x) = 1 —exp(—x) for x = 0. The density is
fx d F(x) d (1-exp(—x)) = exp(—x)
= — = — —exp(— =exp(—
dx dx P P

on x = 0, 0 elsewhere. This density function is non-negative and satisfies

f f(x)dx:f exp(—x)dx=1
—00 0

and so satisfies the properties of a density function. We can use it for probability calculations. For exam-
ple

2
Pll=X<2]= f exp(—x)dx = exp(—1) —exp(—2) = 0.23.
1

Example: Hourly Wages. Figure 2.7 plots the density of U.S. hourly wages.

The way to interpret the density function is as follows. The regions where the density f(x) is relatively
high are the regions where X has relatively high likelihood of occurrence. The regions where the density
is relatively small are the regions where X has relatively low likelihood. The density declines to zero in
the tails — this is a necessary consequence of the property that the density function is integrable. Areas
underneath the density are probabilities. For example, in Figure 2.7 the shaded region is for 20 < X < 30.
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P[20<X<30]=0.24

Figure 2.7: Density Function for Wage Distribution

This region has area of 0.24, corresponding to the fact that the probability that a wage is between $20 and
$30is 0.24. The density has a single peak around $15. This is the mode of the distribution.

The wage density has an asymmetric shape. The left tail has a steeper slope than the right tail, which
drops off more slowly. This asymmetry is called skewness. This is commonly observed in earnings and
wealth distributions. It reflects the fact that there is a small but meaningful probability of a very high
wage relative to the general population.

For continuous random variables the support is defined as the set of values for which the density is
positive.

Definition 2.10 The support & of a continuous random variable is the smallest set containing {x :

f(x)>0}.

2.11 Transformations of Continuous Random Variables

If X is a random variable with continuous distribution function F then for any function g (x), Y =
g(X) is arandom variable. What is the distribution of Y?

First consider the support. If & is the support of X, and g: ¥ — % then & is the support of Y. For
example, if X has support [0, 1] and g(x) = 1+ 2x the the support for Y = g(X) is [1,3]. If X has support
R+ and g(x) =logx then Y = g(X) has support R.

The probability distribution of Y is Fy (y) =P [Y < y] =P [g(X) < y|. Let B(y) be the set of x € R such
that g(x) < y. The events {g(X) < y} and {X € B(y)} are identical. So the distribution function for Y is

Fy(y) =P[XeB®y)].
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This shows that the distribution of Y is determined by the probability function of X.
When g(x) is strictly monotonically increasing then g(x) has an inverse function

hy) =gy
which implies X = h(Y) and B(y) = (—oo, h(y)]. The distribution function of Y is
Fy(y) =P [X < h(y)] = Fx(h(y)).

The density function is its derivative. By the chain rule we find

d d d
fr(y)= d—ny(h(y)) = fx(h(y))d—yh(y) = fx(h(y) ‘d—yh(y)‘ .

The last equality holds since k(y) has a positive derivative.
Now suppose that g(x) is monotonically decreasing with inverse function h(y). Then B(y) = [h(y),00)
SO
Fy(y)=P [X = h(y)] =1-Fx(h(y).

The density function is the derivative

d d d
fr(y) = —d—yFX(h(y)) = —fx(h(y))d—yh(y) = fx(h(y) ‘d_yh(y)"

The last equality holds since k(y) has a negative derivative.
We have found that when g(x) is strictly monotonic that the density for Y is

fr» = fxg t iy

where
J( )—‘ 4 )H 4 o )‘
Y= dy )= P yg y
is called the Jacobian of the transformation. It should be familiar from calculus.
We have shown the following.

Theorem 2.4 If X ~ fx, fx(x) is continuous on &, g(x) is strictly monotone, and g~!(y) is continuously
differentiable on %, then for y e &

fr) = fxg MIW)
where J(y) = d%g_l(y)|.
Theorem 2.4 gives an explicit expression for the density function of the transformation Y. We illus-

trate Theorem 2.4 by four examples.

Example: fx(x) = exp(—x) for x = 0. Set Y = AX for some A > 0. This means g(x) = Ax. Y has sup-
port % = [0,00). The function g(x) is monotonically increasing with inverse function h(y) = y/A. The
Jacobian is the derivative

J( )—‘ h( )‘— !
Y= dy y A
the density of Y is

= fx(g ™ —exp(-2) L
fry)=fx(g (y))](y)_eXp( A)A
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for y = 0. This is a valid density since

d 71 d d

= —_— ] — = - = 1
fo frndy fo exp( )L) 1 y fo exp(—x)dx
where the second equality makes the change of variables x = y/A.

Example: fx(x) =1for0<x<1. Set Y = g(X) where g(x) = —log(x). Since X has support [0,1], Y has
support % = (0,00). The function g(x) is monotonically decreasing with inverse function

h(y) =g ' (y) =exp(-y).

Take the derivative to obtain the Jacobian:
J(y) = 'ih(y)’ = |-exp(-y)| = exp(-y).
dy
Notice that fx(g~'(y)) = 1 for y = 0. We find that the density of Y is

fr( = fx(E& Iy = exp(~y)

for y = 0. This is the exponential density. We have shown that if X is uniformly distributed, then Y =
—log(X) has an exponential distribution.

Example: Let X have any continuous and invertible (strictly increasing) CDF Fx(x). Define the random
variable Y = Fx(X). Y has support % = [0,1]. The CDF of Y is

Fy() =PV =y
=P[Fx(X)<y|
=P[X=Fy' ()]
= Fx(Fx' (")
=)y

on [0, 1]. Taking the derivative we find the PDF

d
fy(y)—d—yy— L

This is the density function of a U[0, 1] random variable. Thus Y ~ U[0, 1].

The transformation Y = Fx(X) is known as the Probability Integral Transformation. The fact that
this transformation renders Y to be uniformly distributed regardless of the initial distribution Fy is quite
wonderful.

Example: Let fx(x) be the density function of wages from Figure 2.7. Let Y =log(X). If X has support on
R, then Y has support on R. The inverse function is h(y) = exp(y) and Jacobian is exp(y). The density
of Yis fy(y) = fx(exp(y)) exp(y). It is displayed in Figure 2.8. This density is more symmetric and less
skewed than the density of wages in levels.
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Figure 2.8: Density Function for Log Wage Distribution

2.12 Non-Monotonic Transformations

If Y = g(X) where g(x) is not monotonic, we can (in some cases) derive the distribution of Y by direct
manipulations. We illustrate by focusing on the case where g(x) = x%, % =R, and X has density fx(x).
Y has support % c [0,00). For y = 0,

Fy(y))=P[Y <y]
=P[X*<y]
~P[IXI= V¥
—P[-y7=X= ]
=P[X<y]-P[X<-V7]
= Fx (V¥) — Fx (V).

We find the density by taking the derivative and applying the chain rule.

(VYY) | x(=vY)
=55 2

_ Ix (VI + fx (=v)
2y .

To further the example, suppose that fx(x) = \/%71 exp(—x2/2) (the standard normal density). It fol-




CHAPTER 2. RANDOM VARIABLES 39

lows that the density of Y = X2 is

fr= exp(—y/2)

<

for y = 0. This is known as the chi-square density with 1 degree of freedom, written X% We have shown
that if X is standard normal then Y = X? is y2.

2.13 Expectation of Continuous Random Variables

We introduced the expectation for discrete random variables. In this section we consider the contin-
uous case.

Definition 2.11 If X is continuously distributed with density f(x) its expectation is defined as

E[X] :f xf(x)dx

when the integral is convergent.

The expectation is a weighted average of x using the continuous weight function f(x). Just as in the
discrete case the expectation equals the center of mass of the distribution. To visualize, take any density
function and imagine placing it on a board on top of a fulcrum. The board will be balanced when the
fulcrum is placed at the expected value.

Example: f(x)=1on0<x<1.

1 1
E[X] =f xdx=—.
0 2
Example: f(x) = exp (—x) on x = 0. We can show that E[X] = 1. Calculation takes two steps. First,
o0
E[X] =f xexp (—x) dx.
0
Apply integration by parts with © = x and v = exp(—x). We find
o0
E[X] :f exp(—x)dx=1.
0

Thus E[X] =1 as stated.

Example: Hourly Wage Distribution (Figure 2.5). The expected value is $23.92. Examine the density plot
in Figure 2.7. The expected value is approximately in the middle of the grey shaded region. This is the
center of mass, balancing the high mode to the left and the thick tail to the right.

Expectations of transformations are similarly defined.

Definition 2.12 If X has density f(x) then the expected value of g(X) is

E[gX)] = f g f(x)dx.
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Example: X ~ f(x) =1on0<x<1. ThenE[X?] = fol x2dx=1/3.

Example: Log Wage Distribution (Figure 2.8). The expected value is E [log(wage)] = 2.95. Examine the
density plot in Figure 2.8. The expected value is the approximate mid-point of the density since it is
approximately symmetric.

Just as for discrete random variables, the expectation is a linear operator.
Theorem 2.5 Linearity of Expectations. For any constants a and b,
Ela+bX]=a+bE[X].

Proof: Suppose X is continuously distributed. Then

o0

Ela+ bX] =f (a+bx) f(x)dx

:afoo f(x)dx+bfoo xf(x)dx
=a+ bE[X]

since [ f(x)dx=1and [° xf(x)dx=E[X]. ®

Example: f(x) = exp(—x) on x = 0. Make the transformation Y = 1X. By the linearity of expectations
and our previous calculation E[X] =1

E[Y]=E[AX]=AE[X] = A.

Alternatively, by transformation of variables we have previous shown that Y has density exp(-y/A)/A.
By direct calculation we can show that that

E[Y] :foooyexp(—%)%dy=/l.

Either calculation shows that the expected value of Y is A.

2.14 Finiteness of Expectations

In our discussion of the St. Petersburg Paradox we found that there are discrete distributions which
do not have convergent expectations. The same issue applies in the continuous case. It is possible for
expectations to be infinite or to be not defined.

Example: f(x) = x~2 for x > 1. This is a valid density since floo fx)dx = floo x2dx=-x"1 |(1>° =1. How-
ever the expectation is

E[X] =f xf(x)dX=f x'dx = log(x) |} = co.
1 1

Thus the expectation is infinite. The reason is because the integral [ x~!dx is not convergent. The
density f(x) = x2 is a special case of the Pareto distribution, which is used to model heavy-tailed distri-
butions.
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Example: f(x) = for x € R. The expected value is

1
7 (1+x?)

E[X] :f xf(x)dx

() 0
=f _ dx+f _x* dx
o m(l+x?) —oo 71 (1 + x?)

[e.e]

_ log (1 +x?)
a 27

“ log(1+x?)
2r

0
=log (co0) —log (co)

which is undefined. This is called the Cauchy distribution.

2.15 Unifying Notation

An annoying feature of intermediate probability theory is that expectations (and other objects) are
defined separately for discrete and continuous random variables. This means that all proofs have to done
twice, yet the exact same steps are used in each. In advanced probability theory it is typical to instead
define expectation using the Riemann-Stieltijes integral (see Appendix A.8) which combines these cases.
It is useful to be familiar with the notation even if you are not familiar with the mathematical details.

Definition 2.13 For any random variable X with distribution F(x) the expectation is
[e.0]
E[X] = f xdF(x)
—0o0

if the integral is convergent.

For the remainder of this chapter we will not make a distinction between discrete and continuous
random variables. For simplicity we will typically use the notation for continuous random variables
(using densities and integration) but the arguments apply to the general case by using Riemann-Stieltijes
integration.

2.16 Mean and Variance

Two of the most important features of a distribution are its mean and variance, typically denoted by
the Greek letters y and 0.

Definition 2.14 The mean of X is y =E[X].

The mean is either finite, infinite, or undefined.

Definition 2.15 The variance of X is 0% = var[X] = E[(X —E[X])?].

The variance is necessarily non-negative o = 0. It is either finite or infinite. It is zero only for degen-
erate random variables.

Definition 2.16 A random variable X is degenerate if for some ¢, P[X =c] = 1.
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A degenerate random variable is essentially non-random, and has a variance of zero.
The variance is measured in square units. To put the variance in the same units as X we take its
square root and give the square an entirely new name.

Definition 2.17 The standard deviation of X is the positive square root of the variance, o = V2.

It is typical to use the mean and standard deviation to summarize the center and spread of a distri-
bution.
The following are two useful calculations.

Theorem 2.6 var[X] = E[X?] - (E[X])2.
To see this expand the quadratic
(X —E[X])? = X% —2XE[X] + (E[X])?

and then take expectations to find

var [X] = E[(X —E[X])?]
=[E[X?] - 2E[XE[X]] +E[(E[X])?]
=E[X?] - 2E[X]E[X] + (E[X])?
=E[X?] - E[XD).

The third equality uses the fact that E[X] is a constant. The fourth combines terms.
Theorem 2.7 var[a+ bX] = b®var[X].
To see this notice that by linearity
Ela+ bX] =a+ bE[X].
Thus

(a+bX)-Ela+bX]=a+bX - (a+ bE[X])
=b(X-E[X]).

Hence

var[a+bX]=E[((a+bX)-E[a+bX])?]
=E[(b(X -E[X])?]
= P’E[(X —E[X])?]
= bzvar[X].

An important implication of Theorem 2.7 is that the variance is invariant to additive shifts: X and
a+ X have the same variance.

Example: A Bernoulli random variable takes the value 1 with probability p and 0 with probability 1 — p

X = 1 with probability p
~ | 0 with probability 1-p.
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This has mean and variance

H=p
azzp(l—p).

See Exercise 2.4.
Example: An exponential random variable has density
1
fx)= 1 exp (——)

for x = 0. This has mean and variance

See Exercise 2.5.

Example: Hourly Wages. (Figure 2.5). The mean, variance, and standard deviation are

u=24
0% =429
o =20.7.

Example: Years of Education. (Figure 2.2(c)). The mean, variance, and standard deviation are

p=13.9
g’=175
o=2.7.

2.17 Moments

43

The moments of a distribution are the expected values of the powers of X. We define both uncentered

and central moments
Definition 2.18 The m!" moment of X is ,u’m =E[X™].

Definition 2.19 For m > 1 the m'" central moment of X is Um =E[(X-E[X])™].

The moments are the expected values of the variables X"". The central moments are those of (X —E [X])".

Odd moments may be finite, infinite, or undefined. Even moments are either finite or infinite. For non-

negative X, m can be real-valued.
For ease of reference we define the first central moment as y; = E[X].

Theorem 2.8 For m > 1 the central moments are invariant to additive shifts, that is y,, (a + X) = p, (X).
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2.18 Jensen’s Inequality

Expectation is a linear operator E[a + bX] = a+ bE[X]. It is tempting to apply the same reasoning to
nonlinear functions but this is not valid. We can say more for convex and concave functions.

Definition 2.20 The function g(x) is convex if for any A1 € [0,1] and all x and y
gAx+1-y)sAg)+1Q-g(y).

The function is concave if
Ag)+(1-Mg(y)<g(Ax+1-NVy).

Examples of convex functions are the exponential g(x) = exp(x) and quadratic g(x) = x*>. Examples
of concave functions are the logarithm g(x) =log(x) and square root g(x) = xM2 for x = 0.

The definition of convexity and concavity is illustrated in Figure 2.9. Panel (a) shows a convex func-
tion and a chord between the points a and b. The chord lies above the convex function. Panel (b) shows
a concave function and a similar chord, which lies below the concave function.

(a) Convexity (b) Concavity

Figure 2.9: Convexity and Concavity

Theorem 2.9 Jensen’s Inequality. For any random variable X, if g(x) is a convex function then
gEX) <E[gX)].

If g(x) is a concave function then
E[g(X)] =g EIXD.

Proof. We focus on the convex case. Let a + bx be the tangent line to g(x) at x = E[X]. Since g(x) is
convex, g(x) = a+ bx. Evaluated at x = X and taking expectations we find

E[g(X)] = a+bE[X] = g E[X])
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as claimed. W

Jensen’s equality states that a convex function of an expectation is less than the expectation of the
transformation. Conversely, the expectation of a concave transformation is less than the function of the
expectation.

Examples of Jensen’s inequality are:

[a—

. exp (E[X]) <E[exp (X)]

\S)

. E[XD? <E[X?]

w

. E[log(X)] <log(E[X])

=~

. [E[XI/Z] < ([E[X])l/2

2.19 Applications of Jensen’s Inequality*
Jensen'’s inequality can be used to establish other useful results.
Theorem 2.10 Expectation Inequality. For any random variable X
[E[X]I =EIX].

Proof: The function g(x) = |x| is convex. An application of Jensen’s inequality with g(x) yields the
result. W

Theorem 2.11 Lyapunov’s Inequality. For any random variable X andany0<r < p

1/r

E1x1N)"" < E1xIP)"P .

Proof: The function g(x) = xP'" is convex for x > 0 since p = r. Let Y = | X|". By Jensen’s inequality
gEY]) <E[g(V)]

or
(EIXI")P'" <E1xIP.

Raising both sides to the power 1/p completes the proof. B
Theorem 2.12 Discrete Jensen’s Inequality. If g(x) : R — R is convex, then for any non-negative weights
aj such that Z;.”: 1 @j =1 and any real numbers x;
m m
gl> ajxj|=) ajg(x)). (2.2)
j=1 j=1

Proof: Let X be a discrete random variable with distribution P [ X = x| = a;. Jensen’s inequality implies
22). m
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Theorem 2.13 Geometric Mean Inequality. For any non-negative real weights a; such that }° ;": 1aj=1,
and any non-negative real numbers x;

m
x{Txg? e xpt < Y ajx;. (2.3)
Proof: Since the logarithm is strictly concave, by the discrete Jensen inequality

m m
log (x{"x5% - xp) = Y ajlogx; slog(z ajxj).
=1 =1

Applying the exponential yields (2.3). |

Theorem 2.14 Loeve’s ¢, Inequality. For any real numbers x;, if 0 <r <1

r

m m r
ij < Z |x]-| (2.4)
j=1 j=1
andifr=1
m r m
Yoxi| =m" Y x| (2.5)
j=1 j=1

For the important special case m = 2 we can combine these two inequalities as
la+Dbl" <C,(lal” +1bl") (2.6)
where C, = max[1,2"71].

Proof: For r > 1 this is a rewriting of Jensen’s inequality (2.2) with g(u) = u" and a; = 1/m. For r < 1,
define b; = |x;|/ (Z;”zl |xj|) . The facts that 0 < b; <1 and r <1imply b; < b; and thus

This implies

Theorem 2.15 Norm Monotonicity. If 0 < ¢ < s, for any real numbers x;

1/s 1/t

=

2.7)

i M

L t
2 [l
j=1

m

Proof: Set y; = |x;|" and r = t/s < 1. The ¢, inequality (2.4) implies |Z]:1yj)r =¥, lyj|" or

tls

u S du t
x| =2 Il
j=1 j=1

Raising both sides to the power 1/t yields (2.7). |
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2.20 Symmetric Distributions

We say that a distribution of a random variable is symmetric about 0 if the distribution function
satisfies
F(x)=1-F(-x).

If X has a density f(x), X is symmetric about 0 if
f) = f(=x).

For example, the standard normal density ¢(x) = m)~Y2 exp(—x2 /2) is symmetric about zero.
If a distribution is symmetric about zero then all finite odd moments above one are zero (if the mo-
ment is finite). To see this let m be odd. Then

() () 0
[E[Xm] :f xmf(x)dx:f xmf(x)dx+f x" f(x)dx.
o) 0 0o

For the integral from —oo to 0 make the change-of-variables x = —¢. Then the right hand side equals

fxmf(x)dx+f (—t)mf(—t)dt:f xmf(x)dx—[ t"f(Hdt=0
0 0 0 0

where the first equality uses the symmetry property. The second equality holds if the moment is finite.
This last step is subtle and easy to miss. If E| X | = co then the last step is

E[X"] =c0-00#0.

In this case E[X™] is undefined.

More generally, if a distribution is symmetric about zero then the expectation of any odd function (if
finite) is zero. An odd function satisfies g(—x) = —g(x). For example, g(x) = x3 and g(x) = sin(x) are odd
functions. To see this let g(x) be an odd function and without loss of generality assume E [X] = 0. Then
making a change-of-variables x = —¢

0 oo fo's)
f g(x)f(x)dx:fo g(—t)f(—t)dt:—fo g f(nde

where the second equality uses the assumptions that g(x) is odd and f(x) is symmetric about zero. Then

oo 0 0o oo
[E[g(X)]:fO g(x)f(x)dx+[_ g(x)f(x)dx:fo g(x)f(x)dx—fo g f(ndt=0.

Theorem 2.16 If f(x) is symmetric about zero, g(x) is odd, and f;° g(x) f (x)dx < co then E [g(X)] =0.

2.21 Truncated Distributions

Sometimes we only observe part of a distribution. For example, consider a sealed bid auction for a
work of art. Participants make a bid based on their personal valuation. If the auction imposes a minimum
bid then we will only observe bids from participants whose personal valuation is at least as high as the
required minimum. This is an example of truncation from below. Truncation is a specific transformation
of arandom variable.
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If X is a random variable with distribution F(x) and X is truncated to satisfy X < c¢ (truncated from
above) then the truncated distribution function is

Flx)
F*(x)=P[X<x|X<cl={ F()’ t=¢
1, xX=c.

If F(x) is continuous then the density of the truncated distribution is

¥ () = _f®
f (x)—f(xIXSC)—F(C)

for x < ¢. The mean of the truncated distribution is
C
f xf(x)dx
E[X|X<c¢c]=""2— .
F(c)

If X is truncated to satisfy X = ¢ (truncated from below) then the truncated distribution and density
functions are

0, x<c
F*x)=P[X<sx|X=c]={ Fx)-F(c)
1-F(c) ’
and o
X
* = X > =
)= flxl c) —F
for x = c. The mean of the truncated distribution is
f xf(x)dx
E[X|X=cl=¢—" —.
1-F(c)

Trucation is illustrated in Figure 2.10(a). The dashed line is the untruncated density function. The
solid line is the density after trunction above ¢ = 2. The density below 2 is eliminated and the density
above 2 is shifted up to compensate.

An interesting example is the exponential F(x) =1 - e~ with density f(x) = A~ 1e 1 and mean A.

The truncated density is
-1 e—x//l

f(x | X=c)= —an = A_le_(x_c)//l.
o

This is also the expontial distribution, but shifted by ¢. The mean of this distribution is ¢ + A, which is
the same as the original exponential distribution shifted by c. This is a “memoryless” property of the
exponential distribution.

2.22 Censored Distributions

Sometimes a boundary constraint is forced on a random variable. For example, let X be a desired
level of consumption, but X™* is constrained to satisfy X* < ¢ (censored from above). In this case if
X > ¢, the constrained consumption will satisfy X* = c. We can write this as

X, X=c
X*: ’
{ ¢, X>c
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-+ Untruncated Density ---- Uncensored Density
—— Truncated Density —— Censored Density

(a) Trucation (b) Censoring

Figure 2.10: Truncation and Censoring

Similarly if X* is constrained to satisfy X* = ¢ then when X < ¢ the constrained version will satisfy

X* = c¢. We can write this as
X* = X, X=c
"1l ¢ X<ec.

Censoring is related to truncation but is different. Under truncation the random variables exceeding
the boundary are excluded. Under censoring they are transformed to satisfy the constraint.

When the original random variable X is continuously distributed then the censored random vari-
able X* will have a mixed distribution, with a continuous component over the unconstrained set and a
discrete mass at the constrained boundary.

Censoring is illustrated in Figure 2.10(b). The dashed line is the uncensored density. The shaded area
is the density of the censored area, plus the probability mass at ¢ = 2. It is hard to calibrate the magnitude
of the probability mass from the figure as it is on a different scale from the continuous density. Instead it
is meant to be illustrative.

Censoring is common in economic applications. A standard example is consumer purchases of in-
dividual items. In this case one constraint is X* = 0 and consequently we typically observe a discrete
mass at zero. Another standard example is “top-coding” where a continuous variable such as income is
recorded either in categories or is continuous up to a top category “income above $Y”. All incomes above
this threshold are recorded at the threshold $Y.

The expected value of a censored random variable is

c
X" <c: [E[X*]zf xf(x)dx+c(-F(c)

X*=zc: [E[X*]:f xf(x)dx+ cF(c).

2.23 Moment Generating Function

The following is a technical tool used to facilitate some proofs. It is not particularly intuitive.
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Definition 2.21 The moment generating function (MGF) of X is M(¢) = E [exp (1X)].

Since the exponential is non-negative the MGF is either finite or infinite. For the MGF to be finite the
density of X must have thin tails. When we use the MGF we are implicitly assuming that it is finite.

Example: U|0,1]. The densityis f(x) =1 for 0 < x < 1. The MGF is

exp(f)—1

00 1
M(t) =f exp(tx)f(x)dxzf exp (tx)dx =
e8] 0

Example: Exponential Distribution. The density is f(x) = A~ exp(x/A) for x = 0. The MGF is

o0 1 [ X 1 [ 1
M(t)—/ooexp(tx)f(x)dx—xfo exp(tx)exp(—z)dx—xfo exp((t—i) x) dx.

This integral is only convergent if ¢ < 1/A. Assuming this holds make the change of variables y = (- %) x
and we find the above integral equals

1
M(t) =— = )
0 A(t—%) 1-At

In this example the MGF is finite only on the region t < 1/A.

Example: f(x) = x~2 for x > 1. The MGF is
o0
M(1) :f exp (fx) x%dx =00
1

for t > 0. This non-convergence means that in this example the MGF cannot be succesfully used for
calculations.

The moment generating function has the important property that it completely characterizes the
distribution of X. It also has the following properties.

Theorem 2.17 Moments and the MGF. If M (?) is finite for ¢ in a neighborhood of 0 then M(0) =1,

d

— M(t =E[X],
T ()I:O [(X]
d? 5
—M(t =E[{X“°]|,
dtz ()Z’ZO [ ]

and

am m
—M(t =E[{X"],
datm ()[:0 [ ]

for any moment which is finite.

This is why it is called the “moment generating” function. The curvature of M(¢) at £ = 0 encodes all
moments of the distribution of X.

Example: U0, 1]. The MGF is M(¢) = ™! (exp(#) — 1). Using LHopital’s rule (Theorem A.12)

M(0) =exp(0) =1.
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Using the derivative rule of differentiation and L'Hopital’s rule

d exp(t)—1 rexp(t) — (exp(1) — 1) exp(0) 1
[E[X] = d— = 5 = = -.
t t =0 t =0 2 2

Example: Exponential Distribution. The MGF is M(#) = (1 — A£)"!. The first moment is

E[X] = d 1 A -1
Cdtl-Atlmg A-A0%my
The second moment is 7 12
1 2
[E[Xz] — _2— = 3 :212.
dt>1-At|;—g (1 —-AD t=0

Proof of Theorem 2.17 We use the assumption that X is continuously distributed. Then

M(t) = foo exp (tx) f(x)dx

SO

M(O)zf exp(Ox)f(x)dxzf fx)dx=1.

The first derivative is

d d [
EM(I) = %j:ooexp(tx)f(x)dx
®© d
_f_ooaexp(tx)f(x)dx
:f exp (tx) x f(x)dx.

Evaluated at t = 0 we find

%M(t) :f exp(Ox)xf(x)dx:f xf(x)dx=E[X]
=0 —00 —00
as claimed. Similarly
ﬂM(t) Y —mex (tx) f(x)dx
a0 T ) arm P
=f exp (tx) x" f(x)dx
T M@ =f exp(Ox)xmf(x)dx:f X" f(x)dx=E[X"]
=0 —00 —00

as claimed. W

51
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2.24 Cumulants

The cumulant generating function is the natural log of the moment generating function
K(t) =log M(z).
Since M(0) = 1 we see K(0) = 0. Expanding as a power series we obtain
o0 tr
K=} xr—
r=1 I
where

= K" (0)

is the r'’* derivative of K(f), evaluated at ¢ = 0. The constants x, are known as the cumulants of the
distribution. Note that kg = K(0) = 0 since M(0) = 1.
The cumulants are related to the central moments. We can calculate that

M)
K= M20 (M(”(t))2
- M) M(1)

so k1 =y and kp = ), — pf = . The first six cumulants are as follows.

K1 =M
K2 = H2
K3 = H3
Kq = pa =315

K5 = U5 — 1032
2

K6 = 6 — 1514tz — 10415 + 30413
We see that the first three cumulants correspond to the central moments, but higher cumulants are poly-
nomial functions of the central moments.

Inverting, we can also express the central moments in terms of the cumulants, for example, the 4th

through 6" are as follows.

Ua =Kq+ 31(%

H5 =Ks5 + 10x3Ko

Ue = Ke + 15K 1Ko + 101(% + 151(3.

Example: Exponential Distribution. The MGF is M(t) = (1 — A#)~!. The cumulant generating function is
K(t) = —log(1— At). The first four derivatives are

kW0 =
D=1
/12
K1) = ;
(1-2p)
223
K9(1) =
1-210°
61"
k¥ =
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Thus the first four cumulants of the distribution are A, A2, 213 and 61%.

2.25 Characteristic Function

Because the moment generating function is not necessarily finite the characteristic function is used
for advanced formal proofs.

Definition 2.22 The characteristic function (CF) of X is C() = E [exp (iX)]| where i = v-1.

Since exp(iu) = cos(u) + isin(u) is bounded, the characteristic function exists for all random vari-
ables.

If X is symmetrically distributed about zero then since the sine function is odd and bounded, E [sin(X)] =
0. It follows that for symmetrically distributed random variables the characteristic function can be writ-
ten in terms of the cosine function only.

Theorem 2.18 If X is symmetrically distributed about 0 its characteristic function equals C(¢#) = E [cos (£ X)].

The characteristic function has similar properties as the MGE but is a bit more tricky to deal with
since it involves complex numbers.

Example: Exponential Distribution. The density is f(x) = AL exp(—x/A) for x = 0. The CF is

C(t)—fooex (itx)lex (—E)dx—lfooex ((it—l)x)dx

"o FRUEEREPITR)AEE )y P ‘

Making the change of variables y = (it — 5) x and we find the above integral equals
1 1

Alit-1)  1-Air

M(t) =-

This is finite for all ¢.

2.26 Expectation: Mathematical Details*

In this section we give a rigorous definition of expectation. Define the Riemann-Stieltijes integrals

Ilzf xdF(x) (2.8)
0

0
Izzf xdF(x). (2.9)

The integral I, is the integral over the positive real line and the integral I, is the integral over the negative
real line. The number I; can be 0, positive, or positive infinity. The number I, can be 0, negative, or
negative infinity.

Definition 2.23 The expectation E [X] of a random variable X is

L+ if both I; <ocoand I, > —co
_ oo if [ =ccand I, > —oc0
X = —00 if I} <ocoand I, = —oco

undefined if both I; = oo and I, = —co.
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This definition allows for an expectation to be finite, infinite, or undefined. The expectation E [X] is
finite if and only if

E|X]| =f |x| dF(x) < oo.

—00
In this case it is common to say that E [X] is well-defined.
More generally, X has a finite " moment if

E|X|" <oo. (2.10)

By Lyapunov’s Inequality (Theorem 2.11), (2.10) implies E|X|* < co for all 0 < s < r. Thus, for example, if
the fourth moment is finite then the first, second and third moments are also finite, and so is the 3.9"
moment.

2.27 Exercises

Exercise 2.1 Let X ~ U[0,1]. Find the PDF of Y = X2.

Exercise 2.2 Let X ~ U[0, 1]. Find the distribution function of Y =log (%)
Exercise 2.3 Define F(x) = { (1)_ exp(—x) iii ; g .
(a) Show that F(x) is a CDE
(b) Find the PDF f(x).
(c) Find E[X].
(d) Find the PDF of Y = X'/2,
Exercise 2.4 A Bernoulli random variable takes the value 1 with probability p and 0 with probability 1-p

X = 1 with probability p
~ | 0 with probability 1-p.

Find the mean and variance of X.

1 X
Exercise 2.5 Find the mean and variance of X with density f(x) = 1 exp (— Z)

Exercise 2.6 Compute E [X] and var [X] for the following distributions.

(@ fx)=ax*10<x<1l,a>0.

b) f(x)=+, x=1,2,..,n.

n

© f=3x-D%0<x<2.
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Exercise 2.7 Let X have density

_ 1 ri2—1 x
fX()C) = 2r/2—1_‘(£)x exp (—5)

for x = 0. This is known as the chi-square distribution. Let Y = 1/ X. Show that the density of Y is

1

_; -r/2-1 (__)
frn= 7)) P35y

for y = 0. This is known as the inverse chi-square distribution.

Exercise 2.8 Show that if the density satisfies f(x) = f(—x) for all x € R then the distribution function
satisfies F(—x) = 1— F(x).

Exercise 2.9 Suppose X has density f(x) =e " on x> 0. Set Y = 1 X for A > 0. Find the density of Y.

Exercise 2.10 Suppose X has density f(x) = A"'e™** on x > 0 for some A > 0. Set ¥ = X'/ for a > 0.
Find the density of Y.

Exercise 2.11 Suppose X has density f(x) = e * on x > 0. Set Y = —log X. Find the density of Y.

1

Exercise 2.12 Find the median of the density f(x) = 7€exp (- [x]), xeR.

Exercise 2.13 Find a which minimizes E [(X — @)?]. Your answer should be an expectation or moment of
X.

Exercise 2.14 Show that if X is a continuous random variable, then
minE| X —a|=E|X - m|,
a

where m is the median of X.
Hint: Work out the integral expression of E| X — a| and notice that it is differentiable.

Exercise 2.15 The skewness of a distribution is

3
skew = H—S
o

where p3 is the 3¢ central moment.
(a) Show that if the density function is symmetric about some point a, then skew = 0.
(b) Calculate skew for f(x) = exp(—x), x=0.

Exercise 2.16 Let X be a random variable with E[X] = 1. Show that E[X?] > 1 if X is not degenerate.
Hint: Use Jensen’s inequality.

Exercise 2.17 Let X be a random variable with mean u and variance 0. Show that E [(X - p)4] > ot
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Exercise 2.18 Suppose the random variable X is a duration (a period of time). Examples include: a spell
of unemployment, length of time on a job, length of a labor strike, length of a recession, length of an
economic expansion. The hazard function h(x) associated with X is

Px<X<x+6|X=x]
5 .

h(x) =lim
5—0

This can be interpreted as the rate of change of the probability of continued survival. If i(x) increases
(decreases) with x this is described as increasing (decreasing) hazard.

(a) Show that if X has distribution F and density f then h(x) = f(x)/ (1 - F(x)).

(b) Suppose f(x) = A1 exp (—x/A). Find the hazard function h(x). Is this increasing or decreasing
hazard or neither?

(c) Find the hazard function for the Weibull distribution from Section 3.23. Is this increasing or de-
creasing hazard or neither?

Exercise 2.19 Let X ~ U[0,1] be uniformly distributed on [0,1]. (X has density f(x) = 1 on [0, 1], zero
elsewhere.) Suppose X is truncated to satisfy X < c for some 0 < ¢ < 1.

(a) Find the density function of the truncated variable X.

(b) FIndE[X | X <c].

Exercise 2.20 Let X have density f(x) = e™* for x = 0. Suppose X is censored to satisfy X* = ¢ > 0. Find
the mean of the censored distribution.

Exercise 2.21 Surveys routinely ask discrete questions when the underlying variable is continuous. For
example, wage may be continuous but the survey questions are categorical. Take the following example.

wage Frequency
$0<wage<$10 0.1
$10 <wage<$20 04
$20<wage=<$30 0.3
$30 <wage<$40 0.2

Assume that $40 is the maximal wage.

(a) Plot the discrete distribution function putting the probability mass at the right-most point of each
interval. Repeat putting the probability mass at the left-most point of each interval. Compare.
What can you say about the true distribution function?

(b) Calculate the expected wage using the two discrete distributions from part (a). Compare.

(c) Make the assumption that the distribution is uniform on each interval. Plot this density function,
distribution function, and expected wage. Compare with the above results.

Exercise 2.22 First-Order Stochastic Dominance. A distribution F(x) is said to first-order dominate
distribution G(x) if F(x) < G(x) for all x and F(x) < G(x) for atleast one x. Show the following proposition:
F stochastically dominates G if and only if every utility maximizer with increasing utility in X prefers
outcome X ~ F over outcome X ~ G.



Chapter 3

Parametric Distributions

3.1 Introduction

A parametric distribution F (x| 6) is a distribution indexed by a parameter 6 € ©. For each 0, the
function F (x| 0) is a valid distribution function. As 8 varies, the distribution function changes. The set ©
is called the parameter space. We sometimes call F (x | ) a family of distributions. Parametric distribu-
tions are typically simple in shape and functional form, and are selected for their ease of manipulation.

Parametric distributions are often used by economists for economic modeling. A specific distribu-
tion may be selected based on appropriateness, convenience, and tractability.

Econometricians use parametric distributions for statistical modeling. A set of observations may
be modeled using a specific distribution. The parameters of the distribution are unspecified, and their
values chosen (estimated) to match features of the data. It is therefore desirable to understand how
variation in the parameters leads to variation in the shape of the distribution.

In this chapter we list common parametric distributions used by economists and features of these
distribution such as their mean and variance. The list is not exhaustive. It is not necessary to memorize
this list nor the details. Rather, this information is presented for reference.

3.2 Bernoulli Distribution

A Bernoulli random variable is a two-point distribution. It is typically parameterized as

PX=0l=1-p
PIX=1]=p.
The probability mass function is
1-
n(xlp)=p*(1-p) "
O<p<l.

A Bernoulli distribution is appropriate for any variable which only has two outcomes, such as a coin flip.
The parameter p indexes the likelihood of the two events.

EXI=p
var [X] = p(1 - p).

57
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3.3 Rademacher Distribution

A Rademacher random variable is a two-point distribution. It is parameterized as

PIX=-1]=1/2

P[X=1]=1/2.
E[X]=0
var[X] =1

3.4 Binomial Distribution

A Binomial random variable has support {0, 1, ..., n} and probability mass function

n(xln,p)z(i)px(l—p)n_x, x=0,1,..,n

O<p<l.

58

The binomial random variable equals the outcome of n independent Bernoulli trials. If you flip a coin n

times, the number of heads has a binomial distribution.

E[X]=np
var[X]=np1-p).

The binomial probability mass function is displayed in Figure 3.1(a) for the case p = 0.3 and n = 10.

(a) Binomial (b) Poisson

Figure 3.1: Discrete Distributions

3.5 Multinomial Distribution

The term multinomial has two uses in econometrics.

(c) Negative Binomial
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(1) A single multinomial random variable or multinomial trial is a K-point distribution with support
{x1,..., xx}. The probability mass function is

7 (x| p1,.npr) =pj

K
2 pj=1.
=1

This can be written as
X
7 (xj 1 p1,es PK) = DY DY PR

A multinomial can be used to model categorical outcomes (e.g. car, bicycle, bus, or walk), ordered nu-
merical outcomes (a roll of a K-sided die), or numerical outcomes on any set of support points. This is
the most common usage of the term “multinomial” in econometrics.

K
E[X] =) pj¥]
j=1

Ko (& 2
var[X] = Z pjX;— (Z pjxj) .
j=1 j=1

(2) A multinomial is the set of outcomes from n independent single multinomial trials. It is the sum
of outcomes for each category, and is thus a set (X, ..., Xx) of random variables satisfying Zle Xy = n.
The probability mass function is

_ _ _ n! X1 X XK
[FD[XI _xl,...,XK—xk | n,pl,...,pK] = mpl pz ...pK
K
E:xk=ll
j=1
K
2 pi=1
j=1

3.6 Poisson Distribution

A Poisson random variable has support on the non-negative integers.

—Alx

T(x|A)= , x=0,1,2..,,

x!
A>0.

The parameter A indexes the mean and spread. In economics the Poisson distribution is often used for
arrival times. Econometricians use it for count (integer-valued) data.

E[X]=A
var[X] = A.

The Poisson probability mass function is displayed in Figure 3.1(b) for the case 1 = 3.
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3.7 Negative Binomial Distribution

Alimitation of the Poisson model for count data is that the single parameter A controls both the mean
and variance. An alternative is the Negative Binomial.

n(xlrp)= (x+;_1)Px(1—P)r, x=0,1,2..,
O<p<l

r>0.

The distribution has two parameters, so the mean and variance are freely varying.

Erx) =2~
1-p
pr
var [X] = .
(1-p)°

The negative binomial probability mass function is displayed in Figure 3.1(c) for the case p =0.3, r =5.

3.8 Uniform Distribution

A Uniform random variable, typically written Ula, b], has density

1
f(x|a;b)=m, a<x<b

b+a
E[X] =
2
(b-a)®
var [X] = .
12

The uniform density function is displayed in Figure 3.2(a) for the case a = -2, b =2.

(a) Uniform (b) Exponential (c) Double Exponential

Figure 3.2: Uniform, Exponential, Double Exponential Densities
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3.9 Exponential Distribution

An exponential random variable has density

1
f(xlxl)zzexp(—%), x=0
A>0.

The exponential is frequently used by economists in theoretical models due to its simplicity. It is not
commonly used in econometrics.

E[X]=A
var [X] =2

If U ~ U[0,1] then X = —logU ~exponential(1) The exponential density function is displayed in Figure
3.2(b) for the case A =1.

3.10 Double Exponential Distribution

A double exponential or Laplace random variable has density

f(xl/l):iexp(—%), xeR
A>0.
The double exponential is used in robust analysis.
E[X]=0
var [X] = 2A2.

The double exponential density function is displayed in Figure 3.2(c) for the case 1 = 2.

3.11 Generalized Exponential Distribution

A generalized exponential (GED) random variable has density

.
), xeR

1 X
f(xl/l,r)—mexp(—h
A>0

r>0

where I'(a) is the gamma function (Definition A.21). The generalized exponential nests the double expo-
nential and normal distributions.

3.12 Normal Distribution

A normal random variable, typically written X ~ N(y, o), has density

(x—p)°
202

1
X | ,02 = ex
flelmo) V2no?

HER

), xeR

0% >0.
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The normal distribution is the most commonly-used distribution in econometrics. When py = 0 and
0? = 1 it is called the standard normal. The standard normal density function is typically written as
¢(x), and the distribution function as ®(x). The normal density function can be written as ¢ (x — p)
where ¢, (1) = 0~ ¢p(u/0). p is alocation parameter and o is a scale parameter.

E[X]=p

var [X] = a’.

The standard normal density function is displayed in all three panels of Figure 3.3.

—— Logistic
-+ Normal

—— Cauchy
-+ Normal

(a) Cauchy and Normal (b) Student t (c) Logistic

Figure 3.3: Normal, Cauchy, Student t, and Logistic Densities

3.13 Cauchy Distribution

A Cauchy random variable has density and distribution function

1
=— R
f&) 7 (1+x?) o
1 arctan(x)
F(x)= > +—

The density is bell-shaped but with thicker tails than the normal. An interesting feature is that it has no
finite integer moments.
A scaled Cauchy density function in Figure 3.3(a).

3.14 Student t Distribution

A student t random variable, typically written X ~ ¢, or £(r), has density

1"(&1) X2 -(%Y)
f(x|r)=\/ﬁ—rz(§) 1+T , —00 < X <00, (3.1

where I'(a) is the gamma function (Definition A.21). The parameter r is called the “degrees of freedom”.
The student t is used for critical values in the normal sampling model.
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E[X]=0 ifr>1

Var[X]:L2 if r >2.
The t distribution has the property that moments below r are finite. Moments greater than or equal to r
are undefined.

The student ¢ specializes to the Cauchy distribution when r = 1. As a limiting case as r — oo it spe-
cializes to the normal (as shown in the next result). Thus the student ¢ includes both the Cauchy and
normal as limiting special cases.

Theorem 3.1 Asr — oo, f (x| 1) — ¢p(x).

The proofis presented in Section 3.26.
A scaled student t random variable has density

(&) w2y~ (5Y)
f(xlr;v)—m(l‘}'ﬁ) , -0 < X <00,

where v is a scale parameter. The variance of the scaled student ¢ is vr/(r —2).
Plots of the student ¢ density function are displayed in Figure 3.3(b) for r = 1, 2, 5 and oco. The density
function of the student ¢ is bell-shaped like the normal, but the ¢ has thicker tails.

3.15 Logistic Distribution

A Logistic random variable has density and distribution function
1

1+e*’
fxX)=FxAQ-F(x).

F(x)= xXeR

The density is bell-shaped with a strong resemblance to the normal. It is used frequently in econometrics
as a substitute for the normal because the CDF is available in closed form.
E[X]=0
var [X] = /3.
If Uy and U; are independent exponential(1) then X =logU; —log U, is Logistic. If U ~ U[0, 1] then
X =log(U/(1—-U) is Logistic.

A Logistic density function scaled to have unit variance is displayed in Figure 3.3(c). The standard
normal density is plotted for contrast.

3.16 Chi-Square Distribution

A chi-square random variable, written Q ~ y2 or y?(r), has density

1 _
f(xlr):mx”z lexp(-x/2), x=0 (3.2)

r>0,
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where I'(a) is the gamma function (Definition A.21).
E[X]=r
var [X] =2r.

The chi-square specializes to the exponential with A = 2 when r = 2. The chi-square is commonly used

for critical values for asymptotic tests.
It will be useful to derive the MGF of the chi-square distribution.

Theorem 3.2 The moment generating function of Q ~ y2 is M(¢) = (1-21)~"/2.

The proof is presented in Section 3.26.
An interesting calculation (see Exercise 3.8) reveals the inverse moment.

B 1
r—2

Theorem 3.3 If Q ~ y2 with r > 2 then E
The chi-square density function is displayed in Figure 3.4(a) for the cases r =2, 3, 4, and 6.

> > > >
oo
® » N O

— =2

--- =3
- =4
- or=6

(b) F (c) Non-Central Chi-Square

(a) Chi-Square
Figure 3.4: Chi-Square, E and Non-Central Chi-Square Densities

3.17 Gamma Distribution

A gamma random variable has density
a
x*lexp(-xp), x20

flelap) =

a>0
B>0,

where I'(a) is the gamma function (Definition A.21). The gamma distribution includes the chi-square as
a special case when f=1/2 and a = r/2. That s, )(% ~gamma(r/2,1/2) and gamma(x, ) ~ )(ga/Z,B. The

gamma distribution when a =1 is exponential with A =1/8.
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The gamma distribution is sometimes motivated as a flexible parametric family on the positive real
line. a is a shape parameter while § is a scale parameter. It is also used in Bayesian analysis.

E[X] =

var [X] =

R =R

3.18 F Distribution

An F random variable, typically written X ~ F,, , or F(m, r), has density

2
T(Z2)T(5)(1+2x)" 0"

(m)m/melz—lr(m_Jrr)
-

fxlm,r)= x>0, (3.3)

where I'(a) is the gamma function (Definition A.21). The F is used for critical values in the normal sam-
pling model.

r .
[E[X]:—2 if r >2.

As a limiting case, as r — oo the F distribution simplifies to Q,,/m, a normalized y2,. Thus the F
distribution is a generalization of the y2, distribution.

Theorem 3.4 Let X ~ Fy, ;. As r — oo, the density of mX approaches that of y2,.

The proofis presented in Section 3.26.

The F distribution was tabulated by a 1934 paper by Snedecor. He introduced the notation F as the
distribution is related to Sir Ronald Fisher’s work on the analysis of variance.

Plots of the F,;, , density for m =2, 3, 6, 8, and r = 10 are displayed in Figure 3.4(b).

3.19 Non-Central Chi-Square

A non-central chi-square random variable, typically written X ~ y2(A) or y?(r, 1), has density

00 e—/l/Z

1 i
fo=> 0 (E) fre2i(x), x>0 3.4)

i=0

where f; (x) is the y2 density function (3.2). This is a weighted average of chi-square densities with Pois-
son weights. The non-central chi-square is used for theoretical analysis in the multivariate normal model
and in asymptotic statistics. The parameter A is called a non-centrality parameter.

The non-central chi-square includes the chi-square as a special case when A = 0.

EX]=r+A
var[X]=2(r +2A).

Plots of the y2(A) density for r =3 and A =0, 2, 4, and 6 are displayed in Figure 3.4(c).
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3.20 Beta Distribution

A beta random variable has density

f(xla,ﬁ)=B(a’ﬁ)x"‘_l(l—x)ﬁ_l, 0<x<l1
a>0
>0
where . r@rE)
I R WY o I PR UL R Vo)
B(a, B) fot a-nflar @t p)

is the beta function, and I' (@) is the gamma function (Definition A.21). The beta distribution is used as a
flexible parametric family on [0, 1].

EIX] = —2

[ ]_a+,6
var [X] = Zaﬁ .
(a+B) (a+p+1)

The beta density function is displayed in Figure 3.5(a) for the cases (a, B) = (2,2), (2,5) and (5,1).

(a) Beta (b) Pareto (c) Lognormal

Figure 3.5: Beta, Pareto, and LogNormal Densities

3.21 Pareto Distribution

A Pareto random variable has density

frlap)=Er  x=p
a>0,

B>0.



CHAPTER 3. PARAMETRIC DISTRIBUTIONS 67

It is used to model thick-tailed distributions. The parameter a controls the rate at which the tail of the
density declines to zero.

E[X]:“_ﬁl ifa>1

— o

(@-D(a-2)

var [X] =

The Pareto density function is displayed in Figure 3.5(b) for the cases ¢ =1 and a@ =2 with = 1.

3.22 Lognormal Distribution

A lognormal random variable has density

1 logx —0)*
fxl0,v)= x texp —(ng ) , x>0
TV 2v
O0eR
v>0.

The name comes from the fact that log(X) ~ N(0, v). It is very common in applied econometrics to apply
a normal model to variables after taking logarithms, which implicitly is applying a lognormal model to
the levels. The lognormal distribution is highly skewed with a thick right tail.

E[X]=exp(@+v/2)
var [X] = exp (20 + 2v) —exp (20 + v).

The lognormal density function with 8 =0 and v =1, 1/4, and 1/16 is displayed in Figure 3.5(c).

3.23 Weibull Distribution

A Weibull random variable has density and distribution function

f(xloc,/l)=%(f)a_lexp(—(f)a), x=0

A A
F(xla,/l)=1—exp(—(%)a)
a>0
A>0.

The Weibull distribution is used in survival analysis. The parameter a controls the shape and the param-
eter A controls the scale.

EX]=ATQ+1/a)
var[X] = A2 (T (1+2/a) - (T (1+1/a))?)
where I'(a) is the gamma function (Definition A.21).

If Y ~exponential(A) then X = YV < Weibull(a, A} 9).
The Weibull density function with A =1 and k=1/2, 1, 2, and 4 is displayed in Figure 3.6(a).
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(a) Weibull (b) Extreme Value

Figure 3.6: Weibull and Type I Extreme Value Densities

3.24 Extreme Value Distribution

The Type I Extreme Value distribution (also known as the Gumbel) takes two forms. The density and
distribution functions for the most common case are

f(x)=exp(-x)exp(—exp(-x)), x€eR
F (x) = exp (—exp (—x)).

The density and distriubtion functions for the alternative (minimum) case are

f(x)=exp(x)exp(-exp(x)), xeR
F(x)=1-exp(—exp ).

The type I extreme value is used in discrete choice modeling.
If Y ~exponential(1) then X = —logY ~ Type I extreme value. If X; and X are independent Type I

extreme value, then Y = X; — X, ~ Logistic.
The Type I extreme value density function is displayed in Figure 3.6(b).

3.25 Mixtures of Normals

A mixture of normals density function is

m=1
M
Z pPm=1
m=1

M is the number of mixture components. Mixtures of normals can be motivated by the idea of latent
types. The latter means there are M latent types, each with a distinct mean and variance. Mixtures are
frequently used in economics to model heterogeneity. Mixtures can also be used to flexibly approximate
unknown density shapes. Mixtures of normals can also be convenient for certain theoretical calculations
due to their simple structure.
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To illustrate the flexibility which can be obtained by mixtures of normals, Figures 3.7 and 3.8 plot six
examples of mixture normal density functions'. All are normalized to have mean zero and variance one.
The labels are descriptive, not formal names.

-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3

(a) Skewed (b) Strongly Skewed (c) Kurtotic

Figure 3.7: Mixture of Normals Densities

(a) Bimodal (b) Skewed Bimodal (c) Claw

Figure 3.8: Mixture of Normals Densities

LThese are constructed based on examples presented in Marron and Wand (1992), Figure 1 and Table 1.
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3.26 Technical Proofs*

Proof of Theorem 3.1 Theorem A.28.6 states

I'(n+x)
im =
n—oo I'(n) n*

Setting n=r/2 and x = 1/2 we find

(5
lim -
r—oo/ral' () V2n
Using the definition of the exponential function (see Appendix A.4)

Taking the square root we obtain

xz r/2 xz
rh—»rgo(1+7) :exp(?). (3.5)
Furthermore,
2y
lim (1+—) =1
r—o0 r
Together
r(2) 2\-(5) 2
lim 1+— =——exp|-——|=¢k
r—co \/rm (%)( r) V2n p( 2) P
|

Proof of Theorem 3.2 The MGF of the density (3.2) is

o0 _ o 1 r/2—-1
| ewtta)r@dq= [ e 16) g7y e -ar2) dg

(e o] 1 ~

:fo rozed eel-a0z-0)dg
2

= ! —ri2(T

=(1-207"", (3.6)
the third equality using Theorem A.28.3. [

Proof of Theorem 3.4 Applying change-of-variables to the density in Theorem 3.3, the density of mF is

xmlz—lr ( m2+r)

rEL ()T (5) (1 )

(3.7

Using Theorem A.28.6 with n = r/2 and x = m/2 we have
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and similarly to (3.5) we have

Together, (3.7) tends to

which is the y2, density.  H

71

3.27 Exercises

Exercise 3.1 For the Bernoulli distribution show

1
@ Y n(xlp)=1.
x=0
(b) E[X]=p.
(c) var[X]=p(1-p).

Exercise 3.2 For the Binomial distribution show

n
@ Y n(xInp)=1
x=0
Hint: Use the Binomial Theorem.
(b) E[X]=np.
(c) var[X]=np(l-p).

Exercise 3.3 For the Poisson distribution show

@ Y m(x|d)=1.

x=0

(b) E[X]=A.
(c) var[X]=A.
Exercise 3.4 For the Ula, b] distribution show
@ [fxlabydx=1.
(b) ElX]I=(b-a)/2
(c) var(X]=(b—a)/12.
Exercise 3.5 For the exponential distribution show

@ [f°fxlMNdx=1.
(b) E[X]=A.
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(c) var[X] =A%
Exercise 3.6 For the double exponential distribution show
@ [ fxINdx=1.
(b) E[X]=0.
(c) var[X]=2A%
Exercise 3.7 For the chi-square density f (x| r) show
@ [o°f(xIndx=1.
(b) E[X]=r.
(c) var[X]=2r.
Exercise 3.8 Show Theorem 3.3. Hint: Show that x™' f (x| r) = % fx|r-2).

Exercise 3.9 For the gamma distribution show

@ fo°f(xla,p)dx=1.
a
(b) E[X]=—.
p
a
(c) var[X] = E
Exercise 3.10 Suppose X ~gamma(a, ). Set Y = A X. Find the density of Y. Which distribution is this?

Exercise 3.11 For the Pareto distribution show

(a) fgof(xla,ﬁ)dle.

a

(b) F(x|a,ﬁ)=1—£—a,xzﬁ.

ap

ap?

d X]|=—mm———.
(d) var[X] @ D2@—2)

Exercise 3.12 For the logistic distribution show

(@) F(x)is avalid distribution function.
(b) The density function is f(x) =exp(-x)/ (1 + exp(—x))2 =F(x) (1= F(x)).

(c) The density f(x) is symmetric about zero.

Exercise 3.13 For the lognormal distribution show
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(a) The density is obtained by the transformation X = exp(Y) with Y ~N(8, v).
(b) E[X]=exp (0 +v/2).

Exercise 3.14 For the mixture of normals distribution show

(@ [ fdx=1.

) F(x)=2%:1pm®(x_um)-

m

© EX1=XM_ pmbim.

@ E[X?] =X pm (05 +1i5,)-
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Chapter 4

Multivariate Distributions

4.1 Introduction

In Chapter 2 we introduced the concept of random variables. We now generalize this concept to
multiple random variables known as random vectors. To make the distinction clear we will refer to one-
dimensional random variables as univariate, two-dimensional random pairs as bivariate, and vectors
of arbitrary dimension as multivariate.

We start the chapter with bivariate random variables. Later sections generalize to multivariate ran-
dom vectors.

4.2 Bivariate Random Variables

A pair of bivariate random variables are two random variables with a joint distribution. They are
typically represented by a pair of uppercase Latin characters such as (X, Y) or (X;, X»). Specific values
will be written by a pair of lower case characters, e.g. (x, y) or (x1, x2).

Definition 4.1 A pair of bivariate random variables is a pair of numerical outcomes; a function from
the sample space to R?.

—

01 @

0,0) 1,0)

Figure 4.1: Two Coin Flip Sample Space

74
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To illustrate, Figure 4.1 illustrates a mapping from the two coin flip sample space to R?, with TT
mapped to (0,0), TH mapped to (0,1), HT mapped to (1,0) and HH mapped to (1,1).

For a real-world example consider the bivariate pair (wage, work experience). We are interested in
how wages vary with experience, and therefore in their joint distribution. The mapping is illustrated by
Figure 4.2. The ellipse is the sample space with random outcomes a, b, ¢, d, e. (You can think of outcomes
as individual wage-earners at a point in time.) The graph is the positive orthant in R? representing the
bivariate pairs (wage, work experience). The arrows depict the mapping. Each outcome is a point in
the sample space. Each outcome is mapped to a point in R?. The latter are a pair of random variables
(wage and experience). Their values are marked on the plot, with wage measured in dollars per hour and
experience in years.

experience

A.AO)

>
(35,25)
/.
d (15,20)
=
(25,15)

\o
(6,8)

wage

Sample Space Bivariate Outcomes

Figure 4.2: Bivariate Random Variables

4.3 Bivariate Distribution Functions
We now define the distribution function for bivariate random variables.

Definition 4.2 The jointdistribution function of (X, V)is F(x,y) =P[X <x, Y < y] =P[{X <= x}n{Y < »}].

We use “joint” to specifically indicate that this is the distribution of multiple random variables. For
simplicity we omit the term “joint” when the meaning is clear from the context. When we want to be
clear that the distribution refers to the pair (X, Y) we add subscripts, e.g. Fx,y(x, y). When the variables
are clear from the context we omit the subscripts.

An example of a joint distribution function is F(x,y)=(1-e ) (1—e7Y) for x,y = 0.
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The properties of the joint distribution function are similar to the univariate case. The distribution
function is weakly increasing in each argument and satisfies 0 < F(x, y) < 1.

To illustrate with a real-world example, Figure 4.3 displays the bivariate joint distribution® of hourly
wages and work experience. Wages are plotted from $0 to $60, and experience from 0 to 50 years. The
joint distribution function increases from 0 at the origin to near one in the upper-right corner. The
function is increasing in each argument. To interpret the plot, fix the value of one variable and trace out
the curve with respect to the other variable. For example, fix experience at 30 and then trace out the plot
with respect to wages. You see that the function steeply slopes up between $14 and $24 and then flattens
out. Alternatively fix hourly wages at $30 and trace the function with respect to experience. In this case
the function has a steady slope up to about 40 years and then flattens.

Experience 0 o0

Hourly Wage

Figure 4.3: Bivariate Distribution of Experience and Wages

Figure 4.4 illustrates how the joint distribution function is calculated for a given (x, y). The event {X <
X, Y < y} occurs if the pair (X, Y) lies in the shaded region (the region to the lower-left of the point (x, y)).
The distribution function is the probability of this event. In our empirical example, if (x, y) = (30,30) then

1 Among wage earners in the United States in 2009.
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the calculation is the joint probability that wages are less than or equal to $30 and experience is less than
or equal to 30 years. It is difficult to read this number from the plot in Figure 4.3 but it equals 0.58. This
means that 58% of wage earners satisfy these conditions.

(x,y)

P[X<x, Y <y]

Figure 4.4: Bivariate Joint Distribution Calculation

The distribution function satisfies the following relationship
Pla<X<bc<Y=<dl=F(b,d)-F(,c)-F(ad)+F(a,c).

See Exercise 4.5. This is illustrated in Figure 4.5. The shaded region is the set {a < x < b,c <y < d}. The
probability that (X, Y) is in the set is the joint probability that X is in (a, b] and Y is in (¢, d], and can be
calculated from the distribution function evaluated at the four corners. For example
P [10 < wage < 20,10 < experience < 20] = F(20,20) - F(20,10) — F (10,20) + F (10,10)
=0.265-0.131-0.073 + 0.042
=0.103.

Thus about 10% of wage earners satisfy these conditions.

4.4 Probability Mass Function

As for univariate random variables it is useful to consider separately the case of discrete and contin-
uous bivariate random variables.

A pair of random variables is discrete if there is a discrete set . ¢ R? such that P[(X,Y) € %] = 1.
The set . is the support of (X, Y) and consists of a set of points in R?. In many cases the support takes
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F(a,d) d F(b,d)

Pla<X£ b, c<Y <d]

F(a,c) Cc F(b,c)

Figure 4.5: Probability and Distribution Functions

the product form, meaning that the support can be written as .%¥ = & x % where Z c R and % < R
are the supports for X and Y. We can write these support points as {T{,Tg‘, ...} and {T{,Tg, ...}. The joint
probability mass functionis 7(x, y) =P [ X = x, Y = y|. At the support points we set 77; ; = n(ty, r;.' ). There
is no loss in generality in assuming the support takes a product form if we allow 7;; = 0 for some pairs.

Example 1: A pizza restaurant caters to students. Each customer purchases either one or two slices of
pizza and either one or two drinks during their meal. Let X be the number of pizza slices purchased, and
Y be the number of drinks. The joint probability mass function is

m=PX=1Y=1=04

m2=P[X=1,Y=2]=0.1

m =P[X=2Y=1]=02

M =P[X=2,Y=2]=03.

This is a valid probability function since all probabilities are non-negative and the four probabilities sum
to one.

4.5 Probability Density Function

The pair (X, Y) has a continuous distribution if the joint distribution function F(x, y) is continuous
in (x,y).

In the univariate case the probability density function is the derivative of the distribution function.
In the bivariate case it is a double partial derivative.
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Definition 4.3 When F(x, y) is continuous and differentiable its joint density f(x, y) equals
2

0x0y

flx, = F(x,y).

When we want to be clear that the density refers to the pair (X, Y) we add subscripts, e.g. fx,y(x,y).

Joint densities have similar properties to the univariate case. They are non-negative functions and inte-
grate to one over R,

Example 2: (X, Y) are continuously distributed on R2 with joint density

1
fo,y) = Z(x+y)xyexp(—x—y).

The joint density is displayed in Figure 4.6(a). We now verify that this is a valid density by checking that
it integrates to one. The integral is

0.08

0.06

0.04

(b) Marginal Density

(a) Joint Density

Figure 4.6: Joint and Marginal Densities

10
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fff(xy)dxdy [f (x+y)exp(—x—y)dxdy
(f f x*yexp (—x - J/)dxdy+f f xy*exp (—x - y)dxdy)

(f yexp dyf x? exp (- x)dx+f y exp dyf xexp(— x)dx)

= »-I>I>—* »-l>|

Thus f(x, y) is a valid density.

The probability interpretation of a bivariate density is that the probability that the random pair (X, Y)
lies in a region in R? equals the area under the density over this region. To see this, by the Fundamental
Theorem of Calculus (Theorem A.20)

d b d b 32
(x,y)dxd =ff
fcfaf y y=J . 9xdy

This is similar to the property of univariate density functions, but in the bivariate case this requires
two-dimensional integration. This means that for any A c R?

[P’[(X,Y)eA]:f f 1{(x,y) € A} f(x,y)dxdy.

In particular, this implies

d pb
IP[asXsb,cSst]:f f fx,y)dxdy.
(o a

This is the joint probability that X and Y jointly lie in the intervals [a, b] and [c, d]. Take a look at Figure
4.5 which shows this region in the (x, y) plane. The above expression shows that the probability that
(X, Y) lie in this region is the integral of the joint density f(x, y) over this region.

As an example, take the density f(x,y) =1 for 0 < x, y < 1. We calculate the probability that X < 1/2
and Y <1/2. Itis

12 p1/2
PIX < 1/2,Y51/2]:f fx,ydxdy
o Jo

1/2 1/2
:f dx dy
0

Example 3: (Wages & Experience). Figure 4.7(a) displays the bivariate joint probability density of hourly
wages and work experience corresponding to the joint distribution from Figure 4.4. Wages are plotted
from $0 to $60 and experience from 0 to 50 years. Reading bivariate density plots takes some practice. To
start, pick some experience level, say 10 years, and trace out the shape of the density function in wages.
You see that the density is bell-shaped with its peak around $15. The shape is similar to the univariate
plot for wages from Figure 2.7.
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(b) Marginal Density of Experience

(a) Joint Density

Figure 4.7: Bivariate Density of Experience and Log Wages
4.6 Marginal Distribution

The joint distribution of the random vector (X, Y) fully describes the distribution of each component
of the random vector.

Definition 4.4 The marginal distribution of X is

Fx(x)=P[X<x]=P[X<x,Y <o0] :ylim F(x,y).
—00

In the continuous case we can write this as

y x 0o X
FX(x):)}i_{gof f f(u,v)dudv:[ f fu,v)dudv.

The marginal density of X is the derivative of the marginal distribution, and equals

d d o0 X o0
fx(x) —an(x) = af_oof_oof(u, v)dudv—f_oof(x,y)dy.

Similarly, the marginal PDF of Y is

d o0
fry= d—yFy(y) —f_oof(x,y)dx.
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These marginal PDFs are obtained by “integrating out” the other variable.
Marginal CDFs (PDFs) are simply CDFs (PDFs), but are referred to as “marginal” to distinguish from
the joint CDFs (PDFs) of the random vector. In practice we treat a marginal PDF the same as a PDE

Definition 4.5 The marginal densities of X and Y given a joint density f(x, y) are

fx(x) =f fx,ydy

and

fr» =f fx,ydx.

Example 1: (continued). The marginal probabilities are

PIX=1=P[X=1Y=1]+P[X=1,Y=2]=04+0.1=0.5
PIX=2]=P[X=2Y=1]+P[X=2Y=2]=02+0.3=0.5

and

PlY=11=P[X=1Y=1]+P[X=2,Y=1]=0.4+0.2=0.6
PlY=2]=P[X=1Y=2]+P[X=2,Y=2]=01+03=0.4.

Thus 50% of the customers order one slice of pizza and 50% order two slices. 60% also order one drink,
while 40% order two drinks.

Example 2: (continued). The marginal density of X is
©]
fx(0) = fo 2 Fry)xyep(-x-y)dy

:(xfo yexp(—y)dy+xf0 y exp(-y)dy Zexp(—x)

x> +2x
= 2 exp (—x).

for x = 0. The marginal density is displayed in Figure 4.6(b).

Example 3: (continued). The marginal density of wages was displayed in Figure 2.8, and can be found
from Figure 4.7(a) by integrating over experience. The marginal density for experience is found by inte-
grating over wages, and is displayed in Figure 4.7(b). It is hump shaped with a slight asymmetry.

4.7 Bivariate Expectations
Definition 4.6 The expected value of real-valued g(X,Y) is

E[g(X,Y)] = > gx, y)m(x,y)
(x,))ER?:7(x,y)>0

for the discrete case, and

[E[g(X,Y)]=f f g(x, y) f(x,y)dxdy

for the continuous case.
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If g(X) only depends on one of the variables the expectation can be written in terms of the marginal
density

[E[g(X)]=f f g(x)f(x,y)dxdy:f g(x) fx(x)dx.

In particular the expected value of a variable is

[E[X]=f f xf(x,y)dxdy=f xfx(x)dx.

Example 1: (continued). We calculate that

E[X]=1x0.5+2x%x05=1.5
E(Y]=1x0.6+2x0.4=1.4.

This is the average number of pizza slices and drinks purchased per customer. The second moments are

E[X?]=1%x0.5+2*x0.5=2.5
E[Y?]=1%x0.6+2%x0.4=2.2.

The variances are

var[X] = E[X?] - (E[X])? =2.5-1.5° = 0.25
var[Y]=E[Y?] - E[Y])* =2.2-1.4* =0.24.

Example 2: (continued). The expected value of X is

E[X] :f Xfx(x)dx
0

:fo‘”

led) x3 oo x2
—exp(—x)dx+f —exp(—-x)dx
4 0o 2

=

X% +2x
( 1 ) exp (—x)dx

l\JJCﬂO\

The second moment is

E[X?] =] x*fx(x)dx

x* oo x3
f Zexp( x)dx+f0 ?exp(—x)dx

) exp (—x)dx

Its variance is
5 2
var [X] = E[X?] - E[X])* =9— (2) =—.
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Example 3 & 4: (continued). The means and variances of wages, experience, and experience are pre-

sented in the following chart.

Means and Variances

Mean Variance

Hourly Wage 2390  20.72
Experience (Years) 22.21 11.72
Education (Years) 13.98  2.58°

4.8 Conditional Distribution for Discrete X

In this and the following section we define the conditional distribution and density of a random vari-
able Y conditional that another random variable X takes a specific value x. In this section we consider
the case where X has a discrete distribution and in the next section take the case where X has a contin-
uous distribution.

Definition 4.7 If X has a discrete distribution the conditional distribution function of Y given X = x is
Fyix(y1x)=P[Y <yl X =x]

for any x such that P[X = x] > 0.

This is a valid distribution as a function of y. That is, it is weakly increasing in y and asymptotes to 0
and 1. You can think of Fy|x(y | x) as the distribution function for the sub-population where X = x. Take
the case where Y is hourly wages and X is a worker’s gender. Then Fy|x(y | x) specifies the distribution of
wages separately for the sub-populations of men and women. If X denotes years of education (measured
discretely) then Fy|x(y | x) specifies the distribution of wages separately for each education level.

00 01 02 03 04 05 06 07 08 09 10

/ ,’, e ’ — Education=12
s --- Education=16

/ ,’: -~ ---- Education=18
> & ----  Education=20

=)

T T T T T T T 1
10 20 30 40 50 60 70 80

(a) Conditional Distribution

Education=12
Education=16
-- Education=18
-+ Education=20

(b) Conditional Density

Figure 4.8: Conditional Distribution and Density of Hourly Wages Given Education

Example 4: Wages & Education. In Figure 2.2(c) we displayed the distribution of education levels for the
population of U.S. wage earners using ten categories. Each category is a sub-population of the entirety of
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wage earners, and for each of these sub-populations there is a distribution of wages. These distributions
are displayed in Figure 4.8(a) for four groups, education equalling 12, 16, 18, and 20, which correspond
to high school degrees, college degrees, master’s degrees, and professional/PhD degrees. The difference
between the distribution functions is large and striking. The distributions shift uniformly to the right
with each increase in education level. The largest shifts are between the distributions of those with high
school and college degrees, and between those with master’s and professional degrees.

If Y is continuously distributed we define the conditional density as the derivative of the conditional
distribution function.

Definition 4.8 If Fy|x(y | x) is differentiable with respect to y and P[X = x] > 0 then the conditional
density function of Y given X = x is

f (I)_iF (y1x)
Y|ny—ay yix(y | ).

The conditional density fyx(y | x) is a valid density function since it is the derivative of a distribution
function. You can think of it as the density of Y for the sub-population with a given value of X.

Example 4: (continued). The density functions corresponding to the distributions displayed in Figure
4.8(a) are displayed in panel (b). By examining the density function it is easier to see where the probabil-
ity mass is distributed. Compare the densities for those with a high school and college degree. The latter
density is shifted to the right and is more spread out. Thus college graduates have higher average wages
but they are also more dispersed. While the density for college graduates is substantially shifted to the
right there is a considerable area of overlap between the density functions. Next compare the densities of
the college graduates and those with master’s degrees. The latter density is shifted to the right, but rather
modestly. Thus these two densities are more similar than dissimilar. Now compare these densities with
the final density, that for the highest education level. This density function is substantially shifted to the
right and substantially more dispersed.

4.9 Conditional Distribution for Continuous X

The conditional density for continuous random variables is defined as follows.

Definition 4.9 For continuous X and Y the conditional density of Y given X = x is

fl,n

frix(ylx)= o)
for any x such that fx(x) > 0.

If you are satisfied with this definition you can skip the remainder of this section. However, if you
would like a justification, read on.
Recall that the definition of the conditional distribution function for the case of discrete X is

Fyix(y1x)=P[Y =yl X=x].

This does not apply for the case of continuous X because P [X = x] = 0. Instead we can define the condi-
tional distribution function as a limit. Thus we propose the following definition.
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Definition 4.10 For continuous X and Y the conditional distribution of Y given X = x is

FYIX(J’|x)=li%1|P[YSy|x—esX5x+e].
€

This is the probability that Y is smaller than y, conditional on X being in an arbitrarily small neigh-
borhood of x. This is essentially the same concept as the definition for the discrete case. Fortunately the
expression can be simplified.

L F(x,y)
fxx)

This result shows that the conditional distribution function is the ratio of a partial derivative of the
joint distribution to the marginal density of X.

To prove this theorem we use the definition of conditional probability and L'Hdépital’s rule (Theo-
rem A.12), which states that the ratio of two limits which each tend to zero equals the ratio of the two
derivatives. We find that

Theorem 4.1 If F(x, y) is differentiable with respect to x and fx(x) >0 then Fy|x(y | x) =

FY|X(J/IX)=lif{)1P[Ysy|x—essz+e]
€

. PlYysyx—-e<X<x+e¢]
=lim
€lo Plx—e<X<x+e¢]
F(x+e€,y)-F(x—¢€,y)
elo Fx(x+e)—Fx(x—¢€)

_lim %F(x+€,y) +%F(x—€,y)
elo LFy(x+e)+ 2 Fx(x—¢)
B Z%F(x,y)

24 Fx(0)

_FFy)
fx@

This proves the result.
To find the conditional density we take the partial derivative of the conditional distribution function:

0
ﬁmMﬂzaﬁmwm

iF(x,y)
_90ox 7
Sy fx(®)

2
_ 0yox
o fxW)
_f&xy
C o fx@

F(x,y)

This is identical to the definition given at the beginning of this section.
What we have shown is that this definition (the ratio of the joint density to the marginal density) is
the natural generalization of the case of discrete X.
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4.10 Visualizing Conditional Densities

To visualize the conditional density fy x (y|x), start with the joint density f(x,y), which is a 2-D
surface in 3-D space. Fix x. Slice through the joint density along y. This creates an unnormalized density
in one dimension. It is unnormalized because it does not integrate to one. To normalize, divide by fx (x).
To verify that the conditional density integrates to one and is thus a valid density, observe that

© ® f(x,y) fx(x)
dv = dv = =1
f_oof vixtylx)dy f_oo 0 YT R

Example 2: (continued). The joint density is displayed in Figure 4.6(a). To visualize the conditional
density select a value of x. Trace the shape of the joint density as a function of y. After re-normalization
this is the conditional density function. As you vary x you obtain different conditional density functions.

To explicitly calculate the conditional density we devide the joint density by the marginal density. We
find

fle,n
fx(x)
_i(x+y)xyexp(-x-y)

1 (x2+2x)exp (-x)

(xy+y?*)exp(-y)
x+2 )

frixylx) =

This conditional density is displayed in Figure 4.9(a) for x = 0, 2, 4 and 6. As x increases the density
contracts slightly towards the origin.

— x=0 — Experience=0
——- Experience=5
-- Experience=10

-+ Experience=30

Ly - x22

@ frix(ylx) =(((xy+ y2) exp(—y)/(x+2)) (b) Wages Conditional on Experience

Figure 4.9: Conditional Density

Example 3: (continued). The conditional density of wages given experience is calculated by taking the
joint density in Figure 4.7(a) and dividing by the marginal density in Figure 4.7(b). We do so at four levels



CHAPTER 4. MULTIVARIATE DISTRIBUTIONS 88

of experience (0 years, 5 years, 10 years, and 30 years). The resulting densities are displayed in Figure
4.9(b). The shapes of the four conditional densities are similar, but they shift to the right and spread out
as experience increases. This means that the distribution of wages shifts upwards and widens as work
experience increases. The increase is most notable for the first 10 years of employment.

If we compare the conditional densities in Figure 4.9(b) with those in Figure 4.8(b) we can see that
the effect of education on wages is considerably stronger than the effect of experience.

4.11 Independence

In this section we define independence between random variables.

Recall that two events A and B are independent if the probability that they both occur equals the
product of their probabilities, thus P[An B] = P[A]P[B]. Consider the events A={X < x}and B={Y <
y}. The probability that they both occur is

P[ANBI=P[X<x,Y <y|]=F(x,y).
The product of their probabilities is
PIAIP[B] =P[X <x]P[Y < y] = Fx(x)Fy (y).

These two expressions equal if F(x, y) = Fx(x)Fy(y). This means that if the events A and B are indepen-
dent then the joint distribution function factors as F(x, y) = Fx (x)Fy () for all (x, y). This can be used as
a definition of independence between random variables.

Definition 4.11 The random variables X and Y are statistically independent if for all x & y

F(x,y) = Fx(x)Fy(y).
This is often writtenas X 11 Y.

An implication of statistical independence is that all events of the form A={X € C;} and B ={Y € Cy}
are independent.

If X and Y fail to satisfy the property of independence we say that they are statistically dependent.

It is more convenient to work with mass functions and densities rather than distributions. In the case
of continuous random variables, by differentiating the above expression with respect to x and y, we find
f(x,y) = fx(x) fr (). Thus the definition is equivalent to stating that the joint density function factors
into the product of the marginal densities.

In the case of discrete random variables a similar argument leads to 7 (x, y) = mx(x)my(y), which
means that the joint probability mass function factors into the product of the marginal mass functions.

Theorem 4.2 The discrete random variables X and Y are statistically independent if for all x & y
n(x,y) =nx(X)my(y).

If X and Y have a differentiable distribution function they are statistically independent if for all x & y

fy) = fxx) fr).

An interesting connection arises between the conditional density function and independence.
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Theorem 4.3 If X and Y are independent and continuously distributed,

frix(y1x)=fr(y)
fxiv(xly) = fxx).

Thus the conditional density equals the marginal (unconditional) density. This means that X = x
does not affect the shape of the density of Y. This seems reasonable given that the two random variables
are independent. To see this

fl,y _ fx@) fy ()
fx(x) fx(x)

frixy1x) = = fr(y.

We now present a sequence of related results.
First, by rewriting the definition of the conditional density we obtain a density version of Bayes The-
orem.

Theorem 4.4 Bayes Theorem for Densities.

fxiv&x I fr) _ iy Iy
fx(x) S iy x I frpdy”

frix(ylx) =

Our next result shows that the expectation of the product of independent random variables is the
product of the expectations.

Theorem 4.5 If X and Y are independent then for any functions g : R — R and % : R — R such that
E|g(X)| <coand E[h(Y)| < oo
E[g(X)h(Y)] =E[g(X)|E[A(Y)].

Proof: We give the proof for continuous random variables.

E[g(X)h(Y)] =f_:f:g(x)h(y)f(% y)dxdy
-[ : [ :g(x)h(y)fx(x)fy(y)dXdy
- [~ swpeax [~ nnsrinay
=E[g(X)]E[h(Y)].

]
Take g(x) = 1{x < a} and h(y) = 1 {y < b} for arbitrary constants a and b. Theorem 4.5 implies that
independence impliesP[X <a,Y < b] =P[X < a]P[Y < b], or

F(x,y) = Fx(x)Fx(y)

for all (x, y) € R?. Recall that the latter is the definition of independence. Consequently the definition is
“if and only if”. That is, X and Y are independent if and only if this equality holds.
A useful application of Theorem 4.5 is to the moment generating function.

Theorem 4.6 If X and Y are independent with MGFs Mx(¢) and My (t), then the MGF of Z = X + Y is
Mz (1) = Mx(t)My ().



CHAPTER 4. MULTIVARIATE DISTRIBUTIONS 90

Proof: By the properties of the exponential function exp (£(X + Y)) = exp(tX) exp(tY). By Theorem 4.5,
since X and Y are independent

My(t) =E [exp (H(X + Y))]
=E[exp(rX)) exp(tY)]
=E[exp(tX)]E [exp(¢Y)]
= Mx(t) My (1).

]
Furthermore, transformations of independent variables are also independent.

Theorem 4.7 If X and Y are independent then for any functions g:R—Rand h:R - R, U = g(X) and
V = h(Y) are independent.

Proof: For any u € R and v € R define the sets A(u) = {x: g(x) < u} and B(v) = {y: h(y) < v}. The joint
distribution of (U, V) is

Fyv(u,v)=P[U=u,V =]
=P[g(X)<u,h(Y)=<v|
=P[X € A(w),Y € B(v)]
=P[X € AW]P[Y € B(v)]
=P[g(X) < u|P[h(Y) < V]
=P[U<ulP[V <]
= Fy(wFy (v).

Thus the distribution function factors, satisfying the definition of independence. The key is the fourth
equality, which uses the fact that the events {X € A(«)} and {Y € B(v)} are independent, which can be
shown by an extension of Theorem 4.5. |

Example 1: (continued). Are the number of pizza slices and drinks independent or dependent? To an-
swer this we can check if the joint probabilities equal the product of the individual probabilities. Recall
that

P[X=1]=0.5
PlY=1]=0.6
PIX=1Y=1]=04.

Since
0.5%x0.6=0.3#0.4

we conclude that X and Y are dependent.

Example 2: (continued). fy|x(y | x) = (xyﬂ'?%(_y) and fy(y) = 1 (y*+2y)exp(~y). Since these are
not equal we deduce that X and Y are not independent. Another way of seeing this is that f(x,y) =

1 (x+y)xyexp(-x - y) cannot be factored.

Example 3: (continued). Figure 4.9(b) displayed the conditional density of wages given experience. Since
the conditional density changes with experience, wages and experience are not independent.
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4.12 Covariance and Correlation
A feature of the joint distribution of (X, Y) is the covariance.

Definition 4.12 If X and Y have finite variances, the covariance between X and Y is

cov(X,Y)=E[(X-E[XD(Y -E[Y])]
=E[XY]-E[X]E[Y].
Definition 4.13 If X and Y have finite variances, the correlation between X and Y is

cov(X,Y)
vvar[X]var[Y] '

If cov(X, Y) = 0 then corr(X, Y) = 0 and it is typical to say that X and Y are uncorrelated.

corr(X,Y) =

Theorem 4.8 If X and Y are independent with finite variances, then X and Y are uncorrelated.

The reverse is not true. For example, suppose that X ~ U[-1, 1]. Since it is symmetrically distributed
about 0 we see that E[X] =0 and E[X3] =0. Set Y = X2. Then

cov(X,Y)=E[X*] -E[X]E[X?] =0.

Thus X and Y are uncorrelated yet are fully dependent! This shows that uncorrelated random variables
may be dependent.
The following results are quite useful.

Theorem 4.9 If X and Y have finite variances, var [X + Y] =var[X] +var[Y] +2cov(X, Y).

To see this it is sufficient to assume that X and Y are zero mean. Then completing the square and
using the linear property of expectations

var[X + Y] = E[(X + V)?]
=E[X*+Y*+2XY]
=E[X?] +E[Y?] +2E(XY]
=var(X]+var[Y]+2cov(X,Y).

Theorem 4.10 If X and Y are uncorrelated, then var[X + Y] = var[X] + var[Y].

This follows from the previous theorem, since uncorrelatedness means that cov(X, Y) = 0.
Example 1: (continued). The cross moment is
E[XY]=1x1x04+1x2x0.1+2x1x0.2+2x2x0.3=2.2.

The covariance is
cov(X,Y)=E[XY]-E[X]E[Y]=22-15%x1.4=0.1

and correlation
cov(X,Y) 0.1

corr(X,Y) = = =0.
vvar[X]var[Y] +/0.25x0.24

41.
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This is a high correlation. As might be expected, the number of pizza slices and drinks purchased are
positively and meaningfully correlated.

Example 2: (continued). The cross moment is

(e.9) o0 1
E[XY]:f f xyZ(x+y)xyexp(—x—y)dxdy:6.
o Jo

The covariance is
52 1
cov(X,Y)=6—|—-| =—-
2 4
and correlation

corr(X,Y) =——=——.
><14_1 11

N o

This is a negative correlation, meaning that the two variables co-vary in opposite directions. The magni-
tude of the correlation, however, is small, indicating that the co-movement is mild.

Example 3 & 4: (continued). Correlations of wages, experience, and experience are presented in the
following chart known as a correlation matrix.

Correlation Matrix

Wage Experience Education

Wage 1 0.06 0.40
Experience 0.06 1 -0.17
Education  0.40 -0.17 1

This shows that education and wages are highly correlated, wages and experiences mildly correlated, and
education and experience negatively correlated. The last feature is likely due to the fact that the variation
in experience at a point in time is mostly due to differences across cohorts (people of different ages).
This negative correlation is because education levels are different across cohorts —later generations have
higher average education levels.

4.13 Cauchy-Schwarz
This following inequality is used frequently.
Theorem 4.11 Cauchy-Schwarz Inequality. For any random variables X and Y

EIXY|</E[X2]E[Y2].

Proof: By the Geometric Mean Inequality (Theorem 2.13)

2 2
abl= Va2 < &Y 4.1)

2

Set U = |X|/,/E[X2] and V =|Y|/\/E[Y?] . Using (4.1) we obtain

U? + V?
|uvV| < ———.
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Taking expectations we find
EIXY| [U2+V2]_1

WZEIUVIS[E

the final equality since E[U?| = 1 and E[V?] = 1. This is the theorem.  ®
The Cauchy-Schwarz inequality implies bounds on covariances and correlations.

Theorem 4.12 Covariance Inequality. For any random variables X and Y with finite variances

lcov (X, Y)| < (var [X]var[Y]])"/?
corr (X,Y)| <1.

Proof. We apply the Expectation (Theorem 2.10) and Cauchy-Schwarz (Theorem 4.11) inequalities to
find
lcov(X, V)| <E|(X-E[X]) (Y -E[Y]| =< (var [X] Var[Y])”2

as stated. [ |

The fact that the correlation is bounded below one helps us understand how to interpret a correla-
tion. Correlations close to zero are small. Correlations close to 1 and —1 are large.

4.14 Conditional Expectation

An important concept in econometrics is conditional expectation. Just as the expectation is the cen-
tral tendency of a distribution, the conditional expectation is the central tendency of a conditional dis-
tribution.

Definition 4.14 The conditional expectation of Y given X = x is the expected value of the conditional
distribution Fy|x(y | x) and is written as m(x) =E[Y | X = x]. For discrete random variables this is

erﬂ(x,rj)

j=1
E[Y| X=x]=
mx(x)

For continuous Y this is o
[E[YIX:x]:f vivix(ylx)dy.
—00

We also call E[Y | X = x] the conditional mean.
In the continuous case, using the definition of the conditional PDF we can write E[Y | X = x] as

[ yfxdy
[ fx,ydy

The conditional expectation tells us the average value of Y given that X equals the specific value x.
When X is discrete the conditional expectation is the expected value of Y within the sub-population for
which X = x. For example, if X is gender then E[Y | X = x] is the expected value for men and women. If X
is education then E[Y | X = x] is the expected value for each education level. When X is continuous the

E[Y | X=x]=
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conditional expectation is the expected value of Y within the infinitesimally small population for which
X=x.

Example 1: (continued): The conditional expectation for the number of drinks per customer is

1x04+2x0.1
ElY | X=1]=———=1.2
0.5
1x0.2+2x0.3
E[YIXZZ]zTZI.G.

Thus the restaurant can expect to serve (on average) more drinks to customers who purchase two slices
of pizza.

50
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@E[Y|X=x]= % (b) Wages Given Experience (c) Wages Given Education

Figure 4.10: Conditional Expectation Functions

Example 2: (continued): The conditional expectation of Y given X = x is

E[Y|X =x] =f0 yivix(ylx)dy

oo 2 -
=f Ly+yep(-y)
0 xX+2
_2x+6
Cox+2]

The conditional expectation function is displayed in Figure 4.10(a). It is downward sloping so as x in-
creases the expected value of Y declines.

Example 3: (continued). The conditional expectation of wages given experience is displayed in Figure
4.10(b). The x-axis is years of experience. The y-axis is wages. You can see that the expected wage is about
$16.50 for 0 years of experience, and increases near linearily to about $26 by 20 years of experience. Above
20 years of experience the expected wage falls, reaching about $21 by 50 years of experience. Overall the
shape of the wage-experience profile is an inverted U-shape, increasing for the early years of experience,
and decreasing in the more advanced years.

Example 4: (continued). The conditional expectation of wages given education is displayed in Figure
4.10(c). The x-axis is years of education. Since education is discrete the conditional mean is a discrete
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function as well. Examining Figure 4.10(c) we see that the conditional expectation is monotonically in-
creasing in years of education. The mean is $11.75 for an individual with 8 years of education, $17.61
for an individual with 12 years of education, $21.49 for an individual with 14 years, $30.12 for 16 years,
$35.16 for 18 years, and $51.76 for 20 years.

4.15 Law of Iterated Expectations

The function m(x) =E[Y | X = x] is not random. Rather, it is a feature of the joint distribution. Some-
times it is useful to treat the conditional expectation as a random variable. To do so, we evaluate the
function m(x) at the random variable X. This is m(X) = E[Y | X]. This is a random variable, a transfor-
mation of X.

What does this mean? Take our example 1. We found thatE[Y | X =1]=1.2andE[Y | X =2] = 1.6. We
also know that P[X = 1] =P [X = 2] = 0.5. Thus m(X) is a random variable with a two-point distribution,
equalling 1.2 and 1.6 each with probability one-half.

This may seem abstract and a bit confusing. Another way of expressing the distinction is that m(x)
is the value of the conditional expectation at X = x while m(X) is a function (a transformation) of the
random variable X.

By treating E[Y | X] as a random variable we can do some interesting manipulations. For example,
what is the expectation of E[Y | X]? Take the continuous case. We find

[E[[E[YIX]]—/ ElY | X =x] fx(x)dx

f f Vivix(y 1 x) fx(x)dydx

[ f yfy,x)dydx

=E[Y].

In words, the average across group averages is the grand average.
Now take the discrete case.

E[E(Y [ X]]=) E[Y|X=1;]mx(7;)
i=1

™8

1l
—

Tin(T,7;)

Il
.Mg

~
Il
—

X (t) wx(Ti)

Tin(T,7;)

I
™8
[18

I
)
<o
= I

This is a very critical result.

Theorem 4.13 Law of Iterated Expectations. IfE|Y| <ocothenE[E[Y | X]] =E[Y].

Example 1: (continued): We calculated earlier that E[Y] = 1.4. Using the law of iterated expectations
E[Y]=E[Y | X=1]P[X=1]+E[Y | X =2]P[X =2]
=12x0.5+1.6x0.5
=14
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which is the same.

Example 2: (continued): We calculated that E[Y] = 5/2. Using the law of iterated expectations

[E[Y]:f E[Y | X =x] fx(x)dx
0

_fw(2x+6) x> +2x

B 0 xX+2 4

0 (x2 43y
:f ( )exp(—x) dx
0 2

exp(—x)|dx

[\ &)

which is the same.

Example 4: (continued). The conditional expectation of wages given education is displayed in Figure
4.10(c). The marginal probabilities of education are displayed in Figure 2.2(c). By the law of iterated
expectations the unconditional expectation of wages is the sum of the products of these two displays.
This is

E [Wage] =11.75x0.027+12.20 x 0.011 + 13.78 x 0.011 + 13.78 x 0.011 + 14.04 x 0.026 + 17.61 x 0.274
+20.17x0.1824+21.49 x 0.111 +30.12 x 0.229 + 35.16 x 0.092 + 51.76 x 0.037
= $23.90.

This equals the average wage.

4.16 Conditional Variance
Another feature of the conditional distribution is the conditional variance.

Definition 4.15 The conditional variance of Y given X = x is the variance of the condition distribution
Fy|x(y|x) and is written as var[Y | X = x] or o?(x). It equals

var[Y | X = x] =E[(Y - m(x))* | X = x].

The conditional variance var [Y | X = x] is a function of x and can take any non-negative shape. When
X is discrete var[Y | X = x] is the variance of Y within the sub-population with X = x. When X is contin-
uous var[Y | X = x] is the variance of Y within the infinitesimally small sub-population with X = x.

By expanding the quadratic we can re-express the conditional variance as

var[Y | X =x]=E[Y?| X = x] - (E[Y | X = x])?. (4.2)

We can also define var[Y | X] = 0%(X), the conditional variance treated as a random variable. We
have the following relationship.

Theorem 4.14 var[Y]=E[var[Y | X]] +var[E[Y | X]].
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The first term on the right-hand side is often called the within group variance, while the second term
is called the across group variance.
We prove the theorem for the continuous case. Using (4.2)

E[var[Y | X]] =fvar[Y | X =x] fx(x)dx

:/[E[Yle:x] fX(x)dx—fm(x)ZfX(x)dx
=E[V?] -E[m(X)?]

=var[Y]-var[m(X)].

The third equality uses the law of iterated expecations for Y2. The fourth uses var[Y] = E[Y?] — (E[Y])?
and var [m(X)] =E[m(X)?] - E[mX)D? =E[m(X)?] - E[Y])>.

Example 1: (continued): The conditional variance for the number of drinks per customer is

12x0.4+2%2x0.1

E[Y?|X=1]-E[Y|X=1])*= e -1.22=0.16
) , 12x02+22x03 _ ,
E[Y*IX=2]-E[Y|X=2])"= 05 -1.6°=0.24.

The variability of the number of drinks purchased is greater for customers who purchase two slices of
pizza.

Example 2: (continued): The conditional second moment is

E[YV?| X = x] :fo Y frix(y 1 x)dy

[ L (xy+y*)exp(-y)
_fo Y x+2 dy

_ 6x+24
ox+2

The conditional variance is

var[Y | X =x]=E[Y?| X = x] - (E[Y | X = x])?
6x+24 (2x+6)°
- X+2 _(x+2
_2x%+12x+12
 (x+2)?

The conditional variance function is displayed in Figure 4.11(a). We see that the conditional variance
decreases slightly with x.

Example 3: (continued). The conditional variance of wages given experience is displayed in Figure
4.11(b). We see that the variance is a hump-shaped function of experience. The variance substantially
increases between 0 and 25 years of experience, and then falls somewhat between 25 and 50 years of
experience.

Example 4: (continued). The conditional variance of wages given education is displayed in Figure 4.11(c).
The conditional variance is strongly varying as a function of education. The variance for high school
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Figure 4.11: Conditional Variance Functions

graduates is 150, that for college graduates 573, and those with professional degrees 1646. These are
large and meaningful changes. It means that while the average level of wages increases significantly with
education level, so does the spread of the wage distribution. The effect of education on the conditional
variance is much stronger than the effect of experience.

4.17 Holder’s and Minkowski’s Inequalities*
The following inequalities are useful generalizations of the Cauchy-Schwarz inequality.

Theorem 4.15 Hoélder’s Inequality. For any random variables X and Y and any p = 1 and g = 1 satisfying
1/p+1/qg=1,
EIXY| < (EIXI?)"7 (E|Y19)"7.

Proof: By the Geometric Mean Inequality (Theorem 2.13) for non-negative a and b

p q
ab=(a")"" ()" = 4 T @3)

Without loss of generality assume E|X|” =1 and E|Y| = 1. Applying (4.3)

EIXIP EIYIY9 1 1
EIXY|= + =—+—=1
p q p 4

as needed. |
Theorem 4.16 Minkowski’s Inequality. For any random variables X and Y and any p = 1
E[1X+YIP)"? < E1XIP)"P + ([EIYIP)P.

Proof. Using the triangle inequality and then applying Holder’s inequality (Theorem 4.15) to the two
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expectations
EIX+YIP=E[IX+Y[IX+Y|P]
<E[IXIIX+YIP Y +E(IVIIX+YIP7Y)

< (EIXIP)"7 (1 + Y|(P—1)q)”q
+(EIYIP)P(E1X + Y|(p‘”q)“q
= (E®X17)"P + €1Y1P)P) (€1 + v1P) 0P

where the second inequality picks g to satisfy 1/p +1/g = 1, and the final equality uses this fact to make
the substitution g = p/(p — 1) and then collect terms. Dividing both sides by (E|X + Ylp)(p —1/p , We
complete the proof. |

4.18 Vector Notation

Write an m-vector as
X1
X2

Xm
This is an element of R, m-dimensional Euclidean space. In some cases (primarily for matrix algebra)
we may use boldface x to indicate a vector.
The transpose of a column vector x is the row vector

M=(x1 x o xm ).

There is diversity between fields concerning the choice of notation for the transpose. The above notation
is the most common in econometrics. In statistics and mathematics the notation x ' is typically used.
The Euclidean norm is the Euclidean length of the vector x, defined as

L2
llxll = (Z xlz) = (x'x)"2.
i=1

Multivariate random vectors are written as
X3
Xo
X=| .
Xm
Some authors use the notation X or X to denote a random vector.
The equality {X = x} and inequality {X < x} hold if and only if they hold for all components. Thus
{X = x} means {X; = x1, X2 = X2, ..., Xy = X}, and similarly {X < x} means {X; < x1, Xz < X2, ..., Xip < X}
The probability notation P [X < x] means PP [X; < x1, Xo < X2, ..., Xjn < X ).
When integrating over R" it is convenient to use the following notation. If f(x) = f(x1, ..., X;;,), write

ff(x)dx:f---ff(xl,...,xm)dxl~~~dxm.

Thus an integral with respect to a vector argument dx is short-hand for an m-fold integral. The notation
on the left is more compact and easier to read. We use the notation on the right when we want to be
specific about the arguments.
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4.19 Triangle Inequalities*

Theorem 4.17 For any real numbers x;

m
2 %]
j=1

=2 |xl- (4.4)
Jj=1

Proof: Take the case m = 2. Observe that

—|x1l = x1 = %1l

—|x2] = x2 = |x2].

Adding, we find
—lx1l = 1% = X1+ X2 < [x1] + | x2]

which is (4.4) for m = 2. For m > 2, we apply (4.4) m — 1 times. |

Theorem 4.18 For any vector x = (X1, ..., X;;,)’
m
lxll <) 1x1. 4.5)
i=1
Proof: Without loss of generality assume Y.7" | |x;| = 1. This implies |x;| < 1 and thus x? < |x;|. Hence

2 L 2 L
Ixl®=) x;<) |xil=1.
i=1 i=1

Taking the square root of the two sides completes the proof. [ |

Theorem 4.19 Schwarz Inequality. For any m-vectors x and y

|x"y| < IxI|y]- (4.6)

Proof: Without loss of generality assume ||x| = 1 and ||y| = 1 so our goal is to show that |x'y| < 1. By
Theorem 4.17 and then applying (4.1) to |x;y;| = |x;||y:| we find

Yoxivi| <Y |xiyils=) xi+-) yi=1
iz iz 23 23

the final equality since || x| =1 and | y|| = 1. Thisis (4.6). W

|x'y| =

Theorem 4.20 For any m-vectors x and y
e+ vl = ixl+ ]yl 47
Proof: We apply (4.6)
lx+y|?=x'x+2x'y+y'y
< el + 211 |y + ]
= (Il + [l ])".

Taking the square root of the two sides completes the proof. [ |
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4.20 Multivariate Random Vectors
We now consider the case of a random vector X € R™.

Definition 4.16 A multivariate random vector is a function from the sample space to R™, written as
X= (XI)XZ) ---:Xm),~

We now define the distribution, mass, and density functions for multivariate random vectors.
Definition 4.17 The joint distribution function is F(x) =P[X = x] =P [X] < X1, ..., X < Xml.
Definition 4.18 For discrete random vectors, the joint probability mass function is 7(x) =P [X = x].

Definition 4.19 When F(x) is continuous and differentiable its joint density f(x) equals
am
x)= —F(x).
f) %10 (%)
Definition 4.20 The expectation of X € R" is the vector of expectations of its elements:

E[Xi]
E[X>]
E[X] =
E[Xm]
Definition 4.21 The m x m covariance matrix of X € R is
var [X] =E[(X -E[X])(X —E[X])].
and is commonly written as var[X] = Z.

When applied to a random vector, var [ X] is a matrix. It has elements

2
o7 012 - O1m
2
021 g, - O2m
> =
2
Oml Om2 -+ Opy

where a? =var[X;]and 0;; = cov(X;, X;) fori,j=1,2,...,mand i # j.
Theorem 4.21 Properties of the covariance matrix. For m x m 2
1. Symmetric: £ =%’

2. Positive semi-definite: Forany mx1 a#0, a'a=0.

Proof: Symmetry holds because cov(X;, X;) = cov(Xj, X;). For positive semi-definiteness,
aTa=dE[(X-EXDX-E[XD]a
=E[d (X -E[XD(X-E[X])a]
=E|(a' X -E(XD)’]
=E[Z?]
where Z = a/(X —E[X]). Since Z?20,E[Z?] z0and a'Sa=0. N
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Theorem 4.22 If X € R™ with m x 1 expectation y and m x m covariance matrix Z, and A is g x m, then
AX is arandom vector with mean Ay and covariance matrix AXA’.

Theorem 4.23 Property of Vector-Valued Moments. For X € R™”, E| X| < oo if and only if E |X j| < oo for
j=1..,m.

Proof*: Assume E |X j| < C<oofor j=1,..., m. Applying the triangle inequality (Theorem 4.18)

m
EIXI <) E|X;j|<mC <oo.

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, | X;| < I X||. Thus, if E| X|| < co, then E|Xj| <oofor j=1,...m. W

4.21 Pairs of Multivariate Vectors

Most concepts for pairs of random variables apply to multivariate vectors. Let (X,Y) be a pair of
multivariate vectors of dimension myx and my respectively. For ease of presentation we focus on the
case of continuous random vectors.

Definition 4.22 The joint distribution function of (X, Y) € R™* x R™ is
Flx,y))=P[X=x,Y<y].

The joint density function of (X, Y) € R x R™ is

my+my

f(X,y)Zr

1+ 0Ym,

F(x,y).
The marginal density functions of X and Y are
fx(x) =ff(x,y)dy
fr(y) = ff(x, ydx.

The conditional densities of Y given X = x and X given Y = y are

)
frix(y1x)= )

)
fxiy(xly) = o

The conditional expectation of Y given X = x is

ElY | X=x]= fyfmx(y | x)dy.
The random vectors Y and X are independent if their joint density factors as

Fxy) = fxx) fr@).

The continuous random variables (X, ..., X;;;) are mutually independent if their joint density factors into
the products of marginal densities, thus

1o xm) = filen) - frn(xm).
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4,22 Multivariate Transformations

When X € R™ has a density and Y = g(X) € R where g(x) : R™ — RY is one-to-one then there is a
well-known formula for the joint density of Y.

Theorem 4.24 Suppose X has PDF fx(x), g(x) is one-to-one, and h(y) = g‘l(y) is differentiable. Then
Y = g(X) has density
fry) = fx(h(y)J ()

where

det 2|

J(y) =
y y

is the Jacobian of the transformation.

Writing out the derivative matrix in detail, let h(y) = (h1 (), h2(3), ..., hm () and

0h1(y)10y1 Ol () /0y> -+ Oh1(¥)/0ym
0 Ohy(y)/0y1 Oha(1)/0y2 -+ 0Oho(1)/0ym
—,h(y) = . . . .
ay : : . :
Ohy(NI10y1 Ohy, () /0ys -+ Ohm()/0ym

Example: Let X; and X, be independent with densities e™* and e™*2. Take the transformation Y; = X
and Y> = X7 + X,. The inverse transformation is X; = Y7 and X, = Y» — Y7 with derivative matrix

aiy/h(y) = (_11 (1))
Thus J = 1. The support for Y is {0 < Y} < ¥» < oo}. The joint density is therefore
fr() =e 214y < yo}.
We can calculate the marginal density of Y, by integrating over Y;. This is
oo ¥
f2(y2) :fo e 1{y < yotdn :fo e 2dy, = ye 2

on y» € R. This is a gamma density with parameters a =2, = 1.

4.23 Convolutions
A useful method to calculate the distribution of the sum of random variables is by convolution.

Theorem 4.25 Convolution Theorem. If X and Y are independent random variables with densities
fx(x) and fy (y) then the densityof Z =X+ Y is

fr(2) = f Fe(9) fyr(z—s)ds = f fe(z—-9) fr(s)ds.
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Proof: Define the transformation (X, Y) to (W, Z) where Z = X+ Y and W = X. The Jacobian is 1. The
joint density of (W, Z) is fx(w) fr(z — w). The marginal density of Z is obtained by integrating out W,
which is the first stated result. The second can be obtained by transformation of variables. |

The representation [ fx(s) fy (z — s)ds is known as the convolution of fx and fy.

Example: Suppose X ~ UI0,1] and Y ~ U[0, 1] are independent and Z = X + Y. Z has support [0,2]. By
the convolution theorem Z has density

ffX(s)fy(z—s)ds=f 1{0<s<1}1{0<z-s<1}ds

1
:[ 1{0<z-s<1}ds
0

Jyds z=1

flids 1<z<2

{ z z<l1
2—z l<z<2.

Thus the density of Z has a triangle or “tent” shape on [0, 1].

Example: Suppose X and Y are independent each with density ™! exp(-x/A) on x =0, and Z= X +Y.
Z has support [0,00). By the convolution theorem

£2(2) :f Ffr(z-ndi

> 1 —t//ll —(z—=D/A
= 1{t=01{z—t=0}—¢ —e dt
—co A A

Zi —Z/A.dt
0 A2°

z  _
=" e zlA

12

This is a gamma density with parameters « =2 and g =1/A.

4.24 Hierarchical Distributions

Often a useful way to build a probability structure for an economic model is to use a hierarchy. Each
stage of the hierarchy is a random variable with a distribution whose parameters are treated as random
variables. This can result in a compelling economic structure. The resulting probability distribution can
in certain cases equal a known distribution, or can lead to a new distribution.

For example suppose we want a model for the number of sales at a retail store. A baseline model is
that the store has N customers who each make a binary decision to buy or not with some probability p.
This is a binomial model for sales, X ~binomial(X, p). If the number of customers N is unobserved we
can also model it as a random variable. A simple model is N ~Poisson(1). We examine this model below.

In general a two-layer hierarchical model takes the form

XY~ f(xly
Y ~g.
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The joint density of X and Y equals f(x, y) = f(x| y)g(y). The marginal density of X is

[l = f flydy= f fx1y)g(ydy.
More complicated structures can be built. A three-layer hierarchical model takes the form

XY, Z~f(xly2)
YIZ~g(ylz)
7 ~ h(z).

The marginal density of X is
flx) = fff(x 1,2)8(y | 2)h(z)dzdy.

Binomial-Poisson. This is the retail sales model described above. The distribution of sales X given N

customers is binomial and the distribution of the number of customers is Poisson.

X | N ~binomial(N, p)
N ~ Poisson(A).

The marginal distribution of X equals

o) -Aqn
o N\ v n-x€ A
P[X = ]—r;x(x)p (1-p) p
(Ap)tet = (-pA)""
B x! n;x (n—x)!
_ret e (0 p)A)
x! par t!
_(Ap)Tetr
B x!

The first equality is the sum of the binomial multiplied by the Poisson. The second line writes out the
factorials and combines terms. The third line makes the change-of-variables t = n — x. The last line
recognizes that the sum is over a Poisson density with parameter (1 — p)A. The result in the final line is
the probability mass function for the Poisson(Ap) distribution. Thus

X ~ Poisson(Ap).

Hence the Binomial-Poisson model implies a Poisson distribution for sales!
This shows the (perhaps surprising) result that if customers arrive with a Poisson distribution and
each makes a Bernoulli decision then total sales are distributed as Poisson.

Beta-Binomial. Returning to the retail sales model, again assume that sales given customers is binomial,
but now consider the case that the probability p of a sale is heterogeneous. This can be modeled by
treating p as random. A simple model appropriate for a probability is p ~beta(a, 8). The hierarchical
model is

X | N ~ binomial(N, p)
p ~beta(a, B).



CHAPTER 4. MULTIVARIATE DISTRIBUTIONS 106

The marginal distribution of X is

!

— _ N X N-x pa_l(l_P
P[X—x]—fo (x)p W=p) =3y

_Blx+a,N-x+p) [N
- B(a,p)

for x =0,..., N. This is different from the binomial, and is known as the beta-binomial distribution. It is
more dispersed than the binomial distribution. The beta-binomial is used occassionally in economics.

X

Variance Mixtures. The normal distributions has “thin tails” , meaning that the density decays rapidly
to zero. We can create a random variable with thicker tails by a normal variance mixture. Consider the
hierarchical model

X|1Q~N(0,Q)
Q~F
for some distribution F such that E[Q] = 1 and E[Q?] = x. The first four moments of X are
E[X]T=E[E[X|QII=0
E[X?] =E[E[X*|Q]] =E[QI =1
E[X®]|=E[E[X*IQ]] =0
E[X*] =E[E[X*|Q]] =E[3Q?] = 3«.
These calculations use the moment properties of the normal which will be introduced in the next chap-
ter. The first three moments of X match those of the standard normal. The fourth moment is 3x (see
Exercise 2.16) while that of the standard normal is 3. Since x = 1 this means that X has thicker tails than
the standard normal.
Normal Mixtures. The model is
N(ui,0%) if T=1

X|T~
N(up,03) if T=2
P[T=1l=p
P[T=2]=1-p.

Normal mixtures are commonly used in economics to model contexts with multiple “latent types”. The
random variable T determines the “type” from which the random variable X is drawn. The marginal
density of X equals the mixture of normals density

F(x1 prp1, 0%, p2,0%) = po, (x— 1) + (1= P)po, (x— p2).

4.25 Existence and Uniqueness of the Conditional Expectation*

In Section 4.14 we defined the conditional expectation separately for discrete and continuous ran-
dom variables. We have explored these cases because these are the situations where the conditional
expectation is easiest to describe and understand. However, the conditional expectation exists quite
generally without appealing to the properties of either discrete or continuous random variables.

To justify this claim we present a deep result from probability theory. What it states is that the condi-
tional expectation exists for all joint distributions (Y, X) for which Y has a finite expectation.
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Theorem 4.26 Existence of the Conditional Expectation. Let (Y, X) have a joint distribution. If E|Y| <
oo then there exists a function m(x) such that for all sets A for which [P [X € A] is defined,

E[l{XeAlY]=E[1{X e AAm(X)]. (4.8)

The function m(x) is almost everywhere unique, in the sense that if 2(X) satisfies (4.8), then there is a set
S such that P [S] = 1, and m(x) = h(x) for x € S. The functions m(x) = E[Y | X = x] and m(X) = E[Y | X]
are called the conditional expectation.

For a proof see Ash (1972) Theorem 6.3.3.

The conditional expectation m(x) defined by (4.8) specializes to our previous definitions when (Y, X)
are discrete or have a joint density. The usefulness of definition (4.8) is that Theorem 4.26 shows that
the conditional expectation 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 X to be discrete or
continuously distributed.

4.26 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 straightfor-
ward in the context of the unconditional and conditional expectation, but it is worthwhile to introduce
and explore the concept at this point for clarity.

Let F denote a probability distribution, for example the distribution of the pair (Y, X). Let & be a
collection of distributions. Let 6 be a parameter of interest (for example, the mean E[Y]).

Definition 4.23 A parameter 0 € R¥ is identified on % if for all F € & there is a unique value of .

Equivalently, 8 is identified if we can write it as a mapping 8 = g(F) on the set &. The restriction to the
set & is important. Most parameters are identified only on a strict subset of the space of distributions.

Take, for example, the mean p = E[Y]. It is uniquely determined if E|Y| < oo, so it is clear that u is
identified for the set & = {F : ffgo | y| dF(y) < oo} However, p is also defined when it is either positive or
negative infinity. Hence, defining I; and I, as in (2.8) and (2.9), we can deduce that y is identified on the
set & = {F:{I; <oolU{I, > —oc}}.

Next, consider the conditional expectation. Theorem 4.26 demonstrates that E|Y| < co is a sufficient
condition for identification.

Theorem 4.27 Identification of the Conditional Expectation. Let (Y, X) have a joint distribution. If
E|Y| < oo the conditional expectation m(X) = E[Y | X] is identified almost everywhere.

It might seem as if identification is a general property for parameters so long as we exclude degen-
erate cases. This is true for moments but not necessarily for more complicated parameters. As a case in
point, consider censoring. Let Y be a random variable with distribution F. Let Y be censored from above,
and Y* defined by the censoring rule

v* = Y fY=srt
1t ify>r.

Thatis, Y* is capped at the value 7. The variable Y* has distribution

F(u) foru<srt
1 foru=r.

F*(u)={
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Let y = E[Y] be the parameter of interest. The difficulty is that we cannot calculate u from F* except
in the trivial case where there is no censoring P[Y = 7] = 0. Thus the mean p is not identified from the
censored distribution.

A typical solution to the identification problem is to assume a parametric distribution. For example,
let Z be the set of normal distributions Y ~ N(u, 0%). It is possible to show that the parameters (i, 0%) are
identified for all F € &. That is, if we know that the uncensored distribution is normal, we can uniquely
determine the parameters from the censored distribution. This is called parametric identification as
identification is restricted to a parametric class of distributions. In modern econometrics this is 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 cen-
sored data without parametric assumptions. Interestingly, this pessimism is unwarranted. It turns out
that we can identify the quantiles g(a) of F for a« < P[Y < 7]. For example, if 20% of the distribution is
censored we can identify all quantiles for a € (0,0.8). This is 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 identified. Part of
the message is that a study of identification can help focus attention on what can be learned from the
data distributions available.

4,27 Exercises

Exercise 4.1 Let f(x,y)=1/4for—-1<x<1and—1< y <1 (and zero elsewhere).
(a) Verify that f(x, y) is a valid density function.
(b) Find the marginal density of X.
(c) Find the conditional density of Y given X = x.
(d) FindE[Y | X = x].
(e) Determine P[X%+Y2<1].
(f) Determine P[| X +Y|<2].
Exercise 4.2 Let f(x,y)=x+yfor0<x<1andO0< y <1 (and zero elsewhere).
(a) Verify that f(x, y) is a valid density function.
(b) Find the marginal density of X.
(c) FindE[Y], var[X],E[XY] and corr(X,Y).
(d) Find the conditional density of Y given X = x.
() FindE[Y | X = x].

Exercise 4.3 Let 9

x,))=——"—
ooy (1+x+y)3

for0=xand0<y.
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(a) Verify that f(x, y) is a valid density function.
(b) Find the marginal density of X.

(c) FindE[Y],var[Y],E[XY] and corr(X,Y)

(d) Find the conditional density of Y given X = x.

(e) FindE[Y | X = x].

Exercise 4.4 Let the joint PDF of X and Y be given by f(x, y) = g(x)h(y) for some functions g(x) and
h(y). Leta= [ g(x)dxand b= [, h(x)dx.

(a) What conditions a and b should satisfy in order for f(x, y) to be a bivariate PDF?

(b) Find the marginal PDF of X and Y.

(c) Show that X and Y are independent.
Exercise 4.5 Let F(x, y) be the distribution function of (X, Y). Show that
Pla<X<bc<Y<d]l=F(b,d)—-F(b,c)—Fl(a,d)+Fa,c).
Exercise 4.6 Let the joint PDf of X and Y be given by

| oexy ifx,yel0,1,x+y<1
f(x,y)—{ 0 otherwise .

(a) Find the value of ¢ such that f(x, y) is a joint PDE
(b) Find the marginal distributions of X and Y.

(c) Are X and Y independent? Compare your answer to Problem 2 and discuss.

Exercise 4.7 Let X and Y have density f(x, y) = exp(—x—y) for x > 0 and y > 0. Find the marginal density
of X and Y. Are X and Y independent or dependent?

Exercise 4.8 Let X and Y have density f(x,y) =10on0< x <1 and 0 < y < 1. Find the density function of
Z=XY.

Exercise 4.9 Let X and Y have density f(x,y) = 12xy(1-y)forO0<x<land0<y<1. Are Xand Y
independent or dependent?

Exercise 4.10 Show that any random variable is uncorrelated with a constant.

Exercise 4.11 Let X and Y be independent random variables with means px, iy, and variances ai(, U%,.
Find an expression for the correlation of XY and Y in terms of these means and variances.

Hint: “XY” is not a typo.

Exercise 4.12 Prove the following: If (X3, X, ..., X};) are pairwise uncorrelated

m m
var ZX,-] = Zvar[X,-].
i=1 i=1

1=
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Exercise 4.13 Suppose that X and Y are jointly normal, i.e. they have the joint PDF:

1
2noxoy\/1-p? )

(a) Derive the marginal distribution of X and Y and observe that both are normal distributions.

2

X,¥y) = exp |- — 22—+ =
Sy Pl72a=p o2 “oxoy o?

1 (xz , PXY Y

(b) Derive the conditional distribution of Y given X = x. Observe that it is also a normal distribution.

(c) Derive the joint distribution of (X, Z) where Z = (Y/oy) — (0 X/0x), and then show that X and Z
are independent.

Exercise 4.14 Let X; ~ gamma(r,1) and X, ~ gamma(s,1) be independent. Find the distribution of Y =
X1+ X5.

Exercise 4.15 Suppose that the distribution of ¥ conditional on X = x is N(x, x?) and the marginal dis-
tribution of X is U[0, 1].

(@) FindE[Y].
(b) Findvar[Y].
Exercise 4.16 Prove that for any random variables X and Y with finite variances:
(@) cov(X,Y)=cov(X,E[Y | X]).
(b) X and Y —E[Y | X] are uncorrelated.

Exercise 4.17 Suppose that Y conditional on X is N(X, X), E[X] = u and var[X] = 0. Find E[Y] and
var(Y].

Exercise 4.18 Consider the hierarchical distribution

X|Y ~N(Y,0?)

Y ~gamma(a, ).
Find
(a) E[X]. Hint: Use the law of iterated expectations (Theorem 4.13).
(b) var[X]. Hint: Use Theorem 4.14.
Exercise 4.19 Consider the hierarchical distribution

XIN~ 15N
N ~ Poisson(A).

Find
(a) E[X].
(b) var[X].
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Exercise 4.20 Find the covariance and correlation between a+ bX and c+dY.

Exercise 4.21 If two random variables are independent are they necessarily uncorrelated? Find an ex-
ample of random variables which are independent yet not uncorrelated.
Hint: Take a careful look at Theorem 4.8.

Exercise 4.22 Let X be a random variable with finite variance. Find the correlation between

(@ Xand X.

(b) Xand -X.
Exercise 4.23 Use Holder’s inequality (Theorem 4.15 to show the following.
@ E|X3Y|< [E(|X|4)3/4[E(IY|4)1/4
(b) E|XeyP| <E(1x|e0) Y P (yjarp)P @D
Exercise 4.24 Extend Minkowski’s inequality (Theorem 4.16) to to show thatif p =1

C

PN\VP
) =Y (€11
i=1

o0
> Xi
i=1




Chapter 5

Normal and Related Distributions

5.1 Introduction

The normal distribution is the most important probability distribution in applied econometrics. The
regression model is built around the normal model. Many parametric models are derived from normal-
ity. Asymptotic approximations use normality as approximation distributions. Many inference proce-
dures use distributions derived from the normal for critical values. These include the normal distribu-
tion, the student ¢ distribution, the chi-square distribution, and the F distribution. Consequently it is
important to understand the properties of the normal distribution and those which are derived from it.

5.2 Univariate Normal

Definition 5.1 A random variable Z has the standard normal distribution, written Z ~ N(0, 1), if it has

the density

x2

¢(x) = \/%exp (—?), xeR.

The standard normal density is typically written with the symbol ¢(x). The distribution function is
not available in closed form but is written as

D(x) = f o(w)du.

The standard normal density function is displayed in Figure 3.3.
The fact that ¢(x) integrates to one (and is thus a density) is not immediately obvious but is based on
a technical calculation.

Theorem5.1f d(x)dx =1.

For the proof see Exercise 5.1.
The standard normal density ¢(x) is symmetric about 0. Thus ¢(x) = ¢p(—x) and O(x) =1 - D(—x).

Definition 5.2 If Z ~ N(0,1) and X = p+ o Z for g € R and o = 0 then X has the normal distribution,
written X ~ N(u, o?).

Theorem 5.2 If X ~ N(y, 02) and ¢ > 0 then X has the density

! ex _(x—/,t)z xeR
V2no? P 20?2 .

f(xlpo®) =

112
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This density is obtained by the change-of-variables formula.

Theorem 5.3 The moment generating function of X ~ N(u,0?) is M (1) = exp (ut + 0°1%/2).

For the proof see Exercise 5.6.

5.3 Moments of the Normal Distribution

All positive integer moments of the standard normal distribution are finite. This is because the tails
of the density decline exponentially.

Theorem 5.4 If Z ~N(0,1) then forany r >0

ElZI" = 2”2r(r+1)
N

where I'(¢#) is the gamma function (Definition A.21).

The proofis presented in Section 5.11.
Since the density is symmetric about zero all odd moments are zero. The density is normalized so
that var[Z] = 1. See Exercise 5.3.

Theorem 5.5 The mean and variance of Z ~N(0,1) are E[Z] =0and var[Z] = 1.

From Theorem 5.4 or by sequential integration by parts we can calculate the even moments of Z.
Theorem 5.6 For any positive integer m, E[Z?"] = 2m—1)!!

For a definition of the double factorial k!! see Section A.3. Using Theorem 5.6 we find E[Z*] = 3,

E[Z°%] =15,E[Z8] =105, and E[Z'°] = 945.

5.4 Normal Cumulants

Recall that the cumulants are polynomial functions of the moments and can be found by a power
series expansion of the cumulant generating function, the latter the natural log of the MGE Since the
MGEF of Z ~ N(0,1) is M(t) = exp (t2/2) the cumulant generating function is K(t) = t2/2 which has no
further power series expansion. We thus find that the cumulants of the standard normal distribution are

KjIO, ];'52

Thus the normal distribution has the special property that all cumulants except the second are zero.

5.5 Normal Quantiles

The normal distribution is commonly used for statistical inference. Its quantiles are used for hy-
pothesis testing and confidence interval construction. Therefore having a basic acquaintance with the
quantiles of the normal distribution can be useful for practical application. A few important quantiles of
the normal distribution are listed in Table 5.1.
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Table 5.1: Normal Probabilities and Quantiles

PiZ<x] P[Z>x] P[Z]|>x]

x=0.00 0.50 0.50 1.00
x=1.00 0.84 0.16 0.32
x=1.65 0.95 0.005 0.10
x=1.96 0.975 0.025 0.05
x=2.00 0.977 0.023 0.046
x=2.33 0.990 0.010 0.02
x=2.58 0.995 0.005 0.01

Traditionally statistical and econometrics textbooks would include extensive tables of normal (and
other) quantiles. This is unnecessary today since these calculations are embedded in statistical software.
For convenience, we list the appropriate commands in MATLAB, R, and Stata to compute the cumulative
distribution function of commonly used statistical distributions.

Numerical Cumulative Distribution Function
To calculate P[Z < x] for given x

MATLAB R Stata
N(@,1) normcdf(x) pnorm(x) normal (x)
x? chi2cdf (x,r) pchisq(x,r) chi2(r,x)
ty tcdf (x,r) pt(x,r) 1-ttail(r,x)
Frx fcdf (x,r,k) pf(x,r,k) F(r,k,x)

)(%(d) ncx2cdf (x,r,d) pchisq(x,r,d) nchi2(r,d,x)
F.x(d) ncfcdf(x,r,k,d) pf(x,r,k,d) 1-nFtail(r,k,d,x)

Here we list the appropriate commands to compute the inverse probabilities (quantiles) of the same
distributions.

Numerical Quantile Function
To calculate x which solves p =P [Z < x] for given p

MATLAB R Stata
N(0,1) norminv(p) qnorm(p) invnormal (p)
x2 chi2inv(p,r) qchisq(p,r) invchi2(r,p)
t tinv(p,r) qt(p,r) invttail(r,1-p)
Frx finv(p,r,k) qf (p,r,k) invF(r,k,p)

¥2(d)  ncx2inv(p,r,d)  qchisq(p,r,d) invnchi2(r,d,p)
F.x(d) ncfinv(p,r,k,d) qf(p,r,k,d) invnFtail(r,k,d,1-p)
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5.6

For some applications it is useful to know the moments of the truncated and censored normal distri-

Truncated and Censored Normal Distributions

butions. We list the following for reference.
We first list the moments of the truncated normal distribution.

Definition 5.3 The function A(x) = ¢(x)/® (x) is called' the inverse Mills ratio.

The name is due to a paper by John P. Mills published in 1926. Here are some properties of the inverse

Mills ratio. We do not provide a proof as these results are not essential.

Theorem 5.7 Properties of the Inverse Mills Ratio.

1.

8.

A=x) = p(x)/ (1 - D(x))

Ax)>0forxeR

. A0)=v2In
. For x>0, A(x) < vV2/mexp(—x?/2)

Forx<0,0<x+A(x)<1

For xe R, A(x) <1+ |x|

A (x) = =A(x) (x+ A(x)) satisfies =1 < A'(x) <0

A(x) is strictly decreasing and convex on R.

For any trunction point c define the standardized truncation point ¢* = (c—u)/o.

Theorem 5.8 Moments of the Truncated Normal Distribution. If X ~ N (g, 0) then for ¢* = (c— ) /o

1.

2.

7.

8.

E[l{X<c]=®(c")
E[l{X>c]=1-D(c*)
E[X1{X<c}]=ud(c*)—o¢p(c*)
EXT{X>cl=pQ-@(c")+0¢(c”)

E[X|X<cl=pu—0oA(c)

CEX | X>cl=p+0A(-c")

var[X | X < cl=0?(1-c*A(c*) = A(c*)?)

var[X | X > c] = 0% (1+c*A(=c*) = A(=c*)?)

I The function ¢(x)/ (1 — ® (x)) is also often called the inverse Mills ratio.
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The calculations show that when X is truncated from above the mean of X is reduced. Conversely
when X is truncated from below the mean is increased.

From parts 5 and 6 we can see that the effect of trunction on the mean is to shift the mean away from
the truncation point. From parts 7 and 8 we can see that the effect of trunction on the variance is to
reduce the variance so long as truncation affects less than half of the original distribution. However the
variance increases at sufficiently high truncation levels.

We now consider censoring. For any random variable X we define censoring from below as

X ifX=c
X*_{ c ifX<c '

We define censoring from above as

X ifX<c
X* =
{ c ifX>c

We now list the moments of the censored normal distribution.
Theorem 5.9 Moments of the Censored Normal Distribution. If X ~ N (¢, 02) then for ¢* = (c—p)/o
1. E[X*]=p+0oc* 1 -D(c*))—o¢p(c*)
2. E[Xul=p+0oc*®(c*)+o¢(c*)
3. var[X*] =% 1+ (¢ = 1) 1= @ (c") — ¢*p(c*) - (¢* (1 - D (c*) - p(c"))’?]

4. var[X,] =0? (1 +(c*2-1)1-D(c*) - c*Pp(c*) = (c* D (c*) +¢(c*))2).

5.7 Multivariate Normal

Let {Z1,Z5,...,Zn} be iid. N(0,1). Since the Z; are mutually independent the joint density is the
product of the marginal densities, equalling

fxr, o xm) = fx) Q) f(xm)

This is called the multivariate standard normal.

Definition 5.4 An m-vector Z has the multivariate standard normal distribution, written Z ~ N(0, I,,,),
if it has density:
£ 1 ( x' x)
X)= ———exp|——
(27.[) mi2 P 2

Theorem 5.10 The mean and covariance martix of Z ~ N(0, I,;,) are E[Z] =0 and var [Z] = I,,.
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Definition 5.5 If Z ~N(0, I,;;) and X = u+ BZ for g x m B then X has the multivariate normal distribu-
tion, written X ~ N(u, X), with a g x 1 mean vector p and g x g covariance matrix X = BB'.

Theorem 5.11 If X ~ N(u, Z) where X is invertible then X has PDF

1 - -
emm2(detz)l/2 P 2 '

fx)=

The density for X is found by the change-of-variables X = y + BZ which has Jacobian (detZ)~'/2.

5.8 Properties of the Multivariate Normal

Theorem 5.12 The mean and covariance martix of X ~ N(y, X) are E[X] = g and var [X] = Z.

The proof of this follows from the definition X = y+ BZ and Theorem 4.22.
In general, uncorrelated random variables are not necessarily independent. An important exception
is that uncorrelated multivariate normal random variables are independent.

Theorem 5.13 If (X Y) are multivariate normal with cov (X, Y) =0then X and Y are independent.

The proofis presented in Section 5.11.
To calculate some properties of the normal distribution it turns out to be useful to calculate its mo-
ment generating function.

Theorem 5.14 The moment generating function of mx1X ~N(u,X) is M(¢) = E [exp(t'X)] = exp ['p+ 5 1'Z¢]
where tis m x 1.

For the proof see Exercise 5.12.
The following result is particularly important, that affine functions of normal random vectors are
normally distributed.

Theorem 5.15 If X ~N(y, %) then Y =a+BX ~N(a+ Bu, BZB').

The proof is presented in Section 5.11.

Theorem 5.16 If (Y X) are multivariate normal

e )l M 50 )

X px )\ Zxy Zxx

with Zyy > 0 and Z xx > 0 then the conditional distributions are
YIX~N(uy +ZyxZyx (X —px), Zyy - ZyxZxxZxy)
X1Y ~N(ux+ZxyEyy (Y - py), Exx - ZxvZy)y Zyx).

The proofis presented in Section 5.11.

Theorem 5.17 If
YIX~NX Zyy)

and
X ~N(u,Zxx)
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(0 e )

X|Y~N(ZyyCyy+ Sxx) T+ Zxx Cyy +2Zxx) VY, Zxx — Zxx Cyy +Zxx) ! Zxx)-

then

and

5.9 Chi-Square, t, F and Cauchy Distributions

Many important distributions can be derived as transformation of multivariate normal random vec-
tors.

In the following seven theorems we show that chi-square, student t, E non-central y2, and Cauchy
random variables can all be expressed as functions of normal random variables

Theorem 5.18 Let Z ~ N (0, I,) be multivariate standard normal. Then Z'Z ~ y2.
Theorem 5.19 If X ~ N(0, A) with A>0, r x r, then X’A71 X ~ y2.

Theorem 5.20 Let Z ~N(0,1) and Q ~ )(% be independent. Then T = Z/ \/m ~ tr.
Theorem 5.21 Let Q,, ~ ¥, and Q, ~ x> be independent. Then (Q,,/m) / (Q; /) ~ Fy, .
Theorem 5.22 If X ~ N (g, I,) then X'X ~ y%(1) where A = p/pu.

Theorem 5.23 If X ~ N(u, A) with A>0, r x r, then X’A™' X ~ y2(1) where A = /A" .

Theorem 5.24 If T = Z,/Z, where Z; and 7, are independent normal random variables, then T ~Cauchy.

The proofs of the first six results are presented in Section 5.11. The result for the Cauchy distribution
follows from Theorem 5.20 because the Cauchy is the special case of the ¢ with r = 1, and the distribu-
tions of Z1/Z, and Z;/|Z,| are the same by symmetry.

5.10 Hermite Polynomials*

The Hermite polynomials are a classical sequence of orthogonal polynomials with respect to the
normal density on the real line. They appear occassionally in econometric theory, including the theory
of Edgeworth expansions (Section 9.8).

The j* Hermite polynomial is defined as

(@]
Hejx) = (-1 &2
$(x)

An explicit formula is
Lj/2] (_l)m xj—Zm

He;j(x) = j!
¢ ]mzzo ml(j—2m)l 2m
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The first Hermite polynomials are

Hep(x) =1

Hej(x)=x

Hey(x) =x* -1

Hes(x) = 23 -3x

Hey(x) = x*-6x>+3

Hes(x) = x° —10x3 +15x
Heg(x) = x® —15x* + 45x% — 15.

An alternative scaling used in physics is
H;(x) =2/ He; (V2x).
The Hermite polynomials have the following properties.
Theorem 5.25 Properties of the Hermite Polynomials. For non-negative integers m < j
1. [ (Hej(x)* p(x)dx = j!
2. [S Hepm(x)Hej(x)$p(x)dx =0

3. [Sx"Hej(x)$p(x)dx =0

d
4 - (He;(x)p(x)) = —Hej1(x)p(x)

5.11 Technical Proofs*

Proof of Theorem 5.4

b 1
[E|Z|r=[ |x]” —— exp (=x?/2) dx
—00 \/27’[ p( )

\/E o r 2
=— | x"exp(-x“/2)dx
!

27‘/2 o0

= 77 b u(r_l)/zexp(—u)dt
27/ r+1)

= I'l——|.
Ne 2

The third equality is the change-of-variables u = x?/2 and the final is Definition A.21. |

Proof of Theorem 5.8 It is convenient to set Z = (X — u)/o which is standard normal with density ¢(x),
so that we have the decomposition X = u+oZ.
For part 1 we note that 1{X < ¢} =1{Z < c¢*}. Then

El{X<c=E[1{Z<c"}]=D(c").
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For part 2 note that 1{X > ¢} =1-1{X < c¢}. Then
E[l{X>c]=1-E[l{X<c]=1-@(c).

For part 3 we use the fact that ¢'(x) = —x¢(x). (See Exercise 5.2.) Then

*

c

[E[Z]l{Z<c*}]:f Z(,b(z)dz:—f ¢ (2)dz = —p(c™).

Using this result, X = y+0Z, and part 1

EIXL{X<cl=pE[1{Z<c"}|+0E[Z1{Z < "}]
=p®(c*)—op(c)

as stated.
For part 4 we use part 3 and the fact that E[X1{X < ¢}] + E[X1{X = c}] = u to deduce that

EIXT{X>c}=p—(ud(c*)—op(c)
=u(1-@(c*)) +op(co).

For part 5 note
PIX<cl=P[Z<c"]|=®(c").

Then apply part 3 to find

E[XT{X <c}] ¢ () *

E[X|X<c]=——— =y —u—ol
(XX <c] PIX<d] RO 1O (c*)
as stated.
For part 6, we have the similar calculation
EX1{X> *
EIX|X>cl= EIXLIX>all =,u+0M =u+oA(-c").
P[X > c] 1-®(c*)

120

For part 7 first observe that if we replace ¢ with ¢* the answer will be invariant to y and proportional
to 0®. Thus without loss of generality we make the calculation for Z ~ N (0,1) instead of X. Using ¢'(x) =

—x¢(x) and integration by parts we find
E[Z*1{Z < c*}] :f X p(x)dx = —f x¢p' () dx=®(c*) - c*Pp(c").

The truncated variance is

E[Z°1{Z < c*}]

var[Z| Z<c*]= 57 <o - (E[Zz1Z<c*])
* %1\ 2
9@ _(¢>(c ))
®(c*) \D(c")

=1-c*A(c*) - A(c*)>.

Scaled by o this is the stated result. Part 8 follows by a similar calculation. [

(5.1)
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Proof of Theorem 5.9 We can write X* = ¢c1 {X > ¢} + X1 {X < ¢}. Thus

E[X*] =cE[1{X>cH+E[XL1{X <c}]
=c(1-@(c")) +p@(c*)-op(c)
=p+c(l-@(c")-p(1-@(c")) - oplc.)
=p+oc* (1-@(c*))-o¢(c™)

as stated in part 1. Similarly X, = c1{X < ¢} + X1{X = c}. Thus

E[X:]=cE[M{X < c}]+E[XT{X =c}]
=c®(c*)+pu(1-@(c*))+opc™)
=p+oc*®(c*)+od(c")
as stated in part 2.
For part 3 first observe that if we replace ¢ with ¢* the answers will be invariant to ¢ and proportional

to 2. Thus without loss of generality we make the calculation for Z ~ N (1, 02) instead of X. We calculate
that

E[Z*%] = c**E[1{Z > c*}| +E[Z°1{Z < c*}]
=c*2(1-®(c*)) +D(c*) - c*p(c™).

Thus
var[2*] =E[2?] - (€[ 2" ]
=2 (1-0(c")) +@(c") - c*p(c) - (" (1-@(c*)) - p(cH))?
— 1+ (2 - 1) (1-0(c")) —"g(e) — (¢* (1= 0 (")) = p(c™))?
which is part 3. Part 4 follows by a similar calculation. |

Proof of Theorem 5.13 The fact that cov (X Y) = 0 means that X is block diagonal

2x 0

s =
0 Xy

This means that ™! = diag {23(1,2;1} and det (Z) = det(Zx)det (Zy). Hence

feoy)= ! ex —(x_HX’y_“Y)/diag{z)_(l'zgfl}(X—ﬂxyy—ﬂy)
VT e det Zx) det ) T >
- : o[ 0 E = )
~(2m)m/2(det (Zx)) 12 P )
x 1 o[ H 2 O =)
(2m)"™'2(det (Zy))1/2 5

which is the product of two multivariate normal densities. Since the joint PDF factors, the random vec-
tors X and Y are independent. ]
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Proof of Theorem 5.15 The MGF of Y is

E(exp(t'Y)) =E[exp(¢' (a+ BX))]
=exp(t'a)E[exp(t'BX)]

=exp(f'a)E

/ 1 / !
exp(t B,u+§tBZB t)]
1
= exp (t’ (a+Bu)+ Ez:’BZB’t)
which is the MGF of N (a + By, BEB'). [

Proof of Theorem 5.16 By Theorem 5.15 and matrix multiplication

( Y )~N(( Lty — Sy xE3 5 Hx ) ( Syy —ZyxEExy 0 ))
X Hx ' 0 Zxx J)°

I —ZyxZyy
0 I

The zero covariance shows that Y — Xy XZ)‘(lxX is independent of X and distributed

N (uy = ZyxZxxtx Zyy — ZyxZxy Zxy) -

This implies
YIX~N(uy +ZyxZyk (X —px), Zyy — ZYXZ}IXZXY)

as stated. The result for X | Y is found by symmetry. |

Proof of Theorem 5.18 The MGF of Z' Z is
1
Elexp(12'2)] = | rexp(tx'x)m exp (-2 ) ax

1
=Lrwexp( (1 Zt))

1
( 1) o o2 exp 2 du

=(1-21)"""2, (5.2)

The third equality uses the change of variables u = (1 —21)1/? x and the final equality is the normal prob-
ability integral. The MGF (5.2) equals the MGF of y2 from Theorem 3.2. Thus Z'Z ~y2. &

Proof of Theorem 5.19 The fact that A > 0 means that we can write A = CC’ where C is non-singular (see
Section A.11). Then A~! = C"VC~! and by Theorem 5.15

Z=C'Xx~N(0,c'AC")=N(0,c'cC'CV)=N(©,I,).
Thus by Theorem 5.18
X/A—1X — X/c—l/c—lX — Z/Z - X (u*/IJ/*)
Since
et =gecTc =y aT u= 1,
this equals y2 (1) as claimed. |
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Proof of Theorem 5.20 Using the law of iterated expectations (Theorem 4.13) the distribution of Z//Q/r
is

Fx)=P

The density is the derivative

-4 Q
f)=—F|®|x r)]
|l a Q
=E|—®|x r)]

>l qx* q 1 r/2-1
_ _ 4 —qi2)|d
/0 ( zﬂexp( 2r ) r F(%)Z”Zq exp(-a/2) |dq
1

using Theorem A.28.3. This is the student ¢ density (3.1). [ |

Proof of Theorem 5.21 Let f;,,(«) be the y2, density. By a similar argument as in the proof of Theorem
5.20, Q! Q; has the density function

fs(8)=E[fm(sQ) Qr]
=fooofm(sv)vfr(v)dv

1 foo 12-1 ~svI2 12 ~vi2
= (sv)™MetemVIEy T ZeT V2 dy
12 m r
20mnI2T ()T (35) Jo
12-1
_ s™ foo PmHn2=1 =(s+1)0/2 g )
/12 m r
20mnI2r ()T (3) Jo
gmi2-1

(e 0)

— t(m+r)/2—1 —tdt

TENEIEd | i
smlz—lr ( m2+r)

CT(Z)r(5) A+

The fifth equality make the change-of variables v = 2¢/(1 + s), and the sixth uses the Definition A.21. This
is the density of Q,,,/Q;.
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To obtain the density of (Q,,/m)/ (Q,/r) we make the change-of-variables x = sr/m. Doing so, we
obtain the density (3.3). |

Proof of Theorem 5.22 As in the proof of Theorem 5.18 we verify that the MGF of Q = X' X when X ~
N (u, I;) is equal to the MGF of the density function (3.4).
First, we calculate the MGF of Q = X’ X when X ~N (,u, I r). Construct an orthonormal r x r matrix

H = [h,, H,] whose first column equals h; = p(u’p)_m. Note that by = AV2 and H, 1= 0. Define Z =
H'X ~N(u*,I,) where
h/lJ 11/2 1
* ! _ 1 _
= b Hyp J<(% )5

It follows that Q = X'X = Z'Z = Z? + Z, Z, where Z; ~N(A'/2,1) and Z, ~ N(0,I,_1) are independent.
Notice that Z; Z, ~ x2_, so has MGF (1 —21)~"~1/2 by (3.6). The MGF of Z? is

E[exp (t27)] :foo exp (tx?) Lexp (—% (x— \/1)2) dx

—o0 V2
© 1] 1
:f Eexp(—g(x 1-2n- 2x\/1+/1))dx

© 1] 1
=(1-21"Y2exp —%)[ Eexp(—g(uz—Zu %))du
2
At o 1 1 A
—(1_opn-12 _ I
=(1-21 exp 1—2t)f_oo 2”exp( 2(u 1—2t) )du

At
—(1_2p712 __)
( ey

where the third equality uses the change of variables u = (1 —21)!/2 x. Thus the MGF of Q = Z? + Z} Z, is
E [exp (1Q)] = E[exp (¢(22 + Z22)]
=E [exp (tZ%)]E [exp (25 2,)]

=(1-20" ”Zexp(—L) (5.3)
1-2¢

Second, we calculate the MGF of (3.4). It equals

00 e—/l/Z 2
fo eXp(tx)Z (2) fre2i(x)dx

00 e—/1/2 A le’9)

=) (—) fo exp (£X) frv2i(X)dx
i=0
00 —/1/2

ZZ ( ) (1 Zt) (r+2i)/2

A i
e M2 -ri2 Z
(=2 (2(1 2t))

—_ M2 _ -r/2

=e (1-20 eXp(—Z(l—Zt))
=(1-20"""%ex ( At ) (5.4)

- Pl12s '
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where the second equality uses (3.6), and the fourth uses the definition of the exponential function. We
can see that (5.3) equals (5.4), verifying that (3.4) is the density of Q as stated. |

Proof of Theorem 5.23 The fact that A > 0 means that we can write A = CC’ where C is non-singular (see
Section A.11). Then A~} = C~YC~! and by Theorem 5.15

Y=C'X~N(C 'y, c'AC")=N(C 'y, Cc'cC'C™V) =N (u*, 1))
where u* = C' . Thus by Theorem 5.22
X/Ale — X/C—IIC—IX — Y’Y - X% ('u*/#*) .

Since
'u*lu* — [J,C_llc_ll.tz ,U,A_I/J: A,

this equals y2 (1) as claimed. |

5.12 Exercises

Exercise 5.1 Verify that [, ¢(z)dz = 1. Use a change-of-variables and the Gaussian integral (Theorem
A.27).

Exercise 5.2 For the standard normal density ¢(x), show that ¢’ (x) = —x¢(x).
Exercise 5.3 Use Exercise 5.2 and integration by parts to show that E [ZZ] =1for Z ~N(0,1).
Exercise 5.4 Use Exercises 5.2 and 5.3 plus integration by parts to show that E [Z*] =3 for Z ~ N(0, 1).

Exercise 5.5 Show that the moment generating function (MGF) of Z ~ N(0,1) is m(#) = E[exp (t2)] =
exp (£2/2).

Exercise 5.6 Show that the MGF of X ~ N (y,0?) is m(1) = [exp (1 X)] = exp (tu + t*02/2).
Hint: Write X =u+0oZ.

Exercise 5.7 Use the MGF from Exercise 5.5 to verify that E [ Z?] = m"(0) = 1 and E[Z*] = m™ (0) = 3.

Exercise 5.8 Find the convolution of the normal density ¢(x) with itself, /% ¢(x)p(y — x)dx. Show that
it can be written as a normal density.

Exercise 5.9 Show thatif T is distributed student t with r > 2 degrees of freedom that var [T] = r—iz Hint:
Use Theorems 3.3 and 5.20.

Exercise 5.10 Write the multivariate N (0, I) density as the product of N (0, 1) density functions. That is,

show that
1

2n) k/2 €

x'x
Xp(_T) =¢p(x1) - Ppxg).

Exercise 5.11 Show that the MGF of Z € R™ is E [exp (¢'Z)] = exp (3 ') for r e R™.
Hint: Use Exercise 5.5 and the fact that the elements of Z are independent.
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Exercise 5.12 Show that the MGF of X ~ N (i, Z) e R™ is
! / 1 /
M(t)=E[exp(t'X)] = exp(t U+ Et Zt).

Hint: Write X = u+Xx'2 2.

Exercise 5.13 Show that the characteristic function of X ~ N (u, Z) e R™ is
. ., 1
C(r)=E[exp(it'X)] = exp(zy =5t Zt)

for te R™.
Hint: Start with m = 1. Establish E [exp (i#2)] = exp (-3 #*) by integration. Then generalize to X ~ N (u, Z)
for ¢t € R using the same steps as in Exercises 5.11 and 5.12.

Exercise 5.14 A random variableis Y = \/ae where e ~N(0,1), Q ~ ﬁ, and e and Q are independent. It
will be helpful to know that E[e] =0, E[e?] = 1, E[e®] =0, E[e?] =3, E[Q] = 1, and var [Q] = 2. Find

(@) E[Y].

(b) E[Y?].

() E[Y3].

@ E[YY].

(e) Compare these four moments with those of N(0, 1). What is the difference? (Be explicit.)

Exercise 5.15 Let X = Zl’.lzl a; el? where a; are constants and e; are independent N(0, 1). Find the follow-
ing:

(@ E[X].

(b) var[X].
Exercise 5.16 Show that if Q ~ )(i()t), then E[Q] = k+ A.
Exercise 5.17 Suppose X; are independent N (;, U?). Find the distribution of the weighted sum X" | w; X;.
Exercise 5.18 Show thatife~N(0,1,0%)and HH=1, thenu= H'e~N(0,1,0?%).

Exercise 5.19 Show thatife~N(0,%) and X = AA thenu=A"le~N(0,1,).



Chapter 6

Sampling

6.1 Introduction

We now switch from probability to statistics. Statistics is concerned with inference on parameters
from data.

6.2 Samples

In probability theory we studied the properties of random vectors X. In statistical theory we extend
to the setting where there are a collection of such random vectors. The simplest such setting is when
random vectors are mutually independent and have the same distribution.

Definition 6.1 The collection of random vectors {Xj, ..., X;;} are independent and identically distributed
(i.i.d.) if they are mutually independent with identical marginal distributions F.

By independent, we mean that X; is independent from X; for i # j. By identical distributions we
mean that the vectors X; and X; have the same (joint) distribution F(x).

A data set is a collection of numbers, typically organized by observation. For example, an individual-
level wage data set might consist of information on individuals, each described as an observation, with
measurements on each individual’s earnings or wages, age, education, and other characteristics. A data
set such as this is typically called a sample. The reason for this label is that for statistical analysis it is
typical to view the observations as realizations of random variables obtaining by random sampling.

Definition 6.2 A collection of random vectors {Xj, ..., X;} is a random sample from the population F if
X; are independent and identically distributed with distribution F.

This is somewhat repetitive, but is merely saying that a random sample is an i.i.d. collection of ran-
dom variables.

The distribution F is called the population distribution, or just the population. You can think of
it as an infinite population or a mathematical abstraction. The number 7 is typically used to denote
the sample size — the number of observations. There are two useful metaphors to understand random
sampling. The first is that there is an actual or potential population of N individuals, with N much
larger than n. Random sampling is then equivalent to drawing a subset of n of these N individuals with
equal probability. This metaphor is somewhat consistent with survey sampling. With this metaphor the
randomness and identical distribution property is created by the sampling design. The second useful
metaphor is the concept of a data generating process (DGP). Imagine that there is process by which an

127
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observation is created — for example a controlled experiment, or alternatively an observational study —
and this process is repeated n times. Here the population is the probability model which generates the
observations.

An important component of sampling is the number of observations.

Definition 6.3 The sample size 7 is the number of individuals in the sample.

In econometrics the most common notation for the sample size is n. Other common choices include
N and T. Sample sizes can range from 1 up into the millions. When we say that an observation is an “in-
dividual” it does not necessarily mean an individual person. In economic data sets observations can be
collected on households, corporations, production plants, machines, patents, goods, stores, countries,
states, cities, villages, schools, classrooms, students, years, months, days, or other entities.

Typically, we will use X without the subscript to denote a random variable or vector with distribution
F, X; with a subscript to denote a random observation in the sample, and x; or x to denote a specific or
realized value.

Figure 6.1 illustrates the process of sampling. On the left is the population of letters “a” through “z”.
Five are selected at random and become the sample indicated on the right.

Population Sample

Sampling

Inference

Figure 6.1: Sampling and Inference

The problem of inference is to learn about the underlying process — the population distribution or
data generating process — by examining the observations. Figure 6.1 illustrates the problem of inference
by the arrow drawn at the bottom of the graph. Inference means that based on the sample (in this case
the observations {b,e,h,m,x}) we want to infer properties of the originating population.

Economic data sets can be obtained by a variety of methods, including survey sampling, administra-
tive records, direct observation, web scraping, field experiments, & laboratory experiments. By treating
the observations as realizations from a random sample we are using a specific probability structure to
impose order on the data. In some cases this assumption is reasonably valid; in other cases less so. In
general, how the sample is collected affects the inference method to be used as well as the properties
of the estimators of the parameters. We focus on random sampling in this manuscript as it provides a
solid understanding of statistical theory and inference. In econometric applications it is common to see
more complicated forms of sampling. These include: (1) Stratified sampling; (2) Clustered Sampling; (3)
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Table 6.1: Observations From CPS Data Set

Observation Wage Education

1 37.93 18
2 40.87 18
3 14.18 13
4 16.83 16
5 33.17 16
6 29.81 18
7 54.62 16
8 43.08 18
9 14.42 12
10 14.90 16
11 21.63 18
12 11.09 16
13 10.00 13
14 31.73 14
15 11.06 12
16 18.75 16
17 27.35 14
18 24.04 16
19 36.06 18
20 23.08 16

Panel Data; (4) Time Series Data; (5) Spatial Data. All of these introduce some sort of dependence across
observations which complicates inference. A large portion of advanced econometric theory concerns
how to explicitly allow these forms of dependence in order to conduct valid inference.

We could also consideri.n.i.d. (independent, not necessarily identically distributed) settings to allow
X; to be drawn from heterogeneous distributions F;, but for the most part this only complicates the
notation without providing meaningful insight.

A useful fact implied by probability theory is that transformations ofi.i.d. variables are also i.i.d. That
is, if {X;:i=1,...,n} areii.d. and if ¥; = g(X;) for a some function g(x) : R — R9 then {Y;:i=1,...,n}
arei.i.d.

6.3 Empirical [llustration

We illustrate the concept of sampling with a popular economics data set. This is the March 2009
Current Population Survey which has extensive information on the U.S. population. For this illustration
we use the sub-sample of married (spouse present) Black female wage earners with 12 years potential
work experience. This sub-sample has 20 observations. (This sub-sample was selected mostly to ensure
a small sample.)

In Table 6.1 we display the observations. Each row is an individual observation, which are the data for
an individual person. The columns correspond to the variables (measurements) for the individuals. The
second column is the reported wage (total annual earnings divided by hours worked). The third column
is years of education.

There are two basic ways to view the numbers in Table 6.1. First, we could view them as numbers.
These are the wages and education levels of these twenty individuals. Taking this view we can learn about
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the wages/education of these specific people - this specific population — but nothing else. Alternatively,
we could view them as the result of a random sample from a large population. Taking this view we can
learn about the wages/education of the population. In this viewpoint we are not interested per se in
the wages/education of these specific people; rather we are interested in the wages/education of the
population and use the information on these twenty individuals as a window to learn about the broader
group. This second view is the statistical view.

As we we will learn, it turns out that it is difficult to make inferences about the general population
from just twenty observations. Larger samples are needed for reasonable precision. We selected a sample
with twenty observations for numerical simplicity and pedagogical value.

We will use this example through the next several chapters to illustrate estimation and inference
methods.

6.4 Statistics, Parameters, Estimators

The goal of statistics is learn about features of the population. These features are called parameters.
It is conventional to denote parameters by Greek characters such as p, § or 0, though Latin characters
can be used as well.

Definition 6.4 A parameter 0 is any function of the population F.

For example, the population expectation p = E [X] is the first moment of F.
Statistics are constructed from samples.

Definition 6.5 A statistic is a function of the sample {X; : 1,...,n}.

Recall that there is a distinction between random variables and their realizations. Similarly there is
a distinction between a statistic as a function of a random sample — and is therefore a random variable
as well — and a statistic as a function of the realized sample, which is a realized value. When we treat
a statistic as random we are viewing it is a function of a sample of random variables. When we treat it
as a realized value we are viewing it as a function of a set of realized values. One way of viewing the
distinction is to think of “before viewing the data” and “after viewing the data”. When we think about a
statistic “before viewing” we do not know what value it will take. From our vantage point it is unknown
and random. After viewing the data and specifically after computing and viewing the statistic the latter is
a specific number and is therefore a realization. It is what it is and it is not changing. The randomness is
the process by which the data was generated — and the understanding that if this process were repeated
the sample would be different and the specific realization would be therefore different.

Some statistics are used to estimate parameters.

Definition 6.6 An estimator 8 for a parameter 0 is a statistic intended as a guess about 6.

We sometimes call 6 a point estimator to distinguish it from an interval estimator. Notice that we
define an estimator with the vague phrase “intended as a guess”. This is intentional. At this point we
want to be quite broad and include a wide range of possible estimators.

It is conventional to use the notation 8 — “theta hat” — to denote an estimator of the parameter 6. This
convention makes it relatlvely straightforward to understand the intention.

We sometimes call § an estimator and sometimes an estimate. We call § an estimator when we view
it as a function of the random observations and thus as a random variable itself. Since 8 is random we
can use probability theory to calculate its distribution. We call 0 an estimate when it is a specific value
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(or realized value) calculated in a specific sample. Thus when developing a theory of estimation we will
typically refer to 0 as the estimator of 6, but in a specific application will refer to 0 as the estimate of 6.

A standard way to construct an estimator is by the analog principle. The idea is to express the pa-
rameter 6 as a function of the population F, and then express the estimator 0 as the analog function in
the sample. This may become more clear by examining the sample mean.

6.5 Sample Mean

One of the most fundamental parameters is the population mean p = E[X]. Through transformations
many parameters of interest can be written in terms of population means. The population mean is the
average value in the (infinitely large) population.

To estimate p by the analog principle we apply the same function to the sample. Since p is the average
value of X in the population, the analog estimator is the average value in the sample. This is the sample
mean.

Definition 6.7 The sample mean is X, = X;.

N

S|~

i=1

It is conventional to denote a sample average by the notation X, — “X bar”. Sometimes it is written
as X. As discussed above the sample mean fi = X, is the standard estimator of the population mean .
We can use either notation — X, or {1 —to denote this estimator.

The sample mean is a statistic since it is a function of the sample. It is random, as discussed in
the previous section. This means that the sample mean will not be the same value when computed on
different random samples.

To illustrate, consider the random sample presented in Table 6.1. There are two variables listed in
the table: wage and education. The population means of these variables are pwage and pequcation- The
“population” in this case is the conceptually infinitely-large population of married (spouse present) Black
female wage earners with 12 years potential work experience in the United States in 2009. There is no
obvious reason why this population expectation should be the same for an arbitrary different population,
such as wage earners in Norway, Cambodia, or the planet Neptune. But they are likely to be similar to
population means for similar populations, such as if we look at the similar sub-group with 15 years work
experience (instead of 12 years). It is constructive to understand the population for which the parameter
applies, and understand which generalizations are reasonable and which less reasonable.

For this sample the sample means are

Xuwage = 25.73

Yeducation =15.7.
This means that our estimate — based on this information - of the average wage for this population is
about $26 dollars per hour, and our estimate of the average education is slightly less than 16 years.

6.6 Expected Value of Transformations

Many parameters can be written as the expectation of a transformation of X. For example, the second
moment is y), = E[X?]. In general, we can write this class of parameters as

0=E[g(X0)]
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for some function g(x). The parameter is finite if IE|g(X)| < 0o. The random variable Y = g(X) is a
transformation of the random variable X. The parameter 6 is the expectation of Y.
The analog estimator of 8 is the sample mean of g (X;). This is

~ 1 &
0==>) gXy).
niz1
It is the same as the sample mean of Y; = g (X;).
For example, the analog estimator of y,, is
1
~ _ 2

As another example, consider the parameter 6 = ujogx) = E [log(X)]. The analog estimator is
= 1 &
0 = Xiogx) = - Y log(X;).
i=1

Itis very common in economic applications to work with variables in logarithmic scale. This is done for a
number of reasons, including that it makes differences proportionate rather than linear. In our example
data set the estimate is

Xlog(wage) =3.13.

It is important to recognize that this is not log (Y) Indeed Jensen’s inequality (Theorem 2.12) shows that

Xlog(wage) <log (X) In this application 3.13 < 3.25 =~10g(25.73).

6.7 Functions of Parameters

More generally, many parameters can be written as transformations of moments of the distribution.
This class of parameters can be written as

B=h(E[gx)])

where g and £ are functions.
For example, the population variance of X is

o? =E[(X-E[XD?] =E[X?] - €[XD>.

This is a function of E[X] and E [ X?]. In this example the function g takes the form g(x) = (x?,x) and h
takes the form h(a, b) = a— b%. The population standard deviation is

o =V 0?2 =\/E[X2] - E[X])2.

In this case h(a,b) = (a— b2)1/2.

As another example, the geometric mean of X is

B = exp (E[log(X)]).

In this example the functions are g(x) =log(x) and k(u) = exp(u).
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The plug-in estimator for = h (E[g(X)]) is
~ 12
B=h(0)= h(ﬁzg(xi)).
i=1

It is called a plug-in estimator because we “plug-in” the estimator 6 into the formula B=h().
For example, the plug-in estimator for o2 is

The plug-in estimator of the standard deviation o is the square root of the sample variance.

~

g =1Vo2.

The plug-in estimator of the geometric mean is

n
B: exp (l Z log(Xi)) .
ni=1

With the tools of the sample mean and the plug-in estimator we can construct estimators for any
parameter which can be written as an explicit function of moments. This includes quite a broad class of
parameters.

To illustrate, the sample standard deviations of the three variables discussed in the previous section
are as follows.

6wage =12.1
Blogiwage) = 0490

aeducation =2.00

It is difficult to interpret these numbers without a further statistical understanding, but a rough rule is
to examine the ratio of the mean to the standard deviation. In the case of the wage this ratio is 2. This
means that the spread of the wage distribution is of similar magnitude to the mean of the distribution.
This means that the distribution is spread out — that wage rates are diffuse. In contrast, notice that for
education the ratio is about 8. This means that years of education is less spread out relative to the mean.
This should not be surprising since most individuals receive at least 12 years of education.

As another example, the sample geometric mean of the wage distribution is

~

B=exp (Xlog(wage)) — exp (3.13) = 22.9.

Note that the geometric mean is less than the arithmetic mean (in this example Xwage = 25.73). This
inequality is a consequence of Jensen’s inequality. For strongly skewed distributions (such as wages) the
geometric mean is often similar to the median of the distribution, and the latter is a better measure of the
“typical” value in the distribution than the arithmetic mean. In this 20-observation sample the median
is 23.55 which is indeed closer to the geometric mean than the arithmetic mean.
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6.8 Sampling Distribution

Statistics are functions of the random sample and are therefore random variables themselves. Hence
statistics have probability distributions of their own. We often call the distribution of a statistic the sam-
pling distribution because it is the distribution induced by samping. When a statistic 0=0(X,..., Xp) is
a function of an i.i.d. sample (and nothing else) then its distribution is determined by the distribution F
of the observations, the sample size n, and the functional form of the statistic. The sampling distribution
of B is typically unknown, in part because the distribution F is unknown.

The goal of an estimator 0 is to learn about the parameter 6. In order to make accurate inferences
and to measure the accuracy of our measurements we need to know something about its sampling dis-
tribution. Therefore a considerable effort in statistical theory is to understand the sampling distribution
of estimators. We start by studying the distribution of the sample mean X, due to its simplicity and its
central importance in statistical methods. It turns out that the theory for many complicated estimators
is based on linear approximations to sample means.

There are several approaches to understanding the distribution of X,. These include:

1. The exact bias and variance.

2. The exact distribution under normality.

w

. The asymptotic distribution as n — oo.
4. An asymptotic expansion, which is a higher-order asymptotic approximation.

5. Bootstrap approximation.

We will explore the first four approaches in this textbook. In Econometrics bootstrap approximations
are presented.

6.9 Estimation Bias

Let’s focus on Xn as an estimator of u = E[X] and see if we can find its exact bias. It will be helpful to
fix notation. Define the population mean and variance of X as

p=E[X]

and
%= [E[(X—p)z].

We say that an estimator is biased if its sampling is incorrectly centered. As we typically measure
centering by expectation, bias is typically measured by the expectation of the sampling distribution.

Definition 6.8 The bias of an estimator § of a parameter 6 is
bias [] = E[6] - 6.

We say that an estimator is unbiased if the bias is zero. However an estimator could be unbiased
for some population distributions F while biased for others. To be precise with our definitions it will
be useful to introduce a class of distributions. Recall that the population distribution F is one specific
distribution. Consider F as one member of a class & of distributions. For example, & could be the class
of distributions with a finite mean.
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Definition 6.9 An estimator 6 of a parameter 6 is unbiased in & if bias [§ ] =0forevery Fe &.

The role of the class & is that in many cases an estimator will be unbiased under certain conditions
(in a specific class of distributions) but not under other conditions. Hopefully this will become clear by
the context.

Returning to the sample mean, let’s calculate its expectation.

— 12 12
[E[Xn] —;;E[Xi]—;;,u—,u-

The first equality holds by linearity of expectations. The second equality is the assumption that the ob-
servations are identically distributed with mean p = E[X], and the third equality is an algebraic sim-
plification. Thus the expectation of the sample mean is the population expectation. This implies that
the former is unbiased. The only assumption needed (beyond i.i.d. sampling) is that the expectation
is finite. Thus the class of distributions for which X, is unbiased is the set of distributions with a finite
expectation.

Theorem 6.1 Yn is unbiased for u = E[X] if E| X| < co.

The sample mean is not the only unbiased estimator. For example, X; (the first observation) satisfies
E[X1] = pusoitis also unbiased. In general, any weighted average

er‘lzl w; Xi
n

i=1 Wi

with w; = 0 is unbiased for p.

Some estimators are biased. For example, cX, with ¢ # 1 has expectation cu # p and is therefore
biased if u # 0.

It is possible for an estimator to be unbiased for a set of distributions while biased for other sets.
Consider the estimator {i = 0. It is biased when p # 0 but is unbiased when p = 0. This may seem like a
silly example but it is useful to be clear about the contexts where an estimator is unbiased or biased.

Affine transformations preserve unbiasedness.

Theorem 6.2 If f is an unbiased estimator of 6, then B = af + b is an unbiased estimator of B=ab+bh.

Nonlinear transformations generally do not preserve unbiasedness. If h(6) is nonlinear then f =
h(0) is generally not unbiased for 8 = h(6). In certain cases we can infer the direction of bias. Jensen’s
inequality (Theorem 2.9) states that if i(u) is concave then

E[B] =E[h(0)] <h(E[0])=h®) =B
so f is biased downwards. Similarly if /(1) is convex then

E[B] =E[h(8)] = h(E[A])=h©) =P

SO B is biased upwards.
As an example suppose that we know that y = E[X] = 0. A reasonable estimator for ¢ would be

o=

{ X, ifX,=0
0 otherwise

= h(X,)
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where h (1) = ul {u > 0}. Since h(u) is convex we can deduce that i is biased upwards: E [ﬁ] = .

This last example shows that “reasonable” and “unbiased” are not necessarily the same thing. While
unbiasedness seems like a useful property for an estimator, it is only one of many desirable properties.
In many cases it may be okay for an estimator to possess some bias if it has other good compensating
properties.

Let us return to the sample statistics shown in Table 6.1. The samples means of wages, log wages, and
education are unbiased estimators for their corresponding population expectations. The other estima-
tors (of variance, standard deviation, and geometric mean) are nonlinear funtions of sample moments,
so are not necessarily unbiased estimators of their population counterparts without further study.

6.10 Estimation Variance

We mentioned earlier that that the distribution of an estimator @ is called the sampling distribution.
An important feature of the sampling distribution is its variance. This is the key measure of the dispersion
of its distribution. We often call the variance of the estimator the sampling variance. Understanding the
sampling variance of estimators is one of the core components of the the theory of point estimation. In
this section we show that the sampling variance of the sample mean is a simple calculation.

Take the sample mean X, and consider its variance. The key is the following equality. The assump-
tion that X; are mutually independent implies that they are uncorrelated. Uncorrelatedness implies that
the variance of the sum equals the sum of the variances

n
=) var[X;].

i=1

n
> Xi

i=1

var

See Exercise 4.12. The assumption of identical distributions implies var [X;] = o2 are identical across i.

Hence the above expression equals no?. Thus

var [Xn =var

ZX,] = — var

2
o
Xi| =—.
£x|-2

Theorem 6.3 If E[X?] < oo then var [Yn] =o?/n.

It is interesting that the variance of the sample mean depends on the population variance o and
sample size n. In particular, the variance of the sample mean is declining with the sample size. This
means that X ,, as an estimator of 1 is more accurate when n is large than when n is small.

Consider affine transformations of statistics such as ,B aX,+Db.

Theorem 6.4 If B = af + b then var [ B] = a®var[)].

For nonlinear transformations h(Xn) the exact variance is typically not available.

6.11 Mean Squared Error
A standard measure of accuracy is the mean squared error (MSE).

Definition 6.10 The mean squared error of an estimator 8 for 0 is

mse [0] =E [0 -0)?].
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By expanding the square we find that
mse [0] =E[@ - 6)]
=E[(0-E[0] +E(0]-0)°]
=E[(0-E[0])°] +2£(0-E[0]] (E[8] - 0) + (E[0] -6)°
= var [0] + (bias[0])”.

Thus the MSE is the variance plus the squared bias. The MSE as a measure of accuracy combines the
variance and bias.

Theorem 6.5 For any estimator with a finite variance, mse [é | =var [§ ] + (bias [§ | )2 )

When an estimator is unbiased its MSE equals its variance. Since X, is unbiased this means

2

mse [yn — var [yn] :‘%.

6.12 Best Unbiased Estimator

In this section we derive the best linear unbiased estimator (BLUE) of u. By “best” we mean “lowest
variance”. By “linear” we mean “a linear function of X;”. This class of estimators is i = Z?zl w; X; where
the weights w; are freely selected. Unbiasedness requires

=Y wiElXi1 =) wip,

i=1 i=1

p=E[f]

n
=E 2: uq)(i
i=1

which holds if and only if 7', w; = 1. The variance of fi is

n
Y wiX;

i=1

var [fi] = var

Hence the best (minimum variance) estimator is ;i = Y., w; X; with the weights selected to minimize
e 1 w subject to the restriction Z" w; =1.
ThlS can be solved by Lagrangian methods. The problem is to minimize

n n
L(wy,..., wy) = Z wf —A(Z w; — 1).
i=1 i=1

The first order condition with respect to w; is 2w; — A = 0 or w; = A/2. This implies the optimal weights
are all identical, which implies they must satisfy w; = 1/n in order to satisfy "' | w; = 1. We conclude
that the BLUE estimator is ;

We have shown that the sample mean is BLUE.

1
n

Theorem 6.6 Best Linear Unbiased Estimator (BLUE). If 0% < co the sample mean X, has the lowest
variance among all linear unbiased estimators of .
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This BLUE theorem points out that within the class of weighted averages there is no point in con-
sidering an estimator other than the sample mean. However, the result is not deep because the class of
linear estimators is restrictive.

In Section 11.6, Theorem 11.2 will establish a much stronger result. We state it here for contrast.

Theorem 6.7 Best Unbiased Estimator. If 02 < co the sample mean X, has the lowest variance among
all unbiased estimators of .

This is much stronger because it does not impose a restriction to linear estimators. Because of The-
orem 6.7 we can call X, the best unbiased estimator of p.

6.13 Estimation of Variance

Recall the plug-in estimator of o2.

We can calculate whether or not 62 is unbiased for o. It may be useful to start by considering an ideal-
ized estimator. Define

the estimator we would use if u were known. This is a sample average of the i.i.d. variables (X; — ,u)z.
Hence it has expectation
~ 2
E[6%] =E [(Xi -1 ] =0

Thus 6% is unbiased for 0.
Next, we introduce an algebraic trick. Rewrite the expression for 62 as

S|~

i (X —p)* —( ié(Xi —u))2 6.1)

(see Exercise 6.8). This shows that the sample variance estimator equals the idealized estimator minus
an adjustment for estimation of . We can see immediately that 2 is biased towards zero. Furthermore

we can calculate the exact bias. Since E [6] = 02 and E [(?n - p)z] = 0%/n we find the following.

2 1
[E[(iz]:az—g—:(l——)02<02.
n n

Theorem 6.8 IfE[X?]| <ocothenE[%] = (1-1)0?

One intuition for the downward bias is that 52 centers the observations X; not at the true mean but
at the sample mean X ,,. This implies that the sample centered variables X; — X, have less variation than
the ideally centered variables X; — .

Since 2 is proportionately biased it can be corrected by rescaling. We define
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It is straightforward to see that s? is unbiased for o2. It is common to call s the bias-corrected variance
estimator.

Theorem 6.9 If E[X?] < co then E [s?] = 62 so s* is unbiased for o°.

The estimator s? is typically preferred to 2. However, in standard applications the difference will be
minor.

You may notice that the notation s“ is inconsistent with our standard notation of putting hats on
coefficients to indicate an estimator. This is for historical reasons. In earlier eras with hand typesetting it
was difficult to typeset notation of the form ,3 It was therefore preferred to use the notation b to denote
the estimator of f, s? to denote the estimator of 02, etc. Because of this convention the notation s? for
the bias-corrected variance estimator has stuck.

To illustrate, the bias-corrected sample standard deviations of the three variables discussed in the
previous section are as follows.

2

Swage = 12.4
Slog(wage) = 0.503

Seducation = 2.05

6.14 Standard Error

Finding the formula for the variance of an estimator is only a partial answer for understanding its
accuracy. This is because the variance depends on unknown parameters. For example, we found that

var [Yn] depends on ¢?. To learn the sampling variance we need to replace these unknown parameters
(e.g. 0?) by estimators. This allows us to compute an estimator of the sampling variance. To put the latter

in the same units as the parameter estimate we typically take the square root before reporting. We thus
arrive at the following concept.

Definition 6.11 A standard error s(9) = V2 for an estimator 8 of a parameter 0 is the square root of an
estimator V of V =var [6].

This definition is a bit of a mouthful as it involves two uses of estimation. First, 8 is used to estimate 6.
Second, V is used to estimate V. The purpose of 6 is to learn about 0. The purpose of V is to learn about
V which is a measure of the accuracy of 6. We take the square root for convenience of interpretation.

For the estimator X, of the population expectation y the exact variance is 0%/ n. If we use the unbi-
ased estimator s? for o2 then an unbiased estimator of var [?n] is s?/n. The standard error for X, is the
square root of this estimator, or

s(X,) = %

It is useful to observe at this point that there is no reason to expect a standard error to be unbiased for
its target V2. In fact, if V is unbiased for V then s() = V12 is biased downwards by Jensen’s inequality.
This is ignored in practice as there is no accepted method to correct for this bias.

Standard errors are reported along with parameter estimates as a way to assess the precision of esti-

mation. Thus X, and s (Xn) will be reported simultaneously.

Example: Mean Wage. Our estimate is 25.73. The standard deviation s equals 12.4. Given the sample
size n = 20 the standard error is 12.4/v/20 = 2.78.
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Example: Education. Our estimate is 15.7. The standard deviation is 2.05. The standard erroris 2.05/v/20 =
0.46.

6.15 Multivariate Means
Let X € R™ be random vector and u = E[X] € R™ be its mean. Given a random sample {Xj,..., X;;} the
moment estimator for p is the m x 1 multivariate sample mean
Xin
1 zn: _ Xon
BEr=1
X}’)’”’l
We can write the estimator as fi = X ,. In our empirical example X; =wage and X, =education.
Most properties of the univariate sample mean extend to the multivariate mean.

Xn

1. The multivariate mean is unbiased for the population expectation: E = u since each element

is unbiased.

2. Affine functions of the sample mean are unbiased: The estimator B = AX, + c is unbiased for

B=Au+c.
J— — — — — J— !/
3. The exact covariance matrix of X, is var | X, | = E (Xn—[E [Xn )(Xn -E| X, ) = n~'> where
2 =var[X].
J— — — — !/
4. The MSE matrix of X, is mse [X,,] =E [(Xn —u) (Xn —,u) ] =n"lz.
5. X, is the best unbiased estimator for .
J— — \/
6. The analog plug-in estimator for £is n™' Y| (Xi - Xn) (Xi - Xn) )
7. This estimator is biased for .
J— !
8. An unbiased covariance matrix estimator is & = (n— 1)~ (X -X n) (X,- -X n) .

Recall that the covariances between random variables are the off-diagonal elements of the covariance
matrix. Therefore an unbiased sample covariance estimator is an off-diagonal element of Z. We can write
this as

SXy = ﬁé(xi _Xn) (Yz _?n)

The sample correlation between X and Y is

sx o (X %) (17

sy \/z (%~ %) \/2,1 V)

cov (wage, education) = 14.8

For example

cort (wage, education) = 0.58.

In this small (7 = 20) sample, wages and education are positive correlated. Furthermore the magnitude
of the correlation is quite high.
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6.16 Order Statistics

Definition 6.12 The order statistics of {X, ..., X;;} are the ordered values sorted in ascending order. They
are denoted by { Xy, ..., X(m)}-

For example, X(;) = min;<;<, X; and X, = max;<;<, X;. Consider the wage observations in Table
6.1. We observe that wage() =10.00, wage;) = 11.06, wage) =11.09, ..., wagenq) =43.08, wagepo) =
54.62.

When the X; are independent and identically distributed it is rather straightforward to characterize
the distribution of the order statistics.

The easiest to analyze is the maximum X,). Since {X(,) < x} is the same as {X; < x} for all J,

n

({Xi<x)

i=1

P Xm=<x|=P P[X;<x]=Fx)"

n

i=1

Next, observe that the n — 1 order statistic satisfies X(,—1) < x if {X; < x} for n—1 observations and
{X; > x} for one observation. As there are exactly n such configurations

n-1
=n[[PIX;<x] xP[X,<x]=nFx)" ' (1-F(x)).
i=1

n—1
{Xi < x}n{X;, > x}
i=1

P [X(n—l) =< X] =nP

The general result is as follows.
Theorem 6.10 If X; are i.i.d with a continuous distribution F(x) then the distribution of X;) is

n

f F(x)ka-F)nF,

n
P [X(j) = x] = Z
k=]

The density of X is
!

fip @) = s FO0T ™ (1= FO0)"™ f ().
PTG (- )
There is no particular intuition for Theorem 6.10, but it is useful in some problems in applied eco-
nomics.

Proof of Theorem 6.10 Let Y be the number of X; less than or equal to x. Since X; are i.i.d.,Y is a
binomial random variable with p = F(x). The event {X(j) < x} is the same as the event {Y = j}; thatis, at
least j of the X; are less than or equal to x. Applying the binomial model

n

B Fx)ka-F)™*

Plxg=x]=P[Y=]]= %

which is the stated distribution. The density is found by differentiation and a tedious collection of terms.
See Casella and Berger (2002, Theorem 5.4.4) for a complete derivation.

6.17 Higher Moments of Sample Mean*

We have found that the second centered moment of X, is 0%/ n. Higher moments are similarly func-

tions of the moments of X and sample size. It is convenient to rescale the sample mean so that it has

constant variance. Define Z,, = v/n (Y,, - ,u), which has mean 0 and variance 0.
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To calculate higher moments, for simplicity and without loss of generality assume p = 0. The third
moment of Z,, is

EZ0]= =5 3 3 Y B Xl
i=1j=1k=1
Note that \ - ‘
E[XiX;Xi] = { E [Xi(]) =3 ifi=j ztl}cl,eiz’ilzlztances)
Thus
E[Zg]:'ﬁ%%w 6.2)

This shows that the third moment of the normalized sample mean Z,, is a scale of the third central
moment of the observations. If X is skewed, then Z,, will skew in the same direction.
The fourth moment of Z,, (again assuming p = 0) is

4 1 n n n n
E[Z:]=— 2 2 E[XiXjXiXo].
=21 j=1k=1¢=1
Note that
E [lel] =g ifi = j = k= ¢, (ninstances)
E[X?]E[XZ] =0* ifi=j#k={¢, (n(n-1) instances)
E[X: X)X X, = [E[Xl.z] E X]? =o* ifi=k# j=¢, (n(n-1)instances)
[E[Xl.z] E X]? =o* ifi=¢+#j=k, (n(n-1)instances)
0 otherwise.
Thus )
E[Z2] =&+3a4(”;) =300+ X2 (6.3)
n n n

where k4 = g — 304 is the 4! cumulant of the distribution of X (see Section 2.24 for the definition of the
cumulants). Recall that the fourth central moment of Z ~ N (0,0?) is 30*. Thus the fourth moment of Z,,
is close to that of the normal distribution, with a deviation depending on the fourth cumulant of X.

For higher moments we can make similar direct yet tedious calculations. A simpler though less in-
tuitive method calculates the moments of Z,, using the cumulant generating function K(¢#) = log(M (1))
where M(t) is the moment generating function of X (see Section 2.24). Since the observations are in-
dependent, the cumulant generating function of S, = ¥ | X; is log (M(#)") = nK(z). It follows that the
r" cumulant of S . is nK"(0) = nx, where x, = K" )(0) is the r" cumulant of X. Rescaling, we find that
the r'* cumulant of Z,, = N (Xn - p) is x,/n""%71, Using the relations between central moments and

cumulants described in Section 2.24, we deduce that the 374 through 6" moments of Z, are

E(Zy]) =xs/n'? (6.4)
E[Z}] = ka/n+315

E[Z3] =x5/n3"? = 10k3x2/n'/?

E[Z8] = ke/n® + (15k4k2 + 10k3) / 1+ 153, (6.5)

Since x» = 0% and Us = k3, the first two expressions are identical to (6.2) and (6.3). The last two give the
exact fifth and sixth moments of Z,,, expressed in terms of the cumulants of X and the sample size n.
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This technique can be used to calculate any non-negative integer moment of Z,. For odd r the
moments take the form

Q2 1/2—j

. _1/9—

E[Zp]= ) arjn "

j=0
and for even r
) (r=2)/2 .
E[Z,]=-Dlo* + ) byjn!
j=1

where a,; and b, are the sum of constants multiplied by the products of cumulants whose indices sum
to r. These are the exact (finite sample) moments of Z,,. The centered moments of X, are found by
rescaling.

6.18 Normal Sampling Model

While we have found the expectation and variance of X, under quite broad conditions we are also
interested in the distribution of X,. There are a number of approaches to assess the distribution of X ,.
One traditional approach is to assume that the observations are normally distributed. This is convenient
because an elegant exact theory can be derived.

Let {Xj, Xy,..., X} be arandom sample from N(g, o?). This is called the normal sampling model.

Consider the sample mean X,,. Tt is a linear function of the observations. Theorem 5.15 showed
that linear functions of multivariate normal random vectors are normally distributed. Thus X, is nor-
mally distributed. We already know that the sample mean X, has expectation u and variance %/ n. We
conclude that X, is distributed as N (1,021 n).

Theorem 6.11 If X; are i.i.d. N(u,0?) then X, ~ N (u,0?/n).

This is an important finding. It shows that when our observations are normally distributed that we
have an exact expression for the sampling distribution of the sample mean. This is much more powerful
than just knowing its mean and variance.

6.19 Normal Residuals

Define the residuals &; = X; — X ,,. These are the observations centered at their mean. Since the resid-
uals are a linear function of the normal vector X = (X1, X,..., X;;)’, they are also normally distributed.
They are mean zero since

E[&;] = E[X;] —[E[Yn] —u—p=0.

Their covariance with X, is zero, since

cov(# %) = [0 (X -1

=€ [ - 1) (K- )] ~E [ (% - p?]
o? o?
=2 - -0

Since é; and X, are jointly normal this means they are independent. This means that any function of the
residuals (including the variance estimator) is independent of X ,.
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6.20 Normal Variance Estimation

Recall the variance estimator s? = (n—1)"' ¥ (X; - X,)%. We can write it (6.1) as

n
SS=m-D7 Y (X - - X -

i-1

Let Z; = (X; —p) /0. Then
(n-1s> & —2
Q=—F—=>7Z}-nZ,=Q,-Qi,
o i-1
say, or Q, = Q+ Q;. Since Z; are i.i.d. N(0,1) then the sum of their squares Q,, is distributed y?2, the
chi-square distribution with 7 degrees of freedom. Since v/nZ, ~ N(0,1) then nii ~ )(% The random
variables Q and Q) are independent because Q is a function only of the normal residuals while Q; is a
function only of X, and the two are independent.
We compute the MGF of Q, = Q+ Q; using Theorem 4.6 given the independence of Q and Q; to find

E[exp (1Qn)] =E [exp (tQ)] E [exp (1Q1)].

This implies
Elexp(tQn)] (1-20""2
E[exp(tQn)] (1-21)172
The second equality uses the expression for the chi-square MGF from Theorem 3.2. The final term is the
MGF of x2_,. This establishes that Q is distributed as y?_,. Recall that Q is independent of X, since Q is
a function only of the normal residuals.

We have established the following deep result.

=(1-2pn" 02

E[exp (tQ)] =

Theorem 6.12 If X; are i.i.d. N(u,0?) then
1. X, ~N(u,0%/n).

né? (n-1)s% 2

2. 2 Xn-1

02 o
3. The above two statistics are independent.
This is an important theorem. The derivation may have been a bit rushed so it is time to catch a
breath. While the derivation is not particularly important, the result is important. One again, it states

that in the normal sampling model the sample mean is normally distributed, the sample variance has a
chi-square distribution and these two statistics are independent.

6.21 Studentized Ratio

An important statistic is the studentized ratio or  ratio

T = \/ﬁ(yn_ﬂ)
S

Sometime authors describe this as a t-statistic. Others use the term z-statistic.
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We can write it as .
\/ﬁ(Xn -wlo
Vs?la?

From Theorem 6.12, yn(X, — p)/o ~ N(0,1) and s*/0? ~ y2_,/(n—1), and the two are independent.
Therefore T has the distribution

N1
7. NOD

n-1
VAl (n—1)

a student ¢ distribution with n — 1 degrees of freedom.

Theorem 6.13 If X; are i.i.d. N(u,0?) then

~ In-1

T = \/ﬁ(yn _H)
N

a student ¢ distribution with n —1 degrees of freedom.

This is one of the most famous results in statistical theory, discovered by Gosset (1908). An interest-
ing historical note is that at the time Gosset worked at Guinness 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 stu-
dent ¢ rather than Gosset’s ! You should remember this when you next enjoy a pint of Guinness stout.

6.22 Multivariate Normal Sampling

Let {X1, X5,..., X} be a random sample from N(y, X) € R™. This is called the multivariate normal
sampling model.

The sample mean X, is a linear function of independent normal random vectors. Therefore it is
normally distributed as well.

— 1
Theorem 6.14 If X; arei.i.d. N(u,X) € R" then X, ~N (p, —Z).
n

The distribution of the sample covariance matrix estimator £ has a multivariate generalization of the
chi-square distribution called the Wishart distribution. See Section 11.15 of Econometrics.

6.23 Exercises

Most of the problems assume a random sample {X;, X»,..., X;;} from a common distribution F with den-
sity f such that E[X] = p and var[X] = o? for a generic random variable X ~ F. The sample mean
and variances are denoted X, and 6% = n"' Y7 (X; - X,,), with the bias-corrected variance s* = (n—
DY (X - X )2

Exercise 6.1 Suppose that another observation X;;; becomes available. Show that
@) Xpr1= (X + X))/ (n+1)

0) 2,y =((1=Ds2+ 00/ 4+ 1) K1 = X)?) I

n+l —
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Exercise 6.2 For some integer k, set p’k =E[X k ]. Construct an unbiased estimator ﬁ'k for ,u?c. (Show that
itis unbiased.)

Exercise 6.3 Consider the central moment p; = E[(X — wk ]. Construct an estimator fiy. for y; without
assuming known mean . In general, do you expect [ij to be biased or unbiased?

Exercise 6.4 Calculate the variance var | @] of the estimator fi; that you proposed in Exercise 6.2.

Exercise 6.5 Propose an estimator of var [fZ},]. Does an unbiased version exist?

Exercise 6.6 Show that [E [s] <o where s = Vs2.
Hint: Use Jensen’s inequality (Theorem 2.9).

Exercise 6.7 Calculate E [(Yn - ,u)3] , the skewness of X ,,. Under what condition is it zero?

Exercise 6.8 Show algebraically that 6% = n™' Y7 (X; — w)? - (X, — )2
Exercise 6.9 Propose estimators for

(@) 0=exp(E[X]).

(b) 6 =1log(E[exp(X)]).

(©) 6=1/E[X*].

(d) 6=var[X?].
Exercise 6.10 Let 6 = .

(a) Propose a plug-in estimator 0 for 6.
(b) Calculate E[8].

(c) Propose an unbiased estimator for 6.

Exercise 6.11 Let p be the unknown probability that a given basketball player makes a free throw at-
tempt. The player takes n random free throws, of which she makes X of the attempts.

(a) Find an unbiased estimator p of p.
(b) Find var[p].

Exercise 6.12 We know that var [Yn] =0?/n.

(a) Find the standard deviation of X ,.

(b) Suppose we know o2 and want our estimator to have a standard deviation smaller than a set toler-
ance 7. How large does n need to be to make this happen?
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Exercise 6.13 Find the covariance of 52 and X ,,. Under what condition is this zero?
Hint: Use the form obtained in Exercise 6.8.

This exercise shows that the zero correlation between the numerator and the denominator of the r—
ratio does not always hold when the random sample is not from a normal distribution.

Exercise 6.14 Suppose that X; are i.n.i.d. (independent but not necessarily identically distributed) with
E[X;] = y; and var [X;] = U?.
(a) FindE|X,

(b) Find var [?n] .

Exercise 6.15 Suppose that X; ~ N(uX,(I%() :i=1,...,nand Y; ~ N(,lly,()'%,), i=1,...,np are mutually
independent. Set X, = ny! Y, X;and Yy, =n;! Y2 Y.

(a) FindE [Ynl - 7n2] .
(b) Find var [an - 7,12] .
(c) Find the distribution of X, — Y .

(d) Propose an estimator of var

X, =V,
Exercise 6.16 Let X ~ U[0,1] and set Y = max;<;<, X;.

(a) Find the distribution and density function of Y.
(b) FindE[Y].

(c) Suppose that there is a sealed-bid highest-price auction! for a contract. There are n individual
bidders with independent random valuations, each drawn from U|[0, 1]. Assume for simplicity that
each bidder bids their private valuation. What is the expected winning bid?

Exercise 6.17 Let X ~ U[0,1] and set Y = X(;,—1), the n— 1 order statistic.
(a) Find the distribution and density function of Y.
(b) FindE[Y].

(c) Suppose that there is a sealed-bid second-price auction? for a book on econometrics. There are n
individual bidders with independent random valuations, each drawn from U|[0, 1]. Auction theory
predicts that each bidder bids their private valuation. What is the expected winning bid?

1 The winner is the bidder who makes the highest bid. The winner pays the amount they bid.
2The winner is the bidder who makes the highest bid. The winner pays the amount of second-highest bid.



Chapter 7

Law of Large Numbers

7.1 Introduction

In the previous chapter we derived the mean and variance of the sample mean X ,,, and derived the
exact distribution under the additional assumption of normal sampling. These are useful results but
are not complete. What is the distribution of X,, when the observations are not normal? What is the
distribution of estimators which are nonlinear functions of sample means?

One approach to answer these questions is large sample asymptotic approximations. These are a set
of sampling distributions obtained under the approximation that the sample size n diverges to positive
infinity. 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 introduce laws of large numbers and associated continuous mapping theorem.

7.2 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 of sam-
pling distributions as the sample size tends to positive infinity, written “as n — co.” 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 7.1 A sequence a;, has the limit a, written a;,, — a as n — oo, or alternatively as lim,_., a, =
a, if for all § > 0 there is some 15 < oo such that for all n = ng, |a, — al < 6.

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.

To illustrate, Figure 7.1 displays a sequence a, against n. Also plotted are the limit a and two bands
of width 6 about a. The point ns at which the sequence satisfies |a;,, — al < 6 is marked.

Example 1: a, = n~'. Pick § > 0. If n = 1/6 then |a,| = n=! < §. This means that the definition of
convergence is satisfied with a = 0 and ns = 1/6. Hence a, converges to a = 0.

Example 2: a,, = n='(-1)". Again, if n>1/6 then |a,| = n~! < 6. Hence a, — 0.

148
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Figure 7.1: Limit of a Sequence

Example 3: a,, = sin (7n/8) /n. Since the sine function is bounded below 1, |a,| < n~!. Thusif n>1/6§
then |a,| = n~! < 8. We conclude that a,, converges to zero.

In general, to show that a sequence a; converges to 0, the proof technique is as follows: Fix § > 0.
Find ns such that |a,| < é for n = ng. If this can be done for any 6 then a, converges to 0. Often the
solution for ns is found by setting |a,| = 6 and solving for 7.

7.3 Convergence in Probability

A sequence of numbers may converge, but what about a sequence of random variables? For example,
consider a sample mean X,=n"! ;‘:1 X;. As n increases, the distribution of X, changes. In what sense
can we describe the “limit” of X ,,2 In what sense does it converge?

Since X, 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.

It may help to start by considering three simple examples of a sequence of random variables Z,,.

Example 1: Z,, has a two-point distribution with P [Z;,, =0] = 1 - p, and P [Z,, = a,,] = py. It seems sensi-
ble to describe Z;, as converging to 0 if either p,, — 0 or a,, — 0.

Example 2: 7, = b, Z where Z is a random variable. It seems sensible to describe Z,, as converging to 0
if b, — 0.

Example 3: Z, has variance 0. It seems sensible to describe Z, as converging to 0 if % — 0.
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There are multiple convergence concepts which can be used for random variables. The one most
commonly used in econometrics is the following.

Definition 7.2 A sequence of random variables Z,, € R converges in probability to c as n — oo, denoted
Zn 7 corplim,_  Z,=c,ifforald >0,

lim P[|Z,-c|<68] =1. (7.1)
n—oo

We call ¢ the probability limit (or plim) of Z,,.

The condition (7.1) can alternatively be written as
lim P[|Z,—c|>d]=0.
n—oo

The definition is rather technical. Nevertheless, it concisely formalizes the concept of a sequence of
random variables concentrating about a point. For any § > 0, the event {|Z, — c| < §} occurs when Z,
is within ¢ of the point c. P[|Z, — c| = ] is the probability of this event. Equation (7.1) states that this
probability approaches 1 as the sample size n increases. The definition requires that this holds for any 8.
So for any small interval about ¢ the distribution of Z,, concentrates within this interval for large .

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 (deterministic)
limit, but the latter is applied to a sequence of probabilities not directly to the random variables Z;, or
their realizations.

Three comments about the notation are worth mentioning. First, it is conventional to write the con-

“w_n

vergence symbol as — where the “p” below the arrow indicates that the convergence is “in probability”.
p

You can also write it as —— or as — p- You should try and adhere to one of these choices and not sim-
ply write Z,, — c. It is important is to distinguish convergence in probability from conventional (non-
random) convergence. Second, it is important to include the phrase “as n — co” to be specific about how
the limit is obtained. This is because while 7 — co is the most common asymptotic limit it is not the only
asymptotic limit. Third, the expression to the right of the arrow “ 7" must be free of dependence on the

sample size n. Thus expressions of the form “Z;,, — c¢,,” are notationally meaningless and should not be
p

used.

To illustrate convergence in probability, Figure 7.2 displays a sequence of distribution and corre-
sponding density functions. Panel (a) displays a sequence of distribution functions. The functions are
sequentially steeper sloped at the limit point c¢. Panel (b) displays the corresponding density functions.
The initial density functions are dispersed, with the sequential density functions more peaked and con-
centrated about the point c.

Let us consider the first two examples introduced in the previous section.

Example 1: Take any 6 > 0. If a;, — 0 then for n large enough, a,, < 4. Then P[|Z,| < 6] =1 so (7.1) holds.
If p, — 0 then regardless of the sequence a,, P[|Z,| <6] =1 - p, — 1. Hence we see that either a, — 0
or p, — 0is sufficient for (7.1) as we had intuitively expected.

Example 2: Take any § > 0 and any € > 0. Since Z is a random variable it has a distribution function F(x).
A distribution function has the property that there is a number B sufficiently large so that F(B) =1 —¢
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(a) Distribution Function (b) Density Function

Figure 7.2: Convergence in Probability

and F (-B) <e. If b, — 0 then there is an n large enough so that §/b, = B. Then

P Znl=61=PI[Z] =6/bnl
=F(/by)—F(—6/by)
=F(B)-F(-B)
=>1-2e.

Since € is arbitrary this means P[| Z,| < §] — 1 so (7.1) holds.

We defer Example 3 until the following section.

7.4 Chebyshev’s Inequality

Take any random variable X with finite mean p and finite variance. We want to bound the probability
P [|X — u| > 6] for all distributions and all §. We can calculate the probability for known distributions. If
X is standard normal, then P [| X| > 6] = 2 (1 — ®(0)). Iflogistic, then P [| X| > §] = 2(1+exp(6))_1. If Pareto,
then P[| X| > 8] = 6~%. The last example has the slowest rate of convergence as § increases because it is
a power law rather than exponential. The rate is slowest for small a. The restriction to distributions
with a finite variance requires the Pareto parameter to satisfy @ > 2. We deduce that the slowest rate of
convergence is attained at the bound. This means that among the examples considered the worst case
for the probability bound is P[| X| > §] = & ~2_ 1t turns out that this is indeed the worst case. This bound
is known as Chebyshev’s Inequality and it is the key to the weak law of large numbers.

To derive the inequality set Z = X — u and write the two-sided probability as

[P>[|Z|25]:f fx)dx

{Ix|=6}
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where f(x) is the density of Z. Over the region {|x| = 6} the inequality 1 < %2162 holds. Thus the above
integral is smaller than

x2 o] x2 var(Z] var(X]
f{|x|za}§f(x)dXSf_oo = Fldx =200 = T

The inequality expands the region of integration to the real line and the following equality is the defini-
tion of the variance of Z (since Z has zero mean). We have established the following result.

Theorem 7.1 Chebyshev’s Inequality. For any random variable X and any 6 >0

var [X]
52

P X-E[X]I=6] <

Now return to Example 3 from Section 7.3. By Chebyshev’s inequality and the assumption o2 — 0

2
g
P[lZn—[E[Zn]|>5]s5—;l—>0.

This is the same as (7.1). Hence 02 — 0 is sufficient for (7.1).

Theorem 7.2 For any sequence of random variables Z, such that var[Z,] — 0 then Z, —E[Z,] 7 0 as
n — oo.

We close this section with a generalization of Chebyshev’s inequality.

Theorem 7.3 Markov’s Inequality. For any random variable X and any 6 > 0

PIIXI 28] = T 200 _ i)

Markov’s inequality can be shown by an argument similar to that for Chebyshev's.

7.5 Weak Law of Large Numbers

Consider the sample mean X ,,. We have learned that X, is unbiased for 1 =E[X] and has variance
o?/n. Since the latter limits to 0 as n — oo, Theorem 7.2 shows that X, —p» p. This is called the weak

law of large numbers. It turns out that with a more detailed technical proof we can show that the WLLN
holds without requiring that X has a finite variance.

Theorem 7.4 Weak Law of Large Numbers (WLLN). If X; are independent and identically distributed
and E| X| < oo, then as n — oo

Xp=

1 n
=Y X; —E[X].

The proofis in Section 7.14.
The WLLN states that the sample mean converges in probability to the population mean. In general,
an estimator which converges in probability to the population value is called consistent.

Definition 7.3 An estimator 8 of a parameter 0 is consistent if 0 - 0 as n — oo.
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Theorem 7.5 If X; are independent and identically distributed and E|X| < oo, then i = Yn is consistent
for the population mean p =E[X].

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 8 will be arbitrarily close to the true value
0 with high probability. The property does not tell us, however, how large this » has to be. Thus the prop-
erty 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.

7.6 Counter-Examples
To understand the WLLN it is helpful to understand situations where it does not hold.

Example 1: Assume the observations have the structure X; = Z + U; where Z is a common component
and U; is an individual-specific component. Suppose that Z and U; are independent, and that U; are
i.i.d. with E[U] = 0. Then

X,=Z+Up, 7 Z.

The sample mean converges in probability but not to the population mean. Instead it converges to the
common component Z. This holds regardless of the relative variances of Z and U.

This example shows the importance of the assumption of independence across the observations.
Violations of independence can lead to a violation of the WLLN.

Example 2: Assume the observations are independent but have different variances. Suppose that var [ X;] =
1fori < n/2andvar[X;] = nfor i > n/2. (Thus half of the observations have a much larger variance than
the other half.) Then var [Xn] = (n/2+ n?%/2)/n*> — 1/2 does not converge to zero. Yn does not converge
in probability.

This example shows the importance of the “identical distribution” assumption. With sufficient het-
erogeneity the WLLN can fail.

Example 3: Assume the observations are i.i.d. Cauchy with density f(x) = 1/ ((1 + x?)). The assumption
E|X| < oo fails. The characteristic function of the Cauchy distribution! is C(t) = exp (—|£]). This result
means that the characteristic function of X, is

E[exp(itin)] - i:ﬁl[E exp(itfi)] :c(%)n :exp(—‘%

This is the characteristic function of X. Hence X, ~ Cauchy has the same distribution as X. Thus Xn
does not converge in probability.

This example shows the importance of the finite mean assumption. If E|X| < oo fails the sample
mean will not converge in probability to a finite value.

n
) =exp (—|t]) = C(1).

7.7 Examples
The WLLN can be used to establish the convergence in probability of many sample moments.

1. fE|X|<o0, £ ¥ X; — E[X]

I Finding the characteristic function of the Cauchy distribution is an exercise in advanced calculus so is not presented here.
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2. fE[X?| <00, 1 i X — E[X?]
3. fEIX|"™ <oo, 2 X7 |X;|"™ — E|X|™
- p

4. IfE[exp (X)] <oo, + ¥, exp (X;) F [exp (X)]

5. IfE[log(X)| < oo, X log(X;) — E [log (X)]

) 1lyn | S =5 B
6. FOI‘X;EO,R i=11+X; E[1+x]

7. 131 sin(X;) — Elsin ()]

7.8 Illustrating Chebyshev’s

The proof of the WLLN is based on Chebyshev’s inequality. The beauty is that it applies to any distri-
bution with a finite variance. A limitation is that the implied probability bounds can be quite imprecise.

Take the U.S. hourly wage distribution for which the variance is o0 = 430. Suppose we take a random
sample of n individuals, take the sample mean of the wages X ,, and use this an an estimator of the mean
(. How accurate is the estimator? For example, how large would the sample size need to be in order for
the probability to be less than 1% that X, differs from the true value by less than $1?

We know that E [?n] = and var [Yn = 0?/n =430/ n. Chebyshev’s inequality states that

430

PHE—H|21]=P X,|==2

el

> IJ <var

This implies the following probability bounds

1 if n =430
0.5 if n =860
0.25 if n=1720
0.01 if n=43,000.

PHYn—u)zl] <

In order for the sample mean to be within $1 of the true value with 99% probability by Chebyshev’s
inequality, the sample size would have to be 43,000!

The reason why the sample size needs to be so large is that Chebyshev’s inequality needs to hold for
all possible distributions and threshold values. One way to intrepret this is that Chebyshev’s inequality
is conservative. The inequality is true but it can considerably overstate the probability.

Still, our calculations do illustrate the WLLN. The probability bound that X, differs from y by $1 is
steadily decreasing as n increases.

7.9 Vector-Valued Moments

Our preceding discussion focused on the case where X is real-valued (a scalar), but nothing impor-
tant changes if we generalize to the case where X € R" is a vector.
The m x m covariance matrix of X is

z =var[X] =E (X - ) (X - )]
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You can show that the elements of T are finite if E | X || < co.
A random sample {Xj,..., X;;} consists of n observations of i.i.d. draws from the distribution of X.
(Each draw is an m-vector.) The vector sample mean

Xn,l

— 12 X2
Xp=— Z Xi= .
niz :

Xnm

is the vector of sample means of the individual variables.
Convergence in probability of a vector is defined as convergence in probability of all elements in the
vector. Thus X, —H if and only if X, ; — K for j = 1,...,m. Since the latter holds if E|X;| < oo for

j=1,...,m, or equivalently E || X|| < oo, we can state this formally.

Theorem 7.6 WLLN for random vectors. If X; € R are independent and identically distributed and
ElIXI|l < oo, thenas n — oo,
= 1
Xn=—

n
) X —E[X].
-1 P

7.10 Continuous Mapping Theorem
Recall the definition of a continuous function.

Definition 7.4 A function % (x) is continuous at x = c if for all ¢ > 0 there is some § > 0 such that || x—c¢| <
6 implies |h(x) — h(c)l <e.

In words, a function is continuous if small changes in an input result in small changes in the out-
put. A function is discontinuous if small changes in an input result in large changes in the output. This
is illustrated by Figure 7.3. Plotted are three functions in the three panels. Panel (a) shows a smooth
(differentiable) function. The point ¢ and plus and minus points § are shown. For every point in the
region [c— 9§, ¢ + 6] the function is mapped to the y-axis in the interval [h(c) —€, h(c) +€]. Panel (b) shows
a continuous but not differentiable function with the point c at the kink point. In this case the points
[c -8, c+d] mapped to the y-axis all lie below h(c). But what is important is that they lie in the interval
[h(c)—e€, h(c) +e€]. This again satisfies the definition of continuity. Panel (c) shows a function with a jump
at c. For the points € drawn on the y-axis there are no values of ¢ such that the points [c—0, c+6] will map
into the interval [h(c) —¢€, h(c) + €]. Thus small changes in x result in large changes in i(x). The function
is discontinuous at the point c.

When a continuous function is applied to arandom variable which converges in probability the result
is a new random variable which converges in probability. This means that convergence in probability is
preserved by continuous mappings.

Theorem 7.7 Continuous Mapping Theorem (CMT). If Z, —p» c as n — oo and h () is continuous at ¢

then h(Z,) 7 h(c) as n — oco.

The proofis in Section 7.14.
For example, if Z, —p» c as n — oo then

Zyt+ta—c+a
p
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+€
h© T r-\?g) """"""""""""""""""""""" i

—&

f‘éc‘+‘6 -3C+d -8C+d

(a) Smooth (b) Continuous (c) Discontinuous

Figure 7.3: Continuity

aZ, — ac
p

72— ¢?
" p

as the functions h (1) = u+ a, h(u) = au, and h(u) = u? are continuous. Also

a a

_— s —

Z, P ¢
if ¢ # 0. The condition ¢ # 0 is important as the function h(u) = a/u is not continuous at u = 0.
We can again use the graphs of Figure 7.3 to illustrate the point. Supose that Z, - c is displayed the

x-axis and Y, = h(Z,) on the y-axis. In panels (a) and (b) we see that for large n, Z, is within ¢ of the
plim c. Thus the map Y, = h(Z,) is within € of h(c). Hence Y, 7 h(c). In panel (c), however, this is not

the case. While Z,, is within § of the plim ¢, the discontinuity at ¢ means that Y}, is not within € of h(c).
Hence Y, does not converge in probability to h(c).

Consider the plug-in estimator ,B h @ of the parameter B = h(0) when h(-) is continuous. Under
the conditions of Theorem 7.6,  — 0. Applying the CMT, ,6 h é) — h(0) =B.

Theorem 7.8 If X; are i.i.d,, [E||g(X) || < oo, and h(u) is continuous at u =0 = [ [g(X)]. Then for 0 =
Lyn g(X),p= h () 7,3= h(0) as n — oo.

A convenient property about the CMT is that it does not require that the transformation possess any
moments. Suppose that X has a finite mean and variance but does not possess finite moments higher

. . . > 3 . n
than two. Consider the parameter § = y° and its estimator § = X, . Since E|X|® = oo, E | /3| = oo. But
since the sample mean X, is consistent, X,, — p = E[X]. By an application of the continuous mapping
p

theorem we obtain B — u® = B. Thus B is consistent even though it does not have a finite mean.
p

7.11 Examples

1. IfE|X| < 00, X — .
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2. IfE|X| < oo, exp (Yn) - exp(LL).
3. IfE|X] < oo, 1og(?,,) —log(y).
4. E[X2] <0062 =Ly" x2-X, — E[X?] - =02
5. IfE[X?] < 00,5 = \/ﬁ—p» o2=ao.
6. IfE[X?] <coand E[X] #0,5/X, - o/ELX].

7. fE|X| <00, E|Y| <ocoand E[Y] #0, then X,/Y, T[E[X]/[E[Y].

7.12 Uniformity Over Distributions*

The weak law of law numbers (Theorem 7.4) states that for any distribution with a finite expectation
the sample mean approaches the population expectation in probability as the sample size gets large.
One difficulty with this result, however, is that it is not uniform across distributions. Specifically, for any
sample size n no matter how large there is a valid data distribution such that there is a high probability
that the sample mean is far from the population expectation.

The WLLN states that if E| X| < oo then for any e >0

P[|Yn—[E[X]| >e] ~0
as n — oo. However, the following is also true.

Theorem 7.9 Let & denote the set of distributions for which E|X| < co. Then for any sample size n and
anye >0
supP[|Yn—[E[X]| >e] -1 (7.2)
FeS

The statement (7.2) shows that for any n there is a probability distribution such that the probability
that the sample mean differs from the population expectation by € is one.

This is a failure of uniform convergence. While X, converges pointwise to [E [X] it does not converge
uniformly across all distributions for which E | X]| < co.

Proof of Theorem 7.9 For any p € (0, 1) define the two-point distribution
1 with probability 1-p

L with probability  p.
p

This random variable satisfies E|X| =2(1 — p) <oco so F € S. It also satisfies E [X] = 0.
The probability that the entire sample consists of all 1’s is (1 — p)”. When this occurs X, = 1. This
means thatfore <1

PlX,

>€]2[FD

anl]z(l—p)".

Thus

sup[P’HYn—E[X]|>e] > sup P
Fe 0<p<l

.

>e] > sup 1-p)"=1.
0<p<l
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The firstinequality is the statement that S is larger than the class of two-point distriubtions. This demon-
strates (7.2). u

This may seem to be a contradiction. The WLLN says that for any distribution with a finite mean
the sample mean gets close to the population mean as the sample size gets large. Equation (7.2) says
that for any sample size there is a distribution such that the sample mean is not close to the population
mean. The difference is that the WLLN holds the distribution fixed as n — oo while equation (7.2) holds
the sample size fixed as we search for the worst-case distribution.

The solution is to restrict the set of distributions. It turns out that a sufficient condition is to bound
a moment greater than one. Consider a bounded second moment. That is, assume var [X] < B for some
B < co. This excludes, for example, two-point distributions with arbitrarily small probabilities p. Under
this restriction the WLLN holds uniformly across the set of distributions.

Theorem 7.10 Let %, denote the set of distributions which satisfy var [X] < B for some B < co. Then for
alle >0,as n — oo

sup P Yn—[E[X]’>e] —0.

FeS3,

Proof of Theorem 7.10 The restriction var [ X] < B means that for all F € 3y,

var

— 1 1

Xn] - Zvar[X] < —B. (7.3)
n n

By an application of Chebyshev’s inequality (7.1) and then (7.3)

var [yn] B

<
€? €

P

)?n—[E[X]|>e]s T

The right-hand-side does not depend on the distribution, only on the bound B. Thus

_ B
|Xn—[E[X]|>e] < 5-—0

sup P

FeS,

as n — oo. [ |

Theorem 7.10 shows that uniform convergence holds under a stronger moment condition. Notice
thatitis not sufficient merely to assume that the variance is finite; the proof uses the fact that the variance
is bounded.

Another solution is to apply the WLLN to rescaled sample means.

Theorem 7.11 Let &, denote the set of distributions for which 0% < co. Define X = X;/0 and X, =
n! ?:1 Xl.*. Then for alle >0, as n — co

sup P

FeS.,

X, -E[x"]

>e]—>0.

7.13 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.)
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Definition 7.5 A sequence of random variables Z,, € R converges almost surely to ¢ as n — oo, denoted

Zy — ¢, if
a.s.

P

lim Z, = c] =1 (7.4)
n—oo

The convergence (7.4) is stronger than (7.1) 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 7, —c implies Z, 7 c.

Recall from Section 7.3 the example of a two-point distribution P[Z, =0] =1 - p, and P[Z,, = a,] =
pn. We showed that Z; converges in probability to zero if either p, — 0 or a,, — 0. This allows, for
example, for a,, — co so long as p,, — 0. In contrast, 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 7.12 Strong Law of Large Numbers (SLLN). If X; are independent and identically distributed
and E|X| < oo, then as n — oo,

— 1 &

Xy = _i—ZlXi —E[X].

The SLLN is more elegant than the WLLN and so preferred by probabilists and theoretical statisti-
cians. However, for most practical purposes the WLLN is sufficient. Thus in econometrics we primarily
use the WLLN.

Proving the SLLN uses more advanced tools. For fun we provide the details for interested readers.
Others can safely skip the proof.

To simplify the proof we strengthen the moment bound to E [ X?] < co. This can be avoided by even
more advanced steps. See a probability text, such as Ash or Billingsley, for a complete argument.

The proof of the SLLN is based on the following strengthening of Chebyshev’s inequality, with its
proof provided in Section 7.14.

Theorem 7.13 Kolmogorov’s Inequality. If X; are independent, E[X] =0, and E [Xz] < 00, then for all
e>0

P | max

l<jsn

n
>e€ Se_ZZ[E[XiZ].

i=1

j
> X

i=1

7.14 Technical Proofs*

Proof of Theorem 7.4 Without loss of generality we can assume E[X] = 0. We need to show that for all
6 > 0 and 1 > 0 there is some N < oo so that for all n = N, P ’Xn > 6] <. Fix § and 7. Set € = d1/3. Pick
C < oo large enough so that

ENXIT{X|>Cll<e (7.5)

which is possible since E|X| < co. Define the random variables

Wi = X;1{IX;| = G} —E[X1{|X|= C}]
Zi = XiL{IX;| > C} -E[XL{|X| > C}]

so that
Xn=Wu+2Z,
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and

E |Yn . (7.6)

s[E’Wn

+[E|Z1

We now show that sum of the expectations on the right-hand-side can be bounded below 3e.
First, by the triangle inequality and the expectation inequality (Theorem 2.10),

E|IZ|=E|X1{X|>C}—-E[X1{X]|>C}|
<EIX1{X]|>C}H+I|E[X1{X]|>C}
<2E|XT1{|X|> C}|
<2e, (7.7

and thus by the triangle inequality and (7.7)

E|Zl -F

Y ElZ;i| < 2e. (7.8)

Second, by a similar argument

Wil =1 X;1{X;|<C}-E[XL{X|=<C}]
<|X;1{X;| < C}+|E[X1{X]|<C}]
=2|X;1{|X;|=C}|
<2C (7.9)

where the final inequality is (7.5). Then by Jensen’s inequality (Theorem 2.9), the fact that the W; are i.i.d.
and mean zero, and (7.9),

— <€

2] E[W?] 4c?
_ < (7.10)
n n

([E|W,, )zs[E

the final inequality holding for n > 4C?/e? = 36C?/5%n?. Equations (7.6), (7.8) and (7.10) together show
that

2

[E)?n <3¢ (7.11)

as desired.
Finally, by Markov’s inequality (Theorem 7.3) and (7.11),

[E|Yn
5

3e
<2¢ _

[P) - D
5 77

.

>6]s

the final equality by the definition of ¢. We have shown that for any § > 0 and 1 > 0 then for all n =
36C2%/6%n%, P HY" > 6] <1, as needed. u

Proof of Theorem 7.7 Fix € > 0. Continuity of 4 (u) at c means that there exists § > 0 such that |[u—c| <
implies || h(u) — h(c)|l <e€. Evaluated at u = Z, we find

PllA(Zn) —h@l <€l =Pl Z,—cl <€l —1

where the final convergence holds as n — co by the assumption that Z, - c. This implies h(Z,) -
h(c). [
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Proof of Theorem 7.12 Without loss of generality assume E [X] = 0. We will use the algebraic fact

o0

Yy it?s

i=m+1

1
— (7.12)
m
which can be deduced by noting that Y2, i~2 is the sum of the unit width rectangles under the curve
x~2 from m to infinity whose summed area is less than the integral.

Define S,, = Z?:l i1X;. By the Kronecker Lemma (Theorem A.6) if S;, converges then lim,,_.., X, = 0.
The Cauchy criterion (Theorem A.2) states that S, converges if for all e > 0

i%f?1>15|8j —Sm| <e.

Let A. be this event. Its complement is

m=1 \j>m|i=m+1
This has probability
i3 1 x 1 E[X?] 1
P[A{] < lim P|sup| Y -—X;|>¢|[<lim — Y —E[X?]< lim [2]—:0.
M=o | j>m|i=m+1? M=o €% j 1 L m—oeo € m

The second inequality is Kolmogorov’s (Theorem 7.13) and the following is (7.12). Hence for all € > 0,
P[A¢] =0and P[A.] = 1. Hence with probability one S, converges. B

Proof of Theorem 7.13 Set S; = ) ;":1 X;. Let A; be the indicator of the event that |S;| is the first |S j | which
exceeds e. Formally

Ai:]l{ISi|>€,ma;(|Sj|se}. (7.13)
Jj<i

Then

n
A=) A= ll{maxlsil >e}.
i=1 isn

By writing S;, = S; + (S, — S;) we can deduce that
E[S7A;] =E[S%A;] —E[(Sn—S1)? Ai] = 2E((Sn — Si) Si A]
=E[S%A;] —E[(Sn—Si)* Ai]
<E[S5A;].

The first equality is algebraic. The second equality uses the fact that (S,, — S;) and S; A; are independent
and mean zero. The final inequality is the fact that (S, — S )% A; = 0. It follows that

i[E[sl?Ai] < i[E[siAi] =E[S2A] <E[S%].

Similarly to the proof of Markov’s inequality and using the above deduction

j
> X

i=1

€’P | max

1<j<n

>€

=e’E[Al=) E[e®A;] = Y E[S7A;] <E[S5] = Y E[X7].
i=1 i=1 i=1

The final equality uses the fact that S, is the sum of independent mean zero random variables. |
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7.15 Exercises
Exercise 7.1 For the following sequences show a,, — 0 as n — oo.
@ a,=1/ n?

(b) ay, = %sin(%n)

(©) a,= o?ln
s . (T
Exercise 7.2 Does the sequence a, = sin (E n) converge?

Exercise 7.3 Assume that a;, — 0. Show that

(a) a}/z — 0 (assume a;, = 0).
(b) a2 — 0.

Exercise 7.4 Consider a random variable Z,, with the probability distribution

Zn= 0 with probability 1 —-2/n

{ -n with probability 1/7n
n with probability 1/7.

(@) Does Z;, —,0as n— oo?

(b) Calculate E[Z,].

(c) Calculate var[Z,].

(d) Now suppose the distribution is

P 0 with probability 1 -1/n
"1 n with probability 1/n.

Calculate E[Z,,].
(e) Conclude that Z,, —, 0 as n — oo and E[Z,] — 0 are unrelated.
Exercise 7.5 Find the probability limits (if they exist) of the following sequences of random variables
(@ Z,~Ul0,1/n]
(b) Z, ~Bernoulli(p,) with p, =1-1/n
(c) Z, ~Poisson(A,) with A, =1/n
(d) Z, ~exponential(1,) withA,=1/n
(e) Z, ~Pareto(a,,f)withf=1landa,=n
) Z, ~gammal(ay,B,) witha,=nand f,=n

(g) Z, = Xn/nwith X, ~binomial(n, p)
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(h) Z, has mean y and variance a/n’” fora>0and r >0
(i) Z, = X(n), the n'" order statistic when X ~ U[0,1]

() Zn = Xn/nwhere X, ~ y2

&) Z,=1/X, where X,, ~ y2

Exercise 7.6 Take a random sample {Xj, ..., X,;}. Which of the following statistics converge in probability
by the weak law of large numbers and continuous mapping theorem? For each, which moments are
needed to exist?

@ I, X7
) Ly, X
() max;<p X;.
(d) %Z?:IXI’Z_(% ?:1Xi)2-

(e) % assuming E[X] > 0.

=14
@ 1{Iy" X;>o0}
@ X, XY
Exercise 7.7 A weighted sample mean takes the form Y; = %Z?Zl w; X; for some non-negative con-
stants w; satisfying % ?:1 w; = 1. Assume X; isi.i.d.

(a) Show that Y; is unbiased for y =E[X].

(b) Calculate var [X;] .

(c) Show that a sufficient condition for Y; — pis that n™2 1 w? — 0.
» =

(d) Show that a sufficient condition for the condition in part 3 is max;<, w; = o(n).

Exercise 7.8 Take arandom sample {Xj,..., X;;} and randomly split the sample into two equal sub-samples
1 and 2. (For simplicity assume n is even.) Let X, and X, the sub-sample averages. Are X, and Xz,
consistent for the mean p = E[X]? (Show this.)

Exercise 7.9 Show that the bias-corrected variance estimator s? is consistent for the population variance

a2.

Exercise 7.10 Find the probability limit for the standard error s (Xn) = s/+/n for the sample mean.

Exercise 7.11 Take a random sample {Xj, ..., X;;} where X > 0 and [E|logX | < oo. Consider the sample
geometric mean

n 1/n
i=1

and population geometric mean
p=exp (E[logX]).
Show that i —, uas n — oo.
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Exercise 7.12 Take a random variable Z such that E[Z] = 0 and var[Z] = 1. Use Chebyshev’s inequal-
ity (Theorem 7.1) to find a 6 such that P[|Z]| > 6] < 0.05. Contrast this with the exact 6 which solves
P[|Z| > 6] =0.05 when Z ~N(0,1). Comment on the difference.

2

Exercise 7.13 Suppose Z, — c as n — oco. Show that Z2 — ¢? as n — oo using the definition of conver-
p p

gence in probability but not appealing to the CMT.

Exercise 7.14 What does the WLLN imply about sample statistics (sample means and variances) calcu-
lated on very large samples, such as an administrative database or a census?.



Chapter 8

Central Limit Theory

8.1 Introduction

In the previous chapter we investigated laws of large numbers, which show that sample averages
converge to their population averages. These results are first steps but do not provide distributional
approximations. In this chapter we extend asymptotic theory to the next level and obtain asymptotic
approximations to the distributions of sample averages. These results are the foundation for inference
(hypothesis testing and confidence intervals) for most econometric estimators.

8.2 Convergence in Distribution

Our primary goal is to obtain the sampling distribution of the sample mean X,. The sampling dis-
tribution is a function of the distribution F of the observations and the sample size n. An asymptotic
approximation is obtained as the limit as n — oo of this sampling distribution after suitable standardiza-
tion.

To develop this theory we first need to define and understand what we mean by the asymptotic limit
of the sampling distribution. The general concept we use is convergence in distribution. We say that
a sequence of random variables Z, converges in distribution if the sequence of distribution functions
G, (u) =P[Z, < u] converges to a limit distribution function G(u«). We will use the notation G,, and G for
the distribution function of Z, and Z to distinguish the sampling distributions from the distribution F
of the observations.

Definition 8.1 Let Z, be a sequence of random variables or vectors with distribution G, (1) =P [Z, < u].
We say that Z,, converges in distribution to Z as n — oo, denoted Z,, 7 Z, if for all u at which G(u) =

P[Z < u] is continuous, G, (u) — G(u) as n — oo.

Under these conditions, it is also said that G,, converges weakly to G. It is common to refer to Z and
its distribution G(u) as the asymptotic distribution, large sample distribution, or limit distribution of
Z,. The caveat in the definition concerning “for all u at which G(u) is continuous” is a technicality and
can be safely ignored. Most asymptotic distribution results of interest concern the case where the limit
distribution G(u) is everywhere continuous so this caveat does not apply in such contexts anyway.

When the limit distribution G is degenerate (that is, P[Z = c] = 1 for some c) we can write the con-
vergence as Z, — ¢, which is equivalent to convergence in probability, Z, - c.

Figures 8.1 and 8.2 illustrate convergence in distribution with sequences of beta and normal distri-
butions. Figure 8.1 shows a sequence of beta distributions while Figure 8.2 shows a sequence of normal

165
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(a) Density (b) Distribution

Figure 8.1: Convergence of Beta Distributions

distributions. The left panels show density functions and the right panels the corresponding distribution
functions. The displayed beta distributions set @ = 2 and have | 2. The convergence of the distribu-
tion functions is indicated by the arrows in panel (b). The limit distribution is beta(2,2). The displayed
normal distributions have u | 0 and 02 | 1, so the limit distribution is N(0, 1).

8.3 Sample Mean

As discussed before, the sampling distribution of the sample mean X , is a function of the distribution
F of the observations and the sample size n. We would like to find the asymptotic distribution of X,,. This
means we want to show X, 7 Z for some random variable Z. From the WLLN we know that X, 7 u.

Since convergence in probability to a constant is the same as convergence in distribution, this means
that X, —pas well. This is not a useful distributional result as the limit distribution is degenerate. To

obtain a non-degenerate distribution we need to rescale X ,. Recall that var [Yn - ,u] = 02/ n. This means

that var [\/ﬁ (?n - ,u)] = . This suggests renormalizing the statistic as

Zn:\/ﬁ(in_ﬂ)-

Doing so we find that E[Z,] = 0 and var[Z,] = o2. Hence the mean and variance have been stabilized.
We now seek to determine the asymptotic distribution of Z,,.

In most cases it is effectively impossible to calculate the exact distribution of Z,, even when F is
known, but there are some exceptions. The first (and notable) exception is when X ~ N(u,0?). In this
case we know that Z;,, ~ N(O, 02). Since this distribution is not changing with n, it means that N(0, o?) is
the asymptotic distribution of Z,,.

A case where we can calculate the exact distribution of Z,, is when X ~ U[0,1]. In Section 4.23 we
showed using the method of convolution that the sum X + X, of two independent U|[0, 1] variables has a
tent-shape piecewise linear density. By sequential convolutions, we can show that the sum X; + X + X3
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(a) Density (b) Distribution

Figure 8.2: Convergence of Normal Distributions

of three independent U[0, 1] is a piecewise quadratic function, and the sum X; + X5 + X3 + X, of four is
a piecewise cubic function. The calculations are feasible but rather tedious. In Figure 8.3 we plot the
density functions for the these three sums, standardized to have a mean of zero and variance of one.
We also plot the density of the standard normal for comparison. The resemblance of the density to the
standard normal is striking. By summing a few independent U|[0, 1] variables the distribution is very
close to a normal distribution.

Another case where we can calculate the exact distribution of Z;, iswhen X ~ x% In this case Z;lzl X; ~
¥ so the distribution of Z, isy/n (y%/n—1). We display this density and distribution function in Figure
8.4 for n =3, 5, 10, 20 and 100. We also display the N(0,2), which has the same mean and variance. We
see that the distribution of Z,, is very different from the normal for small », but as n increases the distri-
bution is getting close to the N(0,2) density. The distribution for n = 100 appears to be quite close. As we
found in the case of X ~ U|[0, 1], the distribution of the sum appears to approach the normal distribution.
The rate of convergence is much slower than in the uniform case but is still quite clear.

These plots provide the intriguing suggestion that the asymptotic distribution of Z;, is normal. In the
following sections we provide further evidence.

8.4 A Moment Investigation

Consider the moments of Z,, = v/n (Yn - u). We know that the mean is 0 and variance is 0. In

Section 6.17 we calculated the exact finite sample moments of Z,, = \/n (Yn — ,u). Let’s look at the 3¢
and 4" moments and calculate their limits as 7 — co. They are
E[Z3] =x3/n'? -0
41 _ 4 4
E[Z,]| =x4/n+30" — 30"

The limits are the 37% and 4" moments of the N (0, o) distribution! (See Section 5.3.) Thus as the sample
size increases these moments converge to those of the normal distribution.
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Figure 8.3: Density of Sample Mean with Uniform Variables

Now let’s look at the 5/ and 6/ moments. They are

E[Z3] =x5/n"? = 10k3x2/n''? — 0

E[Z8] = x6/n? + (15K4k2 + 10x3) I n+ 1508 — 1507%.

These limits are also the 5/ and 6" moments of N(0,0?).
Indeed, if X has a finite " moment, then E [Z,z] converges to E[Z"] where Z ~ N(0, o?).
Convergence of moments is suggestive that we have convergence in distribution, but it is not suffi-
cient. Still, it provides considerable evidence that the asymptotic distribution of Z;, is normal.

8.5 Convergence of the Moment Generating Function

It turns out that for most cases of interest (including the sample mean) it is nearly impossible to
demonstrate convergence in distribution by working directly with the distribution function of Z,. In-
stead it is easier to use the moment generating function M, () = E [exp (th)]. (See Sections 2.23 for
the definition.) The MGF is a transformation of the distribution of Z, and completely characterizes the
distribution.

Since M, (t) completely describes the distribution of Z,, it seems reasonable to expect that if M, (1)
converges to a limit function M(#) then the the distribution of Z,, converges as well. This turns out to be
true and is known as Lévy’s continuity theorem.

Theorem 8.1 Lévy’s Continuity Theorem Z,, — ZifE[exp(tZ,)| — E[exp (12)] for every t € R.
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(a) Density (b) Distribution

Figure 8.4: Convergence of Sample Mean with Chi-Square Variables

We now calculate the MGF of Z, = v/n (Xn - p). Without loss of generality assume p = 0.

Recall that M(t) = E [exp (£X)] is the MGF of X and K(t) = log M(¢) is its cumulant generating func-
tion. We can write
5V
as the sum of independent random variables. From Theorem 4.6, the MGF of a sum of independent
random variables is the product of the MGFs. The MGF of X;//nis E[exp (¢X/y/n)| = M (¢/y/n), so that
of Z, is

Zn

M, (t) = l:lﬂllM(é) = M(#)n

This means that the cumulant generating function of Z,, takes the simple form

Kn(t):logMn(t):nK(ﬁ). (8.1)

By the definition of the cumulant generating function, its power series expansion is

K K
K(S)=K0+SK1+82?2+S3§+"'- (8.2)

where « ; are the cumulants of X. Recall that kg =0, x; =0 and x» = 02. Thus

2 3
K(s)= 02+ kgt
2 6
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Placing this into the expression for K, (t) we find

Ky(1) = n((ﬁ)2%2+ (#)3%+)

_Po? rxy
2 \/nb
202

T

as n — oo. Hence the cumulant generating function of Z,, converges to t>02/2. This means that
t?o?
M, (1) = exp (K, (1)) — exp (T) .
Theorem 8.2 For random variables with a finite MGF

t?o?
My (1) =E[exp (tZ,)] — exp(T).
For technically interested students, the above proof is heuristic because it is unclear if truncation of
the power series expansion is valid. A rigorous proofis provided in Section 8.15.

8.6 Central Limit Theorem

Theorem 8.2 showed that the MGF of Z, converges to exp (>02/2). This is the MGF of the N(0,0?)
distribution. Combined with the Lévy continuity theorem this proves that Z,, converges in distribution
to N(0,0?). This theorem applies to any random variable which has a finite MGE, which includes many
examples but excludes distributions such as the Pareto and student t. To avoid this restriction the proof
can be done instead using the characteristic function C,(t) = E [exp (i th)] which exists for all random
variables and yields the same asymptotic approximation. It turns out that a sufficient condition is a finite
variance. No other condition is needed.

Theorem 8.3 Lindeberg-Lévy Central Limit Theorem (CLT) If X; arei.i.d. and E [XZ] <oothenasn—
00

\/E(Xn—u)7N(0,02)
where p=E[X] and 0% = E [(X — w)?].

As we discussed above, in finite samples the standardized sum Z,, = v/n (Yn - u) has mean zero and

variance o2. What the CLT adds is that 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 re-
sulting from many tosses of a fair coin) was established by the French mathematician Abraham de Moivre
in a private manuscript circulated in 1733. The most general statements for independent variables are
credited to work by the Russian mathematician Aleksandr Lyapunov and the Finnish mathematician Jarl
Waldemar Lindeberg. The above statement is known as the classic (or Lindeberg-Lévy) CLT due to con-
tributions by Lindeberg and the French mathematician Paul Pierre Lévy.

The core of the argument from the previous section is that the MGF of the sample mean is a lo-
cal transformation of the MGF of X. Locally the cumulant generating function of X is approximately
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quadratic, so the cumulant generating function of the sample mean is approximately quadratic for large
n. The quadratic is the cumulant generating function of the normal distribution. Thus asymptotic nor-
mality occurs because the normal distribution has a quadratic cumulant generating function.

8.7 Applying the Central Limit Theorem
The central limit theorem says that

Vi (X - ul —N(0,0%) (8.3)

which means that the distribution of the random variable /n (Yn - ,u) is approximately the same as

N(O,az) when n is large. We sometimes use the CLT, however, to approximate the distribution of the
unnormalized statistic X . In this case we may write

— 0'2
Xn ~ N(u, 7). (8.4)

Technically this means nothing different from (8.3). Equation (8.4) is an informal interpretive statement.
Its usage, however, is to suggest that X, is approximately distributed as N (4, 0%/ n). The “a” means that
the left-hand-side is approximately (asymptotically upon rescaling) distributed as the right-hand-side.

Example: If X ~exponential(1) then X, ~ N(A, /12/11). For example if A =5 and n = 100, X, ~ N (5,1/4).
Example: If X ~gamma(2,1) and n =500 then Yn ~ N (2,1/250).

Example: U.S. wages. Since p = 24 and o2 =430, X, ~ N (24,0.43) if n = 1000. We can also use the

calculation to revisit the question of Section 7.8: how large does n need to be so that X, is within $1 of
the true mean? The asymptotic approximation states that if n = 2862 then 1/sd (Yn) =11/2862/430 = 2.58.

Then
P

|Xn —p| > 1] ~P(IN(0,1)] =2.58] =001

from the normal table. Thus the asymptotic approximation indicates that a sample size of n = 2862 is
sufficient for this degree of accuracy, which is considerably different from the n = 43,000 obtained by
Chebyshev’s inequality.

8.8 Multivariate Central Limit Theorem

When Z, € R is a random vector we define convergence in distribution just as for random variables
—that the joint distribution function converges to a limit distribution.
Multivariate convergence can be reduced to univariate convergence by the following result.

Theorem 8.4 Cramér-Wold Device 7, — Z ifand onlyif A' Z, — N Z for every A € R with A’/A = 1.

Consider vector-valued observations X; and sample averages X ,. The mean of X, is p = E[X] and
its variance is n~!X where X = E [(X -p) (X - ,u)'] . To transform X, so that its mean and variance do not

depend on n we set Z, = v/n (Yn - p). This has mean 0 and variance X which are independent of n as
desired.
Using Theorem 8.4 we derive a multivariate version of Theorem 8.3.
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Theorem 8.5 Multivariate Lindeberg-Lévy Central Limit Theorem If X; € R¥ are i.i.d. and E|| X2 < 0o
then as n — oo

i{Fas) n0
where p=E[X] andZ:[E[(X—,u) (X—,u)'].

The proof of Theorems 8.4 and 8.5 are presented in Section 8.15.

8.9 Delta Method

In this section we introduce two tools — an extended version of the CMT and the Delta Method -
which allow us to calculate the asymptotic distribution of the plug-in estimator B =h (@ We allow for
both 8 and f to be vector-valued, meaning that § consists of multiple transformations of multiple inputs.

We first present an extended version of the continuous mapping theorem which allows convergence
in distribution. The following result is very important. The wording is technical so be patient.

Theorem 8.6 Continuous Mapping Theorem (CMT) If Z, 7 Z as n — oo and h : R™ — R has the set
of discontinuity points Dy, such thatP[Z € Dy] =0, then h(Z;) — h(Z) as n — oo.

We do not provide a proof as the details are rather advanced. See Theorem 2.3 of van der Vaart (1998).
In econometrics the theorem is typically referred to as the Continuous Mapping Theorem. It was first
proved by Mann and Wald (1943) and is therefore also known as the Mann-Wald Theorem.

The conditions of Theorem 8.6 seem technical. More simply stated, if / is continuous then h(Z,,) —

h(Z). That is, convergence in distribution is preserved by continuous transformations. This is really
useful in practice. Most statistics can can be written as functions of sample averages or approximately
so. Since sample averages are asymptotically normal by the CLT, the continuous mapping theorem allows
us to deduce the asymptotic distribution of the functions of the sample averages.

The technical nature of the conditions allow the function % to be discontinuous if the probabilityof a
discontinuity point is zero. For example, consider the function h(u) = u~!. It is discontinuous at u = 0.
But if the limit distribution equals zero with probability zero (as is the case with the CLT), then h(u)
satisfies the conditions of Theorem 8.6. Thus if 7, 7 Z ~N(0,1) then Z,;l 7 7L

A special case of the Continuous Mapping Theorem is known as Slutsky’s Theorem.
Theorem 8.7 Slutsky’s Theorem If 7, - Z and ¢, 7 c as n — oo, then
1. Z,+cy, 7 Z+c

3. Zn — z ifc#0.
cn d ¢

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 § = h (@ is a function of & for which we have an asymptotic
distribution, Theorem 8.6 does not directly give us an asymptotic distribution for B This is because B =
1 (8) is written as a function of §, not of the standardized sequence /72 (0 — ) . 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.
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Theorem 8.8 DeltaMethod If /1 (§ - 9) 7 ¢ and h(w) is continuously differentiable in a neighborhood

of @ then as n — oo

vn(h(8)-h@) — H 8.5)
where H(u) = %h(u)’ and H = H(#). In particular, if ¢ ~N (0, V) then as n — oo
vn(h() - h®) —N(0,H'VH). (8.6)
When 6 and £ are scalar the expression (8.6) can be written as

Vi (h(9)-h©) — N(o, (' ©)* V).

8.10 Examples

For univariate X with finite variance,/n (Yn - ,u) —N (0,0?). The Delta Method implies the follow-

ing results.
1. \/ﬁ(Yi — ,uz) —N (0, (2u)? 02)
2. v/ (exp (X,) —exp (u)) — N(0,exp(2p) 0%)

— 0'2
3. For X >0, \/ﬁ(log(Xn) —log(,u)) — N (O, ?)
For bivariate X and Y with finite variances,

\/ﬁ( Xn—hx )—»N(O,Z).
Yn—uy d

The Delta Method implies the following results.
1. \/ﬁ(ann —,uxuy) — N(0, h'=h) where h = ( Hy )
d Hx

X
2. pry;éo,\/ﬁ(_—"—“—x

— N(0, h'=h) where h = (
Y, Hy)| d

1/ py )
—pux/ 1

3. \/ﬁ(Yi+Yn?n—(,u§(+yX,uy))TN(O,h’Zh) whereh:( 2ux + py )

Hx

8.11 Asymptotic Distribution for Plug-In Estimator

The Delta Method allows us to complete our derivation of the asymptotic distribution of the plug-in
estimator f of 8. We find the following.

0
Theorem 8.9 If X; € R” arei.id., 0 = E[g(X)] €R’, B = h(B) e R, E [ lg ) ||2] <oo,and H(u) = - h ()
u
is continuous in a neighborhood of 0, for = h (@ with 6 = %Z?:I g (X;), thenas n — oo

\/ﬁ(ﬁ—ﬁ)jN(OrVﬁ)

where V= H'VH, V =E|(g(X)-0) (g(X)-0) | and H= H(©®).
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The proofis presented in Section 8.15.

Theorem 7.8 establishes the consistency of B for B, and Theorem 8.9 establishes its asymptotic nor-
mality. It is instructive to compare the conditions required for these results. Consistency requires that
g (X) have a finite mean, while asymptotic normality requires that this variable has a finite variance. Con-
sistency requires that /(u) be continuous, while our proof of asymptotic normality uses the assumption
that h(u) is continuously differentiable.

8.12 Covariance Matrix Estimation

To use the asymptotic distribution in Theorem 8.9 we need an estimator of the asymptotic covariance
matrix Vg = H'V H. The natural plug-in estimator is

Ve=HVH

H=H(0)

- 1 Z

V= (X -0) (g (X -0) .
n-1;3

Under the assumptions of Theorem 8.9, the WLLN implies 0 - 6 and V - V. The CMT implies

~

H - H and with a second application, Vﬁ —HVH - H'VH = Vg. We have established that Vﬁ is

consistent for V B

Theorem 8.10 Under the assumptions of Theorem 8.9, Vﬁ - Vg asn—oo.

8.13 t-ratios
When k = 1 we can combine Theorems 8.9 and 8.10 to obtain the asymptotic distribution of the

studentized statistic N
- N(0,V,
po VBB NOVE) o, (8.7)

Vs 4 Ve
The final equality is by the property that affine functions of normal random variables are normally dis-
tributed (Theorem 5.15).

Theorem 8.11 Under the assumptions of Theorem 8.9, T — N(0,1) as n — oco.

8.14 Stochastic Order Symbols

It is convenient to have simple symbols for random variables and vectors which converge in prob-
ability to zero or are stochastically bounded. In this section we introduce some of the most common
notation.

It might be useful to review the common notation for non-random convergence and boundedness.
Let x, and a;, n =1,2,...,, be non-random sequences. The notation

Xn =0(1)



CHAPTER 8. CENTRAL LIMIT THEORY 175

(pronounced “small oh-one”) is equivalent to x,, — 0 as n — co. The notation
Xp = o(an)

is equivalent to a;,'x, — 0 as n — co. The notation
x, =0(Q)

(pronounced “big oh-one”) means that x,, is bounded uniformly in 7 - there exists an M < oo such that
|x,,| < M for all n. The notation
Xn = O(ap)

is equivalent to a;,'x, = O(1).
We now introduce similar concepts for sequences of random variables. Let Z, and a,, n=1,2,... be
sequences of random variables and constants, respectively. The notation

Zy=0,(1)

(“small oh-P-one”) means that Z,, — 0 as n — oo. For example, for any consistent estimator 0 for O we
p

can write
0=0+0p,(1).

We also write
Zn = 0play)

if a,' Z, = 0p(1).
Similarly, the notation Z;, = O, (1) (“big oh-P-one”) means that Z, is bounded in probability. Pre-
cisely, for any € > 0 there is a constant M, < co such that

limsupP[|Z,] > M] <e.
n—o00
Furthermore, we write
Zn= Op(an)

if a,' Z, = 0, (1).

O, (1) is weaker than 0,(1) in the sense that Z,, = 0, (1) implies Z,, = O,(1) but not the reverse. How-
ever, if Z,, = Oy(ay) then Z, = 0,(by,) for any b, such that a,,/b, — 0.

If a random variable Z,, converges in distribution then Z, = O,(1). It follows that for estimators B
which satisfy the convergence of Theorem 8.9 we can write

B=pB+0,mn1%. 8.8)

In words, this statement says that the estimator B equals the true coefficient 8 plus a random component
which is bounded when scaled by nt'2. An equivalent way to write (8.8) is

n'2(B-B) = 0,(D).

Another useful observation is that a random sequence with a bounded moment is stochastically
bounded.
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Theorem 8.12 If Z,, is a random variable which satisfies
6 _
ElZ,l" = O(an)

for some sequence a, and § > 0 then
Zy=0p(al®).

1/5)

1°=0(ay,) implies Z;, = op(ay,

Similarly, E|Z,

Proof: The assumptions imply that there is some M < oo such that E|Z,|® < May, for all n. For any € > 0

1/6
set B = (?) . Then using Markov’s inequality (7.3)

€
Ma,,

< ElZ,° <e

Ma
P a2, > B| =P [|Z,,|‘S >

as required. |

There are many simple rules for manipulating 0,(1) and O,(1) sequences which can be deduced
from the continuous mapping theorem or Slutsky’s Theorem. For example,

0p(1) +0p(1) = 0p(1)

0p(1) + 0p(1) = Op(1)

O, (1) + 0p,(1) = Op(1)
op(Dop(1) = 0p(1)
0p(1)0p(1) = 0p(1)
0,(1)0p(1) = 0p(1).

8.15 Technical Proofs*

Proof of Theorem 8.2 Instead of the power series expansion (8.2) use the mean-value expansion

2
s
K(s) = K(0) + sK'(0) + EK"(S*)
where s* lies between 0 and s. Since E [Xz] < oo the second derivative K" (s) is continuous at 0 so this
expansion is valid for small s. Since K(0) = K'(0) = 0 this implies K(s) = %K "(s*). Inserted into (8.1) this
implies
K, (1) K( d ) tzK”( e )
=n — | = — -
" N NG
where * lies between 0 and #/v/n. For any t, t/y/n — 0 as n — oo and thus K" (t*/y/n) — K" (0) = 0%. It
follows that
202
Ky (1) — >

and hence M, (1) — exp (t°0?/2) as stated. W

Proof of Theorem 8.4 By Lévy’s Continuity Theorem (Theorem 8.1), Z, — Z ifand onlyifE [exp (is'Z,)] —

E[exp (is'Z)] for every s € R¥. We can write s = £A where ¢ € R and A € R* with A = 1. Thus the con-
vergence holds if and only if E [exp (it1'Z,)| — E[exp (itA' Z)] for every ¢ € R and A € RF with A'A = 1.
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Again by Lévy’s Continuity Theorem, this holds if and only if ' Z,, — A'Z for every A € RF and with
AMA=1. [

Proof of Theorem 8.5 Set A € R* with A’A = 1 and define U; = A’ (X; — i) . The U; are i.i.d. with E[U?] =
A'ZA < oco. By Theorem 8.3,

n
AV (X p) ==Y U —N(.A'22).

\/ﬁ i=1
Notice that if Z ~N(0,%) then A'Z ~ N (0,A’=1). Thus
!/ N !
A \/ﬁ(Xn—u) — Nz
Since this holds for all A, the conditions of Theorem 8.4 are satisfied and we deduce that
Vi (X, - p) —Z~NO3)
as stated. |
Proof of Theorem 8.8 By a vector Taylor series expansion, for each element of £,
hj(6,) =h;@)+ hje(H;n) 6,-0)

where 0 . lies on the line segment between 6, and 6 and therefore converges in probability to 6. It follows
that a jin= h o (G;H) —-h o 7 0. Stacking across elements of &, we find

Vn(h(0,)—h®)=H+a,) vVn@O,-0) — H'¢. (8.9)

The convergence is by Theorem 8.6, as H + a, 7 H,\/n0,-0) 7 ¢, and their product is continuous.

This establishes (8.5)
When ¢ ~N (0, V), the right-hand-side of (8.9) equals

H'¢=H'N(©,V)=N(0,H'VH)

establishing (8.6). [ ]

8.16 Exercises
All questions assume a sample of independent random variables with 7 observations.
Exercise 8.1 Let X be distributed BernoulliP[X =1]=pandP[X =0]=1-p.
(a) Show that p =E[X].
(b) Write down the moment estimator p of p.
(c) Findvar[p].

(d) Find the asymptotic distribution of /7 (p - p) as n — co.
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Exercise 8.2 Find the moment estimator fi, of y}, = E[X?]. Show that v/ (I}, — i) — N (0, v?) for some

v%. Write v? as a function of the moments of X.

Exercise 8.3 Find the moment estimator fi of u} = E[X?| and show that /7 ({5 — u}) — N (0, v?) for

some v?. Write v? as a function of the moments of X.
Exercise 8.4 Let i = E[X*] for some integer k = 1. Assume E [X*¥] < co.
: : ~1 /
(a) Write down the moment estimator g of ..
(b) Find the asymptotic distribution of /7 (i}, — i} ) as n — oo.
Exercise 8.5 Let X have an exponential distribution with A =1.

(@) Find the first four cumulants of the distribution of X.

(b) Use the expressions in Section 8.4 to calculate the third and fourth moments of Z,, = /n (Xn - ,u)
for n=10, n =100, n = 1000

(c) How large does n be in order to for the third and fourth moments to be “close” to those of the
normal approximation. (Use your judgment to assess closeness.)

Exercise 8.6 Let my = ([EIXIk)I/k for some integer k = 1.

(a) Write down an estimator 771 of my.

(b) Find the asymptotic distribution of /7 (/71 — my) as n — oo.

Exercise 8.7 Assume /72 (6 - 6) —N (0, v2). Use the Delta Method to find the asymptotic distribution

of the following statistics

(@) 62
(b) 64
(c) 6%

d) 02+03
1

(e) —
1+62

1
1+exp(-0)
Exercise 8.8 Assume N
0,-6,
0,-0,
Use the Delta Method to find the asymptotic distribution of the following statistics

\/ﬁ( )7N(O,Z).

(@ 6,6,
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(b) exp (§1+§2)
(c) If6,#0,0,/0
(d) 63 +6,03

Exercise 8.9 Suppose /72 (6 6) — N (0, %) and set = 62 and B = 6°.

(a) Use the Delta Method to obtain an asymptotic distribution for \/n (B - ﬁ) .
(b) Now suppose 8 = 0. Describe what happens to the asymptotic distribution from the previous part.

(c) Improve on the previous answer. Under the assumption 8 = 0, find the asymptotic distribution for
3 n2
nf = no-.

(d) Comment on the differences between the answers in parts 1 and 3.

Exercise 8.10 Let X ~ U[0, b] and M, = max;<, X;. Derive the asymptotic distribution using the follow-
ing the steps.

(a) Calculate the distribution F(x) of U0, b].

(b) Show
Zn=n(Mn—b)=n(maxX,-—b)= max n(X;—b).

1<i<n 1<i<n

(c) Show that the CDF of Z;, is
X\
Gn(x)=P[Z, < x] = (F(b+ —)) .
n

(d) Derive the limit of G,,(x) as n — oo for x < 0.
n
Hint: Use lim;,_.o (1 + f) = exp(x).
n
(e) Derive the limit of G, (x) as n — oo for x = 0.

(f) Find the asymptotic distribution of Z,, as n — oo.

Exercise 8.11 Let X ~exponential(1) and M, = max;<;, X;. Derive the asymptotic distribution of Z; =
M, —logn using similar steps as in Exercise 8.10.



Chapter 9

Advanced Asymptotic Theory*

9.1 Introduction

In this chapter we present some advanced results in asymptotic theory. These results are useful for
those interested in econometric theory but are less useful for practitioners. Some readers may simply
skim this chapter. Students interested in econometric theory should read the chapter in more detail.
We present central limit theory for heterogeneous random variables, a uniform CLT, uniform stochastic
bounds, convergence of moments, and higher-order expansions. These later results will not be used in
this volume but are central for the asymptotic theory of bootstrap inference which is covered in Econo-
metrics.

This chapter has no exercises. All proofs are presented in Section 9.11 unless otherwise indicated.

9.2 Heterogeneous Central Limit Theory

There are versions of the CLT which allow heterogeneous distributions.

Theorem 9.1 Lindeberg Central Limit Theorem. Suppose for each n, X;;, i = 1,...,r, are independent
but not necessarily identically distributed with means E [X},;] = 0 and variances Uf”. =E [X,%l.] . Suppose

Gn,=Y" 02 >0andforalle>0

. 1 & 2 2 —2
lim — ) E[X,1{X}; z€0,,}] =0. 9.1)
05 i=1
Then as n — co .
Ziil Xni
—F— —N(@O,1).
On d

The proof of the Lindeberg CLT is advanced so we do not present it here. See Billingsley (1995, Theo-
rem 27.2).

The Lindeberg CLT is used by econometricians in some theroetical arguments where we need to treat
random variables as arrays (indexed by i and n) or heterogeneous. For applications it provides no special
insight.

The Lindeberg CLT is quite general as it puts minimal conditions on the sequence of means and
variances. The key assumption is equation (9.1) which is known as Lindeberg’s Condition. In its raw
form it is difficult to interpret. The intuition for (9.1) is that it excludes any single observation from
dominating the asymptotic distribution. Since (9.1) is quite abstract, in many contexts we use more
elementary conditions which are simpler to interpret. All of the following assume r;, = n.

180
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One such alternative is called Lyapunov’s condition: For some § >0
lim Lfﬂx #*0=0 9.2)
62+ ni - .

Lyapunov’s condition implies Lindeberg’s condition and hence the CLT. Indeed, the left-side of (9.1) is
bounded by

1 2 |Xm_|2+5

n=cogs (= | | Xpl®

1 n
< lim ———= Y E|X,;[**°
i=1

L{X}; = et}

by (9.2).
Lyapunov’s condition is still awkward to interpret. A still simpler condition is a uniform moment
bound: For some 6 >0

SupE| X120 < oo. (9.3)

n,i
This is typically combined with the lower variance bound

52
liminf — > 0. (9.4)

n—oco n
These bounds together imply Lyapunov’s condition. To see this, (9.3) and (9.4) imply there is some C < co
such that sup,, ;E [IXni|2+6] < C and liminf, . n_lﬁfl > C~!. Without loss of generality assume p,; = 0.

Then the left side of (9.2) is bounded by
C2+5/2

s e =

Lyapunov’s condition holds and hence the CLT.
An alternative to (9.4) is to assume that the average variance converges to a constant:

I n
o pl Y Uf”- — 0% < 0. (9.5)
n i=1
This assumption is reasonable in many applications.
We now state the simplest and most commonly used version of a heterogeneous CLT based on the

Lindeberg CLT.

Theorem 9.2 Suppose X;,; are independent but not necessarily identically distributed and (9.3) and (9.5)
hold. Then as n — oo

Vi (X, -E|X,) —N(0,0%).

One advantage of Theorem 9.2 is that it allows o = 0 (unlike Theorem 9.1).



CHAPTER 9. ADVANCED ASYMPTOTIC THEORY* 182

9.3 Multivariate Heterogeneous CLTs
The following is a multivariate version of Theorem 9.1.

Theorem 9.3 Multivariate Lindeberg CLI. Suppose that for all n, X,; € R, i = 1,...,r,,, are indepen-
dent but not necessarily identically distributed with mean E[X};;] = 0 and covariance matrices X,; =
E[XniX),].SetZ, =" | £,; and v5 = Amin(Z,). Suppose v > 0 and for all € > 0

1 2 2 2

r}l_{lgov—%i;[E[lanill {1 X ll* 2 evi}] =0. 9.6)
Then as n — oo

—1/2 ¢

T, ZXni7N(0,Ik).
i=1

The following is a multivariate version of Theorem 9.2.

Theorem 9.4 Suppose X,,; € R* are independent but not necessarily identically distributed with means
E[Xy;] = 0 and covariance matrices £,; =E[X,; X/ .]. SetZ, =n"' ¥ %,; . Suppose

¥, —-2>0

and for some 6 >0
supE || X,; 1>+ < co. 9.7)

n,i

Then as n — oo
\/ﬁX7N(O,Z).

Similarly to Theorem 9.2, an advantage of Theorem 9.4 is that it allows the covariance matrix X to be
singular.

9.4 Uniform CLT

The Lindeberg-Lévy CLT (Theorem 8.3) states that for any distribution with a finite variance, the sam-
ple mean is approximately normally distributed for sufficiently large n. This does not mean, however,
that a large sample size implies that the normal distribution is necessarily a good approximation. There
is always a finite-variance distribution for which the normal approximation can be made arbitrarily poor.

Consider the example from Section 7.12. Recall that X, < 1. This means that the standardized sample
mean satisfies

X _ [P

Juar[x,] VP

Suppose p = 1/ (n+1). The statistic is truncated at 1. It follows that the N(0,1) approximation is not
accurate, in particular in the right tail.

The problem is a failure of uniform convergence. While the standardized sample mean converges to
the normal distribution for every sampling distribution, it does not do so uniformly. For every sample
size there is a distribution which can cause arbitrary failure in the asymptotic normal approximation.

Similar to a uniform law of large numbers the solution is restrict the set of distributions. Unlike the
uniform WLLN, however, it is not sufficient to impose an upper moment bound. We also need to prevent
asymptotically degenerate variances. A sufficient set of conditions is now given.
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Theorem 9.5 Let % denote the set of distributions such that for some r >2, B<oo,and 6 >0,E|X|" < B
and var [X] = 6. Then for all x, as n — co

Vi (X, -ELx])
Pl—— 2 <x|-®x)|—0
i};g vvar[X] o (x)

where @ (x) is the standard normal distribution function.

Theorem 9.5 states that the standardized sample mean converges uniformly over & to the normal
distribution. This is a much stronger result than the classic CLT (Theorem 8.3) which is pointwise in &.

The proof of Theorem 9.5 is refreshingly straightforward. If it were false there would be a sequence
of distributions F;,, € &% and some x for which

Vi (X, -ELx))

P
" var [ X]

<x| - Px) (9.8)

fails, where P°;,, denotes the probability calculated under the distribution F,. However, as discussed after
Theorem 9.1, the assumptions of Theorem 9.5 imply that under the sequence F;, the Lindeberg condition
(9.1) holds and hence the Lindeberg CLT holds. Thus (9.8) holds for all x.

9.5 Uniform Integrability

In order to allow for non-identically distributed random variables we introduce a new concept called
uniform integrability. A random variable X is said to be integrable if E| X| = [ |x|dF < oo, or equiva-
lently if

oo
lim E[IX|1{X]|>M}]= lim |x|dF =0.
M—oo M—oo JMm

A sequence of random variables is said to be uniformly integrable if the limit is zero uniformly over the
sequence.

Definition 9.1 The sequence of random variables Z,, is uniformly integrable as n — oo if

lim limsupE[|Z,|1{|Z,] > M}] =0.
M—-oco p—co

If X; isii.d. and E|X]| < oo it is uniformly integrable. Uniform integrability is more general, allow-
ing for non-identically distributed random variables, yet imposing enough homogeneity so that many
results for i.i.d. random variables hold as well for uniformly integrable random variables. For example, if
X; is an independent and uniformly integrable sequence then the WLLN holds for the sample mean.

Uniform integrability is a rather abstract concept. It is implied by a uniformly bounded moment
larger than one.

Theorem 9.6 If for some r > 1, E| Z,|" < C < oo, then Zj, is uniformly integrable.

We can apply uniform integrability to powers of random variables. In particular we say Z;, is uni-
formly square integrable if | Z,,|? is uniformly integrable, thus if

im limsupk [|Z,1*1{|Z,1* > M}] = 0. 9.9)

1
M—o0 n—oo
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Uniform square integrability is similar (but slightly stronger) to the Lindeberg condition (9.1) when E% =
6 > 0. To see this, assume (9.9) holds for Z;, = X;;. Then for any € > 0 there is an M large enough so that
limsup,,_ E[Z21{Z% > M}] < €. Since eng4 — oo, we have
1 ¢ 2 2 —2 €d
— 1[E (X5, 1{X;; zeno,}| < = <e

noy, i- p

which implies (9.1).

9.6 Uniform Stochastic Bounds

For some applications it can be useful to obtain the stochastic order of the random variable

This is the magnitude of the largest observation in the sample {Xj, ..., X,;}. If the support of the distri-
bution of X; 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 under uniform integrability.

Theorem 9.7 If | X;|” is uniformly integrable then as n — oo

n~ " max | X;] — 0. (9.10)

1<isn
Equation (9.10) says that under the assumed condition the largest observation will diverge at a rate
slower than n'/”. As r increases this rate slows. Thus the higher the moments, the slower the rate of
divergence.

9.7 Convergence of Moments

Sometimes we are interested in moments (often the mean and variance) of a statistic Z;,,. When 2,
is a normalized sample mean we have direct expressions for the integer moments of Z,, (as presented in
Section 6.17). But for other statistics, such as nonlinear functions of the sample mean, such expressions
are not available.

The statement 7, - Z means that we can approximate the distribution of Z, with that of Z. In this

case we may think of approximating the moments of Z,, with those of Z. This can be rigorously justified
if the moments of Z,, converge to the corresponding moments of Z. In this section we explore conditions
under which this holds.

We first give a sufficient condition for the existence of the mean of the asymptotic distribution.

Theorem 9.8 If 7, —d> ZandE|Z,|<CthenE|Z|<C.

We next consider conditions under which E [Z,] converges to E[Z]. One might guess that the condi-
tions of Theorem 9.8 would be sufficient, but a counter-example demonstrates that this is incorrect. Let
Z,, be arandom variable which equals n with probability 1/n and equals 0 with probability 1 -1/n. Then
Zn 7 Z where P[Z = 0] = 1. We can also calculate that E[Z,] = 1. Thus the assumptions of Theorem

9.8 are satisfied. However, E[Z,] = 1 does not converge to E[Z] = 0. Thus the boundedness of moments
E|Z,l = C < oo is not sufficient to ensure the convergence of moments. The problem is due to a lack
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of what is called “tightness” of the sequence of distributions. The culprit is the small probability mass!

which “escapes to infinity”.
The solution is uniform integrability. This is the key condition which allows us to establish the con-
vergence of moments.

Theorem 9.9 If 7, —d» Z and Z,, is uniformly integrable then E[Z,] — E[Z].

We complete this section by giving conditions under which moments of Z, = v/n (Yn -E [?n]) con-
verge to those of the normal distribution. In Section 6.17 we presented exact expressions for the integer
moments of Z;,,. We now consider non-integer moments as well.

Theorem 9.10 If X,,; satisfies the conditions of Theorem 9.2, and sup,, ; E1Xp;l " < coforsome r > 2, then
forany 0 < s<r,E|Z,|® — E|Z|* where Z ~N(0,0?).

9.8 Edgeworth Expansion for the Sample Mean

The central limit theorem shows that normalized estimators are approximately normally distributed
if the sample size n is sufficiently large. In practice how good is this approximation? One way to mea-
sure the discrepancy between the actual distribution and the asymptotic distribution is by higher-order
expansions. Higher-order expansions of the distribution function are known as Edgeworth expansions.

Let G, (x) be the distribution function of the normalized mean Z,, = vn (Xn - u) /o for a random

sample. An Edgeworth expansion is a series representation for G, (x) expressed as powers of n 2 1t

equals
2

Gl(x) = (x) - n_m%Heg(x)([)(x) —n! Z—iHe‘g (x) + %Heg,(x)) $) +o(n)) 9.11)

where ®(x) and ¢(x) are the standard normal distribution and density functions, x3 and k4 are the third
and fourth cumulants of X;, and He;(x) is the j th Hermite polynomial (see Section 5.10).

Below we give a justification for (9.11).

Sufficient regularity conditions for the validity of the Edgeworth expansion (9.11) are E [ X*] < co and
that the characteristic function of X is bounded below one. This latter — known as Cramer’s condition —
requires X to have an absolutely continuous distribution.

The expression (9.11) shows that the exact distribution G, (x) can be written as the sum of the normal
distribution, a n~/2 correction for the main effect of skewness, and a n~! correction for the main effect
of kurtosis and the seconary effect of skewness. The n~!/2 skewness correction is an even function? of
x which means that it changes the distribution function symmetrically about zero. This means that this
term captures skewness in the distribution function G, (x). The n~! correction is an odd function® of
x which means that this term moves probability mass symmetrically either away from, or towards, the
center. This term captures kurtosis in the distribution of Z,,.

We now derive (9.11) using the moment generating function M, (¢) = E [exp (th)] of the normalized
mean Z,. For a more rigorous argument the characteristic funtion could be used with minimal change
in details. For simplicity assume p = 0 and 02 = 1. In the proof of the central limit theorem (Theorem
8.3) we showed that

M, () = exp(nK(ﬁ))

1 The probability mass at 7.
2A function f(x) is even if f(—x) = f(x).
3A function fx) isodd if f(—x) = —f(x).
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where K (¢) = log(E [exp (£X)]) is the cumulant generating function of X (see Section 2.24). By a series
expansion about ¢ = 0, the facts K(0) = K1 (0) = 0, K@ (0) = 1, K®(0) = x3 and K¥ (0) = x4, this equals

K3z K4 g -1
M, () = exp E+n Et +n ﬂt +o(n™")

K2
=exp (£2/2) + n~ % exp (£*/2) 583 nlexp (£/2) B 2346040 (n71). (9.12)
6 24 72
The second line holds by a second-order expansion of the exponential function.
By the formula for the normal MGE the fact Hey(x) = 1, and repeated integration by parts applying
Theorem 5.25.4, we find

exp(t2/2)=f e p(x)dx

= f e Hey(x)p(x)dx

—00

=t f e Hey (x)p(x)dx

—00

= t‘zf e Hey(x)p(x)dx

—00

= t_jf e"*Hej(x)p(x)dx.

—00

This implies that for any j =0,

exp (£%/2) tj:f e Hej(x)¢p(x)dx.

—0o0
Substituting into (9.12) we find

(o9}

Mn(t):f e“p(x)dx+ n*”z%f e Hes(x)¢p(x)dx

—00o
2

00 K
+n ! (%f e Hey(x)p(x)dx + 7—;

—00 —00

f etxHeg(x)(p(x)dx) +0 (n_l)

0o 2
:f et (q)(x) + n‘”z%Heg(xyp(x) T (:—:He4(x)(p(x) + %He6(x)<p(x))) dx

—00

:foo e'*d

where the third equality uses Theorem 5.25.4. The final line shows that this is the MGF of the distribution
in brackets which is (9.11). We have shown that the MGF expansion of Z,, equals that of (9.11), so they
are identical as claimed.

2
ks Y K
d(x)—n 6He2(x)<p(x) n (24He3(x)+72He5(x))<p(x))

9.9 Edgeworth Expansion for Smooth Function Model

Most applications of Edgeworth expansions concern statistics which are more complicated than
sample means. The following result applies to general smooth functions of means which includes most
estimators. This result includes that of the previous section as a special case.
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Theorem 9.11 If X; e R™ areii.d. for f=h () eR, 0 =E[g(X)] eR’, E|g (X)ﬂ4 < 00, h(u) has four con-
tinuous derivatives in a neighborhood of §, and E [exp (¢ || g (X)[|)] = B<1,for f=h(0),0=13" ¢(X)),

V=E|(g(0)-0)(g(X)-0) | and H= H(®), as n — oo

vn(B-p)
HVH

P <x| =0 +n 2 p1(0)px) +n p2(D)P(x) +o(n7t)

uniformly in x, where p; (x) is an even polynomial of order 2, and p;(x) is an odd polynomial of degree
5, with coefficients depending on the moments of g (X) up to order 4.

For a proof see Theorem 2.2 of Hall (1992).

This Edgeworth expansion is identical in form to (9.11) derived in the previous section for the sample
mean. The only difference is in the coefficients of the polynomials.

We are also interested in expansions for studentized statistics such as the t-ratio. Theorem 9.11 ap-
plies to such cases as well so long as the variance estimator can be written as a function of sample means.

Theorem 9.12 Under the asssumptions of Theorem 9.11, if in addition E || g (X)|® < oo, h(w) has five
continuous derivatives in a neighborhood of , H'VH > 0, and E [exp (t || g(X) ||2)] <B <1, for

V(=)

Az
and Vﬁ = H'V H as defined in Section 8.12,as n — oo
_ -1/2 -1 -1
PIT<x]=0x)+n "“p1(0)px)+n" p2(x)p(x) +o(n")

uniformly in x, where p; (x) is an even polynomial of order 2, and p»(x) is an odd polynomial of degree
5, with coefficients depending on the moments of g (X) up to order 8.

This Edgeworth expansion is identical in form to the others presented with the only difference ap-
pearing in the coefficients of the polynomials.

To see that Theorem 9.11 implies Theorem 9.12, define g (X;) as the vector stacking g (X;) and all
squares and cross products of the elements of g (X;). Set

_ 1 &
Hy=— Z g(Xl) .
ni=1
Notice h (@, H= H(@j and V = %2?21 g X gXy) - 60’ are all functions of i1,,. We apply Theorem 9.11
to v/nh(g,) where
= _ h(B)-h(y
i) =~

~~ =~

HVH

The assumption E H g(X) ||8 < oo implies E ||§(X) ||4 < 0o, and the assumptions that % (u) has five contin-
uous derivatives and H'V H > 0 imply that E(u) has four continuous derivatives. Thus the conditions of
Theorem 9.11 are satisfied. Hence Theorem 9.12 follows.

Theorem 9.12 is an Edgeworth expansion for a standard t-ratio. One implication is that when the
normal distribution ®(x) is used as an approximation to the actual distribution PP[T < x], the error is
0 (n—l/Z)

PIT<x]-0x) =n""?p0)¢px)+0(n)=0(n"1?).
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Sometimes we are interested in the distribution of the absolute value of the t-ratio |T|. It has the
distribution
P(TI<=x]=P[-x<T=<x]=P[T=<x]-P[T <x].

From Theorem 9.12 we find that this equals

Q) + 12 p1 (0 P(x) + nTL pa ()P (x)
—(@x) + 1200 + 17 pa(-0p(-0) +0(n7")
=20(x)— 1+ n 2p(0)p(x) + 0 (n7")

where the equality holds since ®(—x) = 1 - ®(x), d(—x) = ¢p(x), p1(—x) = p1(x) (since ¢ and p; are even
functions) and p, (—x) = —p2(x) (since p» is an odd function). Thus when the normal distribution 2®(x) -
1 is used as an approximation to the actual distribution P [| T'| < x], the error is O (n_l)

PIT| < x]-2D(x)-1) =n""2p(0)p(x) +o(n ') =0(n").

What is occurring is that the O (n_” 2) skewness term affects the two distributional tails equally and
offsetting. One tail has extra probability and the other has too little (relative to the normal approxima-
tion) so they offset. On the other hand the O(n™!) kurtosis term affects the two tails equally with the
same sign, so the effect doubles (either both tails have too much probability or both have too little prob-
ability relative to the normal).

There is also a version of the Delta Method for Edgeworth expansions. Essentially, if two random
variables differ by O, (ay) then they have the same Edgeworth expansions up to O(ay).

Theorem 9.13 Suppose the distribution of a random variable T has the Edgeworth expansion
P[T < x] = ®(x) +a,' p1(x)p(x) +o(a,')
and a random variable X satisfies X =T + 0, (a,!). Then X has the Edgeworth expansion
P[X < x] = ®(x) + a,' p1(0)d(x) + o (a,’).
To prove this result, the assumption X = T + 0, (a,') means that for any € > 0 there is n sufficiently
large such that P [|X — T| > a;,'e] <e. Then
PIX<x]<P[X<xI|X-Tl<a,'e]+e
<P[T<x+a,'e]+e
=®(x+a,'e)+a, pi(x+a, e)plx+a,e)+e+o(a,')
-1

a, €

< D) +a, prOP) + = +e+o0(ay))

2m
<®(x) +a, p1(0)p(x) +o(a,’)

the last inequality since € is arbitrary. Similarly, P [X < x] = ®(x) + n712p; (x)p(x) + 0 (a;;}).

9.10 Cornish-Fisher Expansions

The previous two sections described expansions for distribution functions. For some purposes it is
useful to have similar expansions for the quantiles of the distribution function. Such expansions are
known as Cornish-Fisher expansions. Recall, the ath quantile of a continuous distribution F(x) is the
solution to F(q) = a. Suppose that a statistic T has distribution G, (x) =P [T < x]. For any a € (0,1) its
a'™ quantile g, is the solution to G, (g,,) = a. A Cornish-Fisher expansion expresses ¢, in terms of the
a'" normal quantile g plus approximation error terms.
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Theorem 9.14 Suppose the distribution of a random variable T has the Edgeworth expansion
Gn(x) =P [T < x] = ®(x) + n~ "2 p1(0)p(x) + n~ p2(0)p(x) + 0 (n7 1)

uniformly in x. For some a € (0,1) let g, and g be the ath quantile of G, (x) and ®(x), respectively, that
is the solutions to G, (g,) = a and ®(g) = @. Then

dn=q+n""?pi(@+n"pa(@) +o(n™) 9.13)
where

p11(x) =—p1(x) (9.14)

p21(x) = —pa(x) + p1(x) py (x) — %xm (x)°. (9.15)

Under the conditions of Theorem 9.12 the functions p;; (x) and p»; (x) are even and odd functions of
x with coefficients depending on the moments of s (X) up to order 4.

Theorem 9.14 can be derived from the Edgeworth expansion using Taylor expansions. Evaluating the
Edgeworth expansion at g, substituting in (9.13), we have

a=Gyu(gn)
= () + 1 2 pi (@) d(@n) + 17 pa(gn)p(gn) + o (n7Y)
=0 (qg+n"pn (@) +n" par(q)

+n7 2 pi(g+n7 P pr(@)pza + 17 P p1i(g)
+ n—lpﬂ(q) +o(n™h.

Next, expand @ (x) in a second-order Taylor expansion about ¢, and p; (x) and ¢(x) in first-order expan-
sions. We obtain that the above expression equals

o(q) +n 2p(q) (P11 (@) + p1(@)

qp1(g)*
2

+n7 1 p(q) | par(q) - + P (@ p11(@) - ap1( @ p11(@) + pa(q) |+ o(n™h).

For this to equal @ we deduce that p;;(x) and p»;(x) must take the values given in (9.14)-(9.15).

9.11 Technical Proofs

Proof of Theorem 9.2 Without loss of generality suppose E[X};;] =0.
First, suppose that 02 = 0. Then var [\/ﬁfn] =05 —0%=0s0 ynX, — 0 and hence vnX, — 0.
The random variable N (0,6%) = N (0,0) is 0 with probability 1, so this is v/n X, —N (0,0?) as stated.

Now suppose that o2 > 0. This implies (9.4). Together with (9.3) this implies Lyapunov’s condition,
and hence Lindeberg’s condition, and hence Theorem 9.1, which states E;” 2 VnXny 7 N(0,1). Com-

bined with (9.5) we deduce 7 X, —N (0,0%) as stated. W

=1/
Proof of Theorem 9.3 Set A € R* with with A’A = 1 and define U,,; = ALZ ! 2Xm~. The matrix A'/? is called
a matrix square root of A and is defined as a solution to A/2A'/? = A. Notice that U,,; are independent
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and has variance a =) Z Zm ) and 7 _2 = Z = 1. It is sufficient to verify (9.1). By the
Schwarz inequality (Theorem 4.19),
— 2
2= (VE, " X
< VS, A X
I Xnill?
Anﬂn(in)
_ Xl
Vi
Then
1 I'n 9 I'n
— Z {02,272} = Y E[U21{U2; 2 ¢}]
l’l i=1 i=1
<=— Z (1017 {1 X017 = €V}
vy i
-0

by (9.6). This establishes (9.1). We deduce from Theorem 9.1 that

4 e ,
Y upi =A%, 7Y Xpi —N@O,D)=1Z
i=1 i=1 d
where Z ~ N (0, I). Since this holds for all A, the conditions of Theorem 8.4 are satisfied and we deduce
that .
—1/2 n
> Xni — N0, I)
i=1 d

as stated. [ |

Proof of Theorem 9.4 Set A € R* with A’A = 1 and define U,; = A'X,,;. Using the Schwarz inequality
(Theorem 4.19) and Assumption (9.7) we obtain

0
SupE| U 1" = supE [ X,,; | < IA117*0 supE 1 X1 1770 = supE | X, 120 <

n,i n,i n,i

which is (9.3). Notice that

S|

n 12 —
E(U%]=A=Y Znd=A"E,A - A'2A
ni n
i=1 i=1

which is (9.5). Since the U,; are independent, by Theorem 8.5,

AMVnX, = ZUm—>N(O/lZ)L) ANz
ni=1

where Z ~ N (0, ). Since this holds for all A, the conditions of Theorem 8.4 are satisfied and we deduce

that
VnX, —N@©3)

as stated. [ |
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Proof of Theorem 9.6 Fix ¢ > 0 and set M = (C/¢e)/"~V, Then

|Znl"

EllZnl 1{[Zy| > M}] = IZ = —— L{lZ,] > M}
n
_ENZu" 112y > M)
- Mr—l
r
- [EIZ,iI

Proof of Theorem 9.7 Take any 6 > 0. The event {max1< i<n| Xi| > 0nt'" } means that at least one of the
|X;| exceeds dn!'", which is the same as the event U, {IX;] > 6n''"} or equivalently U, {IX;I" > 6" n}.
By Booles’ Inequality (Theorem 1.2.6) and Markov’s 1nequahty (Theorem 7.3)

Pln V" max|X;|>6| =P
1<i<n

n
U1 > 6" n}
i=1

n
<) P[IXil">né"|
i=1

n(S’ Z[E[IXll 14{I1X;I" > né"}]

1
—maxE [|X;" 1{IX;|" > né"}].
0" isn

Since | X;|" is uniformly integrable, the final expression converges to zero as nd” — oco. This establishes
(9.10). [ |

Proof of Theorem 9.8 We first establish the following Expectation Equality. For any non-negative random
variable X with E [X] < oo,

(o0}
E[X] :f P[X >u]ldu. (9.16)
0
To show this, let F(u) be the distribution function of X and set F* () = 1 — F(u). By integration by parts
o0 o0 o0 o0
E[X] :f udF(u) = —f udF*(u) = — [uF*(u)]8°+f F*(u)du:f P[X > u]du.
0 0 0 0

Let F,(u) and F(u) be the distribution functions of | Z,| and | Z|. Using (9.16), Definition 8.1, Fatou’s
Lemma (Theorem A.24), again (9.16), and the bound E|Z,| < C,

[EIZI:f 1-Fx)dx
0
2[ lim (1-F,(x))dx
0 n—oo

oo
<liminf 1-Fy(x)dx

n—oo 0

=liminfE|Z,|<C
n—oo
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as required. ]

Proof of Theorem 9.9 Without loss of generality assume Z;, is scalar and Z,, = 0. Let aA b = min(a, b). Fix
€ > 0. By Theorem 9.8 Z is integrable, and by assumption Z, is uniformly integrable. Thus we can find
an M < oo such that for all large n,

E[Z-(ZAM)]=EI(Z-M)1{Z>M}|<E[Z1{Z>M}]<e

and
E[Zy— (Zy AM) =E[(Zy— M)1{Z, > M <E[Z,1{Z,> M}] <e.

The function (Z,, A M) is continuous and bounded. Since Z, 7 Z, boundedness implies E[Z, A M] —

E[Z A M]. Thus for n sufficiently large
E[(ZpAM)—(ZAM)]l<e.
Applying the triangle inequality and the above three inequalities we find
IE[Zn— ZI < |E[Zn — (Zn AMDI +E((Zn A M) = (ZAMI+IE[Z - (Z AM)]| < 3e.
Since € is arbitrary we conclude |E[Z,, — Z]| — 0 as required. [ |

Proof of Theorem 9.10 Theorem 9.2 establishes 7, 7 Z and the CMT establishes Z; 7 Z5. We now es-

tablish that Z; is uniformly integrable. By Lyapunov’s inequality (Theorem 2.11), Minkowski’s inequality
(Theorem 4.16), and sup,, ; E|X;;|" = B < oo,

1/2 1/r

(E1Xni —E[Xnil?) " < (E1 X0 —E[Xnill") " <2(E1Xpil")" < 2BY". 9.17)
The Rosenthal inequality (see Econometrics, Appendix B) establishes that there is a constant R, < oo such

that

Y (Xni —E[Xnil)
i=1

r n rl2 n
E er{(Z[E|Xm—E[Xm1|2) +Z[E|Xm-—[E[Xm1|’}

i=1 i=1
r)

n ri2 n
Y El Xy —[E[xm-1|2) + Y ElXp —[E[an-nr}
i=1 i=1

Therefore

1
[EIanrz—[E(
nr/2

n
Z (Xni —E[XniD)
i=1

- 1
- nr/2 Rr

<R, {(naB?")""* + n2" B}
n

<2"1R,B.

The second inequality is (9.17). This shows that E|Z,|" is uniformly bounded so | Z,|° is uniformly inte-
grable for any s < r by Theorem 9.6. Since |.Z,|* 7 | Z,|° and | Z,|* is uniformly integrable, by Theorem

9.9 we conclude that E|Z,|° — E|Z|® as stated. [ ]



Chapter 10

Maximum Likelihood Estimation

10.1 Introduction

A major class of statistical inference concerns maximum likelihood estimation of parametric models.
These are statistical models which are complete probability functions. Parametric models are especially
popular in structural economic modeling.

10.2 Parametric Model

A parametric model for X is a complete probability function depending on an unknown parameter
vector . (In many of the examples of this chapter the parameter 6 will be scalar but in most actual
applications the parameter will be a vector.) In the discrete case, we can write a parametric model as a
probability mass function 7 (X | 8). In the continuous case, we can write it as a density function f(x | 8).
The parameter 8 belongs to a set © which is called the parameter space.

A parametric model specifies that the population distribution is a member of a specific collection of
distributions. We often call the collection a parametric family.

For example, one parametric model is X ~ N (i, 0%), which has density f(x | p,0?) = o~ p((x— p)/0).
The parameters are € R and o > 0.

As another example, a parametric model is that X is exponentially distributed with density f(x|A) =
A~ lexp(-x/A) and parameter A > 0.

A parametric model does not need to be one of the textbook functional forms listed in Chapter 3.
A parametric model can be developed by a user for a specific application. What is common is that the
model is a complete probability specification.

We will focus on unconditional distributions, meaning that the probability function does not de-
pend on conditioning variables. In Econometrics we will study conditional models where the probability
function depends on conditioning variables.

The main advantage of the parametric modeling approach is that f(x | 0) is a full description of the
population distribution of X. This makes it useful for causal inference and policy analysis. A disadvan-
tage is that it may be sensitive to mis-specification.

A parametric model specifies the distribution of all observations. In this manuscript we are focused
on random samples, thus the observations are i.i.d. A parametric model is specified as follows.

Definition 10.1 A model for a random sample is the assumption that X;, i = 1,..., n, are i.i.d. with known
density function f(x | 8) or mass function 7 (x | 6) with unknown parameter 6 € ©.

193
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The model is correctly specified when there is a parameter such that the model corresponds to the
true data distribution.

Definition 10.2 A model is correctly specified when there is a unique parameter value 8, € © such that
f (x16p) = f(x), the true data distribution. This parameter value 6y is called the true parameter value.
The parameter 6 is unique if there is no other 6 such that f (x| 8y) = f (x| 8). A model is mis-specified
if there is no parameter value 6 € © such that f (x| 0) = f(x).

For example, suppose the true density s f(x) = 2e~2*. The exponential model f(x | A) = A ™' exp(-x/A)
is a correctly specific model with A¢g = 1/2. The gamma model is also correctly specified with fy = 1/2
and ag = 1. The lognormal model, in contrast, is mis-specified as there are no parameters such that the
lognormal density equals f(x) = 2e™ 2.

As another example suppose that the true density is f(x) = ¢(x). In this case correctly specified
models include the normal and the student t, but not, for example, the logistic. Consider the mixture of
normals model f (x| p, p1,0%, 42, 05) = pdo, (x — 1) + (1 = p)pg, (x — p2). This includes ¢p(x) as a special
case so it is a correct model, but the “true” parameter is not unique. True parameter values include
(p,p1,0%, 12,0%) = (p,0,1,0,1) for any p, (1,0,1, u2,03) for any up and o3, and (0, 1,07,0,1) for any
and a%. Thus while this model is correct it does not meet the above definition of correctly specified.

Likelihood theory is typically developed under the assumption that the model is correctly specified.
It is possible, however, that a given parametric model is mis-specified. In this case it is useful to discuss
the properties of estimation under the assumption of mis-specification. We do in the sections at the end
of this chapter.

The primary tools of likelihood analysis are the likelihood, the maximum likelihood estimator, and
the Fisher information. We will derive these sequentially and describe their use.

10.3 Likelihood

The likelihood is the joint density of the observations calculated using the model. Independence
of the observations means that the joint density is the product of the individual densities. Identical
distributions means that all the densities are identical. This means that the joint density equals the
following expression.

Fn. X%, 10) = fx1 10)f(x210) -+ f(x10) = [ f(xi16).
i=1

The joint density evaluated at the observed data and viewed as a function of 6 is called the likelihood
function.

Definition 10.3 The likelihood function is
n
Ly©) = f(Xy,.... Xn 10) =[] f(Xi 16)
i=1

for continuous random variables and ;
L,©) = []n(X;10)

i=1

for discrete random variables.
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In probability theory we typically use a density (or distribution) to describe the probability that X
takes specified values. In likelihood analysis we flip the usage. As the data is given to us, we use the
likelihood function to describe which values of 8 are most compatible with the data.

The goal of estimation is to find the value 8 which best describes the data — and ideally is closest to
the true value ). As the density function f(x | 8) shows us which values of X are most likely to occur
given a specific value of 8 the likelihood function L,(8) shows us the values of 8 which are most likely
to have generated the observations. The value of § most compatible with the observations is the value
which maximizes the likelihood. This is a reasonable estimator of 6.

Definition 10.4 The maximum likelihood estimator 0 of 0 is the value which maximizes L 2(0):

0 = argmax L, ().
0e®

Example: f(x|A) = A"'exp(~x/A). The likelihood function is

no( X; 1 X,
L,A) = 1_[ (X exp(—T)) = ﬁexp (— n/l )

i=1

The first order condition for maximization is

d 1 nfn nfn
dA

1 nfn
0:—Ln()t):—n/1n+1exp— N + —exp P

Cancelling the common terms and solving we find the unique solution which is the MLE for A:

1=X,.

This likelihood function is displayed in Figure 10.1(a) for Yn = 2. The arrow indicates the location of
the MLE.

T T T T
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 0.0 05 10 20 25 30

A A B=1/A
(a) Likelihood (b) Log Likelihood (c) Transformed Log Likelihood

Figure 10.1: Likelihood of Exponential Model

In most cases it is more convenient to calculate and maximize the logarithm of the likelihood func-
tion rather than the level of the likelihood.
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Definition 10.5 The log-likelihood function is

n
0n(0)=logL,(0) =) logf(X;10).
i=1
One reason why this is more convenient is because the log-likelihood is a sum of the individual log
densities rather than the product. A second reason is because for many parametric models the log den-
sity is computationally more robust than the level density.

Example: f(x|A) = A~ 'exp(-x/A). The log-density is log f(x | 1) = —logA — x/A. The log-likelihood
function is .

1 X X
(M) =logL,(N) =) (—log/l— Tl) =-—nlogA - n/ln.

i=1

Example: 7 (x|p) = p*(1 — p)!*. The log mass function is logn(x) = xlogp + (1 — x)1og(1 — p). The
log-likelihood function is

n — J—
Cn(p) =) Xilogp+(1-X;)log(l-p) = nX,logp+ n(l - Xn)log(l -p).
i=1

The maximizer of the likelihood and log-likelihood function are the same, since the logarithm is a
monotonically increasing function.

Theorem 10.1 8 = argmax?,(0).
[e}=(C)

Example: f(x | 1) = A~ !exp(—x/A). The first order condition is

d n nX,
0=Lp ny=-"1,12n
it M=t

The unique solution is A = X .. The second order condition is

> . n  _nX, n
Wén(/l)zﬁ—z 13 :—?<0.

n

This verifies that A is a maximizer rather than a minimizer. This log-likelihood function is displayed in
Figure 10.1(b) for X, = 2. The arrow indicates the location of the MLE, and the maximizers in panels (a)
and (b) are identical.

Example: 7 (x | p) = p*(1 — p)}~*. The first order condition is

d I’ZY n l—yn
0=—"0p(p)=—"- ( )
dp p 1-p

The unique solution is p = X ,,. The second order condition is

d2£ (ﬁ)__nyn_n(l_yn)__ n <0
n - ~ - ~ P .
dp? P (1-p? PO-P)

Thus p is the maximizer.
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10.4 Likelihood Analog Principle

We have suggested that a general way to construct estimators is as sample analogs of population
parameters. We now show that the MLE is a sample analog of the true parameter.
Define the expected log density function

) =E[logf(X10)]
which is a function of the parameter 6.

Theorem 10.2 When the model is correctly specified the true parameter 6y maximizes the expected log
density £(0).
0y = argmax/?(0).
0cO
For a proof see Section 10.20.
This shows that that the true parameter 8y maximizes the expectation of the log density. The sample
analog of £(0) is the average log-likelihood

— ]_ ]_ n
0n(0)=—0,(0)=—) logf(X;16)
n niz

which has maximizer 8, because normalizing by n~! does not alter the maximizer. In this sense the MLE
0 is an analog estimator of 6, as 8y maximizes ¢(0) and 8§ maximizes the sample analog ¢,(6).

Example: f(x|A) = AL exp(—x/A). The log density is log f(x | A) = —logA — x/A which has expected
value Erx A
¢(A) =E[log f(X | 1)] = E[~logA— X/A] = —logA — % = —logA— 7"

The first order condition for maximization is =1~ + 1912 = 0 which has the unique solution A = A¢. The
second order condition is negative so this is a maximum. This shows that the true parameter A is the
maximizer of E [log f(X | 1)].

Example: 7 (x| p) = p*(1 - p)!~*. The log density is logz(x | p) = xlogp + (1 — x)log (1 — p) which has
expected value

¢(p)=E[logn(X | p)] =E[Xlogp+(1—X)log(1-p)] = pologp+ (1 - po)log(1-p).

The first order condition for maximization is

@_ﬂzo
p 1l-p

which has the unique solution p = py. The second order condition is negative. Hence the true parameter
po is the maximizer of E [logz(X | p)].

Example: Normal distribution with known variance. The density of X is

C(x-w?
202 )

1
fxlw= We)‘p(
(2n0p)
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The log density is
1 (x—pw)?
1 = ——log(2no3) - :
ogf(x|pw 2 0g(2moy) 207
Thus [ 2] )
1 El(X-p) 1 (o — W) 1
0(p) = —=log(2m03) - ——— = ——log(2n03) — ———"— - —.
() =3 loglera) === 2 OB T T 55

As this is a quadratic in u we can see by inspection that it is maximizes at u = .

10.5 Invariance Property
A special property of the MLE (not shared by all estimators) is that it is invariant to transformations.

Theorem 10.3 If 6 is the MLE of 6 € R™ then for any transformation f8 = h(f) € R’ the MLE of f is E =
h(0).

For a proof see Section 10.20.

Example: f(x]|A) = )L_lexp(—x//l). We know the MLE is A = Xn. Set f = 1/A so h(A) = 1/A. The log
density of the reparameterized model is log f(x | 8) =log f — xB. The log-likelihood function is

2,(B) = nlogﬁ—ﬁnfn

which has maximizer B =1/X, = h(X,) as claimed. This log-likelihood function is displayed in Figure
10.1(c) for ?n = 2. The arrow indicates the location of the MLE which is §=1/2.

Invariance is an important property as applications typically involve calculations which are effec-
tively transformations of the estimators. The invariance property shows that these calculations are MLE
of their population counterparts.

10.6 Examples
To find the MLE we take the following steps:

1. Construct f(x|0) as a function of x and 6.

2. Take the logarithm log f(x | 6).

3. Evaluate at x = X; and sumover i: ¢,(0) = Z;’Zl log f(X;10).

4. If possible, solve the first order condition (EO.C.) to find the maximum.
5. Check the second order condition (S.0.C.) to verify that it is a maximum.

6. If solving the EO.C. is not possible use numerical methods to maximize ¢ ,(0).

Example: Normal distribution with known variance. The density of X is

1 (x—pw)?
f(xlp)z—exp(— )
(me%)l/z 203
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The log density is
1 (x—pw)?
1 =—=log(2no}) - .
ogf(x|p) = -7 log(2may) 202

The log likelihood is
n 1 &
Co(u) = ——log2nod) - — ¥ (X; - w?.
n(t) 2 g(2mo) 20% izz1(l g

The EO.C. for fiis

0

Em _Z(Xi—u)zo.

i=1

Sl
on| ™

The solution is
X,

=
Il

The S.0.C. is
2
L@ =—— <0
ou? o5

as required. The log-likelihood is displayed in Figure 10.2(a) for X, = 1. The MLE is indicated by the
0 15 20 25 3.0

arrow to the x-axis.
‘ ‘ /
1 2 3 0.5 1.
2

H a

-1 0

(@) Ny, 1) (b) N(0,5?)

Figure 10.2: Log Likelihood Functions

Example: Normal distribution with known mean. The density of X is

f(xlo%)= _ exp _—(x—uo)z
(27_[0_2)1/2 202 '
The log density is
logf(xl0%)= L 2m) Ly (%) - M
8 T2 08 2 %8 202
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The log likelihood is
2
2\ _ n n 2 anl (Xl _HO)
ly(0%) = — log(2m) - —-log(0™) - lT.

The EO.C. for 62 is ,
n + Z?:l (Xl - /JO)

0=-—
202 204
The solution is "
. 1
6% == (Xi— o)
niz
The S.O.C. is )
0° n X (Xi—Ho n
—zfn(az)zﬂ_%;'u):_ﬂ<o
6(02) 20 o 20

as required.

Example: X ~ U[0,0]. This is a tricky case. The density of X is
1

The log density is
—log@) O0=<x<@6
-0 otherwise.

logf(x]0) = {
Let M, = max;<, X;. The log likelihood is

-nlog@® M,<6
—00 otherwise.

gn(e):{

This is an unusually shaped log likelihood. It is negative infinity for 8 < M,, and finite for 8 = M,,. It takes
its maximum at 8 = M, and is negatively sloped for 6 > M,,. Thus the log-likelihood is maximized at M,,.
This means
6= maxXj.
1=n
Perhaps this is not surprising. By setting 6= rln<a}1xX,- the density U [0,8] is consistent with the observed

data. Among all densities consistent with the observed data this density has the highest density. This
achieves the highest likelihood and so is the MLE.

An interesting and different feature of this likelihood is that the likelihood is not differentiable at the
maximum. Thus the MLE does not satisfy a first order condition. Hence the MLE cannot be found by
solving first order conditions.

The log-likelihood is displayed in Figure 10.3(a) for M, = 0.9. The MLE is indicated by the arrow to
the x-axis. The sample points are indicated by the X marks.

Example: Mixture. Suppose that X ~ f (x) with probability p and X ~ f>(X) with probability 1 — p where
the densities fj and f, are known. The density of X is

fxlp)=fixp+ L)1 -p).

The log-likelihood function is

n
Cn(p) = Z log(fi(X;)p + f2(X;) (1 - p)).

i=1
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0.0 0.5 1.0 15 2.0 0.0 0.2 0.4 0.6 0.8 1.0

0 p
(a) Uniform (b) Mixture

Figure 10.3: Log Likelihood Functions

The EO.C. for p is
0= - [ (X)) = fo(X5)
S AXDP+ LXDA-p)
This does not have an algebraic solution. Instead, p must be found numerically.
The log-likelihood is displayed in Figure 10.3(b) for fi(x) = ¢(x—1) and fo(x) = ¢(x + 1) and given
three data points {—1,0.5,1.5}. The MLE p = 0.69 is indicated by the arrow to the x-axis. You can see
visually that there is a unique maximum.

Example: Double Exponential. The density is f(x | 0) ~2~!exp (- |x —0]). The log density is log f (x| 0) =
—log(2) — |x —0]. The log-likelihood is

0, 0)=-nlog2)- Y 1X;-0].
i=1

This function is continuous and piecewise linear in 8, with kinks at the n sample points (when the X;
have no ties). The derivative of ¢, (8) for 0 not at a kink point is

d n
%énw) = i;sgn (X;i-0)

where sgn (x) = 1 {x >0} — 1 {x < 0} is “the sign of x”. %( n (0) is a decreasing step function with steps of
size —2 at each of the the n sample points. %ﬁ n (0) equals n for 8 > max; X; and equals — 7 for 8 < min X;.
The EO.C. for 8 is

d n
Egn(QZZSgH(Xi—Qj:O-
i=1

To find the solution we separately consider the cases of odd and even n. If n is odd, %E n(0) crosses 0
atthe (n+1)/2 ordered observation (the (n+ 1)/2 order statistic) which correspond to the sample mean.
Thus the MLE is the sample median. If n is even, d%f n (0) equals 0 on the interval between the n/2 and
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n/2 +1 ordered observations. The EO.C. holds for all § on this interval. Thus any value in this interval
is a valid MLE. It is typical to define the MLE as the mid-point, which also corresponds to the sample
median. So for both odd and even n the MLE § equals the sample median.

Two examples of the log-likelihood are displayed in Figure 10.4. Panel (a) shows the log-likelihood for
asample with observations {1,2,3,3.5,3.75} and panel (a) shows the case of observations {1,2,3,3.5,3.75, 4}.
Panel (a) has an odd number of observations so has a unique MLE 6 = 3 which is indicated by the arrow.
Panel (b) has an even number of observations so the maximum is achieved by an interval. The midpoint
0 = 3.25 is indicated by the arrow. In both cases the log-likelihood is continuous piece-wise linear and
concave with kinks at the observations.

7 0\\ IR

1.0 15 20 25 3.0 35 4.0 1.0 15 20 25 3.0 35 4.0

0 0
(a) Odd n (b) Even n

Figure 10.4: Double Exponential Log Likelihood

10.7 Score, Hessian, and Information

Recall the log-likelihood function

n
0,0) =) logf(X;6).
i=1
Assume that f (x| 0) is differentiable with respect to 8. The likelihood score is the derivative of the like-
lihood function. When 6 is a vector the score is a vector of partial derivatives:

0 0
Sp@)=—=0,0=) —1 Xi0).
n(0) = =50n(0) ;ae ogf (X; 16)
The score tells us how sensitive is the log likelihood to the parameter vector. A property of the score is
that it is algebraically zero at the MLE: S, (6) = 0 when 0 is an interior solution.
The likelihood Hessian is the negative second derivative of the likelihood function (when it exists).
When 0 is a vector the Hessian is a matrix of second partial derivatives

2 n 2

0n0)=-) ———logf(X;l6).

70 O0) == 5050 ~ 5000’
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The Hessian indicates the degree of curvature in the log-likelihood. Larger values indicate that the like-
lihood is more curved, smaller values indicate a flatter likelihood.

The efficient score is the derivative of the log-likelihood for a single observation, evaluated at the
random vector X and the true parameter vector

0
Szﬁlogf(XIHO).

The efficient score plays important roles in asymptotic distribution and testing theory. An important
property of the efficient score is that it is a mean zero random vector.

Theorem 10.4 Assume that the model is correctly specified, the support of X does not depend on 8, and
0y lies in the interior of ©. Then the efficient score S satisfies E[S] = 0.

Proof: By the Leibniz Rule (Theorem A.22) for interchange of integration and differentiation

0
ﬁlogf(X | 6o)

0
—£[E[logf(X|60)]

E[S]=E

0
= %4(90)
=0.

The final equality holds because 6y maximizes ¢(6) at an interior point. £(0) is differentiable because
f (x186) is differentiable. |

The assumptions that the support of X does not depend on 8 and that 6 lies in the interior of ® are
examples of regularity conditions'. The assumption that the support does not depend on the parameter
isneeded for interchange of integration and differentiation. The assumption that 6 lies in the interior of
O is needed to ensure that the expected log-likelihood ¢(0) satisfies a first-order-condition. In contrast,
if the maximum occurs on the boundary then the first-order-condition may not hold.

Most econometric models satisfy the conditions of Theorem 10.4 but some do not. The latter models
are called non-regular. For example, a model which fails the support assumption is the uniform dis-
tribution U0, 8], as the support [0,0] depends on 6. A model which fails the boundary condition is the
mixture of normals f (x| p, p1,0%, 2, 05) = pde, (X — 1) + (1 = p)o, (x — pi2) when p=0or p=1.

Definition 10.6 The Fisher information is the variance of the efficient score:
Sy =E [SS’ ] .

Definition 10.7 The expected Hessian is
2
0600’

When f (x|6) is twice differentiable in 8 and the support of X does not depend on 8 the expected
Hessian equals the expectation of the likelihood Hessian for a single observation:

Ty = 2(6p).

02
by =—E|——log f (X160 ]|.
a600' °87
I These are conditions which hold in typical (regular) models, and are used as sufficient assumptions to ensure typical sam-
pling behavior.
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Theorem 10.5 Information Matrix Equality. Assume that the model is correctly specified and the sup-
port of X does not depend on 8. Then the Fisher information equals the expected Hessian: .9y = 5.

For a proof see Section 10.20.

This is a fascinating result. It says that the curvature in the likelihood and the variance of the score
are identical. There is no particular intuitive story for the information matrix equality. It is important
mostly because it is used to simplify the formula for the asymptotic variance of the MLE and similarly for
estimation of the asymptotic variance.

10.8 Examples

Example: f(x|A) = AL exp(—x/A). We know that E[X] = Ag and var [X] = A%. Thelogdensityislog(x|0) =
—log(A) — x/ A with expectation ¢ (1) = —log(A) — Ao/ A. The derivative and second derivative of the log
density are

d 1 x
Hlogf(xll) _ZJF P

X
F.

d2
T2 log f(x|A) =

The efficient score is the first derivative evaluated at X and Ay

d 1 X
S=—logf(X| Ay = +—

dA Ao A2
It has mean
Esj= -+ + 21 Ao,
Ao /13 Ao /1(2)
and variance
Sl 1, x| 1 X = R
var var | —— — var — = —.
Ao AZ /14 AS A2
The expected Hessian is
d? 1 A 1
0, = ———=0(Ag) = +20 = —.
dn? 2B A2
An alternative calculation is
d? 1 _E[X] 1 A 1
JO =E|——=1 XA +2——=——+4+2—=—.
=Bz o8 XA | == 4275 = = 275 =

Thus 1
F) =var[S] = /1— =)

and the information equality holds.

Example: X ~ N(0,0). We parameterize the variance as 0 rather than o2 so that it is notationally easier
to take derivatives. We know E [X] = 0 and var [X] = E [ X?] = 6. The log density is

2

log f(x]0) = ——10g(27r) - —log(G) - ;—9
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with expectation

1 1 6o
20) = - log(2m) — > log(@) — 20’
and with first and second derivatives
d x> x*-0
il | -y 7
29 08/ X 10)= =25+ 552 = g2
d? 1 x> 60-2x%
—1 O=——-—=——
a0z 08/ X0 = 25 — 55 = s

The efficient score is

d X?-6,
S=—1 X |0p) =
70 og f(X10o) 293
It has mean ,
X —
E[S]=E %1 _
262
and variance )
E[(X2-00)°] E[x'-2x20,+62] 362-202+62 1
varlSl=—— g = 40° T a0t 207
0 0 0 0
The expected Hessian is
d? 1 6, 1
Hy=—=0O)=—+—5=—.
0= "apr VT o T e T o2

Equivalently it can be found by calculating

2

d 2X2%2-0, 1
Ay =F|-—1 X160 |=E|=——| = —.
0 =E|~ggz o8/ (X100 203 | 202
Thus
Fg =var[S] = Hp

202
and the information equality holds.

Example: X ~ 27! exp (- |x—0)|) for x € R. The log density is log f(x | 0) = —log(2) — |x — 8]. The derivative
of the log density is

d
@logf(xIH)—sgn(x—Q).

The second derivative does not exist at x = 6. The efficient score is the first derivative evaluated at X and
0o

d
S= %logf(Xleo) =sgn (X —0p).

Since X is symmetrically distributed about 6y and S? = 1 we deduce that E[S] = 0 and E[S?] = 1. The
expected log-density is

2(0) =—-log(2) -E|X -0|
= —10g(2)—f |lx—=0|f (x|0p)dx

0 00
:—log(2)+f (x—H)f(xIBO)dx—/e (x—=0) f(x16p)dx.
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By the Leibniz Rule (Theorem A.22)

d 0 0o
%5(9) = (H—G)f(xlﬂo)—f f(xIHO)dx—(B—H)f(xlf)ong fx160p)dx
=1-2F(016y).

The expected Hessian is

d2

0= 40

d
£(6o) = _%(I_ZF(6|HO)) =2f(x0160) =1.

Hence
Fg=var[S]=1=HH

and the information equality holds.

10.9 Cramér-Rao Lower Bound

The information matrix provides a lower bound for the variance among unbiased estimators.

Theorem 10.6 Cramér-Rao Lower Bound. Assume that the model is correctly specified, the support
of X does not depend on 0, and 8 lies in the interior of ®. If 8 is an unbiased estimator of 6 then
var [0] = (n.%) L.

For a proof see Section 10.20.
Definition 10.8 The Cramér-Rao Lower Bound (CRLB) is (n.%) .

Definition 10.9 An estimator 0 is Cramér-Rao efficient if it is unbiased for 6 and var [5] = (nfg)_l.

The CRLB is a famous result. It says that in the class of unbiased estimators the lowest possible
variance is the inverse Fisher information scaled by sample size. Thus the Fisher information provides a
bound on the precision of estimation.

When 0 is a vector the CRLB states that the covariance matrix is bounded from below by the matrix
inverse of the matrix Fisher information, meaning that the difference is positive semi-definite.

10.10 Examples

Example: f(x|A) = A7 'exp(-x/A). We have calculated that .#; = A2, Thus the Cramér-Rao lower
bound is A2/n. We have also found that the MLE for 6 is 8 = X,,. This is an unbiased estimator and
Xn] = n~!var[X] = A2/ n which equals the CRLB. Thus this MLE is Cramér-Rao efficient.

var

Example: X ~ N(u,0?) with known o2. We first calculate the information. The second derivative of the
log density is
2 2

d a2 (1 ,
d—uzlogf(x | /J) = d_uz —Elog(Zna )

-\ _ 1
202 ) o?

Hence .9, = 0~2. Thus the CRLB is 6%/ n. The MLE is fi = X , which is unbiased and has variance var [fi] =
o?/n which equals the CRLB. Hence this MLE is Cramér-Rao efficient.
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Example: X ~ N(y, o?) with unknown p and 2. We need to calculate the information matrix for the
parameter vector 6 = (4, 02). The log density is

2
1 1 X —
log f (x| p,0%) = —Elog(ZJI) - Eloga2 - ( 20’5) .
The first derivatives are
0 X—U
S-logf (x1110%) =
2
0 2 1 (x-py)
do7 108/ (K1) = =5 + Togr
The second derivatives are
0° 1
a—uzlogf(“ﬂ»az) )
2
1 (x4
2 —_— —
3(02)? logf (x110%) = 357 =5
02 X—U
augor 08 S (1 wa®) = .
The expected Fisher information is
1 X—-pu
o? 20 iz 0
jg = [E 2 = g 1
Xop (Xopf L\ 0 55
204 ob 20*
The lower bound is )
_ 1 _[o%In 0
CRLB=(ngp) "' =| = © 4

Two things are interesting about this result. First, the information matrix is diagonal. This means
that the information for y and ¢ are unrelated. Second, the diagonal terms are identical to the CRLB

from the simpler cases where g or y is known.
Consider estimation of y. The CRLB is 0/ n which equals the variance of the sample mean. Thus the

sample mean is Cramér-Rao efficient.
Now consider estimation of o?>. The CRLB is 20*/n. The moment estimator > (which equals the
—\2
MLE) is biased. The unbiased estimator is s*> = (n— 1)~ " (Xl- -X ) . In the normal sampling model
this has the exact distribution 0?y%_, /(n — 1) which has variance
20*  20*

= >—
n—-1 n

2.2
an—l
n—-1

var [sz] =var

Thus the unbiased estimator is not Cramér-Rao efficient.

As illustrated in the last example, many MLE are neither unbiased nor Cramér-Rao efficient.
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10.11 Cramér-Rao Bound for Functions of Parameters
In this section we derive the Cramér-Rao bound for the transformation § = h(0). Set H = % h(6y)'.

Theorem 10.7 Cramér-Rao Lower Bound for Transformations. Assume the conditions of Theorem
10.6, % > 0, and that h(u) is continuously differentiable at . If § is an unbiased estimator of § then
var[f] =n"'H' 9, H.

For a proof see Section 10.20.
This provides a lower bound for estimation of any smooth function of the parameters.

10.12 Consistent Estimation

In this section we present conditions for (asymptotic) consistency of the MLE 0. Recall that 8 is
defined as the maximizer of the log-likelihood function. When there is no explicit algebraic solution for
6 we demonstrate the consistency of 0 through the properties of the likelihood function.

Write the average log-likelihood as

Y logf(X; 16).

- 1 1
Cn(0)=—0,00)=—
n ni=1

Since log f (X; | 8) is a transformation of X;, it is also i.i.d. The WLLN (Theorem 7.4) implies ?n @ 7

06) = E[log f (X |6)]. It seems reasonable to expect that the maximizer of ¢, (9) (which is 8) will con-
verge in probability to the maximizer of £(0) (which is 8p). This is generally true, though a few extra
conditions need to be satisfied to ensure this occurs.

Theorem 10.8 Assume

1. X;arei.i.d.

\S}

. E|log f (X 16)| = G(X) and E[G(X)] < oo.

w

. log f (X | 0) is continuous in 8 with probability one.
4. O is compact.

5. Forall 8 # 80y, £(0) > £(6)).
Then§790 as n — oo.

Theorem 10.8 shows that the MLE is consistent for the true parameter value under the stated as-
sumptions. The latter are weak and apply to most econometric models.

Assumption 1 states that the observations are i.i.d., which is the sampling framework used in this
textbook. Assumption 2 states that the log-density has an envelope with a finite expectation. This implies
that the log-density has a finite expectation.This is necessary in order to apply the WLLN.

Assumption 3 states that the log-density log f (X | 8) is almost surely continuous in the parameter. It
allows for discontinuities but only at points of zero probability. This condition is used to establish the
uniform law of large numbers for the sample average of the log-density. Other technical conditions can
be used in place of this assumption, see Section 18.5.
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Assumption 4 is technical. It states that the parameter space is compact. This assumption can be
omitted by a more detailed argument and a strengthening of Assumption 3.

Assumption 5 is the most critical condition. It states that 6 is the unique maximizer of ¢(6) and
excludes the possibility that lim; £(6;) = £(6o) for some sequence 6; € ©. This is an identification as-
sumption.

10.13 Asymptotic Normality

The sample mean is asymptotically normally distributed. In this section we show that the MLE is
asymptotically normally distributed as well. This holds even though we do not have an explicit expres-
sion for the MLE in most models.

The reason why the MLE is asymptotically normal is that in large samples the MLE can be approx-
imated by (a matrix scale of) the sample average of the efficient scores. The latter are i.i.d., mean zero,
and have a covariance matrix corresponding to the Fisher information. Therefore the CLT reveals that
the MLE is asymptotically normal.

One technical challenge is to construct the linear approximation to the MLE. A classical approach is
to apply a mean value expansion to the first order condition of the MLE. This produces an approximation
for the MLE in terms of the first and second derivatives of the log-likelihood (the likelihood score and
Hessian). A modern approach is to instead apply a mean value expansion to the first order condition for
maximization of the expected log density. It turns out that this second (modern) approach is valid under
broader conditions but is technically more demanding. We sketch the classical argument but state the
result under the modern conditions.

The MLE 6 maximizes the average log-likelihood 7, (6) so satisfies the first order condition

0 —

Since @ is consistent for 0, (Theorem 10.8) @ is close to 6 for n sufficiently large. This permits us to make
a first-order Taylor approximation of the above first-order condition about 8 = 8. For simplicity we will
ignore the remainder terms. This Taylor expansion leads to the expression

0=27 6) = ae(e)+ > ———0,,00) (0 —60)
0" 90 "% " apegr " 0 0
which can be re-written as
. 2 -1 o —
\/ﬁ(e—eo):( 0909'5”(60)) (\/ﬁﬁﬁn(eo)). (10.1)

The term in the inverse equals

n 52 5%
Z 50507 ——log f (X; IQO) [ —— log f (X; |90)] Hp.

1
nf 0000’

The second term in (10.1) equals
1 n

0
71 l—logf(Xl | 6o) —>N(0 Fp)

by the CLT since the vectors % log f (X; | Bp) are mean zero (Theorem 10.4), i.i.d., and have variance .%.
We deduce that
= -1 -1 -1
Vn(6-6) — HN(0,5p) = N(0, 7, F97,")=N(0,.9, ")
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where the final equality is the Information Equality (Theorem 10.5).

This shows that the MLE converges at rate n~'/2, is asymptotically normal with no bias term, and has
an asymptotic variance equal to the inverse Fisher information.

We now present the asymptotic distribution under full regularity conditions. Define

2

0
70 O= 500

E[logf (X 16)]. (10.2)
Let A be a neighborhood of 8.

Theorem 10.9 Assume the conditions of Theorem 10.8 hold, plus

5 2
1. [Euﬁlogf(XIHO)” < oo.
2. Hp(0) is continuous inf € A

3. % log f (X | 8) is Lipschitz-continuous in .4/, meaning that for all 8,,0, € A

< B(x) 101 — 02l

0 0
Hﬁlogf(xlel)—ﬁlogf(xlel)

where E [B(X)?] < oo.
4. FH > 0.
5. O is in the interior of ©.

6. Py =S5.

Then as n — oo
V(6 -6o) — N(0,.,1).

This shows that the MLE is asymptotically normally distributed with an asymptotic variance which
is the matrix inverse of the Fisher information. The proof is deferred to the chapter on M-estimation in
Econometrics.

Assumption 1 states that the efficient score has a finite second moment. This is required to apply the
central limit theory. Assumption 2 states that the second derivative of the expected log density is con-
tinuous near . This is required to ensure that the remainder terms from the expansion are negligible.
Assumption 3 states that the score is Lipschitz-continuous in the parameter. This is satisfied? in typical
applications.

Assumption 4 states that the expected Hessian is invertible. This is required otherwise the inversion
step of the proof is invalid. This excludes the possibility of redundant parameters. This assumption
is connected with identification. Singularity of the matrix %} occurs under a lack of identification, or
under weak identification. Assumption 5 is required to justify the mean value expansion. If the true
parameter is on the boundary of the parameter space the MLE typically has a non-normal asymptotic
distribution. Assumption 6 is the information matrix equality, which holds under Theorem 10.5 when
the model is correctly specified and the support of X does not depend on 6.

2 Alternatively, Assumption 3 could be replaced by a condition sufficient for asymptotic equicontinuity of the normalized
score process n~ /2 Z?:l % log f(X; | 6). This concept is defined in Section 18.6, with sufficient conditions in Section 18.7.
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10.14 Asymptotic Cramér-Rao Efficiency

The Cramér-Rao Theorem shows that no unbiased estimator has a lower covariance matrix than
(nfg)_l. This means that the variance of a centered and scaled unbiased estimatory/n (5 - 00) cannot
be less than fe‘l. We describe an estimator as being asymptotically Cramér-Rao efficient if it attains this
same distribution.

Definition 10.10 An estimator 6 is asymptotically Cramér-Rao efficient if /7 (5 —69) — ZwhereE[Z] =
Oandvar[Z] = Je_l.

Theorem 10.10 Under the conditions of Theorem 10.9 the MLE is asymptotically Cramér-Rao efficient.

Together with the Cramér-Rao Theorem this is an important efficiency result. What we have shown
is that the MLE has an asymptotic variance which is the best possible among unbiased estimators. The
MLE is not (in general) unbiased, but it is asymptotically close to unbiased in the sense that when cen-
tered and rescaled the asymptotic distribution is free of bias. Thus the distribution is properly centered
and (approximately) of low bias.

The theorem as stated does have limitations. It does not show that the MSE of the rescaled MLE
converges to the best possible variance. Indeed in some cases the MLE does not have a finite variance!
The asymptotic unbiasedness and low variance is a property of the asymptotic distribution, not a limiting
property of the finite sample distribution. The Cramér-Rao bound is also developed under the restriction
of unbiased estimators so it leaves open the possibility that biased estimators could have better overall
performance. The theory also relies on parametric likelihood models and correct specification which
excludes many important econometric models. Regardless, the theorem is a major step forward.

10.15 Variance Estimation

The knowledge that the asymptotic distribution is normal is incomplete without knowledge of the
asymptotic variance. As it is generally unknown we need an estimator.

Given the equivalence V = fe_l =Hy ! we can construct several feasible estimators of the asymptotic
variance V.

Expected Hessian Estimator. Recall the expected log density ¢ () and (10.2). Evaluated at the MLE the
latter is
oy =75 (0).

The expected Hessian estimator of the variance is
T _ ozl
Vo=, .
This can only be computed when #7% () is available as an explicit function of 8, which is not common.

Sample Hessian Estimator. This is the most common variance estimator. It is based on the formula for
the expected Hessian, and equals the second derivative matrix of the log-likelihood function

=13 ogr(xi10)=-2-2 1,
0= 0 & 000 08 )T T G000

V=7,
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The second derivative matrix can be calculated analytically if the derivatives are known. Alternatively it
can be calculated using numerical derivatives.

Outer Product Estimator. This is based on the formula for the Fisher Information. It is

~ 1 &[0
fe=—2(aelogf X; | 67)( log f (X | @)
V=,

These three estimators can be shown to be consistent using tools related to the proofs of consistency
and asymptotic normality.

Theorem 10.11 Under the conditions of Theorem 10.9
Vo—V
p
V,—V
p
Vo,—V
p
where V:Je_l :Jfg_l.
Asymptotic standard errors are constructed by taking the squares roots of the diagonal elements of
n~1V. When 6 is scalar this is s (§) = vV n-1V.

Example: f(x|A) = exp( x/A). Recall that A= Xn, the first and second derivatives of the log density
are Jhlog f (x| A) = —1/1 +x/A% and > log f (x| A) = 1/A% - 2x/A%. We find

_ 14 62 1 12Xl~ 12X,
HA) = — log f(X;|A) == =+
) n; Sz 08f (Xil b= n;( 2z 13) FPRESTE
_ 1 2X, 1
H=-—mgt—3 =
Hence —
Vw=W=X,
Also
1 X 2 12 X,'—/lz
FA)=— | XV =— —_—
@) ni:ZI(M og f(X;| )) nl;( P )
18 (x-x\ &2
F-sm-1 3 X -
i=1 Xn X
Hence .
. X
Vg—ﬁ.

A standard error for A is s(é) =n~Y2X, if V; or V; is used, or s(é) = n_”zfi/ﬁ ifs(@) =n~V2X, if V, is
used.
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10.16 Kullback-Leibler Divergence

There is an interesting connection between maximum likelihood estimation and the Kullback-Leibler
divergence.

Definition 10.11 The Kullback-Leibler divergence between densities f(x) and g(x) is

f))

KLIC(f,8) = [f(x)log( o

The Kullback-Leibler divergence is also known as the Kullback-Leibler Information Criterion, and
hence is typically written by the acronym KLIC. The KLIC distance is not symmetric, thus KLIC(f, g) #
KLIC(g, f).

(@) f(x) and g(x) (b) log(f(x)/g(x))

Figure 10.5: Kullback-Leibler Distance Measure

The KLIC is illustrated in Figure 10.5. Panel (a) plots two densities functions f(x) and g(x) with
similar but not identical shapes. Panel (b) plots log(f(x)/g(x)). The KLIC is the weighted integral of this
ratio, with most of the weight placed on the left of the graph where f(x) has the highest density weight.

Theorem 10.12 Properties of KLIC
1. KLIC(f, f) =0
2. KLIC(f,8)=0

3. f=argminKLIC(f, g)
g

Proof: Part 1 holds since log(f(x)/f(x)) = 0. For part 2, let X be a random variable with density f(x).
Then since the logarithm is concave, using Jensen’s inequality (Theorem 2.9)

g(X) )
1Og(f(X) =

|8

—KLIC(f, g) = 00

—logfg(x)dx 0
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which is part 2. Part 3 follows from the first two parts. That is, KLIC(f, g) is non-negative and KLIC(f, f) =
0. So KLIC(f, g) is minimized over g by setting g = f. |

Let fp = f (x| 0) be a parametric family with 0 € ©. From part 3 of the above theorem we deduce that
0o minimizes the KLIC divergence between f and fp.

Theorem 10.13 If f(x) = f (x| 6p) for some 6 € Oy then

6o = argminKLIC (£, fp).
[e)=(C)
This simply points out that since the KLIC divergence is minimized by setting the densities equal, the
KLIC divergence is minimized by setting the parameter equal to the true value.

10.17 Approximating Models

Suppose that fp = f (x| ) is a parametric family with 8 € ©. Recall that a model is correctly specified
if the true density is a member of the parametric family, and otherwise the model is mis-specified. For
example, in Figure 10.5 if the true density is f(x) but the approximating model g(x) is the class of log-
normal densities then there is no log-normal density which will exactly take the form f(x). The density
f(x) is close to log-normal in shape, but it is not exactly log-normal. In this situation the log-normal
parametric model is mis-specified.

Despite being mis-specified a parametric model can be a good approximation to a given density
function. Examine again Figure 10.5 and the density g(x). The latter happens to be alog-normal density.
It is a reasonably good approximation to f(x), though imperfect. Thus while the log-normal parametric
family is mis-specified, we can imagine using it to approximate g(x).

Given this concept a natural question is how to select the parameters of the log-normal density to
make this approximation. One solution is to minimize a measure of the divergence between densities. If
we adopt minimization of Kullback-Leibler divergence we arrive at the following criteria for selection of
the parameters.

Definition 10.12 The pseudo-true parameter 6, for a model fy which best fits the true density f based
on Kullback-Leibler divergence is
6o = argminKLIC (£, fy).
0e®

A good property of this definition is that it corresponds to the true parameter value when the model is
correctly specified. The name “pseudo-true parameter” refers to the fact that when fp is a mis-specified
parametric model there is no true parameter, but there is a parameter value which produces the best-
fitting density.

To further characterize the pseudo-true value, notice that we can write the KLIC divergence as

KLIC(f, fo) :ff(x)logf(x)dx—ff(x)logf(x|9) dx

= ff(x) log f(x)dx—¢(0)

where

2(0) fo(x)logf(xIH)dx:[E[logf(XIH)].

Since f fx)log f(x)dx does not depend on 6, 8y can be found by maximization of ¢(8). Hence 6y =

argmax/(0). This property is shared by the true parameter value under correct specification.
0e6
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Theorem 10.14 Under mis-specification, the pseudo-true parameter satisfies 8y = argmax ¢ (6).
0e®

This shows that the pseudo-true parameter, just like the true parameter, is an analog of the MLE
which maximizes the sample analog of ¢(8).

Indeed, the density g(x) shown in Figure 10.5 is a log-normal density with the parameters selected
to maximize ¢(0) when f(x) is the true density. Thus they are the parameters which would be consis-
tently estimated by MLE fit to observations drawn from f(x). This is the best-fitting log-normal density
function in the sense of minimizing the Kullback-Leibler divergence.

This means that the MLE has twin roles. First, it is an estimator of the true parameter 6y when the
model f (x| 0) is correctly specified. Second, it is an estimator of the pseudo-true parameter 8, other-
wise —when the model is not correctly specified. The fact that the MLE is an estimator of the pseudo-true
value means that MLE will produce an estimate of the best-fitting model in the class f (x| 8) whether or
not the model is correct. If the model is correct the MLE will produce an estimator of the true distri-
bution, but otherwise it will produce an approximation which produces the best fit as measured by the
Kullback-Leibler divergence.

10.18 Distribution of the MLE under Mis-Specification

We have shown that the MLE is an analog estimator of the pseudo-true value. Therefore the MLE will
be consistent for the pseudo-true value if the assumptions of Theorem 10.8 hold. The most important
condition for this extension is that 8 is a unique maximum. Under mis-specification this is a strong
assumption as it is possible that multiple sets of parameters could (in principle) be equivalently good
approximations.

One important implication of mis-specification concerns the information matrix equality. If we ex-
amine the proof of Theorem 10.5, the assumption of correct specification is used in equation (10.5) where
the model density evaluated at the true parameter cancels the true density. Under mis-specification this
cancellation does not occur. A consequence is that the information matrix equality fails.

Theorem 10.15 Under mis-specification, %y # #.

We can derive the asymptotic distribution of the MLE under mis-specification using exactly the same
steps as under correct specification. Examining our informal derivation of Theorem 10.9, the only place
where the correct specification assumption is used in in the final equality. Omitting this step we have the
following asymptotic distribution.

Theorem 10.16 Assume the conditions of Theorem 10.9 hold excluding Assumption 6. Then as n — oo
V(6 -6o) —N (0,7, gy 76,").
Thus the MLE is consistent for the pseudo-true value 6, converges at the conventional rate n~'/2,

and is asymptotically normally distributed. The only difference with the correct specification case is that
the asymptotic variance is 7, '.%).7," rather than .#,; 1.

10.19 Variance Estimation under Mis-Specification

The conventional estimators of the asymptotic variance of the MLE use the assumption of correct
specification. These variance estimators are inconsistent under mis-specification. A consistent estima-
tor needs to be an estimator of V = 7 lfgffgl. This leads to the plug-in estimator

V=297
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This estimator uses both the Hessian and outer product variance estimators. It is consistent for the
asymptotic variance under mis-specification as well as correct specification.

Theorem 10.17 Under the conditions of Theorem 10.16, as n — oo, 174 7 V.

Asymptotic standard errors for 0 are constructed by taking the square roots of the diagonal elements
of n~!'V. When 6 is scalar this is s(éj =V n~1V. These standard errors will be different than the con-
ventional MLE standard errors. This covariance matrix estimator V is called a robust covariance matrix
estimator. Similarly standard errors constructed from V are called robust standard errors. As the word
“robust” is used in a wide variety of situations it can often be confusing what is meant by “robust”. The
robustness for which V is relevant is mis-specification of the parametric model. The covariance matrix
estimator V is a valid estimator of the covariance matrix of the estimator 8 whether or not the model is
correctly specified. Thus V and the associated standard errors are “model mis-specification robust”.

The theory of pseudo-true parameters, consistency of the MLE for the pseudo-true values, and ro-
bust covariance matrix estimation was developed by Halbert White (1982, 1984).

Example: f(x| 1) = A~'exp(—x/A). We found earlier that the MLE is A = X, A = I/Yi, and 7 =5%/X .
It follows that the robust variance estimator is V = 7227 = X, 52/ X = 62.

Thelesson is that in the exponential model while the classical Hessian-based estimator for the asymp-
totic variance is th when we allow for potential mis-specification the estimator for the asymptotic vari-
ance is 62. The Hessian-based estimator exploits the knowledge that the variance of X is A2, while the
robust estimator does not make this information.

Example: X ~ N(0,02). We found earlier that the MLE for 62 is 6° = n ! Y7 X2, L log f(x | 0°) =

i’ do?
(x? - 0?) /20* and d’ log (x| 0?) = (0% —2x%) /20°. Hence

d(o?)?
12 -5%+2X%2
Ty = am
ni3 20 20
and )
121 (X%-62 72
P\ | s
n;3\ 20 40
where
o 1 2 ~2\2 2
D —;Z(Xi_‘f) = var [ X?].

It follows that the Hessian variance estimator is 171 =71 = 26*, the outer product estimator is \72 =
971 = 45%/7? and the robust variance estimator is V = .# 2.7 = 2.

The lesson is that the classical Hessian estimator 26* uses the assumption that E[X*] = 36*. The
robust estimator does not use this assumption and uses the direct estimator of the variance of X?.

These comparisons show a common finding in standard error calculation: in many cases there is
more than one choice. In this event which should be used? There are different dimensions by which
a choice can be made, including computation/convenience, robustness, and accuracy. The computa-
tion/convenience issue is that in many cases it is easiest to use the formula automatically provided by an
existing package, an estimator which is simple to program, and/or an estimator which is fast to compute.
This reason is not compelling, however, if the variance estimator is an important component of your re-
search. The robustness issue is that it is desirable to have variance estimators and standard errors which
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are valid under the broadest conditions. In the context of potential model mis-specification this is the ro-
bust variance estimator and associated standard errors. These provide variance estimators and standard
errors which are valid in large samples whether or not the model is correctly specified. The third issue,
accuracy, refers to the desire to have an estimator of the asymptotic variance which itself is accurate for
its target in the sense of having low variance. That is, an estimator V of V is random and it is better to
have a low-variance estimator than a high-variance estimator. While we do not know for certain which
variance estimator has the lowest variance it is typically the case that the Hessian-based estimator will
have lower estimation variance than the robust estimator because it uses the model information to sim-
plify the formula before estimation. In the variance estimation example given above the robust variance
estimator is based on the sample fourth moment, while the Hessian estimator is based on the square of
the sample variance. Fourth moments are more erratic and harder to estimate than second moments,
so it is not hard to guess that the robust variance estimator will be less accurate in the sense that it will
have higher variance. Overall, we see an inherent trade-off. The robust estimator is valid under broader
conditions, but the Hessian estimator is likely to be more accurate, at least when the model is correctly
specified.

Contemporary econometrics tends to favor the robust approach. Since statistical models and as-
sumptions are typically viewed as approximations rather than as literal truths, economists tend to prefer
methods which are robust to a wide range of plausible assumptions. Therefore our recommendation for
practical applied econometrics is to use the robust estimator V = AV G707,

10.20 Technical Proofs*

Proof of Theorem 10.2 Take any 6 # 6. Since the difference of logs is the log of the ratio

e cion) | <e(e| e )

The inequality is Jensen’s inequality (Theorem 2.9) since the logarithm is a concave function. The in-
equality is strict since f(X | 0) # f(X | 8p) with positive probability. Let f(x) = f(x | 8p) be the true
density. The right-hand-side equals

2(0) - 0(00) =E [log(f(X16)) —log(f(X 160)] =E

Og( ;((x||96:)f( dx ) g( ;(( ||(50))f( G0 )
=10g(ff(x|0)dx)
=log(1)

=0.
The third equality is the fact that any valid density integrates to one. We have shown that for any 6 # 0,
£(6) = E[log(f(X 10)] <log(f(X |6o).
This proves that 6y maximizes ¢(0) as claimed. [ ]
Proof of Theorem 10.3 We can write the likelihood for the transformed parameter as

Ly(B) = maXﬁ Ly (0).

The MLE for f maximizes L% (). Evaluating L, () at h (9) we find
(h(6)) = , e Lu6) = L,®).
=h(0)
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The final equality holds because 8 = 0 satisfies h@)=h ((9) and maximizes Ln(é) so is the solution. This
shows that L (1(6)) achieves the maximized likelihood. This means that & (8) = f is the MLE for f.
|

Proof of Theorem 10.5 The expected Hessian equals
62
- 3606’
5 ;
o |7z fX10)

—_9%plo0"___
0 | fx10

Sy = E[logf (X 160)]

L 4 6:00
:—i[E @f(XIH)

I 10.3
0 | F(X160) (10-3)

L 4 9:00
0 0
Ef(X | 90)@]0()( [ B9)

+[E
f(X60)?

(10.4)

The second equality uses the Leibniz Rule to bring one of the derivatives inside the expectation. The

third applies the product rule of differentiation. The outer derivative is applied first to the numerator of

the second line (this is (10.3)) and applied second to the denominator of the second line (this is (10.4)).
Using the Leibniz Rule (Theorem A.22) to bring the derivative outside the expectation, (10.3) equals

@ f(x10)
o=9,  0000"J f(x|60)

62
=T aeaefff(xle)dx

62
=— 1
0000’

=0.

@ [E[f(xun
000"~ | f(X 100)

fx100)dx

0260

(10.5)

0=06,

The first equality writes the expectation as an integral with respect to the true density f(x | 8p) under cor-
rect specification. The densities cancel in the second line due to the assumption of correct specification.
The third equality uses the fact that f(x | 8) is a valid model so integrates to one.

Using the definition of the efficient score S, (10.4) equals E [SS’ ] = Jp. Together we have shown that
Sy = Sy as claimed. [ ]

Proof of Theorem 10.6 Write x = (x1, ..., X;)’ and X = (X, ..., X;;)". The joint density of X is

fx10)=f(x110)x---x f(x,10).

The likelihood score is
S () = 0 ] X 6).
n(0) = 90 ng( | 6)

Let 6 be an unbiased estimator of §. Write it as 6 (X) to indicate that it is a function of X. Let Eg denote
expectation with respect to the density f(x | #), meaning Ey [g(X)]| = [ g(x) f(x | §)dx. Unbiasedness of



CHAPTER 10. MAXIMUM LIKELIHOOD ESTIMATION 219

6 means that its expectation is 6 for any value. Thus for all 6

0 =Eg [0 (X)] =f§(x)f(x|0)dx.

The vector derivative of the left side is 5

and the vector derivative of the right side is

ag/fH(x)f(xle)dx f@(x)@f(xle)dx

f@ (X) =— 30 logf(x10) f(x|0)dx.
Evaluated at the true value this is
E[6 (X)Sn (00)'] =E[(6—60) S (60)']
where the equality holds since E[S,, (69)] = 0 by Theorem 10.4. Setting the two derivatives equal we obtain
1, =E[(0-600)S,60)].
Let V =var [5 ] . We have shown that the covariance matrix of stacked 6 — 6o and S;, (0y) is

v I,

Since it is a covariance matrix it is positive semi-definite and thus remains so if we pre- and post-multiply
by the same matrix, e.g.

[ In —(ng)™! ][ V. In H T

v -1
Im ndy - (ngy)~! } =V-ond s
This implies V = (n.%) !, as claimed. ®

Proof of Theorem 10.7 The proof is similar to that of Theorem 10.6. Let = f(X) be an unbiased esti-
mator of 3. Unbiasedness implies

h@) =p=Ey[B(X)] = fﬁ(x)f(x |0)dx.

The vector derivative of the left side is

0
@h(H)

and the vector derivative of the right side is

ae,fﬁ(x)f(xlt?)dx fﬁ(x)agllogf(xIG)f(xle)dx
Evaluated at the true value this is

E[BSn(00)'] =E[(B - Bo) Sn(60)'].
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Setting the two derivatives equal we obtain
H'=E[(B~ o) Sn 00)'].
Post-multiply by .#, ! H to obtain
H' 2;"H=E[(B-Bo)Sn(00) 7, H].

For simplicity take the case of scalar B, in which case the above is a single equation. Applying the
expectation (Theorem 2.10) and Cauchy-Schwarz (Theorem 4.11) inequalities

H 2, 'H=|E[(B-Bo)Sn 00) 7, H||
<E|(B- o) Sn(60) I, ' H]|

< (E[(B-Bo) | E[(Sn00) 75 B)?] )1/2

1/2

1/2 1172
) (nH.2; " H)

which implies
var[B]=n"'H' 9, H.
|

Proof of Theorem 10.8 The proof proceeds in three steps. First, we show that ¢,,(0) - £(0) uniformly in

6. Second, we show that ¢(6) - £(0). Third, we show that this implies ) - 0.

We appeal to Theorem 18.2 of Chapter 18 setting g (x,0) = log f (x | 8) whose assumptions (part (c))
are satisfied by those stated for Theorem 10.8. Theorem 18.2 implies

sup
0e®

7.(0) - 00) H —0. (10.6)

That is the first step.
Since 6y maximizes ¢(0), £(8y) = ¢(0). Hence
0<¢(0,) - £
=0(00) — € (00) + £,8) — £(0) + £,,(60) — €,
< €(00) — £n(00) + £,(0) - £(0)

<2sup |2,0) - ¢)|

0O

— 0.

p

The second inequality uses the fact that 6 maximizes ?n @) so ?n (Bg) — ?n (5) < 0. The third inequality
replaces the two pairwise comparisons by the supremum. The final convergence is (10.6). This is the
second step.

The preceeding argument is illustrated in Figure 10.6. The figure displays the expected log density
¢(0) with the solid line, and the average log-likelihood ¢, (0) is displayed with the dashed line. The dis-
tances between the two functions at the true value 8, and the MLE 8 are marked by the two dotted lines.
The sum of these two lengths is greater than the vertical distance between ¢(8y) and ¢(0), because the
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Figure 10.6: Consistency of MLE

latter distance equals the sum of the two dotted lines plus the vertical height of the thick section of the
dashed line (between 2n (6p) and ?n@)) which is positive since ?n(ﬁ) > ?n(eo). The lengths of the dotted
lines converge to zero under (10.6). Hence ¢(8) converges to ().

In the third step of the proof we show 6 - 0. Pick € > 0. The fifth assumption implies that there is a

6 > 0 such that |6y — 08| > € implies £(6y) — £(6) = 6. This means that ||60 - §|| > ¢ implies ¢(0y) — f(@) >0.
Hence
P (|60 -0 >e€] <P [£(60) - £(0) = 5].

The right-hand-side converges to zero since (0) - £(0). Thus the left-hand-side converges to zero as
well. Since € is arbitrary this implies that 0 - 0 as stated.

To illustrate, again examine Figure 10.6. We see ¢ (5) marked on the graph of ¢(6). Since ¢ (@) con-
verges to ¢(0y) this means that ¢ ©) slides up the graph of ¢(0) towards the maximum. The only way for
0 to not converge to 8y would be if the function ¢(6) were flat at the maximum, and this is excluded by
the assumption of a unique maximum. [

10.21 Exercises

exp(—0)0*

Exercise 10.1 Let X be distributed Poisson: 7 (k) = i

for nonnegative integer k and 6 > 0.

(a) Find the log-likelihood function ¢, (6).

(b) Find the MLE 0 for .
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Exercise 10.2 Let X be distributed as N(y, 02). The unknown parameters are ¢ and o2

(a) Find the log-likelihood function ¢,,(u, ?).

(b) Take the first-order condition with respect to u and show that the solution for fi does not depend

0110'2.

(c) Define the concentrated log-likelihood function ¢, (fi,0%). Take the first-order condition for o

and find the MLE &2 for 0.
Exercise 10.3 Let X be distributed Pareto with density f(x) = xﬁ —forx=1land a>0.
(a) Find the log-likelihood function ¢, (a).
(b) Find the MLE & for a.
Exercise 10.4 Let X be distributed Cauchy with density f(x) = __ for xeR.

a1+ (x—0)2)
(a) Find the log-likelihood function ¢,(6).
(b) Find the first-order condition for the MLE 0 for 6. You will not be able to solve for 6.

1

Exercise 10.5 Let X be distributed double exponential with density f(x) = 5 exp(—|x —0]) for x e R.

(a) Find the log-likelihood function ¢, (6).

(b) Extra challenge: Find the MLE 6 for 6. This is challenging as it is not simply solving the FOC due to
the nondifferentiability of the density function.

Exercise 10.6 Let X be Bernoullin(X | p) = p*(1 - p)'~*.

(a) Calculate the information for p by taking the variance of the score.

(b) Calculate the information for p by taking the expectation of (minus) the second derivative. Did
you obtain the same answer?
Exercise 10.7 Take the Pareto model f(x) = ax @
second derivative.

, x = 1. Calculate the information for a using the

Exercise 10.8 Find the Cramér-Rao lower bound for p in the Bernoulli model (use the results from Ex-
ercise 10.6). In Section 10.3 we derived that the MLE for p is p = X,,. Compute var [ p|. Compare var [ p]
with the CRLB.

Exercise 10.9 Take the Pareto model, Recall the MLE @ for a from Exercise 10.3. Show that & - a by

using the WLLN and continuous mapping theorem.
Exercise 10.10 Take the model f(x) =0exp(-0x),x=0,0 >0.

(a) Find the Cramér-Rao lower bound for 6.

(b) Recall the MLE 0 for O from above. Notice that this is a function of the sample mean. Use this
formula and the delta method to find the asymptotic distribution for 6.
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(c) Find the asymptotic distribution for 6 using the general formula for the asymptotic distribution of
MLE. Do you find the same answer as in part (b)?

Exercise 10.11 Take the Gamma model

fixla ,B)Z'S—ax“_le_ﬁx x>0
’ I'(a) ’ '

Assume f is known, so the only parameter to estimate is a. Let g(a) = logI'(a). Write your answers in
terms of the derivatives g’ (a) and g” (a). (You need not get the closed form solution for these derivatives.)

(a) Calculate the information for «.

(b) Using the general formula for the asymptotic distribution of the MLE to find the asymptotic distri-
bution of v/n(@ — a) where & is the MLE.

(c) Letting V denote the asymptotic variance from part (b), propose an estimator V for V.
Exercise 10.12 Take the Bernoulli model.

(a) Find the asymptotic variance of the MLE. (Hint: see Exercise 10.8.)
(b) Propose an estimator of the asymptotic variance V.
(c) Show that this estimator is consistent for V as n — oo.

(d) Propose a standard error s(p) for the MLE p. (Recall that the standard error is supposed to ap-
proximate the variance of p, not that of the variance of /n(p — p). What would be a reasonable
approximation of the variance of p once you have a reasonable approximation of the variance of
Vn(p - p) from part (b)?)

Exercise 10.13 Supose X has density f(x) and Y = g+ o X. You have a random sample {Y7, ..., Y} from
the distribution of Y.

(a) Find an expression for the density fy(y) of Y.

(b) Suppose f(x) = Cexp(—a(x)) for some known differentiable function a(x) and some C. Find C.
(Since a(x) is not specified you cannot find an explicit answer but can express C in terms of an
integral.)

(c) Given the density from part (b) find the log-likelihood function for the sample {Y3, ..., Y} as a func-
tion of the parameters (u, o).

(d) Find the pair of EO.C. for the MLE (fI,5?). (You do not need to solve for the estimators.)
Exercise 10.14 Take the gamma density function. Assume a is known.

(a) Find the MLE ,3 for B based on a random sample {Xj,..., X;,}.

(b) Find the asymptotic distribution for /7 (5 - B).
Exercise 10.15 Take the beta density function. Assume 3 is known and equals f=1.

(@ Find f(x|a) = f(x]a,1).
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(b) Find the log-likelihood function L, (a) for & from a random sample {Xj, ..., Xj;}.

(c) Find the MLE @.

Exercise 10.16 Let g(x) be a density function of a random variable with mean y and variance o?. Let X
be a random variable with density function

fx10)=gx®(1+6(x—p)).

Assume g(x), u and o2 are known. The unknown parameter is 6. Assume that X has bounded support
so that f(x|8) = 0 for all x. (Basically, don't worry if f(x|8) =0.)

(a) Verify that /%0 f(x|0)dx=1.

(b) Calculate E[X].

(c) Find the information .# for 6. Write your expression as an expectation of some function of X.
(d) Find a simplified expression for .#y when 0 = 0.

(e) Given arandom sample {Xj, ..., X;;} write the log-likelihood function for 6.

(f) Find the first-order-condition for the MLE @ for 0. You will not be able to solve for 0.

(g) Using the known asymptotic distribution for maximum likelihood estimators, find the asymptotic
distribution for /7 (6 - 0) as n— oco.

(h) How does the asymptotic distribution simplify when 8 = 0?



Chapter 11

Method of Moments

11.1 Introduction

Many popular estimation methods in economics are based on the method of moments. In this chap-
ter we introduce the basic ideas and methods. We review estimation of multivariate means, moments,
smooth functions, parametric models, and moment equations.

The method of moments allows for semi-parametric models. The term semi-parametric is used
for estimation of finite-dimensional parameters when the distribution is not parametric. An example
is estimation of the mean 6 = E[X] (which is a finite dimensional parameter) when the distribution of

X is unspecified. A distribution is called non-parametric if it cannot be described by a finite list of
parameters.

To illustrate the methods we use the same dataset as in Chapter 6, but take the sub-sample of mar-

ried white male wage earners with 20 years potential work experience. This sub-sample has n = 529
observations.

11.2 Multivariate Means

The multivariate expectation of the random vector X is y = E[X]. The analog estimator is
- 23X
The asymptotic distribution of B is provided by Theorem 8.5:

vn(a—-p) —N@©2)

where X =var[X].
The asymptotic covariance matrix X is estimated by the sample covariance matrix
n

s=_ Ly (%=X (%0 - %)

n-1:3

This estimator is consistent for 2: £ — X. Standard errors for the elements of fi are square roots of the
P

diagonal elements of n~'Z.
Similarly, the expected value of any transformation g (X) is 6 = E[g (X)]. The analog estimator is

121
_Zg(Xl

:

225
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The asymptotic distribution of 0 is
Vn(6-6) — N(0,Vp)

where Vg = var [g (X)]. The asymptotic covariance matrix is estimated by

1
n-1

& !/
Vo= Y (s -0)(g(xn-0) . 11.1)
i=1

It is consistent for V: Vy — V. Standard errors for the elements of 0 are square roots of the diagonal
p

elements of n~1V,.
To illustrate, the sample mean and covariance matrix of wages and education are

ﬁwage =31.9
ﬁeducation =14.0

< [83 35
T 35 72 |

The standard errors for the two mean estimates are

S (ﬁwage) =v834/529=1.3
S (ﬁeducation) =v7.2/529=0.1

11.3 Moments

The m'" moment of X is Wy, =E[X™]. The sample analog estimator is
, 1 &
B == Z Xim :
ni=1
The asymptotic distribution of ﬁ;n is
V(= ) > N O, V)

where )
(X7 = i) | = E[X2™] = (E[X™])* = b2 = -

A consistent estimator of the asymptotic variance is

Vip=E

Vm =

Ly (xr - )2 v,

A standard error for fi,, is s (ﬁ/m) =\/n"1V,,.
To illustrate, Table 11.1 displays the estimated moments of the hourly wage, expressed in units of
$100. Moments 1 through 4 are reported in the first column. Standard errors are reported in the second

column.
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Table 11.1: Moments of Hourly Wage ($100)

Moment @y S(Hpn) Bm $(fn)

1 032 001 032 0.01
2 0.19 002 0.08 0.01
3 0.19 0.03 0.07 0.02
4 0.25 0.06 0.10 0.02

11.4 Smooth Functions
Many parameters of interest can be written in the form
p=h© =h(E[g0])

where X, g, and & are possibly vector-valued. When #h is continuously differentiable this is often called
the smooth function model. The standard estimators take the plug-in form

The asymptotic distribution of B is provided by Theorem 8.9

Vn(B-p)—N(0,vp)

0
where V= H'VgH, Vg =var g (X)| and H = ﬁh ©)'.

The asymptotic covariance matrix Vg is estimated by replacing the components by sample estima-
tors. The estimator of Vg is (11.1), that of H is

d
:aeh@

and that of Vgis

This estimator is consistent: Vﬁ — V.
p

We illustrate with three examples.
Example: Geometric Mean. The geometric mean of a random variable X is
p = exp (E [log(X)]).
In this case h(0) = exp(f). The plug-in-estimator equals
=exp (0)

1 n
— Z Og(Xl

=)

3
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Since H = exp (0) = f the asymptotic variance of E is
Vs = B0,
02 = E [log ) —E[log (X)]]°.

An estimator of the asymptotic variance is

~2 1 & 2
O — Y (log(X:)-0)".
i=1

In our sample the estimated geometric mean of wages is B = 24.9. It's standard error is s(fB) =

\/ 7L B26% =24.9x0.66//529 = 0.7.

Example: Ratio of Means. Take a pair of random variables (Y, X) with means (uy, ux). If ux > 0 the ratio
of their means is

_Hy
P px
In this case h(uy, ux) = py/px. The plug-in-estimator equals

ﬁY = ?n
,ZIX = Yn
iy
,B ==
Ux
We calculate
0 u 1
0 Uy Uy U
Hu) = =
0 u _ ﬂ
auz [2%) ug
Evaluated at the true values this is )
ux
H=
_ky
1y

Notice that )
(o oyx
VY,X = ( Y ) .
Oyx O'g(
The asymptotic variance of ,3 is therefore
2 2,2
g o g
Vo= H'VyxH= Y XKy | Oxtly

G 1y K

An estimator is ) ) o
0n = Sy o SxyHy  SxHy
B = ~2 ~3 ~4

15 155 125
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For example, let  be the ratio of the mean wage to mean years of education. The sample estimate is
B =31.9/14.0 = 2.23. The estimated variance is

o _ 834 35x319 72x 31.9%

=22
h =142 143 144

Vs 36 _
s(@_ﬁ_\/%_o.oa

Example: Variance. The variance of X is 0%=E [Xz] —(E[X])2. We can set gX)=(X, X2) and h(uy, 12) =
Uz — u%. The plug-in-estimator of o2 equals

3.6.

The standard error is

e (14 ’
==Y x2-|=Y x;| .
nim ! ni= l
We calculate 5
En (u2 - uf) 5
(2]
P , 1
oy (u2 - uf)
Evaluated at the true values this is
H:( —2E[X] )
1 .

Notice that
( var[X]  cov(X,X?) )
0 =

cov(X,X?) var[X?]
The asymptotic variance of 52 is therefore
V2 = H'VgH = var [ X?] - 4cov (X, X*)E[X] +4var [X] (E [X])?

which simplifies to
V2 = var[(X —E[X])?].
There are two ways to make this simplification. One is to expand out the second expression and verify
that the two are the same. But it is hard to go the reverse direction to see the simplification. The second
way is to appeal to invariance. The variance o? is invariant to the mean E [X]. So is the sample variance
2. Consequently the variance of the sample variance must be invariant to the mean E [X] and without
loss of generality can be set to zero, which produces the simplified expression (if we are careful to re-
center X at X —E[X]).
The estimator of the variance is

The standard error is s (62) = \/n~1 V2.

Take, for example, the variance of the wage distribution. The point estimate is 5> = 834. The estimate

—\2
of the variance of (X -X n) is V;2 =301 12. The standard error for 62 is

v 3011
5(62): %:ﬁzlgl.
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11.5 Central Moments
The m'" central moment of X (for m = 2) is
pm=E[(X-E[XD™].

By the binomial theorem (Theorem 1.11) this can be written as

m m m—
Hn =) (k)H) “pip™
k=0
k=2 k

1
=(=D" A - mp™ +Z( )( LR TATECL T

This is a nonlinear function of the uncentered moments k = 1, ..., m. The sample analog estimator is

wy(m%)”
i( )( Dl

=(-D"1-mX, +Z( )( DK AT T
k=2

n

~

Hm =

This estimator falls in the class of smooth function models. Since fi, is invariant to y we can assume
1= 0 for the distribution theory if we center X at p. Set X = X — 4,

X
52
Z = )
zm
and _ o o
var [ X| cov(X,X?) - cov(X,X™)
cov()~(2,)~() Var[)?z] COV(XZ,X’”)
Vg = ) ) . )
cov(Xm,X) cov(Xm,Xz) Var[Xm]
Set

m-1
hw=|D"A-mul"+ Y. ('Z) D" R a1, |
k=2

It has derivative vector
(=D (1= m)ymu" + T =D R () (m = k) ugeul

D ()2
H(u) = :

D () m
1
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Evaluated at the moments (and using u = 0),

We deduce that the asymptotic variance of i, is
V= HVyH
=m?u?,_ var[X| - 2mpy-1 cov(X™, X) +var [ X™]
= m? 8, var [X] = 2mpm—1 fim+1 + am — o
where we use var [ X™] = o, — g2, and

cov (X", X) =E[((X —E[XD" - ) X —EIXD] =E[(X -E[XD""'] = 1.

An estimator is
5 22 ~2 ~ ~ -~ ~2
Vi =ml5, 10" = 2mim-1fm+1 + f2m — U,

The standard error for fi, is s (Gm) = \/ 771 V.

To illustrate, Table 11.1 displays the estimated central moments of the hourly wage, expressed in units
of $100 for scaling. Central moments 1 through 4 are reported in the third column, with standard errors
in final column. The standard errors are reasonably small relative to the estimates, indicating precision.

11.6 Best Unbiased Estimation

Up to this point our only efficiency justification for the sample mean fi = X, as an estimator of the
population mean is that it BLUE - lowest variance among linear unbiased estimators. This is a limited
justification as the restriction to linear estimators has no convincing justification. In this section we give
a much stronger efficiency justification, showing that the mean is lowest variance among all unbiased
estimators. These results are due to Hansen (2020b).

Let & be the set of distributions F of random vectors X € R” such that E || X||2 < co. Let {X1, ..., Xy} be
a sample of i.i.d. draws from F. Set p =E[X] and £ = var [X].

The moment estimator of y is the sample mean fi = X,. It has the well-known properties [E [B] =1
and var [i] = n~'Z. We are interested if any other unbiased estimator fi has lower variance.

Theorem 11.1 If [i is unbiased for y for all F € & then var [fi] = n™1Z.

This is strict improvement on the BLUE theorem, as the only restriction on the estimator is unbiased-
ness.

Recall that the sample mean i = n™! i, X; is unbiased and has variance var [fi] = n"'Z. Combined
with Theorem 11.1 we deduce that no unbiased estimator (including both linear and nonlinear estima-
tors) can have a lower variance than the sample mean.

Theorem 11.2 Assume E | X||? < co. The sample mean [i = n1 Z;lzl X; has the lowest variance among all
unbiased estimators of .
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The key to the above results is unbiasedness. The assumption that an estimator fi is unbiased means
that it is unbiased for all data distributions satisfying the conditions of the theorem. This effectively rules
out any estimator which exploits special information. This is quite important. It can be natural to think
along the following lines: “If we only knew the correct parametric family F (x, &) for the distribution of X
we could use this information to obtain a better estimator.” The flaw with this reasoning is that this “bet-
ter estimator” would exploit this special information by producing an estimator which is biased when
this information fails to be correct. It is impossible to improve estimation efficiency without compro-
mising unbiasedness.

The proof of Theorem 11.1 is presented in Section 11.15.

11.7 Parametric Models

Classical method of moments often refers to the context where a random variable X has a parametric
distribution with an unknown parameter, and the latter is estimated by solving moments of the distribu-
tion.

Let f(x | B) be a parametric density with parameter vector § € R™. The moments of the model are

pi(B) = [ 5 fex 1 prax.

These are mappings from the parameter space to R.
Estimate the first m moments from the data, thus

1T E ok
niz1
k=1,..., m. Take the m moment equations
1 (B) =
tm (B) = Bim-

These are m equations and m unknowns. Solve for the solution B. This is the method of moments
estimator of . In some cases the solution can be found algebraically. In other cases the solution must
be found numerically.

In some cases moments other than the first m integer moments may be selected. For example, if the
density is symmetric then there is no information in odd moments above 1, so only even moments above
1 should be used.

The method moments estimator can be written as a function of the sample moments, thus E = h(q).
Therefore the asymptotic distribution is found by Theorem 8.9.

\/ﬁ(ﬁ—ﬁ)jN(O:Vﬁ)

where Vg = H V,H. Here, V, is the covariance matrix for the moments used and H is the derivative of
b (u)-



CHAPTER 11. METHOD OF MOMENTS 233

11.8 Examples of Parametric Models

Example: Exponential. The density is f(x | 1) = } exp(—5). In this model A = E[X]. The expected value
E[X] is estimated by the sample mean X ,,. The unknown A is then estimated by matching the moment
equation, e.g.
1=X,.
In this case we have the simple solution =X
In this example we have the immediate answer for the asymptotic distribution

ﬁ(i—a)7N(o,a§().

Given the exponential assumption, we can write the variance as ag( = A? if desired. Estimators for the

. . . ~ ~o 52 . . . .
asymptotic variance include O'g( and A2 = X, (the second is valid due to the parametric assumption).
Example: N (u,02). The mean and variance are u and 0. The estimators are fi = X, and 2.
Example: Gamma(a, 8). The first two central moments are

Exj=2
B

a
var [X] = E

Solving for the parameters in terms of the moments we find

_ (E[X)D?

B var [ X]

_ E[X]
p= var[X]

The method-of-moments estimators are

To illustrate, consider estimation of the parameters using the wage observations. We have X, = 31.9
and 62 = 834. This implies @ = 1.2 and = 0.04.
Now consider the asymptotic variance. Take &. It can be written as

~2
~ My
a=h(f, )= ——
2—M§
A-le.
,ul—ni:1 i
1 &,
IUZZE.ZXI"

The asymptotic variance is
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where
var [X] cov(X, X?)

cov(X,X?) var[X?]

and H is the vector of derivatives of 1 (1, t12). To calculate it:

0 L“Zz 2E [X] (var [X] + (E[X])?)
) O o — 2 (k2 = 143) var [ X[ ( 26(1+a) )
H Uy, u2) = = = = .
0 —2u ~2(E(X])’ -2
Opiz pip — (12— p2)° var[X]?

1
V2nv?
be calculated and matched to find estimators of 6 and v2. A simpler (and preferred) method is use the

property thatlog X ~ N (6, v?). Hence the mean and variance are 6 and v?, so moment estimators are the
sample mean and variance of log X. Thus

Example: Log Normal. The density is f (x| 0, v*) =

x texp (— (logx—6)° /2 vz). Moments of X can

Using the wage data we find 6 = 3.2 and 72 = 0.43.

Example: Scaled student t. X has a scaled student t distribution if T = (X —8)/v has a student ¢ distribu-
tion with degree of freedom parameter r. If r > 4 the first four central moments of X are

p=0

r o
p2=——v
H3=0
_ 3r? A
L

Inverting and using the fact that p4 = 3, (for the student t distribution) we can find that

O0=pu

2 Hal

V=S oo
2“4_3ﬂ2

. 4u4—6p§
s — 3445

To estimate the parameters (6, v, ) we can use the first, second and fourth moments. Let X ,, 52, and
[i4 be the sample mean, variance, and centered fourth moment. We have the moment equations

=X,
ﬁZ _ ﬁ462
20y — 364
47, — 664
G

fiy—36*
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Using the wage data we find 0 =32, 7® = 467 and 7 = 4.55. The point estimate for the degree of freedom

parameter is only slightly above the threshold for a finite fourth moment.

In Figure 11.1 we display the density functions implied by method of moments estimates using
four distributions. Displayed are the densities N(32,834), Gamma(1.2,0.04), LogNormal(3.2,0.43), and
t(32,467,4.55). The normal and t densities spill over into the negative x axis. The gamma and log normal

densities are highly skewed with similar right tails.

—— Normal

| ' —-—- Gamma
I ' ---- Log Normal
/ N e Student t

Figure 11.1: Parametric Models fit to Wage Data using Method of Moments

11.9 Moment Equations

In the previous examples the parameter of interest can be written as a nonlinear function of pop-
ulation moments. This leads to the plug-in estimator obtained by using the nonlinear function of the
corresponding sample moments.

In many econometric models we cannot write the parameters as explicit functions of moments.
However, we can write moments which are explicit functions of the parameters. We can still use the
method of moments but need to numerically solve the moment equations to obtain estimators for the
parameters.

This class of estimators take the following form. We have a parameter § € R* and a k x 1 function
m(x, B) which is a function of the random variable and the parameter. The model states that the expec-

tation of the function is known and is normalized so that it equals zero. Thus

E[m(X,pB)] =0.
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The sample version of the moment function is
— 1 &
my (B) = — 3 m(Xi, B).
i=1

The method of moments estimator ,3 is the value which solves the k nonlinear equations

7, (B) =0.

This includes all the explicit moment equations previously discussed. For example, the mean and
variance satisfy

We can set

The population moment condition is
E[m(X,u0%)]=0.

The sample estimator of E [m(X, u,0%)] is

0="mpy (#,0-2) - (
The estimators (fi, 52) solve
0=, (@,5%).

These are identical to the sample mean and variance.

11.10 Asymptotic Distribution for Moment Equations

An asymptotic theory for moment estimators can be derived using similar methods as we used for
the MLE. We present the theory in this section without formal proofs. They are similar in nature to those
for the MLE and so are omitted for brevity.

A key issue for nonlinear estimation is identification. For moment estimation this is the analog of the
correct specification assumption for MLE.

Definition 11.1 The moment parameter f is identified in B if there is a unique fy € B which solves the
moment equations
E[m(X,p)] =0.

We first consider consistent estimation.
Theorem 11.3 Assume

1. Xjisi.id.

2. |m(x,B)|| = M(x) and E[M(X)] < co.

3. m(X, p) is continuous in B with probability one..
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4. Bis compact.

5. Py is the unique solution to E [m(X, §)] = 0.

Assumptions 1-4 imply that the moment function 772, () is uniformly consistent for its expectation.
This along with Assumption 5 can be used to show that the sample solution B is consistent for the pop-
ulation solution fy.

We next consider the asymptotic distribution. Define the moment matrices

Q =var|[m(X, Bo)]

Q-=E

6 /
@M(X,ﬁo) ]

Let A4 be a neighborhood of f.

Theorem 11.4 Assume the conditions of Theorem 11.3 hold, plus
1. E [||m(X,,BO) ||2] < co.
2. %E [m(x,B)] is continuous in f e A
3. m(X, ) is Lipschitz-continuous in .4

4. Qis full rank.

5. By is in the interior of B.

Then as n — co

\/E(B—ﬂo)7N(o,V)

where V = Q QQ .

Assumption 1 states that the moment equation has a finite second moment. This is required to
apply the central limit theory. Assumption 2 states that the derivative of the expected moment equa-
tion is continuous near By. This is a required technical condition. Assumption 3 states that m (X, ) is
Lipschitz-continuous. This is to ensure that the normalized moment n~!/ 22?:1 m(X;, B) is asymptoti-
cally equicontinuous. Alternatives to Assumption 3 are discussed in Sections 18.6 and 18.7. Assumption
4 states that the derivative matrix Q is full rank. This is an important identification condition. It means
that the moment E [m(X, )] changes with the parameter f. It is what ensures that the moment has infor-
mation about the value of the parameter. Assumption 5 is necessary to justify a mean-value expansion.
If the true parameter lies on the boundary of the parameter space then then moment estimator will not
have a standard asymptotic distribution.

The variance is estimated by the plug-in principle.

7=0"0Q"

.1 ~ 2

Q=3 mX; Hm(X;,p)
i=1

~ 12 0 Y

Q= n;@ﬁm(Xl,ﬁ) .
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11.11 Example: Euler Equation

The following is a simplified version of a classic economic model which leads to a nonlinear moment
equation.
Take a consumer who consumes C; in period ¢t and Cy,; in period ¢ + 1. Their utility is

1
U (Cy, C1) = u(Cp) + EM(CHI)

for some utility function u(c) and some discount factor f. The consumer has the budget constraint

Crn1

t+1

C;+ =W

where W; is their endowment and R, = 1 + ;4 is the uncertain return on investment.
The expected utility from consumption of C; in period ¢ is

U*(Cy)=E

1
u(Cy) + B u(Wy—Cy) (Re41))

where we have substituted the budget constraint for the second period. The first order condition for

selection of C; is
Rei1

p

Suppose that the consumer’s utility function is constant relative risk aversion u(c) = 1 - a).
Then u'(c) = ¢~ % and the above equation is

0=1u'(C;)-E u' (Crr1)

_ Riv1 -
0=C"-E| e
which can be rearranged as
Ct+1)_a
E(R -p|=0
t+1( c, B

since Cy is treated as known (as it is selected by the consumer at time t).

For simplicity suppose that f is known. Then the equation is the expectation of a nonlinear equation
of consumption growth C;;1/Cy, the return on investment Ry, and the risk aversion parameter a.

We can put this in the method of moments framework by defining

_ Cre1)“
M(Rr41,Crs1,Cr, @) = Ryy 1 C -p.
t

The population parameter satisfies
E(m(Rr+1, Crv1, Cr, )] = 0.

The sample estimator of E [m(X, a)] is

m(a)—lfR (C”l)_a—ﬁ
n —nt:1 +1 Ct .

The estimator & solves
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The solution is found numerically. The function m,(«) tends to be monotonic in a so there is a unique
solution &.
The asymptotic distribution of the method of moments estimator is

\/ﬁ(a—a)—»N(o,V)

C
Rt+1( z+1) —,3]
([E " (cm)—“lo (cm) )2
t+1 C g C,
The asymptotic variance can be estimated by
2\ 2
1 Ct+1) 1& (Ct+1)a
=Y (r -=Y'R
n;( ”1( n; “1 ¢,

_ 2 .
¢ Cz+1 - Cri1
ZRm log| =

t

11.12 Empirical Distribution Function

var

~

V=

Recall that the distribution function of a random variable X is F(x) = P[X < x] = E[1 {X < x}]. Given
asample {Xj, ..., X;;} of observations from F, the method of moments estimator for F(x) is the fraction of
observations less than or equal to x.

n
Fn(x):lZ]l{Xisx}. (11.2)
niz
The function F; (x) is called the empirical distribution function (EDF).

For any sample, the EDF is a valid distribution function. (It is non-decreasing, right-continuous, and
limits to 0 and 1.) It is the discrete distribution which puts probability mass 1/ on each observation. It
is a nonparametric estimator, as it uses no prior information about the distribution function F(x). Note
that while F(x) may be either discrete or continuous, F,(x) is by construction a step function.

The distribution function of a random vector X € R™ is F(x) = P[X < x] = E[1 {X < x}], where the
inequality applies to all elements of the vector. The EDF for a sample {Xj, ..., X,,} is

n
Fp(x) = lZ]l{xisx}.
ni=1
As for scalar variables, the multivariate EDF is a valid distribution function, and is the probability distri-
bution which puts probability mass 1/n at each observation.

To illustrate, Figure 11.2(a) displays the empirical distribution function of the 20-observation sample
from Table 6.1. You can see that it is a step function with each step of height 1/20. Each line segment
takes the half open form [a, b). The steps occur at the sample values, which are marked on the x-axis
with with the crosses “X”.

The EDF F, (x) is a consistent estimator of the distribution function F(x). To see this, note that for
any x € R, 1{X; < x} is a bounded i.i.d. random variable with expectation F(x). Thus by the WLLN
(Theorem 7.4), F;, (x) - F (x).1Itis also straightforward to derive the asymptotic distribution of the EDE

Theorem 11.5 If X; € R™ are i.i.d. then for any x € R, as n — oo

V1 (Fp(x) — F(x)) — NO,Fx) 1 =F).
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(a) Empirical Distribution Function (b) Empirical Quantile Function

Figure 11.2: Empirical Distribution and Quantile Functions

11.13 Sample Quantiles

Quantiles are a useful representation of a distribution. In Section 2.9 we defined the quantiles for a
continuous distribution as the solution to a = F(g(a)). More generally we can define the quantile of any
distribution as follows.

Definition 11.2 For any «a € (0,1] the a” quantile of a distribution F(x) is g (@) = inf{x: F(x) = aj.

When F(x) is strictly increasing then g(a) satisfies F(q(a)) = a and is thus the “inverse” of the distri-
bution function as defined previously.

One way to think about a quantile is that it is the point which splits the probabilty mass so that 100a%
of the distribution is to the left of g(a) and 100(1 — @)% is to the right of g(a). Only univariate quantiles
are defined; there is not a multivariate version. A related concept are percentiles which are expressed in
terms of percentages. For any a the a" quantile and 100a'” percentile are identical.

The empirical analog of g(a) given a univariate sample {X, ..., X;;} is the empirical quantile, which
is obtained by replacing F(x) with the empirical distribution function F, (x). Thus

gd(a) =inf{x: F,(x) = a}.

It turns out that this can be written as the j*" order statistic X j) of the sample. (The j* " ordered sample
value; see Section 6.16.) Then Fy,(X(j)) = j/n with equality if the sample values are unique. Set j = [nal,
the value na rounded up to the nearest integer (also known as the ceiling function). Thus F;(X(;) =
j/n=a. Forany x < X(j), Fy(x) < (j—1)/n < a. As asserted, we see that X;) is the a'" empirical quantile.

Theorem 11.6 g(a) = X(;), where j = [na].

To illustrate, consider estimation of the median wage from the dataset reported in Table 6.1. In this
example, = 20 and a = 0.5. Thus na = 10 is an integer. The 10*" order statistic for the wage (the 10"
smallest observed wage) is wage(¢) = 23.08. This is the empirical median §(0.5) = 23.08. To estimate the
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0.66 quantile of this distribution, na = 13.2, so we round up to 14. The 14! h

0.66 quantile) is (0.66) = 31.73.

Figure 11.2(b) displays the empirical quantile function of the 20-observation sample from Figure
11.2(a). It is a step function with steps at 1/20, 2/20, etc. The height of the function at each step is the
associated order statistic.

A useful property of quantiles and sample quantiles is that they are equivariant to monotone trans-
formations. Specifically, let h(-) : R — R be nondecreasing and set W = h(Y). Let g”(a) and g% (a) be the
quantile functions of Y and W. The equivariance property is g% (a) = h(q” (a)). That is, the quantiles of
W are the transformations of the quantiles of Y. For example, the a’" quantile of log(X) is the log of the
a'" quantile of X.

To illustrate with our empirical example, the log of the median wage is log(4(0.5)) = 10g(23.08) = 3.14.
This equals the 10" order statistic of the log(wage) observations. The two are identical because of the
equivariance property.

The quantile estimator is consistent for g(a) when F(x) is strictly increasing.

order statistic (and empirical

Theorem 11.7 If F(x) is strictly increasing at g(a) then g(a) 7 g(a) as n — oo.

Theorem 11.7 is a special case of Theorem 11.8 presented below so its proof is omitted. The assump-
tion that F(x) is strictly increasing at g(a) excludes discrete distributions and those with flat sections.

For most users the above information is sufficient to understand and work with quantiles. For com-
pleteness we now give a few more details.

While Defintion 11.2 is convenient because it defines quantiles uniquely, it may be more insightful
to define the quantile interval as the set of solutions to a@ = F(g(a)). To handle this rigorously it is useful
to define the left limit version of the probability function F*(q) = P[X < x]. We can then define the a‘"
quantile interval as the set of numbers g which satisfy F*(q) < « < F(q). This equals [g(a), g* (a)] where
q(a) is from Definition 11.2 and g* (@) = sup{x: F*(x) < a}. We have the equality g* (@) = g(a@) when
F(x) is strictly increasing (in both directions) at g(«a).

We can similarly extend the definition of the empirical quantile. The empirical analog of the interval
[g(a), g* (a)] is the empirical quantile interval [§(a), §*+ (a)] where §(a) is the empirical quantile defined
earlier and " (a) = sup {x tFy(x) < (x} where F;; (x) = %Z?:l 1 (X; < x). We can calculate that when na
is an integer then §* (a) = X(j11) where j = [na] but otherwise §* (@) = X(j). Thus when na is an integer
the empirical quantile interval is [X(;), X(j+1)], and otherwise is the unique value X.

A number of estimators for g(a) have been proposed and been implemented in standard software.
We will describe four of these estimators, using the labeling system expressed in the R documentation.

The Type 1 estimator is the empirical quantile, 7' (a) = §(a).

The Type 2 estimator takes the midpoint of the empirical quantile interval [§(a), §* (a)]. Thus the
estimator is §(a) = (X ) + X(j+1))/2 when na is an integer, and X(j) otherwise. This is the method im-
plemented in Stata. Quantiles can be obtained by the summarize, detail, xtile, pctile, and _pctile
commands.

The Type 5 estimator defines m = na + 0.5, ¢ = int(m) (integer part), and r = m — ¢ (remainder).
It then sets §° (@) as a weighted average of X, and X,41), using the interpolating weights 1 —r and r,
respectively. This is the method implemented in MATLAB and can be obtained by the quantile com-
mand.

The Type 7 estimator defines m = na +1—-a, ¢ = int(m), and r = m— ¢. It then sets §' (@) as a
weighted average of X(») and X(¢+1), using the interpolating weights 1 — r and r, respectively. This is the
default method implemented in R, and can be obtained by the quantile command. The other methods
(including Types 1, 2, and 5) can be obtained in R by specifying the Type as an option.
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The Type 5 and 7 estimators may not be immediately intuitive. What they implement is to first
smooth the empirical distribution function by interpolation, thus creating a strictly increasing estimator,
and then inverting the interpolated EDF to obtain the corresponding quantile. The two methods differ
in terms of how they implement interpolation. The estimates lie in the interval [X(;-1), X(j+1] where
j = [nal, but do not necessarily lie in the empirical quantile interval [§ (@), §" (a)].

To illustrate, consider again estimation of the median wage from Table 6.1. The 10’ and 11*" order
statistics are 23.08 and 24.04, respectively, and na = 10 is an integer, so the empirical quantile interval
for the median is [23.08,24.04]. The point estimates are §'(0.5) = 23.08 and 42(0.5) = §°(0.5) = §'(0.5) =
23.56.

Consider the 0.66 quantile. The point estimates are Zil (0.66) = ?]2 (0.66) = 31.73, 675 (0.66) = 31.15, and
G'(0.66) = 30.85. Note that the latter two are smaller than the empirical quantile 31.73.

The differences can be greatest at the extreme quantiles. Consider the 0.95 quantile. The empirical
quantile is the 19" order statistic ' (0.95) = 43.08. §2(0.95) = §°(0.95) = 48.85 is average of the 19" and
20" order statistics, and g7 (0.95) = 43.65.

The differences between the methods diminish in large samples. However, it is useful to know that
the packages implement distinct estimates when comparing results across packages.

Theorem 11.7 can be generalized to allow for interval-valued quantiles. To do so we need a conver-
gence concept for interval-valued parameters.

Definition 11.3 We say that a sequence of random variables Z;, converges in probability to the interval
la, b] with a < b, as n — oo, denoted Z, 7 [a, b),ifforalle >0

Pla—e<Z,<b+e¢] 7 1.

This definition states that the variable Z, lies within € of the interval [a, b] with probability approach-
ing one.
The following result includes the quantile estimators described above (Types 1, 2, 5, and 7.)

Theorem 11.8 Let g(a) be any estimator satisfying X(;_1) < (@) < X(j+1) where j = [na]. If X; are i.i.d.
and 0 < a <1, then g(a) — [q(a),qt (a)] as n — oo.

The proofis presented in Section 11.15. Theorem 11.8 applies to all distribution functions, including
continuous and discrete.
The following distribution theory applies to quantile estimators.

Theorem 11.9 If X has a density f(x) which is positive at g(a) then

F(q(a)) (1 —F(q(a)))
f(g@)?

v (g(@ - q@) —N|0,

as n — oo.

The proof is presented in Section 11.15. The result shows that precision of a quantile estimator de-
pends on the distribution function and density at the point g(a). The formula indicates that precision is
relatively imprecise in the tails of the distribution (where the density is low).
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11.14 Robust Variance Estimation

The conventional estimator s of the standard deviation o can be a poor measure of the spread of the
distribution when the true distribution is non-normal. It can often be sensitive to the presence of a few
large observations and thus over-estimate the spread of the distribution. Consequently some statisti-
cians prefer a different estimator based on quantiles.

For a random variable X with quantile function g, we define the interquartile range as the differ-
ence between the 0.75 and 0.25 quantiles, R = .75 — g.25. A nonparametric estimator of R is the sample
interquartile range R = §.75 — §.25.

In general R is proportional to o though the proportionality factor depends on the distribution.
When X ~ N(u, o2) it turns out that R =~ 1.350. Hence ¢ =~ R/1.35. It follws that an estimator of ¢ (valid
under normality) is R/1.35. While the estimator is not consistent for o under non-normality the devia-
tion is small for a range of distributions. A further adjustment is to set

& =min (s, R/1.35).

By taking the smaller of the conventional estimator and the interquartile estimator, ¢ is protected against
being “too large”.

The robust estimator ¢ is not commonly used in econometrics as a direct estimator of the standard
deviation, but is commonly used a robust estimator for bandwidth selection. (See Section 17.9.)

11.15 Technical Proofs*

Proof of Theorem 11.1 Let the true density (or probability mass function in the discrete case) of X be
written as f(x). Assume that X > 0 as otherwise we can focus on a non-degenerate linear combination.
Set E[X] = up.

For some 0 < ¢ < oo define the function

e = (e o)1 (x| = e} ~E[(X - o) 1] X~ o] = }].
Notice that it satisfies E [y (X)] = 0and ||y (x)| < 2c. Set
Q. :[E[ujc (X) (X—uo)’] :[E[(X—po) (X — o) T{[| X — o = c}] .

Notice that as ¢ — oo, Q. — X. Assume that c is sufficiently large so that Q. > 0, which is feasible since
2 > 0. Define the class of parametric models indexed by c and p

fe(x 1) = £ 1+ (1= o) Q2w ()

where the parameter p takes values in the set M. = {u € R™: | Q' (u—po)| < 1/2¢}. For all p € M, and
all x, ’(,u— o) Q7 1w, (x)‘ < 1. We deduce that f (x| ) has the same support as f(x) and satisfies the
bounds f (x| p) =0and f; (x| ) <2f(x). Also, since E [y, (X)] =0,

[ feximaz= [ o+ [ rave ' dvez (u- )

= 1+E [y (0] Q" (u- o)
=1.

The function f; (x| p) is a thus valid probability model. Furthermore, f, (x| o) = f(x) so fo(x|p) is a
correctly specified model.



CHAPTER 11. METHOD OF MOMENTS 244

Use the notation E, to denote expectation with respect to the density fc (x| ¢). The expected value of
X in this parametric model is

Ec [X] =fxf(x)dx+fx1/fc 0 f(0)dx Q" (- o)

= ,UO +E [ch (X),] Q;l (IJ’ - IJO)
= p

since E[ Xy, (X)'| = Q.. Thus u is the mean of X in the model f (x| u).
The bound f; (x| 1) <2f(x) implies that the second moment of X in the model satisfies
EclIX11% < 2E[1X])? < oo.

We deduce that the model f;(x|u) has mean p and a bounded second moment. This implies that

fe(xlp)eZ.
The score of the model at the true value u = yy is

d
Se= ~-logfe(X|p)

6/.1 H=Ho
_ Q:'ye(X)
L+ (= o) Q2 e (X0 [ 1eyy

= Q. 'y (X).

The information matrix at u = g is therefore

S =var[Sc] =var[Q, 'y, (X)] = Q.'Z.Q;"

where

Ze=E[yc (X we(X)']
= Q. ~E[(X — o) T{[| X = o] = ¢} JE[(X — o) T{]| X — eol| = c}]
<Q,. (11.3)

By assumption, the estimator fi is unbiased for y for all F € &. Since f, (x| u) € & this means that
{ is unbiased for p in the model f; (x| p). The model f; (x| p) is correctly-specified, the support of X
does not depend on y, ., > 0, and the true value g lies in the interior of the parameter space M,. The
conditions for the Cramér-Rao Theorem (Theorem 10.6) are thus satisfied, which states that

var[f]=n ' =n71Q.20'Q. 2 7' Q, (11.4)
where the equality holds when p = g, and the second inequality is (11.3). Since (11.4) holds for any c,

var [fi] = limsupn™'Q,=n"'Z.
C—00
This is the statement of the theorem.

In order for the above argument to work the model f (x | ) must be a member of the class of distri-
butions allowed under the theorem. As a counter-example suppose that assumptions of the theorem are
restricted to symmetric distributions. (That is, asserting a lower bound on estimation of the mean within
symmetric distributions.) In this case the proof would fail because the model f, (x| ) is asymmetric
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when p # po. In this case the estimator g is only required to be unbiased for symmetric distributions
and need not be unbiased under f; (x| ). Hence the proof method would not apply. In contrast, the
proof method applies in the present context because the model f; (x| u) satisfies the assumptions of the
theorem. |

Proof of Theorem 11.8 Fixe > 0. Set 6; = F(g(a)) — F(q(a) —¢€). Note that §; > 0 by the definition of g(a)
and the assumption a = F(g(a)) > 0. The WLLN (Theorem 7.4) implies that

1 n
Fn(q(@)—e) = F(g(a)—€) = — Y 1{Xi<q(@)-€e}-E[1{X < g(a)—¢€}] —0
i=1

which means that there is a 77; < oo such that for all n = 7n;
P(|F(g(@) —€)—Fn(q(a) —€)| > 61/2) <e.
Assume as well that 72; > 2/6;. The inequality §(a) = X(j_1) means that (@) < g(a) — € implies
Folg@-e)=(j-1)/n=a-1/n.
Thus for all n =1,

P[§(a) < ga—€] <P[Fn(g(a)—€) = a—1/n]
=P[Fu(g(@)—€)—F(g(a)—¢€) =6, —1/n]
<P[|Fn(q(@)—€) - F(g(a)—€)| > 61/2] <e.

Now set 6, = F* (" (@) +€) — F*(¢* (@)). Note that §, > 0 by the definition of g* («) and the assump-
tion a = F*(g* (a)) < 1. The WLLN implies that

Fr(q(a)+e)—F'(q(a)+e) =

n
% 1{X;<q(@) +e} —E[1{X < g(a) +¢}] —0
i=1

which means that there is a 77, < oo such that for all n =7,
P(|Fy (q(a) +€) - F* (g(a) +€)| > 62/2] <e.
Again assume that 72, > 2/8,. The inequality §(a) < X(j+1) means that (@) > g* (@) + € implies
Fi(g'(@+e)<jin<sa+1/n.
Thus forall n =7,

P[d@)>qg (@) +€] <P[F; (g (@) +e)<a+1/n]
<P[F'(g" (@) +€e)-F,(g" (@) +€)>5,/2]
<P[|F;(qa)+€) - F (q(a) +¢)| >8,/2] <e.

We have shown that for all n = max[n;, 725]
Plg@) -e<q@)<qg*(a)+e|=1-2¢

which establishes the result. [ |
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Proof of Theorem 11.9 Fix x. By a Taylor expansion
vn(F(q@+n""2x)-a)=vn(F(q@)+n"?x)-F(q@)) = f(gl@)x+0n").

Consider the random variable U,,; = 1 {Xi =q(a)+ n~Y 2x}r. It is bounded and has variance

var [Uni] = F(q(a) + n™V2x) - F(q(a) + n~2x)" = F(q(@)) - F (q(@)?.

Therefore by the CLT for heterogeneous random variables (Theorem 9.2),
1 n
Vn(F, (g(a) + n_llzx) -F(q(a)+ n_l/zx)) =——

7 Upi — Z~N (0, F(g(a) (1 - F(q(a)))).

1

Then

P[vn(G@ - q@)<x]=P[G@ < gla) + n"?x] (11.5)
<P[F,(§(@) < Fp(q(@ +n""2x)]
=P[a<F,(q(a)+n )]
=P[vVn(a—F(q(a)+ n_l/zx)) <vn(F,(gq(a)+ n_l/zx) —-F(g(a@)+ n_llzx))]
=P[-f(g@)x+0(n™") < vVn(F,(q@+n""?x) - F(q(a) + n"'"?x))]
—P[-f(g@)x<Z]
=P[Z/f(g(@) < x].

Replacing the weak inequality < in the probability statement in (11.5) with the strict inequality < we find
that the first two lines can be replaced by

P[vnr(G@ - q@) < x] 2P [Fy (§(@) < Fy(q(a) + n~2x)]
which also converges to P[Z/ f(g(a)) < x]. We deduce that
P[vn(d@) -q@)<x]—-P[Z/f(g@) < x]

for all x.
This means that /71 (§(@) — g(a)) is asymptotically normal with variance F(q(@)) (1 - F(g(a))) / f (q(a))?
as stated. ]

11.16 Exercises
Exercise 11.1 The coefficient of variation of X is cv =100 x o/ where 02 =var[X] and p=E[X].

(a) Propose a plug-in moment estimator cv for cv.
(b) Find the variance of the asymptotic distribution of /7 (CV—cv).
(c) Propose an estimator of the asymptotic variance of Cv.

Exercise 11.2 The skewness of a random variable is

3
skew = ,u_3
o

where p3 is the third central moment.



CHAPTER 11. METHOD OF MOMENTS 247

(a) Propose a plug-in moment estimator skew for skew.

(b) Find the variance of the asymptotic distribution of \/n (sfeTv - skew) .
(c) Propose an estimator of the asymptotic variance of skew.

Exercise 11.3 A Bernoulli random variable X is

P[X=0l=1-p
PX=1]=p

(a) Propose a moment estimator p for p.
(b) Find the variance of the asymptotic distribution of vz (p - p).
(c) Use the knowledge of the Bernoulli distribution to simplify the asymptotic variance.

(d) Propose an estimator of the asymptotic variance of p.

Exercise 11.4 Propose a moment estimator 2 for the parameter A of a Poisson distribution (Section 3.6).

N

Exercise 11.5 Propose a moment estimator (p, 7) for the parameters (p, r) of the Negative Binomial dis-
tribution (Section 3.7).

Exercise 11.6 You travel to the planet Estimation as part of an economics expedition. Families are orga-
nized as pairs of individuals identified as alphas and betas. You are interested in their wage distributions.
Let X,, X;, denote the wages of a family pair. Let uq, up, 02, a%} and o, denote the means, variances,
and covariance of the alpha and beta wages within a family. You gather a random sample of n families
and obtain the data set {(X41, Xp1), (Xa2, Xp2) » ---» Xan, Xpn)}. We assume that the family pairs (Xg;, Xp;)
are mutually independent and identically distributed across i.

(a) Write down an estimator 8 for 6 = Up— Ua, the wage difference between betas and alphas.
(b) Find var[X} — X,]. Write it in terms of the parameters given above.

(c) Find the asymptotic distribution for \/n (§ - 8) as n — oco. Write it in terms of the parameters given
above.

(d) Construct an estimator of the asymptotic variance. Be explicit.

Exercise 11.7 You want to estimate the percentage of a population which has a wage below $15 an hour.
You consider three approaches.

(a) Estimate a normal distribution by MLE. Use the percentage of the fitted normal distribution below
$15.

(b) Estimate a log-normal distribution by MLE. Use the percentage of the fitted normal distribution
below $15.

(c) Estimate the empirical distribution function at $15. Use the EDF estimate.

Which method do you advocate. Why?
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Exercise 11.8 You believe X is distributed exponentially and want to estimate 8§ = P[X > 5]. You have

the estimate X, = 4.3 with standard error s(fn) = 1. Find an estimate of 6 and a standard error of
estimation.

Exercise 11.9 You believe X is distributed Pareto(a, 1). You want to estimate a.

(a) Use the Pareto model to calculate P [X < x].

(b) You are given the EDF estimate F,(5) = 0.9 from a sample of size n = 100. (That is, F,(x) = 0.9 for
x =5.) Calculate a standard error for this estimate.

(c) Use the above information to form an estimator for . Find @ and a standard error for @.
Exercise 11.10 Use Theorem 11.9 to find the asymptotic distribution of the sample median.

(a) Find the asymptotic distribution for general density f(x).
(b) Find the asymptotic distribution when f(x) ~ N (u, 02).

(c) Find the asymptotic distribution when f(x) is double exponential. Write your answer in terms of
the variance o2 of X.

(d) Compare the answers from (b) and (c). In which case is the variance of the asymptotic distribution
smaller? Do you have an intuitive explanation?

Exercise 11.11 Prove Theorem 11.5.



Chapter 12

Numerical Optimization

12.1 Introduction

The methods of moments estimator solves a set of nonlinear equations. The maximum likelihood es-
timator maximizes the log-likelihood function. In some cases these functions can be solved algebraically
to find the solution. In many cases, however, they cannot. When there is no algebraic solution we turn
to numerical methods.

Numerical optimization is a specialized branch of mathematics. Fortunately for us econometricians,
experts in numerical optimization have constructed algorithms and implemented software so we do not
have to do so ourselves. Many popular estimation methods are coded into established econometrics
software such as Stata so that the numerical optimization is done automatically without user interven-
tion. Otherwise numerical optimization can be performed in standard numerical packages such as MAT-
LAB and R.

In MATLAB the most common packages for optimization are fminunc, fminsearch and fmincon.
fminunc is for unconstrained minimization of a differentiable criterion function using quasi-Newton
and trust-region methods. fmincon is similar for constrained minimization. fminsearch is for mini-
mization of a possibly non-differentiable criterion function using the Nelder-Mead algorithm.

In R the most common packages are optimize, optim, and constrOptim. optimize is for one-
dimensional problems, optim is for unconstrained minimization in dimensions exceeding one, and
constrOptim for constrained optimization. The latter two allow the user to select among several mini-
mization methods.

It is not essential to understand the details of numerical optimization to use these packages but it
is helpful. Some basic knowledge will help you select the appropriate method and understand when
to switch from one method to another. In practice, optimization is often an art, and knowledge of the
underlying tools improves our use.

In this chapter we discuss numerical differentiation, root finding, minimization in one dimension,
minimization in multiple dimensions, and constrained minimization.

12.2 Numerical Function Evaluation and Differentiation

The goal in numerical optimization is to find a root, minimizer, or maximizer of a function f(x) of
areal or vector-valued input. In many estimation contexts the function f(x) takes the form of a sample
moment f (0) = X!, m(X;,0) but this is not particularly important.

The first step is to code a function (or algorithm) to calculate the function f(x) for any input x. This

249
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requires that the user writes an algorithm to produce the output y = f(x). This may seem like an ele-
mentary statement but it is helpful to be explicit.

Some numerical optimization methods require calculation of derivatives of f (x). The vector of first
derivatives

0
gx) = af (x)
is called the gradient. The matrix of second derivatives

2

H(x) =
(%) 0x0x’

fx

is called the Hessian.

The preferred method to evaluate g(x) and H(x) is by explicit algebraic algorithms. This requires
that the user provides the algorithm. It may be helpful to know that many packages (including MATLAB,
R, Mathematica, Maple, Scientific Workplace) have the ability to take symbolic derivatives of a function
f (x). These expressions cannot be used directly for numerical optimization but may be helpful in de-
termining the correct formula. In MATLAB use the function diff; in R use deriv. In some cases the
symbolic answers will be helpful; in other cases they will not be helpful as the result will not be compu-
tational.

Take, for example, the normal negative log-likelihood

Z (Xl “)2
2y
f(wo?)= —log(2n) + —loga + T.
We can calculate that the gradient is
0 1
31 (1% T (Xi-h)
g(p,0%) = =
0 ) n I _, X, 2
5oz o®) |\ 557~ ggr ki (Xi )
and the Hessian is
0° 9 0° 2
Wf(ﬂ"f ) Wf(ﬂﬁ )
H(y,0%) =
a—zf(u 0?) =2 f(uo?)
dc2ou” v’ 3(02)? '
n?2 1
p cariz (X
- 1 n 1 2
FZ?:I (Xi —n) _F+F i (Xi— )

These can be directly calculated.
As another example, take the gamma distribution. It has negative log-likelihood

f(a,B) = nlogl'(a) + nalog(f) + 1—a) )_log(X;) + Z %

i=1
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The gradient is

0 d
%f (a, B) n—— logI'(a) + nlog(B) — X1, log(X;)
gla,p) = 5 = .
na I
35 (o, B) 5 T Liak
The Hessian is
2 62 dz n
s (P Gagp! (@) | | nggztost@ 5
H(a,p) = , =
0 0 n nao 2
g 9 i G RIE e
spaa’ (=P gl (P p e

Notice that these expressions depend on logI'(a), its derivative, and second derivative. (The first and
second derivatives of logI'(a) are known as the digamma and trigamma functions). None are available
in closed form. However, all have been studied in numerical analysis so algorithms are coded for numer-
ical computation. This means that the above gradient and Hessian formulas are straightforward to code.
The reason this is worth mentioning at this point is that just because a symbol can be written does not
mean that it is numerically convenient for computation. It may be, or may not be.

When explicit algebraic evalulation of derivatives are not available we turn to numerical methods. To
understand how this is done it is useful to recall the definition.

o fx+e) - f(x)
g =l

A numerical derivative exploits this formula. A small value of € is selected. The function f is evaluated
at x and at x + €. We then have the numerical approximation

g(x)z—f(x“i_f(x).

This approximation will be good if f(x) is smooth at x and € is suitably small. The approximation will fail
if f(x) is discontinuous at x (in which case the derivative is not defined) or if f(x) is discontinuous near
x and € is too large. This calculation is also called a discrete derivative.

When x is a vector numerical derivatives are a vector. In the two dimensional case the gradient equals

m flx1 +€,x2) — fx1,x2)

e—0 €
gx) =
lim f(x1,x2+€) = f(x1,x2)
e—0 €
A numerical approximation is
fx1+€,x2) = fx1,x2)
€
glx,e)=

fx1,x2+€) = fx1,x2)
€

In general, numerical computation of an m-dimensional gradient requires m + 1 function evalutions.
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Standard packages have functions to implement numerical (discrete) differentiation. In MATLAB use
gradient;in Ruse Deriv.

An important practical challenge is selection of the step size €. It may be tempting to set € extremely
small (e.g. near machine precision) but this can be unwise because numerical evaluation of f(x) may not
be sufficiently accurate. Implementations in standard packages select € automatically based on scaling.

The Hessian can be written as the first derivative of g(x). Thus

0 2 2
Hw=——gw=( hs®  Hsw ).

If the gradient can be calculated algebraically then each derivative vector %gj (x) can be calculated by
applying numerical derivatives to the gradient. Doing so, H(x) can be calculated using m(m+1) function
evaluations.

If the gradient is not calculated algebraically then the Hessian can be calculated numerically. When
m = 2 anumerical approximation to the Hessian is obtain by taking a numerical derivative of the numer-
ical gradient approximation:

g1(x1+€,x2,6) — g1(x1,X2,€)  go(X1 +€,X2,€) — g2(X1, X2,€)
€ €

H(x,e) =
g1(x1,x2+€,6) — g1(x1,x2,6)  go(x1, X2 +€,€) — g2(X1, X2,€)
€ €

To numerically evaluate an m x m Hessian requires 2m(m+1) function evaluations. If m islarge and f(x)
slow to compute then this can be computationally costly.

Both algebraic and numerical derivative methods are useful. In many contexts it is possible to cal-
culate algebraic derivatives (perhaps with the aid of symbolic software) but the expressions are messy
and it is easy to make an error. It is therefore prudent to double-check your programming by compar-
ing a proposed algebraic gradient or Hessian with a numerical calculation. The answers should be quite
similar (up to numerical error) unless the programming is incorrect or the function highly non-smooth.
Discrepancies typically indicate that a programming error has been made.

In general, if algebraic gradients and Hessians are available they should be used instead of numerical
calculations. Algebraic calculations tend to be much more accurate and computationally faster. How-
ever, in cases where numerical methods provide simple and quick results numerical methods are suffi-
cient.

12.3 Root Finding

Aroot of a function f(x) is a number x( such that f (x¢) = 0. The method of moments estimator, for
example, is the root of a set of nonlinear equations.

We describe three standard root-finding methods.

Grid Search. Grid search is a general-purpose but computationally inefficient method for finding a root.
Let [a, b] be an interval which includes xy. (If an appropriate choice is unknown, try an increasing
sequence such as [—21 2] until the function endpoints have opposite signs.) Call [a, b] a bracket of x.
For some integer N set x; = a+(b—a)i/ N for i =0,..., N. This produces N +1 evenly spaced points on
[a, b]. The set of points is called a grid. Calculate f(x;) at each point. Find the point x; which minimizes
| f(xi) | This point is the numerical approximation to xy. Precision is (b—a)/N.
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The primary advantage of grid search is that it is robust to functional form and precision can be
accurately stated. The primary disadvantage is computational cost; it is considerably most costly than
other methods.

To illustrate consider the function f(x) = x™'“exp(x) exp(2) which has root xg = 2. The func-
tion was evaluated on the interval [1.00, 4.00] with steps of 0.05 and displayed in Figure 12.1(a). Each
function evaluation is displayed by a solid circle with the root displayed with the open circle. In this
example the number of function evaluations is N = 61 with precision 0.05.

-1/2 _o-172

(a) Grid Search (b) Newton Method (c) Bisection Method

Figure 12.1: Root Finding

Newton’s Method. Newton’s method (or rule) is appropriate for monotonic differentiable functions f(x).
It makes a sequence of linear approximations to f(x) to produce an iterative sequence x;, i = 1,2,...
which converges to xp.

Let x; be an initial guess for x(. By a Taylor approximation of f(x) about x;

F) = fx) + f'(x1) (x—x1).
Evaluated at x = xp and using the knowledge that f(x() = 0 we find that

3 fx)
flx)’

X0 = X1

This suggests using the right-hand-side as an updated guess for xp. Write this as

B flx)
JHEND

In other words, given an initial guess x; we calculate an updated guess x,. Repeating this argument we
obtain the sequence of approximations

X2 = X1

Fx) = fx)+ f'x) (x—x7)

and iteration rule

fx)
fxi)

Xi+1 = Xj —
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Newton’s method repeats this rule until convergence is obtained. Convergence occurs when | f (x,-+1)|
falls below a pre-determined threshold. The method requires a starting value x; and either algebraic or
numerical calculation of the derivative f’(x).

The advantage of Newton’s method is that convergence can be obtained in a small number of iter-
ations when the function f(x) is approximately linear. It has several disadvantages: (1) If f(x) is non-
monotonic the iterations may not converge. (2) The method can be sensitive to starting value. (3) It
requires that f(x) is differentiable, and may require numerical calculation of the derivative.

Figure 12.1(b) illustrates a Newton search using the same function as in panel (a). The starting point
is x; = 4 and is marked as “1”. The arrow from 1 shows the calculated derivative vector. The projected
root is x» = 3.1 and is marked as “2”. The arrow from 2 shows the derivative vector. The projected root is
X3 = 2.4 and is marked as “3”. This continues to x;, = 2.06 and x5 = 2.00. The root is marked with the open
circle In this example the algorithm converges in 5 iterations, which requires 10 function evaluations (5
function and 5 derivative calls).

Bisection. This method is appropriate for a function with a single root, and does not require f(x) to be
differentiable.

Let [a, b] be an interval which includes xj so that f(a) and f(b) have opposite signs. Let c = (a+ b)/2
be the midpoint of the bracket. Calculate f(c). If f(c) has the same sign as f(a) then reset the bracket as
[c, D], otherwise reset the bracket as [a, c]. The reset bracket has one-half its former length. By iteration
the bracket length is sequentially reduced until the desired precision is obtained. Precision is (b —a)/ 2N
where N is the number of iterations.

The advantages of the bisection method is that it converges in a known number of steps, does not
rely on a single starting value, does not use derivatives, and is robust to non-differentiable and non-
monotonic f(x). A disadvantage is that it can take many iterations to converge.

Figure 12.1(c) illustrates the bisection method. The initial bracket is [1,4]. The line segment joining
these points is drawn in with midpoint ¢ = 2.5 marked. The arrow marks f(c). Since f(c) > 0 the bracket
is reset as [1,2.5]. The line segment joining this points is drawn with midpoint 1.75 marked as “d”. We
find f(d) < 0 so the bracket is reset as [1.75,2.5]. The following line segment is drawn with midpoint
2.12 marked as “e”. We find f(e) > 0 so the bracket is reset as [1.75,2.12]. The subsequent brackets
are [1.94,2.12], [1.94,2.03], [1.98,2.03], [1.94,2.01], and [2.00,2.01]. (These brackets are not marked on
the graph as it becomes too cluttered.) Convergence within 0.01 accuracy occurs at the ninth function
evaluation. Each iteration reduces the bracket by exactly one-half.

12.4 Minimization in One Dimension
The minimizer of a function f(x) is

Xo = argmin f(x).
X

The maximum likelihood estimator, for example, is the minimizer! of the negative log-likelihood func-
tion. Some vector-valued minimization algorithms use one-dimensional minimization as a sub-component
of their algorithms (often referred to as aline search). One-dimensional minimization is also widely used

in applied econometrics for other purposes such as the cross-validation selection of bandwidths.

We describe three standard methods.

IMost optimization software is written to minimize rather than maximize a function. We will follow this convention. There
is no loss of generality since the maximizer of f(x) is the minimizer of — f (x).
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Figure 12.2: Minimization in One Dimension

Grid Search. Grid search is a general-purpose but computationally inefficient method for finding a min-
imizer.

Let [a, b] be an interval which includes xy. For some integer N create a grid of values x; on the
interval. Evaluate f(x;) at each point. Find the point x; at which f(x;) is minimized. Precision is (b —
a)l/N.

Grid search has similar advantages and disadvantages as for root finding.

To illustrate, consider the function f(x) = —log(x)+x/2 which has the minimizer xy = 2. The function
was evaluated on the interval [0.1, 4] with steps of 0.05 and is displayed in Figure 12.2(a). The minimum is
marked with the open circle. In this example the number of function evaluations is N = 79 with precision
0.05.

Newton’s Method. Newton’s rule is appropriate for smooth (second order differentiable) convex func-
tions with a single local minimum. It makes a sequence of quadratic approximations to f(x) to produce
an iterative sequence x; , i = 1,2,... which converges to xy.

Let x; be an initial guess. By a Taylor approximation of f(x) about x;

1
FO0 = FOa)+ f0a) (o= x0) + 2 f"Gen) (o= x)”
The right side is a quadratic function of x. It is minimized at

B f'(x)
)’

X=X1
This suggests the sequence of approximations

1
F0) = flx) + f(x) (x—x;) + Ef”(xi) (x—x7)?

and iteration rule

)

b

Newton’s method iterates this rule until convergence. Convergence occurs when | f’ (x,-+1)| ) 1 X1 — Xl
and/or | f&xiv1)—f(x) | falls below a pre-determined threshold. The method requires a starting value x;
and algorithms to calculate the first and second derivatives.

Xi+1 =X
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If f(x) is locally concave (if f”(x) < 0) a Newton iteration will effectively try to maximize f(x) rather
than minimize f(x), and thus send the iterations in the wrong direction. A simple and useful modication
is to constrain the estimated second derivative. One such modification is the iteration rule

!/
Xi+1 = Xj — M
| f"(xi)|

The primary advantage of Newton’s method is that when the function f(x) is close to quadratic it
will converge in a small number of iterations. It can be a good choice when f(x) is globally convex and
f"(x) is available algebraically. It's disadvantages are: (1) it relies on first and second derivatives — which
may require numerical evaluation; (2) it is sensitive to departures from convexity; (3) it is sensitive to
departures from a quadratic; (4) it is sensitive to the starting value.

To illustrate, Figure 12.2(b) shows the Newton iteration sequence for the function f(x) = —log(x) +
x/2 using the starting value x; = 0.1. The derivatives are f'(x) = —x~! +1/2 and f"(x) = x~2. Thus the
updating rule is
7

Xi+1 =2X;— >

This produces the iteration sequence x» = 0.195, x3 = 0.37, x4, = 0.67, x5 = 1.12, xg = 1.61, x7; = 1.92, and
xg = 2.00, which is the minimum, marked with the open circle. Since each iteration requires 3 function
calls this requires NV = 24 function evaluations.

Backtracking Algorithm. If the function f(x) has a sharp minimum a Newton iteration can overshoot
the minimum. If this leads to an increase in the criterion it may not converge. The backtracking algo-
rithm is a simple adjustment which ensures each iteration reduces the criterion.

The iteration sequence is

f(xp)
Xi+1 = Xj —aim
1

a; =—
i 2]
where j is the smallest non-negative integer satisfying

1)
27 f'"(x;)

f (xi ) <fx).
The scalar «a is called a step-length. Essentially, try @ = 1; if the criterion is not reduced, sequentially cut
a in half until the criterion is reduced.

Golden-Section Search. Golden-section search is designed for unimodal functions f(x).

Section search is a generalization of the bisection rule. The idea is to bracket the minimum, evaluate
the function at two intermediate points, and move the bracket so that it brackets the lowest intermediate
points. Golden-section search makes clever use of the “golden ratio” ¢ = (1+v/5)/2 = 1.62 to select
the intermediate points so that the relative spacing between the brackets and intermediate points are
preserved across iterations, thus reducing the number of function evaluations.

1. Start with a bracket [a, b]. The goal is to select a bracket which contains xy.

(a) Computec=b—(b—a)l¢.
(b) Computed =a+ (b—a)l .
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(c) Compute f(c) and f(d).

(d) These points (by construction) satisfy a <c < d < b.

2. Checkif f(a) > f(c) and f(d) < f(b). These inequalities should hold if [a, b] brackets xy and f(x)
is unimodal.

(a) If these inequalities do not hold increase the bracket [a, b]. If the bracket cannot be further
increased, either try a different (reduced) bracket or switch to an alternative method. Return
to step 1.

3. Check whether f(c) < f(d) or f(c) > f(d). If f(c) < f(d):

(a) Reset the bracket as [a, d].

(b) Rename d as b and drop the old b.
(c) Rename cas d.

(d) Computeanewc=b—-(b—a)le.
(e) Compute f(c).

4. Otherwise, if f(c) > f(d):

(@) Reset the bracket as [c, b].

(b) Rename c as a and drop the old a.
(c) Rename d as c.

(d) Computeanewd=a+(b—a)l/e.
(e) Compute f(d).

5. Tterate 3&4 until convergence. Convergence obtains when |b — al is smaller than a pre-determined
threshold.

At each iteration the bracket length is reduced by 100(1 — 1/¢) = 38%. Precision is (b — @)~ where
N is the number of iterations.

The advantages of golden-section search are that it does not require derivatives and is relatively ro-
bust to the shape of f(x). The main disadvantage is that it will take many iterations to converge if the
initial bracket is large.

To illustrate, Figure 12.2(c) shows the golden section iteration sequence starting with the bracket
[0.1,4] marked with “a” and “b”. We sketched a line between f(a) and f(b), calculated the intermediate
points ¢ = 1.6 and d = 2.5, marked on the line, and computed f(c) and f(d), marked with the arrows.
Since f(c) < f(d) (slightly) we move the right endpoint to d, obtaining the bracket [a, d] = [0.1,2.5]. We
sketched a line between f(a) and f(d) and calculated the new intermediate point e = 1.0, labeled “e”,
with an arrow to f(e). Since f(e) > f(c) we move the left endpoint to e, obtaining the bracket [e, d] =
[1.0,2.5]. We sketched a line between f(e) and f(d), calculated the intermediate point f = 1.9. Since
f(c) > f(f) we move the left endpoint to c, obtaining the bracket [c, d] = [1.6,2.5]. Each iteration reduces
the bracket length by 38%. By 16 iterations the bracket is [1.99,2.00] with length less than 0.01. This
search required N = 16 function evaluations.
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12.5 Failures of Minimization

None of the minimization methods described in the previous section are fail-proof. All fail in one
situation or another.

A grid search will fail when the grid is too coarse relative to the smoothness of f(x). There is no way to
know without increasing the number of grid points, though a plot of the function f(x) will aid intuition.
A grid search will also fail if the bracket [a, b] does not contain xp. If the numerical minimizer is one of
the two endpoints this is a signal that the initial bracket should be widened.

X1

Xo

-15 -1.0 -0.5 0.0 0.5 1.0

Figure 12.3: Multiple Local Minima

The Newton method can fail to converge if f(x) is not convex or f”(x) is not continuous. If the
method fails to converge it makes sense to switch to another method. If f(x) has multiple local minima
the Newton method may converge to one of the local minima rather than the global minimum. The best
way to investigate if this has occurred is to try iteration from multiple starting values. If you find multiple
local minima xy and x;, say, the global minimum is xp if f(xp) < f(x;) and x; otherwise.

Golden search converges by construction, but it may converge to a local rather than global minimum.
If this is a concern it is prudent to try different initial brackets.

The problem of multiple local minima is illustrated by Figure 12.3. Displayed is a function? f(x) with
alocal minimum at x; = —0.5 and a global minimum at xy = 1. The Newton and golden section methods
can converge to either x; or xy depending on the starting value and other idiosyncratic choices. If the
iteration sequence converges to x; a user can mistakenly believe that the function has been minimized.

Minimization methods can be combined. A coarse grid search can be used to test out a criterion to
get an initial sense of its shape. Golden search is useful to start iteration as it avoids shape assumptions.

2The function is fx)=—-¢(x+1/2) - p(6x—6).
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Iteration can switch to the Newton method when the bracket has been reduced to a region where the
function is convex.

12.6 Minimization in Multiple Dimensions

For maximum likelihood estimation with vector parameters numerical minimization must be done
in multiple dimensions. This is also true about other nonlinear estimation methods. Numerical mini-
mization in high dimensions can be tricky. We outline several popular methods. It is generally advised to
not attempt to program these algorithms yourself, but rather use a well-established optimization pack-
age. The reason for understanding the algorithm is not to program it yourself, but rather to understand
how it works as a guide for selection of an appropriate method.

The goal is to find the m x 1 minimizer

Xp = argmin f(x).
X

Grid Search. Let [a, b] be an m-dimensional bracket for xj in the sense that a < xo < b. For some integer
G create a grid of values on each axis. Taking all combinations we obtain G™ gridpoints x;. The function
f(x;) is evaluated at each gridpoint and the point selected which minimizes f(x;). The computational
cost of grid search increases exponentially with m. It has the advantage of providing a full characteri-
zation of the function f(x). The disadvantages are high computation cost if G is moderately large, and
imprecision if the number of gridpoints G is small.

To illustrate, Figure 12.4(a) displays a scaled student t negative log-likelihood function as a function
of the degrees of freedom parameter r and scale parameter v. The data are demeaned log wages for
Hispanic women with 10 to 15 years of work experience (n = 511). This model nests the log normal
distribution. By demeaning the series we eliminate the location parameter so we focus on an easy-to-
display two-dimensional problem. Figure 12.4(a) displays a contour plot of the negative log-likelihood
function for r € [2.1,20] and v € [.1,.7], with steps of 0.2 for r and 0.001 for v. The number of gridpoints
in the two dimensions are 90 and 401 respectively, with a total of 36,090 gridpoints calculated. (A simpler
array of 1800 gridpoints are displayed in the figure by the dots.) The global minimum found by grid
search is 7=5.4 and U = .211, and is shown at the center of the contour sets.

(a) Grid Search (b) Steepest Descent

Figure 12.4: Grid Search and Steepest Descent
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Steepest Descent. Also known as gradient descent, this method is appropriate for differentiable func-
tions. The iteration sequence is

0
8i =5 f(xi)
a; =argmin f (x; — ag;) (12.1)
a
Xi+1 =X — X §i.

The vector g is called the direction and the scalar « is called the step length. A motivation for the method
is that for some a > 0, f (xi -« gi) < f(x;). Thus each iteration reduces f(x). Gradient descent can be
intrepreted as making a local linear approximation to f(x). The minimization (12.1) can be replaced by
the backtracking algorithm to produce an approximation which reduces (but only approximately mini-
mizes) the criterion at each iteration.

The method requires a starting value x; and an algorithm to calculate the first derivative.

The method can work well when the function f(x) is convex or “well behaved” but can fail to con-
verge in other cases. In some cases it can be useful as a starting method as it can swiftly move through
the first iterations.

To illustrate, Figure 12.4(b) displays the gradients g; of the scaled student t negative log likelihood
from nine starting values, with each gradient normalized to have the same length, and each is displayed
by an arrow. In this example the gradients have the unusual property that they are nearly vertical, imply-
ing that a steepest descent iteration will tend to move mostly the scale parameter v and only minimally
r. Consequently (in this example) steepest descent will have difficulty finding the minimum.

Conjugate Gradient. A modification of gradient descent, this method is appropriate for differentiable
functions and designed for convex functions. The iteration sequence is

8i= %f(xi)

Bi= (gi_gi—l)/gi
b g;_lgi—l

di=-gi+Pidi

a; = argmin f (x; + ad;)
a
Xiv1=Xi+a;d;

with B; = 0. The sequence B; introduces an acceleration. The algorithm requires first derivatives and a
starting value.
It can converge with fewer iterations than steepest descent, but can fail when f(x) is not convex.

Newton’s Method. This method is appropriate for smooth (second order differentiable) convex functions
with a single local minimum.
Let x; be the current iteration. By a Taylor approximation of f(x) about x;

f&) = fx)+g; (x—xi)+%(x—xi)’Hi (x —x;) (12.2)
0
8= af(xi)
2
H; ().

= 0x0x'



CHAPTER 12. NUMERICAL OPTIMIZATION 261

The right side of (12.2) is a quadratic in the vector x. The quadratic is minimized (when H; > 0) at the
unique solution

x=x;—d;
di=H;'gi.

This suggests the iteration rule

Xit1=Xi—a;d;

a; =argmin f (x; + ad;). (12.3)
a

The vector d is called the direction and the scalar « is called the step-length. The Newton method
iterates this equation until convergence. A simple (classic) Newton rule sets the step-length as a; = 1 but
this is generally not recommended. The optimal step-length (12.3) can be replaced by the backtracking
algorithm to produce an approximation which reduces (but only approximately minimizes) the criterion
at each iteration.

The method requires a starting value x; and algorithms to calculate the first and second derivatives.

The Newton rule is sensitive to non-convex functions f (x). If the Hessian H is not positive definite
the updating rule will push the iteration in the wrong direction and can cause convergence failure. Non-
convexity can easily arise when f(x) is complicated and multi-dimensional. Newton’s method can be
modified to eliminate this situation by forcing H to be positive semi-definite. One method is to bound
or modify the eigenvalues of H. A simple solution is to replace the eigenvalues by their absolute val-
ues. A method that implements this is as follows. Calculate Anin (H). If it is positive no modification is
necessary. Otherwise, calculate the spectral decomposition

H=Q'AQ

where Q is the matrix of eigenvectors of H and A = diag{A,,...,A1,,} the associated eigenvalues. Define
the function

1
A) = —1{1 #0}.
c(A) Ml{?f}

This inverts the absolute value of 1 if 1 is non-zero, otherwise equals zero. Set

A" =diag{c(A1),....c(A )}
H*—l — QIA*Q

H*~! can be defined for all Hessians H and is positive semi-definite. H*~! can be used in place of H™!
in the Newton iteration sequence.

The advantage of Newton’s method is that it can converge in a small number of iterations when f(x)
is convex. However, when f(x) is not convex the method can fail to converge. Computation cost can be
high when numerical second derivatives are used and m is large. Consequently the Newton method is
not typically used in large dimensional problems.

To illustrate, Figure 12.5(a) displays the Newton direction vectors d; for the negative scaled student
t log likelihood from the same nine starting values as in Figure 12.4(b), with each gradient normalized
to have the same length and displayed as an arrow. For four of the nine points the Hessian is not posi-
tive definite so the arrows (the light ones) point away from the global minimum. Making the eigenvalue
correction described above the modified Newton directions for these four starting values are displayed
using the heavy arrow. All four point towards the global maximum. What happens is that if the unmod-
ified Hessian is used Newton iteration will not converge for many starting values (in this example) but
modified Newton iteration converges for the starting values shown.
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BFGS (Broyden-Fletcher-Goldfarb-Shanno). This method is appropriate for differentiable functions
with a single local minimum. It is a common default method for differentiable functions.

BFGS is a popular member of the class of “Quasi-Newton” algorithms which replace the computa-
tionally costly second derivative matrix H; in the Newton method with an approximation B;. Addition-
ally, BFGS is reasonably robust to non-convex functions f(x). Let x; and B; be starting values. The
iteration sequence is defined as follows

0
8i= af(xi)
di=B;'gi
a; =argmin f (x; — ad;)
a
Xi+1 = Xj — @;d;.

These steps are identical to Newton iteration when B; is the matrix of second derivatives. The difference
with the BFGS algorithm is how B; is defined. It uses the iterative updating rule

hiv1=8iv1-8i
AXjy1 = Xi+1 — X;
! !
hisih Axin1AX;
Bit1=Bi+ — -Bi—; i
I’li+1Axi+1 AleBiAxiH

The method requires starting values x; and B; and an algorithm to calculate the first derivative. One
choice for B, is the matrix of second derivatives (modified to be positive definite if necessary). Another
choice sets By = I,,.

The advantages of the BFGS method over the Newton method is that BFGS is less sensitive to non-
convex f(x), does not require f(x) to be second differentiable, and each iteration is comptuationally less
expensive. Disadvantages are that the initial interations can be senstitive to the choice of initial B; and
the method may fail to converge when f(x) is not convex.

Trust-region method. This is a a modern modification of Newton and quasi-Newton search. The pri-
mary modification is that it uses a local (rather than global) quadratic approximation.
Recall that the Newton rule minimizes the Taylor series approximation
1
F) = flx)+g;(x—x;)+ 5 (- xi) Hi (x—x;). (12.4)
The BFGS algorithm is the same with B; replacing H;. While the Taylor series approximation (12.4) only
has local validity, Newton and BFGS iteration effectively treat (12.4) as a global approximation.

The trust-region method acknowledges that (12.4) is a local approximation. Assume that (12.4) using
either H; or B; is a trustworthy approximation in a neighborhood of x;

(x—x)D(x—x;)<A (12.5)

where D is a diagonal scaling matrix and A a trust region constant. The subsequent iteration is the
value of x which minimizes (12.4) subject to the constraint (12.5) (implementation is discussed below).
Imposing the constraint (12.5) is similar in concept to a step-length calculation for the Newton method
but is quite different in practice.

The idea is that we “trust” the quadratic aproximation only in a neighborhood of where it is calcu-
lated. Imposing a trust region constraint also prevents the algorithm from moving too quickly across
iterations. This can be especially valuable when minimizing erratic functions.
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Figure 12.5: Newton Search and Trust Region Method

The choice of A affects the speed of convergence. A small A leads to better quadratic approximations
but small step sizes and consequently a large number of iterations. A large A can lead to larger steps and
thus fewer iterations, but also can lead to poorer quadratic approximations and consequently erratic
iterations. Standard implementations of trust-region iteration modify A across iterations by increasing
Aif the decrease in f(x) between two iterations is close to that predicted by the quadratic approximation
(12.4), and decreasing A if the decrease in f(x) between two iterations is small relative to that predicted
by the quadratic approximation. We discuss this below.

Implementation of the minimization step (12.4)-(12.5) can be achieved as follows. First, solve for the
standard Newton step x. = x; — H l.‘lgl-. If x, satisfies (12.5) then x; 1 = x.. If not, write the minimization
problem using the Lagrangian

Z(x,a) =f(xi)+g,’-(x—xi)+%(x—xi)’Hi(x—xi)Jrg((x—xi)’D(x—xi)—A).

Given a the first order condition for x is
x(@) =x; — (H; +aD)™! 8i.
The Lagrange multiplier « is selected so that the constraint is exactly satisified, hence
A= (x(a)-x)' D (x(@)-x;) =g, (H; +aD) ' D(H; +aD)" g;.

The solution a can be found by one-dimensional root finding. An approximate solution can also be
substituted.

The scaling matrix D should be selected so that the parameters are treated symmetrically by the
constraint (12.5). A reasonable choice is to set the diagonal elements to be proportional to the inverse of
the square of the range of each parameter.

We mentioned above that the trust region A constant can be modified across iterations. Here is a
standard recommendation, where we now index A; by iteration.
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1. After calculating the iteration x;+; = x; — (H; + a;D)! gi, calculate the percentage improvement
in the function relative to that predicted by the approximation (12.4). This is

fxi) = f(xiv1)

/ 1 / :
—8; (Xiv1 = x) = 5 (Xi1 — %) Hi (Xj1 — X;)

pi=

2. If p; =2 0.9 then increase A;, e.g. Aj1 =2A;.
3. If 0.1 = p; = 0.9 then keep A; constant.
4. If p; < 0.1 then decrease A;, e.g. Aj1 = %Ai.

This modification increases A when the quadratic approximation is excellent and decreases A when
the quadratic approximation is poor.

The trust-region method is a major improvement over previous-generation Newton methods. It is a
standard implementation choice in contemporary optimization software.

To illustrate, Figure 12.5(b) displays a trust region convergence sequence using the negative scaled
student t log likelihood from a difficult starting value (r = 18, v = 0.15) where the log-likelihood is highly
non-convex. We set the scaling matrix D so that the trust regions have similar scales with respect to the
displayed graph, and set the initial trust region constant so that the radius corresponds to one unit in
r. The trust regions are shown by the circles, with arrows indicating the iteration steps. The iteration
sequence moves in the direction of steepest descent, and the trust region constant doubles with each
iteration for five iterations until the iteration is close to the global optimum. The first five iterations are
constrained with the minimum obtained on the boundary of the trust region. The sixth iteration is an
interior solution, with the step selected by backtracking with @ = 1/8. The final two iterations are regular
Newton steps. The global minimum is found at the eighth iteration.

Nelder-Mead method. This method is appropriate for potentially non-differentiable functions f(x). Itis
a direct search method, also called the downhill simplex method.

Recall, m is the dimension of x. Let {xy, ..., Xx;,+1} be a set of linearly independent testpoints arranged
in a simplex, meaning that none are in the interior of their convex hull. For example, when m = 2 the set
{x1, x2, x3} should be the vertices of a triangle. The set is updated by replacing the highest point with a
reflected point. This is achieved by applying the following operations.

1. Order the elements so that f(x;) < f(x2) <+ < f(Xm+1)-
The goal is to discard the highest point x;,+; and replace it by a better point.

2. Calculate ¢ = m™! Y.I*, xi, the center point of the best m points. For example, when m = 3 the
center point is the midpoint of the side opposite the highest point.

3. Reflect x,,,; across c, by setting x, = 2¢ — x;,+1. The idea is to go the opposite direction of the
current highest point.

If f(x1) < f(x;) < f(xp,) then replace x,,+; with x,. Retun to step 1 and repeat.

4. If f(x;) < f(x1) then compute the expanded point x, = 2x, — c. Replace x;,+1 with either x, or x;,
depending if f(x.) < f(x;) or conversely. The idea is to expand the simplex if it produces a greater
improvement. Return to step 1 and repeat.

5. Compute the contracted point x, = (x;;,41 +¢) /2. If f(x;) < f(xm+1) then replace x,,4+1 with x..
Return to step 1 and repeat. The idea is that reflection did not result in an improvement so reduce
the size of the simplex.
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6. Shrink all points but x; by the rule x; = (x; + x1) /2. Return to step 1 and repeat. This step only
arises in extreme cases.

The operations are repeated until a stopping rule is reached, at which point the lowest value x; is
taken as the output.

0.5

0.4

(C

0.1

r r
(a) Small Initial Simplex (b) Large Initial Simplex

Figure 12.6: Nelder-Mead Search

To visualize the method imagine placing a triangle on the side of a hill. You ask your student Sisyphus
to move the triangle to the lowest point in the valley, but you cover his eyes so he cannot see where the
valley is. He can only feel the slope of the triangle. Sisyphus sequentially moves the triangle downhill by
lifting the highest vertex and flipping the triangle over. If this results in a lower value than the other two
vertices, he stretches the triangle so that it has double the length pointing downhill. If his flip results in
an uphill move (whoops!), then he flips the triangle back and tries contracting the triangle by pushing
the vertex towards the middle. If that also does not result in an improvement then Sisyphus returns the
triangle to its original position and then shrinks the higher two vertices towards the best vertex so that
the triangle is reduced. Sisyphus repeats this until the triangle is resting at the bottom and has been
reduced to a small size so that the lowest point can be determined.

To illustrate, Figure 12.6(a) & (b) display Nelder-Mead searches starting with two different initial sim-
plex sets. Panel (a) shows a search starting with a simplex in the lower right corner marked as “1”. The
first two iterations are expansion steps followed by a reflection step which yields the set “4”. At that point
the algorithm makes a left turn, which requires two contraction steps (to “6”). This is followed by reflec-
tion and contraction steps (to “8”), and four reflection steps (to “12”). This is followed by a contraction
and reflection step, leading to “14” which is a small set containing the global minimum. The simplex set
is still quite wide and has not yet terminated but it is difficult to display further iterations on the figure.

Figure Figure 12.6(b) displays the Nelder-Mead search starting with a large simplex covering most of
the relevant parameter space. The first eight iterations are all contraction steps (to “9”), followed by three
reflection steps (to “12”). At this point the simplex is a small set containing the global minimum.

Nelder-Mead is suitable for non-differentiable or difficult-to-optimize functions. It is computation-
ally slow, especially in high dimensions. It is not guarenteed to converge, and can converge to a local
minimum rather than the global minimum.
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12.7 Constrained Optimization

In many cases the function cannot literally be calculated for all values of 8 unless the parameter
space is appropriately restricted. Take, for example, the scaled student t log likelihood. The parame-
ters must satisfy s> > 0 and r > 2 or the likelihood can be calculated. To enforce these constraints we
use constrained optimization methods. Most constraints can be written as either equality or inequality
constraints on the parameters. We consider these two cases separately.

Equality Constraints. The general problem is

Xp = argmin f(x).
X

subject to

h(x)=0.
In some cases the constraints can be eliminated by substitution. In other cases this cannot be done easily,
or it is more convenient to write the problem in the above format. In this case the standard approach to
minimization is to use Lagrange multiplier methods. Define the Lagrangian

L(x,A) = f(x)+ A h(x).

Let (x9, Ag) be the stationary points of £ (x, 1) (they satisfy a saddlepoint condition). These can be found
by analogs of the Newton method, BFGS or Nelder-Mead.

Inequality Constraints. The general problem is

Xp = argmin f(x).
X

subject to
g(x)=0.

It will be useful to write the inequalities separately as g;(x) = 0 for j = 1,...,J. The general formulation
includes boundary constraints such as a < x < b by setting g;(x) = x — a and g»(x) = b— x. It does not
include open constraints such as o > 0. When the latter is desired the constraint 0 = 0 can be tried (but
may deliver an error message if the boundary value is attempted) or the constraint o > € can be used for
some small € > 0.

The modern solution is the interior point algorithm. This works by first introducing slack coeffi-
cients w; which satisfy

gi(x)=wj
ijO.

The second step is to enforce the nonnegative constraints by a logarithmic barrier with a Lagrange mul-
tiplier contraint. For some small p > 0 the consider the penalized criterion

J
f,w)=f)-pd_ logw;.
j=1
subject to the constraint g (x) = w. This problem in turn can be written using the Lagrangian
J
Lxw)=f)-—pu) logw;j—A'(gx) -w).
j=1

The solution (xg, wy, Ao) are the stationary points of £ (x, w, 1). This problem is sollved using the meth-
ods for equality constraints.
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12.8 Nested Minimization

When x is moderately high-dimensional numerical minimization can be time-consuming and tricky.
If the dimension of numerical search can be reduced this can greatly reduce computation time and im-
prove accuracy. Dimension reduction can sometimes be achieved by using the principle of nested mini-
mization. Write the criterion f(x, y) as a function of two possibly vector-valued inputs. The principle of
nested minimization states that the joint solution

(xo, yo) = argmin f(x, y)
Xy

is identical to the nested solution
Xp = argmin myin f, (12.6)
X

Yo = argmin f (xp, ).
y

It is important to recognize that (12.6) is nested minimization, not sequential minimization. Thus the
inner minimization in (12.6) over y is for any given x.

This result is valid for any partition of the variables. However, it is most useful when the partition
is made so that the inner minimization has an algebraic solution. If the inner minimization is algebraic
(or more generally is computationally quick to compute) then the potentially difficult multivariate min-
imization over the pair (x, y) is reduced to minimization over the lower-dimensional x.

To see how this works, take the criterion f(x, y) and imagine holding x fixed and minimizing over y.
The solution is

Yo(x) = arg;nin fx, .

Define the concentrated criterion
ffx)= myinf(x,y) = f(x, yo(x)).

It has minimizer
Xo = argmin f* (x). (12.7)
X

We can use numerical methods to solve (12.7). Given the solution x, the solution for y is
Yo = Yo(xo).
For example take the gamma distribution. It has the negative log-likelihood

n n .
f(a,B) = nlogT'(a) + nalog(f) + (1-a) )_log(Xy) + Y =
i i=1

i=1

™| 2

The EO.C. for B is

na & X;
OZT_ZTZ
B B

which has solution
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This is a simple algebraic expression. Substitute this into the negative log-likelihood to find the concen-
trated function

(@)= f(a,B(a)) = f(a, %) =nlogl'(a) + nalog(%) +(1-a) ) log(X;) + na.

i=1

The MLE & can be found by numerically minimizing f* (a), which is a one-dimensional numerical
search. Given @ the MLE for B is B = X ,,/@.

12.9 Tips and Tricks

Numerical optimization is not always reliable. It requires careful attention and diligence. It is easy
for errors to creep into computer code so triple-checks are rarely sufficient to eliminate errors. Verify and
validate your code by making validation and reasonability checks.

When you minimize a function it is wise to be skeptical of your output. It can be valuable to try
multiple methods and multiple starting values.

Optimizers can be sensitive to scaling. Often it is useful to scale your parameters so that the diagonal
elements of the Hessian matrix are of similar magnitude. This is similar to scaling regressors so that
variances are of similar magnitude.

The choice of parameterization matters. We can optimize over a variance o2, the standard deviation
o, or the precision v = ¢~2. While the variance or standard deviation may seem natural what is better for
optimization is convexity of the criterion. This may be difficult to know a priori but if an algorithm bogs
down it may be useful to consider alternative parameterizations.

Coefficient orthogonality can speed convergence and improve performance. A lack of orthogonality
induces ridges into the criterion surface which can be very difficult for the optimization to solve. Itera-
tions need to navigate down a ridge, which can be painfully slow when curved. In a regression setting we
know that highly correlated regressors can often be rendered roughly orthogonal by taking differences.
In nonlinear models it can be more difficult to achieve orthogonality, but the rough guide is to aim to
have coefficients which control different aspects of the problem. In the scaled student t example used
in this section, part of the problem is that both the scale s?> and degree of freedom parameter r affect
the variance of the observations. An alternative parameterization is to write the model as a function of
the variance o and degree of freedom parameter. This likelihood appears to be a more complicated
function of the parameters but they are also more orthogonal. Reparameterization in this case leads to a
likelihood which is simpler to optimize.

A possible alternative to constrained minimization is reparameterization. For example, if o > 0
we can reparameterize as 6 = logo?. If p € [0,1] we can reparameterize as 0 = log(p/(1-p)). This is
generally not recommended. The reason is that the transformed criterion may be highly non-convex
and more difficult to optimize. It is generally better to use as convex a criterion as possible and impose
constraints using the interior point algorithm using standard constrained optimization software.

12.10 Exercises
Exercise 12.1 Take the equation f(x) = x> + x> — 1. Consider the problem of finding the root in [0, 1].

(a) Start with the Newton method. Find the derivative f’(x) and the iteration rule x; — x;;.

(b) Starting with x; = 1, apply the Newton iteration to find x,.
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(c) Make a second Newton step to find x3.
(d) Now try the bisection method. Calculate f(0) and f(1). Do they have opposite signs?
(e) Calculate two bisection iterations.

(f) Compare the Newton and bisection estimates for the root of f(x).

Exercise 12.2 Take the equation f(x) = x —2x% + ix“. Consider the problem of finding the minimum
over x = 1.

(a) Forwhat values of x is f(x) convex?
(b) Find the Newton iteration rule x; — xj1.
(c) Using the starting value x; = 1 calculate the Newton iteration x,.

(d) Consider Golden Section search. Start with the bracket [a, b] = [1,5]. Calculate the intermediate
points c and d.

(e) Calculate f(x) at a, b, ¢, d. Does the function satisfy f(a) > f(c) and f(d) < f(b)?

(f) Given these calculations, find the updated bracket.

Exercise 12.3 A parameter p lies in the interval [0, 1]. If you use Golden Section search to find the mini-
mum of the log-likelihood function with 0.01 accuracy, how many search iterations are required?

Exercise 12.4 Take the function f(x,y) = -x>y + % y?x% + x* — 2x. You want to find the joint minimizer

(x0, o) over x =0, y = 0.
(a) Trynested minimization. Given x, find the minimizer of f(x, y) over y. Write this solution as y(x).
(b) Substitute y(x) into f(x, y). Find the minimizer xjy.

(c) Find yq.



Chapter 13

Hypothesis Testing

13.1 Introduction

Economists make extensive use of hypothesis testing. Tests provide evidence concerning the validity
of scientific hypotheses. By reporting hypothesis tests we use statistical evidence to learn about the
plausibility of models and assumptions.

Our maintained assumption is that some random vector X has a distribution F(x). Interest focuses
on a real-valued (scalar) parameter of interest 8 determined by F € &. The parameter space for @ is ©.
Hypothesis tests will be constructed from a random sample {Xj, ..., X;;} from the distribution F.

13.2 Hypotheses

A point hypothesis is the statement that 8 equals a specific value 6y called the hypothesized value.
This usage is a bit different from previous chapters where we used the notation 6y to denote the true
parameter value. In contrast, the hypothesized value is that implied by a theory or hypothesis.

A common example arises where 6 measures the effect of a proposed policy. A typical question is
whether or not the effect is zero. This can be answered by testing the hypothesis that the policy has no
effect. The latter is equivalent to the statement that 8 = 0. This hypothesis is represented by the value
6y =0.

Another common example is where 6 represents the difference in an average characteristic or choice
between groups. The hypothesis that there is no average difference between the groups is the statement
that 8 = 0. This hypothesis is 8 = 6y with 8y = 0.

We call the hypothesis to be tested the null hypothesis.

Definition 13.1 The null hypothesis, written Hy : 8 = 0, is the restriction 6 = 6.

The complement of the null hypothesis (the collection of parameter values which do not satisfy the
null hypothesis) is called the alternative hypothesis.

Definition 13.2 The alternative hypothesis, written H; : 8 # 0, is the set {0 € © : 6 # 6y} .

For simplicity we often refer to the hypotheses as “the null” and “the alternative”.

Alternative hypotheses can be one-sided: H; : § > 6y or H; : 6 < 6y, or two-sided: H; : 6 # 0p. A
one-sided alternative arises when the null lies on the boundary of the parameter space, e.g. © = {0 = 0,}.
This can be relevant in the context of a policy which is known to have a non-negative effect. A two-sided
alternative arises when the hypothesized value lies in the interior of the parameter space. Two-sided

270
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alternatives are more common in applications than one-sided alternatives, but one-sided are simpler to
analyze.
Figure 13.1 illustrates the division of the parameter space into null and alternative hypotheses.

Hy

Figure 13.1: Null and Alternative Hypotheses

In hypothesis testing we assume that there is a true but unknown value of 6 which either satisfies Hy
or does not satisfy Hy. The goal of testing is to assess whether or not Hy is true by examining the observed
data.

We illustrate by two examples. The first is the question of the impact of an early childhood education
program on adult wage earnings. We want to know if participation in the program as a child increases
wages years later as an adult. Write 0 as the difference in average wages between the populations of
individuals who participated in early childhood education versus individuals who did not. The null hy-
pothesis is that the program has no effect on average wages, so 8y = 0. The alternative hypothesis is that
the program increases average wages, so the alternative is one-sided H; : 8 > 0.

For our second example, suppose there are two bus routes from your home to the university: Bus 1
and Bus 2. You want to know which (on average) is faster. Write 6 as the difference in mean travel times
between Bus 1 and 2. A reasonable starting point is the hypothesis that the two buses take the same
amount of time. We set this as the null hypothesis, so 8y = 0. The alternative hypothesis is that the two
routes have different travel times, which is the two-sided alternative Hj : 6 # 0.

A hypothesis is a restriction on the distribution F. Let Fy be the distribution of X under Hy. The
set of null distributions Fy can be a singleton (a single distribution function), a parametric family, or a
nonparametric family. The set is a singleton when F(x | 8) is parametric with 8 fully determined by Hy.
In this case Fj is the single model F(x | ). The set Fj is a parametric family when there are remain-
ing free parameters. For example, if the model is N(0,0?) and Hy : 6 = 0 then Fj is the class of models
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N(0,02). This is a class as it varies across variance parameters o2. The set Fy is nonparametric when F
is nonparametric. For example, suppose that F is the class of random variables with a finite mean. This
is a nonparametric family. Consider the hypothesis Hy : E[X] = 0. In this case the set Fj is the class of
mean-zero random variables .

For the construction of the theory of optimal testing the case where Fj is a singleton turns out to be
special so we introduce a pair of definitions to distinguish this case from the general case.

Definition 13.3 A hypothesis H is simple if the set {F € & :H is true} is a single distribution.

Definition 13.4 A hypothesis H is composite if the set {F € & : H is true} has multiple distributions.

In empirical practice most hypotheses are composite.

13.3 Acceptance and Rejection

A hypothesis test is a decision is based on data. The decision either accepts the null hypothesis or
rejects the null hypothesis in favor of the alternative hypothesis. We can describe these two decisions as
“Accept Hp” and “Reject Hp".

The decision is based on the data and so is a mapping from the sample space to the decision set.
One way to view a hypothesis test is as a division of the sample space into two regions Sy and S;. If the
observed sample falls into Sy we accept Hy, while if the sample falls into S; we reject Hy. The set Sy is
called the acceptance region and the set S; the rejection or critical region.

Take the early childhood education example. To investigate you find 2n adults who were raised in
similar settings to one another, of whom r attended an early childhood education program. You inter-
view the individuals and (among other questions) determine their current wage earnings. You decide to
test the null hypothesis by comparing the average wages of the two groups. Let W be the average wage
in the early childhood education group, and let W be the average wage in the remaining sample. You
decide on the following decision rule. If W exceeds W, by some threshold, e.g. $A/hour, you reject the
null hypothesis that the average in the population is the same; if the difference between W, and W is

less than $A/hour you accept the null hypothesis. The acceptance region Sy is the set {Wl -W, < A}.

The rejection region S is the set {Wl -W,> A}.

To illustrate, panel (a) of Figure 13.2 displays the acceptance and rejection regions for this example
by a plotin (W, W5) space. The acceptance region is the light shaded area and the rejection region is the
dark shaded region. These regions are rules: they represent how a decision is determined by the data.
For example two observation pairs a and b are displayed. Point a satisfies W, — W < A so you “Accept
Hy”. Point b satisfies W, — W, > A so you “Reject Hyp”.

Take the bus route example. Suppose you investigate the hypotheses by conducting an experiment.
You ride each bus once and record the time it takes to travel from home to the university. Let X; and
X> be the two recorded travel times. You adopt the following decision rule: If the absolute difference in
travel times is greater than B minutes you will reject the hypothesis that the average travel times are the
same, otherwise you will accept the hypothesis. The acceptance region Sy is the set {|X; — X»| < B}. The
rejection region S; is the set {| X; — X»| > B}. These sets are displayed in panel (b) of Figure 13.2. Since
the alternative hypothesis is two-sided the rejection region is the union of two disjoint sets. To illustrate
how decisions are made, three observation pairs a, b, and c are displayed. Point a satisfies X, — X; > B
so you “Reject Hy". Point ¢ satisfies X; — X, > B so you also “Reject Hy". Point c satisfies | X; — X»| < B so
you “Accept Hyp”.
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Figure 13.2: Acceptance and Rejection Regions

An alternative way to express a decision rule is to construct a real-valued function of the data called
a test statistic
T=TX1,..Xn)

together with a critical region C. The statistic and critical region are constructed so that T € C for all
samples in S; and T ¢ C for all samples in Syp. For many tests the critical region can be simplified to a
critical value c, where T < ¢ for all samples in Sy and T > ¢ for all samples in S;. This is typical for most
one-sided tests and most two-sided tests of multiple hypotheses. Two-sided tests of a scalar hypothesis
typically take the form | T| > ¢ so the critical region is C = {x: x| > c}.

The hypothesis test then can be written as the decision rule:

1. AcceptHyif T ¢ C.

2. RejectHp if T € C.

In the education example we set T = W, -W,; and ¢ = A. In the bus route exampleweset T = X; — X»
and C = {x < —-Band x > B}.

The acceptance and rejection regions are illustrated in Figure 13.3. Panel (a) illustrates tests where
acceptance occurs for the rule T < c. Panel (b) illustrates tests where acceptance occurs for the rule
|T| = c. These rules split the sample space; by reducing an n-dimensional sample space to a single
dimension which is much easier to visualize.

13.4 Typeland II Error

A decision could be correct or incorrect. An incorrect decision is an error. There are two types of
errors, which statisticians have given the bland names “Type I” and “Type II". A false rejection of the null
hypothesis Hy (rejecting Hy when Hy is true) is a Type I error. A false acceptance of Hy (accepting Hy
when H; is true) is a Type II error. Given the two possible states of the world (Hy or H;) and the two
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Figure 13.3: Acceptance and Rejection Regions for Test Statistic

possible decisions (Accept Hy or Reject Hp), there are four possible pairings of states and decisions as is
depicted in Table 13.1.

Table 13.1: Hypothesis Testing Decisions

Accept Hy Reject Hp
Hp true | Correct Decision Type I Error
H; true Type II Error Correct Decision

In the early education example a Type I error is the incorrect decision that “early childhood education
increases adult wages” when the truth is that the policy has no effect. A Type II error is the incorrect
decision that “early childhood education does not increase adult wages” when the truth is that it does
increase wages.

In our bus route example a Type I error is the incorrect decision that the average travel times are
different when the truth is that they are the same. A Type Il error is the incorrect decision that the average
travel times are the same when the truth is that they are different.

While both Type I and Type II errors are mistakes they are different types of mistakes and lead to
different consequences. They should not be viewed symmetrically. In the education example a Type I
error may lead to the decision to implement early childhood education. This means that resources will
be devoted to a policy which does not accomplish the intended goal®. On the other hand, a Type II error
may lead to a decision to not implement early childhood education. This means that the benefits of the
intervention will not be realized. Both errors lead to negative outcomes, but they are different types of
errors and not symmetric.

Again consider the bus route question. A Type I error may lead to the decision to exclusively take
Bus 1. The cost is inconvenience due to avoiding Bus 2. A Type II error may lead to the decision to take
whichever bus is more convenient. The cost is the differential travel time between the routes.

The importance or seriousness of the error depends on the (unknown) truth. In the bus route exam-
ple if both buses are equally convenient then the cost of a Type I error may be negligible. If the difference
in average travel times is small (e.g. one minute) then the cost of a Type II error may be small. But if the
difference in convenience and/or travel times is greater, then a Type I and/or Type II error may have a
more significant cost.

In an ideal world a hypothesis test would make error-free decisions. To do so, it would need to be
feasible to split the sample space so that samples in Sy can only have occurred if Hy is true, and samples
in S; can only have occurred if H; is true. This would imply that we could exactly determine the truth
or falsehood of Hy by examining the data. In the actual world this is rarely feasible. The presence of
randomness means that most decisions have a non-trivial probability of error. Rather than address the

1We are abstracting from other potential benefits of an early childhood education program.
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impossible goal of eliminating error we consider the contructive task of minimizing the probability of
error.

Acknowledging that our test statistics are random variables, we can measure their accuracy by the
probability that they make an accurate decision. To this end we define the power function.

Definition 13.5 The power function of a hypothesis test is the probability of rejection
n(F) =P [RejectHo | F] =P[T € C| F].

We can use the power function to calculate the probability of making an error. We have separate
names for the probabilities of the two types of errors.

Definition 13.6 The size of a hypothesis test is the probability of a Type I error
P [Reject Ho | Fo| = 7 (Fo) - (13.1)
Definition 13.7 The power of a hypothesis test is the complement of the probability of a Type II error
1 —P[AcceptHo |H; | =P [Reject Hy | F| = n(F)
for F in Hj.

The size and power of a hypothesis test are both found from the power function. The size is the power
function evaluated at the null hypothsis, the power is the power function evaluated under the alternative
hypothesis.

To calculate the size of a test observe that T is a random variable so has a sampling distribution
G (x| F) =P|[T = x]. In general this depends on the population distribution F. The sampling distribution
evaluated at the null distribution Gy (x) = G (x| Fp) is called the null sampling distribution - it is the
distribution of the statistic T when the null hypothesis is true.

13.5 One-Sided Tests

Let’s focus on one-sided tests with rejection region T > c¢. In this case the power function has the
simple expression
n(F)=1-G(c|F) (13.2)

and the size of the test is the power function evaluated at the null distribution Fy. This is
m(Fy) =1-Gp(c).

Since any distribution function is monotonically increasing, the expression (13.2) shows that the
power function is monotonically decreasing in the critical value c. This means that the probability of
Type I error is monotonically decreasing in ¢ and the probability of Type II error is monotonically in-
creasing in c (the latter since the probability of Type II error is one minus the power function). Thus
the choice of ¢ induces a trade-off between the two error types. Decreasing the probability of one error
necessarily increases the other.

Since both error probabilities cannot be simultaneously reduced some sort of trade-off needs to be
adopted. The classical approach initiated by Neyman and Pearson is to control the size of the test —
meaning bounding the size so that the probability of a Type I error is known — and then picking the test
so as to maximize the power subject to this constraint. This remains today the dominate approach in
economics.
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Definition 13.8 The significance level a € (0,1) is the probability selected by the researcher to be the
maximal acceptable size of the hypothesis test.

Traditional choices for significance levels are ¢ = 0.10, @ = 0.05, and @ = 0.01 with a = 0.05 the most
common, meaning that the researcher treats it as acceptable that there is a 1 in 20 chance of a false
positive finding. This rule-of-thumb has guided empirical practice in medicine and the social sciences
for many years. In much recent discussion, however, many scholars have been arguing that a much
smaller significance level should be selected because academic journals are publishing too many false
positives. In particular it has been suggested that researchers should set @ = 0.005 so that a false positive
occurs once in 200 uses. In any event there is no pure scientific basis for the choice of a.

Accept Hy Accept Hy
&  Oic
(a) Null Sampling Distribution (b) Null and Alternative Sampling Distributions

Figure 13.4: Null and Alternative Sampling Distributions for a One-Sided Test

Let’s describe how the classical approach works for a one-sided test. You first select the significance
level a. Following convention we will illustrate with a = 0.05. Second, you select a test statistic T and de-
termine its null sampling distribution Gy. For example, if T is a sample mean from a normal population
it has the null sampling distribution Gy(x) = ® (x/0) for some o. Third, you select the critical value c so
that the size of the test is smaller than the signficance level

1-Go(c) =a. (13.3)

Since Gy is monotonically increasing we can invert the function. The inverse G, ! of a distribution is its
quantile function. We can write the solution to (13.3) as

c=Gy'(1-a). (13.4)

This is the 1 — a quantile of the null sampling distribution. For example, when Gy (x) = ® (x/0) the critical
value (13.4) equals ¢ = 0 Z,_, where Z;_, is is the 1 — @ quantile of N(0, 1), e.g. Zg5 = 1.645. Fourth, you
calculate the statistic T on the dataset. Finally, you accept Hy if T < c and reject Hy if T > ¢. This approach
yields a test with size equal to a as desired.

Theorem 13.1 If ¢ = G, 1 (1 - a) the size of a hypothesis test equals the significance level a.

P [Reject Hy | Fo] = a.
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Figure 13.4(a) illustrates a null sampling distribution and critical region for a test with 5% size. The
critical region T > c is shaded and has 5% of the probability mass. The acceptance region T < c is un-
shaded and has 95% of the probability mass.

The power of the test is

n(F)=1-G(Gy' (1-a) | F).

This depends on «a and the distribution F. For illustration again take the case of a normal sample mean
where G(x | F) = ® ((x —0) /0). In this case the power equals

a(F)=1-®(0Z1-q—0)/0)
=1-®(Z1_¢—-0/0).

Given « this is a monotonically increasing function of 8/c. The power of the test is the probability of
rejection when the alternative hypothesis is true. We see from this expression that the power is increasing
as 0 increases and as o decreases.

Figure 13.4(b) illustrates the sampling distribution under one value of the alternative. The density
marked “Fy” is the null distribution. The density marked “F,” is the distribution under the alternative
hypothesis. The critical region is the shaded region. The dark shaded region is 5% of the probability mass
of the critical region under the null. The full shaded region is the probability mass of the critical region
under this alternative, and in this case equals 37%. This means that for this particular alternative 6, the
power of the test equals 37% — the probability of rejecting the null is slightly higher than one in three.

Power Function

Figure 13.5: Power Function

In Figure 13.5 we plot the normal power function as a function of 8/¢ for « = 0.2, 0.1, 0.05 and 0.005.
At 0/0 = 0 the function equals the size @. The power function is monotonically increasing in 8/0 and
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asymptotes to 1. The four power functions are strictly ranked. This shows how increasing the size of the
test (the probability of a Type I error) increases the power (the complement of the probability of a Type
II error). In particular, you can see that the power of the test with size 0.005 is much lower than the other
power functions.

13.6 Two-Sided Tests

Take the case of two-sided tests where the critical region is | T| > c. In this case the power function
equals
T(F)=1-G(c|F)+G(-c|F).

The size is
7(Fp) =1-Go(c)+Go(-0).

When the null sampling distribution is symmetric about zero (as in the case of the normal distribution)
then the latter can be written as
n(Fp) =2(1-Go(c)).

For a two-sided test the critical value c is selected so that the size equals the significance level. As-
suming Gy is symmetric about zero this is

20-Gy(0) = a

which has solution
c=Gy'(1-a/l2).

When Gy(x) = @ (x/0) the two-sided critical value (13.4) equals ¢ = 0 Z;_q4/2. For a = 0.05 this implies
Z1—q/2 = 1.96. The test accepts Hy if | T| = ¢ and rejects Hy if | T'| > c.

Accept Hy

Accept Hy

c éo c c éo él c

(a) Null Sampling Distribution (b) Null and Alternative Sampling Distributions

Figure 13.6: Null and Alternative Sampling Distributions for a Two-Sided Test

Figure 13.6(a) illustrates a null sampling distribution and critical region for a two-sided test with 5%
size. The critical region is the union of the two tails of the sampling distribution. Each of the sub-rejection
regions has 2.5% of the probability mass.
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Figure 13.6(b) illustrates the sampling distribution under the alternative. The alternative shown has
01 > 6y so the sampling density is shifted to the right. This means that the distribution under the alter-
native has very little probability mass for the left rejection region T < —c but instead has all probability
mass in the right tail. In this case the power of the test is 26%.

13.7 What Does “Accept H,” Mean About H,?

Spoiler alert: The decision “Accept Hy” does not mean H is true.

The classical approach prioritizes the control of Type I error. This means we require strong evidence
to reject Hy. The size of a test is set to be a small number, typically 0.05. Continuity of the power function
means that power is small (close to 0.05) for alternatives close to the null hypothesis. Power can also be
small for alternatives far from the null hypothesis when the amount of information in the data is small.
Suppose the power of a test is 25%. This means that in 3 of 4 samples the test does not reject even though
the null hypothesis is false and the alternative hypothesis is true. If the power is 50% the likelihood of
accepting the null hypothesis is equal to a coin flip. Even if the power is 80% the probability is 20% that
the null hypothesis is accepted. The bottom line is that failing to reject Hy does not meant that Hy is true.

It is more accurate to say “Fail to Reject Hy” instead of “Accept Hy”. Some authors adopt this conven-
tion. Itis not important as long as you are clear about what the statistical test means.

Take the early childhood education example. If we test the hypothesis 8 = 0 we are seeking evidence
that the program had a positive effect on adult wages. Suppose we fail to reject the null hypothesis given
the sample. This could be because there is indeed no effect of the early childhood education program
on adult wages. It could also be because the effect is small relative to the spread of wages in the popu-
lation. It could also be because the sample size was insufficiently large to be able to measure the effect
sufficiently precisely. All of these are valid possibilities, and we do no know which is which without more
information. If the test statistic fails to reject 0 = 0, it is categorically incorrect to state “The evidence
shows that early childhood education has no effect on wages”. Instead you can state “The study failed
to find evidence that there is an effect on wages.” More information can be obtained by examining a
confidence interval for 8, which is discussed in the following chapter.

13.8 tTest with Normal Sampling

We have talked about testing in general but have not been specific about how to design a test. The
most common test statistic used in applications is a t test.

We start by considering tests for the mean. Let p = E[X] and consider the hypothesis Hy : ¢ = po. The
t-statistic for Hy is

Xn— Mo

Vs¢in

where X, is the sample mean and s? is the sample variance. The decision depends on the alternative.
For the one-sided alternative H; : u > pg the test rejects Hy in favor of H; if T > ¢ for some c. For the
one-sided alternative H; : u < g the test rejects Hy in favor of H; if T < c. For the two-sided alternative
Hi : 1 # po the test rejects Hp in favor of H, if | T| > ¢, or equivalently if T? > 2.

If the variance o is known it can be substituted in the formula for T. In this case some textbooks call
T a z-statistic.

There are alternative equivalent ways of writing the test. For example, we can define the statistic as
T = X, and reject in favor of u > g if T > g + cV's2/ n.
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It is desirable to select the critical value to control the size. This requires that we know the null sam-
pling distribution Gy (x) of the statistic T. This is possible for the normal sampling model. That is, when
X ~N(, 02) the exact distribution Gy (x) of T is student t with n — 1 degress of freedom.

Let’s consider the test against H; : 1 > po. As described in the previous sections, for a given signifi-
cance level a the goal is to find ¢ so that

1-Gy(o)=a

which has the solution
c=Gy' (1-a) = Gi-a,

the 1 — a quantile of the student t distribution with 7 — 1 degrees of freedom. Similarly, the test against
Hi : p < yo rejects if T < qq.
Now consider a two-sided test. As previously described, the goal is to find ¢ so that

2(1-Go(0) =«

which has the solution
c=Gy'1-al2)=qi-as.

The test rejects if | T| > g1 _q/2. Equivalently, the test rejects if T2 > qi a2
Theorem 13.2 In the normal sampling model X ~ N(, 02):

1. The ttest of Hy : u = po against Hy : pu > yo rejects if T > q;_, where q;—, is the 1 — a quantile of the
t,,—1 distribution.

2. The ttestof Hp: pt = pp against Hj : p < o rejects if T < gq.

3. The ttest of Hy : = po against Hy : p # po rejects if | T| > q1—q/2-

These tests have exact size a.

13.9 Asymptotic t-test

When the null sampling distribution is unknown we typically use asymptotic tests. These tests are
based on an asymptotic (large sample) approximation to the probability of a Type I error.
Again consider tests for the mean. The t-statistic for Hy : ¢ = o against Hy : u > o is

T:Xn_,uo
Vsiin

The statistic can also be constructed with &2 instead of s2. The test rejects Hy if T > c. This has size

P [RejectHp | Fo] =P [T > ¢ | Fol
which is generally unknown. However, since T is asymptotically standard normal, as n — co
P[T>c| Fyl = P[N(0,1) > c] =1-®(c).

This suggests using the critical value ¢ = Z;_, from the normal distribution. For n reasonably large (e.g.
n = 60) this is essentially the same as using student-t quantiles.

The test “Reject Hy if T > Z;_,” does not control the exact size of the test. Instead it controls the
asymptotic (large sample) size of the test.
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Definition 13.9 The asymptotic size of a test is the limiting probability of a Type I error as n — oo

a =limsupP [Reject Ho | Fy] .

n—oo
Theorem 13.3 If X has finite mean p and variance o2, then

1. The asymptotic t test of Hp : it = o against Hj : u > yo rejects if T > Z;_, where Z)_, isthe 1 —a
quantile of the standard normal distribution.

2. The asymptotic t test of Hyp : p = pp against Hj : pt < o rejects if T < Z.

3. The asymptotic t test of Hy : pt = o against Hy : pt # po rejects if | T| > Z1_q /2.

These tests have asymptotic size a.

The same testing method apphes to any real-valued hypothesis for which we can calculate a t-ratio.
Let 0 be a parameter of interest, 6 its estimator, and s( 5) its standard error. Under standard conditions

-0

s(0)

— N(, D). (13.5)
d

Consequently under Hy : 6 = 6,
6-69
T = —d> N(0,1).

s(0)
This implies that this t-statistic T can be used identically as for the sample mean. Specifically, tests of Hy
compare T with quantiles of the standard normal distribution.

Theorem 13.4 If (13.5) holds, then for T = (@— o) /s (é)

1. The asymptotic t test of Hy : 8 = 8y against H; : 8 > 6y rejects if T > Z;_, where Z1_4 isthe 1 —a
quantile of the standard normal distribution.

2. The asymptotic t test of H : 6 = 8¢ against H; : 0 < 0y rejects if T < Z,.

3. The asymptotic t test of Hy : 6 = 6y against H, : 0 # 0y rejects if | T| > Z1_q /2.

These tests have asymptotic size a.

Since these tests have asymptotic size @ but not exact size a they do not completely control the size
of the test. This means that the actual probability of a Type I error could be higher than the significance
level a. The theory states that the probability converges to a as n — oo but the discrepancy is unknown
in any given application. Thus asymptotic tests adopt additional error (unknown finite sample size) in
return for broad applicability and convenience.

13.10 Likelihood Ratio Test for Simple Hypotheses

Another important test statistic is the likelihood ratio. In this section we consider the case of simple

hypotheses.
Recall that the likelihood informs us about which values of the parameter are most likely to be com-

patible with the observations. The maximum likelihood estimator 6 is motivated as the value most likely
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to have generated the data. It therefore seems reasonable to use the likelihood function to assess the
likelihood of specific hypotheses concerning 6.

Take the case of simple null and alternative hypotheses. The likelihood at the null and alternative are
L, (8p) and L, (0,). If L,,(0,) is sufficiently larger than L, (6y) this is evidence that 8; is more likely than
6o. We can formalize this by defining a test statistic as the ratio of the two likelihood functions

Ln (01)
Ln(eo) ’

A hypothesis test accepts Hy if L,,(81)/L,(00) < c for some ¢ and rejects Hy if L,,(61)/L;(8y) > c. Since we
typically work with the log-likelihood function it is more convenient to take the logarithm of the above
statistic. This results in the difference in the log-likelihoods. For historical reasons (and to simplify how
critical values are often calculated) it is convenient to multiply this difference by 2. We therefore define
the likelihood ratio statistic of two simple hypotheses as

LR, = Z(Zn (01) _én (60))-
The test accepts Hy if LR, < ¢ for some ¢ and rejects Hy if LR,, > c.

Example: X ~ N(0,0?) with 62 known. The log-likelihood function is

0,0 =-"1 n_ 1§ 0)
n( )__E Og(ZﬂU)—FiZI(Xi— )e.

The likelihood ratio statistic for Hy : 0 = 8y against H; : 8 = 0; > 0y is
LR, =2(€ (61) — €, (60))
= % ; ((Xi = 00)* = (X; —61)°)
- i—’ZYn 01— 60) + % (62-62).

The test rejects Hp in favor of H; if LR;, > ¢ for some ¢, which is the same as rejecting if

X, -0
r=vi (_) -
o
for some b. Set b = Z;_, so that
PIT>Zg |00l =1-D(Z1_¢) = .
We find that the likelihood ratio test of simple hypotheses for the normal model with known variance is
identical to a t-test with known variance.

13.11 Neyman-Pearson Lemma

We mentioned earlier that the classical approach to hypothesis testing controls the size and picks
the test to maximize the power subject to this constraint. We now explore the issue of selecting a test to
maximize power. There is a clean solution in the special case of testing simple hypotheses.
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Write the joint density of the observations as f (x| 8) for x € R"™. The likelihood function is L, (0) =
f(X]0). We are testing the simple null Hy : 8 = 6 against the simple alternative H; : 8 = 8, given a fixed
significance level a. The likelihood ratio test rejects Hy if L,,(61)/L,,(8¢) > ¢ where c is selected so that

P [ Ln(el)

>cC
Ln (00)

90 =aQ.

Lety,(x) =1 {f (x10)>cf (x| 90)} be the likelihood ratio test function. That is, ¥, (X) = 1 when
the likelihood ratio test rejects and vy, (X) = 0 otherwise. Let 1, (x) be the test function for any other test
with size a. Since both tests have size a

Ply.(X)=1100] =P[y,(X)=1]6o] = a.

We can write this as

fwa(x)f(xlﬁo) dx:fU/b (x) f(x16p)dx = a. (13.6)
The power of the likelihood ratio test is

Ln (01)
Ln (00)

>C

91] =fwu(XJf(x|91)dx
=fwa(x)f(x|91)dx—0(fwu(x)f(x|90)dx—fu/b(x)f(xlé’o)dx
=f1l/a(x)(f(x|01)—6f(x|90))dx+0fwb(x)f(x|00)dx
szb(x)(f(xlel)—cfm90))dx+cfwb(x)f(x|90)dx

=fwb(x)f(x|91)dx
=7y 01).

The second equality uses (13.6). The inequality in line four holds because if f (x |81) —cf (x| 8p) > 0 then
Ya(x)=12y,(x). If f(x]01)—cf(x]60) <0theny,(x) =0= -y (x). The final expression (line six) is
the power of the test yj,. This shows that the power of the likelihood ratio test is greater than the power
of the test ¥j. This means that the LR test has higher power than any other test with the same size.

Theorem 13.5 Neyman-Pearson Lemma. Among all tests of a simple null hypothesis against a simple
alternative hypothesis with size a, the likelihood ratio test has the greatest power.

The Neyman-Pearson Lemma is a foundational result in testing theory.

In the previous section we found that in the normal sampling model with known variance the LR test
of simple hypotheses is identical to a t test using a known variance. The Neyman-Pearson Lemma shows
that the latter is the most powerful test of this hypothesis in this model.

13.12 Likelihood Ratio Test Against Composite Alternatives

We now consider two-sided alternatives H; : 8 # 6y. The log-likelihood under H; is the unrestricted
maximum. Let & be the MLE which maximizes ¢ n (0). Then the maximized likelihood is ¢, ((9) The
likelihood ratio statistic of Hy : 8 = 8¢ against H; : 8 # 0 is twice the difference in the maximized log-
likelihoods

LRy, =2 (0, (0) - €, (00)).
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The test accepts Hp if LR, < ¢ for some ¢ and rejects Hy if LR,, > c.

To illustrate, Figure 13.7 displays an exponential log-likelihood function along with a hypothesized
value 0y and the MLE 8. The likelihood ratio statistic is twice the difference between the log-likelihood
function at the two values. The likelihood ratio test rejects the null hypothesis if this difference is suffi-
ciently large.

1n(8)

LR,

In (90)

8o

D>

Figure 13.7: Likelihood Ratio

The test against one-sided alternatives is a bit less intuitive, combining a comparison of the log-
likelihoods with an inequality check on the coefficient estimates. Let 0, be the maximizer of ¢, (8) over
0 = 6. In general
~ { 6 if0>0
0, = e

0y if0<6,.

The maximized log likelihood is defined similarly, so the likelihood ratio statistic is

LR}, =2(0, (04 )— €, (00))

_{ 2(€,(0)-¢,60) if0>6
B 0 if 6 < 0,

= LR, 1{0 > 6} .
The test rejects if LR}, > ¢, thus if LR, > ¢ and 0 > 6.

Example: X ~ N(0,0?) with 02 known. We found before that the LR test of Hy : 8 = 6 against H; : 6 = 6; >
0y rejects for T > Z;_, where T = v/n (Xn - 00) /o. This does not depend on the specific alternative 6;.
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Thus this t-ratio is also the test against the one-sided alternative H; : 8 > 8y. Furthermore, the Neyman-
Pearson Lemma showed that this test is the most powerful test against H; : § = 0, for every 8, > 6.
This means that the t-ratio test is the uniformly most powerful test against the one-sided alternative
Hy : 0> 90.

13.13 Likelihood Ratio and t tests

An asymptotic approximation shows that the likelihood ratio of a simple null against a composite
alternative is similar to a t test. This can be seen by taking a Taylor series expansion. Let 8 € R,
The likelihood ratio statistic is
LR, =2(€,,(0) — €, 00).
Take a second order Taylor series approximation to ¢, (6y) about the MLE 0:

62
0000’

The first-order condition for the MLE is %é »(6) = 0 so the second term on the RHS is zero. The sec-
ond derivative of the log-likelihood is the negative inverse of the Hessian estimator V of the asymptotic
variance of 8. Thus the above expression can be written as

9 s 1. ) N
zn(eo)zen@+£zn@ (9—90)+5(9—eo) 0,(0)(6-60).

1 ~ 1 o~
0, 60) =, () —5(9—00)’V '(6-60).
Inserted into the formula for the likelihood ratio statistic we have
LR, = (0-6,) V' (§-0y).

As n — oo this converges in distribution to a y2, distribution, where m is the dimension of 6.
This means that the critical value should be the 1 — a quantile of the y2, distribution for asymptoti-
cally correct size.

Theorem 13.6 For simple null hypotheses, under Hy
LR, = (6-60) V' (§-60)+0,(1) — A

The test “Reject Hp if LR, > g1-¢”, the latter the 1 — a quantile of the )(%n distribution, has asymptotic size
a.

. . . ~ =-1(5
Furthermore, in the one-dimensional case we find (8 —6p) V™' (8 - 6,) = T2, the square of the con-
ventional t-ratio. Hence we find that the LR and t tests are asymptotically equivalent tests.

Theorem 13.7 As n — oo the tests “Reject Hy if LR, > ¢” and “Reject Hy if |T| > ¢” are asymptotically
equivalent tests.

In practice this does not mean that the LR and t tests will give the same answer in a given application.
In small and moderate samples, or when the likelihood function is highly non-quadratic, the LR and t
statistics can be meaningfully different from one another. This means that tests based on one statistic
can differ from tests based on the other. When this occurs there are two general pieces of advice. First,
trust the LR over the t test. It has advantages including invariance to reparameterizations and tends
to work better in finite samples. Second, be skeptical of the asymptotic normal approximation. If the
two tests are different this means that the large sample approximation theory is not providing a good
approximation. It follows that the distributional approximation is unlikely to be accurate.
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13.14 Statistical Significance

When 6 represents an important magnitude or effect it is often of interest to test the hypothesis of
no effect, thus Hp : 8 = 0. If the test rejects the null hypothesis it is common to describe the finding as
“the effect is statistically significant”. Often asterisks are appended indicating the degree of rejection. Itis
common to see * for a rejection at the 10% significance level, ** for a rejection at the 5% level, and *** for
arejection at the 1% level. I am not a fan of this practice. It focuses attention on statistical significance
rather than interpretation and meaning. It is also common to see phrases such as “the estimate is mildly
significant” if it rejects at the 10%, “is statistically significant” if it rejects at the 5% level, and “is highly
significant” if it rejects at the 1% level. This can be useful when these phrases are used in exposition and
focus attention on the key parameters of interest.

While statistical significance can be important when judging the relevance of a proposed policy or
the scientific merit of a proposed theory, it is not relevant for all parameters and coefficients. Blindly
testing that coefficients equal zero is rarely insightful.

Furthermore, statistical significance is frequently less important than interpretations of magnitudes
and statements concerning precision. The next chapter introduces confidence intervals which focus on
assessment of precision. There is a close relationship between statistical tests and confidence intervals,
but the two have different uses and interpretations. Confidence intervals are generally better tools than
hypothesis tests for assessment of an economic model.

13.15 P-Value

Suppose we use a test which has the form: “Reject Hy when T > ¢”. How should we report our result?
Should we report only “Accept” or “Reject”? Should we report the value of T and the critical value c? Or,
should we report the value of T and the null distribution of T?

A simple choice is to report the p-value, which is

p=1-Go(T)

where Gy(x) is the null sampling distribution. Since Gy(x) is monotonically increasing, p is a monoton-
ically decreasing function of T. Furthermore, Gy(c) = @. Thus the decision “Reject Hyp when T > ¢” is
identical to “Reject Hyp when p < a”. Thus a simple reporting rule is: Report p. Given p a user can in-
terpret the test using any desired critical value. The p-value p transforms T to an easily interpretable
universal scale.

Reporting p-values is especially useful when T has a complicated or unusual distribution. The p-
value scale makes interpretation immediately convenient for all users.

Reporting p-values also removes the necessity for adding labels such as “mildly significant”. A user is
free to interpret p = 0.09 as they see fit.

Reporting p-values also allows inference to be continuous rather than discrete. Suppose that based
on a 5% level you find that one statistic “Rejects” and another statistic “Accepts”. At first reading that
seems clear. But then on further examination you find that the first statistic has the p-value 0.049 and
the second statistic has the p-value 0.051. These are essentially the same. The fact that one crosses
the 0.05 boundary and the other does not is partly an artifact of the 0.05 boundary. If you had selected
a = 0.052 both would would be “significant”. If you had selected @ = 0.048 neither would be. It seems
more sensible to treat these two results identically. Both are (essentially) 0.05, both are suggestive of a
statistically significant effect, but neither is strongly persuasive. Looking at the p-value we are led to treat
the two statistics symmetrically rather than differently.
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A p-value can be interpreted as the “marginal significance value”. That is, it tells you how small a
would need to be in order to reject the null hypothesis. Suppose, for example, that p = 0.11. This tells
you that if @ = 0.12 you would have “rejected” the null hypothesis, but notif @ = 0.10. On the other hand,
suppose that p = 0.005. This tells you that you would have rejected the null for a as small as 0.006. Thus
the p-value can be interpreted as the “degree of evidence” against the null hypothesis. The smaller the
p-value, the stronger the evidence.

p-values can be mis-used. A common mis-interpretation is that they are “the probability that the null
hypothesis is true”. This is incorrect. Some writers have made a big deal about the fact that p-values are
not Bayesian probabilities. This is true but irrelevant. A p-value is a transformation of a test statistic and
has exactly the same information; it is the statistic written on the [0, 1] scale. It should not be interpreted
as a probability.

Some of the recent literature has attacked the overuse of p-values and the excessive use of the 0.05
threshold. These criticisms should not be interpreted as attacks against the p-value transformation.
Rather, they are valid attacks on the over-use of testing and a recommendation for a much smaller sig-
nificance threshold. Hypothesis testing should be applied judiciously and appropriately.

13.16 Composite Null Hypothesis

Our discussion up to this point has been operating under the implicit assumption that the sampling
distribution Gy is unique, which occurs when the null hypothesis is simple. Most commonly the null
hypothesis is composite which introduces some complications.

A parametric example is the normal sampling model X ~ N(u,0?). The null hypothesis Hy : i = g
does not specify the variance o2, so the null is composite. A nonparametric example is X ~ F with null
hypothesis Hy : E [X] = po. This null hypothesis does not restrict F other than restricting its mean.

In this section we focus on parametric examples where likelihood analysis applies. Assume that X
has a known parametric distribution with vector-valued parameter € R¥. (In the case of the normal
distribution, § = (u,0%).) Let £, () be the log-likelihood function. For some real-valued parameter 6 =
h(p) the null and alternative hypotheses are Hy : 6 = 6 and H : 0 # 6.

First consider estimation of § under H;. The latter is straightforward. It is the unconstrained MLE

~

B =argmax/?, (B).
B

Second consider estimation under Hy. This is MLE subject to the contraint & (g) = 8. This is

B =argmax/?, (B).
h(B)=00

We use the notation B to refer to constrained estimation. By construction the constrained estimator
satisfies the null hypothesis 1 () = 6.

The likelihood ratio statistic for Hy against H; is twice the difference in the log-likelihood function
evaluated at the two estimators. This is

LRnZZ([n(m_[n(ﬁ))'

This likelihood ratio statistic is necessarily non-negative since the unrestricted maximum cannot be
smaller than the restricted maximum. The test rejects Hy in favor of H,; if LR, > ¢ for some c.

When testing simple hypotheses in parametric models the likelihood ratio is the most powerful test.
When the hypotheses are composite it is (in general) unknown how to construct the most powerful test.
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Regardless it is still a standard default choice to use the likelihood ratio to test composite hypotheses
in parametric models. While there are known counter-examples where other tests have better power,
in general the evidence suggests that it is difficult to obtain a test with better power than the likelihood
ratio.

In general, construction of the likelihood ratio is straightforward. We estimate the model under the
null and alternative and take twice the difference in the maximized log-likelihood ratios.

In some cases, however, we can obtain specific simplications and insight. The primary example is the
normal sampling model X ~ N(u,0?) under a test of Hg : 4 = g against Hy : p # . The log-likelihood
function is

n 2 1 & 2
00 ()= —5108(2”0 )- ﬁi;(&'—ﬂ) :
The unconstrained MLE is ,3 = (Xn, %) with maximized log-likelihood
n n n
=——log(2m) - —log(5?) - —.
0n(B) =~ log2m - 7 log(6*) - 5

The constrained estimator sets u = p and then maximizes the likelihood over ¢ alone. This yields
B = (1o, %) where

5% = (Xi—/.lo)z.

1
nizs

The maximized log-likelihood is
00(B) = —glog(Zn) - glog(gz) - g
The likelihood ratio statistic is

LRnZZ(fn(B)—gn(B))

~nlog (%) + nlog(?)
5.2
nlog =

The test rejects if LR, > ¢ which is the same as

for some b?. We can write

n 2 n ¥ )2 2
(&2—62) i (Xi—po)™ - X1, (Xi—Xn) n(Xn—llo)
nl——|=
o
where
T = Xp— Ho
Va?tin
is the t-ratio for the sample mean centered at the hypothesized value. Rejection if T? > b? is the same as
rejection if | T'| > b. To summarize, we have shown that the LR test is equivalent to the absolute t-ratio.
Since the t-ratio has an exact student t distribution with n—1 degrees of freedom, we deduce that the
probability of a Type I error is

P[ITI> bl po] = 2P [ty-1 > bl =2 (1~ Gp-1 (b))
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where G,,_; (x) is the student t distribution function. To achieve a test of size a we set
20-Gp1 (b)) =«

or
Gno1(b)=1-al2.

This means that b equals the 1 — a/2 quantile of the ¢, distribution.

Theorem 13.8 In the normal sampling model X ~ N(u,0?), the LR test of Hy : p = po against Hy : p # o
rejects if | T| > g where ¢ is the 1 — a/2 quantile of the #,,_; distribution. This test has exact size a.

13.17 Asymptotic Uniformity

When the null hypothesis is composite the null sampling distribution Gy (x) may vary with the null
distribution Fy. In this case it is not clear how to construct an appropriate critical value or assess the
size of the test. A classical approach is to define the uniform size of a test. This is the largest rejection
probability across all distributions which satisfy the null hypothesis. Let & be the class of distributions
in the model and let %, be the class of distributions satisfying Hy.

Definition 13.10 The uniform size of a hypothesis test is

a = sup P[RejectHy | Fo.
FgEg()

Many classical authors simply call this the size of the test.

A difficulty with this concept is that it is challenging to calculate the uniform size in reasonable ap-
plications.

In practice most econometric tests are asymptotic tests. While the size of a test may converge point-
wise, it does not necessarily convege uniformly across the distributions in the null hypothesis. Conse-
quently it is useful to define the uniform asymptotic size of a test as

a =limsup sup P [Reject Hp | Fo].

n—oo Fye%,

This is a stricter concept than the asymptotic size.

In Section 9.4 we showed that uniform convergence in distribution can fail. This implies that the
uniform asymptotic size may be excessively high. Specifically, if & denotes the set of distributions with
a finite variance, and % is the subset satisfying Hy : 8 = 8y where 8 = E[X], then the uniform asymptotic
size of any test based on a t-ratio is 1. It is not possible to control the size of the test.

In order for a test to control size we need to restrict the class of distributions. Let & denote the set of
distributions such that for some r > 2, B < oo, and 6 >0, E|X|” < B and var [X] = §. Let %, be the subset
satisfying Hg : 8 = 68y. Then

limsup sup P[|T|> Z1-q/2 | ol = a.
n—oo Fye%,
Thus a test based on the t-ratio has uniform asymptotic size a.

This message from this result is that uniform size control is possible in an asymptotic sense if stronger

assumptions are used.
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13.18 Summary
To summarize this chapter on hypothesis testing:

1. A hypothesis is a statement about the population. A hypothesis test assesses if the hypothesis is
true or not true based on the data.

2. Classical testing makes either the decision “Accept Hp” or “Reject Hy”. There are two possible er-
rors: Type I and Type II. Classical testing attempts to control the probability of Type I error.

3. In many cases a sensible test statistic is a t-ratio. The null is accepted for small values of the t ratio.
The null is rejected for large values. The critical value is selected based on either the student t
distribution (in the normal sampling model) or the normal distribution (in other cases).

4. The likelihood ratio statistic is a generally appropriate test statistic. The null is rejected for large
values of the LR. Critical values are based on the chi-square distribution. In the one-dimensional
case it is equivalent to the t statistic.

5. The Neyman-Pearson Lemma shows that in certain restricted settings the LR is the most powerful
test statistic.

6. Testing can be reported simply by a p-value.

13.19 Exercises

For all the questions concerning developing a test, assume you have an i.i.d. sample of size n from
the given distribution.

Exercise 13.1 Take the Bernoulli model with probability parameter p. We want a test for Hp : p = 0.05
against Hj : p # 0.05.

(a) Develop a test based on the sample mean X ,,.

(b) Find the likelihood ratio statistic.
Exercise 13.2 Take the Poisson model with parameter 1. We want a test for Hp: A = 1 against H; : 1 # 1.

(a) Develop a test based on the sample mean Yn.

(b) Find the likelihood ratio statistic.

Exercise 13.3 Take the exponential model with parameter A. We want a test for Hy : A = 1 against H :
A#1L

(a) Develop a test based on the sample mean Xn.

(b) Find the likelihood ratio statistic.

Exercise 13.4 Take the Pareto model with parameter a. We want a test for Hp : @ = 4 against H; : A # 4.
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(a) Find the likelihood ratio statistic.
Exercise 13.5 Take the model X ~ N(u,0?). Propose a test for Hg : = 1 against Hy : p # 1.

Exercise 13.6 Test the following hypotheses against two-sided alternatives using the given information.
In the following, X, is the sample mean, S(Yn) is its standard error, s is the sample variance, n the
sample size, and pu = E[X].

@ Ho:u=0,X,=12, s(Y,,) ~0.4.
() Ho: =0, Xn=—-1.6, s(Xn) =0.9.

(¢) Hp: =0, X, =-3.5, s> =36, n=100.
(d) Ho:p=1,X,=0.4,s*=100, n=1000.

Exercise 13.7 In alikelihood model with parameter A a colleague tests Hp : A = 1 against H; : A # 1. They
claim to find a negative likelihood ratio statistic, LR = —3.4. What do you think? What do you conclude?

Exercise 13.8 You teach a section of undergraduate statistics for economists with 100 students. You give
the students an assignment: They are to find a creative variable (for example snowfall in Wisconsin),
calculate the correlation of their selected variable with stock price returns, and test the hypothesis that
the correlation is zero. Assuming that each of the 100 students selects a variable which is truly unrelated
to stock price returns, how many of the 100 students do you expect to obtain a p-value which is significant
at the 5% level? Consequently, how should we interpret their results?

Exercise 13.9 Take the model X ~ N(y,1). Consider testing Hp : 1 € {0, 1} against H; : ¢t ¢ {0,1}. Consider
the test statistic

T = min{|vnXpl, |vVn(X, - DI}

Let the critical value be the 1 — a quantile of the random variable min{| Z|,|Z — \/n|}, where Z ~ N(0, 1).
Show that P[T > c|u=0] =P [T > c| u=1] = a. Conclude that the size of the test ¢, = 1{T > c} is a.
Hint: Use the fact that Z and —Z have the same distribution.
This is an example where the null distribution is the same under different points in a composite null.
The test ¢p,, = 1(T > ¢) is called a similar test because infg cq, P [T > ¢ |0 = 0p] = SUpg,ce,PIT>c |0 =6)].

Exercise 13.10 The government implements a new banking policy. You want to assess whether the pol-
icy has had an impact. You gather information on 10 affected banks (so your sample size is n = 10). You
conduct a t-test for the effectiveness of the policy and obtain a p-value of 0.20. Since the test is insignifi-
cant what should you conclude? In particular, should you write “The policy has no effect”?

Exercise 13.11 You have two samples (Madison and Ann Arbor) of monthly rents paid by n individuals in
each sample. You want to test the hypothesis that the average rent in the two cities is the same. Construct
an appropriate test.

Exercise 13.12 You have two samples (mathematics and literature) of size n of the length of a Ph.D. the-
sis measured by the number of characters. You believe the Pareto model fits the distribution of “length”
well. You want to test the hypothesis that the Pareto parameter is the same in the two disciplines. Con-
struct an appropriate test.
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Exercise 13.13 You design a statistical test of some hypothesis Hy which has asymptotic size 5% but you
are unsure of the approximation in finite samples. You run a simulation experiment on your computer
to check if the asymptotic distribution is a good approximation. You generate data which satisfies Hyp.
On each simulated sample, you compute the test. Out of B = 50 independent trials you find 5 rejections
and 45 acceptances.

(a) Based on the B =50 simulation trials, what is your estimate p of p, the probability of rejection?

(b) Find the asymptotic distribution for vB (p - p) as B — co.

(c) Test the hypothesis that p = 0.05 against p # 0.05. Does the simulation evidence support or reject
the hypothesis that the size is 5%?
Hint: P[|N(0,1)| = 1.96] = 0.05.

Hint: There may be more than one method to implement a test. That is okay. It is sufficient to
describe one method.



Chapter 14

Confidence Intervals

14.1 Introduction

Confidence intervals are a tool to report estimation uncertainty.

14.2 Definitions

Definition 14.1 An interval estimator of a real-valued parameter 6 is an interval C = [L, U] where L and
U are statistics.

The endpoints L and U are statistics, meaning that they are functions of the data, and hence are
random. The goal of an interval estimator is to cover (include) the true value 6.

Definition 14.2 The coverage probability of an interval estimator C = [L, U] is the probability that the
random interval contains the true . ThisisP[L<8 < U] =P [0 € C].

The coverage probability in general depends on distribution F.

Definition 14.3 A 1 — a confidence interval for 0 is an interval estimator C = [L, U] which has coverage
probability 1 — a.

A confidence interval C is a pair of statistics written as a range [L, U] which includes the true value
with a pre-specified probability. Due to randomness we rarely seek a confidence interval with 100%
coverage as this would typically need to be the entire parameter space. Instead we seek an interval which
includes the true value with reasonably high probability. When we produce a confidence interval, the
goal is to produce a range which conveys the uncertainty in the estimation of §. The interval C shows a
range of values which are reasonably plausible given the data and information. Confidence intervals are
reported to indicate the degree of precision of our estimates; the endpoints can be used as reasonable
ranges of plausible values.

The value « is similar to the significance level in hypothesis testing but plays a different role. In
hypothesis testing the significance level is often set to be a very small number in order to prevent the
occurrance of false positives. In confidence interval construction, however, it is often of interest to report
the likely range of plausible values of the parameter, not the extreme cases. Standard choices are a = 0.05
and 0.10, corresponding to 95% and 90% confidence.

Since a confidence interval only has interpretation in connection with the coverage probability it is
important that the latter be reported when reporting confidence intervals.

293
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When the finite sample distribution is unknown we can approximate the coverage probability by its
asymptotic limit.

Definition 14.4 The asymptotic coverage probability of interval estimator C is liminf P[0 € C].

n—oo

Definition 14.5 An 1 — a asymptotic confidence interval for 0 is an interval estimator C = [L, U] with
asymptotic coverage probability 1 — a.

14.3 Simple Confidence Intervals

Suppose we have a parameter 6, an estimator 6, and a standard error s (@ We describe three basic
confidence intervals.
The default 95% confidence interval for 0 is the simple rule

C=[0-25(0), 6+25()]. (14.1)

This interval is centered at the parameter estimator 6 and adds plus and minus twice the standard error.
A normal-based 1 — a confidence interval is

C= [é\—ZI_a/?_S(@, §+ Zl_a/p_s(@] (14.2)

where Z;_4/2 is the 1 — a/2 quantile of the standard normal distribution.
A student-based 1 — a confidence interval is

C= [§_ gi-a/2$ (@ 0+ qgi-a/2$ (@] (14.3)

where g;_q/2 is the 1 — a/2 quantile of the student t distribution with some degree of freedom r.

The default interval (14.1) is similar to the intervals (14.2) and (14.3) for a = 0.05. The interval (14.2)
is slightly smaller since Zj 975 = 1.96. The student-based interval (14.3) is identical for r = 59, larger for
r <59, and slightly smaller for > 59. Thus (14.1) is a simplified approximation to (14.2) and (14.3).

The normal-based interval (14.2) is exact when the t-ratio

has an exact standard normal distribution. It is an asymptotic approximation when 7T has an asymptotic
standard normal distribution.

The student-based interval (14.3) is exact when the t-ratio has an exact student t distribution. It is
also valid when T has an asymptotic standard normal distribution since (14.3) is wider than (14.2).

We discuss motivations for (14.2) and (14.3) in the following sections, and then describe other confi-
dence intervals.

14.4 Confidence Intervals for the Sample Mean under Normal Sampling

The student-based interval (14.3) is designed for the mean in the normal sampling model. The de-
grees of freedom for the critical value is n —1.

Let X ~ N(u,0?) with estimators i = X, for g and s? for o2. The standard error for @i is s (@) = s/n
The interval (14.3) equals

1/2

C=[0-qiars/n'?, [+ qi_ars/n'’?].
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To calculate the coverage probability let u be the true value. Then

PlueCl=P[a—gi-ans/n'"* < u<fi+qi_qpns/in'’?].

The first step is to subtract i from the three components of the equation. This yields

1/2 1/2] .

Pl-qi—ar2s/n"'* < pu—[ < qi-a2sin

Multiply by —1 and switch the inequalities

1/2 1/2] .

Plqi-aps/n'zi-p=—-qi_apsin

Rewrite as

1/2 1/2] .

Pl-qi—ar2s/n"'* <fi—p < qi-a2s/n

Divide by s/n'/? and use the fact that the middle term is the t-ratio

Pl-q1-ar2 =T < q1-as2].

Use the fact that —q1-4/2 = qa/2 and then evaluate the probability
a

a
P [%/2 =T< 6]&—1/2] =G(g1-as2) = G(gq2) =1— E - E =l-a.

Here, G(x) is the distribution function of the student t with n — 1 degrees of freedom
We have calculated that the interval C is a 1 — @ confidence interval.

14.5 Confidence Intervals for the Sample Mean under non-Normal Sampling

Let X ~ F with mean p, variance o with estimators i = X, for g and s? for o2. The standard error
for iis s (@) = s/n'/2. The interval (14.2) equals

C=[fi-Z1—apsin'’?, [+ Zi_qpsin'’?].

Using the same steps as in the previous section, the coverage probability is

PlueCl =P~ Zi—a2s/n*? < p<fi+ Zy_qr2s/n*'?|

=P[~Zi—aps/n*? < pu—fi< Zy_qpsin''?]

=P[Zi_apsIn'? 20— pu=~Z1_g25/n""?

=P [—Zl_a/gs/nuz < ﬁ— JUAS Zl_a/gs/l’lllz]
=P[Zae =T = Zy—qr2]

=Gp(Z1—ar2 | F) =Gy (Zg2 | F).

Here, G, (x| F) is the sampling distribution of T.
By the central limit theorem, for any F with a finite variance, G, (x | F) — ®(x). Thus
PlueCl=Gn(Zi—ar2| F) =Gy (Zaj2 | F)
- (D(Zl—txlz) - q)(Za'/Z)

=l-———=1-a.
2 2

Thus the interval C is a 1 — @ asymptotic confidence interval.
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14.6 Confidence Intervals for Estimated Parameters

Suppose we have a parameter 6, an estimator 0, and a standard error s (m Assume that they satisfy
a central limit theorem

CD)

T=

@

C= [§_ Zl—a/zs(@, 0+ Zl—a/zs(@] .

Using the same steps as in the previous sections, the coverage probability is

The interval (14.2) equals

POECI=P[0~ Z1_a2s @ <0<0+Z1_a125(0)]

/\

=P|(-Zi—q/2 < ,) <Zi—an

=P[Zar2 =T < Zy1-qr2]
=Gp(Z1—ar2| F) =G (Zg2 | F)

— O(Z1-q2) — O(Zgs2)
a a
=l-—-—=1-a.
2 2
In the fourth line, G, (x | F) is the sampling distribution of T.

This shows that the interval C is a 1 — a asymptotic confidence interval.

14.7 Confidence Interval for the Variance

Let X ~ N(y, 02) with mean U, variance o2 with estimators o= Yn for p and s2 for 2. The variance

estimator has the exact distribution
(n-1s*
o2 Xn-1-

Let G(x) denote the )(fl_l distribution and set gq/2 and g;—4/2 to be the /2 and 1 — a/2 quantiles of this
distribution. The distribution implies that

(n-1)s*
Pldare = ——5— < -an|=1-a.

Rewriting the inequalities we find

n—1)s? n—1)s?
P Qsazsg]ﬂ_a.
q-ar2 dai2

Set
C=

(n—1)s2 (n—l)sz]
q1-a/2 ' qal2 '

This is an exact 1 — & confidence interval for o2.
The interval C is asymmetric about the point estimator s2, unlike the intervals (14.1)-(14.3). It also
respects the natural boundary o > 0 as the lower endpoint is non-negative.



CHAPTER 14. CONFIDENCE INTERVALS 297

14.8 Confidence Intervals by Test Inversion

The intervals (14.1)-(14.3) are not the only posible confidence intervals. Why should we use these
specific intervals? It turns out that a universally appropriate way to construct a confidence interval is by
test inversion. The essential idea is to select a sensible test statistic and find the collection of parameter
values which are not rejected by the hypothesis test. This produces a set which typically satisfies the
properties of a confidence interval.

For a parameter 6 € © let T(0) be a test statistic and c a critical value with the property that to test
Ho : 8 = 0y against H; : 6 # 6y at level a we reject if T(8y) > c. Define the set

C={0€0O:T0)=<c}. (14.4)

The set C is the set of parameters 8 which are “accepted” by the test “reject if T'(8) > ¢”. The complement
of C is the set of parameters which are “rejected” by the same test. This set C is a sensible choice for an
interval estimator if the test T7'(0) is a sensible test statistic.

Theorem 14.1 If T(0) has exact size a for all 8 € ® then Cis a 1 — a confidence interval for 6.

Theorem 14.2 If T(0) has asymptotic size a for all 8 € © then C is a 1 — a asymptotic confidence interval
for 6.

To prove these results, let 6y be the true value of 8. For the first theorem, notice that

P[0y e Cl =P[TO) < cl
=1-P[T®) > c]

>1l-a

where the final equality holds if T'(6p) has exact size a. Thus C is a confidence interval.

For the second theorem, apply limits to the second line above. This has the limit on the third line if
T(6y) has asymptotic size a. Thus C is an asymptotic confidence interval.

We can now see that the intervals (14.2) and (14.3) are identical to (14.4) for the t-statistic

6-6
s(0)

with critical value ¢ = Z,_4/» for (14.2) and ¢ = g1 _q/2 (14.3).

Thus the conventional “simple” confidence intervals correspond to inversion of t-statistics.

The other major test statistic we have studied is the likelihood ratio statistic. The likelihood ratio can
also be “inverted” to obtain a test statistic. Recall the general case. Suppose the full parameter vector is
f and we want a confidence interval for function 8 = k(). The LR statistic for a test of Hyp : 8 = 8y against
H; : 0 # 0y is LR, (8y) where

T®O)=

LR, (0) =2 mﬁaxén (B) hl(%?fegn (B)|-
This is twice the difference between the log-likelihood function maximized without restriction and the
log-likelihood function maximized subject to the restriction that k() = 6. The hypothesis Hy : 0 = 8y
is rejected at the asymptotic significance level « if LR, (8) > q;-, where the latter is the 1 — ¢ quantile
of the y? distribution. It may be helpful to know that since x§ = Z2, g1 = Z2__,,. Thus, for example,
Go.95 = 1.96% = 3.84.
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The likelihood test-inversion interval estimator for 8 is the set which are not rejected by this test,
which is the set
C={0€0O:LR,0) < q1-q}-

This is a level set of the likelihood surface. The set C is an asymptotic confidence interval under standard
conditions.

To illustrate, Figure 14.1 displays a log-likelihood function for an exponential distribution. The high-
est point of the likelihood coincides with the MLE. Subtracting the chi-square critical value from this
point yields the horizontal line. The value of the parameter 8 for which the log-likelihood exceeds this
value are parameter values which are not rejected by the likelihood ratio test. This set is compact be-
cause the log-likelihood is single-peaked, and the set is asymmetric because the log-likelihood function
is asymmetric about the MLE. The test-inversion asymptotic confidence interval is [L, U], The interval
includes more values of 8 to the right of the MLE than to the left. This due to the asymmetry of the
log-likelihood function.

Go.95

In(6)

Figure 14.1: Confidence Interval by Test Inversion

14.9 Usage of Confidence Intervals

In applied economic practice it is common to report parameter estimates 0 and associated stan-
dard errors s (@ Good papers also report standard errors for calculations (estimators) made from the
estimated model parameters. The routine approximation is that the parameter estimators are asymptot-
ically normal, so the normal intervals (14.2) are asymptotic confidence intervals. The student t intervals
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(14.3) are also valid, since they are slightly larger than the normal intervals and are exact for the normal
sampling model.

Most papers do not explicitly report confidence intervals. Rather, most implicitly use the rule-of-
thumb interval (14.1) when discussing parameter estimates and associated effects. The rule-of-thumb
interval does not need to be explicitly reported since it is easy to visually calculate from reported param-
eter estimates and standard errors.

Confidence intervals should be interpreted relative to the meaning and interpretation of the param-
eter 6. The upper and lower endpoints can be used to assess plausible ranges.

Wide confidence intervals (relative to the meaning of the parameter) indicate that the parameter
estimate is imprecise and therefore does not give useful information. When confidence intervals are
wide they include many values. This can lead to an “acceptance” of a default null hypothesis (such as
the hypothesis that a policy effect is zero). In this context it is a mistake to deduce that the empirical
study provides evidence in favor of the null hypothesis of no policy effect. Rather, the correct deduction
is that the sample was insufficiently informative to shed light on the question. Understanding why the
sample was insufficiently informative may lead to a substantive finding (for example, that the underlying
population is highly heterogeneous) or it may not. In any event this analysis indicates that when testing a
policy effect it is important to examine both the p-value and the width of the confidence interval relative
to the meaning of the policy effect parameter.

Narrow confidence intervals (again relative to the meaning of the parameter) indicate that the pa-
rameter estimate is precise and can be taken seriously. Narrow confidence intervals (small standard
errors) are quite common in contemporary applied economics which use large data sets.

14.10 Uniform Confidence Intervals

Our definitions of coverage probability and asymptotic coverage probability are pointwise in the pa-
rameter space. These are simple concepts but have their limitations. Stronger concepts are uniform
coverage where the uniformity is over a class of distributions. This is similar to the concepts of uniform
size of a hypothesis test.

Let & be a class of distributions.

Definition 14.6 The uniform coverage probability of an interval estimator C is ;n; PO eC].
€

Definition 14.7 A 1 — a uniform confidence interval for 6 is an interval estimator C with uniform cov-
erage probability 1 — a.

Definition 14.8 The asymptotic uniform coverage probability of interval estimator C is lirrln inf I;n; P[0 e Cl].
—00 €

Definition 14.9 An 1 — @ asymptotic uniform confidence interval for 6 is an interval estimator C with
asymptotic uniform coverage probability 1 — a.

The uniform coverage probability is the worst-case coverage among distributions in the class ..

In the case of the normal sampling model the coverage probability of the student interval (14.3) is
exact for all distributions. Thus (14.3) is a uniform confidence interval.

Asymptotic intervals can be strengthed to asymptotic uniform intervals by the same method as for
uniform tests. The moment conditions need to be strengthed so that the central limit theory applies
uniformly.
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14.11 Exercises
Exercise 14.1 You have the point estimate 8 = 2.45 and standard error s () = 0.14.

(a) Calculate a 95% asymptotic confidence interval.

(b) Calculate a 90% asymptotic confidence interval.
Exercise 14.2 You have the point estimate § = —1.73 and standard error s (@ =0.84.

(a) Calculate a 95% asymptotic confidence interval.

(b) Calculate a 90% asymptotic confidence interval.

Exercise 14.3 You have two independent samples with estimates and standard errors 0,=14,s (51) =
0.2,0, =0.7, s(62) = 0.3. You are interested in the difference = 6, — 6,.

(a) Find .
(b) Find a standard error s ().

(c) Calculate a 95% asymptotic confidence interval for .

Exercise 14.4 You have the point estimate 8 = 0.45 and standard error s (§) = 0.28. You are interested in
B =exp(8).

(a) Find .
(b) Use the Delta method to find a standard error s ().
(c) Use the above to calculate a 95% asymptotic confidence interval for .

(d) Calculate a 95% asymptotic confidence interval [L, U] for the orginal parameter 8. Calculate a 95%
asymptotic confidence interval for § as [exp(L), exp(U)]. Can you explain why this is a valid choice?
Compare this interval with your answer in (c).

Exercise 14.5 To estimate a variance o2 you have an estimate > = 10 with standard error s (%) = 7.

(a) Construct the standard 95% asymptotic confidence interval for o2.
(b) Isthere a problem? Explain the difficulty.

(c) Can asimilar problem arise for estimation of a probability p?

Exercise 14.6 A confidence interval for the mean of a variable X is [L, U]. You decided to rescale your
data, so set Y = X/1000. Find the confidence interval for the mean of Y.

Exercise 14.7 A friend suggests the following confidence interval for 8. They draw a random number
U ~ UJ0,1] and set
R if U=<0.95

g if U>0.05
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(a) What is the coverage probability of C?

(b) Is C a good choice for a confidence interval? Explain.

Exercise 14.8 A colleague reports a 95% confidence interval [L, U] = [0.1, 3.4] for 8 and also states “The
t-statistic for 6 = 0 is insignificant at the 5% level”. How do you interpret this? What could explain this
situation?

Exercise 14.9 Take the Bernoulli model with probability parameter p. Let p = X, from a random sample
of size n.

(a) Find s(p) and a default 95% confidence interval for p.
(b) Given n what is the widest possible length of a default 95% interval?

(c) Find n such that the length is less than 0.02.

Exercise 14.10 Let C =[L, U] be a 1 — a confidence interval for 6. Consider 8 = h(6) where h(8) is mono-
tonically increasing. Set Cg = [h(L), h(U)]. Evaluate the converage probability of Cg for 5. IsCga 1l —a
confidence interval?

Exercise 14.11 IfC = [L, U] is a 1—a confidence interval for o2 find a confidence interval for the standard
deviation o.

Exercise 14.12 You work in a government agency supervising job training programs. A research paper
examines the effect of a specific job training program on hourly wages. The reported estimate of the
effect (in U.S. dollars) is 8 = $0.50 with a standard error of 1.20. Your supervisor concludes: “The effect is
statistically insignificant. The program has no effect and should be cancelled.” Is your supervisor correct?
What do you think is the correct interpretation?



Chapter 15

Shrinkage Estimation

15.1 Introduction

In this chapter we introduce the Stein-Rule shrinkage estimators. These are biased estimators which
have lower MSE than the MLE.

Throughout this chapter, assume that we have a parameter of interest # € RX and an initial estimator
0 for 0. For example, the estimator 6 could be a vector of sample means or a MLE. Assume that 0 is
unbiased for 8 and has covariance matrix V.

James-Stein shrinkage theory is thoroughly covered in Lehmann and Casella (1998). See also Wasser-
man (2006) and Efron (2010).

15.2 Mean Squared Error

In this section we define weighted mean squared error as our measure of estimation accuracy and
illustrate some of its features.
For a scalar estimator 6 of a parameter § a common measure of efficiency is mean squared error

mse (0] =E|(6-6)°].

For vector-valued (K x 1) estimators 0 there is not a simple extension. Unweighted mean squared error
is

This is generally unsatisfactory as it is not invariant to re-scalings of individual parameters. It is therefore
useful to define weighted mean squared error (MSE)

mse (0] =E|(6-0)'w (6-0)]

where W is a weight matrix.

A particularly convenient choice for the weight matrix is W = V-1 where V is the covariance matrix
for the initial estimator 8. By setting the weight matrix equal to this choice the weighted MSE is invariant
to linear rotations of the parameters. This MSE is

mse[0] =E[(6-0) v (8-0)|.

302
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For simplicity we focus on this definition in this chapter.
We can write the MSE as

mse 0] = E|tr((6-0) v (0- 9))]
=Lk [tr( -0) ,)]
—tr(V_I[E[ (@-0)(@-0)])
= bias[0]' V" bias [f] + tr (V"' var [6]).

The first equality uses the fact that a scalar is a 1 x 1 matrix and thus equals the trace of that matrix.

The second equality uses the property tr(AB) = tr (BA). The third equality uses the fact that the trace

is a linear operator, so we can exchange expectation with the trace. (For more information on the trace

operator see Appendix A.11.) The final line sets bias [6] =E [6 - 0)].

Now consider the MSE of the initial estimator 8 which is assumed to be unbiased and has variance

V. We find that its weighted MSE is mse [0] = tr (V"' var [0]) = tr(V"!V) =K.

Theorem 15.1 mse[] =

We are interested in finding an estimator with reduced MSE. This means finding an estimator whose
weighted MSE is less than K.

15.3 Shrinkage

We focus on shrinkage estimators which shrink the initial estimator towards the zero vector. The sim-
plest shrinkage estimator takes the form 6 = (1 — w) 0 for some shrinkage weight w € [0, 1]. Setting w =0
we obtain § = 8 (no shrinkage) and setting w = 1 we obtain 0=0 (full shrinkage). It is straightforward to
calculate the MSE of this estimator. Recall that 8 ~ (6, V). The shrinkage estimator 6 has bias

bias [8] =E[6] -0 =E[(1 - w)8] -6 = —w#, (15.1)

and variance B R
var[0] =var[(1-w)6] =(1- w)? V. (15.2)

Its MSE equals

mse [0] = bias [0] V™' bias[0] +tr (V"' var[0])
=wd'V''wh+tr (VIV (1 -w)?)
=w?0'V0+ (1 -w)try)
=w?A+(1-w)?K (15.3)

where A = 0'V~16. We deduce the following.
Theorem 15.2 If§ ~ (0,V) and 0= 1-w) 0 then

1. mse[é] < mse [5] ifO<w<2K/(K+A).
2. mse [0] is minimized by the shrinkage weight wy = K/(K + A).

3. The minimized MSE is mse [6] = KA/(K + ).
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Part 1 of the theorem shows that the shrinkage estimator has reduced MSE for a range of values of the
shrinkage weight w. Part 2 of the theorem shows that the MSE-minimizing shrinkage weight is a simple
function of K and A. The latter is a measure of the magnitude of 0 relative to the estimation variance.
When A is large (the coefficients are large) then the optimal shrinkage weight wy is small; when A is small
(the coefficients are small) then the optimal shrinkage weight wy is large. Part 3 calculates the associated
optimal MSE. This can be substantially less than the MSE of the sample mean 6. For example, if A = K
then mse [0] = K/2, one-half the MSE of .

The optimal shrinkage weight is infeasible since we do not know A. Therefore this result is tantillizing
but not a receipe for empirical practice.

Let’s consider a feasible version of the shrinkage estimator. A plug-in estimator for A is A=0'v10.
This is biased for A as it has expectation A + K. An unbiased estimator is A=0'V10-K. If this is plugged
into the formula for the optimal weight we obtain

K K
K+1 0v-1g

iD= (15.4)

Replacing the numerator K with a free parameter ¢ (which we call the shrinkage coefficient) we obtain
a feasible shrinkage estimator

f= (1—%)5. (15.5)
0'v-1o
This class of estimators are known as Stein-Rule estimators.
15.4 James-Stein Shrinkage Estimator
Take any estimator which satisfies @ ~ N(@, V). This includes the sample mean in the normal sam-
pling model.
James and Stein (1961) made the following discovery.

Theorem 15.3 Assume K > 2. For 0 defined in (15.5) and 0 ~ N@,V)

1. mse[g] =mse [@] —c(2(K =2) —¢) Jx where

> 0.

1
]KZ[E[@V—@

2. mse [5] < mse [@] if0<c<2(K-2).
3. mse[6] is minimized by ¢ = K — 2 and equals mse [8] = K — (K —2)? Jx.

The proofis presented in Section 15.9.

Part 1 of the theorem gives an expression for the MSE of the shrinkage estimator (15.5). The expres-
sion depends on the number of parameters K, the shrinkage constant ¢, and the expectation Jx. (We
provide an explicit formula for Jx in the next section.)

Part 2 of the theorem shows that the MSE of @ is strictly less than 0 fora range of values of the shrink-
age coefficient. This is a strict inequality, meaning that the Stein Rule estimator has strictly smaller MSE.
The inequality holds for all values of the parameter 6, meaning that this is a uniform strict inequality.
Thus the Stein Rule estimator uniformly dominates the estimator 6. Part 2 follows from part 1, the fact
mse[6] = K, and Jg > 0.
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The Stein Rule estimator depends on the choice of shrinkage parameter c. Part 3 shows that the MSE-
minimizing choice is ¢ = K — 2. This follows from part 1 and minimizing over c. This leads to the explicit
feasible estimator

~ K-2 )\
0]5 = (1 - ﬁ) 0 (156)

This is called the James-Stein estimator.

Theorem 15.3 stunned the world of statistics. In the normal sampling model 0 is Cramér-Rao ef-
ficient. Theorem 15.3 shows that the shrinkage estimator § dominates the MLE . This is a stunning
result because it had been previously assumed that it would be impossible to find an estimator which
dominates a Cramér-Rao efficient MLE.

Theorem 15.3 critically depends on the condition K > 2. This means that shrinkage achieves uniform
MSE reductions in dimensions three or larger.

In practice V is unknown so we substitute an estimator V. This leads to

s =(1- 5 —]0.
o'v 0
The substitution of V for V can be justified by finite sample or asymptotic arguments but we do not do
so here.

The proof of Theorem 15.3 uses a clever result known as Stein’s Lemma. It is a simple yet famous

application of integration by parts.

Theorem 15.4 Stein’s Lemma. If X ~ N (6, V) and g(x) : R — RX is absolutely continuous then
!/ -1 a !
El[gX)'V (X—H)]:[E[tr(ag(X))].

The proofis presented in Section 15.9.

15.5 Numerical Calculation

We numerically calculate the MSE of 6js (15.6) and plot the results in Figure 15.1. As we show below,
Jk is a function of A =0'V~14.

We plot mse [0] /K as a function of A/K for K = 4, 6, 12, and 48. The plots are uniformly below 1
(the normalized MSE of the MLE) and substantially so for small and moderate values of 1. The MSE falls
as K increases, demonstrating that the MSE reductions are more substantial when K is large. The MSE
increases with A, appearing to asymptote to K which is the MSE of 6.

The plots require numerical evaluation of Jx. A computational formula requires a technical calcula-
tion.

From Theorem 5.23 the random variable 8’ V10 is distributed )(f((/l), a non-central chi-square ran-
dom variable with degree of freedom K and non-centrality parameter A, with density defined in (3.4).
Using this definition we can calculate an explicit formula for Jg.

Theorem 15.5 For K >2 )
) 67/1/2 (/’L/z)l

= e 15.7
JK ;0 it K+2i-2 (15D

The proofis presented in Section 15.9.
This sum is a convergent series. For the computations reported in Figure 15.1 we compute Jx by
evaluating the first 200 terms in the series.
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MSE/K

/ —e K=12
—— K=48
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Figure 15.1: MSE of James-Stein Estimator

15.6 Interpretation of the Stein Effect

The James-Stein Theorem may appear to conflict with our previous efficiency theory. The sample
mean 0 is the maximum likelihood estimator. It is unbiased. It is minimum variance unbiased. It is
Cramér-Rao efficient. How can it be that the James-Stein shrinkage estimator achieves uniformly smaller
mean squared error?

Part of the answer is that the previous theory has caveats. The Cramér-Rao Theorem restricts atten-
tion to unbiased estimators, and thus precludes consideration of shrinkage estimators. The James-Stein
estimator has reduced MSE, but is not Cramér-Rao efficient since it is biased. Therefore the James-Stein
Theorem does not conflict with the Cramér-Rao Theorem. Rather, they are complementary. On the one
hand, the Cramér-Rao Theorem describes the best possible variance when unbiasedness is required. On
the other hand, the James-Stein Theorem shows that if unbiasedness is relaxed, there are lower MSE
estimators than the MLE.

The MSE improvements achieved by the James-Stein estimator are greatest when A is small. This
occurs when the parameters 6 are small in magnitude relative to the estimation variance V. This means
that the user needs to choose the centering point wisely.

15.7 Positive Part Estimator

The simple James-Stein estimator has the odd property that it can “over-shrink”. When OvV1g<K-2
then @ has the opposite sign from 6. This does not make sense and suggests that further improvements
can be made. The standard solution is to use “positive-part” trimming by bounding the shrinkage weight
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(15.4) below one. This estimator can be written as

i+ {5, OV1g>K-2

“lo, dvig<k-2

K-2 ~
2
o'v-1o)+

where (a) + = max[a, 0] is the “positive-part” function. Alternatively, it can be written as

0" =0-(5—-)
0'v-16)

where (a); = min[a, 1].

The positive part estimator simultaneously performs “selection” as well as “shrinkage”. If 0'v16is
sufficiently small, 8% “selects” 0. When 8’V '8 is of moderate size, 6* shrinks 6 towards zero. When
O'v19is very large, 6* is close to the original estimator 0.

We now show that the positive part estimator has uniformly lower MSE than the unadjusted James-
Stein estimator.

Theorem 15.6 Under the assumptions of Theorem 15.3
mse [§+] < mse [5] ) (15.8)
We also provide an expression for the MSE.
Theorem 15.7 Under the assumptions of Theorem 15.3

mse [0"] = mse [] - 2KFx (K —2,A) + KF42(K —2,1) + AFi44(K =2, 1)

ck-22$ e () Fiaziza (K=2)
=l K+2i-2

2

where F; (x) and F, (x, 1) are the distribution functions of the central chi-square and non-central chi-
square, respectively.

The proofs of the two theorems are provided in Section 15.9.

To illustrate the improvement in MSE, Figure 15.2 plots the MSE of the unadjusted and positive-part
James-Stein estimators for K =4 and K = 12. For K = 4 the positive-part estimator has meaningfully re-
duced MSE relative to the unadjusted estimator, especially for small values of A. For K = 12 the difference
between the estimators is smaller.

In summary, the positive-part transformation is an important improvement over the unadjusted
James-Stein estimator. It is more reasonable and reduces the mean squared error. The broader mes-
sage is that imposing boundary conditions can often help to regularize estimators and improve their
performance.

15.8 Summary

The James-Stein estimator is one specific shrinkage estimator which has well-studied efficiency prop-
erties. It is not the only shrinkage or shrinkage-type estimator. Methods described as “model selection”
and “machine learning” all involve shrinkage techniques. These methods are becoming increasingly
popular in applied statistics and econometrics. At the core all involve an essential bias-variance trade-
off. By reducing the parameter space or shrinking towards a pre-selected point we can reduce estimation
variance. Bias is introduced but the trade-off may be beneficial.
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Figure 15.2: MSE of Positive-Part James-Stein Estimator

15.9 Technical Proofs*

Proof of Theorem 15.3.1 Using the definition of 0 and expanding the quadratic

mse[0] =E|(§-0)' v (6-0)|
/
N (§—9—§A ‘ A) V—l(é—e—eA ‘ A)]
o'v-16 o'v-16
~ gv1(6-6)
_ _ L | _ 2 _
=E[(0-0) v (0-0)]+c [E[@ 5 T

9 9 ] where we define g(x) =

- - K-2
tr(%g(x)’) = tr(IK (x'v %) —2v k! (V) 2) =

Applying Stein’s Lemma we find

Elg(0) v (0-0)| = [E[tr(

=FE|= —
o'v-1o
=(K-2)Jk.

£

XV1lx

308

(15.9)

K. Take the second term in (15.9). It is ¢ Jx. Now take the

x(x ’V’lx)_l. Using

(15.10)



CHAPTER 15. SHRINKAGE ESTIMATION 309

The second line is (15.10) and the final line uses the definition of Jx. We have shown that the third term
in (15.9) is —2¢(K — 2) Jg. Summing the three terms we find that (15.9) equals

mse [60] = mse [8] + ¢?Jx — 2¢(K —2)Jx = mse [f] — c(2(K —2) - ¢) Jx
which is part 1 of the theorem. |

Proof of Theorem 15.4 For simplicity assume V = Ig.
Since the multivariate normal density is ¢(x) = (27) X2 exp (-x'x/2) then

0
aﬂb(x—(?) =—(x-0)px-0).
By integration by parts
E[g(X)'(X-6)] =/g(x)'(x—6)(/)(x—0)dx
, 0
= —fg(X) a(b(x—H)dx
0
—ftr(ag(x) )(p(x—H)dx
eef o]
i e P )
This is the stated result. [ ]

Proof of Theorem 15.5 Using the definition (3.4) and integrating term-by-term we find

0o [e) e—A/Z 2 i poo
]K:f o Ndx =Y -~ (—) f x! frr2i(X)dx.
0 i=0 1! 2 0

The chi-square density satisfies x7! frx)=(- 2)71 fr—2(x) for r > 2. Thus

® _ 1 f°° __
fO S @dx= — | frawde= —.

Making this substitution we find (15.7). [ |
Proof of Theorem 15.6 It will be convenient to denote Qg = 6'V~10. Observe that
(G-0) V' (G-0)-(F"—0) V' (@ -6)=0V'6-0"v§" —20/ (5-0")
=(@'V10-0"v'6T-20'(0-6"))1{Qx <K -2}
=(0'Vv16-200)1{Qx <K -2}
>20'01{Qx <K -2}

(K_z))]l{QK<K—2}
K

:29’§(1 -
>0.

The second equality holds because the expression is identically zero on the event Qg = K — 2. The third
equality holds because 6" = 0 on the event Qg < K —2. The first inequality is strict unless 6 = 0 which is
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a probability zero event. The following equality substitutes the definition of 6. The final inequality is the
fact that (K —2)/Qg > 1 on the event Q~K =K - 2.~
Taking expectations we find mse [0] —mse [#*] > 0 as claimed. W

Proof of Theorem 15.7 It will be convenient to denote Qg = o'v-1o ~ )(%((A). The estimator can be
written as

~ o~ (K=2)4 ~
0*:0—( )G—h(G)
K
where K—2)
hx)=x|1- ——|1{x'Vx<K-2}.
(x) ( x’V‘lx) { }
Observe that
0 K-2 K-2
tr(—h(x)’):tr IK(I— - )—2 5 Vx| 1{x'Vvix<K-2}
0x xX'V=ix (x'V~1x)
K —2)?
:(K—( ) )]l{x’V_lx<K—2}‘
X'V 1y

Using these expressions, the definition of 8, and expanding the quadratic,

mse[0*] =E[(0-0) v (@-0)]
+E[h(B)V1h©)]
+E[M§’V‘lh(§)]
Qx
—2E[h@®) 'V (6-0)].

We evaluate the four terms. We have

E[(6-0) V! (0-6)] =mse[d]

E[h@) 'V 'h@)] =E (QK—Z(K—2)+(K_z)z)]l{QK<K—2}]
E[Z(K;Z)é’V_lh(é)]z[ (2(1(—2)—2(K_K2)2)11{Q1<<K—2}]
E[h@®)'V ! (6-06)] =E (K—(K_z)z)]l{QK<K—2}
the last using Stein’s Lemma. Summing we find
mse[67] =mse [0] - E (ZK—QK— (K_z)z)]l{QK<K—2}]
K-2

~ K-2
=mse [0] - 2KFg (K —2,7) + f x fie(x, M)dx + (K — 2)2f xfex, dx.  (15.11)
0 0

By manipulating the definition of the non-central chi-square density (3.4) we can show the identity

K A
fxk(x,A) = ;fK+2(X, A+ ;fzm(x, A). (15.12)
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This allows us to calculate that
K-2 K-2 K-2
f fo(x,/l)dszf frr2(x,V)dx+ A frra(x,V)dx
0 0 0
= KFk42(K=2,0) + AFg+a(K=2,1).

Writing out the non-central chi-square density (3.4) and applying (15.12) with A = 0 we calculate that

K2 00 p~M2 (Vi pK-2 .
f e Ndx=) ——|5 f X frr2i(0)dx
0 i=0 l. 2 0
o) e—/1/2 1 i 1 K-2
= = i—o(x)dx
;) il 2] K+2i-2 0 fK+21 2( )
B i e M2 (AN Fypiop (K—2)
& it 2] K+2i-2

Together we have shown that

mse [0"] = mse [#] - 2K Fx (K —2,A) + KF42(K —2,1) + AFi44(K =2, 1)

X A2 (ﬂ)i Fii2i-2(K=2)

+ (K —2)?
( );0 i K+2i-2

2

as claimed. [ |

15.10 Exercises

Exercise 15.1 Let X, be the sample mean from a random sample. Consider the estimators 0 =X,
0=X,-candf=cX,for0<c<1.

(a) Calculate the bias and variance of the three estimators.
(b) Compare the estimators based on MSE.

Exercise 15.2 Letf and 6 be two estimators. Suppose 6 is unbiased. Suppose 6 is biased but has variance
which is 0.09 less than 0.

(@) If 6 has a bias of —0.1 which estimator is preferred based on MSE?

(b) Find the level of the bias of 6 at which the two estimators have the same MSE.
Exercise 15.3 For scalar X ~ N(@,02) use Stein’s Lemma to calculate the following:

(@) E[g(X) (X -0)] for scalar continuous g(x)

(b) E[X3(X-0)]

(0) Elsin(X) (X -6)]

(d E[exp(tX)(X-0)]

o e[l
€ 1+ X2
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Exercise 15.4 Assume 0 ~ N(0, V). Calculate the following:
@ A
(b) Jx in Theorem 15.5.
(c) mse [5]
(d) mse[6s]
Exercise 15.5 Bock (1975, Theorem A) established that for X ~ N(6, I'x) then for any scalar function g(x)

E[Xh(X'X)] =0E[h(Qk+2)]

~ ~ K-2)\~
where Qg2 ~ )@GZ(M. Assume 6 ~N(0, Ix) and bjs = (1 - ﬁ) 0.
1 - . .
(a) Use Bock’s result to calculate E [%9 . You can represent your answer using the function Jg.

(b) Calculate the bias of 515.

(c) Describe the bias. Is the estimator biased downwards, upwards, or towards zero?



Chapter 16

Bayesian Methods

16.1 Introduction

The statistical methods reviewed up to this point are called classical or frequentist. An alternative
class of statistical methods are called Bayesian. Frequentist statistical theory takes the probability dis-
tribution and parameters as fixed unknowns. Bayesian statistical theory treats the parameters of the
probability model as random variables and conducts inference on the parameters conditional on the
observed sample. There are advantages and disadvantages to each approach.

Bayesian methods can be briefly summarized as follows. The user selects a probability model f(x | 8)
as in Chapter 10. This implies a joint density L, (x | 8) for the sample. The user also specifies a prior dis-
tribution 7 (0) for the parameters. Together this implies a joint distribution L, (x | 8) 7 (8) for the random
variables and parameters. The conditional distribution of the parameters 6 given the observed data X
(calculated by Bayes Rule) is called the posterior distribution 7 (6 | X). In Bayes analysis the posterior
summarizes the information about the parameter given the data, model, and prior. The standard Bayes
estimator of 8 is the posterior mean 0= f® O (0] X)do. Interval estimators are constructed as credible
sets, whose coverage probabilities are calculated based on the posterior. The standard Bayes credible
set is constructed from the principle of highest posterior density. Bayes tests select hypotheses based on
which has the greatest posterior probability of truth. An important class of prior distributions are con-
jugate priors, which are distributional families matched with specific likelihoods such that the posterior
and prior both are members of the same distributional family.

One advantage of Bayesian methods is that they provide a unified coherent approach for estimation
and inference. The difficulties of complicated sampling distributions are side-stepped and avoided. A
second advantage is that Bayesian methods induce shrinkage similar to James-Stein estimation. This
can be sensibly employed to improve precision relative to maximum likelihood estimation.

One possible disadvantage of Bayesian methods is that they can be computationally burdensome.
Once you move beyond the simple textbook models, closed-form posteriors and estimators cease to
exist and numerical methods must be employed. The good news is that Bayesian econometrics has
made great advances in computational implementation so this disadvantage should not be viewed as a
barrier. A second disadvantage of Bayesian methods is that the results are by construction dependent
on the choice of prior distribution. Most Bayesian applications select their prior based on mathematical
convenience which implies that the results are a by-product of this arbitrary selection. When the data
has low information about the parameters the Bayes posterior will be similar to the prior, meaning that
inferential statements are about the prior, not about the actual world. A third disadvantage of Bayesian
methods is that they are built for parametric models. To a first approximation Bayesian methods are an
analog of maximum likelihood estimation (not an analog of the method of moments). In contrast most

313
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econometric models are either semi-parametric or non-parametric. There are extensions of Bayesian
methods to handle nonparametric models but this is not the norm. A fourth disadvantage is that it
is difficult to robustify Bayesian inference to allow unmodeled dependence (clustered or time series)
among the observations, or to allow for mis-specification. Dependence (modelled and unmodelled) is
not discussed in this textbook but is an important topic in Econometrics.

A good introduction to Bayesian econometric methods is Koop, Poirier and Tobias (2007). For theo-
retical properties see Lehmann and Casella (1998) and van der Vaart (1998).

16.2 Bayesian Probability Model

Bayesian methods are applied in contexts of complete probability models. This means that the user
has a probability model f (x | 8) for arandom variable X with parameter space 8 € ©. In Bayesian analysis
we assume that the model is correctly specified in the sense that the true distribution f(x) is a member
of this parametric family.

A key feature of Bayesian inference is that the parameter 0 is treated as random. A way to think about
this is that anything unknown (e.g. a parameter) is random until the uncertainty is resolved. To do so, it
is necessary that the user specify a probability density 7 (6) for 6 called a prior. This is the distribution
of 0 before the data are observed. The prior should have support equal to ©. Otherwise if the support of
7 (0) is a strict subset of O this is equivalent to restricting 6 to that subset.

The choice of prior distribution is a critically important step in Bayesian analysis. There are more
than one approach for the selection of a prior, including the subjectivist, the objectivist, and for shrink-
age. The subjectivist approach states that the prior should reflect the user’s prior beliefs about the pa-
rameter. Effectively the prior should summarize the current state of knowledge. In this case the goal
of estimation and inference is to use the current data set to improve the state of knowledge. This ap-
proach is useful for personal use, business decisions, and policy decisions where the state of knowledge
is well articulated. However it is less clear if it has a role for scientific discourse where the researcher and
reader may have different prior beliefs. The objectivist approach states that the prior should be non-
informative about the parameter. The goal of estimation and inference is to learn what this data set tells
us about the world. This is a scientific approach. A challenge is that there are multiple ways to describe
a prior as non-informative. The shrinkage approach uses the prior as a tool to regularize estimation
and improve estimation precision. For shrinkage, the prior is selected similar to the restrictions used
in Stein-Rule estimation. An advantage of Bayesian shrinkage is that it can be flexibly applied outside
the narrow confines of Stein-Rule estimation theory. A disadvantage is that there are no guidelines for
selecting the degree of shrinkage.

The joint density of X and 6 is

fx0)=fx10)m©).
This is a standard factorization of a joint density into the product of a conditional f (x| 8) and marginal
7 (0). The implied marginal density of X is obtained by integrating over 6

m(x) :f f(x,0)deo.
()

As an example, suppose amodel is X ~ N(f, 1) with prior 8 ~ N(0, 1). From Theorem 5.17 we can calculate
that the joint distribution of (X,0) is bivariate normal with mean vector (0,0)" and covariance matrix
2 1

[ 11
The joint distribution for n independent draws X = (X, ..., X;;) from f(x|0) is

] . The marginal density of X is X ~N(0,2).

n
Ly(x10)=[]fxi16)
i=1
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where x = (x1, ..., X5). The joint density of X and 0 is
fx,)=L,(x|0)m(@).

The marginal density of X is

m(x):ff(x,@)d():an(xIH)n(H)dH.
) )

In simple examples the marginal density can be straightforward to evaluate. However, in many appli-
cations computation of the marginal density requires some sort of numerical method. This is often an
important computational hurdle in applications.

16.3 Posterior Density

The user has a random sample of size n. The maintained assumption is that the observations are
ii.d. draws from the model f (x| 8) for some 8. The joint conditional density L, (x | 8) evaluated at the
observations X is the likelihood function L, (X | 8) = L, (8). The marginal density m (x) evaluated at the
observations X is called the marginal likelihood m (X).

Bayes Rule states that the conditional density of the parameters given X = x is

[0 Ly(x10)m(0)
”(9|x)_f@f(x,9)d9_ mx)

This is conditional on X = x. Because of this many authors describe Bayesian analysis as treating the
data as fixed. This is not quite right but if it helps the intuition that’s okay. The correct statement is that
Bayesian analysis is conditional on the data.
Evaluated at the observations X this conditional density is called the posterior density of 8 or more
simply as the posterior.
f(X,0)  Lp(X|0)7(6)
Jo f(X,0)d0 m (X)

The labels “prior” and “posterior” convey that the prior 7 (0) is the distribution for 8 before observing the
data, and the posterior 7 (8 | X) is the distribution for 0 after observing the data.

Take our earlier example where X ~N(0,1) and 8 ~ N(0, 1). We can calculate from Theorem 5.17 that
the posterior density is 6 ~ N (%, 3).

n@]X)=

16.4 Bayesian Estimation

Recall that the the maximum likelihood estimator maximizes the likelihood L(X |8) over 6 € ©. In
contrast the standard Bayes estimator is the mean of the posterior density

é\Bayes = Len(e | X)do

_ JoOLn(X16)7(6)d6
- m(X) '

This is called the Bayes estimator or the posterior mean.
One way to justify this choice of estimator is as follows. Let ¢ (T,0) denote the loss associated by
using the estimator T = T (X) when @ is the truth. You can think of this as the cost (lost profit, lost utility)
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induced by using T instead of 8. The Bayes Risk of an estimator T is the expected loss calculated using
the posterior density 7 (8 | X). This is

R(TIX):f ((T,0)n@]X)de.
(S}

This is the average loss weighted by the posterior.

Given a loss function ¢ (T, 60) the optimal Bayes estimator is the one which minimizes the Bayes Risk.
In principle this means that a user can tailor a specialized estimator for a situation where a loss function
is well-specified by the economic problem. In practice, however, it is can be difficult to find the estimator
T which minimizes the Bayes Risk outside a few well-known loss functions.

The most common choice for the loss is quadratic

0(T,0)=(T-0)(T-6).

In this case the Bayes Risk is
R(TIX):[ (T-0)(T-0)7 O] X)do.
)

=T’Tfn(HIX)dG—ZT’fn(HIX)dBJrfB'Bn(BIX)dQ
(€] €] €]
= T'T - 2T Opayes + fi2

where §Bayes is the posterior mean and i, = f@ 0’07 (0| X)dO. This risk is linear-quadratic in T. The
EO.C. for minimizationis 0=2T — 2§Bayes which implies T = §Bayes. Thus the posterior mean minimizes
the Bayes Risk under quadratic loss.

As another example, for scalar 6 consider absolute loss ¢ (T,0) = | T —8|. In this case the Bayes Risk is

R(TIX):f IT-0ln(0]|X)do.
(S}

which is minimized by
OBayes = median (0 | X)

the median of the posterior density. Thus the posterior median is the Bayes estimator under absolute
loss.

These examples show that the Bayes estimator is constructed from the posterior given a choice of
loss function. In practice the most common choice is the posterior mean, with the posterior median the
second most common.

16.5 Parametric Priors

It is typical to specify the prior density 7 (0 | @) as a parametric distribution on ©. A parametric prior
depends on a parameter vector a which is used to control the shape (centering and spread) of the prior.
The prior density is typically selected from a standard parametric family.

Choices for the prior parametric family will be partly determined by the parameter space ©.

1. Probabilities (such as p in a Bernoulli model) lie in [0, 1] so need a distribution constrained to that
interval. The Beta distribution is a natural choice.

2. Variances lie in R, so need a distribution on the positive real line. The gamma or inverse-gamma
are natural choices.
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3. The mean p from a normal distribution is unconstrained so needs an unconstrained distribution.
The normal is a typical choice.

Given a parametric prior 7(0 | @) the user needs to select the prior parameters . When selecting
the prior parameters it is useful to think about centering and spread. Take the mean p from a normal
distribution and consider the prior N(u, v). The prior is centered at u and the spread is controlled by v.
These control the shape of the prior.

The choice of prior parameters may differ between objectivists, subjectivists, and shrinkage Bayesians.
An objectivist wants the prior to be relatively uninformative so that the posterior reflects the information
in the data about the parameters. Hence an objectivist will set the centering parameters so that the prior
is situated at the relative center of the parameter space and will set the spread parameters so that the
prior is diffusely spread throughout the parameter space. An example is the normal prior N(0, v) with v
set relatively large. In contrast a subjectivist will set the centering parameters to match the user’s prior
knowledge and beliefs about the likely values of the parameters, guided by prior studies and information.
The spread parameters will be set depending on the strength of the knowledge about those parameters. If
there is good information concerning a parameter then the spread parameter can be set relatively small,
while if the information is vague then the spread parameter can be set relatively large similarly to an ob-
jectivist prior. A shrinkage Bayesian will center the prior on “default” parameter values, and will select
the spread parameters to control the degree of shrinkage. The spread parameters may be set to counter-
balance limited sample information. The Bayes estimator will shrink the imprecise MLE towards the
default parameter values, reducing estimation variance.

16.6 Normal-Gamma Distribution

The following hierarchical distribution is widely used in the Bayesian analysis of the normal sampling
model.

X|v~N(u 1/ (Av)
v ~gamma (a, §)

with parameters (i, A, a, §). We write it as (X, v) ~ NormalGamma (i, A, a, f).
The joint density of (X, v) is

a Y
flxvipda,B)= %V“‘”zexp (vp)exp (_M)

The distribution has the following moments
E[X]=p
a
Elvl]=—=

p

The marginal distribution of X is a scaled student t. To see this, define Z = V'Av (X — u) which is
scaled so that Z | v ~ N (0, 1). Since this is independent of v this means that Z and v are indepedent. This
implies that Z and Q =2fv ~ )(3 o are independent. Hence Z/,/Q/2a is distributed student t with 2a

degrees of freedom. We can write X as
Z
X—pu= ﬁ
V A\ \/Q72a

which is scaled student t with scale parameter §/Aa and degrees of freedom 2a.
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16.7 Conjugate Prior

We say that the prior 7 (6) is conjugate to the likelihood L (X | 0) if the prior and posterior 7 (8 | X) are
members of the same parametric family. This is convenient for estimation and inference, for in this case
the posterior mean and other statistics of interest are simple calculations. It is therefore useful to know
how to calculate conjugate priors (when they exist).

For the following discussion it will be useful to define what it means for a function to be proportional
to a density. We say that g(6) is proportional to a density f(0), written g(0) «x f (@), if g(@) = cf(6) for
some ¢ > 0. When discussing likelihoods and posteriors the constant ¢ may depend on the data X but
should not depend on 6. The constant ¢ can be calculated but its value is not important for the purpose
of selecting a conjugate prior.

For example,

1. g(p)=p*(1-p)’ is proportional to the beta(1 + x, 1 + y) density.
2. g(0) =0%exp(—0b) is proportional to the gamma(l + a, b) density.

3. g(w = exp(—a(u— b)?) is proportional to the N(b, 1/2a) density.

The formula
L,(X|0)7(O)

m(X)
shows that the posterior is proportional to the product of the likelihood and prior. We deduce that the
posterior and prior will be members of the same parametric family when two conditions hold:

@ X)=

1. The likelihood viewed as a function of the parameters 6 is proportional to 7(8 | a) for some a.

2. The product (6 | a1)7(0 | ) is proportional to (6 | ) for some a.

These conditions imply the posterior is proportional to 7(8 | @) and consequently the prior is conju-
gate to the likelihood.

It may be helpful to give examples of parametric families which satisy the second condition - that
products of the density are members of the same family.

Example: Beta

beta(ai, f1) x beta(az, 2) < 10711 — )il @1 (] _ fed
— xll1+062—1 1- x),Bl"',BZ_l

o beta(a; +az, f1 + B2).

Example: Gamma

gamma (a1, f1) x gamma (az, f2) x x* exp (—xp1) x% ' exp (—xB2)

= x" %2 2 exp (—x (B + B2))
o gamma (a; +az — 1, B1 + f2)

ifa1+a2> 1.
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Example: Normal

N (p1,1/v1) x N (2, 1/v2) o< N (@, 1/v) (16.1)
= ViH1 + Vo2
vV1+Vv2
V=v1+Vo.

Here we have parameterized the normal distribution in terms of the precision v = 1/¢? rather than the
variance. This is commonly done in Bayesian analysis for algebraic convenience. The derivation of this
result is algebraic. See Exercise 16.1.

Example: Normal-Gamma

NormalGamma (1,1, a1, f1) x NormalGamma (p2, A2, @2, f2)
=N(u1,1/ (A1v)) x N (uz,1/ (A2v)) x gamma (a1, f1) x gamma (a2, f2)

N(/hu1+/lzuz 1
/11+/12 ’(/114—/12)1/

)gamma(oq +az—1,P1+ B2)

A + Az o

A1+ A, a1 +ar—1,61+ .
P 1+ Az, a1 +az—1,61+ B>

= NormalGamma (

16.8 Bernoulli Sampling

The probability mass function is f (x| p) = p*(1 - p)!~*.
Consider a random sample with n observations. Let S, = Z?Zl X;. The likelihood is

Ly(X1p)=p% (1-p)">.

This likelihood is proportional to a p ~ beta (1 + S;,1+n—S;) density.
Since multiples of beta densities are beta densities, this shows that the conjugate prior for the Bernoulli
likelihood is the beta density.
Given the beta prior
- -1
p* (1-p)’

T

the product of the likelihood and prior is

L, (X | p)ﬂ(P | Oé,ﬁ) x psn (1 _ p)n—Sn pa—l (1 _ p)ﬁ—l
-p p)n—Sn+ﬁ—l
o beta(p|S,+a,n—S,+p).

Sp+a—1 (1 _

It follows that the posterior density for p is

n(plX)=beta(x|S,+a,n—S,+p)

Sp+a-1 (1 _ )n_sn+ﬁ_1

_bp

p
B(Sp+a,n—S,+p)
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Since the mean of beta(a, f) is a/(a + ), the posterior mean is

1
ﬁBayes:/O P”(P|X)dp
_ Spta
T a+n+p

In contrast, the MLE for p is

Sy

Pmle = 7

To illustrate, Figure 16.1(a) displays the prior beta (5,5) and two posteriors, the latter calculated with

samples of size n = 10 and n = 30, respectively, and MLE p = 0.8 in each. The prior is centered at 0.5 with
most probability mass in the center, indicating a prior belief that p is close to p. Another way of viewing
this is that the Bayes estimator will shrink the MLE towards 0.5. The posterior densities are skewed, with
posterior means p = 0.65 and p = 0.725, marked by the arrows from the posterior densities to the x-axis.
The posterior densities are a mix of the information in the prior and the MLE, with the latter receiving a
greater weight with the larger sample size.

—=- Prior
—— Posterior, =10
- Posterior, n=30

o MLE

(a) Bernoulli (b) Normal Mean (c) Normal Precision

Figure 16.1: Posteriors

16.9 Normal Sampling

As mentioned earlier, in Bayesian analysis it is typical to rewrite the model in terms of the precision
v = 02 rather than the variance. The likelihood written as a function of y and v is

n/2 no(x. 2
L(X|wv) v xp(——'zl( : ,u))

- (2m)"2 ¢ 2/v
_ 2
/\2 —
=L/2exp —vnamle exp —nvM . (16.2)
(Zn)nlz 2 2

where 62, =n"1Y" (X~—Y )2
i=1 |4~ 4An] -

mle —
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We consider three cases: (a) Estimation of p with known v; (b) Estimation of v with known p = 0; (c)
Estimation of y and v.

Estimation of p; with known v. The likelihood as a function of u is proportional to N (Yn, 1/ (m/)). It

follows that the natural conjugate prior is the Normal distribution. Let the prior be 7 (1) = N (g, 1/v). For
this prior, £ controls location and v controls the spread of the prior.
The product of the likelihood and prior is

Lo (X1 1) 7 (1| B.9) = N (X, 1/ 00v)) x N (5, 1/7)

(m/in+ﬁ 1 )
x N —, —
nv+v - nv+v
=7 (ulX).

X,y #) The posterior mean (the Bayes estimator) for the mean p

nv+v ' nv+v

Thus the posterior density is N(
is —
N nvXp,+vu
HBayes = ——  — -

nv+v
This estimator is a weighted average of the sample mean X, and the prior mean i. Greater weight is
placed on the sample mean when nv is large (when estimation variance is small) or when v is small
(when the prior variance is large) and vice-versa. For fixed priors as the sample size n increases the
posterior mean converges to the sample mean X .

One way of interpreting the prior spread parameter v is in terms of “number of observations relative
to variance”. Suppose that instead of using a prior we added N = Vv/v observations to the sample, each
taking the value . The sample mean on this augmented sample is [igayes. Thus one way to imagine
selecting v relative to v is to think of prior knowledge in terms of number of observations.

. . . _ ~2 -1 2 . .
Estimation of v with known p = 0. Set O e =" Z?zl X The likelihood equals
nl2

~2
_ v namle
Ln(X|V)—WeXp(—V > )

which is proportional to gamma (1 + n/ 2%, XZ.Z/ 2). It follows that the natural conjugate prior is the
gamma distribution. Let the prior be 7 (v) = gamma(a, ﬁ). It is helpful to recall that the mean of this
distribution is v = a/ #, which controls the location. We can alternatively control the location through its
inverse o2 = 1/v = B/ a. The spread of the prior for v increases (and the spread for o2 decreases) as a and
B increase.
The product of the likelihood and prior is
~2

L,(X|v)7(v|a,p)=gamma (1 + g ”Uzmle) x gamma (a, 8)

~2
n namle
ammal|—+a, —— +
=n(v|X).

2

. . . 1.~
Thus the posterior density is gamma (n/2 + a, N0 1

(the Bayes estimator) for the precision v is

+PB) = Xnia! (nG2,, +2P). The posterior mean
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where the second equality uses the relationship 8 = @g>. An estimator for the variance o is the inverse
of this estimator , )
) N0t 2a0

TBayes = n+2a

This is a weighted average of the MLE 51211 | @nd prior value o7, with greater weight on the MLE when 7 is
large and/or a is small, the latter corresponding to a prior which is dispersed in 0.

This prior parameter a can also be interpreted in terms of the number of observations. Suppose we
add 2a observations to the sample each taking the value . The MLE on this augmented sample equals
62Bayes' Thus the prior parameter @ can be interpreted in terms of confidence about o2 as measured by
number of observations.

Estimation of y and v. The likelihood (16.2) as a function of (g, v) is proportional to

mle

(1, v) ~ NormalGamma (Y,,, n,(n+1)/2,ng> /2) )

It follows that the natural conjugate prior is the NormalGamma distribution.

Let the prior be NormalGamma (1, A, @, 8). The parameters 1z and A control the location and spread
of the prior for the mean p. The parameters a and f control the location and spread of the prior for v. As
discussed in the previous section it is useful to define &> = B/« as the location of the prior variance. We
can interpret A in terms of the number of observations controlled by the prior for estimation of y, and
2a as the number of observations controlled by the prior for estimation of v.

The product of the likelihood and prior is

~2
n+1 nUmle

’

L (X1 ,v)7 (1, v A, a, f) = NormalGamma (Xn, n, ) x NormalGamma (i1, A, «, )

2 2
nX,+ i n-1 no
o« NormalGamma "—H, n+A, +q,—0 g

n+A 2 2
=n(pvIX).
Thus the posterior density is NormalGamma.

The posterior mean for p is
N nX,+Ap

B =
Hbayes n+A

This is a simple weighted average of the sample mean and the prior mean with weights n and A, respec-
tively. Thus the prior parameter A can be interpreted in terms of the number of observations controlled
by the prior.

The posterior mean for v is

=N n—-1+4+2a
VBayes = ~ 5 . o
mle + Zﬁ
An estimator for the variance o2 is )
e (n—1)s*+2a0
Bayes =y _142a

—\2
where we have used the relationship = ag* and set s> = (n—1)"" " (Xl- -X n) . We see that the Bayes

estimator is a weighted average of the bias-corrected variance estimator s? and the prior value 2, with
greater weight on s?> when n is large and/or « is small.
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It is useful to know the marginal posterior densities. By the properties of the NormalGamma dis-
tribution, the marginal posterior density for u is scaled student t with mean figayes, degrees of freedom
n—1+2a, and scale parameter 1/ ( (n+A) VBayes). The marginal posterior for v is

1 _
gamma|(n—1) /2+a,§nﬂfnle+ﬁ =X31—1+2a/(no-$nle+2ﬁ)'

When the prior sets A = @ = 8 = 0 these correspond to the exact distributions of the sample mean and
variance estimators in the normal sampling model.

To illustrate, Figure 16.1(b) displays the marginal prior for y and two marginal posteriors, the latter
calculated with samples of size n = 10 and n = 30, respectively. The MLE are i = 1 and 1/62 = 0.5.
The prior is NormalGamma(0,3,2,2). The marginal priors and posteriors are student t. The posterior
means are marked by arrows from the posterior densities to the x-axis, showing how the posterior mean
approaches the MLE as n increases.

Figure 16.1(c) displays the marginal prior for v and two marginal posteriors, calculated with the same
sample sizes, MLE, and prior. The marginal priors and posteriors are gamma distributions. The prior is
diffuse so the posterior means are close to the MLE.

16.10 Credible Sets

Recall that an interval estimator for a real-valued parameter 6 is an interval C = [L, U] which is a
function of the observations. For interval estimation Bayesians select interval estimates C as credible
regions which treat parameters as random and are conditional on the observed sample. In contrast,
frequentists select interval estimates as confidence region which treat the parameters as fixed and the
observations as random.

Definition 16.1 A 1 -7 credible interval for 8 is an interval estimator C = [L, U] such that
POeC|X]=1-n.

The credible interval C is a function of the data, and the probability calculation treats C as fixed.
The randomness is therefore in the parameter 8, not C. The probability stated in the credible interval is
calculated from the posterior for 6

[P’[BECIX]:fn(QIX)dH.
C

The most common approach in Bayesian statistics is to select C by the principle of highest posterior
density (HPD). A property of HPD intervals is that they have the smallest length among all 1 — 7 credible
intervals.

Definition 16.2 Let iz (6 | X) be a posterior density. If C is an interval such that
f TO1X)d0=1-7
c

and for all 6,0, € C
n@11X)=27m021X)

then the interval C is called a highest posterior density (HPD) interval of probability 1 — a.
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HPD intervals are constructed as level sets of the (marginal) posterior. Given a posterior density
m(6|X),al—-nHPD interval C = [L, U] satisfies 7 (L | X) = n (U | X) and fLUn(H | X)d6 =1-n. In most
cases there is no algebraic formula for the credible interval. However it can be found numerically by
solving the following equation. Let F(6), f(8), and Q(n) denote the posterior distribution, density, and
quantile functions. The lower endpoint L solves the equation

FW-fQA-n+Fw))=o0.
Given L the upper endpointis U = Q(1-n+ F(L)).

A AMLE Bayes
— Lt \w M T j

1

(a) Normal Mean (b) Normal Variance

Figure 16.2: Credible Sets

Example: Normal Mean. Consider the normal sampling model with unknown mean p and precision v.
The marginal posterior for p is scaled student t with mean figayes, degrees of freedom n—1+2a, and scale
parameter 1/ ((n +A) ﬁBayes). Since the student t is a symmetric distribution a HPD credible interval will
be symmetric about figayes. Thus a 1 — 7 credible interval equals

q1-n/2 q1-n/2

\/ (n+ A) UBayes \/ (n+ A) UBayes

where g1-2 is the 1 —n/2 quantile of the student t density with n—1—2a degrees of freedom. When the
prior coefficients A and « are small this is similar to the 1 — 7 classical (frequentist) confidence interval
under normal sampling.

To illustrate, Figure 16.2(a) displays the posterior density for the mean from Figure 16.1(b) with n =
10. The 95% Bayes credible interval is marked by the horizontal line leading to the arrows to the x-axis.
The area under the posterior between these arrows is 95% and the height of the posterior density at the
two endpoints are equal so this is the highest posterior density credible interval. The Bayes estimator
(the posterior mean) is marked by the arrow. Also displayed is the MLE and the 95% classical confidence
interval. The latter is marked by the arrows underneath the x-axis. The Bayes credible interval has shorter
length than the classical confidence interval because the former utilizes the information in the prior to
sharpen inference on the mean.

C= ﬁBayes - ﬁBayes +

Example: Normal Variance. Consider the same model but now construct a credible interval for v. Its
marginal posterior is xi_ 1420 (n&rznle +2p). Since the posterior is asymmetric the credible set will be
asymmetric as well.
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To illustrate, Figure 16.2(b) displays the posterior density for the precision from Figure 16.1(b) with
n = 10. The 95% Bayes credible interval is marked by the horizontal line leading to the arrows to the
x-axis. In contrast to the previous example, this posterior is asymmetric so the credible set is asymmetric
about the posterior mean (the latter is marked by the arrow). Also displayed is the MLE and the 95%
classical confidence interval. The latter is marked by the arrows underneath the x-axis. The Bayes inter-
val has shorter length than the classical interval because the former utilizes the information in the prior.
However the difference is not large in this example because the prior is relatively diffuse reflecting low
prior confidence in knowledge about the precision.

If a confidence interval is desired for a transformation of the precision this transformation can be
applied directly to the endpoints of the credible set. In this example the endpoints are L = 0.17 and
U = 0.96. Thus the 95% HPD credible interval for the variance o2 is [1/.96,1/.17] = [1.04,5.88] and for the
standard deviation is [1/v/.96,1/v/.17] = [1.02,2.43].

16.11 Bayesian Hypothesis Testing

As a general rule Bayesian econometricians make less use of hypothesis testing than frequentist
econometricians, and when they do so it takes a very different form. In contrast to the Neyman-Pearson
approach to hypothesis testing, Bayesian tests attempt to calculate which model has the highest proba-
bility of truth. Bayesian hypothesis tests treat models symmetrically rather than labeling one the “null”
and the other the “alternative”.

Assume that we have a set of / models, or hypotheses, denoted as H; for j = 1,..., /. Each model H;
consists of a parametric density fj(x | 0 ;) with vector-valued parameter 6, likelihood function L; (X | 6;),
prior density 7 (0), marginal likelihood m; (X), and posterior density 7 ; (6 | X). In addition we specify
the prior probability that each model is true,

with

By Bayes Rule, the posterior probability that model H; is the true model is

Timj (X)
J

mim; (X)
=1

i (X)=P[H; | X]=

1

A Bayes test selects the model with the highest posterior probability. Since the denominator of this
expression is common across models, this is equivalent to selecting the model with the highest value of
7 jm; (X). When all models are given equal prior probability (which is common for an agnostic Bayesian
hypothesis test) this is the same as selecting the model with the highest marginal likelihood m; (X).

When comparing two models, say H; versus H,, we select Hj if

mimy (X) <momy (X)

or equivalently if
72 M (X)

T my(X)
We use the following terms. The prior odds for H; versus H; are 72/7;. The posterior odds for H,
versus H; are m, (X) /7y (X). The Bayes Factor for H, versus H; is my (X) /m; (X). Thus we select H, over
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M is the posterior odds exceed 1, or equivalently if the prior odds multiplied by the Bayes Factor exceeds
one. When models are given equal prior probability we select H, over H; when the Bayes Factor exceeds
one.

16.12 Sampling Properties in the Normal Model

It is useful to evaluate the sampling properties of Bayes estimator and compare them with classical
estimators. In the normal model the Bayes estimator of y is

~

nX,+ A
HBayes = n—'u

n+A

We now evalulate its bias, variance, and exact sampling distribution

Theorem 16.1 In the normal sampling model

nu+Au

L. [E[,aBayes] = A

- A
2. bias [fIpayes| = —— (- 1)

n+A
_ o’
3. var [[Igayes) = —
N nu+An o’
i s~ )

Thus the Bayes estimator has reduced variance (relative to the sample mean) when A > 0 but has bias
when A > 0 and p # p. Its sampling distribution is normal.

16.13 Asymptotic Distribution

If the MLE is asymptotically normally distributed, the corresponding Bayes estimator behaves simi-
larly to the MLE in large samples. That is, if the priors are fixed with support containing the true param-
eter, then the posterior distribution converges to a normal distribution, and the standardized posterior
mean converges in distribution to a normal random vector.

We state the results for the general case of a vector-valued estimator. Let 6 be k x 1. Define the
rescaled parameter { = v/n (§mle - 9) and the recentered posterior density

7" (1 X) =7 (Omie —n 21 X)), (16.3)

Theorem 16.2 Bernstein-von Mises. Assume the conditions of Theorem 10.9 hold, 6 is in the interior
of the support of the prior 7#(0), and the prior is continuous in a neighborhood of 8y. As n — co

det (Fp)~"? ( 1, )
({1 X) — —————exp|—=("F(]|.
€1x— amkiz P 7¢Il
The theorem states that the posterior density converges to a normal density. Examining the poste-
rior densities in Figure 16.1 this seems credible as in all three panels the densities become more normal-
shaped as the sample size increases. The Bernstein-von Mises Theorem states that this holds for all
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parametric models which satisfy the conditions for asymptotic normality of the MLE. The critical con-
dition is that the prior must have positive support at the true parameter value. Otherwise if the prior
places no support at the true value the posterior will place zero support there as well. Consequently it is
prudent to always use a prior which has positive support on the entire relevant parameter space.

Theorem 16.2 is a statement about the asymptotic shape of the posterior density. We can also obtain
the asymptotic distribution of the Bayes estimator

Theorem 16.3 Assume the conditions of Theorem 16.2 hold. As n — oo
V7t Dayes ~00) — N(0,-7 ).

Theorem 16.3 shows that the Bayes estimator has the same asymptotic distribution as the MLE. In
fact, the proof of the theorem shows that the Bayes estimator is asymptotically equivalent to the MLE in
the sense that

\/ﬁ (éBayes - é\mle) 7 0.

Bayesians typically do not use Theorem 16.3 for inference. Rather, they form credible sets as previ-
ously described. One role of Theorem 16.3 is to show that the distinction between classical and Bayesian
estimation diminishes in large samples. The intuition is that when sample information is strong it will
dominate prior information. One message is that if there is a large difference between a Bayes estimator
and the MLE, it is a cause for concern and investigation. One possibility is that the sample has low infor-
mation for the parameters. Another is that the prior is highly informative. In either event it is useful to
know the source before making a strong conclusion.

We complete this section by providing proofs of the two theorems.

Proof of Theorem 16.2* Using the ratio of recentered densities (16.3) we see that

" ({1 X) _ ”(amle_n_l/2+{|X)

7 0]X) 7 (Ormie | X)
_ Ly (X | é\mle - n_l/ZC) /2 (émle - n_I/ZC)
Ly (X | é\mle) T (é\mle)

For fixed ( the prior satisfies

T (amle - n71/26) 1
T (gmle) p

By a Taylor series expansion and the first-order condition for the MLE

. _ _ 1 0 1., 0 i
CnOmie = 1™1*0) = £ (Brune) = = = mie) ¢ + 570 555 (07)C
1, 0° .
- E(,aeaev[" (67)¢
1
— —Ec’fec (16.4)

where 6* is intermediate between §mle and @mle — n~12¢. Therefore the ratio of likelihoods satisfies

N
= =exp(l, (0 -n 2 —expl-=0"¢ )
L, (X|9mle) p( n( mle () n( mle)) » (9] 2( 14
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Together we have shown that

T (1 X) L, )

—— —exp|—-={"FH{]|.

7 (01X) » p( A
This shows that the posterior density 7* ({ | X) is asymptotically proportional to exp (- %C ' Fp(), which is
the multivariate normal distribution, as stated. [

Proof of Theorem 16.3* A technical demonstration shows that for any 77 > 0 it is possible to find a com-
pact set C symmetric about zero such that the posterior 7* ({ | X) concentrates in C with probability
exceeding 1 —n. Consequently it it sufficient to treat the posterior as if it is truncated on this set. For a
full proof of this technical detail see Section 10.3 of van der Vaart (1998).

Theorem 16.2 showed that the recentered posterior density converges pointwise to a normal density.
We extend this result to uniform convergence over C. Since %%59,4 n (0) converges uniformly in proba-
bility to its expectation in a neighborhood of 6y under the assumptions of Theorem 10.9, the convergence
in (16.4) is uniform for { € C. This implies that the remaining convergence statements are uniform as well
and we conclude that the recentered posterior density converges uniformly to a normal density ¢y ({).

The difference between the posterior mean and the MLE equals

V71 (Brayes — Brmte) = V71 f (6~ Bunte) 7 (6| X) A6 — Brne
~ [ ¢nOme -2 1 x) g
- [ cina
=m,
the mean of the recentered posterior density. We calculate that

|l = fccn* (:|X)dc‘

- f(¢9(()d(+f((ﬂ* ((|X)—¢e(o)dc’
C C

- fcc(n*(mX)—(pgm)dc]

sL|c||n*(5|x>—¢e(c)|dc

sf 1{1d¢ sup 7™ (| X) — ¢ Q)]
C (eC

=0p(1).

The third equality uses the fact that the mean of the normal density ¢y ({) is zero and the final 0, (1) holds
because the posterior converges uniformly to the normal density and the set C is compact.
We have showed that

\/ﬁ (§Bayes - é\mle) =m 7 0.

This shows that @Bayes and @mle are asymptotically equivalent. Since the latter has the asymptotic distri-
bution N (O,Jg‘l) under Theorem 10.9, so does Opayes. [ ]
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16.14 Exercises

Exercise 16.1 Show equation (16.1). This is the same as showing that

Vo2 (vi (x = ) ¢ (v2 (x - p2)) = eV (v (x - 7))
where c can depend on the parameters but not x.
Exercise 16.2 Let p be the probability of your textbook author Bruce making a free throw shot.

(a) Consider the prior 7 ( p) =beta(l,1). (Betawith @ = 1 and § = 1.) Write and sketch the prior density.
Does this prior seem to you to be a good choice for representing uncertainty about p?

(b) Bruce attempts one free throw shot and misses. Write the likelihood and posterior densities. Find
the posterior mean pgayes and the MLE pyye.

(c) Bruce attempts a second free throw shot and misses. Find the posterior density and mean given
the two shots. Find the MLE.

(d) Bruce attempts a third free throw shot and makes the basket. Find the estimators ppayes and Pje.

(e) Compare the sequence of estimators. In this context is the Bayes or MLE more sensible?
Exercise 16.3 Take the exponential density f (x| A) = } exp (—%) for 1 > 0.

(a) Find the conjugate prior 7 (A).
(b) Find the posterior 7 (A | X) given a random sample.

(c) Find the posterior mean /TBayes.

Exercise 16.4 Take the Poisson density f (x| 1) = e‘; . for A > 0.
(a) Find the conjugate prior 7 (1).
(b) Find the posterior 7 (1 | X) given a random sample.
(c) Find the posterior mean ZBayes.
“Aqx
Exercise 16.5 Take the Poisson density f (x| 1) = 2 for 1> 0.

(a) Find the conjugate prior 7 (1).
(b) Find the posterior 7 (1 | X) given a random sample.

(c) Find the posterior mean /TBayeS.

Exercise 16.6 Take the Pareto density f (x| a) = forx>1and a > 0.

xat+l
(a) Find the conjugate prior 7 (@). (This may be tricky.)

(b) Find the posterior 7 (a | X) given a random sample.
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(c) Find the posterior mean @gayes.

Exercise 16.7 Take the U[0,0] density f (x|0)=1/0 for0<x <8.

(a) Find the conjugate prior 7 (f). (This may be tricky.)
(b) Find the posterior 7 (8 | X) given a random sample.

(c) Find the posterior mean ggayes.
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Chapter 17

Nonparametric Density Estimation

17.1 Introduction

Sometimes it is useful to estimate the density function of a continuously-distributed variable. As
a general rule, density functions can take any shape. This means that density functions are inherently
nonparametric, which means that the density function cannot be described by a finite set of parameters.
The most common method to estimate density functions is with kernel smoothing estimators, which are
related to the kernel regression estimators explored in Chapter 19 of Econometrics.

There are many excellent monographs written on nonparametric density estimation, including Sil-
verman (1986) and Scott (1992). The methods are also covered in detail in Pagan and Ullah (1999) and Li
and Racine (2007).

In this chapter we focus on univariate density estimation. The setting is a real-valued random vari-
able X for which we have n independent observations. The maintained assumption is that X has a
continuous density f(x). The goal is to estimate f(x) either at a single point x or at a set of points in the
interior of the support of X. For purposes of presentation we focus on estimation at a single point x.

17.2 Histogram Density Estimation

To make things concrete, we again use the March 2009 Current Population Survey, but in this appli-
cation use the subsample of Asian women which has 7 = 1149 observations. Our goal is to estimate the
density f(x) of hourly wages for this group.

A simple and familiar density estimator is a histogram. We divide the range of f(x) into B bins of
width w and then count the number of observations 7; in each bin. The histogram estimator of f(x) for
xin the j*" bin is

Flo = 4 17.1)
fx—nw. .

The histogram is the plot of these heights, displayed as rectangles. The scaling is set so that the sum of
the area of the rectangles is Z?Zl wnj/nw = 1, and therefore the histogram estimator is a valid density.

To illustrate, Figure 17.1(a) displays the histogram of the sample described above, using bins of width
$10. For example, the first bar shows that 189 of the 1149 individuals had wages in the range [0, 10) so the
height of the histogram is 189/(1149 x 10) = 0.016.

The histogram in Figure 17.1(a) is a rather crude estimate. For example, it in uninformative whether
$11 or $19 wages are more prevalent. To address this we display a histogram using bins with the smaller
width $1 in Figure 17.1(b). In contrast with part (a) this appears quite noisy, and we might guess that

331
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Figure 17.1: Histogram Estimate of Wage Density for Asian Women

the peaks and valleys are likely just sampling noise. We would like an estimator which avoids the two
extremes shown in Figures 17.1. For this we consider smoother estimators in the following section.

17.3 Kernel Density Estimator

Continuing the wage density example from the previous section, suppose we want to estimate the
density at x = $13. Consider the histogram density estimate in Figure 17.1(a). It is based on the frequency
of observations in the interval [10,20) which is a skewed window about x = 13. It seems more sensible to
center the window at x = 13, for example to use [8,18) instead of [10,20). It also seems sensible to give
more weight to observations close to x = 13 and less to those at the edge of the window.

These considerations give rise to what is called the kernel density estimator of f(x):

Xl' - X
). (17.2)

~ 1 2
f(x)z%i:ZiK(

where K (u) is a weighting function known as a kernel function and # > 0 is a scalar known as a band-
width. The estimator (17.2) is the sample average of the “kernel smooths” h 1K (%) The estimator
(17.2) was first proposed by Rosenblatt (1956) and Parzen (1962), and is often called the Rosenblatt or
Rosenblatt-Parzen kernel density estimator.

Kernel density estimators (17.2) can be constructed with any kernel satisfying the following defini-
tion.

Definition 17.1 A (second-order) kernel function K (u) satisfies
1. 0sK(u) <K < oo,
2. K(u)=K(-u),

3. [CeKwdu=1,
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4. ffgo |ul” K(u)du < oo for all positive integers r.

Essentially, a kernel function is a bounded probability density function which is symmetric about
zero. Assumption 17.1.4 is not essential for most results but is a convenient simplification and does not
exclude any kernel function used in standard empirical practice.

Furthermore, some of the mathematical expressions are simplified if we restrict attention to kernels
whose variance is normalized to unity.

Definition 17.2 A normalized kernel function satisfies ffzo W Kwdu=1.

There are a large number of functions which satisfy Definition 17.1, and many are programmed as
options in statistical packages. We list the most important in Table 17.1 below: the Rectangular, Gaus-
sian, Epanechnikov, and Triangular kernels. These kernel functions are displayed in Figure 17.2. In
practice it is unnecessary to consider kernels beyond these four.

Table 17.1: Common Normalized Second-Order Kernels

Kernel Formula Ry Cx
1 .
—\/_ if |lul <3 )
Rectangular K(u) = 2v3 — 1.064
2V3
0 otherwise
Gaussi K1) = — ( uz) L 1059
aussian U)= —exp|-—— —_— .
V2 P 2 Zﬁ
3 ( uz) ,
—[1—-=| iflul<v5
3v5
Epanechnikov  K(u) =< 4v5 5 % 1.049
0 otherwise
1 ( Iul) .
—|1-—=| iflul<v6
6
Triangular K(u) =< 6 Ve % 1.052
0 otherwise

The histogram density estimator (17.1) equals the kernel density estimator (17.2) at the bin midpoints
(e.g. x =5 or x =15 in Figure 17.1(a)) when K(u) is a uniform density function. This is known as the
Rectangular kernel. The kernel density estimator generalizes the histogram estimator in two important
ways. First, the window is centered at the point x rather than by bins, and second, the observations are
weighted by the kernel function. Thus, the estimator (17.2) can be viewed as a smoothed histogram. f(x)
counts the frequency that observations X; are close to x.

We advise against the Rectangular kernel as it produces discontinuous density estimates. Better
choices are the Epanechnikov and Gaussian kernels which give more weight to observations X; near
the point of evaluation x. In most practical applications these two kernels will provide very similar den-
sity estimates, with the Gaussian somewhat smoother. In practice the Gaussian kernel is a convenient
choice it produces a density estimator which possesses derivatives of all orders. The Triangular kernel is
not typically used for density estimation but is used for other purposes in nonparametric estimation.
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The kernel K(u) weights observations based on the distance between X; and x. The bandwidth
determines what is meant by “close”. Consequently, the estimator (17.2) critically depends on the band-
width A.

Definition 17.3 A bandwidth or tuning parameter / > 0 is a real number used to control the degree of
smoothing of a nonparametric estimator.

Typically, larger values of a bandwidth # result in smoother estimators and smaller values of % result
in less smooth estimators.

Kernel estimators are invariant to rescaling the kernel function and bandwidth. That is, the estimator
(17.2) using a kernel K(u) and bandwidth # is equal for any b > 0 to a kernel density estimator using the
kernel K (u) = K(u/b)/ b with bandwith h/b.

1.
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Figure 17.2: Kernel Functions

Kernel density estimators are also invariant to data rescaling. That is, let Y = ¢X for some ¢ > 0.
Then the density of Y is fy(y) = fx(y/c)/c. If fx(x) is the estimator (17.2) using the observations X;
and bandwidth &, and fy (y) is the estimator using the scaled observations Y; with bandwidth ch, then
) =fxylole.

The kernel density estimator (17.2) is a valid density function. Specifically, it is non-negative and
integrates to one. To see the latter point,

OOA 1 n (00}
f_oof(x)dx—Ei:Z1 _OOK(

where the second equality makes the change-of-variables u = (X; — x)/h and the final uses Definition
17.1.3.

Xi—x

)dx:%Z Kwdu=1

i=1v—
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To illustrate, Figure 17.3 displays the histogram estimator along with the kernel density estimator
using the Gaussian kernel with the bandwidth # = 2.14. (Bandwidth selection will be discussed in Section
17.9.) You can see that the density estimator is a smoothed version of the histogram. The density appears
to be single-peaked, asymmetric, with its mode about x = $13.

<
o -
S
/\
a2
o 4
S
N
o 4
S
—
o 4
S
s
o
[ T T T T T 1
0 10 20 30 40 50 60
wage

Figure 17.3: Kernel Density Estimator of Wage Density for Asian Women

17.4 Bias of Density Estimator

In this section we show how to approximate the bias of the density estimator.
Since the kernel density estimator (17.2) is an average of i.i.d. observations its expectation is
Xi— X)

1 Xn:K( —[E[lK(X_x)
nh i3 h T |h h '
At this point we may feel unsure if we can proceed further, as K((X; — x)/h) is a nonlinear function of the
random variable X;. To make progress, we write the expectation as an explicit integral

:f_oo EK(U;x)f(v)dv.

The next step is a trick. Make the change-of-variables u = (v — x)/ h so that the expression equals

E[f(x0)] =E

:f K(uw f(x+hwdu

=f(x) +f K@) (f(x+hw - f(x))du (17.3)
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where the final equality uses Definition 17.1.3.

Expression (17.3) shows that the expected value of f(x) is a weighted average of the function f(u)
about the point u = x. When f(x) is linear then f(x) wil be unbiased for f(x). In general, however, f(x)
is a biased estimator.

As h decreases to zero, the bias term in (17.3) tends to zero:

E[f(0)] = f(x) +0(1).

Intuitively, (17.3) is an average of f(u) in a local window about x. If the window is sufficiently small then
this average should be close to f(x).

Under a stronger smoothness condition we can provide an improved characterization of the bias.
Make a second-order Taylor series expansion of f(x + hu) so that

fx+hw=fx)+f (xhu+ %f”(x)hzuz +o(h?).

Substituting, we find that (17.3) equals
o0 1
:f(x)+f K (u) (f’(x)hu+§f”(x)h2u2)du+ o(h?)

:f(x)+f’(x)hfoo uK(u)du+%f”(x)hzfoo WK (u) du+ o(h?)

—00

1
= f@+ S f"Oh* +o(h?).
The final equality uses the facts [0 uK (u)du =0 and [°2 u?K (u) du = 1. We have shown that (17.3)
simplifies to

~ 1
E[ft0]=f@)+3 " @x)h* +o(h?).

This is revealing. It shows that the approximate bias of f(x) for f(x) is % f"(x) h2. This is consistent
with our earlier finding that the bias decreases as & tends to zero, but is a more constructive characteri-
zation. We see that the bias depends on the underlying curvature of f(x) through its second derivative. If
f"(x) <0 (as it typical at the mode) then the bias is negative, meaning that f(x) is typically less than the
true f(x). If f”(x) > 0 (as may occur in the tails) then the bias is positive, meaning that f(x) is typically
higher than the true f(x). This is smoothing bias.

We summarize our findings. Let .4 be a neighborhood of x.

Theorem 17.1 If f(x) is continuous in .4/, thenas h — 0
E[f(0)] = f(x)+0Q1). (17.4)

If f”(x) is continuous in A/, then as h — 0

E[f(0)] = f0) + %f”(x) W2 +o(h?). (17.5)

A formal proofis presented in Section 17.16.

The asymptotic unbiasedness result (17.4) holds under the minimal assumption that f(x) is continu-
ous. The asymptotic expansion (17.5) holds under the stronger assumption that the second derivative is
continuous. These are examples of what are often called smoothness assumptions. They are interpreted
as meaning that the density is not too variable. It is a common feature of nonparametric theory to use
smoothness assumptions to obtain asymptotic approximations.
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To illustrate the bias of the kernel density estimator, Figure 17.4 displays the density

3 1 (x-7

f(.X,') = Z(,b(x—4) + 5(/) (ﬁ)
with the solid line. You can see that the density is bimodal, with local peaks at 4 and 7. Now imagine
estimating this density using a Gaussian kernel and a bandwidth of & = 0.5 (which turns out to be the
reference rule (see Section 17.9) for a sample size n = 200). The mean E [f(x)] of this estimator is plotted
using the long dashes. You can see that it has the same general shape with f(x), with the same local
peaks, but the peak and valley are attenuated. The mean is a smoothed version of the actual density
f(x). The asymptotic approximation f(x) + f”(x)h?/2 is displayed using the short dashes. You can see
that it is similar to the mean E [f(x) ], but is not identical. The difference between f(x) and E [f(x)] is the
bias of the estimator.

— ()
~= Elf()]
--- f(x) +hP(x) /2

Figure 17.4: Smoothing Bias

17.5 Variance of Density Estimator

Since f(x) is a sample average of the kernel smooths and the latter are i.i.d., the exact variance of

( )
h '

1
= —var
n

var [f(x)] =

var

X,-—x)

This can be approximated by calculations similar to those used for the bias.

n2h?
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Theorem 17.2 The exact variance of f(x) is

vz =var[f(x)] = L var K(X_x) (17.6)
nh h
If f(x) is continuous in A4/, then as h — 0 and nh — oo
V;= f(z)hRK + 0(%) (17.7)
where -~
Rk :fooK(u)zdu (17.8)

is known as the roughness of the kernel K(u).

The proofis presented in Section 17.16

Equation (17.7) shows that the asymptotic variance of f(x) is inversely proportional to nh, which can
be viewed as the effective sample size. The variance is proportional to the height of the density f(x) and
the kernel roughness Ri. The values of Rk for the three kernel functions are displayed in Table 17.1.

17.6 Variance Estimation and Standard Errors

The expressions (17.6) and (17.7) can be used to motivate estimators of the variance V;. An esti-
mator based on the finite sample formula (17.6) is the scaled sample variance of the kernel smooths

k(2]
1
n-1

Vi) = (n_hz;K(T) -fx )

An estimator based on the asymptotic formula (17.7) is

o JWRg
Vf(x)— h

(17.9)

Using either estimator, a standard error for f(x) is Vf(x)” 2,

17.7 IMSE of Density Estimator

A useful measure of precision of a density estimator is its integrated mean squared error (IMSE).
*° ~ 2
IMSE = f E[(Feo - )] dx.
—00

It is the average precision of f(x) over all values of x. Using Theorems 17.1 and 17.2 we can calculate that
it equals

_ Loy, B 4 (L)
IMSE—4R(f Jh +nh+0(h)+0 —

where
o 2
R(M) = [ (£ dx
—o0o
is called the roughness of the second derivative f”(x). The leading term

1 R
L R

AIMSE = —=R(f") h* 17.10
LR (17.10)
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is called the asymptotic integrated mean squared error. The AIMSE is an asymptotic approximation to
the IMSE. In nonparametric theory is it common to use AIMSE to assess precision.

The AIMSE (17.10) shows that f(x) is less accurate when R ( f" ) is large, meaning that accuracy dete-
riorates with increased curvature in f(x). The expression also shows that the first term (the squared bias)
of the AIMSE is increasing in &, but the second term (the variance) is decreasing in /. Thus the choice of
h affects (17.10) with a trade-off between bias and variance.

We can calculate the bandwidth & which minimizes the AIMSE by solving the first-order condition.
(See Exercise 17.2.) The solution is

( Ry )1/5 s
ho = ns, (17.11)
R ( f//)

This bandwidth takes the form hy = cn~/? so satisfies the intruiging rate sy ~ n~

A common error is to interpret hy ~ n~/% as meaning that a user can set 4 = n~'/>. This is incorrect
and can be a huge mistake in an application. The constant c is critically important as well.

When h ~ n~'/5 then AIMSE ~ n=*'%> which means that the density estimator converges at the rate
n~2/>, This is slower than the standard n~!/2 parametric rate. This is a common finding in nonparamet-
ric analysis. An interpretation is that nonparametric estimation problems are harder than parametric
problems, so more observations are required to obtain accurate estimates.

We summarize our findings.

1/5

Theorem 17.3 If f”(x) is uniformly continuous, then
_ 1 " 1,4 RK 1 -1
IMSE—ZR(f )h +—h+o(h J+o((n)™).
n

The leading terms (the AIMSE) are minimized by the bandwidth hg in (17.11).

17.8 Optimal Kernel

Expression (17.10) shows that the choice of kernel function affects the AIMSE only through Rg. This
means that the kernel with the smallest Rx will have the smallest AIMSE. As shown by Hodges and
Lehmann (1956), R is minimized by the Epanechnikov kernel. This means that density estimation with
the Epanechnikov kernel is AIMSE efficient. This observation led Epanechnikov (1969) to recommend
this kernel for density estimation.

Theorem 17.4 AIMSE is minimized by the Epanechnikov kernel.

We prove Theorem 17.4 below.

It is also interesting to calculate the efficiency loss obtained by using a different kernel. Inserting
the optimal bandwidth (17.11) into the AIMSE (17.10) and a little algebra we find that for any kernel the
optimal AIMSE is

5
AIMSE(K) = ZR(f”)”5 R¥Sp45,
The square root of the ratio of the optimal AIMSE of the Gaussian kernel to the Epanechnikov kernel is

2/5

AIMSE (Gaussian) )1’2_( Rk (Gaussian) )2’5_(1/2\5)
AIMSE (Epanechnikov) B Ry (Epanechnikov) B 3v/5/25
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Thus the efficiency loss! from using the Gaussian kernel relative to the Epanechnikov is only 2%. This
is not particularly large. Therefore from an efficiency viewpoint the Epanechnikov is optimal, and the
Gaussian is near-optimal.

The Gaussian kernel has other advantages over the Epanechnikov. The Gaussian kernel possesses
derivatives of all orders (is infinitely smooth) so kernel density estimates with the Gaussian kernel will
also have derivatives of all orders. This is not the case with the Epanechnikov kernel, as its first derivative
is discontinuous at the boundary of its support. Consequently, estimates calculated using the Gaussian
kernel are smoother and particularly well suited for estimation of density derivates. Another useful fea-
ture is that the density estimator f(x) with the Gaussian kernel is non-zero for all x, which can be a useful
feature if the inverse f(x)_1 is desired. These considerations lead to the practical recommendation to use
the Gaussian kernel.

We now show Theorem 17.4. To do so we use the calculus of variations. Construct the Lagrangian

z(K,Al,AZ)=f K(u)zdu—/ll(f K(u)du—l)—AZU WKwdu-1|.

The first term is Rg. The constraints are that the kernel integrates to one and the second moment is 1.
Taking the derivative with respect to K(u) and setting to zero we obtain

d
akw L KAz = (2K () = Ay = A2u) L{K (1) = 0} = 0.

Solving for K(u) we find the solution

KW = = (M + %) 1{A; + Au* 2 0}

DN =

which is a truncated quadratic.
The constants A; and A, may be found by seting f_ogo K(uwdu =1 and ffgo U K(u)du = 1. After some
algebra we find the solution is the Epanechnikov kernel as listed in Table 17.1.

17.9 Reference Bandwidth

The density estimator (17.2) depends critically on the bandwidth #. Without a specific rule to se-
lect h the method is incomplete. Consequently an important component of nonparametric estimation
methods are data-dependent bandwidth selection rules.

A simple bandwidth selection rule proposed by Silverman (1986) has come to be known as the refer-
ence bandwidth or Silverman’s Rule-of-Thumb. It uses the bandwidth (17.11) which is optimal under
the simplifying assumption that the true density f(x) is normal, with a few variations. The rule produces
areasonable bandwidth for many estimation contexts.

The Silverman rule is

hy=oCxn ' (17.12)

where o is the standard deviation of the distribution of X and

BﬁRK)l/S
3 .

cKz(

The constant Ck is determined by the kernel. Its values are recorded in Table 17.1.

IMeasured by root AIMSE.
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The Silverman rule is simple to derive. Using change-of-variables you can calculate that when f(x) =
o l¢p(x/o) then R (f") = 0°R(¢"). Atechnical calculation (see Theorem 17.5 below) shows that R (¢) =
3/8y/m. Together we obtain the reference estimate R (f") = 07°3/8y/7. Inserted into (17.11) we obtain
(17.12).

For the Gaussian kernel Rx = 1/2+/7 so the constant Ck is

1/5 1/5
1 4
= (¥7) = (_) ~ 1.059. (17.13)
T

3
Thus the Silverman rule (17.12) is often written as
h, =01.06n" 5. (17.14)

It turns out that the constant (17.13) is remarkably robust to the choice of kernel. Notice that Cx
depends on the kernel only through Rk, which is minimized by the Epanechnikov kernel for which Cg =
1.05, and and maximized (among single-peaked kernels) by the rectangular kernel for which Cg = 1.06.
Thus the constant Ck is essentially invariant to the kernel. Consequently the Silverman rule (17.14) can
be used by any kernel with unit variance.

The unknown standard deviation o needs to be replaced with a sample estimator. Using the sample
standard deviation s we obtain a classical reference rule for the Gaussian kernel, sometimes referred to
as the optimal bandwidth under the assumption of normality:

h, = s1.06n" /2, (17.15)

Silverman (1986, Section 3.4.2) recommended the robust estimator ¢ of Section 11.14. This gives rise
to a second form of the reference rule

h, =51.06n" 5. (17.16)

Silverman (1986) observed that the constant Cx = 1.06 produces a bandwidth which is a bit too large
when the density f(x) is thick-tailed or bimodal. He therefore recommended using a slightly smaller
bandwidth in practice, and based on simulation evidence specifically recommended Cg = 0.9. This leads
to a third form of the reference rule

hy=0.95n"1"5, (17.17)

This rule (17.17) is popular in package implementations and is commonly known as Silverman’s Rule of
Thumb.

The kernel density estimator implemented with any of the above reference bandwidths is fully data-
dependent and thus a valid estimator. (That is, it does not depend on user-selected tuning parameters.)
This is a good property.

We close this section by justifying the claim R (¢") = 3/8/7 with a more general calculation. Its proof
is presented in Section 17.16.

Theorem 17.5 For any integer m =0,

R(¢p™) = —2mu+ 21”\1/5 (17.18)

where fo, = (2m — D! = E[Z2™] is the 2m"" moment of the standard normal density.
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17.10 Sheather-Jones Bandwidth*

In this section we present a bandwidth selection rule derived by Sheather and Jones (1991) which has
improved performance over the reference rule.

The AIMSE-optimal bandwidth (17.11) depends on the unknown roughness R (f”). An improvement
on the reference rule may be obtained by replacing R (f”) with a nonparametric estimator.

Consider the general problem of estimation of S,, = [ (f m (x))2 dx for some integer m = 0. By m
applications of integration-by-parts we can calculate that

Sm=(=1" f FE () fdx=(-D™E[f*™(X)]

where the second equality uses the fact that f(x) is the density of X. Let f (x) = (nb,y,) ™! Z” 1P (X —x) Iby)
be a kernel density estimator using the Gaussian kernel and bandwidth b,,. An estimator of f?" (x) is

—~ Xi—
(2m) (2m) l
f o (x) = b2m+1 Z(P am ( bm )

A non-parametric estimator of S, is

Sm(bm) = Z (X)) = 2b2m+122¢@ >( ’)

i=1 ll] m

Jones and Sheather (1991) calculated that the MSE-optimal bandwith b, for the estimator Sy is

1/(3+2m)
bm _ / lJZm n—l/(3+2m) (17.19)
T Sma1

where uo;,; = (2m — 1)!l. The bandwidth (17.19) depends on the unknown S;;,+1. One solution is to replace
Sm+1 with a reference estimate. Given Theorem 17.5 this is Sy,41 = 052" 12,,,12/2™2 /7. Substituted
into (17.19) and simplifying we obtain the reference bandwidth

B 2m+5/2 1/(3+2m)
bm:U(z +1) n—l/(3+2m).
m

Used for estimation of S,, we obtain the feasible estimator S,, = S, m(Em). It turns out that two reference
bandwidths of interest are
by = 1.240n~ V7

and
by =1.230n"1"°

for S, and S;.

A plug-in bandwidth £ is obtained by replacing the unknown S = R (f”') in (17.11) with S,. Its per-
formance, however, depends critically on the preliminary bandwidth b, which depends on the reference
rule estimator S3.

Sheather and Jones (1991) improved on the plug-in bandwidth with the following algorithm which
takes into account the interactions between / and b,. Take the two equations for optimal # and b, with
S, and Ss replaced with the reference estimates S, and §3

. (g)l/S n—1/5
Sy

1/7
bz = (\/5 3 ) n_1/7.
7T S3
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Solve the first equation for n and plug it into the second equation, viewing it as a function of 4. We obtain

23 5\
bz(h):( ;R_K§_2) w7
3

Now use Eg(h) to make the estimator §2(Eg(h)) a function of h. Find the i which is the solution to the
equation
( Rx )1/5 s
S2(b2(h))

The solution for h must be found numerically but it is fast to solve by the Newton-Raphson method.
Theoretical and simulation analysis have shown that the resulting bandwidth % and density estimator
f(x) perform quite well in a range of contexts.

When the kernel K(u) is Gaussian the relevant formulae are

S; 1/7
by(h) = 1.357(72) w7
S3

and 0.776
. s

" S ()15

17.11 Recommendations for Bandwidth Selection

In general it is advisable to try several bandwidths and use judgment. Estimate the density func-
tion using each bandwidth. Plot the results and compare. Select your density estimator based on the
evidence, your purpose for estimation, and your judgment.

For example, take the empirical example presented at the beginning of this chapter, which are wages
for the sub-sample of Asian women. There are n = 1149 observations. Thus n~'/> = 0.24. The sample
standard deviation is s = 20.6. This means that the Gaussian optimal rule (17.15) is

h=s1.06n""°=534.

The interquartile range is R = 18.8. The robust estimate of standard deviation is & = 14.0. The rule-
of-thumb (17.17) is
h=09sn""°=3.08.

This is smaller than the Gaussian optimal bandwidth mostly because the robust standard deviation is
much smaller than the sample standard deviation.

The Sheather-Jones bandwidth which solves (17.20) is & = 2.14. This is significantly smaller than
the other two bandwidths. This is because the empirical roughness estimate S, is much larger than the
normal reference value.

We estimate the density using these three bandwidths and the Gaussian kernel, and display the es-
timates in Figure 17.5. What we can see is that the estimate using the largest bandwidth (the Gaussian
optimal) is the smoothest, and the estimate using the smallest bandwidth (Sheather-Jones) is the least
smooth. The Gaussian optimal estimate understates the primary density mode, and overstates the left
tail, relative to the other two. The Gaussian optimal estimate seems over-smoothed. The estimates using
the rule-of-thumb and the Sheather-Jones bandwidth are reasonably similar, and the choice between
the two may be made partly on aesthetics. The rule-of-thumb estimate produces a smoother estimate
which may be more appealing to the eye, while the Sheather-Jones estimate produces more detail. My
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preference leans towards detail, and hence the Sheather-Jones bandwidth. This is the justification for
the choice h = 2.14 used for the density estimate which was displayed in Figure 17.3.

If you are working in a package which only produces one bandwith rule (such as Stata) then it is
advisable to experiment by trying alternative bandwidths obtained by adding and subtracting modest
deviations (e.g. 20-30%) and then assess the density plots obtained.

—— Gaussian Optimal
P ——- Rule of Thumb
RN - - - Sheather-Jones

0 10 20 30 40 50 60

Figure 17.5: Choice of Bandwidth

We can also assess the impact of the choice of kernel function. In Figure 17.6 we display the den-
sity estimates calculated using the rectangular, Gaussian, and Epanechnikov kernel functions, and the
Sheather-Jones bandwidth (optimized for the Gaussian kernel). The shapes of the three density esti-
mates are very similar, and the Gaussian and Epanechnikov estimates are nearly indistinguishable, with
the Gaussian slightly smoother. The estimate using the rectangular kernel, however, is noticably differ-
ent. It is erratic and non-smooth. This illustrates how the rectangular kernel is a poor choice for density
estimation, and the differences between the Gaussian and Epanechnikov kernels are typically minor.

17.12 Practical Issues in Density Estimation

The most common purpose for a density estimator f(x) is to produce a display such as Figure 17.3. In
this case the estimatorf(x) is calculated on a grid of values of x and then plotted. Typically 100 gridpoints
is sufficient for a reasonable density plot. However if the density estimate has a section with a steep slope
it may be poorly displayed unless more gridpoints are used.

Sometimes it is questionable whether or not a density estimator can be used when the observations
are somewhat in between continuous and discrete. For example, many variables are recorded as integers
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— Rectangular
m o ——- Gaussian
! N --- Epanechnikov

0 10 20 30 40 50 60

Figure 17.6: Choice of Kernel

even though the underlying model treats them as continuous. A practical suggestion is to refrain from
applying a density estimator unless there are at least 50 distinct values in the dataset.

There is also a practical question about sample size. How large should the sample be to apply a
kernel density estimator? The convergence rate is slow, so we should expect to require a larger number
of observations than for parametric estimators. I suggest a minimal sample size of n = 100, and even
then estimation precision may be poor.

17.13 Computation

In Stata, the kernel density estimator (17.2) can be computed and displayed using the kdensity
command. By default it uses the Epanechnikov kernel and selects the bandwidth using the reference
rule (17.17). One deficiency of the Stata kdensity command is that incorrectly implements the refer-
ence rule for kernels with non-unit variances. (This includes all kernel options in Stata other than the
Epanechnikov and Gaussian). Consequently the kdensity command should only be used with either
the Epanechnikov or Gaussian kernel.

R has several commands for density estimation, including the built-in command density. By default
the latter uses the Gaussian kernel and the reference rule (17.17). The latter can be explicitly specified
using the option nrd0. Other kernels and bandwidth selection methods are available, including (17.16)
as the option nrd and the Sheather-Jones method as the option SJ.

MATLAB has the built-in function kdensity. By default it uses the Gaussian kernel and the reference
rule (17.16).
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17.14 Asymptotic Distribution

In this section we provide asymptotic limit theory for the kernel density estimator (17.2). We first
state a consistency result.

Theorem 17.6 If f(x) is continuous in .4/, then as h — 0 and nh — oo, f(x) 7 fx).

This shows that the nonparametric estimator f(x) is consistent for f(x) under quite minimal as-
sumptions. Theorem 17.6 follows from (17.4) and (17.7).
We now provide an asymptotic distribution theory.

Theorem 17.7 If f(x) is continuous in .4/, then as nh — oo such that h = O(n_”5)
-~ 1
Vnh|f)= [ f"(0 h? —N(0, f(0R).

The proofis given in Section 17.16.

Theorems 17.1 and 17.2 characterized the asymptotic bias and variance. Theorem 17.7 extends this
by applying the Lindeberg central limit theorem to show that the asymptotic distribution is normal.

The convergence result in Theorem 17.7 is different from typical parametric results in two aspects.
The first is that the convergence rate is vnh rather than \/z. This is because the estimator is based
on local smoothing, and the effective number of observations for local estimation is nh rather than the
full sample n. The second notable aspect of the theorem is that the statement includes an explicit ad-
justment for bias, as the estimator f(x) is centered at f(x) + % f"(x)h?. This is because the bias is not
asymptotically negligible and needs to be acknowledged. The presence of a bias adjustment is typical in
the asymptotic theory for kernel estimators.

Theorem 17.7 adds the extra technical condition that i = O (n~1/5). This strengthens the assumption
h — 0 by saying it must decline at least at the rate n~'/>. This condition ensures that the remainder from
the bias approximation is asymptotically negligible. It can be weakened somewhat if the smoothness
assumptions on f(x) are strengthened.

17.15 Undersmoothing

A technical way to eliminate the bias term in Theorem 17.7 is by using an under-smoothing band-
width. This is a bandwidth & which converges to zero faster than the optimal rate n=/°, thus nh® = o (1).
In practice this means that h is smaller than the optimal bandwidth so the estimator f(x) is AIMSE inef-
ficient. An undersmoothing bandwidth can be obtained by setting & = n~%h, where h; is a reference or
plug-in bandwidth and a > 0.

With a smaller bandwidth the estimator has reduced bias and increased variance. Consequently the
bias is asymptotically negligible.

Theorem 17.8 If f”(x) is continuous in .4/, then as nh — oo such that nh®=0(1)

Vih(f(x) - f(x) —N (0, f(X)Rk).

This theorem looks identical to Theorem 17.7 with the notable difference that the bias term is omit-
ted. At first, this appears to be a “better” distribution result, as it is certainly preferred to have (asymptot-
ically) unbiased estimators. However this is an incomplete understanding. Theorem 17.7 (with the bias
term included) is a better distribution result precisely because it captures the asymptotic bias. Theorem
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17.8 is inferior precisely because it avoids characterizing the bias. Another way of thinking about it is that
Theorem 17.7 is a more honest characterization of the distribution than Theorem 17.8.

It is worth noting that the assumption nh®=o0(l1)isthesameas h=o0 (n_” 5). Some authors will state
it one way, and some the other. The assumption means that the estimator f(x) is converging at a slower
rate than optimal, and is thus AIMSE inefficient.

While the undersmoothing assumption nh°® = o0 (1) technically eliminates the bias from the asymp-
totic distribution, it does not actually eliminate the finite sample bias. Thus it is better in practice to view
an undersmoothing bandwidth as producing an estimator with “low bias” rather than “zero bias”.

17.16 Technical Proofs*

For simplicity all formal results assume that the kernel K(«) has bounded support, that is, for some
a < oo, K(u) =0 for |u| > a. This includes most kernels used in applications with the exception of the
Gaussian kernel. The results apply as well to the Gaussian kernel but with a more detailed argument.

Proof of Theorem 17.1 We first show (17.4). Fix € > 0. Since f(x) is continuous in some neighborhood
A there exists a § > 0 such that |v| < § implies |f(x+ V) —f(x)| <e. Set h < 6/a. Then |u| < a implies
|hul <6 and | f(x + hu) - f(x)| < €. Then using (17.3)

[E[f0-fW)]|= ’ K@) (f(x+hw-fx)du

—a

a
sf K@) |fx+hw-fx)|du

a
<e€ Kw)du

—a

=E€.

Since € is arbitrary this shows that |[E [f(x) - f] | =o0(1) as h — 0, as claimed.
We next show (17.5). By the mean-value theorem

fx+hu) = f(x) +f’(x)hu+%f”(x+ hu*)h? u?
= f(x) +f'(x)hu+%f”(x)h2u2+%(f”(x+ hu*) - " (x)) h*u?

where u* lies between 0 and u. Substituting into (17.3) and using /° K (u) udu = 0and [0 K () u*du =
1 we find )
E[f(0)] = f0)+ Ef”(x)h2 + h2R(h)

where | oo
R(h) = Ef (f"(x+ hu*) - f"(x)) u*K (w) du.

It remains to show that R(h) = o(1) as h — 0. Fix € > 0. Since f”(x) is continuous is some neighbor-
hood ¥ there exists a § > 0 such that |v| < & implies | " (x+v) - f"(x)| <€. Set h < §/a. Then |ul < a
implies |hu*| < |hu| <6 and |f”(x+ hu*) —f”(x)| <e. Then

IR(h)| < %f |f" e+ hu®) = (0] u*K () du < g

Since € is arbitrary this shows that R(%) = o(1). This completes the proof. |
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Proof of Theorem 17.2 As mentioned at the beginning of the section, for simplicity assume K(u) = 0
for |u| > a.

Equation (17.6) was shown in the text. We now show (17.7). By a derivation similar to that for Theo-
rem 17.1, since f(x) is continuous in A

el

[ s

:foo]((u)zf(x+ hwdu
= foo K w)? f(x)du+o(1)
= f(jCC;RK +o(1).
Then since the observations are i.i.d. and using (17.5)
K(X— x)
h

_1g K(X—x)z
" h h

= f(x)Rg +o0(1).

nhvar [f(x)] = lvar

1

)2

-#[e 5[5

This is identical to the stated result. [ |

Proof of Theorem 17.5 By m applications of integration-by-parts, the fact ¢ (x) = Heo, (x)¢p(x) where
Heyp(x) is the 2m'" Hermite polynomial (see Section 5.10), the fact ¢(x)% = ¢ (v2x) /v/27, the change-
of-variables u = x/v/2, an explicit expression for the Hermite polynomial, the normal moment ffgo u2mi dw)du=
2m-1'=(2m)!/ (2™ m!) (for the second equality see Section A.3), and the Binomial Theorem (Theorem

1.11), we find

R(¢'™) = f " (0" (x)dx
=™ f - Hepm (x)p(x)*dx

( Dmf Hegm(x)([)(\/_x)dx

( n"

f Heyy, u/\/_)(p(u)du

( 1)’” *° & 2m)! i om—2j
2V S [T i (2m—2j) 12" g du
D" eCm)! & m!
_22m+1m!\/ﬁj§0 l(m - ])( 4
_ (2m)!
22m+1m!\/ﬁ
_ Hem
_2m+1\/ﬁ

as claimed. [ |
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|

Proof of Theorem 17.7 Define

_ Xi—x Xi—x
Ym’zh”z(K(—lh )—[E[K( - )

Vih(f(x)—E[f(x)]) = VrY,.

We verify the conditions for the Lindeberg CLT (Theorem 9.1). It is necessary to verify the Lindeberg
condition as Lyapunov’s condition fails.

In the notation of Theorem 9.1, Efl = var [ﬁ?n] — Rx f(x) as h — 0. Notice that since the kernel

so that

function is positive and finite, 0 < K (u) < K, say, then Y, < h~1K’. Fixe > 0. Then
. 2 2 . 2 —=2 _
lim E [V 1{Y; >en}] < Jlim E [Ym.]l {K le> nh}] =0

the final equality since nh > K le for sufficiently large n. This establishes the Lindeberg condition (9.1).
The Lindeberg CLT (Theorem 9.1) shows that

Vah(f(x)-E[fx)]) = VnY — N(0, f(x)Rx).
Equation (17.5) established
E[f(x0)] = fx)+ %f”(x)hz +o(h?).
Since h=0(h™!/%)
Vah| 0 - fx) - % "R | =Vnh(f(x) -E[f(0)]) + o)
— N(0, f(x)Rk).

This completes the proof. |

17.17 Exercises

Exercise 17.1 If X* is a random variable with density f(x) from (17.2), show that
@ E[X*]=Xp.
(b) var[X*] =02+ h°.

Exercise 17.2 Show that (17.11) minimizes (17.10).
Hint: Differentiate (17.10) with respect to & and set to 0. This is the first-order condition for opti-
mization. Solve for h. Check the second-order condition to verify that this is a minimum.

Exercise 17.3 Suppose f(x) is the uniform density on [0,1]. What does (17.11) suggest should be the
optimal bandwidth h? How do you interpret this?

Exercise 17.4 You estimate a density for expenditures measured in dollars, and then re-estimate mea-
suring in millions of dollars, but use the same bandwidth 4. How do you expect the density plot to
change? What bandwidth should use so that the density plots have the same shape?
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Exercise 17.5 You have a sample of wages for 1000 men and 1000 women. You estimate the density
functions f,,(x) and f,,(x) for the two groups using the same bandwidth /. You then take the average

f(x) = (fm(x) +fw(x)) /2. How does this compare to applying the density estimator to the combined
sample?

Exercise 17.6 You increase your sample from n = 1000 to n = 2000. For univariate density estimation,
how does the AIMSE-optimal bandwidth change? If the sample increases from n = 1000 to n = 10,0007?

Exercise 17.7 Using the asymptotic formula (17.9) to calculate standard errors s(x) for f(x), find an ex-
pression which indicates when f(x) —25(x) <0, which means that the asymptotic 95% confidence inter-
val contains negative values. For what values of x is this likely (that is, around the mode or towards the
tails)? If you generate a plot of f(x) with confidence bands, and the latter include negative values, how
should you interpret this?



Chapter 18

Empirical Process Theory

18.1 Introduction

An advanced and powerful branch of asymptotic theory is known as empirical process theory, which
concerns the asymptotic distributions of random functions. Two of the primary results are the uniform
law of large numbers (ULLN) and the functional central limit theorem (FCLT).

While this chapter is a brief introduction, it is still the most advanced material presented in this
textbook. For more detail, | recommend Pollard (1990), Andrews (1994), van der Vaart and Wellner (1996),
and Chapters 18-19 of van der Vaart (1998).

18.2 Framework

The general setting for empirical process theory is the context of random functions — random el-
ements of general function spaces. Practical applications include the empirical distribution function,
partial sum processes, and log-likelihood viewed as functions of the parameter space. For concreteness
most of our treatment will focus on the setting where the random function of interest is a sample average
or normalized sample average.

Let X; € Z c R™ be an i.i.d. set of random vectors, and g (x,6) a vector function over x € Z and
6 € R* c ©. Its average is

— 1 Z
8,0 =—> g(X;0). (18.1)

ni=1
We are interested in the properties of g,, (0) as a function over 6 € ©. For example, we are interested in
the conditions under which g, (0) satisfies a uniform law of large numbers. One application arises in
the theory of consistent estimation of nonlinear models (MLE and MME), in which cases the function

g (x,0) equals the log-density function (for MLE) or the moment function (for MME).
We are also interested in the properties of the normalized average

_ _ 1 &
Va0 =Vn(g,0)-E[g,®)]) = NG Y (g(X:,0)-E[g(X1,0)]) (18.2)
i=1

as a function over 6 € ©. One application arises in advanced proofs of asymptotic normality of the MLE
(e.g. Theorem 10.9) with g (x,0) equalling the score function - the derivative of the log density.

351
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18.3 Glivenko-Cantelli Theorem

Empirical process theory arose from the study of the empirical distribution function (EDF)

n
Fn(6) :%Zn{xi <6}. (18.3)
i=1
As discussed in Section 11.12, this is an estimator of the distribution function F(0) = E[1 {X < 6}]. The
EDF (18.3) is an example of (18.1) with g(x,0) = 1{x <6}. Empirical process theory was developed
to demonstrate that F(0) is uniformly consistent for F(8), and to provide its asymptotic distribution
viewed as a function of 6.
For any 0 € R, F,,(0) is the sample average of the i.i.d. random variables 1 {X; < 6}. From the WLLN we
deduce that F,(6) - F(0). This is true for any given 8. Since this convergence holds at a fixed value of

0 we call this pointwise convergence in probability. Uniform converence in probability is the following
stronger property.

Definition 18.1 S, (0) converges in probability to S (8) uniformly over 6 € O if

sup||S, (0) - S@O)| — 0.
0cO p

To see the distinction examine Figure 18.1(a). This displays a sequence of functions S, (6) (the dashed
lines) for three values of n. What is illustrated is that for each 0 the function S, (0) converges towards the
limit function S(8). However for each n the function S, (6) has a severe dip in the right-hand region. The
result is that the global behavior of S, (0) is distinct from that of the limit function S(6). In particular, the
sequence of minimizers of S, (0) converge to the right-limit of the parameter space, while the minimizer
of the limit criterion S(@) is in the interior of the parameter space.

Sn(6)

(a) Non-Uniform Convergence (b) Uniform Convergence

Figure 18.1: Non-Uniform vs Uniform Convergence

In contrast, Figure 18.1(b) displays an example of uniform convergence. The heavy solid line is the
function S(6). The dashed lines are S(8) +¢ and S(6) —e. The thin solid line is S, (). The figure illustrates a
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situation where S, (8) satisfies supgcg 1S, (0) — S(0)| <e€. S;, (0) as displayed weaves up and down but stays
within € of §(8). Uniform convergence holds if the event shown in this figure holds with high probability
for n sufficiently large, for any arbitrarily small e. While S, (6) as shown in Figure 18.1(b) is quite wiggly,
the vertical magnitude of the wiggles are bounded by 2¢. Uniform convergence holds if for any € > 0 we
obtain this bound for sufficiently large n.

The following famous result establishes that the EDF (18.3) converges uniformly.

Theorem 18.1 Glivenko-Cantelli. If X; € R are i.i.d. with distribution F(8), then

sup|F,(0) - F@)| — 0. (18.4)
L p

The Glivenko-Cantelli Theorem is a foundational result in empirical process theory. One of the won-
derful features of the theorem is that it does not require any technical or regularity conditions. It holds
for all distribution functions F(0), including continuous, discrete, and mixed. The proof of Theorem 18.1

is not particularly challenging, but is deferred for now as it emerges as a special case of the uniform law
of large numbers under bracketing (Theorem 18.2, below).

18.4 Packing, Covering, and Bracketing Numbers

To exclude the erratic behavior displayed in Figure 18.1(a) we want functions that are not too variable
over 0. In this section we describe variability in terms of our ability to approximate the function space
with a finite set of functions. There are three widely-used concepts (packing, covering, & bracketing)
based on somewhat different metaphors.

To start we require a norm on the function space. The most common is the L, norm for r = 1. For a
function h(x) the L, norm is

Ikl = E[RCOIT).
This depends on the distribution F of X. It will be sometimes useful to make this dependence explicit.
For a distribution Q let Eq [ (X)] = fh(x)dQ(x), and let

12, = (Eq [1RCONT)!".

This is the L, norm when the expectation is calculated with the distribution Q.
We will use the L, and L;(Q) norms to measure distances between values of 6. The L; distance (or
metric) between 6, and 6 is
dr(61,62) = |8 (X,00) - g(X,62)],
and the L, (Q) distance is
do,r (01,62) = ||g(X,61) _g(X’QZ)”Q,r'

They measure the gap between 6, and 8, by the 7" moment of the difference between the random vari-
ables g (X,0:) and g (X,62). When g (6) is non-random the L, and L, (Q) distances simplify to || g (61) — g (62) |-
In addition to the above notation, the theory requires the the following construct.

Definition 18.2 A function g(x,6) has an envelope function G(x) if | g(x,0)|| < G(x) < oo for every x € &
and 0 € ©.

For example, take g(x,0) = 1 {x <0} for the EDE This has envelope G(x) = 1. As another example,
take g(x,0) = x? with x € [0,1]. This has envelope G(x) = 1. As a final example, take g(x,0) = x(y— x’G)
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with ||0] = C. This has envelope G(x) = ||xy|| + |xlI?C. This latter example shows that in some cases a
finite envelope can only be achieved on a bounded parameter space.

We now define the packing and covering numbers. The packing numbers are the number of points
which you can “pack” into ® while maintaining a minimum distance! between the points. The covering
numbers are the number of balls required to cover ©. An L;(Q)-ball of radius € centered at 0; is the set
{0 : dQ,r (0,0]') < 6}.

Definition 18.3 The packing number D; (¢, Q) is the largest number of points 6; that can be packed into
© with each pair satisfying dg - (01,02) > €. The covering number N; (¢, Q) is the minimal number of
L,(Q)-balls of radius € needed to cover ©. The uniform packing and uniform covering numbers are

Dr(e) = SupDr(€ ”G”Q,er)
Q

Ny (€) =sup N; (€ lIGllg,,, Q).
Q

Packing and covering numbers are closely related because they satisfy N(e) < D(e) < N(e/2). This
means that both have the same approximation properties. Therefore the choice of packing versus cov-
ering is a matter of convenience. We will focus on the covering numbers N(e) without loss of generality.
The role of the uniform packing/covering numbers is to eliminate dependence on the specific probabil-
ity distribution Q. Notice that their definition effectively normalizes € by the magnitude of the envelope
function. This normalization is needed, otherwise D, (¢) and N, (¢) could be infinite.

Packing and covering are illustrated in Figure 18.2. Panel (a) displays a circle. Marked are seven
points 6; which are each separated by €. We can see that it would be impossible to place another point
in the circle while maintaining the € separation. Thus D(e) = 7. Panel (b) displays a square. Marked are
nine balls each of radius €. The balls precisely cover the square, and this could not be done with fewer
balls. Thus N(e) =9.

x6)

of

(c) Bracketing
(a) Packing (b) Covering

Figure 18.2: Packing, Covering, and Bracketing Numbers

The bracketing approach makes a different type of approximation. We say that a function h(x) € R
is bracketed by the functions ¢(x) and u(x) if £(x) < h(x) < u(x) for all x € &. Given a pair of functions
¢ and u, the bracket [¢, u] is the set of all functions & which satisfy ¢(x) < h(x) < u(x) forall x e Z. Itis

Hronically, I am writing this at the time of the COVID-19 pandemic, during which individuals were instructed to maintain a
“social distance” between individuals of 1.5 meters.
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an e-L,(Q)-bracket if |u(X) — £(X)| g r < €. We say that a set of brackets [éj, uj] covers O if for all 0 € O,
g(x,0) is bracketed by [¢, u;| for some j.

Definition 18.4 The bracketing number N; (¢, L, (Q)) is the minimum number of e- L, (Q)-brackets needed
to cover O.

Bracketing is illustrated in Figure 18.2(c). Displayed is the region [0,1]?>. Consider the function
g(x,0) = x? with X ~ U[0,1]. Displayed is the function g(x,8) for seven values of 8. The values have
been selected so that the L, distance is equal between each neighboring pair. Thus the region between
the lowest and highest functions contains six brackets.

If g(x,0) isin a 2e-L, (Q)-bracket [¢, u] then it is in a ball of radius € about (¢ + u)/2. This implies that
the covering and bracketing numbers satisfy the relationship N, (¢, Q) = N;1(2¢, L, (Q)). Hence bounds on
bracketing numbers imply the same bounds for covering numbers, suggesting that the former are more
restrictive. However, our theorems (in the following sections) impose restrictions on the uniform cover-
ing numbers N, (e) which is more restrictive than the analogous restrictions on the bracketing numbers
Niy(€,L;). Hence, neither the uniform covering number N, (¢) nor the bracketing number Ny (e, L,) is
more or less restrictive than the other.

Whatis useful about the packing, covering, and bracketing numbers is that they reveal the complexity
of the function g (x,0). The rate at which D(e), N(e), and N[ (e) increase to infinity as € decreases to zero
describes the the difficulty in approximating the function g with a finite number of elements.

To illustrate, take the empirical distribution function, for which g(x,0) = 1 {x < 8}. Recall the quan-
tile function ¢(a) of a distribution Q(x) (Definition 11.2). Given ¢ set N =2¢™", 0; = q(j/N), £j(x) =
1{x<6;} and u;(x) = 1{x<6;_,}. The pair [¢;,u;| brackets 1 {x <6} for 0;_; <0 < 0;. It is useful to
observe that (j/N) < Q(6;) < (j +1)/N. The bracket satisfies ||u; (X) - £;(X) ||Q,r =(Q©)) - Q(Bj_l))l/r <
2/N)V'T =¢. Thus N (e, L, (Q)) < 2¢™". From the relationship between bracketing and covering numbers
we deduce that N, (¢,Q) <2!""¢™". Both are independent of Q so Nij(€e,Ly) <2¢7" and N, (e) < 21T,

18.5 Uniform Law of Large Numbers

We now generalize the uniform convergence (18.4) for the EDF to sample averages of general func-
tions.

Definition 18.5 The sample average g, (0) defined in (18.1) satisfies the uniform law of large numbers
(ULLN) over O if

sup | g,,0) —g©)| — o.

0e® p

In the empirical process literature, an alternative label for the ULLN is that g, (0) is Glivenko-Cantelli.
Theorem 18.2 ULLN. g, (0) satisfies the ULLN over O if
1. X;arei.i.d.

2. E[G(X)] < o0.
3. Either
(a) Foralle>0, Nj(e, L) < oo,

(b) Foralle >0, Nj(€) < oo,
or
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(c) With probability one, g(X,0) is continuous in 8, and © is compact.

Theorem 18.2 states that the sample mean g, (0) satisfies the ULLN under one of three conditions:
on the bracketing numbers, uniform covering numbers, or continuity of g(x,8). Proofs for (a) and (c) are
provided in Section 18.9. For case (b) see Theorem 9.13 of van der Vaart (1998).

After Theorem 18.1 we stated that its proof follows from Theorem 18.2. As we showed in the previous
section, for the EDF the envelope function is G(X) = 1 which is bounded, and the bracketing numbers
satisfy Njj(e,L;) < 2¢7! < co. This satisfies the conditions for Theorem 18.2. Thus F,(0) satisfies the
ULLN. This completes the proof of Theorem 18.1.

Part (c) shows that the ULLN holds for sample averages of continuous functions. This is quite mild as
it imposes no smoothness requirements beyond continuity. The stated ULLN even allows for discontin-
uous functions as long as the discontinuities have zero probability. For example, in the case of the EDF
the function g(x,0) = 1 {x < 6} is discontinuous at # = x, but g(X, ) is continuous with probability one if
X has a continuous distribution. Similarly, functions such as g(Y, X,0) = Y1 {X < 0} satisfy part (c) when
X has a continuous distribution.

Most applications of the ULLN are to continuous functions (or continuous with probability one) so
part (c) of Theorem 18.2 can be applied. For functions which do not not satisfy this condition we can
appeal to either part (a) or part (b). In many cases the bracketing numbers N (e, L) can be explicitly
calculated (as done for the EDF at the end of the previous section) in which case part (a) is convenient.
In other cases there are general technical conditions which bound the uniform covering numbers N (¢);
see van der Vaart and Wellner (1996) and van der Vaart (1998) for details.

The intuition for Theorem 18.2 is as follows. Take part (a). For any € > 0 the number of balls needed
to cover O is finite. Fix these balls. The WLLN can be applied at the center point of each ball and since
the number of balls are fixed the error can be made uniformly smaller than e. Together the function is
uniformly within 2¢ of its expectation. Now take part (b). For any € > 0 the number of brackets needed
to cover O is finite. Fix these brackets. The WLLN can be applied at each lower bracket £ ;(X) and at each
upper bracket u;(X), and the error can be made uniformly smaller than e. Finally, take (c). If g(x,6) is
continuous in 8 then for any € and 6 it has an e-L,-bracket. Since © is compact it can be covered by a
finite number of such brackets. Thus the conditions of part (b) are satisfied.

18.6 Functional Central Limit Theory

Recall the normalized average v,(0) defined in (18.2). It is a random function over 8 € 0, and is
called a stochastic process. We sometimes write the process as v, (f) to indicate its dependence on the
argument 8, and sometimes as v, when we want to indicate the entire function. Some authors use the
notation v, (+) for the latter.

We are interested in the asymptotic distribution of the process v,. It is scaled so that v, (8) satisfies
the CLT pointwise in 6. We want to extend this to the entire joint process.

Asymptotic distribution theory for stochastic processes is known by a variety of labels including
functional central limit theory, invariance principles, empirical process limit theory, weak conver-
gence, and Donsker’s theorem. Modern usage leans towards the label convergence in distribution to
emphasize the connections with the finite dimensional case.

As aleading example consider the normalized empirical distribution function (18.3).

vn(0) =Vn(F,0) - F@)). (18.5)

By the CLT, v,(0) is asymptotically N (0, F(0) (1 — F(0))) for any individual 8. However, for some purposes
we require the distribution of the entire function v,,. For example, to test the hypothesis that the distri-
bution F(0) is a specific distribution we can reject for large values of the Kolmogorov-Smirnov statistic
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KS;, = maxy |v,(6)]. This is the largest discrepancy between the EDF and a null distribution F(8). The
statistic KS,, is a function of the entire random function v, so for the distribution of KS,, we require the
distribution of the entire function v,,.

Let V denote the space of functions from © to R. The random function v,, is an element of V. To
measure the distance between two elements in V we use the uniform? metric

p (v1,v2) =suplvi(0) —v2(0)l. (18.6)
0e®

We define convergence in distribution for random functions.

Definition 18.6 The stochastic process v, (0) converges in distribution over 6 € © to a limit random
process v () as n — oo, written v, — if E[f (vn)] — E[f (v)] for every bounded, continuous f € V,

where continuity is defined with respect to the uniform metric (18.6).

Some authors instead use the label “weak convergence”. It is also common to see the notation v,, = v
(e.g. Billingsley, 1999) or v, ~» v (e.g. van der Vaart, 1998). For details see Chapters 1-2 of Billingsley
(1999) and Chapter 18 of van der Vaart (1998). Convergence in distribution for stochastic processes sat-
isfies standard properties including the continuous mapping theorem, where continuity is defined with
respect to the uniform metric (18.6).

For the normalized average (18.2), convergence in distribution is often called the Donsker property.

Just as for the ULLN, convergence of stochastic processes requires that we exclude functions which
are “too erratic”. The following technical condition is sufficient.

Definition 18.7 A random function S, (f) is asymptotically equicontinuous with respect to a metric
d(01,0,) on 0 € O if for alln > 0 and € > 0 there is some 6 > 0 such that for S;, (0) = S, (0) —E[S, (0)]

limsup P| sup || Sy 01 -8, (02)” >n| <e.
n—oo d(01,62)56

If no specific metric is mentioned, the default is Euclidean: d (01,602) =161 — 02 ]l.

For background, a function g(0) is uniformly continuous if a small distance between 8; and 6, im-
plies that the distance between g(8;) and g(60») is small. A family of functions is equicontinuous if this
holds uniformly across all functions in the family. Asymptotic equicontinuity states this probabilistically.
gn(0) is asymptotically equicontinuous if a small distance between 8, and 0, implies that the distance
between g, (61) and g, (0) is small with high probability in large samples. This holds if g, (0) is equicon-
tinuous but is broader. The function g,(8) can be discontinuous but the magnitude and probability of
such discontinuities must be small. Asymptotically (as n — co) an asymptotically equicontinuous func-
tion approaches continuity. Asymptotic equicontinuity is also called stochastic equicontinuity.

A deep result from probability theory gives conditions for convergence in distribution.

Theorem 18.3 Functional Central Limit Theorem. v, —> v over 0 € © as n — oo if and only if the

following conditions hold:
1. v, (01),...,vn (@) 7 (v(01),...,vn (@) as n — oo for every finite set of points 01, ...,0,, in ©.

2. v, (0) is asymptotically equicontinuous over 6 € ©.

2This is an appropriate choice when v, is asymptotically continuous. For processes with jumps an alternative metric is
required.
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The proof is technically advanced. See Theorems 7.1-7.2 of Billingsley (1999) or Theorem 18.14 of
van der Vaart (1998).

Condition 1 is sometimes called “finite dimensional distributional convergence”. This is typically
verified by a multivariate CLT.

The assumption that v, () is asymptotically equicontinuous is high-level and difficult to directly ver-
ify in specific applications. The most common conditions are based on covering and bracketing num-
bers. We define the bracketing integral as

0
][](5,L2)=f0 \/10g Nj(x, Ly)dx.

This integral is finite and decreases to zero as 0 — 0 if the bracketing numbers Nj;(e, L) do not increase
to infinity as € — 0 too quickly. A sufficient condition for Jjj (5, L2) < oo is that Nj;(e, Lp) < O(e™P) for
some 0 < p < co. Such rates are called Euclidean by Pollard (1990) and polynomial by van der Vaart
(1998).

Similarly, the uniform covering integral is

5 5
) :f log N» (x)d :f 1 N. Gllo2,Q)dx.
J2(0) A \/1og N2 (x)dx | \/ogsgp 2(x[Gllg2,Qdx

It is finite if the uniform covering numbers do not increase to infinity too quickly. A sufficient condition
for this is a polynomial rate N (€) < O (€™°).

Theorem 18.4 v, (f) is asymptotically equicontinuous over 8 € © if J{; (5, Lz) < oo, or if J» (0) < co and
E[G(X)?] < oco.

See, for example, Theorems 19.5 and 19.14 of van der Vaart (1998).

The fact that a finite bracketing integral or uniform covering integral implies asymptotic equicon-
tinuity and thus the FCLT is non-intuitive. A formal proof is highly advanced, technical, and also not
particularly intuitive. Instead, we provide here a few comments to attempt a non-rigorous explanation.

Consider the event described in Definition 18.7 for the process v, (6). It involves the largest discrep-
ancy between v, (01) and v, (62) for all parameters in the uncountable set A = {d (01,0) < 6}. This can be
managed by what is known as a chaining argument. Imagine constructing a sequence of finite covers of
the set A, where the j th cover consists of balls of radius & ji= 5127, By definition, there are at least N (6 )
balls in the j* cover. Take any points 6,0, € A. From the sequence of covers we can find a sequence
of balls with center points 6 which successively link 6; to 8,, and the gaps satisfy d (0;-1,0;) < ;. This
is called a chain. The supremum over A can be written as the supremum over all such chains. This
involves an infinite sum (over the covers j = 1,...,00) and over the number N>(6 ;) of balls in the cover.
Using Markov’s and Boole’s inequalities, the probability in Definition 18.7 can be bounded by an expres-
sion of the form Y32 E [max@j [vn(0j-1) —vn(6)) ||] where the maximum is over the N (6 ;) balls in the

jt™ cover. The expectation of the maximum of N random variables with a finite p’# moment satisfies

O(N Up ) (similar to Theorem 9.7), a bound which becomes approximately logarithmic as p — oo. In fact,
it can be shown that if the random variables are normal, then the expectation of this maximum satisfies
O(y/logN). While the normalized averages v, (6) are not finite-sample normal, they are approximately
normal in large samples, so asymptotically are bounded O (y/log N). This results in a bound of the form

2520 \/10g N2(6 1) j which can be bounded by the integral J, (6). When the latter is finite it can be made
arbitrarily small by selecting 6 sufficiently small. This implies that Definition 18.7 is satisfied so the pro-

cess is asymptotically equicontinuous. This is a very brief explanation (a complete proof requires con-
siderable probabilistic machinery) and only provides a taste of the argument. What it is meant to reveal
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is the source of the square-root-log of the covering/bracketing numbers (due to a maximal inequality),
and the integral (due to the infinite sum from the approximating chain).

18.7 Conditions for Asymptotic Equicontinuity

In the previous section, Theorem 18.3 stated that the FCLT holds for asymptotically equicontinuous
functions, and Theorem 18.4 stated that this holds when either the bracketing integral or the uniform
covering integral is finite. These conditions are abstract and non-intuitive. In this section we provide
simple and interpretable conditions under which these conditions hold.

The following result allows broad class of functions which includes most parametric applications.

Theorem 18.5 Suppose that forall§ >0 and all 8, € O,

&

for some C <ooand 0 < ¥ <oo. Then J[(J, Lz) < oo and v, (0) is asymptotically equicontinuous.

1/2
sup ||g(X,9)—g(X,91)||2]) <Csv (18.7)
10-6,11<6

See Theorem 5 of Andrews (1994).
An important special case of functions satisfying (18.7) are Lipschitz-continuous functions.

Definition 18.8 The function g(x,0) is Lipschitz-continuous over 6 € © if for some B(x) such thatE [ B(X)?] <
0,

g (x,01) — g (x,62)| < B(x) 161 -6l
forall xe & and all 0,0, € O.

By direct substitution, if g(x, 6) is Lipschitz-continuous it satisfies condition (18.7) with C = || B(X)ll»
and v = 1. This shows that Lipschitz-continuity implies asymptotic equicontinuity as claimed. Condi-
tion (18.7) is broader, allowing for discontinuous (e.g. indicator) functions.

The following result allows the combination of different function classes.

Theorem 18.6 Suppose that E [G(X)?] < 0o, and either
1. g(x,0) is Lipschitz-continuous,

2. g(x,0) = h(0'y(x)) where h(u) has finite total variation,

or

3. g(x,0) is a combination of functions of the form in parts 1 and 2 obtained by addition, multiplica-
tion, minimum, maximum, and composition.

Then J, (0) < oo and v, (8) is asymptotically equicontinuous.

See Theorems 2 and 3 of Andrews (1994). For a broader list of allowed combinations see Theorem
2.6.18 of van der Vaart (1998). The class of functions in part 2 may appear narrow, but it includes many
relevant econometric applications. Allowable functions h(u) include the indicator and sign functions,
which are the most common sources of discontinuities.

A broad class of functions which satisfy finite uniform covering are called Vapnik-éervonenkis (VQ).
The theory of VC classes is combinatorial. For details see Chapter 3 of Pollard (1998), Chapter 2.6 of van
der Vaart and Wellner (1996), or Chapter 19 of van der Vaart. Essentially, VC classes are sufficiently broad
to include most applications of interest.
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Theorem 18.7 If g(x,0) is a VC class, then J» (0) < co. If, in addition, E [G(X)Z] < oo then v, (0) is asymp-
totically equicontinuous over 0 € ©.

See Lemma 19.15 of van der Vaart (1998).

In this section we have provided Theorems 18.5, 18.6, and 18.7 which provide a variety of conditions
which can be used to verify asymptotic equicontinuity in a specific application. Theorem 18.5 is useful
for continuous or approximately continuous functions, Theorem 18.6 for functions which can be written
as a combination of Lipschitz-continuous, finite-variation, and linear functions, and Theorem 18.7 for
functions which are known to be members of a VC class.

18.8 Donsker’s Theorem

We illustrate the application of the functional central limit theorem (Theorem 18.3) to the normalized
empirical distribution function (18.5).
First, we verify Condition 1 of Theorem 18.3. For any 0

U;
1

1 n
n@)=—
=5 2

1
(M{X; <0} -E[1{X;<0}]) = —
1 Vn

where U; isi.i.d., mean zero, and has variance F(0) (1 — F(0)). By the CLT

n

vn(0) - N, F() (1-F©).

For any pair of points (01,62).

vn(01) )_L & ( (1 {X; =61} - F(01)) )_L L
(Vn(ez) _\/ﬁz (1{X; =02} = F(62)) _\/ﬁi:ZiUl

i=1

where U; isi.i.d., mean zero, and has covariance matrix

E[U;U]] :( F61) 1 -F(61) F(01102) - F(61)F(62) )

F(01n02) — F(01)F(62) F(62) (1-F(62)
Thus by the multivariate CLT

( vn(61) )_} ( ( F01)1-F6y1) F(01102)—F(01)F(02) ))
vn(02) | 4 "\ F(61A02) — F(61)F(02) F(62) (1 -F(62)) ’

This extends to any set of points (61,05, ...,0,,). Hence Condition 1 is satisfied.

Second, we verify Condition 2 of Theorem 18.3 (asymptotic equicontinuity). From the discussion at
the end of Section 18.4 we know that for any distribution function F(0) the bracketing numbers satisfy
the polynomial rate Ny (e, L) < 2¢2. Thus the bracketing integral is finite. By Theorem 18.4, v,,(0) is
asymptotically equicontinuous. This establishes Donsker’s theorem.

Theorem 18.8 Donsker. If X; arei.i.d. with distribution function F(08) then v, 7 v where v is a stochas-

tic process whose marginal distributions are v(0) ~ N (0, F(@) (1 — F(0))) with covariance function

Ev(01)v(02)] = F(0, AO2) — F(6,)F(02).
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(c) Normalized Empirical Distribution
Function, n = 10,000

Figure 18.3: Empirical Distribution Function and Process - Uniform Random Variables

This was the first functional limit theorem to be established, and is due to Monroe Donsker. The
result as stated is quite general, as it holds for all distributions F(8) including continuous and discrete.

Animportant special case occurs when F () is the uniform distribution U[0, 1]. Then the limit stochas-
tic process has the distribution B(6) ~ N (0,6 (1 — 0)) with covariance function

E[B(61)B(02)] =01 A 02 —010-.

This stochastic process is known as a Brownian bridge. A corollary is the asymptotic distribution of the

Kolmogorov-Smirnov statistic.

Theorem 18.9 When X ~ U[0,1] thenv,, 7 B, astandard Brownian bridge on [0, 1], and the null asymp-

totic distribution of the Kolmogorov-Smirnov statistic is

KS, — sup |B(O)|.
d 0<9=<1

By a change-of-variables argument the assumption that X ~ U[0, 1] can be replaced by the assump-
tion that F(0) is continuous. While the limit distribution of v, is no longer a Brownian bridge, the asymp-
totic distribution of the KS statistic is unaltered.

We illustrate in Figures 18.3 (uniform random variables) and 18.4 (normal random variables). In
each Figure panel (a) displays the empirical distribution function calculated on a random sample of
n =100 observations. Panel (b) displays the normalized empirical distribution function (18.5). Panel (c)
displays the normalized empirical distribution function when the sample size is increased to n = 10,000.
In Figure 18.3 (uniform random variables) the empirical distribution function is close to a straight line,
as the true distribution function is linear. The normalized empirical distribution has domain [0, 1] and
as n increases converges in distribution to a Brownian bridge. In Figure 18.4 (normal random variables)
the empirical distribution function is has the curved shape of the normal distribution. The normalized
empirical distribution has domain R and we display for the region [—4, 4]. The process has more variation
in the center of the domain than at the edges, since this is where most observations are. This process
converges as n increases to a Gaussian process whose covariance function is determined by the normal

cumulative distribution function.
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Figure 18.4: Empirical Distribution Function and Process - Normal Random Variables

18.9 Technical Proofs*

Proof of Theorem 18.2 under Bracketing. Fixe > 0 and i > 0. Let [Zj, uj], j=1,..,N=Nj (€ L) beaset
of e-Ly-brackets which cover ©. By construction, |u; (X)| < G(X) and |¢; (X)| = G(X) so they have finite
expectation. By assumption, N < oo, and

ElujX)]-E[¢;(X)] =]lu;j X)-€; X)), <e. (18.8)

The WLLN implies that their sample averages converge in probability to their expectations, which means
that for n sufficiently large

12 n
P ;lzzl(u](x, —Efu; (X)])|>€ =oN (18.9)
and
p li(€~(X~)—[E[€~(X)])> <L
(&5 J ‘| =2n
Boole’s Inequality (Theorem 1.2.6) and (18.9) imply
1.2 N 1.2
max EZ(uj(Xi)—[E[uj(X)]) >el=P | EZ(u](X,)— [uj (X)])|>e€
Isjsn|n 5 j=1 i=1
<> P|=) (uX)-E[ujX])|>e| == (18.10)
== 2
and similarly
12 n
[max E;(zj(x,-)—[E[éj(X)]) >el <. (18.11)

Take any 6 € © and its bracket [¢;,u;]. Since ¢; < g < u;,

> (uj (X)) —E[u;j (X)])+e

i=1

S|~

n 1 n
2 (X0 ~E[g(X,0)]) = — 3 (u; (X ~E[¢; (0]) <

i=1

S|~
)

i=
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where the second inequality is (18.8). Similarly

n 1 n
> (65060 ~E[u; 00]) = 3 (€550 ~E[£;(0]) -

1
ni=y i=1

S|

Z(g(xl,e) E[g(X,0)]) =

Together this implies that

1 n
;Z(ff (X)—E[£;X])|+

i=1

sup g, -g®]| =< max + max

1 n
Z; uj (X)) ~E[u; (X)])

Combined with (18.10)-(18.11) we deduce that

1
sup||gn(9) go)|>3¢| =P max £Z(uj(xi)—[E[uj(X)]) >€
i=1
1 n
ax |[— Y (¢;(X)-E[¢;X])|>€|=n.
1<]<n n;3

Since € and 7 are arbitrary this completes the proof. |

Proof of Theorem 18.2 under Continuity. Fix ¢ > 0 and n > 0. For a given 0, let B;(5) be a ball of ra-

dius 6/2 about ;. Set u;(x,6) = sup g(x,0) and ¢;(x,6) = inf g(x,0). By construction, [/}, u;] is
0€B;(5) €B;(9)

bracket including all g(x,0) for 6 € B;(6). Since g(X,0) is continuous in 6 with probability one, u;(X,5) —
¢(X,6) — 0 as € — 0 with probability one. Since

E|u;(X,6)-¢;(X,6)| < 2E[G(X)] <oo,

by dominated convergence (Theorem A.26), E | uj(X,6)-¢;(X, 6)| — 0 as § — 0. Thus for 6 sufficiently
small, E | uj(X, o) — li(X, 5)| <€, s0 [{j,uj] is an e-Ly-bracket. The collection of all such e-L,-brackets
[£,uj] covers ©. Since © is compact there exists a finite cover. Thus N[ (¢, L1) < co. The conditions of
Theorem 18.2 under bracketing are satisfied which states that g, (0) satisfies the ULLN over ©. [ |

18.10 Exercises

Exercise 18.1 Let g(x,0) = 1{x <0} for 8 € [0,1] and assume X ~ F = U[0,1]. Let N (e, F) be L; packing
numbers.

(a) Show that N (e, F) equal the packing numbers constructed with respect to the Euclidean metric
d(61,62) =102 —0,].

(b) Verify that N (¢, F) < [1/€].

Exercise 18.2 Find conditions under which sample averages of the following functions are stochastically
equicontinuous.

(@) g(X,0)=X6forOel0,1].
(b) g(X,0) = X0 for0 € [0,1].

(c) g(X,0)=X/0forO€la,1] and a>0. Can a = 0?
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Exercise 18.3 Define v,,(0) = \/Lﬁ Y, Xi1{X; <6} for0 € [0,1] where E[X] =0and E[X?] =1.

(a) Show that v,(0) is stochastically equicontinuous.
(b) Find the stochastic process v(6) which has asymptotic finite dimensional distributions of v, ().

(c) Show thatv, 7 V.



Appendix A

Mathematics Reference

A.1 Limits

Definition A.1 A sequence a, has the limit a, written a,, — a as n — oo, or alternatively as lim a, = q,
n—oo
if for all 6 > 0 there is some 15 < co such that for all n = ng, |a, — al < 6.

Definition A.2 When a, has a finite limit a we say that a,, converges or is convergent.
Definition A.3 liminfa, = lim inf a,,.
n—oo n—oomz=n

Definition A.4 limsup a, = lim sup a;,.
n—oo n—00 m=>n

Theorem A.1 If a, has alimit a then liminfa, = lim a, =limsup a,.
n—00 n—o0 N—00

Theorem A.2 Cauchy Criterion. The sequence a,, converges if for all e > 0

i%fsgrg|aj - am| <e.

A.2 Series
Definition A.5 Summation Notation. The sum of ay,..., a, is
1t n n
Sn:a1+---+an:2a,~:Zizlaizzl ai:Zai.
i=1
The sequence of sums S, is called a series.
Definition A.6 The series S, is convergent if it has a finite limit as n — oo, thus S, — S < c0.
n

Definition A.7 The series S, is absolutely convergent if ) |a;| is convergent.

i=1

Theorem A.3 Tests for Convergence. The series S;, is absolutely convergent if any of the following hold:

n
1. Comparison Test. If 0 < a; < b; and }_ b; converges.
i=1

365
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an+1

2. Ratio Test. If g; =0 and lim,,_. <1.

ap
[e.0]
3. Integral Test. If a; = f (i) > 0 where f(x) is monotonically decreasing and f fx)dx < oo.
1

n
Theorem A.4 Theorem of Cesaro Means. If a; — aasi —ocothen n™! Y a; — aas n — co.

i=1

n
Theorem A.5 Toeplitz Lemma. Suppose wj; satisfies w,; — 0 as n — oo for all i, Y} wy; = 1, and
i=1
n n
lwyil <oo.If a, — athen Y wy;ja; — aas n— oco.
i=1 i=1

n n
Theorem A.6 Kronecker Lemma. If ¥ i la; —a<ooasn—oothenn™' Y a; — 0as n— oo.
i=1 i=1

A.3 Factorial
Factorials are widely used in probability formulae.

Definition A.8 For a positive integer 7, the factorial n! is the product of all integers between 1 and n:
n
nl=nx(n-1)x--x1=[]i
i=1

Furthermore, 0! = 1.

A simple recurrance property is n! = n x (n—1)!

Definition A.9 For a positive integer n, the double factorial n!! is the product of every second positive

integer up to n:
[n/2]1-1
nl=nxn-2)x(n-4)x---= [] (n-20)
i=0

Furthermore, 0! = 1.

For even n
nl2
nll = []2i.
i=1
For odd n
(n+1)/2
n'= [] @i-D.

i=1
The double factorial satisfies the recurrance property n!!' = n x (n—2)!!

The double factorial can be written in terms of the factorial as follows. For even and odd integers we
have:

ecm=2"m!
2m)!

==
2m-1! M)
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A.4 Exponential

An exponential is a function of the form a*. We typically use the name exponential function to refer
to the function e* = exp(x) where e is the exponential constant e = 2.718....

00 xi
Definition A.10 The exponential function is e* = exp(x) = ) =
i=0

Theorem A.7 Properties of the exponential function

1. e=e’=ex (0)—§l
L e=e’=exp(0) =) o
il

2. exp(x) = ’}1_{1(30(1 + %)n

3. (e =g
4. ed+b — paph

5. exp(x) is strictly increasing on R, everywhere positive, and convex.

A.5 Logarithm

In probability, statistics, and econometrics the term “logarithm” always refers to the natural loga-
rithm, which is the inverse of the exponential function. We use the notation “log” rather than the less
description notation “In”.

Definition A.11 The logarithm is the function on (0,c0) which satisfies exp(log(x)) = x, or equivalently
log(exp(x)) = x.

Theorem A.8 Properties of the logarithm
1. log(ab) =log(a) +log(b)
2. log(ab) = blog(a)
3. log(1)=0
4. log(e) =1

5. log(x) is strictly increasing on R and concave.

A.6 Differentiation

Definition A.12 A function f(x) is continuous at x = c if for all € > 0 there is some 6 > 0 such that
lx—cll <6 implies ||f(x) - f(o) H <e.

d
Definition A.13 The derivative of f(x), denoted f’(x) or I fx),is
X

fx+h)-f(x
—

A function f(x) is differentiable if the derivative exists and is unique.

d
il =1
dxf(x) hl—r»r(l)
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Definition A.14 The partial derivative of f(x, y) with respect to x is

fx+hy)-flx,y
p )

0

—f(x,y) = li

/0 = fim
Theorem A.9 Chain Rule of Differentiation. For real-valued functions f(x) and g(x)

L flgt0) =1 (gt0) g .

Theorem A.10 Derivative Rule of Differentiation. For real-valued functions u(x) and v(x)

i u(x)  vx)u'(x) - ux)v'(x)
dx v(x) v(x)?

Theorem A.11 Linearity of Differentiation

p (ag(x)+bf(x) = ag'(x)+ bf'(x).
Theorem A.12 I'Hopital’s Rule. For real-valued functions f(x) and g(x) such that }61_12 fx)=0, }61_12 gx)=

0, and lim M exists, then
xX—c ( x)

lim f = lim f (x).
x—c g(x) x—c g’(x)

Theorem A.13 Common derivatives

1 d 0

. —cC=

dx

2. —x%=ax%!
dx
d

3. —ef=¢e*
dx

4 dlo (x)—1
S dx BT

d
5. aax = a*log(x)

A.7 Mean Value Theorem

Theorem A.14 Mean Value Theorem. If f(x) is continuous on [a, b] and differentiable on (a, b) then
there exists a point c € (a, b) such that
fb) - f(a)
b-a
The mean value theorem is frequently used to write f(b) as the sum of f(a) and the product of the
slope times the difference:

flo=

f)=f@+f'(c)(b-a).
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Theorem A.15 Taylor’s Theorem. Let s be a positive integer. If f(x) is s times differentiable at a, then
there exists a function r(x) such that

f”(d) i a)Z f(s)( )

fx)=f(a)+ f'(a) (x—a)+ + .- 3 L T x—-a)f+rk

where
r(x)

im S
x—a(x—a)

The term r(x) is called the remainder. The final equation of the theorem shows that the remainder
is of smaller order than (x — a)’.

Theorem A.16 Taylor’s Theorem, Mean-Value Form. Let s be a positive integer. If £~V (x) is continu-
ous on [a, b] and differentiable on (a, b), then there exists a point c € (a, b) such that

fb) = f@)+ f'(a) (x—a) + [ta ( )

(b—a)*+--

(s)
4L S(C) (b-a°.

Taylor’s theorem is local in nature as it is an approximation at a specific point x. It shows that locally
f(x) can be approximated by an s-order polynomial.

Definition A.15 The Taylor series expansion of f(x) at a is

Z (k)(a) ~ )k.

Definition A.16 The Maclaurin series expansion of f(x) is the Taylor series at a = 0, thus

oo £(k) 0
f '( ) b
k:‘) k'

A necessary condition for a Taylor series expansion to exist is that f(x) is infinitely differentiable at
a, but this is not a sufficient condition. A function f(x) which equals a convergent power series over an
interval is called analytic in this interval.

A.8 Integration

Definition A.17 The Riemann integral of f(x) over the interval [a, b] is

f fx)dx = IEI;ONZf(a+—(b a))

The sum on the right is the sum of the areas of the rectangles of width (b — a)/ N approximating f(x).

Definition A.18 The Riemann-Stieltijes integral of g(x) with respect to f(x) over [a, b] is
b N-1 ; ; ;
d =1 +=—(b- +—(b-a)|- +=—(b- .
J wcoase= ym, 3 gfas G0-a){sfar S 0-0)-slaGo-a

The sum on the right is a weighted sum of the area of the rectangles weighted by the change in the
function f.
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Definition A.19 The function f(x) is integrable on & if f% | f (x)| dx < oo.

Theorem A.17 Linearity of Integration

b b b
[ (cg)+df(x)dx= cf gx)dx+ df fx)dx.
a a a
Theorem A.18 Common Integrals

1
1. fx“dx:—x““+C
a+1
2. fexdx:ex+C
1
3. f—dx=log|x|+C
X

4. flogxz xlogx—x+C

Theorem A.19 First Fundamental Theorem of Calculus. Let f(x) be a continuous real-valued function
on [a, b] and define F(x) = [ f(¢)dt. Then F(x) has derivative F'(x) = f(x) for all x € (a, b).

Theorem A.20 Second Fundamental Theorem of Calculus. Let f(x) be a real-valued function on [a, b]
and F(x) an antiderivative satisfying F'(x) = f(x). Then

b
f fx)dx=F(b)—-F(a).

Theorem A.21 Integration by Parts. For real-valued functions u(x) and v(x)

b b
f ux)v' (x)dx = u(b)v(b)—u(a)v(a)—f U () v(x)dx.

a
fudvzuv—fvdu.

Theorem A.22 Leibniz Rule. For real-valued functions a(x), b(x), and f(x, t)

It is often written compactly as

d rbw d d b
L FE0dE=F b b0 = f xat) 4 at) + [ 2 pnndt

(x

When a and b are constants it simplifies to

d (b b 9
a‘/; f(x,t)dt—fu af(x,t)dt.

Theorem A.23 Fubini’s Theorem. If f(x, y) is integrable then

[ff(x,y)dxdy:fff(x,y)dydx.
wJx xJu
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Theorem A.24 Fatou’s Lemma. If f;, is a sequence of non-negative functions then
flim inf f,(x)dx <liminf ffn(x)dx.
n—oo n—oo

Theorem A.25 Monotone Convergence Theorem. If f},(x) is an increasing sequence of functions which
converges pointwise to f(x) then [ f,(x)dx — [ f(x)dx as n — co.

Theorem A.26 Dominated Convergence Theorem. If f,,(x) is a sequence of functions which converges

pointwise to f(x) and | fn(x)| < g(x) where g(x) is integrable, then f(x) is integrable and [ f,,(x)dx —
J f(dx as n— oco.

A.9 Gaussian Integral

o0
Definition A.20 The Gaussian integral is f exp (—x?) dx.
—00
o0
Theorem A.27 f exp (-x%)dx = /7.
—0o0

Proof:

(foooexp(—xz) dx)2 =f exp (- dxfoooexp

ffexp (x*+y?)) dxdy

f f rexp (- der

T 2
_2_[0 rexp(-r°)dr

/4
4

The third equality is the key. It makes the change-of-variables to polar coordinates x = rcosf and y =
rsinf so that x? + y? = r2. The Jacobian of this transformation is r. The region of integration in the (x, y)
units is the positive orthont (upper-right region), which corresponds to integrating 6 from 0 to n/2 in
polar coordinates. The final two equalities are simple integration. Taking the square root we obtain

fooexp(—xz) dx = ﬁ
0 2

Since the integrals over the positive and negative real line are identical we obtain the stated result.

A.10 Gamma Function

Definition A.21 The gamma function for x > 0 is

I'(x) :f e tdt.
0

The gamma function is not available in closed form. For computation numerical algorithms are used.
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Theorem A.28 Properties of the gamma function

1. For positive integer n, I'(n) = (n—1)!

2. Forx>1,T'(x)=(x—-DI'(x—-1).

3. [ r*lexp(-pt)dt = T (x).
0
4. T'(1)=1.

5. T(1/2) = /7.
T(n+x)

im
n—oo I'(n) n*

7. Legendre’s Duplication Formula: T'(x)I (x + %) =2172% /7T (2x).
X
8. Stirling’s Approximation: I'(x+ 1) = v27x (f) (1+0(1)) as x — 0.
e

Parts 1 and 2 can be shown by integration by parts. Part 3 can be shown by change-of-variables.
Part 4 is an exponential integral. Part 5 can be shown by applying change of variables and the Gaussian
integral. Proofs of the remaining properties are advanced and not provided.

A.11 Matrix Algebra

This is an abbreviated summary. For a more extensive review see Appendix A of Econometrics.
A scalar a is a single number. A vector a or a is a k x 1 list of numbers, typically arranged in a column.

We write this as
a
ap

ag

A matrix A is a k x r rectangular array of numbers, written as

any di2 - Air

ay daz - Aoy
A=

agy Qg2 - Agr

By convention a;; refers to the element in the i'" row and j'* column of A. If r = 1 then A is a column
vector. If k = 1 then A is arow vector. If r = k=1, then A is a scalar. Sometimes a matrix A is denoted by
the symbol (a; ;).
The transpose of a matrix A, denoted A’, AT, or A!,is obtained by flipping the matrix on its diagonal.
In most of the econometrics literature and this textbook we use A’. In the mathematics literature A" is
the convention. Thus
an dzx1 - 4pa

" ap dz - Qg2

ayr Qzr - Ay
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Alternatively, letting B = A’, then b; j = aji. Note that if A is k x r, then Alisrx k.Ifaisa k x 1 vector,
then a’ is a 1 x k row vector.

A matrix is square if k = r. A square matrix is symmetric if A = A’, which requires a;; = a;;. A square
matrix is diagonal if the off-diagonal elements are all zero, so that a;; =0if i # j.

An important diagonal matrix is the identity matrix, which has ones on the diagonal. The k x k
identity matrix is denoted as

01 0
Ip=

The matrix sum of two matrices of the same dimensions is
A+B=(a;j+bjj).
The product of a matrix A and scalar c is real is defined as
Ac=cA=(ajjc).
If @ and b are both k x 1, then their inner product is
k
a'b=a\by+ayby+---+agbr=)_ ajb;.
j=1

Note that a’'b = b’ a. We say that two vectors a and b are orthogonal if a’'b = 0.

If Ais k x r 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\b, a\b, --- ab;s

! ! !

a,b, alb, --- alb

2 2 205
AB = ] ]

ab, ab, --- ab

K71 k72 kYs

The trace of a k x k square matrix A is the sum of its diagonal elements

k
tr(A) = Z ai;.
i=1
A useful property is
tr(AB) =tr(BA).

A square k x k matrix A is said to be nonsingular if 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 k x k matrix A~! called the inverse
of A which satisfies
AA ' =ATTA=1T,.

For non-singular A and C, some useful properties include

(A =(a)™"
AC)'=c'al.
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A k x k real symmetric square matrix A is positive semi-definite if for all ¢ # 0, ¢’ Ac = 0. This is written
as A= 0. A kx k real symmetric square matrix A is positive definite if for all ¢ # 0, ¢’ Ac > 0. This is written
as A> 0. If A and B are each k x k, we write A= B if A— B = 0. This means that the difference between A
and B is positive semi-definite. Similarly we write A> B if A— B > 0.

Many students misinterpret “A > 0” to mean that A > 0 has non-zero elements. This is incorrect. The
inequality applied to a matrix means that it is positive definite.

Some properties include the following:

1. If A= G'BG with B=0then A=0.
2. If A> 0 then A is non-singular, A~! exists, and A~! > 0.

3. If A> 0 then A= CC’ where C is non-singular.

The determinant, written det A or | A, of a square matrix A is a scalar measure of the transformation
Ax. The precise definition is technical. See Appendix A of Econometrics for details. Useful properties are:

1. det A =0if and only if A is singular.

2. detA ! =

detA’
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