Contents

1 Probability Theory

1.1

Axioms

First Year Econometrics

Charles Christopher Hyland

July 13, 2026

1.2 Distribution Functions and Densities . . . . . . . . . .

2 Transformations and Expectations

2.1
2.2
2.3
2.4

Transformations of Distributions . . . . . . . . . . .

Expectations of Distributions . . . . . . . . . .

Multivariate Normal Distributions . . . . . . . . . . o

Normal Sampling Distributions . . . . . . . . . . . . .

24.1

Chi-Squared Distribution . . . . . . . .

2.4.2 T and F Distributions . . . . . . . . e

3 Linear Regression Model and Linear Projection Model

3.1

3.2 Linear Regression Model

3.3 Linear Projection Model

Conditional Expectation Function . . . . . . . . . .

4 Regression and Matrix Algebra

4.1
4.2
4.3
4.4

5 Asymptotic Theory

51

5.2 Stochastic Order

Ordinary Least Squares

Partition Regression

Frisch-Waugh-Lovell Theorem . . . . . . . . . . . . .

Residual Variance Decomposition . . . . . . . . . . . .

Convergence in Distribution and Probability . . . . . . . . . ...
5.1.1 Weak Law of Large Numbers . . . . . . . . . . . . ...
5.1.2 Continuous Mapping Theorem . . . . . . . . . . . . .o
5.1.3 Central Limit Theorem . . . . . . . . . . .
5.1.4 Delta Method . . . . . . . . e

11
11
12
14
15
15
18

20
20
23
23

26
28
33
34
35



6 Maximum Likelihood Estimation 51

6.1 Introduction and Set Up . . . . . . . . L 51
6.2 Score Function and Fisher Information Matrix . . . . . . . . . . . ... ... 52
6.3 MLE for Regression . . . . . . . L 57
6.3.1 Homoskedastic Gaussian Regression . . . . . . . . ... 57

6.4 Asymptotic Theory . . . . . . . . e 59
6.5 Hypothesis Testing . . . . . . . . e 60
6.5.1 Likelihood Ratio Test . . . . . . . . . . . e 60
6.5.2 Wald Test . . . . . . . e 61
6.5.3 Lagrange Multiplier Test . . . . . . . . . e 61

7 The General Regression Model 62
7.1 Sample and Population Models . . . . . . .. 62
7.2 General Regression Model . . . . . . . .o 64
7.3 Classical Linear Regression Models . . . . . . . . . . . . 66
7.4 Finite Properties in Regression Models . . . . . . . . . .. 68
7.5 Interpretation of Coefficients in Regression Models . . . . . . . . . .. .. ... .. 70
7.6 Inference in Regression Models . . . . . . . . .. 71
7.6.1 Classical Linear Regression Model with Normally Distributed Error Terms . . . . . . . . . .. 71
7.6.2 Hypothesis Testing . . . . . . . . . 78
7.6.3 Using Linear Transformations to Simplify Hypothesis Tests . . . . . . . . . . ... ... ... 83
7.6.4 Goodness of Fit . . . . . . . . 84
7.6.5 Using R? to test exclusion restrictions . . . . . . . . .. ... .. 86

7.7 Asymptotic Properties in Regression Models . . . . . . . . ... 88
7.7.1 Consistency of OLS Estimator . . . . . . . . . . . . . . ..o 88
7.7.2 Linear Projection Model Revisited . . . . . . . . . . .. 90
7.7.3 Asymptotic Normality . . . . . . . e 91
7.7.4 Asymptotic Inference . . ... 95

8 Heteroskedasticity and Generalised Least Squares 100
8.1 Conditional Heteroskedasticity . . . . . . . . . . . . . e 100
8.2 Generalised Least Squares . . . . . . . L 102
8.2.1 Feasible Generalized Least Squares . . . . . . . . ... 105
8.2.2 Weighted Least Squares . . . . . . . . .. 106

8.3 Clustering . . . . . . 108
9 Endogeneity 111
9.1 Endogenous Explanatory Variable . . . . . . . . .. 111
9.2 Measurement Error . . . . . L 111
9.2.1 Multiple regression with errors in variables . . . . . . . ... ... 115

9.3 Omitted Variable . . . . . . o 116
9.3.1 Single Linear Regression with Omitted Variables . . . . . . . ... ... .. ... ... ... 116
9.3.2 Multiple Regression with Omitted Variables . . . . . . . . ... .. ... ... ... ..... 117



10 Instrumental Variables 119

10.1 Two Stage Least Squares . . . . . . . . . . . 119
10.1.1 Just-ldentified System . . . . . . . 125
10.1.2 LInstruments . . . . . . . . 126

10.2 Control Function . . . . . . . . 128

10.3 Indirect Least Squares. . . . . . . . . .. 129

10.4 Consistency of 2SLS Estimator . . . . . . . . . . . 130

10.5 AsymptotiCs . . . . . . . e 132

10.6 IV with Multiple Regressors . . . . . . . . . . . e 133

10.7 Testing . . . . o e 134
10.7.1 Testing for Informativeness of Instrumental Variables . . . . . . . .. ... .. .. ... ... 135
10.7.2 Test for Validity of Instrumental Variables . . . . . . . . . . . . ... . ... ... ... .. 135
10.7.3 Test for Endogeneity . . . . . . . 136

10.8 Finite Sample Problems . . . . . . . . .. 136
10.8.1 Overfitting . . . . . . 137
10.8.2 Weak Instrumental Variables . . . . . . . . .. 137
10.8.3 Anderson-Rubin Test . . . . . . . . 137

11 Generalised Method of Moments 139

11.1 Motivating Examples . . . . . . . . 139
11.1.1 GMM Applied to Linear Regression . . . . . . . . . . . . ... 139
11.1.2 GMM Applied to Linear Regression with Instrumental Variables . . . . . . . . ... ... .. 142

11.2 GMM General Framework . . . . . . . . . . 147
11.2.1 GMM Applied to IV Model . . . . . . . . . . 148

11.3 Asymptotics . . . . . . . e 149
11.3.1 Consistency of GMM Estimator . . . . . . . . . . . ... 149
11.3.2 Asymptotic Normality of GMM Estimator . . . . . . . . . . . . ... . . ... .. ... ... 151

11.4 Identification . . . . . . e 155
11.4.1 Identification in Linear Model with Instrumental Variables . . . . . . . .. ... ... .... 156

11.5 Asymptotic Efficiency . . . . . . . . 157
11.5.1 Efficiency in Linear IV Model . . . . . . . . . . . 158

11.6 Test For Overidentifying Restrictions . . . . . . . . . . . . . .. 159

11.7 Hypothesis Testing . . . . . . . . . . . e 161
11.7.1 Linear Testing . . . . . . . . . . . e 161
11.7.2 Nonlinear Testing . . . . . . . . . . . . . e 162

11.8 Criterion-Based Test . . . . . . . . . e 164

12 Time Series 166

12,1 Introduction . . . . . L e 166

12.2 Cross Sectional Data Review . . . . . . . . . . e 166
12.2.1 Ordinary Least Squares . . . . . . . . . . . 166
12.2.2 Maximum Likelihood Estimation . . . . . . . . . . . . ... 166
12.2.3 Partial Least Squares . . . . . . . . 168
12.2.4 Correlation . . . . . . e 170



12.3 Autocorrelation . . . . . 171

12.4 Partial Autocorrelation . . . . . . L 174
12.5 Linear Projection in Time Series . . . . . . . . . . . 177
12.5.1 Linear Time Series Models . . . . . . . . . . . 180

12.6 AUTOregression . . . . . o o e 184
12.7 Autoregressive Model With Intercepts and Time Trends. . . . . . . . . . . . .. ... ... ..... 188
12.7.1 Random Walks . . . . . . . 192

12.8 Stationarity . . . . . . 194
12.9 Unconditional Stationary Autoregression . . . . . . . . . . . ... 198
12.10Asymptotic Theory for Time Series . . . . . . . . . . . . . 203
12.11Limit Theorems for Martingale Difference Sequences . . . . . . . . . . . .. ... . ... ... ... 205
12.12Limit Theorems for AR(1) Model . . . . . . . . . . . 207
12.13Higher Order AUtOregression . . . . . . . . o o v i e 215
12.13.1AR(2) Model . . . . . o 215
12.13.2AR(p) Model . . . . . . 221
12.14ADL Models . . . . o L o e 225
12.15VAR Models . . . . o e 229
12.15.1Granger Causality . . . . . . . . e 235
12.16Misspecification Testing in Time Series . . . . . . . . . . ... 237
12.17Unit Root Testing . . . . . . . . . e 238
12.17.1 Deterministic Terms . . . . . . . . L 241
12.18Cointegration . . . . . . L 244
12.18.1 Beveridge-Nelson Decomposition . . . . . . . . . . . . . 244
12.18.2 Cointegration . . . . . . ... 247
12.18.3 Cointegration for VAR(2) . . . . . . 249
12.18.4 Cointegration for VAR(P) . . . . . . . 251
12.18.5 Granger Representation Theorem . . . . . . . . . . . . ... 254

13 Panel Data 256
13.1 Two-Way Error Components Model . . . . . . . . . . . .. 256
13.1.1 Time Dummies . . . . . . . . e 257

13.2 Pooled OLS in Linear Panel Model . . . . . . . . . . . 258
13.3 Fixed Effects Model . . . . . . . . L 263
13.3.1 Within Groups Estimator . . . . . . . . ... 264
13.3.2 Least Squares Dummy Variables Estimator . . . . . . . . .. . ... .. ... ... 267
13.3.3 First-Differenced OLS . . . . . . . . . e 268
13.3.4 Efficiency Comparison of Fixed Effects Estimators . . . . . . . . .. . ... . ... ..... 271
13.3.5 Large T Asymptotics of Fixed Effects Estimators . . . . . . . . . .. . ... ... ...... 272

13.4 Random Effects Model . . . . . . . . e 274
13.4.1 Between Groups Estimator . . . . . . . . . . 274
13.4.2 Prereqs For Random Effects Generalised Least Squares Estimator . . . . . . . ... .. ... 276
13.4.3 Random Effects Generalised Least Squares Estimator. . . . . . . . . . . . ... ... .... 278
13.4.4 Theta Differencing . . . . . . . . . L 282

13.5 Testing for Random Effects . . . . . . . . . . . . 285



13.6 Time-Invariant Explanatory Variables

13.7 Models with Predetermined Covariates . . . . . . . . . . . . .
13.7.1 First Differenced 2SLS Estimator . . . . . . . . . . . o



1 Probability Theory

1.1 Axioms

We define 2 to be the sample space containing all possible outcomes. However, we cannot simply assign probabilities

to every subset of €2; we first specify a collection of measurable events. That is where a ¢ — algebra comes in.

Definition 1 (0 — algebra)
A collection of sets A is a ¢ — algebra if it satisfies the following properties:

1. Qe A
2. If A€ A then the complement A€ € A;

3. If A;, Az, ... € A, then
A e
n=1

Now with a ¢ — algebra, we can define probability measures.

Definition 2 (Probability Measure)
A probability measure P : A — [0, 1] is a function satisfying:

1. P(Q)=1.
2. P(A) €[0,1] for all Ae A.

3. If A1, Ao, ... € A are disjoint events, then

]P’<i_U1A,-) = ;IP’(A,-).

A triplet (€2, A, P) is called a probability space.

Example 3
(Real Line). Let 2 =R. Then, the 0 — algebra is given by the Borel field, which is the o — algebra generated
by intervals of the form (—oo, x]. A probability measure over the Borel field induces the cumulative distribution

function F(x) = P((—oo0, x]).

We can now introduce random variables.

Definition 4 (Random Variable)
A random variable X is a measurable mapping X : Q — R such that, for every Borel set B € B,

X~Y(B) € A.




1.2 Distribution Functions and Densities

We let X be a random variable. Every random variable has a distribution, which can be described by its cumulative
distribution function F(x) = P(X < x). A discrete random variable has a probability mass function; when the

distribution is absolutely continuous, it has a probability density function f(x). In the latter case,

F(x) = / F(t)dt

—00

Definition 5 (Cumulative Distribution Function)
A function F(x) for x € R is a cumulative distribution function if it satisfies:

1. limys 0o F(x) =0 and limy_o F(x) = 1;
2. F is non-decreasing: F(x) < F(y) for x < y;

3. F(x) is right-continuous: limuo F(x 4+ h) = F(x).

The cumulative distribution function uniquely describes the probability distribution of a random variable X. One
way to think about this is that a distribution is the blueprint for a house whilst a random variable is a particular instance

of a house.
A distribution can have many random variables associated with it but a random variable can only have one

distribution associated to it.

Random Variable 24U, Dyistribution M CDF (and, when it exists, a PMF or PDF)

Example 6
(Normal Random Variable). When we say that X is a normal random variable, what we are actually saying is that

the random variable X has a probability density function of the form

f(X) = 76_5()(0“)2

and the associated cumulative distribution function

F(x)z/_X f(t)dt:/_X U\/lﬁeé(%)zdt

Definition 7 (Atom)

An atom is defined as:

IP(X:X):]P’(ng)—P(X<X):F(X)—Iiiigl—_(x—h).




Definition 8
(Random Sample). The random variables X1, ..., X,, are called a random sample of size n from a population if
they are independent and identically distributed. If their common distribution has a density, then f;(x) = f(x) for

I=1,..,n.

Definition 9 (Joint Distribution Function)
A function F(x1,x) = P(X1 < x1, X2 < x2) for x1, x2 € R is a joint cumulative distribution function if:

1. F(x1,x) — 0 if either coordinate tends to —oo, and F(xq, x») — 1 as both coordinates tend to oo;
2. F(x1,x2) is non-decreasing in xq, X2;

3. F(x1,x2) is right continuous in xq, X2;

4. the probability assigned to every rectangle (a1, b1] x (a2, ba] is non-negative.

The marginal distribution function is defined as:

Fi(x1) :XJ@OO F(x1, x2). (1)

Definition 10 (Independence)

Random variables X, ..., X, are independent if their joint distribution function satisfies:
p
F(x1, . x) = [ Filx) 2
i=1

for all xq, ..., Xp.

Proposition 11 (Joint Density Function of Random Sample)
With a random sample (X1, ..., X,), we can use the independent and identically distributed assumption to write

the joint density of our random sample as:

Fx, . %) = A(xa)fa(x2)... fo(Xn) = H f(x) (3)

Proof. The first equality follows from independence and the second equality follows from being identically distributed.
O

Generally, when we have a random variable X with a probability density function f(x) which is parameterised by 0,

we usually write the probability density function as f(x;6).



Example 12

(Joint density of exponential distribution). The density function of an exponential distribution is

f(x;ﬁ)zée‘x/ﬁ, x>0, B8>0.

Then, the joint distribution is

Foa, ... xn:B) = [ F(xi: 8)
i—1

n 1 1
= H Lo XilB — — o=(atxn)/B
i=1 6 6/7

Now, suppose that we have our random sample Xj, ..., X,;, we are interested in functions of our random sample.

Definition 13 (Statistic)
Let X1, ..., X, be a random sample of size n from a population. Let T(xi, ..., x,) be a measurable real-valued or

vector-valued function defined on the sample space. Then,
Y =T(X1,.... Xp)

is called a statistic. The probability distribution of a statistic Y is called the sampling distribution of Y.

Remark 14. Since X, ..., X, are random variables, the statisticY = T (X1, ..., X;,) is also a random variable. That

is why the statistic has a distribution (and a density when one exists).

Example 15

(Sample Mean) The sample mean is the classic example of a statistic

7=EZX,-

=]

Example 16

(Sample Variance) The sample variance is given by

s?— (n—fl) > (%~ %)’ 4)

!

Definition 17 (Conditional Density)
For fx(x) > 0, the conditional density of Y given X = x is:

fxy(x,y)

fx (x) ®)

fY|X(J/\X) =

We can rewrite this as:
fxy(x.y) = frix(yIx) fx (x)



If x and y are independent, then:

since fxy(x,y) = fx(xX)f ().

fY|X(J/\X) = fy(y)

Definition 18 (Bayes Formula)

Bayes formula is given by:

fY\X(Y|X)fX(X)

. frix (v [x) fx (x)

fx‘y(Xb/) = fy(y)

e Aix(vIt) fx (t)dt

(6)

We now introduce some important probability density functions and cumulative distribution functions.

10




2 Transformations and Expectations

2.1 Transformations of Distributions

We state a useful theorem that we will use quite a few times.

Theorem 19 (Independence under Transformations)
Let X1, ..., X, be independent random variables. Suppose that g1, ..., g, are measurable functions from R to R
and define Y; = g;(X;) for i =1, ..., n. Then, the random variables Y1, ..., Y;, are independent.

Proof. Measurable functions of independent random variables are independent. ]

Suppose we have a random variable X with a density fx. Furthermore, suppose that we have a monotone function
g(+) such that we construct the new random variable Y = g(X). What is the density function of Y? The following

theorem tells us this answer.

Theorem 20 (Change of Variables Formula)

Let X be a continuous random variable with density fx and support X. Let g(:) be a monotone mapping with a
continuous derivative. Define the random variable Y = g(X) with support ) = g(X’). Then, the density of the
random variable Y is given by:

5 0)l= (g%y)) 25 0) @)

forall y e Y.

Proof. If g(+) is strictly monotone, then its inverse exists. For an increasing transformation,

d 1
a9 )= G
We then have that:

Ry)=PY <vy)
=P(9(X) <)
=P(X < g '(y))
= Fx(g7'(y))

So we have:
Fr(y) = Fx(g7'(y))

Take derivatives of both sides with respect to y. Use the chain rule and plug in our expression for the derivative of the

inverse: J
fr(y)=—|Fx(g7"
W) = o [Fta 0]
and hence )
fr(y) = (g7 (y ‘ :
Y( ) X( ( )) g/(gfl(y))
For a decreasing transformation the inequality is reversed, and the absolute value gives the same formula. O

11



2.2 Expectations of Distributions

This section will essentially state a bunch of results we will need throughout the course.

Definition 21 (Expectation)
If E[|X]|] < oo then the expectation of the random variable X is:

E[X] :/Rxf(x)dx.

Remark 22. The Cauchy distribution has no expectation.

Proposition 23 (Linearity)

The expectation operator is a linear operator:

E[aX + b] = aE[X] + b.

Definition 24 (Moments)

The r-th moment of a random variable X is given by:
E[X']
for r > 0. The r-th central moment is given by:
IE[(X = IE[X])’]

for r > 0.

Definition 25 (Variance)
The variance is given by:
Var[X] =E[(X — E[X])?] =E[X?] - E[X]?

Standard deviation is the square root of variance:

SDV(X) = v/Var[X].

Proposition 26 (Quadratic Variance)
The variance is a quadratic function:
Var[u + oX] = 0?Var[X].

Definition 27 (Jensen's Inequality)
If g is convex, then:
9(E[X]) < E[g(X)].

12



Proposition 28 (Linear Expectation)

Let X be a random vector. Let A and B be matrices. The expectation is a linear function:

E[AX + B] = AE[X] + B.

Proposition 29 (Quadratic Variance)

Let X be a random vector. Let A and B be matrices. The variance is a quadratic function:

Var[AX 4+ B] = AVar[X]AT

Definition 30 (Covariance)

The covariance between X and Y is:

Cov[X, Y] = E[XY] — E[X]E[Y].

(9)

Proposition 31 (Covariance Properties)

Let X, Y be random variables. Let a and b be scalars. Then:
Cov][aX + b, cY +d] = ac-Cov[X,Y]

If X and Y are independent, then
Cov[X,Y] =0.

The converse is not true.

Proposition 32 (Variance of Two variables)

Let X, Y be random variables. Let a and b be scalars. Then:

Var[aX + bY] = a*Var[X] + b>Var[Y] + 2abCov(X,Y).

Definition 33 (Correlation)

Correlation is a normalised covariance:

Cov(X,Y)
Var(X)Var(Y)

Corr[X,Y] =

Definition 34 (Cauchy-Schwarz Inequality)
The Cauchy-Schwarz inequality is:
IE[XY]]> < E[X?]E[Y?].

13




Definition 35 (Conditional Expectation)

Conditional expectation of Y given X is:

o0
BY|X =x] = [ yr(yh)dy.
Definition 36 (Law of Iterated Expectations)
E[Y] = E[E[Y[X]]

Var[Y] =E[Var[Y|X]] + Var[E[Y|X]]

Cov(X,Y) = E[Cov(X,Y|Z)] + Cov(E[X|Z], E[Y|Z])

2.3 Multivariate Normal Distributions

We now wish to define the multivariate normal distribution. This is a distribution we will use a lot throughout the

course. First, we can define the standard multivariate normal distribution.

Definition 37 (Standard Multivariate Normal Distribution)
The random vector X = (Xy, ..., X,)' is a standard multivariate normal distribution X ~ N(0, I,,) if it has the

density function:
f(x) = (27) P2 exp(—x" x/2). (10)

With the standard multivariate normal distribution, we can use the properties of the expectation and variance

operators to define the regular multivariate normal distribution.

Definition 38 (Regular Multivariate Normal Distribution)
Let X ~ N(0,1,). Define the random variable Y = p + AX for p € R” and A € RP*P. Denote the covariance
matrix Q = AA’ and assume that it is invertible.

Then, Y ~ N (i, Q) with the density function:

() = dex(n) e { - 30— w2y - )} (11)

Notice that in the definition of a regular multivariate normal distribution, we required that the inverse of the
covariance matrix Q7! to exist. However, what happens if this inverse does not exist? Therefore, we can define what

is known as a singular multivariate normal distribution to handle this.

14



Definition 39 (Singular Multivariate Normal Distribution)
Let Q2 be a symmetric positive semidefinite covariance matrix. We say that Y follows a singular normal distribu-
tion Y ~ N (u, Q) if, for every vector V € RP, one of the following holds for V'Y:

1. VT .Y has a regular univariate normal density function:

VY ~N(V T, VTQV) (12)

vi.y=vT.pu (13)

This definition also applies when the covariance matrix Q is not invertible.

The multivariate normal has a few nice properties.

Proposition 40 (Expectation and Variance)
Let Y ~ N(u, Q). Then:
ElY]=nu

VarlY] =Q

Proposition 41 (Linear Transformations)
Let Y ~ N (p, Q). Then:
B+CY ~N(B+Cu,CQCT).

Proposition 42 (Independence and Zero Covariance for Jointly Normal Variables)
Let (Y4,Y52)T be jointly normally distributed. Then, Y; and Y5 are independent if and only if Cov(Y;, Y5) = 0.

Proposition 43 (Convolution)
If Y1 ~ N (u1,0%) and Yo ~ N (uz, 03) are independent, then:

Yi 4+ Yo ~ N(p1 + po, 07 + 03).

2.4 Normal Sampling Distributions

2.4.1 Chi-Squared Distribution

We now move onto one of the most useful distributions besides the normal distribution in this course.

Definition 44 (Chi-squared Random Variable)
A random variable xf, is a chi-squared random variable with p degrees of freedom if it has the probability density

function )
_ (p/2)—1 ,—x/2
(x) = 7r(p/2)2p/2x e

for x € (0,00). The p here is the degrees of freedom of the x? distribution.

15



Remark 45. We never really work with the density function of the x? random variable in practice, but do know that
it has one!

We come to a very important result we will need throughout the course.

Theorem 46 (Multivariate Normal and Chi-Squared Distribution)

Suppose that we have a random variable X which has a multivariate normal distribution
X ~N(0,X)

whereby X has dimension d and the covariance matrix & has full rank d.
Then, we have that the following quadratic form of X has the distribution:

XTEIX ~ x?(d) (14)

which is a x? distribution with d degrees of freedom.

Proof. Recall from linear algebra.

Theorem 47 (Eigendecomposition of a matrix)

Let ¥ be a real symmetric matrix. Then, we can express this matrix in terms of its eigendecomposition:
r=VvDV’ (15)

where V is an orthogonal matrix containing eigenvectors in every column and D is a diagonal matrix containing

the corresponding eigenvalues.

We also need another little fact about orthogonal matrices.

Lemma 48
If V' is an orthogonal matrix, then
vv’ =1

whereby the transpose of V is the inverse of V.

By our result on eigendecomposition, we can write the inverse of the covariance matrix as:
271/2 —_ VD—1/2vT

whereby D~1/2 is simply taking the inverse square root of the diagonal entries of D.

We now apply a change of variables whereby for X ~ A(0, X), we can write the rescaled random variable:
zZ=x1'%x
We now want to derive the expectation and variance of this new random variable Z.

E[Z] = E[EY2X] = = Y2E[X] =0

16



Since the mean of Z is zero, its covariance matrix is its second-moment matrix:

E[ZzZT] = T V2E[XXT]= /2
= ):_1/2Var[X]):_1/2
_y-l2yy-1/2
=vD 2vTvDV'vD Y2vT
=VvD2DD VT =wvT =1

We therefore have that Z ~ N(0,1). Therefore, the sum of squares of Z is a x2-distribution. We can therefore
conclude that:

ZTZ — XT:*1/2271/2X
=X"E71X ~ x2(d).

We can extend this result to when the mean u # 0.

Corollary 49

Suppose that we have a random variable X which has a multivariate normal distribution
X ~N(p, X)

whereby X has dimension d and the covariance matrix £ has full rank d.
Then, we have that the following quadratic form of X has the distribution:

[X — ] =X — p] ~ x*(d) (16)

which is a x? distribution with d degrees of freedom.

Proposition 50 (Quadratic Form and Chi-squared Distribution)
If the n x 1 vector z ~ N(0,1) and the non-stochastic n x n matrix G is symmetric and idempotent with
rank(G) = r < n, then the scalar:

w=2z"Gz ~ x*(r). (17)

The following result is a useful relationship between standard normal random variables and x? random variables.

Proposition 51 (Chi-squared is the sum of squared standard normals)

Let Z; ~N(0,1) for i = 1, ..., n be independent standard normal random variables. Then

n
Z72=> 77 ~x*(n)

i=1

That is, the sum of n squared standard normal random variables is a x? random variable with n degrees of freedom.

We get the useful corollary.
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Proposition 52 (Chi-squared is the square of a standard normal)

If Z ~ N(0,1) then
72 ~%*(1)

That is, the square of a standard normal random variable is a x? random variable with 1 degree of freedom.

Proposition 53 (Chi-Squared and Orthogonal Projections)
Let X ~ N(0,1,) and let P and @ be symmetric, idempotent matrices. Then,

XTPX ~ x2(tr(P))

XTQX ~ x*(tr(Q))

Furthermore, if PQ = 0, then X" PX and X" QX are independent.

2.4.2 T and F Distributions

Definition 54 (Student's t distribution)
The random variable T has a Student’s t distribution with p degrees of freedom if T has the probability density

function
&1) 1 1

2
(%) (pm)/2 (1 + t2/p)p+1)/2

fr(t) = F#

for t € (—o0, 00).

We have the following result that relates a standard normal random variable, x? random variable, and t-distributed

random variable.

Proposition 55 (Deriving a t-distribution from a normal and chi-squared distribution)
Let X ~ N(0, 1) be a standard normal random variable and let Y ~ x?(p) be independent of X. Then,

X
—_— t(p) (18)
VY/p
which is a t distribution with p degrees of freedom. The ratio of a standard normal random variable to the square

root of an independent chi-squared random variable divided by its degrees of freedom has a Student t-distribution

with those degrees of freedom.

Remark 56. This says that the probability density function of the ratio \/% is the Student’s t probability density

function. Note that we need to divide the x> random variable by its degrees of freedom for this result to hold.
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Example 57
We know that if Xy, ..., X, are from a N (u, 02) sample, then we have that

X —u
~N(0,1 19
ST ~M(OD) (19)
In practice, we do not know o. Let 62 = nT11 Z?zl(X,- — X)? be the sample variance, which we can plug in:
X —u
20
5/ (20

The question we want to ask is what is the distribution of this new ratio. We can multiply and divide by o to get:

(X —u)/(a/vn)
\/62/02

X—p
a/v/n

Now, we know that the numerator is:

~ N(0,1)
and the rescaled sample variance satisfies

(n—1)62 N

= x(n—1).

Equivalently, \/62/02 is the square root of this chi-squared variable divided by n — 1. It is independent of the
numerator, so the Student-t result implies that:

Definition 58 (F-distribution)
If the random variables wy ~ x?(m) and ws ~ x?(n) and wy and w, are independent, then the scalar:
_ (wi/m)

V=
(wa/n)

The ratio of two independent chi-squared random variables, each divided by their respective degrees of freedom,

~ F(m,n). (21)

has a F-distribution with the degrees of freedom of the numerator and denominator respectively.
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3 Linear Regression Model and Linear Projection Model

3.1 Conditional Expectation Function

We give a motivation for why we care so much about conditional expectations and how linear projection relates to
them. Generally, we have a dependent variable of interest Y and want to learn about the factors driving it. For
example, Y could be an individual's wage and X could be an individual's sex. We may then ask what the average
wage of a female employee is and compare it with the average wage of a male employee. Using mathematics, we can

express this using conditional expectations:

E[wage|sex = female]

E[wage|sex = male]

To generalise this, we are interested in the conditional expectation of Y given values that the variables X1, ..., Xk

can take on:
E[Y|X1 = X1, X2 = X2, ..., Xk = Xk] = m(xl, ...,Xk).
X, ]
X>
We can write the vector X = | = | € R¥ and from this, write the conditional expectation as:
[ Xk ]

E[Y|X = x] = m(x).

Definition 59 (Conditional Expectation Function)

The conditional expectation function m(x) is a function of x = (xq, ..., Xk):

m(x) = E[Y|X = x]. (22)

Remark 60. We can interpret this as when X takes on the value x, then the average value of Y is m(x).

We can also write the random variable:

m(X) = E[Y]|X].
Now, given the joint density f(y, x), recall that the conditional density is given by:

xr) = 2.

Then, this means we can write the CEF of Y given X = x as:

oo

szEszﬂz/ v fux(ylx)dy.

which looks at all possible values of y given the probability of that value y, fy|x(y|x). We can interpret m(x) as the
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expectation of Y for a subpopulation whereby X = x. We can plug in X to get:

[e]

mM):MHXFi/.wﬂmUMMM

To recap, we have the variable Y and X. From this, we constructed the CEF function m(X). We can then define
the CEF error.

Definition 61 (CEF Error)

The conditional expectation function error e is defined as the difference between Y and the CEF:

e=Y — m(X). (23)

From this, we get the formula:
Y =m(X)+e. (24)

Proposition 62 (Properties of CEF Error)
Let e be the CEF error. Then,

1. E[e|]X] =0
2. E[e] =0

3. For any function h(X), E[h(X)e] = 0.

Proof. To show the first result:

Efe|X] = E[(Y — m(X))|X]
= E[Y|X] - E[m(X)|X]
=m(X)—m(X)=0.

To show the second result, we use the law of iterated expectations:
E[e] = E[E[e|X]] = E[0] = 0.

For the last one:
E[h(X)e] = E[E[h(X)e|X]] = E[A(X)E[e| X]] = E[h(X) - 0] = 0.

This third property has a well-known name.

Definition 63 (Orthogonality Condition)
Let e be the CEF error. Then the condition:

E[h(X)e] = 0 (25)

for any measurable function h(-) is called the orthogonality condition.

The orthogonality condition implies that the covariance of X and e is zero.
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Proposition 64 (Covariance of Regressor with CEF Error is Zero)
Suppose that the orthogonality condition holds E[h(X)e] = 0. Then, the covariance of the regressor X with the
CEF error is zero:

Cov[X,e] = 0. (26)

Proof. The covariance is:
Cov[X,e] =E[Xe] —E[X]E[e] =0—-0=0

as E[Xe] = E[h(X)e] = 0 by the orthogonality condition where h(X) = X. O

We have a special name for the variance of the error term e.

Definition 65 (Unconditional Variance of Error Term)

The unconditional variance of the error term is:

o? = Varle]. (27)
Proof. We have that:
02 = Varle]
= E[e*] - E[e]?
=E[e’] -0
= ]E[ez]
where e? is the second moment of error. ]

Remark 66. We can interpret o2 as the amount of variation in y that is not accounted for in the conditional expectation
E[Y|X].

Intuitively, as you include more variables in your conditional expectation function, then the variance of your CEF
error should drop.

Now, suppose we have the variables y and X, and we want to predict Y using a function g(X). We want to know
what is the function g(-) that we can use as our best predictor (under mean squared error). We state the optimal

function for this task.

Proposition 67 (Conditional Expectation Minimises the MSE)

The conditional expectation E[Y'|X] minimises the mean-squared error:
E[(Y — 9(X))’] (28)

where g(X) = E[Y|X].
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Proof. We want to find a g(X) that minimises the mean squared error. Expand out the square:

E[(Y — g(X))?] = E[(m(X) + e — g(X))?]
= E[e?] + 2E[e(m(X) — g(X))] + E[(m(X) — g(X))’]
=) E[}] + 0 + E[(m(X) — g(X))]
= E[e?] + E[(m(X) — g(X))’]

where =1y uses the orthogonality condition. Now, if we look at the last equation:
2
E[e?] +E[(m(X) - 9(X))’]

we can see that we cannot choose a g(X) to alter the first term, only the second term. The most we can do to

minimise this equation is to set:
9(X) = m(X)

as this sets the second term to be 0 (cannot be negative due to the square). O

Hence, we have shown that the conditional expectation function is the function that minimises the mean squared
error. That is, the best predictor of Y is E[Y|X].

3.2 Linear Regression Model

We can now define a special model. Now, if we impose the assumption that the conditional expectation function has

to be a linear function of X, which we can denote by X3, then we get the linear regression model.

Definition 68 (Linear Regression Model)
The Linear Regression model is given by:
Y=X"B+e (29)
E[e|X] = 0. (30)

Remark 69. This linear conditional-mean specification is a special case of the general regression model discussed later.

Under the linear regression model, E[e|X] = 0. We have already shown that this implies the error term is also

unconditionally mean zero and orthogonal to the regressors:

Ele] =0
E[Xe] = 0.

3.3 Linear Projection Model

We now want to derive a different model that is related to the linear regression model. We shall motivate it from
another perspective. We know that X783 is a linear predictor of Y. The question we now want to ask is: what value

of B minimises the mean squared error of predicting Y7 This value is known as the linear projection coefficient.

23



Proposition 70 (Linear Projection Coefficient)

Let X7 be our linear predictor for Y. The linear projection coefficient minimises the mean squared error of

predicting Y:
min E[(Y - X"B)?].

The expression for B that minimises this is:

B = (EIXXT])E[XY].

(31)

(32)

Proof. First, write out the mean squared error:

E[(Y — X"B)?| = E[Y?] — 28" E[XY] + B E[XX"]B.

Now, we take first order conditions of this. To do so, recall from matrix calculus:

a T _
B =/

9 .
— = 2A0.
6ﬁﬁ AB = 2A03
So taking first order conditions, we have that:

2E[XXT]B = 2E[XY]

Now, assuming invertibility, we can conclude that:

B =EXXT]E[XY].

Hence, we have argued that the best linear predictor of Y is:

X'B = XTE[XXT]|'E[XY]

We now notice that under this definition, we still have the orthogonality condition:

E[Xe] = E[X(Y — X"B)]
=E[XY — XX'1]
= E[XY] - E[XXp]
=E[XY] -E[XX"]|B
=E[XY] - E[XXTIE[XXT]E[XY]
= E[XY] — IE[XY]
=0

Now, we can define our alternative model.
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Definition 71 (Linear Projection Model)

The linear projection model is defined by:
Y=X"B+e

E[Xe] =0
B = (E[XX])E[XY].

When you have a linear projection model, you are always guaranteed by definition:
E[Xe] = 0.

Therefore, we still have that result that every regressor x; is orthogonal to the error term e. Now, if we include an
intercept x; = 1, then we get that:
E[l-e] = Ele] =0.

Hence, we can see now why we include an intercept in a linear regression model. By including an intercept term,

we are guaranteed that the error term has mean 0 by the orthogonality condition:
E[e] = 0.

If we don’t have this, we no longer have any guarantees that the error term is mean zero.
Now, you should notice that strict exogeneity E[e|X] = O implies the orthogonality condition E[Xe] = 0. This
gives us the useful result that relates the linear regression and linear projection models we have defined.

Proposition 72 (Linear Regression and Linear Projection Model)

The linear regression model implies the linear projection model.

Remark 73. The converse is not necessarily true. The projection error may not necessarily satisfy:
Ele|X] = 0.

Therefore, the linear projection model is a weaker model compared to the linear regression model.
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4 Regression and Matrix Algebra

Suppose we have a sample of n outcome variables (such as wage) we are interested in analysing. We can stack these
outcome variables into a n x 1 vector, which we denote by y as:

1
Y2

Yn]

Suppose that we have K explanatory variables of interest and n observations that may explain the outcome variable
y. We can stack these variables into a n x K data matrix:

X111 ... X1K

X21 ... XoK
X =

[ Xn1 .o XnK

We will be working with this matrix a lot. We now state some definitions and properties of matrices that will be

useful to us.

Definition 74 (Symmetric)
A matrix A is symmetric if:
AT =A

Proposition 75 (Symmetry of Matrices)

For any matrix A, the matrices AT A and AA” are symmetric matrices.

Definition 76 (Idempotent)
A square matrix A is idempotent if:
AA = A

Proposition 77 (Symmetric and Idempotent Matrices)

If Ais a symmetric and idempotent matrix, then

ATA=A
Proof.
ATA=AA=A
where the first equality uses symmetry and the second equality uses idempotency. ]
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Going back to our data matrix X, a key assumption we make throughout the course is that we have more
observations than explanatory variables. This makes sense or else we will not have enough degrees of freedom to

estimate the parameters on our K explanatory variables if we have more parameters than observations.

Assumption 78 (Number of Observations)

For the n x K data matrix X, we have that n > K.

We are now interested in the question of when is the matrix X7 X invertible (this will become clear when we perform

OLS). To do so, we need to build up some more definitions.

Definition 79 (Linear Independence)
Let X be a n x K matrix. The column rank of X is the number of linearly independent columns. The row

rank of X is the number of linearly independent rows.

We show an important result regarding the rank of a matrix.

Theorem 80 (Column Rank Equals Row Rank)

The row rank is equal to the column rank.

Hence, so far, we know that as X is a n x K matrix, we have that:

rank(X) < min{n, K}

However, we generally assume that we have more observations than regressors in linear regression K < n.

Therefore, this implies that the rank of X is:
rank(X) < K.

Therefore, if rank(X) = K, then X has full rank. In the case that rank(X) < K, this has the interpretation that

the model has perfect multicollinearity.

Proposition 81 (Rank of Design Matrix)

A useful result for the design matrix is:
rank(XTX) = rank(X)

where X is a n x K matrix and X7 X is a K x K matrix.

However, it may be hard to compute the rank so we can compute the determinant instead. We have a result that

relates the rank of a matrix and the determinant of a matrix.

Theorem 82 (Rank and Determinant of a Matrix)
A square matrix A has full rank if and only if det(A) # 0.

Therefore, we can pull the three concepts of invertibility, rank, and determinant of a matrix A as follows:

1. Ais invertible
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2. Ais full rank
3. det(A) #0

This applies to our matrix X' X.

4.1 Ordinary Least Squares

Let u be the n x 1 residual vector. An important thing to note is the order of the vector multiplication.

If we write u” u, this gives us the residual sum of squares as:

u n

uTUZ[ul un} zg u,-2.
i=1

Un

Alternatively, if we write uu”, we get an outer-product matrix:

We prove the most important result of this course.

Theorem 83 (Ordinary Least Squares Estimator)

Assume that we have n observations and K explanatory variables. Suppose that we had the model:
y=XB+u (33)

whereby y, u are n x 1 vectors, X is a n x K matrix, and B is a K x 1 vector. Assume that the design matrix X

is full rank. Then, the ordinary least squares estimator is given by:

Bors = (X"X) 'XTy. (34)

Proof. We have that the model is:
y=XB+u

The goal of ordinary least squares is to minimise the residuals sum of squares by choosing a vector B that does so.

The residuals sum of squares can be written as:
uTu=1[y - XB]"[y — XB]
=y’ -B"X"]ly - XB]
=y'y—y'XB-B"X"y+B"X"XB
=0 y'y—-2y' XB+B"X"XB

whereby =(;) uses the fact that 37 X"y is a scalar so we have that 8" X"y = (8" X"y)" = y" XB. To proceed

further, we need some important rules from matrix calculus.
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Theorem 84 (Matrix Calculus Rules)

We have the following rules of matrix calculus:

da’pB
B
BTAB
;B

2AB

for the vectors a,3 and the symmetric matrix A.

To minimise the residuals sum of squares, we can take the first order conditions:
ou” BuB) _
B
which then becomes:
T TyA AT ¥ T ¥
oB oB oB oB
=0-2X"y+2X"X8

We therefore have that our first order condition is:

—2XTy +2X"XB =0
< X'XB=X"y
By assumption, we assumed that X is full rank, which implies that (X7 X) is full rank and hence invertible, ie.

(X7 X)~! exists. Therefore, we have that:
Bows = (X" X' XTy

O

We now look at what we have computed from the OLS estimation. We have computed that an estimate of our
parameters is given by:
Bors = (XTX)'XTy.
We can use these estimated parameters to fit OLS to the data. For ease of notation, we shall rewrite BoLS as
Just B.

Definition 85 (Fitted Values and Residuals)
The fitted values are given by:
y=XB. (35)
The fitted residuals are given by:
i=y—y. (36)

Geometrically, we are projecting our outcome variable y onto the plane spanned by the explanatory variables X.
The projected point is the fitted value y = XB. The difference between the original outcome vector y and this
projection is the fitted residual d. We show this in Fig. 1.
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Figure 1: OLS is the projection of the observed variable onto the space spanned by the explanatory variables. This
uses the example of having 2 explanatory variables.

Let us plug in our expression for the OLS estimator into our fitted value y:

J=XB=X[(X"X) X"yl = X(X" X)Xy
N——

P
The matrix underlined by P has an important name.
Definition 86 (Projection Matrix)
The projection matrix P is given by:
P=X[X"X]"1xT. (37)

Remark 87. This projection matrix is a matrix such that whenever it is applied to another vector/matrix B, it will
project that matrix B onto the subspace that is spanned by X.
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Hence, we can write the fitted value of y as the projection of y onto the subspace spanned by X:
y =Py (38)
Now, if we write out fitted residuals, we get another important matrix:
a o Tyl-1yT, _ _
i=y—-y=y-X[X'X]"' X'y=y—-Py=[l,—Ply

From this, we can also define another important matrix that is thought of as the complement to the projection

matrix.

Definition 88 (Annihilator Matrix)
The annihilator matrix is given by:
M=1I,—-P (39)

Remark 89. The way to think of the annihilator matrix is that it produces the vector that is orthogonal to the space
that is spanned by X.

Therefore, we can write the fitted residuals to be the annihilator matrix applied to the observed variables y.
i= My (40)

The following result shows where the annihilator matrix gets its name from.

Proposition 90 (Annihilator matrix is Orthogonal to Design Matrix)

The annihilator matrix is orthogonal M to the design matrix X:

M-X=0. (41)

Proof.

Proposition 91 (The Fitted Residuals are Orthogonal to Design Matrix)
The Fitted Residuals are Orthogonal to Design Matrix:

X"4=0 (42)
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Proof.

X"i=X"[My]
=X"[l,— Ply
=X"[l, = X(X"X)" Xy
= [XT = X"X(XTX) Xy

=[XT - 1.X"]y
=[0]y=0
O
We now show an important result.
Theorem 92 (Symmetry and Idempotency of P and M)
The projection matrix P and the annihilator matrix M are:
1. Idempotent PP = P and MM = M,
2. Symmetric PT = P and M7 = M.
We can also show another useful result.
Proposition 93 (Trace of the Annihilator Matrix)
The trace of the annihilator matrix M is given by:
tr(M)=n—-K (43)

where n is the number of observations and K is the number of regressors.

Proof. To show this proposition, we need an important result regarding the trace operator:

Proposition 94 (Cyclic Properties of the Trace Operator)

Let A, B, C be matrices such that ABC is a square matrix. Then, the trace operator has the cyclic property:

tr(ABC) = tr(CAB) = tr(BCA).

Now we can use this cyclic property of the trace operator to help us.

tr(M) = tr[ly — P]

=tr[ly — X(XTX)71XT]
triIy] — trIX(XTX)71XT]
=q) trlIn] — tr X7 X(XTX)™}]
=) triln] — trlk]
=n—-K

where =(;y uses the cyclic property of the trace operator and =(,) uses the fact that XTX(XTX)lisa Kx K
matrix. 0
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To summarise, we can think of OLS as partitioning the outcome variable y into two components based on the
projection and the residual from the projection:

y =Py + My.

4.2 Partition Regression

Recall the formula for the OLS estimator:

B=(X"X)"X"y (44)

Suppose that we do not want to compute all the coefficients in 8 but only a subset. To this end, let us partition the
data matrix X into two sets of variables X; and X5 whereby X7 is a n x K1 matrix and X5 is a n x K> matrix. Without

loss of generality, suppose we are interested in estimating the K; coefficients. Then, we have that:

B1

2

y = [x1 x2] te=XiB1+ X+ € (45)

Here, we are interested in estimating only B;. We know that the first order condition for OLS is given by:
X'y =X"XB
Therefore, substituting our partitioned matrices into the first order condition gives us:

[XIY] B [szl XT X ] [ 1]

XIy|  |[XIX: XIX:| |B-

We can then solve for our OLS parameters:

AR

We are interested in figuring out what B is. The first block of normal equations gives:

(46)

-1 r
XXy XIXo| | XIy|

X] X1B1 + X] XoB2 = X] y,
so
Bi = (X{ X1) 1 X{ (y — Xo62).
Now, suppose that X; and X5 are orthogonal to each other so that:
X/ X, =0.
Then, we have that our estimator for 81 becomes:
B = (X X)Xy

This has a very nice interpretation that if we want to get the estimators on the K; coefficients, we only need to
regress y on the Ky explanatory variables in X; and we are done!

However, what if X; and X»> are not orthogonal? Then we need to rely on the Frisch-Waugh-Lovell theorem in the
next section.
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4.3 Frisch-Waugh-Lovell Theorem

So far, we have arrived at the expression for the OLS parameters:

A —1
B.| |XIx, XIX, XIy|
Suppose that we want to derive an expression for B>. We can do this in a two step procedure.
Step 1: Regress X5 on X;
The first step is to regress X, onto X; and retrieve the residuals X5.1:
Xo =X1b+u (48)

where b is a K1 X K> matrix of parameters. This gives us the OLS estimator:

b= (X! Xx1)"xX] X,

where we project X5 onto the subspace spanned by X;. We can then retrieve the residuals X5.; as the true value X,

less the OLS projection:

Xo1=Xo— X1b

What we have done by regression X, on X; and retrieving the residuals is that we retrieved the variation in X5,
that is not explained by the variation in X;. This can be thought of as purging the effects of X; on Xs.

Step 2: Regress y on X5.;

We now regress y on the residuals X5.; and this gets us our desired estimator ﬁz. We now show why this would work.

First, we can write out:

y=X1B1+ Xof3o + €
=) X1B1 + XoB2 + € + X156 — X162
=X (ﬂl + Bﬁz) + (Xz - XlB)ﬁz +e€
=(2) X101 + X2.182 + €

where =y involved :tle)ﬂg and =y involved defining 01=061+ Eﬁz and recognising that X5, = X5 — le are
the residuals from regression X> on Xj.
Now, we again use our first order conditions to see that:

A —1
0| [ X{X: X[ Xoq
B XTI, X1 XTI, X0

From this, we can state the expression for our desired estimator Bs.

X7y
XTI,y
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Theorem 95 (Coefficients of Partition Regression)

The coefficients of the partition regression is given by:

) XTI X)) xT
,\1 _ (Tl 1) B ].Ty (49)
B> (X51X21)" X5,y
Proof. Recall that we had:
N -1
Bi| XTI X1 XXz X[y
G| | XIXy XIXa| |XIvy
We can replace:
< -1
01| XX, X Xoq X[y
é XZT_le XQT-1X2~1 XzT-ly
Now, we want to show that the off-diagonal elements are zero.
Proposition 96 (Nuisance Vector and Residuals from First Stage Are Orthogonal)
X; and Xs.; are orthogonal:
X! X21=0 (50)
Proof.
X{ - Xo1 = X{ - (X2 — X1b)
= X{ - (Xo = Xo(X] X1) 7' X Xo)
= X{ Xo — X{ X1(X] X)X X
= X! X, — X[ X,
=0
O
Therefore, we have just shown that XIT - Xo.1 = 0 and so we have:
« -1
01| X! X, 0 X[y
B 0 XJ,X2q XI.Y
which gives us our desired result. O

Therefore, we can simply read off the second line in the theorem we have just proved to see our expression for our
desired estimator as being:
ﬁ2 = (X2T-1X2<1)_1X2T»1Y

This two-step procedure of regressing the variable of interest on the nuisance variables and then regressing the
outcome on the residuals is known as the Frisch-Waugh-Lovell theorem.

4.4 Residual Variance Decomposition

Now, we want to derive another useful relationship.
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Theorem 97 (Partial Sum of Squares Decomposition)
Partition X = [X; X3]. Then:

Restricted-model RSS = Incremental ESS from X5 + Unrestricted-model RSS.

If X1 contains only an intercept, the restricted-model RSS is the usual centred total sum of squares.

Proof. First, start off with the fact that the fitted residuals are:
=My =(I-P)y=(-XX X)Xy
Then, the residual sum of squares is:
T T
a"a=((I=P)y) (I=P)y)=y"(1=P) (I =P)y=y"(I-P)y
where we used the symmetry and idempotent of M.
Now, partition the equation y = X101 + X>.18> + u whereby XlTX2.1 = 0. Re-arrange this to get:
i=y-— X151 - X2-1ﬁ2
Now, plug in our expression for 8; and B> we derived before to get:

d=y— Xi(X{ X0) ' X{ y — Xoa(XJ 1 Xo1) ' X2, y

=P =P

and this becomes

b=y—Py—Poay=(—-P — Py
Then, this means that our residual sum of squares becomes:
ﬁTﬁ = ((/ — P1 — Pgl)y)T((/ — P1 — Pgl)y)
=y (=P = Poy) (I = PL = Poa)y
=y (I— P —Poy)y

=y (I-=P)y—y Py

So we then have that:

AT ~ T T

i'a =y (I-P)y— y Py

~~ S—_——
unrestricted RSS restricted RSS incremental ESS

Therefore, restricted RSS equals incremental ESS plus unrestricted RSS:

Yy (I =P)y=y Py +y (I =P —Psy)y
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5 Asymptotic Theory

5.1 Convergence in Distribution and Probability

We now state two important convergence concepts we will use frequently.

Definition 98 (Convergence in Distribution)
A sequence of random variables X1, X5, ... converges in distribution to a random variable X if

lim Fx,(x) = Fx(x) (51)

n—o0

at all points x where Fx(x) is continuous, where Fx, is the distribution function of X, and Fx is the distribution
function of X.

Remark 99. The distribution to which the sequence X, converges to is referred to as the limit distribution.

Definition 100 (Convergence in probability)

A sequence of random variables X3, X5, ... converges in probability to a random variable X if for every € > 0

lim P[|X,—X|>¢€] =0
n—oo

Proposition 101 (Convergence in probability implies convergence in distribution)

Convergence in probability implies convergence in distribution. That is, if

then

Example 102

Let X1, X5, ... be a sequence of random variables and suppose that X has a standard normal distribution. If
X, 5 x

By our proposition, this means that
X, 2 X

Therefore, the limiting random variable has the standard normal probability density function

1
fX (X) = \/77@7)(2/2.

Proposition 103
The sequence of random variables Xj, X5, ... converges in probability to a constant w if and only if the sequence

converges in distribution to the constant w.

37



Definition 104 (Consistent Estimator)
An estimator 8, is a consistent estimator of the parameter 6 if:

6, 20

Consistency is an asymptotic property. This is in contrast to unbiasedness, which is a finite-sample property.
Consistency does not imply unbiasedness and vice versa. Consistency means that the distribution of 8, concentrates

arbitrarily closely around 6 as n — oo; convergence of the variance to zero is a useful sufficient condition when the

relevant moments exist, but it is not part of the definition.

Example 105
Let & be an unbiased and consistent estimator of 6. Define the estimator:
2 & . 1
=06+ —
n

Clearly, this new estimator is biased: ) )
Mﬂ:EW+ﬂ:9+E#6

However, it is consistent: .
plim@=plimf+plim —=0+0=0.
n—oo

n—oo n—oo

5.1.1 Weak Law of Large Numbers

There are two versions of the weak law of large numbers we will need.

Theorem 106 (Weak Law of Large Numbers (1))
Let X1, X5, .... be independent random variables with the conditions:

1. ]E[X,] =u < o0
2. Var[X]] = 0% < 00

Then:
n

Alternatively, we can write that:
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Theorem 107 (Weak Law of Large Numbers (2))
Let X1, X5, .... be independent and identically distributed random variables with the condition:

1. E[X,‘]:,U,<OO

Then: .
1 - P
EZX, =X, = E[X|] = p.
i=1

Alternatively, we can write that:

1l
pngngog;xf—ﬁlx,-] = p.
1=

Here, notice that version (1) of the weak law of large numbers (WLLN) required only independent random variables
but we then required that the variance is finite. Meanwhile, in version (2), we required the random variables to also
be identically distributed but then we only required that the first moment is finite. Whichever one you use depends on

what is given to you.

Example 108
(WLLN Applied to Bernoulli Random Variables). Let X, ..., X, be i.i.d Bernoulli random variables with mean

p. Then, we can apply the WLLN (2) to conclude that:
1< P
E ZX, — ]E[X,] = p.
i=1

Separately, linearity of expectations gives E[>_"_; X;] = np; indeed, the sum has a Binomial distribution.

We show a very useful application of the weak law of large numbers to show a useful property of an important

estimator.

Proposition 109 (Population Variance Estimator is Consistent)
Let X1, X», ... be i.i.d random variables with mean u and variance 2. Then, the estimator of the variance:

1 n
~2 o 2
Op = n ?:1 (Xr /-L) (52)

is a consistent estimator of o2,

Proof. First, we take the expectation of the terms inside the brackets:
E[X;i —u] =E[X]] —u=p—p=0.
Now, we know that for any random variable Z, the variance of Z is given by:
Var[Z] = E[Z?] — E[Z]?
but if we have that the first moment of Z is E[Z] = 0, then

Var[Z] = E[Z?].
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We have shown that this is indeed the case for X; — u so we therefore have that:
Var[(X; — w)] = E[(X; — 1)*] = E[(X; — w)]* = E[(X; — u)’] — 0 = E[(X; — u)’]

We now apply the weak law of large numbers (2) to our estimator:

n

ST(Xi = w2 B El(X - )]
i=1

=) Var[X; — u]
=(2) Var[X,-]

:O’2

1
62 = =
n

whereby =(;y comes from what we have shown earlier and =,y comes from the fact that u is a constant that is added

and hence can be dropped from the variance. Therefore, we have shown that:

N

~2 P
0, —0

or equivalently:

p lim 62 =02
n—o0

Therefore, 62 is a consistent estimator. O

Remark 110. /n practice, we do not know u and need to estimate it with i. Replacing u with [i therefore requires

an additional argument, which we give below.

5.1.2 Continuous Mapping Theorem

Theorem 111 (Continuous Mapping Theorem)

Suppose that X1, X5, ... converges in probability to a random variable X
X, 5 x
Let h(:) be a continuous function. Then, the continuous mapping theorem states that we have that:

h(Xa) = h(X)

This also holds for convergence in distribution o,

Example 112
(Consistency of standard deviation estimator). The sample variance S2 is a consistent estimator for the variance
o2. Define the continuous function h(x) = v/x. Then,

Sn=+/S3 = h(S})

is a consistent estimator of the standard deviation o.

The continuous mapping theorem gives us some useful results.
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Theorem 113 (Implications of Continuous Mapping Theorem)
Suppose that:
X, Hx and v, B

Then:
1. X, +Y, 5 x4y

2. X, Y, B x.v.

Theorem 114 (Slutsky's Theorem)
Let {X,}72; and {Y,}72, be sequences of random variables. Let a be a constant. Suppose that X, 25 X and
Y, i> a. Then

1. Y. X, 2 ax

2. Xp+ Yo 2 X +a

Example 115
Let X1, Xo, ... be standard normal random variables with a limit X ~ N(0,1). Let g(x) = x. Then

g(Xi) = X? 2 x(1).

Example 116

(Normal approximation with estimated variance). Suppose that we have

@ B>N(O, 1)

where o is unknown. We can plug in our sample variance estimator S2. We are interested in the distribution of:

V(X - 1)
Sn

We know that the sample variance estimator is a consistent estimator, so we have that:

5HZ2=1

alq

o
Sn
Then, by multiplying and dividing by o, and invoking Slutsky’s theorem, we have that

V(X =) o /(X —p)
g

D
S =5 = N(0,1).

Proposition 117 (Sample Variance Estimator is Consistent)

Let X1, X», ... be i.i.d random variables with mean p and variance 2. Then, the estimator of the variance:

1 < —
A2 L 2
o= — §i=1(x, X) (53)

is a consistent estimator of o2,
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Proof. First, we can rewrite the sample variance estimator as:

n 1< 1< 2
52 = Y X[ 2Y X
(A) A,—/ %/_/
(B) (©

We now analyse each of these terms.

For (A), we have that clearly:
n 1

o1 1-1n &
Now for (B), recall that Var[X] = E[X?] — E[X]?. We have that:

E[X?] = 0% + u?

if E[X] = and Var[X] = o2.

Now, we know that Xi, ..., X,, are i.i.d and g(x) = x? is a continuous function. This implies that g(X;) = X? is
also i.i.d. Hence, we have a sequence of i.i.d random variables with finite first moment. We can apply the weak law
of large numbers to (B) to get:

n
% S X2 B EX?] = 0? + 2.
i=1
We now look at (C). We have that for the term inside the square, we can again apply the weak law of large

numbers: .
1
— E X,' ﬁ) K.
n 4
=1

Then, we can apply the continuous mapping theorem
1 n 2 p ) )
S X)) = (w =t
i=1

We now bring everything together. We first notice that f(a, b) = a — b is a continuous function, so we can apply
the continuous mapping theorem to conclude:

n

n 2

L 1 2 1 ) P 2 2 2| _ 2

an_n_l(n;x,_(n;xl) )%1[(0 ﬂu—ﬂ]_o
(B) (@]

Therefore, we have shown that:

n—o0o

is a consistent estimator. O

5.1.3 Central Limit Theorem

The central limit theorem states that the standardised mean, rescaled by +/n, converges in distribution to a standard
normal. That is, if X1, ..., X, are i.i.d random variables with finite mean E[X;] = u and variance Var[X;] = 02 > 0,

then: . -
[X,, —E[X,]

\/Var[X,]

] 2 N (0, 1) (54)
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whereby X, is the sample average. However, we know that:
E[yn] =K

and
2

— o
Var[X,|= —
n
Therefore, we can rewrite the central limit theorem as:

|:Xn_.u'

v/ a2/n

This gives us the more familiar form of the central limit theorem.

]%N(o,n

Theorem 118 (Lindeberg—Lévy Central Limit Theorem)
Let Xi,..., X, be i.i.d random variables with finite mean E[X;] = u and variance Var[X;] = 0 > 0. Then, the

standardised sample average has the following limiting distribution:

Yn_/J/
g

ﬁ{ } 2 N(0,1). (55)

We also state the central limit theorem for random vectors.

Theorem 119 (Central Limit Theorem for Random Vectors)
Suppose that zi, 25, ..., z, are independent and identically distributed random vectors with E[z] = @ and finite
covariance matrix Var[zj] = X. Denote Z, = %27:1 z; as the vector of sample means for a sample of size n.

Then, the central limit theorem states that:

Vi[z,—u] 2 N, 5). (56)
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Example 120
(Asymptotic Normality of t-statistic) Define the t-test statistic:

_ Vn(Xn — 1)

n
62

In the numerator, we have the central limit theorem:
- D
Vn(X, —u) = N(0,0%).

In the denominator, we know that the sample variance estimator is consistent:

62 5 o2,
By the continuous mapping theorem ) .
P
PR— _> PR—
V62 Vo2
Now, we can apply Slutsky’s theorem to the t-test statistic to get:
Vn(Xn — ) o, 1
By = — UN(O 0?) = N(0,1)

which only holds if 02 > 0 due to the continuous mapping theorem.

5.1.4 Delta Method

Sometimes we are interested in the distribution of a function of a random variable. The delta method tells us the
limiting distribution of g(X,). For intuition, we take a first-order Taylor approximation of g(X,) and show that the
remainder is asymptotically negligible.

Theorem 121 (Delta Method)

Let X, be a sequence of random variables such that
Va(X, — 1) 2 N(0,0°) (57)
Suppose that we have a continuously differentiable function g : R — R. Then, the delta method states that:
Vi(g(Xa) = g(w) = N (0,0%[g (w)]") (58)

provided that g'(u) exists.

Proof. (Sketch). Differentiability at u gives the first-order expansion

9(Xn) = g(p) = g'(w)(Xn — ) + 0p(|1Xn — ul).

Multiplying by 1/n and using the assumed limiting distribution yields

Vn(g(Xn) — g(w)) = g'(w)vn(X, — ) + 0p(1).
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Slutsky's theorem therefore gives

Vi(9(Xa) = g(w)) 2 N(0,02[g (1)]°).

An alternative way to think about the delta method is to think that g(X,) is asymptotically normal:

or ./ 2
a0 2 N (o, L)

However, it is important to note that this is an approximation as it uses a Taylor series approximation!!!

Example 122
(Squared Sample Average). Suppose X, ..., X, are i.i.d with E[X;] = u and Var[X;] = 02. We are interested in

the limiting distribution of Yi. By the central limit theorem
V(X — 1) = N(0,02).

Define g(y) = y? so that:

— —
g(Xn) = Xn

and
g(w) = > = g'(u) = 2u

This means that
(9'(n))? = 4u°.

We can therefore apply the delta method formula to conclude that:
2 D
Vin(X;, = u?) = N(0, 4u?0?).

However, at u = 0, we must treat this differently as we get a degenerate distribution A(0, 0).

First, we notice for u = 0,
V(X —0) = (X)) 2 N(0,02) = oN(0,1)
by the central limit theorem. Therefore, we have that:

(\/nk,,)2 =nX> 2 (6N(0,1))? = o2x3(1).
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Example 123
(Average of Poisson Random Variables). Let X1, ..., X, be i.i.d Pois(\). Define

_ 1<
Xn:E’z:;X,-

We know E[X;] = Var[X|] = \.

By central limit theorem o
Xn—A

VA

ﬁ[ ] 2, (0, 1)

or

V(X — ) 2 N0, ).

Apply g(x) = v/x. We have that:
9(Xn) = /X g0 =V

Then we have

)\71/2
/ _
g =—
and st
/ 2 _
CLVE

Then, by delta theorem:

ViR - V) 2 A_21/2/\/(0, A) = N(O, %x) — N(O, %)_

This is known as a variance stabilising transformation as the variance no longer depends on A.

Remark 124. Note that we are saying that for every possible parameter value 6, our estimator 6 needs to converge in

probability to the true parameter 6.

5.2 Stochastic Order

We now are interested in formalising the ideas we have talked about so far regarding convergence of random variables.
What we will talk about here is similar to convergence for ordinary sequences, but for random variables. Therefore,

probabilities will play an important role. First, we ignore probabilities.

Definition 125 (Big-Oh)
Let {a,}52, be a sequence of constants. We say that a, = O(1) if there exists a constant C such that

lan| < C

for all n > 1.

Remark 126. This is saying that the sequence {a,}°°, is bounded by the constant C.

Generally, if we have two sequences of constants {a,}%; and {b,}°2;, we want to be able to relate them to each

other. The following definition shows us how:
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Definition 127 (Big-Oh Part Two)
Let {a,}5, and {b,}52; be sequences of constants. Then, we can write that a, = O(b,) if
dn

Remark 128. This is equivalent to saying that the sequence of ratios is bounded

for all n > 1. We can see that O(1) is a special case of O(b,) whereby b, = 1.

Definition 129 (Little-Oh)
Let {a,}5°, be a sequence of constants. Then, suppose that:

a, — 0

We can then write that a, = o(1).

Remark 130. Note that this is referring to ordinary convergence of sequences going to 0.

Example 131

Let a, = % Clearly

as n — oo. Then, we can write that a, = o(1).

Definition 132 (Little-Oh Part Two)
Let {a,}5, and {b,}22; be sequences of constants. Then, suppose that:

an
— =0
b

We can then write that a, = o(b,).

Remark 133. /f you compare this definition to our first definition of o(1), a, = o(1) is the case of a, = o(b,) where
b, =1.

We now want to talk about what it means for a random variable to be bounded. Since it is a random variable,
it does not make sense to talk about being bounded without involving probabilities. Therefore, we can show how to

define what it means for a random variable being stochastically bounded.
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Definition 134 (Bounded in probability)
Let {X,}52, be a sequence of random variables. We say that the sequence of random variables X, is bounded

in probability if for every € > 0, there exists constants § and N such that
]P’[|Xn| > 6] <€

for all n > N. We write that
Xpn = Op(1) (59)

Like what we did before, we can also extend our definition of being bounded in probability.

Definition 135 (Bounded in probability Part Two)
Let {X,}°, be a sequence of random variables and let {a,}52; be a sequence of constants. We say that the
sequence of random variables is bounded in probability if for every € > 0, there exists constants § and N such
that
]P’[|;<:| > 6] <€
for all n > N. We write that
Xn = Op(an) (60)

Let us break down what this is saying. We are saying that if we take our sequence of random variables X,,, divide
it by our sequence of constants a,, then the probability that this ratio X,/a, is greater than § is smaller than € (which
we defined to be a small number) for all random variables X, where their index n > N. N here could be any number

such as 100. If that was the case, then that means Xio1, X102, X103, ... Will all satisfy this property:

IP[|X”| > 6] <€
an

for n > 101.
We can also define an equivalent to little o in terms of probability.
Definition 136 (Little op)
Let {X,}%2; be a sequence of random variables. We say that X, converges in probability to zero if for every
€ >0,
lim IP(IXnI > e) =0 (61)
n—oo
That is,
P
Xp—0
We write that
Xn = 0p(1) (62)

48



Definition 137 (Little op Part Two)
Let {X,}%°, be a sequence of random variables and let {a,}52; be a sequence of nonzero constants. We say that

Xn/an converges in probability to zero if for every € > 0,

X
lim IP’(’" > e) =0 (63)
n—oo a,.,
That is,
LN
dn
We write that
Xn = 0p(an) (64)

When we talk about big-oh and little-oh notation, we are not actually talking about strict equality i.e. X = 0,(1).
It is instead a way for us to write the limits or talk about the convergence of random variables.

Example 138

Suppose that we have a sequence of random variables {X,} such that it converges in probability to X:
X, 5 X
Then, we can rewrite our expression for X, as
Xn =X+ 0p(1)

which is another way of writing that the difference X,, — X goes to zero in probability.

We now show some interesting properties of O, and op.

Lemma 139

0p(1) + 0p(1) = 0p(1)

Example 140
Suppose that X, = o0p(1) and Y, = 0p(1). This implies that X, %, 0 and Y, L} Then, by the continuous
mapping theorem

X, +Y, 50

Lemma 141

Op(1) + 0p(1) = Op(1)

Proof. If one term is bounded in probability whilst the other term is going to 0, then the sum of the two will also be
bounded in probability. O
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Lemma 142

Op(1)0p(1) = 0p(1)

Proof. If one term is bounded in probability and the other term goes to 0 in probability, then their product will also go

to 0 in probability. O
Lemma 143
Let A be a nonzero constant. Then
0p(A) = Ax 0,(1)
Proof. Suppose that X, = o,(A). This implies that % = 0p(1). Then, we get that
Xn = Aop(1).
O

Theorem 144 (Convergence in distribution with big oh-pee)
If X, 2 X, then X, = O,p(1).

Theorem 145 (Little oh-pee implies big oh-pee)
If X, = 0p(an), then X, = Op(ay).

Remark 146. Little oh-pee is a stronger property than big oh-pee.

Proposition 147 (Linking deterministic and stochastic order)

Deterministic order implies stochastic order:
1. If X, = 0(1) then X, = 0,(1)

2. If X, = O(1) then X, = O,(1)

Example 148
Suppose that we have that n~! — 0 and X, B x. First, we have that X, = Op,(1). We also have that
n~t = o(1) = o0,(1). Therefore, we can conclude that:

N~ X, = 0p(1)0p(1) = 0p(1).
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6 Maximum Likelihood Estimation

6.1 Introduction and Set Up
Suppose we had observed data y = (1, ..., ¥»). We assume that this data has the joint probability density:
F(y:0)=f(y1, ... ¥n: 0)

We assume that the model is correctly specified. This means that there exists a parameter 8y € © such that the

data is actually generated by the density function:
y ~ (- 60).

Here, the data is fixed whilst the parameter 0 varies.

Definition 149 (Likelihood Function)
The likelihood function for y is defined as:

L(O;y)=1f(y.0) (65)

where f(y;0) is the joint density function of y. The log-likelihood function is the logarithm of the likelihood

function:
£(0;y) =log(L(8:y)). (66)

In general, it is easier to compute the likelihood function if the observations are i.i.d.

Proposition 150 (Likelihood Function Under I.1.D Data)
Suppose that the observations yi, ..., ¥, are i.i.d. Then, the likelihood function for y is:
n
L(0:y) =] v 6). (67)
i=1
The log-likelihood function is given by:
n
6;y) =log(L(6:y)) = _log(f(y:; )) (68)
i=1

Remark 151. Suppose that we fixed the parameter 8. Now, a very important thing to realise is that £(0;y) is a

random variable as it is just a function of the random variables y when we fixed 6.

The likelihood function measures the relative support that the observed data y provide for different values of the
parameter 8. Given this, we want to find the parameter value with the greatest likelihood. This leads us to the

maximum likelihood estimator.
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Definition 152 (Maximum Likelihood Estimator)
The maximum likelihood estimator is the estimator 8y, g of the parameter 6 that maximises the (log) likelihood
function given the data y. That is,

Opie = argmax £(8;y) = arg max4(8; y)
0co 6co

Remark 153. Notice that due to monotonicity, maximising the likelihood function or the log-likelihood function gives

us the same result for the MLE.

The maximum likelihood estimator QMLE maximises the log-likelihood function such that for any other estimator

LOmiery) > L8 y)

for all possible parameters 8 € ©.

6.2 Score Function and Fisher Information Matrix

We have defined the log-likelihood function and the MLE as the estimate that maximises this function. Hence, MLE is
the process of finding the maximum of the log-likelihood function. Now, the sharper the curvature of the log-likelihood
function around the maximum point, the more accurate it will be to locate this maximum point. The more curved a
log-likelihood function is, the more accurate our MLE will be. Hence, we are interested in analysing the derivatives of

the log-likelihood function. These derivatives have important names in Statistics.

Definition 154 (Score Function)
The random variable that is the first order derivatives of the log-likelihood function is called the Score function:

04(8;y)
o0

(69)

The Score function indicates the steepness of the log-likelihood function and thereby the sensitivity to infinitesimal

changes to the parameter values.

Example 155
Suppose that Y; ~ N (u, 02). Then, the score function is given by:

o00(0;y) (oL oL\’
00 ou' o2 ) -

We can in fact characterise the MLE by the Score function.

Proposition 156 (Necessary Conditions for MLE)
Suppose that the log-likelihood function £(8; y) is differentiable and concave and that the MLE is an interior point
of ©. Then, the necessary condition for the MLE is that the Score function is equal to zero:

0e(6:y) _

50 0.
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Proof. This immediately follows from the maximisation program for the MLE:
O e = argmax £(8;y) = arg max £(6; y).
6co 6co
O

As the Score function is a random variable, we want to compute the expectation and the variance of the this

random variable.

Proposition 157 (Expectation of Score Function)
Suppose that the support of y does not depend on 6 and that differentiation and integration can be interchanged.

Then, the expectation of the score function is zero:

£, [29] g -

Proof. First, recall that by definition of a probability density function:
/ f(y;0)dy =1
y

where ) is the support of the random variable y. Now, differentiate both sides with respect to 6:

of(y;0)
/3)60 dy=20

Now, divide and multiply by f(y; 8) on the left hand side:
of (v:6)
58 .
f(y;8)dy =0 71
Ly ) (v:6)dy (71)

Now notice that in Eq. (71), the first term in the integral is actually the derivative of the logarithm of the density

function by the chain rule:

o8 in(f(y;8))  6(6)
fly;0) a0 M "o

whereby =(;) is the realisation that the derivative of the log density is the definition of the score function! We can

then plug this into Eq. (71) to get:
0
/ o )f(y;e)dyzo
y

00
However, this by definition is just the expectation of the score function with respect to the density of the random

variable y, so we can replace the left hand side with the expectation of the score function and we are done:

SO
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Proposition 158 (Variance of Score Function)
Under the same regularity conditions as above, the variance of the score vector is the negative of the expectation

of the Hessian of the log-likelihood function:

Var[ae(e)} _ E[a%(e)] (72)

00 06067

Proof. First, we use the fact that the Score function has an expectation of zero:

00(6) o0e) ., . .

Now, we differentiate with respect to 8 (and assume we can interchange differentiation and integration):

/y 9 {ae(e) f(y; 9)} dy=0

807 | 06

o [ [Grrtrio+ AN IO, -
o [ e o
[[59- 4250 00 o

02(0) . ou(0) 0e(6) .,
/yaeaeT flyi6)dy + | =56 ggr ' (¥:6)dy =0

<

<

<

Both integrals are just expectations with respect to y:
824(8) 00(0)\ [ 02(6)\ "
E E || == || ==~ =
y{aeaeT] + y[( AN 0
So then we have that the second moment of the score function is given by the negative expectation of the Hessian of

2 [(%5) (5) | == 5]

Now, we know that the score function has mean zero, this then implies for the variance of the score function:

o] s [(%5) (%) | =%a e ) == [(8) (%0) ] -

the log-likelihood function:

We can then plug in our expression for the second moment to get our desired result:

008)]  _ [0%2(8)]
Var[ o0 |~ y{aeaeﬁ

The variance of the Score function actually has an important name in Statistics.
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Definition 159 (Fisher Information Matrix)
The Fisher Information matrix is the variance of the Score function:

a2e(e)]

1(8) = _E{aeaeT (73)

Notice, that the Fisher information matrix is the negative of the expectation of the Hessian of the log-likelihood
function £(@). This is also equivalent to saying that it is the negative of the expectation of the gradient of the Score

function (which itself is the derivative of the log-likelihood function):

oM(e) 0 [62(6)]

o0

00007 067

Now, this derivative of the Score function without taking the expectation also has an important name in Statistics.

Definition 160 (Observed Fisher Information Matrix)
The Observed Fisher Information matrix is the gradient of the Score function:

824(8)

50007 (74)

Io(e) =

Remark 161. Notice that the Fisher Information matrix and the Observed Fisher Information matrix are very similar
objects. The only difference is that the Fisher Information matrix has an expectation operator whilst the Observed
Fisher Information matrix does not. In practice, we would compute the Observed Fisher information matrix by comput-
ing the Hessian of the log-likelihood function. We would then take the expectation of the Observed Fisher information

matrix to retrieve the Fisher Information matrix.
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Example 162
(Geometric Distribution). Suppose we had X = (Xj, ..., X,;) i.i.d random variables whereby X; ~ Geo(p) with

the probability density function:
Pr(Xi=x)=(1—-7m)r

forx, =0,1,....
The log-likelihood function is given by:

n

£(m; X) = Zn: log(Pr(X; = x)) = Z {x,- log(1 — ) + Iog(w)] = n[xlog(1 — ) + log()]

i=1
whereby X is the sample mean.

The Score function is given by:

dm T 1l-

We can solve for the maximum likelihood estimator by setting the Score function to zero and solving for

(Foe ~ )
n| —= = — =0
Tvmee 1 —Tmie
1
1+X%
The Observed Fisher Information matrix is the negative of the derivative of the Score function:

=] - (2 E )] o+ e

We now want to compute the Fisher Information matrix. To do so, we take the expectation of the Fisher

) _ (1 %)

to get:

= TMLE =

Information matrix (remember that we need only x is the random variable here):

b ] - 2

Now, the expectation of a Geometric random variable is E[X;] = (1 — ) /7. This implies that the expectation

of the sample average is:
1—m 1—m

=

Us U

Elx] = - Y Elx] = ~(n
=1

Therefore, we plug this in to get our final expression for the Fisher information matrix:

n nE[X] n nix n
=S+ ——5=—+ = .
m™ (1-m2 7w (1-m)2 72(1—m)

We are usually interested in comparing the performance of estimators. In particular, we usually compare the
efficiency between estimators. However, for technical reasons, we usually require to restrict our attention to the class
of estimators that are unbiased. Within this class of estimators, we can actually derive what is the lowest variance
that any unbiased estimator can achieve. This is known as the Cramer-Rao lower bound and it turns out that in

fact, it is the inverse of the Fisher Information matrix.
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Theorem 163 (Cramer—Rao Lower Bound)
Let A(-) be an unbiased estimator and suppose that the usual regularity conditions hold. Then the covariance
matrix of any unbiased estimator is bounded below, in the positive-semidefinite ordering, by the inverse of the

Fisher Information matrix:
Var[8] = 1(6)7*. (75)

Therefore, if we have an unbiased estimator § and it has a variance that is equal to the inverse of the Fisher
Information matrix, then this estimator has achieved the lowest possible variance any unbiased estimator can achieve

and is hence efficient.

6.3 MLE for Regression

Suppose that we had the data (y;, x;) where y; is the outcome and x; are the covariates. Then, a key assumption is
that we can factor the joint density as:
p(y. x;8) = a(ylx:; 8)r(x) (76)

whereby the joint density can be written as a product of the conditional density and the marginal density. Notice
that g depends on the parameter 8 but the marginal density r does not.
Under the assumption of i.i.d data, this means we can write the conditional log-likelihood as:

2,(8) = log(p(yi, x;:8)) = > log(a(yilxi;:6)) + Y log(r(x;))
=1 =1 =1

However, notice that when we are maximising over 6, the second term does not contain @ and hence we can drop

it. Therefore, the conditional log-likelihood is given by:

2,(8) = log(a(yi|x: 6)) (77)

i=1

You can then maximise this to find your estimator.

6.3.1 Homoskedastic Gaussian Regression

We show how to derive the MLE for a regression model with Gaussian error terms. Suppose we had the linear regression

model:

vilxi ~ N(x B, 0%) (78)

which is equivalent to writing:
i =x/B+ou;

where u; ~ N(0,1) and is independent of x;. Here, we want to estimate both B and o. Now, the joint density

function p(-) is given by the conditional density g(-) times the marginal density r(-):
ply. X:B.0) = q(y|X:B.0) - r(x).

Now, when we take logs, we can see that the marginal density r(x) does not depend on B or o so we can ignore
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it. Then, we can then write the conditional log-likelihood as:

258, 0) Zlog{q(y,|x, B.o)}

2"’9{0 (=)}

1 n
:——Iog (2mo?) 2—2_: yi —x! B)?,

Now, if we wanted to find the estimator for B, we can see that only the second term depends on B. Therefore, we

need to find a maximum likelihood estimator f} that minimises the sum of squares:
n
Z(yl - X/'Tﬁ)Q'
i=1

However, this is just the definition of the OLS estimator! This gives us a useful result.

Theorem 164 (OLS and MLE Coincide)

The OLS estimator and the MLE estimator coincide for B in the linear regression model with Gaussian error terms.

Now, it can be shown that taking first order conditions, we can derive the MLE 62 to be:

1 ~
Ge=-> (vi—xB) (79)

i=1

This differs from the unbiased OLS variance estimator, which divides the residual sum of squares by n — K.

We now show a similar argument using a multivariate normal distribution.

Definition 165 (Multivariate Normal Distribution)
The nx 1 random vector Z has the multivariate normal distribution Z ~ A (u, ) if its probability density function
is:

2(Z = a) = (2m) "3 : ( e a- u)). (80)

1
Jdet(x) |

Now, suppose we had the classical linear regression model with stochastic regressors and conditional normality on
the error terms:
y =XB +u where ulX ~ N(0,5°)

where | is the n X n identity matrix.
This is equivalent to writing that:
y|X ~ N(XB, 1) (81)

Matching this to our notation for the multivariate normal, we can see that the mean and variance are:
p=XB and X =02l

Therefore, the conditional density of y given X is:

_ 2\—n/2 _
f(y|X) = (2mo?) exp( o

L y-xB)(y - xm) (82)
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We can then derive the conditional likelihood function by taking the summation over the sample:

n n - - X T - X
LB, 0%) = (27) " 2(0%) "2 exp ( v ﬁ22;2(y B) ) (83)
We can then take the logarithm to get the log-likelihood function:
2 n n 2 1 T
¢B.0%) = —5log(2m) — S log(0”) — 75 (y = XB) " (y — XB) (84)

Again, notice that only the final term depends on B. Since the quadratic enters with a negative sign, to find the

MLE for B, we minimise:
(y—XB)" (y — XB) (85)

which is equivalent to minimising the sum of squared errors with respect to 8. Therefore, again we find that the
conditional maximum likelihood estimator By in the classical linear regression model with normally distributed errors
is identical to the OLS estimator Boys. Similarly, we can derive the MLE of the variance to be:

AT A
) a'a

Ome = —~ (86)

6.4 Asymptotic Theory

The MLE has some really nice properties.

Theorem 166 (Consistency of MLE)

Under standard regularity and identification conditions, the MLE is a consistent estimator
A P
BMLE — 00 (87)

where 0 is the true parameter value.

Proof. First, for each value 8 € ©, we have that the average log-likelihood is given by:
_ 1<
£,(0) = - z; log(p(xi; 8))
=

Now, notice that as @ is fixed, this means that log(p(x;; 8)) are i.i.d random variables. Therefore, we can apply the

weak law of large numbers:
%Zlog(p(xnﬂ)) L5 Egyllog(p(x;: 0))] :/ log(p(w; 8))p(w; 8o) dw
i=1 x

where notice that the expectation is taken with respect to the true population value 6.
Heuristically, we can say that the average log-likelihood £,(8) — £,(8) which is the true log-likelihood.
Now, we want to argue heuristically:
e = argmaxZ,(8) = arg max £o(6) = 6o (88)
6co 6co
or

A P
OmLe — 6o
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where 0y is the true value. We hand wave our argument and say that since £,(8) — £,(8) then as the functions:
2,(BmiLE) — £o(6o)

then the maximiser:
N P
OMLE — 00.

Note that to rigorously make this argument, we need to show uniform convergence, not pointwise convergence.
O

We also have the distribution of the MLE.

Theorem 167 (MLE is Asymptotically Normal)

Under standard regularity and identification conditions, the MLE is asymptotically normal:
"2 (e — 60) = N(0, HISH™) (89)

where H = —IE[6%¢;(8,)/(06007)], S = E[04,(80)/08 0¢;(8y)/88"] is the variance of the individual score, and g

is the true parameter value.

Fortunately, we can simplify this expression for the asymptotic distribution of the MLE.

Theorem 168 (Efficiency of MLE)
Suppose that the model is correctly specified and the standard regularity conditions hold. Then, the information

matrix equality gives H = S and the MLE attains the Cramer—Rao lower bound:

nl/Q(éMLE *90) R)./\/'(O,Hil) (90)

6.5 Hypothesis Testing

We now look at three different types of tests.

6.5.1 Likelihood Ratio Test

The intuition for the likelihood ratio test is as follows. Suppose we have an unrestricted model where the parameter
space is ©. From this, we can compute the maximum likelihood of the model under this space of parameters:

i

Now, suppose we impose a restriction R which shrinks the parameter space to ©r C ©. Now, as this is a smaller

set, the maximum likelihood over this space should be smaller:

g A0

The question is how big of a drop in the likelihood this restriction creates. The bigger the drop, the more likely we

are to reject the null hypothesis. We can also show that the resulting test statistic is asymptotically x?.
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Definition 169 (Likelihood Ratio Test)
Let © be the unrestricted parameter space. Let ©r be the restricted parameter space under the hypothesis Hg.
Then, the likelihood-ratio statistic is defined as:

MaXgeok £(0)

LR = —2log [ maxaco L£(6)

] - —2{1&(%) —8(9)} 2 x2(p) (91)

under the null hypothesis, where 8 and 8 are the unrestricted and restricted maximum likelihood estimators and
p=dimO — dim ©.

6.5.2 Wald Test

The Wald test asks the question on how big is the distance between the unrestricted estimator @ and the restricted

estimator O in the parameter space 8 € © = R¥ under the null hypothesis:

Ho:R™@=r
for some known restriction R € R¥*P and r € RP.
Definition 170 (Wald Test Statistic)
The Wald test statistic is given by:
W=(RTo-rT [RT[I(G)}lR} 71(RT9 — 123 (92)

where [ is the Fisher information matrix.

6.5.3 Lagrange Multiplier Test

First, recall that the score function is zero when evaluated the maximum likelihood estimator. In this case, it is zero
when evaluated at the unrestricted maximum likelihood estimator 8. The Lagrange Multiplier test looks at the value
of the score at the restricted estimator éR, knowing that this won't be zero and compares it to the score function

evaluated at the unrestricted MLE. The test statistic associated is also asymptotically 2.

Definition 171 (LM Test)
The Lagrange Multiplier test statistic is given by:

LM = [66e)] [l(ém} R 2 x2(0) (93)

where I is the Fisher information matrix and £(8) is the Score function.

61



7 The General Regression Model

7.1 Sample and Population Models

This section recaps the things we have covered so far and re-establish notation for the following sections. We are

interested in single equation linear models of the form:

Yi = Bixii + Boxoj + ... + BrXki + Uj

(94)

whereby for each observation i, we have a scalar outcome variable y;, an error term wu;, and a set of K explanatory
variables xi;, Xo;, ..., Xkj. We then have a sample of n observations indexed by i = 1,2,...,n. The linearity of this model

refers to the fact that the parameters (1, ..., B¢ and the error term u; enter the model additively.

We now denote x; and B to be the K x 1 column vectors

X B1

Xoj Bo
xi= | and B =

| Xk | rsry

We can therefore rewrite Eq. (94) as:

y,-:x,-Tﬁ—Fu,' fori=1,...,n.

(95)

In Eq. (95), this refers to the linear model for a sample. If we drop the subscripts, we get the population model:

y=x"B+u (96)
Definition 172 (Population Linear Model)
The matrix representation of the population version of the linear model is given by:

_ T

y=x'B+u (97)
Definition 173 (Sample Linear Model)
The matrix representation of the sample version of the linear model is given by:

yi=x'B+u fori=1,.n. (98)
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Finally, we can stack the observations in Eq. (95) to have the vectors and matrices:

321 X1 X111 X1 - . . XK1 th
T
Y2 X5 X2 X2 . . . XKk2 B
y = X = = u =
T
| Vn | 1 Xn | X1n Xon - - . Xkn] LUn |

Here, y, u are both n x 1 vectors whilst X is a n x K matrix whereby each row represents all K observed regressors

associated to a particular observation.

Definition 174 (Matrix Representation of Sample Linear Model)
The matrix representation of the sample version of the linear model is given by:

y=XB+u (99)

We are interested in estimating the parameter vector @ from the data on y; and xy;, ..., xx; forasampleof i =1, ..., n

observations. The Ordinary Least Squares (OLS) estimator finds the parameter vector @ which minimizes the sum

of the squared errors u;(8) = y; — x/ B:

Bovrs = argﬁmin Z v (B) = argﬁmin uB) uB) = argﬁmin(y - XB) (y — XB) (100)
i=1

Definition 175 (Ordinary Least Squares Estimator)

The ordinary least squares estimator is the solution to the problem:

Bovs = argﬁmin(y —XB)" (v - XB) (101)

We can then take first order conditions of the ordinary least squares estimator problem and arrive at the system of

K normal equations for the K unknown elements of 3:
X'y =X"XB (102)

If we know that the inverse (X7 X)~! exist, then the parameter vector B which minimises the sum of squared

residuals is given by:
Bovs = (XTX)'XTy (103)

This can be written in summation form:
n —1 n
Bots = (ZXfX,T> (ZXU/,) (104)
i=1 i=1

whereby we recall that y; = x,-Tﬁ + u;j whereby x; is a K x 1 vector.
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7.2 General Regression Model

We are interested in predicting the value taken by y; using only the information taken by the random variables in
x;. We can write our predictions using our regressors in the form: h(x;) whereby h(x;) is a function that maps from
the K-dimensional vector x; into the scalars. To measure how good our prediction, we can use the measure of mean

squared error:
E[(yi — h(x;))?].

The question is, what function h(-) can minimise the mean squared error of our prediction? The following theorem

gives us the answer.

Theorem 176 (Unique Minimiser of Mean Squared Error)

The function h*(x;) that minimises the mean squared error:
MSE(h) = E[{y; - h(x)}’] (105)
is unique and given by the conditional expectation function

h*(x;) = Elyi|xi]. (106)

This is why the conditional expectation function is really important for us. We now generalise our framework by
introducing the general regression model. We then see that we can have two submodels arising from this: the linear

regression model and the linear projection model.

Definition 177 (General Regression Model)

The general regression model with additive errors can be written as:
y =E[y|X]+u (107)

which is the additive decomposition of the random vector y into its conditional expectation given X and a vector

of additive deviations u from this conditional expectation.

We get an interesting result regarding the conditional expectation.

Theorem 178 (Orthogonality Property of the Conditional Expectation Function)
The conditional expectation h*(x;) = E[y;j|x;] has the following orthogonal property that for every other bounded

function g(x;):

| {1 10 ot | =0 (108)

We get the following properties for the conditional expectation which follows from the orthogonality property of

the conditional expectation function.
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Corollary 179

We have the following properties for the conditional expectation function.
« If x; is a constant, then E[y;|x;] = E[y/];
« If y; and x; are independent, then E[y;|x;] = E[yi];

« If z; is independent of (y;, x;) then Ely;|x;, z] = E[y;|x];

We can now define our first submodel.

Definition 180 (Linear Regression Model)

A linear regression model is obtained if the conditional expectation of y given X is a linear function of X:
Ely|X] = XB. (109)
This implies that the general regression model:

y =E[y|X]+u

becomes
y=XB+u (110)

The OLS estimator is really good in this linear regression model framework as it is able to estimate 8 under certain
conditions. However, it is not the case that the conditional expectation is a linear function E[y|X] = XB. In other
words, we do not necessarily have that the true data generating process is:

y =Ely|X] +u=XB + u.

Whilst this may not be the true data generating process for our population data, we may still be interested in the
linear projection of the population outcome variable y on the population regressors X. The conditional expectation is
the best unrestricted predictor under mean squared error, whereas the linear projection is the best predictor within the

class of linear functions of X.

Definition 181 (Linear Projection Model)
The linear projection model is when we do not assume that the conditional expectation is a linear function, but

we are still interested on the linear projection of y on X, which is denoted by

E*[y|X] = XB. (111)

To summarise, we say that in our population model y and X, we want to uncover the true relationship between the
two. First, it is important to note that we can always project y onto X (this is just linear algebra). If we then assume
that it is indeed the case that the relationship between the two variables is indeed that one is being projected onto the
other, then we are under the linear regression model framework. This assumption of the outcome y being a projection
onto the regressor X comes from the assumption that the conditional expectation is a linear function E[y|X] = XB.
If we do not make the assumption that the true relationship between the two variables is that y is a projection onto

X, we can still analyse this projection even though it is not the true relationship. This is the linear projection model.
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7.3 Classical Linear Regression Models

We are now interested in establishing properties of the OLS estimators. However, in order to do so, we need to
make more assumptions. We can first make assumptions that gives us properties that hold under finite samples.
Alternatively, we can make assumptions that gives us properties that hold asymptotically.

Assumption 182 (Linear Conditional Expectation)

The conditional expectation of y given X is linear:

Ely|X] = XB (112)
ElulX]=0 (113)
Remark 183. The assumption
ElulX]=0
is also known as strict exogeneity.
Assumption 184 (Conditional Homoskedasticity)
The conditional variance of y given X is:
Varly|X] = o?1 (114)
Varlu|X] = o°1 (115)
Assumption 185 (Full Rank)
The matrix X has full rank:
rank(X) = K (116)
with probability one.

Remark 186. The matrix X is a n x K matrix whereby we have that K < n. We know that the rank of a matrix is

at most either the minimum of the column or row rank of a matrix.

Assumption 187 (Independence of Observations)

We assume that observations (y;, x;) are independent over i = 1,2, ..., n, so that
Elyilxt, %2, ... x»] = Elyilx] = x/ B (117)

or equivalently
Eluj|x1, %2, ..., Xn] = E[ui|x;] = 0. (118)

Independence also gives us:
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Corollary 188

Independence of observations implies that:
Cov(yi, yjlx1, %2, ... xp) =0 (119)

or equivalently:
Cov(uj, Uj|x1, X2, ... Xp) =0 (120)

Corollary 189
Independence of observations together with the conditional-mean assumption implies that the error term u; for

observation i is uncorrelated with the explanatory variable x; for all /,; = 1,2, ..., n.
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7.4 Finite Properties in Regression Models

We now take the four assumptions stated in the previous subsection and show finite sample properties of the OLS
estimator.

Proposition 190 (Conditional Unbiasedness of OLS Estimator)

The OLS estimator has the conditional expectation

ElBors|X] = B. (121)

Proof.

ElBos|X] = E[(X" X)* X y|X]
=a) (XTX)T'XTEly|X]
=) (XTX)' X" XB
=p

whereby =(;) uses the fact that X is known when conditioned on X and =, uses the linear conditional expectation
assumption E[y|X] = XB. O

Theorem 191 (Unconditional Unbiasedness of OLS Estimator)
The OLS estimator is unbiased

ElBois] =B. (122)

Proof. We can apply the law of iterated expectations

ElBovs] =) E[E[Bos|X]] = E[B] =B

whereby we used the conditional expectation of the OLS estimator in =y, O

Theorem 192 (Conditional Variance of OLS Estimator)

Var[Bors|X] = o?(XTX)! (123)

Proof.

VarlBors|X] = Var[(XT X)X Ty|X]
= (XTX) ' X Varly| X](XTX)"'XT)"
= (XTX)' X Varly|X]X(XTX)™*
=) (XTX)IXTa?X(XTX) ™
=o?(XTX)IXTX(XT X)L
=o3(XTX)™?

whereby we used the symmetry of (X7 X)™ ! in =1y and the assumption of homoskedasticity in =(5). O
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Theorem 193 (Unconditional Variance of OLS Estimator)

When X is stochastic, the unconditional variance of the OLS estimator is given by:

VarlBors] = o’E[(XT X)71]. (124)

Theorem 194 (Conditional Gauss-Markov Theorem)

The conditional Gauss-Markov theorem is given by
Var[Bors|X] < Var[B|X] (125)

for any other unbiased estimator B that is a linear function of the random vector y conditional on X.

In practice, we don't know what o2 is but we would like to estimate it so that we can compute the conditional

variance Var[Bors|X] = 02(X7 X)~1. We can estimate it with the following estimator.

Proposition 195 (OLS Estimator of Variance)

The OLS estimator of the variance is given by:

AT A n s
. a’ i S0
Gdis = = T (126)

whereby i1 =y — XBo. s is the vector of OLS residuals and K is the number of regressors.

Proposition 196 (OLS Estimator of Variance is Unbiased)

The OLS estimator for the variance o2 is unbiased:

E[65.s] = 0°. (127)

Proof. First, we note that the fitted residual can be expressed as:

<

where M is the annihilator matrix. Proceeding further, we have that:

ia= My
= M[XB + u]
= MXB + Mu
=1) 0+ Mu

whereby =(q) follows from the fact that MX = 0. Therefore, we have that
= Mu
We can therefore write the residual sum of squares as:
i"d=u"M" Mu=u"Mu,
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where the last equality uses symmetry and idempotency of M. Now, we look at the conditional expectation:

E[a" d|X] = E[u” Mu|X]
=(1) E[tr(Muu')|X]
=(o) tr (ME[uu" |X])
= tr (Mo®1)
= o tr (M)
=@ 0*(n— K)

whereby =1y uses the trace representation of a quadratic form, =(,) uses the fact that M is known when conditioned
on X, and =4) uses the fact that the trace of M is (n — K).
We have therefore shown that:
E[a" d|X] = (n — K)o?.

Therefore, it immediately follows that a conditionally unbiased estimator of o2 is:

o] =

We can then use the law of iterated expectations to show that this is in fact unconditionally unbiased:

Therefore, the OLS estimator

is an unbiased estimator of the variance o2. O

7.5 Interpretation of Coefficients in Regression Models
Suppose we had 2 regressors so the multiple linear regression model:
y=X161+ Xof2 + u (128)

How can we interpret the coefficients B; and B,? We can interpret it as the result of running two separate
regressions which we shall outline below.

First, suppose we had the simple linear regression:
y=Xuy+r. (129)
We then have that the OLS estimator 4 would be:
=X X)) X]y. (130)

Now, also suppose we ran the regression:
X2:X15+f2. (131)
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We would have that the OLS estimator § would be:
dors = (X{ X1) 71 X] X.. (132)
Go back to Eq. (130) and plug in the multiple linear regression model:

Yors = (X{ X1) "' X y
= (X] X1) 7' X{ [XIBI + X252 + il
= (X7 X1) 71 X] X181 + (XT X)) 7EXT XoBo + (XT X)X
=) B1 +borsBo + (X{ X1) ' X{ @i
=p1+boLsP2 + 0
=B1 + boLsbB2
where =(;) comes from Eq. (132)
We therefore have that:

Yors = B1 + doLsBo (133)

We can see that the OLS estimator in the multiple linear regression does not equal the OLS estimator in the simple

linear regression 61 # 4oL s unless either:
1. B> = 0, so that X, has no estimated partial relationship with v,
2. 8o.5 = 0, so that X; and X, are orthogonal in the sample;

We can summarise it as this: the estimated coefficient in the multiple regression model considers the relationship

between y and Xy, controlling for the effect of Xo.

7.6 Inference in Regression Models

We are now interested in making statistical statements about our OLS point estimates B. However, in order to do so,

we need further assumptions. These assumptions can take one of two forms:

1. Make the assumption that u|X has a normal distribution and this will allow us to derive exact, finite sample

distribution properties of ﬁOL5|X;
2. Make no assumption on u|X but use asymptotics to derive distribution properties of BOLS\X.

In this section, we will look at the properties under finite samples by making the assumption of normality. We will

look at asymptotics in the next section.

7.6.1 Classical Linear Regression Model with Normally Distributed Error Terms

We state the assumption of normality on the error term.
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Assumption 197 (Classical Linear Regression Model with Normally Distributed Error Terms)

The classical linear regression model with normally distributed error terms can be stated as:

y=XB+u (134)
ulX ~ N(0,0°I) (135)
X has full rank with probability one. (136)

Alternatively, we can write:
y|IX ~ N(XB,o°1) (137)
X has full rank with probability one. (138)

We now get a useful result from this assumption of normality on the error term.

Theorem 198 (Conditional Normality of the OLS Estimator)
The conditional distribution of the OLS estimator is:

Bous|X ~N(B,a*(X"X)™) (139)

Proof. We know we can write the OLS estimator as:
Bors=B+ X" X)'X"u

We know that u|X ~ N(0, g21) by assumption.
We know that if t ~ A (u, ) and z = A+ Bt for fixed matrices A, B, then z ~ N (A+ Bu, BLZBT). Conditional

on X, the relevant matrices are fixed, so we can apply this to our OLS estimator expression:

B+ (XTX) ' XTuZ B+ (XTX)"'XTN(0, 02
=NB+X"X)IXT-0,(X"X) I XTo2IX(XT X))
= N(@B, A XTX)IXTX(XTX)™)
=N@B. o> (X" X))

Looking at
BoLs|X ~ N(B,a*(XTX)™)

we now want to construct test statistics.
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Proposition 199 (Marginal Distribution of OLS Estimator)
Suppose that
Bors|X ~ N (B, a*(X"X)™)

then we have that:
ﬁAkIXNN(ﬁk,ka) fork =1,...,.K (140)

where By is the k' element of Bors and vk = Var[Bk|X] is the k' diagonal element of Var[Bors|X] =

o?(XTX)L.

Proof. Immediately follows by the marginal distribution property of multivariate normal distributions! O

We have derived a conditional distribution result regarding the OLS estimator. Can we strengthen this to an
unconditional result? No! However, we can if we standardise our OLS estimator. Therefore, we will now show why

we standardise our OLS estimators when conducting hypothesis testing.

Theorem 200 (Unconditional Distribution of Standardised OLS Estimator)
The unconditional distribution of the standardised OLS estimator is given by:

(B — Bk N
zk<m) N(0,1) (141)

Proof. First, note that

w= () - () ()

We know that ék\X ~ N (B, vkk) so we then have

(o) ()& () = (G i

— %
N B . B ik
vV Vkk vV Vkk  Vkk
= N(0,1).
We therefore have that the conditional distribution is:
| X ~ N(0,1) (142)

However, notice that the conditional distribution does not contain X at all so therefore, we can actually conclude

that the unconditional distribution is:

zx ~N(0,1)

Remark 201. Note that we can derive an unconditional distribution result
Zje ~ N(O, ]_)
since the conditional distribution did not depend on X:

zk|X NN(O, 1)
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However, we cannot do the same for the conditional distribution of the OLS estimator:

BrlX ~ N (Br. vik)-
This is because the conditional distribution depends on X via the vy, term.

In practice, we do not know what vk is. We therefore need to estimate it. We can use the unbiased OLS estimator:

5 a’a
0oLs = n—K

to estimate 02 and then estimate Var[ﬁOLS\X] using:
VarlBors|X] =63, s(XT X)L

We denote U4« to be the k%" element on the main diagonal of \72\rL6AOL5|X].

Definition 202 (t-Statistic)
The t-statistic is given by:

- (B) - (52)

whereby sex = v/ Vi is called the standard error of the estimated parameter Bk.

A big issue is now that we previously knew the distribution
Bk — k>

Zx = ~N(0,1

= (222 ~ o

but since we replaced /v, with sex, this changes the finite sample distribution of the statistic. We now need to find
it.

Theorem 203 (Finite Sample Unconditional Distribution of t-statistic)

The (finite sample) unconditional distribution of the t-test statistic is given by:

where t(n — K) is the t-distribution with n — K degrees of freedom.

Proof. (The proof for this is quite long but very informative). First, we can rewrite

where we have already shown that zx ~ A/(0,1). We are interested in the expression

(Vi)
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First, recall that
Var[Bors|X] = a?(X"X)™!

If we let Q = (XTX) and gxx to be the k-th diagonal element of Q~, we have that
VVkk = 0/Gkk - and Uk = Gorsv/ Gkk

We therefore have that

(\/ka): O/ Qkk _ o (145)
A GoLs\/ Gk OoLs

We will keep this in mind later. We now look at the inverse as it is easier to derive the distribution of the inverse:
) 1 AT 1 T o
9oLs _ () (MY ) uuy_ (146)
02 02 n—K n—K 02 n—K

where we defined wy == ii" ii/c?. We make the following claim:

Claim 204.

Proof. By assumption of normality, we had that:
y=XB+u where u/X ~N(0,5°I)
Define z|X ~ N(0, I) so we can rewrite this as:
y=XB+oz
Now, recall that the fitted residual is the annihilator matrix M applied to the observed variable:

ﬁ:My:M[Xﬁ+Gz]
=(1) MXB + Moz
= Moz

where =1y uses the fact that MX = 0. We therefore have that the residual sum of squares:

i"i=(Moz)" Moz =0z"M" Moz
=(1) 0z Moz

=(2) 02ZTMZ

whereby =1 uses the fact that M is idempotent and =, uses the fact that o is a scalar. We therefore have that:

AT i 2, T\
wo — (u2u> _ <022 z> M2
o o

whereby z|X ~ N(0,1) and rank(M) = n — K by the properties of annihilator matrices. It is a known property of

quadratic forms that since z|X ~ A(0, 1) and M is a symmetric and idempotent matrix, we have that the scalar:

z"Mz|X ~ x*(rank(M)) = x*(n — K).
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We have shown therefore shown our intermediate claim that

AT
a
wo| X 2 (

1]

)X~ ).

We now go back to our earlier expression for the t-test statistic

o
= z
W\ 6015 )"

Zk

Goirs/o
Zk

V05.s/0°
@ wo/(n — K)

whereby =(qy uses Eq. (145) and =(,) uses Eq. (146). To recap, we now have the expression for our test statistic as:

te = S — (147)

wo/(n — K)

whereby we know that
Z X ~N(0,1) and  wo|X ~ x*(n— K).

We have a normal distribution divided by a x?-distribution. To show that this is a t-distribution, we need to show

that the numerator and the denominator are independent. We shall show this in our next claim.

Claim 205. z; and wq are independent after conditioning on X.

Proof. Let us take a look at our two expressions again:

Z :M and  wo = @
K v/ Vkk 0 02

We see that z is a function of 6OL5 and wg is a function of 4. We will instead show that any function of ﬁOLs and
any function of & are independent, which will imply the claim we are making.

First, write the OLS expression:
Bors = (XTX) I XTy = (X" X)'XT[XB+0z] =B +o(X" X)Xz
where z|X ~ N(0,1). We can rewrite this as:
Bois —B=0(X"X)"'X"z.

Now, consider the following random vector (these may seem like they come out of nowhere but will prove to be

useful):
dl = E = GMZ = MZ
o o
BoLs — XTX)"1xT
dz:fJOLzT ﬁZU( U) Z:(XTX)—leZ



Both M and (X7 X)~1XT are known when conditioned on X. Therefore, we have that:
X ~ NG, X ~ N, )

as z|X ~ N(0, I). Furthermore, we have that d|X is normally distributed whereby d = (d;, d»)". We can then show
that d; and d» are uncorrelated by first showing that:

(XTX)IXTM = (XTX)7IXT[1 — X(XTX)"1XT]
=(XTX)IXT —(XTX) I XTX(XTX)"1xT
= (X"TX)IXT —(X"X)"1XT =0.

It follows that
Cov[do, di|X] = (XTX)1X"MVar(z|X] = 0.

This means that dq, d> are uncorrelated conditioned on X. This then implies that d;, d» are independent since this is

a multivariate normal distribution. We can then rewrite:

a
dh=—l0=0d
o
Bois—B
do = R < Bors =B+ 0d>
whereby B, o are non-stochastic. This implies that conditioned on X, Bo.s and i are therefore independent. Hence,
we can conclude that conditional on X, any function of & and any function of Bo; s are independent. ]
Therefore,

tk(ﬁk—ﬁk) Zk
Vi wo/(n — K)
is the ratio of a standard normal random variable and the square root of an independent x? random variable divided by
its degrees of freedom. By Proposition 55, we can therefore conclude that the conditional distribution of the t-statistic
is:
te] X ~ t(n— K) (148)
As the conditional distribution of tx does not depend on X, this means that this holds for all X and we can in fact

state that the unconditional distribution is:
ty ~ t(n— K). (149)

O

Proposition 206 (Asymptotic Normality of t-statistic)
Denote v = n — K and let the finite-sample t-test statistic satisfy tx ~ t(v). Then

te 2= N(0,1) (150)

as n — oQ.

Proof. Write the t-statistic as

whereby z ~ N(0,1) and w ~ x?(v).

7



Looking at the denominator, we know that a x? random variable can be thought of as:

14
w = E z?
i=1

where z ~ N(0,1) for i = 1,2, ..., v are independent standard normal random variables. First, we note that

]E[Z,‘] =0

and
Var[z] = E[z"] —-E[z]? <« 1=E[z’]-0?

= E[zA] =1

Therefore, computing the first moment of w, we have:

Elw] = E[zu: 7]

= VE[Z]]
= VX 1
= .
where =1y uses the fact that E[z?] = 1.
Then, we have that in the denominator:
1
E{W} — “E[w] = 1.
v v

We have verified that z are independent and has finite first and second moments. We can therefore apply the

weak law of large numbers to the denominator:

w1 1 « p
=

By the continuous mapping theorem, we therefore have that:

,/%iﬁ:l.

Going back to our t-statistic tx, we can therefore apply the Slutsky’s theorem and get our desired result:

t = z gZNN(O,l).

Vw/y

This is the desired convergence-in-distribution result.

7.6.2 Hypothesis Testing

We have shown that: . ~
(B =B\ _ (Bk=Bx\ ...
w=(Ptt) = (22) ~ o r0
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Suppose we are interested in the hypothesis test that

HoiﬁkZO.

o (5~ () 10

under Hq : Bx = 0, which is simply the ratio of the OLS estimate of the coefficient of x, to its standard error.

Then, the t-ratio is

We now discuss hypothesis testing when talking about linear combination of parameters. Recall that we have K
parameters in 8. Suppose we want to test p > 1 linear restrictions. We would then need a p x K matrix H whereby
each row of H contains the coefficients of one of the linear restrictions. We can then store these linear restrictions in
a p x 1 vector 8. We therefore have that:

0 = HB (151)

Example 207

Suppose we have a Cobb-Douglas production function of the form:
Yi = B1 + B2xoi + B3xzi + u;

where y; is the log of value added for observation i, x; is the log of labour input for observation i and xs; is the

log of capital input for observations i. We may be interested in testing the constant returns to scale restriction:
Ho . 52 +53 =1.

This is only one restriction. Therefore, we need a 1 x 3 matrix H.
We would have that the H matrix would then be:

H=[O 1 1}

which will give us

6=HB = |+

We now derive a distribution result for a general test statistic.

Theorem 208 (Distribution of F-statistic)

Consider p > 1 linear restrictions. We have the p x 1 vector 8 = HB for some non-stochastic p x K matrix H
with rank(H) = p (full row rank). Estimate @ by using the OLS 0o1s = HBoLs. The (scalar) F-test statistic has
the form:

vV = (p@é ) (éOLS — G)TD(éOLS — 9) (152)
OLS
= (%)(éOLS -0)" [\E[émsx]] 7 (bos —8) ~ F(p.n—K) (153)

whereby D! = H(XTX) 1HT.

Proof. (This is another lengthy proof but also very informative.)
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We have éOLS = HﬁOLs. Under the assumptions of the classical linear regression model, we have that:
Elfo.s|X] = HE[Bos|X] = HB = 8

which shows that 8o, s is an unbiased estimator of 6.

For the variance, we have that

Varlfors|X] = HVar[BoLs|X]HT
= H[o?>(X"X)"HT
= o?H(XTX)*HT

— 02D71

whereby we define D=1 = H(X7 X)"'H". However, we don't know what 0 is so we can estimate it with 63, s to
get:
Varlfors|X] = 63,sD7". (154)

With normally distributed error terms, we can also conclude that:
8015/ X ~ N(8,0°D71) (155)

We make the first claim.

Claim 209. The scalar random variable
w|X = (Bors — 8)"[0°D ] H(Bors — 8)1X ~ x*(p)

Proof. We know our result about quadratic forms of normal random vectors that if we have a random variable X
which has a multivariate normal distribution X ~ N (u, £) whereby X has dimension d and the covariance matrix

has full rank d then, we have that the following quadratic form of X has the distribution:
[X = u]" T X — u] ~ x*(d)

which is a x? distribution with d degrees of freedom.

We already know that 9OL5|X ~ N(0,0°D71) and hence, we can apply our result immediately to the scalar:

w = (éOLS — B)T[02D71]71(90L5 — 9)

We have previously shown that w is a conditional x? random variable:
1,4 A
wlX = P (Bors —8)" D(Bors — 6)|X

We can estimate the variance to get:

. 1 A T A

W= {25 )(8oLs —8) D(6o.s — )

90Ls
We then redefine to get the variable:

1 ) i L
=|——(00orLs —0) D(6ors —6)
<p0(2)LS
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We then write:

TS

- () ()
= 6515 p

)(éOLS —8)"D(Bo.5 — 0)

A2
<PUOL5
where =1y arises from re-expressing w as w. We have shown before that

~2
9oLs _ _Wo

o2 n—K

whereby wg = % and that

wo| X ~ x*(n— K).

o? w
() ()
__(w/p)
B (6%L5/02)
___ (w/p)
~ (wo/(n—=K))

is the ratio of two chi-squared random variables, each divided by their respective degrees of freedom w|X ~ x?(p) and
wolX ~ x*(n — K).
Moreover, we have that

Therefore,

W= (;) (boLs —0)" D(8o.s — 0)

is a function of Boys whilst

a'a

wnyp = ——
0 72
is a function of d. We have previously shown that conditioned on X, any function of d and any function of Bo, s are

independent.
Therefore,

(Wb
(wo/(n = K))
is the ratio of two independent chi-squared random variables, each divided by their respective degrees of freedom.

We can conclude that the conditional distribution is:
vIX ~ F(p,n— K) (156)

Since this conditional distribution of v|X is the same distribution (F distribution with p and n - K degrees of

freedom) for any realisation of X, we can therefore conclude that the unconditional distribution is the same:
(w/p)
=% L F(p,n—K) (157)
(wo/(n — K))
O

If we want to test a hypothesis about p linear combinations of the K B parameters, we can formulate the null

81



hypothesis:
Ho : HB = 6°

where H is a non-stochastic p x K matrix with full rank rank(H) = p.
The alternative hypothesis is therefore:
Hy: HB # 6°

We use the estimator §OL5 = HﬁOLS to estimate our parameter of interest 8. We can then construct the scalar
test statistic:

-1
V= (%) (Bos — 90)T {@[émdx]} (Bors — 6°)

whereby we have shown that in the classical linear regression model with normally distributed errors:
VarlBors|X] = Var[HBovs|X] = HVarlBous| XIH = HE2, s(X™X) " H'.
If the null hypothesis is true, we have shown that the test statistic has a F-distribution:
v~ F(p,n—K)

We ask whether the value of the test statistic v is an unlikely draw from this null distribution. We reject Ho : HB = 6°
if the probability of drawing a test statistic with a value as high as v from an F-distribution with (p, n - K) degrees of
freedom is below our chosen level of significance, conventionally o = 5%. As the F-distribution has support only over
the positive real numbers, we need to do a 1-sided upper tail test and see if the test statistic v lies above the upper
95% percentile of the F(p, n - K) distribution.
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Example 210
Suppose that K = 3 so we have that:

Yi = B1 + Boxoi + Baxaj + u;

If we want to test that 3> = 0 and B3 = 0, then our null hypothesis would be:

b1
010 0
Ho:HB=| 11 B> :l?]:M
g

Using our OLS estimates, we have that:

8015 = HBoLs = [22]

3

The variance is given by:

Varlfous|X] = HVar[Bois| X]HT

- 2 |1 Vi 3| |00

0 0 % v v 1 0
= Vo1 Voo V23

0 1 R R R

- (V1 Ve 33| |01
| V22 V23

Vo3 V33

We can then construct the test statistic to test Hp : 8° = 0:

-1

v = (llj) (ors —6°)" {@[émﬂx]] (o5 — )
R T -1 ra
= <1) [,32 - 0] [\722 \723] [52 - O]
2/ |Bs—0| |nz 0s3 Bs—0
R R -1 r.
()l sl[z 2] o] -ren-n
23 U3 3

We therefore reject Hy : 8 = 0 at the 5% level of significance if the probability of drawing this value of v
from the F(2, n - K) distribution is less than 0.05 i.e. if v lies above the upper 95% percentile of the F(2, n - K)
distribution. For example, if n — K = 30, the upper 95% percentile of the F(2, 30) distribution is 3.32 and values
of the test statistic v > 3.32 would reject the null hypothesis at the 5% level.

7.6.3 Using Linear Transformations to Simplify Hypothesis Tests

We can reparameterise models so that we can do t-tests instead of F-tests. For example, suppose we had the model:

Yi = B1 + Boxoi + Baxai + u;
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and we wish to do a two-sided test on the null:

Ho : B2+ B3 = 1.
We can subtract x3; from both sides to get:
Vi — xai = B1 + Baxai + (B3 — 1)xzi + uj
We can then add and subtract B,xs3; on the right hand side to get:
Vi —x3i = B1+ Ba(x2i — x3i) + (B2 + B3 — 1)xs; + u;
We can therefore run the regression of (y; — x3;) on the intercept, (xo; — x3;) and x3; to get:
Vi = X3 = B1 + B2 — X3i) + bxsi + uj
whereby § is an estimator of (B2 + B3 — 1). Therefore, we can see that the simple t-test on:
Hoy:6=0 « Hy:Ba+B3=1

are equivalent!

Therefore, the general principle of this is to add and subtract terms so that one of your coefficients on your variables

is the your original null hypothesis of interest.
7.6.4 Goodness of Fit
Recall that we can always decompose the observed variable y as the fitted value plus the fitted residual.

y=y+i

Proposition 211 (Fitted Values are Orthogonal to Fitted Residuals)
The fitted values are orthogonal to the fitted residuals from OLS:

yTa=0. (158)
Proof.
970 =(XBors) 0
= BSLSXTﬁ
=(1) BbLs0=0
whereby =y comes from the first order conditions used to obtain Bois whereby XT i = 0. O
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Theorem 212 (Decomposition of Total Sum of Squares)
The total sum of squares (TSS) can be decomposed as the sum of the explained sum of squares (ESS) and the

residual sum of squares (RSS) provided that the average of the sample residuals @ are 0:

n n n

Y=V =d G-y +d 0 (159)
i=1 i=1 i=1
——
TSS ESS RSS
Proof. First, we can write:
yiy=@+0)(y+0)
=yTy+yTa+a’y+a’a
=yTy+0+0+0"a
=yly+a'a
which is equivalent to:
n n n
DDA
=1 =1 =1

We can subtract ny? from both sides:

n n n
Y=y =) -y i
=1 =1 =1

n n n
SN i—y)P=D 92—y +> 07
i=1 i=1 i=1

)

We are now interested in the (*) term. First, since we have that y; = y; + {;, this implies:

n n n
Dvi=>_0+> 0
i=1 i=1 i=1

and dividing through by n, we get:
y=y+i
By assumption, we said that the average of the fitted residuals is 0:

0=0

which means:

<
Il
<

We can then plug this into (*) to get:

n

n
MR-yt =>i-y)>
i=1

i=1
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Therefore, we have arrived at our desired expression:

n n n
Y=y =Y Gi-y>P+y i}
=1 =1 i=1

——
TSS ESS RSS

O

Remark 213. We made the seemingly random assumption that the average of the sample residuals is 0: (i = 0. This

in fact always hold if the model includes an intercept term.
We can take our expression:
n n n
D=y =d Gi-yP+ > i
i=1 i=1 i=1
and divide by >°7_; (v, — ¥)? on both sides to get:

S (i —¥)? " Doy 07
Y=y YL —Y)?

1=

We can then re-arrange this to get:

o=y 1 Doy 07

Y i —y)? iy —¥)?

Definition 214 (R-squared)
R-squared is given by:

noore —\2 n ~2
R2 — Zi}:l(y/ {) _ 1 _ nZi:l u[ﬁ 160
SN (7 SN (7 (160)
or equivalently:
2_ESS_l_RSS (161)
T TSS TSS

whereby 0 < R? < 1 provided that i = 0.

R? measures the proportion of the total variation in the dependent variable that is accounted for by the model. In
fact, R? measures the goodness of fit of a model with additional explanatory variables relative to the fit of a model
that includes only an intercept term. Hence, we should not use this centred R? as a measure of fit for models that
do not include an intercept term. With an intercept, R? is invariant to affine rescaling of the dependent variable and
to reparameterisations of the regressors that preserve the column space of X. However, R? should not be used to

compare the fit of models that have different dependent variables, such as levels and logarithms.

7.6.5 Using R? to test exclusion restrictions

An alternative way to test p exclusion restrictions is to compute the test statistic:

v = (”;K> (Rff__g’*‘) ~ F(p,n— K) (162)

whereby R? is the R? from the unrestricted model and R% is the R? from the restricted model. Here, the null hypothesis
is rejected if the exclusion of these p explanatory variables results in a sufficiently large fall in the R? goodness of fit

measure, or in a sufficiently large deterioration in the fit of the model.
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This test can be used to test whether do all K — 1 slope coefficients in the model are equal to 0. Here, the
restricted model y; = 81 + u; has R% = 0. Therefore, the test statistic simplifies to:

= (55) (:5%) ~ P - 10—k (163)

where R? = R, denotes the R? in the unrestricted model. This is the F-test for the model.
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7.7 Asymptotic Properties in Regression Models

So far we have looked at regression in a finite sample setting. Under such a setting, we had to impose strong
assumptions of normality on error terms. We can in fact relax this assumption of normality by instead considering
asymptotics. We now want to look at properties of the OLS estimators that hold in large samples. That is, fixing the
number of explanatory variables K fixed, we let the sample size n go to infinity. This approach of analysing properties

actually hold under weaker assumptions than under finite sample results.

7.7.1 Consistency of OLS Estimator

We are interested in showing that the OLS estimator is consistent. We state the assumptions required for this.

The assumptions needed for consistency of the OLS estimator are:
1. y=XB + u;
2. The data on (J/,-,x,-T) are independent and identically distributed for i =1, ..., n;

3. E[xju]=0foralli=1,.., n;

4. The K x K matrix Mxx = E[x,-x,-T] exists and is non-singular.

Theorem 216 (Consistency of OLS Estimator)

Under the assumptions of consistency, the OLS estimator is consistent
p lim Bois =B (164)
n—o0o

or equivalently:
- P
Bors —B. (165)

Proof. First, write the OLS estimator as:

Bors = (X" X)'XTy
= (XTX)'XT(XB + u)
=(X"X)XTXB+ (X" X)X u
=B+ X" X)"'X"u

We then multiply and divide by n:

Bors =B+ n(XTX)™? <117>XTU

X"™X\ '/ XTu
o (57) (%5°)
*) (%)
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We first look at (*). By assumption (2), the observations x; are i.i.d. Furthermore, by assumption (4), the second

moment E[x;x/] exists. Therefore, by the weak law of large numbers, we have that:

n

P
E xix| = E[xix| ] =) Mxx
-1

XX 1
n  n

whereby =(;y comes from the definition of Mxx by definition. We can then apply the continuous mapping theorem

to conclude that:

(XTX\ ! _ _
p lim ( - > = (Mxx)™" =@) Mxx
whereby in =), by assumption (4), we assumed that Mxx is non-singular so its inverse exists.
We now look at (**). By assumption (2), we know that (x;, ;) is i.i.d. Furthermore, E[x;u;] = 0, so the first
moment exists. We can therefore apply the weak law of large numbers to get:
XTu
n

1< P
= E ZX,‘LI,‘ — ]E[X,'U,‘] =(1) 0
i=1

whereby =4y arises from the orthogonal assumption (3) of X and u.

Therefore, we can apply the continuous mapping theorem to the product of (*) and (**) that we started with,
whereby we now have that the product of the limits is the limit of the products:

i () ()] o () (5] - o]

We can therefore conclude that:
o _ _ XX\ '/ XTu
plim Bois=p lim B+ p lim K > ( ﬂ =p+0
n—o0 n—oo n—oo n n

Therefore, we have shown consistency:

p lim Bors =B.
n—oo
O

In our proof, we assumed that the data (y,,x,-T) were independent and identically distributed. This is stronger
than necessary: consistency can also be established for independent but non-identically distributed observations when

suitable laws of large numbers apply to n™* 3", x;x” and n™1 3", xu;.

Theorem 217 (OLS Consistency under Weaker Assumptions)
Suppose that the data (y;, x/ ) are independent over i = 1,2, ..., n but not identically distributed. If =1 > x;x.
converges in probability to a finite non-singular matrix and n=1 ", x;u; %, 0 under suitable moment conditions,

then the OLS estimator is still consistent

p lim Bois =P (166)
n—oo
or equivalently:
A P
Bois — B. (167)
Proof. See section 4.4 of Cameron and Trivedi (2005). O
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7.7.2 Linear Projection Model Revisited
So far, the key assumption we required was the orthogonality assumption
E[X,‘ U/] =0.

In practice, we generally consider linear models whereby:

1. We have an intercept term so that x;; = 1 for all i = 1,2, ..., n. This then implies that the first element of the
K x 1 vector E[x;u;] = 0 implies that

E[xl,-u,-] = E[(l)u,] = E[U,‘] =0.

2. Alternatively, we can assume that E[y;] = 0 and E[x;] = 0. This then implies that:

E[U/] =0.

Since in both cases, we have that E[u;] = 0 and the orthogonality assumption E[x;u;] = 0, this then implies that:
Cov[x;, uj] = E[xju;] — E[x]E[u;] =0

and hence:

Corrlx;, uj] = 0.

This allows us to define the linear projection model based off this orthogonality assumption.

Definition 218 (Linear Projection Model)
We make the assumptions that:
i =x! B+ uj

and
E[x;u;] = 0.

The linear projection model is then defined as:

E*[Yi|xi] = X/Tﬁ

Remark 219. The linear projection model examines the linear relationship between y; and the explanatory variable
Xx; with the property that the additive error term u; is uncorrelated in the population equation with each of the
included explanatory variables in x;.

In our traditional linear regression model setting, we made the assumption of linear conditional expectation:

Elyi|x] = x,-Tﬂ < Eluj|x] = 0.
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Definition 220 (Linear Regression Model)
We make the assumptions that:
Ely|x] =x'B <« E[ulx]=0.

The linear regression model is then defined as:

Vi=x/B+u

This in fact implies the orthogonality assumption in the linear projection model.

Proposition 221 (Linear Conditional Expectation Implies Orthogonality)

The linear conditional expectation assumption implies the orthogonality assumption:

Elyi|xi] = x,-TfJ = Elxu]=0

Proof. Apply the law of iterated expectations:
E[X,‘LI,‘] = EX[EL,|X[X,'LI,"X,‘]]
= Ey [XiEulx[ui‘Xi]]
=) Ex[0]

=0

whereby =1y comes from the linear conditional expectation assumption E[u;|x;] = 0. O

Theorem 222 (Linear Regression Model Implies Linear Projection Model)

The linear regression model is a model subset of the linear projection model.

It is not the case that the converse holds i.e. E[xju;] = 0 does not imply that E[u;|x]] = 0. It is a weaker
assumption as we are not specifying that the conditional expectation E[y;|x;] be a linear function.
Furthermore, the orthogonality function for the linear regression model, whereby for any bounded function g(x;),

we have that:

E| 0 - Elvix])at)| = 2| - 7B)o0)] =0
implies the orthogonality condition in the linear projection model (whereby g(x;) = x;):
E [{y,- — x,-Tﬁ}x,} =E [u,-x,} =0.

However, the converse does not hold.

7.7.3 Asymptotic Normality

We now want to show the limiting distribution of the OLS estimator where we do not have the assumption of normality
of the error terms. Doing so will allow us to construct confidence intervals and conduct asymptotically valid hypothesis

testing.
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The assumptions needed for asymptotic normality of the OLS estimator are:
1. y=XB + u;
2. The data on (}/,-.x,-T) are independent and identically distributed for i =1, ..., n;
3. E[xju]=0foralli=1,.., n;

4. The K x K matrix Mxx = E[x,-x,-T] exists and is non-singular;

5. The K x K matrix Mxax = E[u?x;x] exists and is non-singular;

We now state the most important result of this section.

Theorem 224 (Asymptotic Normality of OLS Estimator)

Under the assumptions for asymptotic normality, we have that:

VilBors — B8] 2 N(0, My MxaxMx%). (168)

Proof. First, recall that the expression for the OLS estimator is:

. XTX\ Y/ xT
ﬁOLs=ﬁ+( - ) ( u)

n
Ty\ -1 /yT

Bois —B = (X X) (X u)
n n

VilBors —Bl = (X;X>_1@

() (%)

We look at the limiting result for (*) and (**). First, for (*), we can apply the weak law of large numbers:

or alternatively:

We then rescale it by /n to get:

n
P

ZX,‘X,-T — E[X,‘X,—T] =@) MXX

i=1

XX 1
n  n

whereby Mxx holds by definition of Mxx in assumption (4). Furthermore, we know that by assumption (4), the
inverse of Mxx exists, so by the continuous mapping theorem, we have that

XTX\ ! _
(555) 5 Moo = Mz

n

Now looking at (**), we can rewrite (**) as:
XTu XTu 1 Z”
NG ﬁ( n ) B \/ﬁ(” =1 x,-u,-)

where we now have a K x 1 vector of sample means: %27:1 x;u;. This gives us a hint to apply the central limit

theorem to this vector of sample means. First, we compute the mean and variance of this expression:

Elxiu] =@1) 0
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whereby =1y comes from assumption (3) of orthogonality. For the variance, we have:

Varlxiu] = E[(xju)(xiu) ] — Elx;u]E[x;u] "
=E[u?xx'] -0

=) Mxax

whereby =(;) comes from the definition of Mxqx in assumption (5). Finally, the K x 1 random vectors (x;u;) are
independent and identically distributed over i = 1,2, ..., n by assumption (2). We can therefore apply the central limit
theorem to (**):

XTu XTu
vn

We now go back to our main expression:

Ty —1 T
VnlBors — Bl = (an> ()fﬁu>
(%) (%)

=\/5< ) R>N(0v Mxax).

We have shown that (x) L My and () %N(O, Mxax). We apply Slutsky’s theorem to conclude that:

(X:X>_l (f;“) Oy Mgk - N(0, Mxax) = N(Mxk - 0, Mk Mxax (Mgh) )
=(1) N0, Mxx Mxax Mxx)
whereby =1y uses the fact that M;& is symmetric. Therefore, we can conclude our desired result:
VnlBors —B) L= N(0, M3 Mxax M.
O

Remark 225. We could have relaxed the assumption that (y;, x,T) isi.i.d. toindependence under suitable non-identically

distributed central limit theorem conditions.

This brings us to a broader and more general definition.

Definition 226 (Asymptotically Normal)
An estimator 8 of the parameter vector 8 with the property that:

V(@ —8) 2 N0, V) (169)

for some finite variance matrix V is said to be asymptotically normal.

We are saying that if appropriately scaled, the estimator has a non-degenerate limit distribution which is normal.
Using this terminology, we say that the OLS estimator is asymptotically normal.

We now wish to explore further properties of asymptotic normality. We now look at a special case of the classical
linear regression model with linear conditional expectation and conditional homoskedasticity.
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Assumption 227 (Assumptions for Asymptotic Normality)

The assumptions needed for asymptotic normality of the OLS estimator are:
1. y=XB + u;
2. The data on (y/.x,-T) are independent and identically distributed for i =1, ..., n;
3. Linear conditional expectation E[u;|x;] =0 for all i =1, ..., n;
4. The K x K matrix Mxx = E[x,-x,-T] exists and is non-singular;

5. The K x K matrix Mxax = E[u?x;x] exists and is non-singular;

6. Conditional homoskedasticity Var[uj|x] = E[u?|x] = 2.

We now have a different limiting variance matrix for our OLS estimator.

Theorem 228 (Asymptotic Normality of OLS Estimator under Homoskedasticity)

Under the strengthened assumptions for asymptotic normality with conditional homoskedasticity, we have that:

VilBors —B] 2 N(0, 02 M;k). (170)

Proof. Under assumption (6), we have that:

Mxax = E[ufx,-x,T]
=) Ex |:]EUX[U;'2XI'X;T|X/]:|
= Ex [X/X,-TEu|x[U/2Xi]]
=) Ex {X,‘X,-TCTQ}
= O'2EX |:X,'X,-T:|
= 0% Mxx

where =) is the application of the law of iterated expectations and =(,) is from assumption (6) of conditional
homoskedasticity.

We can therefore apply this to our original limiting distribution result:

VilBois — B] 2 N (0, Mk MxaxMx k) = N'(0, My k (0°Mxx) Mxk) = N(0, 0> M%)

We therefore have that nice result that:
A D
VnlBors —B] = N(0,V)

where the limiting variance V = o2l\/l)_<)1<. We can rewrite this expression for the OLS estimator to be asymptotically
normal:

., Vv
Bors ~ N (B, ;)
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where < denotes the asymptotic distribution. This is called the asymptotic distribution of Bo.s. However, this is

not practical to use. To see why, look at the asymptotic variance:

V =02 Myx.

XTX\ e
( " ) _>MX>1<

We have shown that:

so that means we have a consistent estimator of the K x K matrix M;)l(. However, we do not know what &2 is.
Therefore, we need an estimator for o2.

We can use either the OLS estimator:

1 a'a
~2 ~2
— 2 — 171
OLS n— K — ul n— K ( )
or the MLE estimator: .,
o 1 R ara
Gre = EZU,?:—H (172)

2

to estimate the unknown variance o“. Both of these estimators are consistent. Therefore, we can apply Slutsky’s

N XTx\
V:65L5< > Py

theorem on the estimator:

n

which means we have a consistent estimator:

vEv
We are able to replace V' with V in our asymptotic distribution without changing any of our asymptotic distribution
results. We therefore have the approximation of the limiting distribution:

Bous LN, )

which we can use to construct approximate confidence intervals and asymptotically valid test statistics. Note the
limiting variance and the asymptotic distribution for Bo. s coincides with the exact finite sample conditional distribution
of ﬁOL5|X we made when we assumed that the error terms were normally distributed. Hence, we know that in this

scenario, our asymptotic approximation will be accurate.

7.7.4 Asymptotic Inference

We state the test statistic we can use for simple hypothesis testing.

Proposition 229 (Asymptotic T-test Statistic For Simple Hypothesis Testing)
We can use the following test statistic for simple hypothesis testing of the form Hy : Bx = 52:
A _ R0
tk = % A N(0,1) under Hp. (173)
K

where sei Is the asymptotic standard error.

Proof. Recall our asymptotic distribution:

R 5 %
Bors ~ N(B, ;)
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Let Uk, denote the k" element of the main diagonal of the K x K variance matrix estimator:

=65,s(XTX)7H

SHRNY

We have that for each OLS estimator B:
Br < N (Br. Vi)

We can standardise this to get: R R
_ Bk =Bk _ Bk~

t,
, vV ka se

Pr 2 N(0,1).
k

We can then construct simple hypothesis tests of the form Hg : Bx = 6,9 by comparing the test statistic

_ B — B2

S€x

tk

computed under the null hypothesis and comparing it with the standard normal distribution A/(0, 1) at the desired
significance level. We can also justify the asymptotic test statistic we just derived by looking at the limiting distribution
of a finite sample t-test statistic. It may seem strange that we were able to treat tx as being drawn from the standard

normal distribution even though we estimated the unknown 2. We can in fact show that this is entirely justified.

Theorem 230 (Asymptotic Validity of T-test Statistic)

Define the z-statistic as:

Bx — Bk b
zx=——7——>N(0,1 174
N (0,1) (174)
We can also show that the t-statistic with an estimated vk, is asymptotically equivalent:
Bk — Bk
ty = —— = N(0,1) (175)
V Vick

Proof. Under the asymptotic normality result for OLS:
4 D _
Vin(Bors —B) = N(0,0°Mx3).

This automatically implies that the standardised statistic:

Zkﬁk\/;Tfk 2)./\/(0,1).

We now look at the t-statistic and rewrite it as:

[ Bk — Bk m(@—m) ik

= = = = =2k
V Vkk V Vkk vV Vkk V Vkk

We have already shown that z L, N(0,1). We look at the term \/‘/% which contains the true variance in the

. . . . . R P . . . .
numerator and the estimated variance in the denominator. Since orz/cr2 — 1, the corresponding variance estimator is
ratio-consistent:

Vkk P

— — 1.

Vikk
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We can then apply the continuous mapping theorem:

>

X
x

~
=

We then apply Slutsky’s theorem:

~
=

£

é‘
X

We conclude and show our result by again applying Slutsky's theorem:

b= \/*/%zk 2, (1) N (0,1) = N(0, 1),

O

We now want to test linear restrictions &8 = HB whereby H is a non-stochastic p x K matrix with rank(H) = p

(full rank). Go back to our asymptotic distribution for the OLS estimator:
. 1%
Bovs ~ N (B, ;)

The asymptotic distribution of the p x 1 random vector 8o, s = HBo. s is:

vV

ors ~ N(HB, H;HT)

Proposition 231 (Consistency of Linear Restrictions)
The estimator of 8 constructed from the OLS estimator 8,5 = HﬁOLs iS consistent:

p lim Bo.s = 6.
n—oo

Proof. By consistency of Bo.s, we have the consistency result:

p lim ois =p lim (HBovs) = H(p lim Bors) = HB = 6.
n—oo n—oo n—oo

We can then construct the scalar random variable w as our test statistic:
N S V2 e
w = (Bors — 6°) {HHHT] (bors — 6°)
This is similar to what we did earlier when we were constructing an F-test in finite sample. We can then show the

asymptotic property of this test statistic.

Proposition 232 (Asymptotic Distribution of Quadratic Test Statistic)

The asymptotic distribution of the quadratic form test statistic for testing p linear restrictions is given by:

R % -t
w = (fors — eo)T [HHHT} (Bors —8°) ~ x*(p) under Hy. (176)
Proof. The proof of this distribution follows the proof for the asymptotic distribution of the F-test. O
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Under the special case of the classical linear regression model, we have that:
V/n=635(X"X)7"

Therefore, we have that under conditional homoskedasticity:

-1
w = (Bors —0°) |63, sHXTX) T HT | (Bors — 8°) 2 x3(p) under Ho.

This has an important name.

Definition 233 ((Asymptotic) Wald Statistic)
The Wald statistic is given by:

-1
w = (Bos —6°)" {%LSH(XTX)lHT] (Bors —8°) < x?(p) under Ho. (177)

Therefore, joint hypothesis tests of the form: Hy : HB = 6° can be conducted by computing the test statistic:
-1
~ T ~ _ ~
w = (6os — 6°) [agLSH(xTX) lHT} (Bors —6°)

which has a distribution that is well approximated in large finite samples by the x?(p) distribution if the null hypothesis
is true. We can compare the value of the test statistic to the relevant critical values of the x?(p) distribution at the
desired level of significance. This is known as the Wald test.

Alternatively, we can justify this x? distribution by another asymptotic argument. We can take our (finite sample)
F-test for linear restrictions and show that it converges to a x? distribution.

Proposition 234 (Asymptotic Distribution of F distribution is chi-squared distribution)
Denote v ~ F(m, n). Then

mv 2 x2(m) (178)
as n — oo.
Proof. First, we write out the test statistic:
wi/m
- W2/n

whereby wy ~ x?(m) and wy ~ x?(n). This then implies that:

w1
wa/n’

mv =

We now look at the denominator. By definition of x2-distribution, we have that we can express ws» as the sum of

independent standard normals:
n
Wr = ZZ,Q
i=1
whereby z; ~ N(0, 1) for i = 1,2,...,n are independent standard normal random variables. First, we note that
]E[Z,‘] =0
and

Var[z] = E[z2] ~E[z]> <« 1=E[z?] -0
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=E[zA] =1

We can see therefore see that:

n
E[wo] = E[) _ 27]
=1
= nE[z7]
=) nxl1
=n.
Hence,
EM _n_y
n n

We have verified that z are independent and has finite first and second moments. We can therefore apply the
weak law of large numbers to the denominator:
w, 1 1w p
2 2 2
—=-wm=->) zi = E[z] =1
n n”’ nz ! 127]
=1
We can therefore apply both the weak law of large numbers and Slutsky’s theorem to our original test statistic
to get our desired result:

Wi

myv = R>W1~x2(m).

W2/n

O

Hence, in large samples, to test p linear restrictions, we can use the test statistic pv and critical values obtained
from the x?(p) distribution.
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8 Heteroskedasticity and Generalised Least Squares

8.1 Conditional Heteroskedasticity

We now drop the assumption of homoskedasticity whereby the conditional variance
Var[ui|x] = 0% fori=1,...n

is common to all observations.

The conditional variance is allowed to be different for different observations:

Varluj|x] =02 fori=1,..n.

It is important to note that neither consistency nor asymptotic normality is lost when we allow for conditional
heteroskedasticity, provided the other assumptions continue to hold. Instead, the variance of the scaled estimator will
be different.

The assumptions needed for asymptotic normality of the OLS estimator are:
1. y=XB + u;
2. The data on (y/,x,-T) are independent and identically distributed for i =1, ..., n;
3. Elxju]=0foralli=1, .., n;
4. The K x K matrix Mxx = E[x,-x,T] exists and is non-singular;

5. The K x K matrix Mxax = E[u?x;x/] exists and is non-singular;

Recall that under these assumptions, we have the asymptotic normality of the OLS estimator:
4 D _ _
VilBors — Bl = N(0, Miy Mxax M) (179)
Alternatively, we can write this as: v
BoLs ~ N (B, ;)
whereby the variance-covariance matrix is:

1

4 _ _
n = (n) Mx>1< Mxax Mx>1<

We now want to find an estimator V for V' under conditional heteroskedasticity. We state what this estimator is.

Theorem 237 (Heteroskedasticity-Consistent Estimator for Variance Matrix)

The following estimator V is a consistent estimator for the variance-covariance matrix V:

o XTXN\ T XTx\
V= ( ) (n > a,?x,-x,T> ( ) 2 Mk MxaxMyk =V (180)
i=1

n n
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Proof. We have previously shown that the bread in our estimator
—1

XX P .4
< n > — Mxx
gave us a consistent estimator of the K x K matrix M;}(. We now want to find an estimator for the K x K matrix
Mxax -
Theorem 238 (Consistent Estimator for Filling)
The following estimator is a consistent estimator for the filling:
(181)

n
1 P
2 T 2. T
— g arxix; — Elurxix' | = Mxax

i=1
P
whereby {; — u;.
We can then use Slutsky's theorem to get our desired result
o /XTX\ 7! X7 X
:< N ) ( Z”X' )( - ) — MyxMxax My =V
O

Therefore, as V — V, then we can replace V by V without affecting the limiting distribution result

N a V4
Bois NN(ﬁ,;)

%7 XTX)~ (Zu XX )XTX)

whereby:
is the heteroskedastic-consistent estimator whereby we can compute - using the data on X and the OLS residuals

ii. We can then conduct hypothesis testing with the standard errors that arise from this estimator

Definition 239 (White Standard Errors)
The White Standard Errors (heteroskedasticity-robust standard errors) are the square roots of the scalar elements

on the main diagonal of V/n.
Note that conditional homoskedasticity E[u?|x] = 02 is a special case of conditional heteroskedasticity and hence

we can use the White standard errors even in the case of homoskedasticity.
We can also conduct tests for conditional heteroskedasticity based on the OLS residuals
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Proposition 240 (White Test)
The White test for conditional heteroskedasticity is found by regressing the squared OLS residuals 42 on a constant
and on all the explanatory variables and their squares and their cross-products.

That is, first retrieve the residuals &; from the regression:
Yi = B1 + Boxai + ..BkXki + Uj
and then run the auxiliary regression:
PZ=m+zv+v,

where z; contains all non-redundant explanatory variables, their squares, and their cross-products. Then jointly
test the restriction:
Ho:v=0.

If we fail to reject the null, then we have insufficient evidence of conditional heteroskedasticity; failure to reject

does not prove homoskedasticity.

The intuition behind the test is to see whether is the conditional variance a function of the observed variables x;.
Under the assumptions stated above, the OLS estimator remains consistent and asymptotically normal under
heteroskedasticity. White standard errors consistently estimate its asymptotic variance and therefore make asymptotic
inference valid. However, this is a passive response to heteroskedasticity as we are not specifying its form and hence,

the OLS estimator is generally not asymptotically efficient.

8.2 Generalised Least Squares

We can construct a more efficient estimator if we are willing to specify what is the form of the conditional het-
eroskedasticity. The process of generalised least squares does this. We need to impose some assumptions before we

can proceed.

We assume that:
1. E[y|X] = XB
2. Var[y|X] = Q whereby Q # o2l as a known positive definite n x n matrix

3. X has full rank.

Since we have that 2 is a positive definite and known matrix, we can find a non-stochastic n x n matrix B with
properties such that:
B'B=Q!

and
BOB™ = 1.

The trick is to now transform our model from one that contains heteroskedasticity to one with homoskedasticity.
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To this end, let us define the transformed variables:

X* = BX.

Proposition 242 (Moments of Transformed Regression Model)

The moments of the transformed regression model are:
Ely*|X] = X"B
Varly*|X] =1
X* = BX has full rank.

Proof. First:
E[y*|X] = E[By|X] = BE[y|X] = BXB = X"B.

Then:
Var[y*|X] = Var[By|X] = BVarly|X]B" = BQB™ =1

by the defining property BQBT = I. O

Remark 243. Since the matrix B is known and non-singular, conditioning on X and conditioning on X* = BX are
equivalent.

Hence, we now have a transformed model whereby we have removed the heteroskedasticity and ended up back at

homoskedasticity.

Definition 244 (Classical Linear Regression Model with Conditional Homoskedasticity)

The transformed model:
y =X"B+u" with Var[u*|X*] =1 (182)

is a classical linear regression model with conditional homoskedasticity.

This new transformed model gives us an important result whereby we now have an efficient estimator under this

transformation.

Theorem 245 (Aitken's Theorem)

The transformed model:
Yy '=X"B+u" with Var[u*|X*] =1 (183)

has an OLS estimator Bg. s that is efficient in the class of linear unbiased estimators:

Bors = (XTQ 1 X)XTQly. (184)

Remark 246. This result says that this estimator has the smallest variance out of all linear unbiased estimators.
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Proof. First, recall that X* = BX and y* = By. Now, use the formula of OLS:

Bors = (X*)TX*) "1 (X*)Ty*
= (X"B"BX)"'X"B" By
= (XTQ'X)"'X"B"By
_ (XTQ—lx)—leQ—ly

where we used BTB = Q1. O

We seemed to have picked a random matrix B for our transformation but in fact, we could have picked any matrix
proportional to B and still obtained the same GLS estimator.

Proposition 247 (GLS Estimator Invariant Under Scaling Transformation)

Let B = aB for some scalar a. Then, under the transformed variables:

y =By
X =BX
we have the same GLS estimator:
Bors = (XTQ X)) XTQ Yy, (185)

Proof. We simply write out the OLS estimator in the transformed model:

(X)TX)H(X)Ty = (°XTB"BX) X" B" By
=(XTQ'X) ' XTQ 'y =Bg;s

O

Remark 248. This invariance property in fact holds even when we replace B by QB where Q is a n X n matrix with
the property that QT Q = I.

We now impose another assumption.

We assume normality:

yIX ~ N(XB, Q). (186)

We then get a useful result about the estimator under normality.

Proposition 250 (GLS and MLE)

Under normality of the error term, then the GLS estimator coincides with the conditional maximum likelihood
estimator when €2 is known.

Remark 251. This is an analogous result to the fact that OLS coincides with MLE when the error terms are normally
distributed.
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We can then get a finite sample distribution of the GLS estimator.

Proposition 252 (Finite Sample Normality of GLS)

Under normality of the error term, we have that the finite sample distribution of B¢, s is:

Bois|X ~ N B, (XTQ X)) (187)

8.2.1 Feasible Generalized Least Squares

In practice, we cannot compute this GLS estimator as we do not know the conditional variance matrix Q2. Therefore,

we need to estimate €2 when constructing our estimator.

Definition 253 (Feasible GLS Estimator)

The feasible generalised least squares estimator is given by:
BroLs = (XTQIX) I XTQly (188)

where Q is an estimator of Q.

In practice, we can estimate the feasible GLS by again transforming our model and running OLS. The transformation

in this case is given by:

where we require that BTB = Q! and BOBT = 1.
We can derive the properties of the FGLS estimator. However, such properties depend on the properties of <2 as

well.

Proposition 254 (Asymptotic Normality of FGLS)
Suppose that Q = Q(¢) is correctly specified with a fixed-dimensional parameter ¢, that 43 is consistent, and that

the standard regularity conditions hold. Then, BrcLs has the asymptotic distribution:

BroLs iN(ﬁ, (XTQIX)l)- (189)

Furthermore, Brg, s is asymptotically efficient.

We can therefore see that consistency of €2 is quite important in order for us to have nice properties for the FGLS.
However, obtaining a consistent estimator €2 is not straightforward. The reason is that the n x n symmetric matrix
has n(n+1)/2 distinct elements. Even if we restrict our attention that all off-diagonal elements are zero, we will still
have n distinct elements in €2, which we cannot estimate consistently from a sample of size n.

We have just seen the issue for estimating Q2 even with many assumptions. Hence, in order for us to actually
estimate 2, we need to specify a parametric model for the conditional variance matrix Var[y|X] = Q of the form:

Q=Q(¢)
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where the n x n matrix €2(¢) is a function of the vector ¢ which contains a finite number of parameters that does

not increase with the sample size. Therefore, we in fact estimate ¢ instead and see if we can consistently estimate

¢. This gets us around the earlier issue with having too many parameters to estimate that we mentioned earlier.
Therefore, if the specification of the conditional variance matrix Var[y|X] = Q(¢) is correct and we can find a

consistent estimator ¢ of the vector ¢, then we can then use the consistent estimator:
Q=Q(e)

to obtain the asymptotically efficient FGLS estimator.

8.2.2 Weighted Least Squares

We look at a simple example of computing the FGLS estimator. Let us specify the conditional variance to be:
Varly:|X] = Var[u;|X] = o?
to be proportional to the squared values of one of the regressors
0? = 0°x3;, xki # 0.

We picked the squared value to ensure a non-negative variance, and assume Xx; # 0 so that the variance is positive
and the transformation below is well-defined.
We then define the transformations:

Vi

*

yi =
XKi
Xji

XJ*/ —
XKi

for each j =1, ..., K. Note that under this transformation, the intercept x;; = 1, we have that:

X1i 1 -1
X =——=—=(xxi)
XKki  XKi
and we also have that:
XKi
* —_ _

XKi =_ = 1.

XKi

Definition 255 (Transformed Model in Weighted Least Squares)

Define the transformations:

« _ Yi

yi ==
XKi

Xji

XJ"; -
XKi

for each j =1, ..., K. Then, the transformed model in weighted least squares is:

yi= ()8 +ur. (190)

Remark 256. The intuition to what we are doing here is that we are downweighting the observations where the

variance of u; is relatively high.

We now have a useful result from this!
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Proposition 257 (Conditional Homoskedasticity)
Under the weighted least squares transformations, we have conditional homoskedasticity:

Varly*|X] = o (191)

foralli=1,..., n.

Proof. \We can write this out:

Varly!|X] = Var[u’|X]

2
0;

>
XKi

2,2
0" Xki

>
XKi

20'2.

We also give an example with a linear model with one exogenous regressor and an intercept:
Yi = B1 + Baxzi + U;.
Suppose we impose the parametric form:
E[u?|x] = 1 + ¢poxa: = 02(x;).

This is equivalent to saying:
uP = 1+ ¢oxg; + €.

We first retrieve the OLS residuals {; from the original regression.

We can retrieve ¢1 and ¢, by regressing:
07 = ¢1 + ¢ox; + €i.

Under correct specification and the usual regularity conditions, the OLS estimators é1 and ¢ consistently estimate

¢1 and ¢o. We then form the fitted conditional variance and standard deviation:
67 = 1 + ¢ax3;, Gi =1/62,

provided the fitted variance is positive.

Here, we weight each observation by a factor which is proportional to =. Hence, this is where the name weighted

1
least squares estimator comes from. We give less weight to observations where the variance of u; is relatively high and
more weight to observations where the variance of u; is relatively low. If our specification for the conditional variance
Varly|X] = Q(¢) is correct, and we estimate Q(¢) consistently, this weighting is the source of the efficiency gain
compared to OLS.

However, the feasible GLS estimator is not generally the conditional maximum likelihood estimator even under

normality of error terms. This is because FGLS uses a consistent estimator of ¢ to construct a consistent estimator
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of Q2 and then optimises with respect to B only. Meanwhile, the conditional MLE maximises the likelihood function

with respect to B8 and ¢ jointly. These are two different estimators unless we have that:
é=dme.
which is unlikely. As a result, we generally have that:

Brsis # BuL

although they are asymptotically equivalent under correct specification and standard regularity conditions. With a
correctly specified conditional mean and well-behaved weights, consistency need not depend on the parametric variance

specification being correct, but the efficiency property does depend on that specification.

8.3 Clustering

We now look at relaxing the assumption that observations are independent over i =1, ..., n.
Suppose that each of our n individual observations is allocated to one of ¢ =1, ..., C clusters. Let n. denote the
number of observations in cluster ¢, and let y;. be the dependent variable for observation i = 1,..., nc in cluster c.

We define the vector of explanatory variables x;c and error term u;c similarly.

Definition 258 (Clustered Linear Regression Model)

The clustered linear regression model is given by:
Yic = X,‘Cﬁ + Uic (192)

fori=1,...ncandc=1,...C.

We denote n. as the number of observations in cluster ¢ and we must have that:

C

We now define y. to be the n. x 1 vector containing the observations on y;. for the n. observations in cluster c.

We also define the matrix X, which is the n. x K matrix where each row contains the row vector X,-C

for an observation
in cluster c. Finally, we have the error term vector u. as the n. x 1 vector. We can then define the system of C
equations:

Ye=XLB+u forc=1,.., C.

We can then stack these vectors again to get the n x 1 vectors y and u in addition to the n x K matrix X to get
the model:
y=XB + u.

We can now define the OLS estimator of this model.
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Proposition 259 (Clustered OLS)

Let the clustered linear regression model be written as:

y=XB+u. (193)
Then the OLS estimator of @ is:
C -1 C
Bois = (XTX) "' XTy = (ZXcTXc) (ZXCTYC)- (194)
c=1 c=1

The important result from aggregating the variables by clusters is that the observations (yic, X,D are now assumed
to be independent across clusters but not within clusters. We will do something similar later on when we look at
panel data. This allows the error terms u;. and ujc to be correlated for different observations in the same cluster c.

Asymptotic results are derived by letting the number of clusters C — oo. We state important assumptions that we

need to help us derive such results.

We assume strict exogeneity of the error terms:

Elu/|X]=0 forc=1,..., C, (195)
Elucu)|X] =0 forc#d, (196)

while dependence among observations within the same cluster is unrestricted.

We have that under these assumptions:

Q, 0
0 Q

Eluu [X] =Q = 2
0 0 .. Qc

where each Q. is a symmetric and positive definite n. X n. matrix.

Proposition 261 (Asymptotic Normality)
Suppose clusters are independent, C — oo, suitable moment and rank conditions hold, and no cluster dominates
the sample. Then we have asymptotic normality and consistency of the OLS estimator:

VC(Bois —B) 2 N(O,V). (197)

We can construct a consistent estimator of V' by:
c
V=CcXxX"X)! (ijacafxc) (XTX)™!

c=1

where . = y. — X BoLs is the vector of OLS residuals for the n. observations in cluster c.
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Definition 262 (Cluster-Robust Variance Matrix Estimator)

The variance of Bo.s can be estimated using the cluster-robust variance matrix estimator:

‘7 C
Y xTx) (S XTdeaT X ) (XTX) (198)

This allows us to carry out asymptotically valid inference while allowing for dependence within clusters.

Proposition 263 (Cluster-Robust Variance Matrix Estimator and White's Estimator)
The cluster-robust variance matrix estimator simplifies to White's heteroskedasticity-robust variance matrix esti-
mator in the special case with one observation in each cluster.
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9 Endogeneity

9.1 Endogenous Explanatory Variable

In practice, there are many instances when the orthogonality condition E[x;u;] = 0 is violated. This is a big issue as the
orthogonality condition was required in order to establish consistency. In particular, if one of the explanatory variables
is correlated with the error term u;, then Cov(x;, u;) # 0. In a model with an intercept, so that E[u;] = 0, this violates
both E[u;|x;] = 0 and E[x;u;] = 0, and hence the OLS estimator will generally be both biased and inconsistent.

There are two situations we will look at where this occurs.

1. One or more of the explanatory variables is measured with error. This is known as measurement error or

errors-in-variables.

2. One or more of the relevant explanatory variables is omitted from the model. This is known as omitted variable

bias.

0.2 Measurement Error

A common concern in applied econometrics is that relevant explanatory variables may be poorly measured. In particular,

attenuation bias is a potential cause for concern.

Definition 264 (Attenuation Bias)
Attenuation bias is the biasing of the OLS estimator towards 0.

We can state the condition for when attenuation bias occurs.

Proposition 265 (Condition for Attenuation Bias)
Under classical additive measurement error in a single explanatory variable, the OLS slope estimator is attenuated

towards zero asymptotically.

Remark 266. This asymptotic bias does not disappear in large samples. An exact finite-sample direction requires

additional distributional assumptions.

Fortunately, it is the case that if the dependent variable y is measured with error, attenuation bias does not occur.

Proposition 267 (Mismeasured Dependent Variables does Not Cause Attenuation Bias)
Attenuation bias does not occur if the dependent variable y is measured with error, provided the measurement

error in y is uncorrelated with the correctly measured X.

We now mathematically show this. Assume we have a single explanatory variable and no intercept term in our

model:

yi=xB+u fori=1,..n (199)

whereby y and x* denote the true values of these variables which we may not observe. To make our analysis easier,

we impose the following assumptions.
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We assume that the following variables have mean zero:

E[u]] =0
E[x]=0
E[y/]=0
fori=1,....n.
Furthermore, we assume that
E[x,*u,] =0

fori=1,..., n.
Finally, we have independent and identically distributed data.

Remark 269. A motivation for why this may be the case could be that these variables are expressed as deviations

from their sample means.

We now show our first result.

Proposition 270 (Mismeasured Dependent Variables does Not Cause Attenuation Bias)

Suppose that there is an additive, mean zero measurement error in the dependent variable only
Yi=Yy +vi

where y; is the observed value, y/ is the true value, and v; is the measurement error with E[v;] =0 for i =1, ..., n.
Let the model be:
yi*le-*ﬁ—‘ru,' fori = 1,...,n

where x/ is the true value. Then, there is no attenuation bias if the measurement error in y; is uncorrelated with

the correctly measured x/:
E[x‘vi]=0 fori=1,..,n.

Proof. Start off with the model:
Vi =xB+ ui

and substitute in the mismeasured dependent variable y; = y; — v; This results in
Vi—vi)=x'B+u

or alternatively:
Vi =xB+ (ui + vi)

For consistency to hold, we require that x* is uncorrelated with the new error term (u; + v;) which contains the true
linear model error u; and the measurement error v;.

By our measurement error assumptions, we assumed that E[x}u;] = 0. Furthermore, in the proposition, we also
assumed that E[xv;] = 0.

Therefore, E[x/(uj + vi)] = 0 and therefore the OLS estimator for 3 is a consistent estimator. O

We now show that there are issues when the explanatory variable is mismeasured.
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Proposition 271 (Mismeasured Explanatory Variables Cause Attenuation Bias)

Suppose that there is an additive, mean zero measurement error in the explanatory variable only
*
Xi =X, + €

where x; is the observed value, x* is the true value, and ¢; is the measurement error with Ele]=0fori=1,...,n.
Furthermore, suppose that E[x'e;] = 0, E[u;ej] =0, and 0 < Var[e] < oo.
Let the model be:
yvi=xB+u fori=1..n

where y* is the true value. Then, the OLS estimator is biased towards zero asymptotically.

Proof. Start off with the model:
Vi =xB+ ui

and substitute in the mismeasured explanatory variable x = x; — ¢; This results in
yi = (xi—e)B+u

or alternatively:
v =xB + (uj — &p)

Under the classical measurement-error assumptions, Cov(x;, ¢;) = Var(e;)) > 0 and
COV(X,‘, uj — G',ﬁ) = fﬁVar(e,').

This implies a non-zero correlation between x; and the error term in this model (u; — ¢;3) whenever B # 0.
From this, we can show that the OLS estimator of 3 here is biased. First, we look at the model under a

mismeasurement in the explanatory variable:
yi = xB + (ui — epB).

Suppose that the true value of 3 > 0. Then, this implies a negative correlation between the observed variable x;
and the error term (u; — e;8). This causes a downward bias in the OLS estimator of 3. As B > 0 was positive, this
downward bias makes the regression slope flatter and biases the OLS estimator towards zero.

Suppose that the true value of B < 0. Then, this implies a positive correlation between the observed variable x;
and the error term (u; — e;8). This causes a upward bias in the OLS estimator of 8. As 3 < 0 was negative, this
upward bias makes the regression slope flatter and biases the OLS estimator towards zero.

Therefore, under both scenarios, the OLS estimator of B will be biased towards zero and this is known as
attenuation bias. O

We now want to show that a mismeasurement in the explanatory variable also causes the OLS estimator to be
inconsistent. To do so, we need some further assumptions.
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Assumption 272 (Classical Errors-in-variables Assumption)

For i =1, ..., n, we assume that:
1. E[xfe] = 0 Measurement error is uncorrelated with the true value of x*
2. E[uje;]] = 0 Measurement error is uncorrelated with the true model error u;
3. Var|ej] = 02 Measurement error has finite variance

4. Var[x}] = o2. Population variance of the true value x; exists and is finite.

Proposition 273 (Mismeasured Explanatory Variables Causes Inconsistency of OLS)

Assume that the classical errors-in-variables assumption holds. Then, suppose that there is an additive, mean zero
measurement error in the explanatory variable only

X=X + €

where x; is the observed value, x* is the true value, and ¢; is the measurement error with Ele]=0fori=1,...,n.
Let the model be:
yi=xB+u fori=1,..n

where y* is the true value. Then, the OLS estimator is inconsistent.

Proof. Following our earlier derivation when showing the bias of the OLS estimator, we can rewrite the model as:
yi = xB+ (ui — ep).
Then, by the formula of the OLS estimator, we have that:

n * 1 n «
3 - . XY SN XY
Bors = (XTX)"IXTy :Z'nl ’2/ = i=1 /2,
2= X 7 2ie1 X

since x; and y; are scalars. We now plug in x; = x* 4+ ¢; and y;/ = X3 + u; into our OLS formula to get:

_ i (6 +e) (B + u)
% Py (X/* + ei)2

We can then expand out the terms:

B O0) + 5 S X+ By Yl e + 5 3o et
S ()2 + 25 S Oge) + 5 o €
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Now, we take limits on both sides and apply the weak law of large numbers:

BpliMnoe 2 30 1 (xF)2 4 plimpyee 23070 XU 4+ Bplimpsoe 230 x4 plimpee £ 3071 ejuj
Plimpoe 230 (x)2 4 2plimpsee 23070 (XF6) + plimpses 2 30, €2

_ BE[(x")?] + E[x u;] + BE[eix/] + E[ejui]

B E(x)2 + 2E[x’e] + E[e?]

_ BE[(x)?]+0+040

"W E(x )2 + 0+ Ee?]

2
- o2
—@ <a§* + og)ﬁ

_ /6]
“ i (ozjo2y 7P

p lim Bors =
n—oo

if 02 > 0 whereby =(1) uses the classical errors-in-variables assumption and =) uses the fact that the first moment
of the true variable x* is 0.

Therefore, we have the result that:

. A 5 2
pnlngcﬁoLS:W<,6 for 3 >0 and oz >0
pIimBOLS:L>ﬁ for 3 <0 and g2 >0

o 5 (02/07) e

where we can see that the OLS estimator of 3 is inconsistent, with a bias towards zero that does not diminish as the

sample becomes large. O

2

For a given level o%., the severity of the attenuation bias increases with the variance of the measurement error

ag. That is, the bias gets worse as there is more variance in the measurement error. Hence, the magnitude of the

inconsistency depends inversely on the signal-to-noise ratio (02./02).
One thing to be careful of is that under heteroskedastic measurement error, the presence of measurement error
may introduce an incorrect indication of non-linearity in the relationship between the true value y;/ and the observed

variable x;.

9.2.1 Multiple regression with errors in variables

We can now generalise our scenario to a multiple regression with errors in variables. Suppose that we have K explanatory

variables now whereby:

yi= )8+ u

x! = (x)" +e’ (Measurement error in explanatory variables)

whereby x;/, (x*)7, ] are 1 x K vectors. We still have measurement error in the explanatory variables. We can then

substitute the terms in to get:
T T
yi=x; B+ (u— ¢ B)
Under classical vector measurement error, we have

Elx;(u; — ¢/ B)] = ~El[eie] 18,

which is generally non-zero. In particular, it is non-zero if the measurement-error covariance matrix is positive definite

and B # 0. The OLS estimator of the K x 1 parameter vector B will therefore generally be biased and inconsistent.
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We have that if only one of the explanatory variables x; is measured with error, we can show that:

1. The OLS estimator of the coefficient on that mismeasured variable is biased towards zero (attenuation bias)

2. The OLS estimator of the coefficients on the other explanatory variables are also biased but in unknown

directions.

If several explanatory variables are measured with error, it is very difficult to sign the biases for any of the coefficients.

0.3 Omitted Variable

Another common concern in applied econometrics is that relevant explanatory variables may be omitted from the
model. This can cause the OLS estimator to be biased if the omitted variable is relevant and correlated with the
included regressor and the OLS is also inconsistent. Finally, the direction of the bias depends on the sign of the
correlation between the included variable and the omitted variable and the sign of the coefficient on the omitted
variable in the data generating process.

9.3.1 Single Linear Regression with Omitted Variables

First consider a simple model with one included variable x;; and one omitted variable x,;. The true process which

generates the outcomes y; is assumed to be:
Vi=x1iB1+ X8>+ u; fori=1,..n

satisfying
E[u] = E[xi;] = E[x] =0

and
Elxyiui] = E[xu] =0

Suppose that the model excludes x»;:
Vi =x1iP1 + (Ui + x0iB2) fori=1,..,n
We can stack across the n observations to get:
y = X161 + (u + X2B2)
The OLS estimator of B; is then given by:

Br=(X{ X)) ' X]y

Br = (X] X)) X[y
= (X{ X1) 7' X{ (X11 + XofB2 + u)
=B+ (X! X)) X] X0)8: + (X] X)) 72 X[ u
=B+ 682+ (X{ X1) 7 X{ u
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Here, we defined:
6= (X X)) X! X,

to be the coefficient ¢ in a linear projection of the omitted variable xo; on the included variable xq;:

X =x1;0+¢ fori=1,..n

Here, we have that § is actually a consistent estimator of § so we have that:

p lim § =6.
n—oo
We also use the fact that:
E[X{u] =0

to get rid of the third term by the weak law of large numbers.

We go back to our original expression and we take probability limits:

p lim B =61+ (p lim )6 = B1 + 66>
n—oo n—oo
Therefore, we have the important expression:
p lim B1 = B1+ 66> (200)
n—oo
We can see two things. The OLS estimator of 3; in the model that omits x»; is inconsistent unless either:

1. & =0 The omitted variable is orthogonal to the included variable;

2. B> = 0 The omitted variable is not a relevant explanatory variable in the true model.

We can see the direction of the bias of the OLS estimator for an omitted relevant explanatory variable (G, # 0).
The sign of the asymptotic bias is the sign of §G>. Thus, if x;; and xo; are positively correlated, then § > 0 and the bias
is upward when B, > 0 but downward when 3, < 0. The signs are reversed when x;; and xo; are negatively correlated,
so that § < 0.

9.3.2 Multiple Regression with Omitted Variables

We now look at the regression case with multiple explanatory variables. Suppose we had Ky included regressors and

K> omitted variables. Then, our regression model is:

y = X161 + (u + XoB2)

where X7 is a n x K1 matrix, 81 is a K1 x 1 vector, X5 is a n x K> matrix, and B, is a K> x 1 vector.

Following the same steps as before, we can obtain the expression for the OLS estimator as:
p lim B1 =P1 + (p lim (X{ X1) 71 X{ X2)B> (201)
n—oo n—oo

whereby
6 = (X X)) 'X] X,

is the K7 x K5 estimator of the coefficient matrix in the linear projection:

Xo=X10 +e

117



It is harder to be confident about the direction of the biases now.

However, if there was only one omitted variable that is correlated with several of the included explanatory variables,
then the bias in each estimated coefficients will depend on the partial correlation with the omitted variable and not
the simple correlation between the included regressor and omitted variable. That is, under the single omitted variable

case:

Vi =B1 + Boxoi + ... + Br—1xk—-1,i + (Brxki + ui)

where E[xx;u;] = 0 for k =1, ..., K and xk; is the omitted variable, we can show that the source of the bias for each
of the OLS estimators is:
plim Be=Bk+(plim 6)Bx fork=1,...K—-1
n—oo n—oo

whereby dy is from the linear projection:
Xki =01+ 02Xoi + ... +0k_1Xk—1,i + Vi

whereby E[xx;jv;] =0 for k=1,..., K — 1.
If there are several omitted variables, it is hard to predict the direction of the biases. And hence, the OLS estimator

will be a biased and inconsistent estimator of the true population parameters.
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10 Instrumental Variables

We have seen what are the issues when we have correlation between the error term and at least one of the explanatory
variables. Instrumental variables is a method of estimation that we can use to rectify this situation.

Before we proceed, we recap a few things. First, recall that in a linear projection model:
y=XB+u
where X is a N x K matrix (K explanatory variables) we have the orthogonality condition:
E[X"u] =0

where this holds for a system of K equations (for each explanatory variable). Now, if one of our explanatory variables

is an intercept term X; = 1y, then this orthogonality condition implies:
E[X] u] = E[1[u] = 0.

Therefore, under i.i.d. sampling, when the regression matrix X contains an intercept, the population projection error
has mean zero:
E[U,‘] =0.

If we do not have an intercept, however, the error term need not have mean zero:
E[uj] need not equal 0.

This was an important result we need when we want to show finite sample properties of OLS. Therefore, if we do not

include an intercept term, we then need to impose the assumption that:
E[u]=0
So now going back, suppose we have a structural model:
vi=x B+ u (202)

for observations 1 =1, ..., nand x; is a K x 1 vector for our K explanatory variables. If we had correlation between the
explanatory variable x; and the error term u;, we would have issues with OLS not being a consistent estimator. We

now go on to explain what we can do to solve this.

10.1 Two Stage Least Squares

The general intuition for 2SLS is that we want to construct predicted values of x; which are not correlated with the
error terms. To construct these predicted values, we can project the explanatory variables x; onto a set of instrumental

variables which we hope are:
1. Informative: Related to the explanatory variable x;
2. Valid: Uncorrelated with the error terms u;.

If we have these properties, we can replace x; by these predicted values and therefore guarantee consistency of our
OLS estimator B.
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We will now go into 2SLS. We make the following assumptions to make life easier by restricting our attention to

the case of a single endogenous variable and instrumental variable.

Assumption 274 (Single Explanatory And Instrumental Variable)
We have a single endogenous explanatory variable x;. We have a single outside instrumental variable z;. We

assume that both have mean zero:

E[x] =0 (203)
E[z] = 0. (204)

We also impose an assumption on the structural error term.

Assumption 275 (Zero Mean Error)

The structural error term has zero mean:
E[u;] = 0. (205)

We shall explain why we have these assumptions later on. First, let us look at our structural model again:
Vi =X + uj
for i =1, ..., n. By our assumption, x; is endogenous which then implies that:
E[x;u;] # 0.

This is an issue as this is the key orthogonality condition we need for the consistency of OLS estimators. We now

describe the first stage of the two stage least squares estimator.

Definition 276 (First Stage Linear Projection)
Let x; be our endogenous variable and z; be our outside instrumental variable. Define our structural model as

Yi = xB + u
for i =1, ..., n. Then, the first stage linear projection is:
Xi = ZiT + (206)

for i =1, ..., n where 7 is a scalar parameter coefficient.

Now, if we look at the first linear projection, we can see where our initial assumptions that E[x;] = E[z] = 0 came
in. If we regressed:
Xj = ZiT + I
which does not contain an intercept term, we are not guaranteed that the error term r; has mean zero E[r;] = 0.
Therefore, by assuming both E[x;] = 0 and E[z] = 0, we do not need to include an intercept and we automatically

get the result we need for E[r;] = 0.
We now define the two conditions needed for an instrumental variable: validity and informativeness.
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Definition 277 (Valid Instrument)
An instrument z; is valid if it is uncorrelated with the structural error term:

E[Z,’U,‘] =0. (207)

Definition 278 (Informative Instrument)

An instrument z; is informative if it is correlated with the endogenous variable x;:

E[zix] # 0. (208)

Note that we can rewrite the condition for informativeness in a different manner. Our first stage linear projection

was:
Xi = Zim+ 1

which therefore implies that correlation between z; and x;, E[z;x;] # 0, can also be expressed as:

T #£ 0.

Proposition 279 (Alternative Expression for Informative Instrument)

Suppose an instrument z; is informative for the endogenous variable x;
E[Z,‘X,‘] 75 0.

if and only if
T#0 (209)

where 7 is the coefficient in the first stage linear projection:
Xi = Zim + 1

fori=1,..., n.

Proof. First, recall the first stage linear projection:
Xj = Z;T + Ij.

Now, multiply by z on both sides:
ZiXj = Z,-27I' + zit;.

Now take expectations of both sides:
]E[Z,‘X,‘] = WE[Z,-z] + E[Z,‘I’,‘] = WE[Z?] +0

where we used the fact that E[z;r;]] = O by definition of a linear projection model. This means that when we run a

regression, unless we assume endogeneity, the orthogonality conditions hold. Therefore, we have that:

E[z:x] = 7E[z7].
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By assumption, we said that:
E[zix;] # 0

as z; is informative. Now, looking on the right-hand side as E[z] = 0 by assumption, we have that:
Var[z] = E[z?].

Furthermore, as E[z;x;] # 0, zi must have a positive variance since a constant cannot be correlated with a random

variable E[zx;] # 0, therefore we can conclude that:
Var[z] = E[z%] > 0.

Therefore, for the expression
E[zix] = WE[Z,Q]

to hold, we therefore require that m % 0 as well since we showed that all the other terms are not equal to zero. O

We can describe the 2SLS estimator. Starting off from our first stage linear projection:
Xi = Zim+ 1

we can rewrite this in matrix form:
X=2Zm+r

where T is still a scalar and Z is a n x 1 vector. Then, we have that the first stage estimator is given by our usual
OLS estimator:
7#=(Z2"2)7'Z"X.

From this, we can now construct our predicted values of the endogenous variable X = (xq, ...,x,,)T where recall
that we only have one explanatory variable. Therefore, if you recall that the predicted value in usual OLS is y = X8,

then the predicted values from our first stage of the endogenous variable is:

X=Zr=2 [(ZTZ)lzTX] =72(Z2"2)7'Z"X.

We can add and subtract in our predicted value for X; for the endogenous x; to get the second stage of the model:

Yi = XxiB + u;
&y =XB A+ up + X6 — X8

&y = X6+ |:Ui - XiB + X/ﬁ}

<y =X0+ [Ui + (xi — ?/)5}

Therefore we have the expression:
yi=%B+ [Uf‘ + (xi - %‘)ﬁ] :

We can then write this in matrix form:

y=XB+ (u+(X-X)B)
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where all vectors are n x 1. We can therefore run this regression to get our two-stage least squares (2SLS) estimator.

Definition 280 (First Representation of 2SLS Estimator)

Let x; be a single endogenous variable and z; be an instrumental variable. Let our second stage regression be:
y=XB+ (u+ (X - X)B). (210)

Then, the 2SLS estimator is given by:
Bosis = (XTX)' XTy. (211)

We can therefore summarise the process for two stage least squares estimation.

Proposition 281 (2SLS Estimation Procedure)

The first stage involves running the regression:

X=2Zr+r (212)
and retrieving the first stage estimator:
#=(Z2"2)'Z"X. (213)
Then, construct the predicted value:
X=Z7=2(Z"2)"'Z"X. (214)
Finally, run the second stage regression:
y=XB+ (u+ (X —X)B) (215)
and retrieve the 2SLS estimator:
Basis = (XTX) ' XTy. (216)

Notice that we have another term (X — X)@ in the error term. This is in fact a source of finite sample bias.

Proposition 282 (2SLS Estimator is Biased)
The 2SLS estimator is a biased estimator:

E[Bosis) # B- (217)

So far, our expression for the 2SLS estimator contains fitted values of X and y. We can rewrite our expression for

the 2SLS estimator in terms of our original variables X, Z, y.

Proposition 283 (Second Representation of 2SLS Estimator)

The second expression for the 2SLS estimator is:

Bosis = [XTZ(ZTZ)*lsz]’leZ(zTZ)*lzTy. (218)

Proof. First, notice that in our original expression for the 2SLS estimator:

Basis = (XTX) ' XTy
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we can plug in our expressions for the predicted values:
X=Z7=2(Z"2)"'Z"X.

We plug this into our original expression to get:

Pasis = (XTX) "' XTy (219)

= ([Z(ZTZ)lzTX] ' [Z(ZTZ)lzTX} ) - y (220)

=) ({XTZ(ZTZ)lzT} [Z(ZTZ)‘lzTXD_l {Z(ZTZ)—lsz} Ty (221)

— <XTZ(ZTZ)-1ZTZ(ZTZ)—1sz) - [Z(ZTZ)”ZTX} Ty (222)

= (XTZ(ZTZ)—lllzTX> - [Z(ZTZ)‘ZLZTX} Ty (223)

= <XTZ(ZTZ)—1ZTX>1 y (224)

- <XTZ(ZTZ)IZTX>IXTZ(ZTZ)lzTy (225)

(226)

where in =(;) we applied the transpose and used the symmetry of ((Z72)~1)" = (Z7Z)2. O

The previous expression is a bit cumbersome to work with. We can again rewrite our 2SLS estimator.

Proposition 284 (Third Representation of 2SLS Estimator)
The third expression for the 2SLS estimator is:

Basis = (XTX) ' XTy. (227)

Proof. We take our second expression:
Bosis = [XT2(272) 27X ' XTZ(Z27Z) " Z7y.
We then apply the transpose to the whole expression in front of the y:
T 1 ’
=[(z(z"2)'Z"x) X]~ (Z(ZTZ)lzTX) y
Notice that red and blue terms are exactly the expression for the first representation of the 2SLS estimator:
Basis = (XTX) ' XTy.
We therefore plug this in to get our desired expression:

Bosis = (XTX) ' XTy.

Now, we take pause and notice the case for when the 2SLS estimator coincides with the OLS estimator.
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Proposition 285 (2SLS and OLS Estimator)
The 2SLS estimator coincides with the OLS estimator:

Basis = Bovs (228)

if the instrumental variable used is the explanatory variable itself z; = x;. This implies that x; is an exogenous

explanatory variable.

Proof. Recall the definition of fitted values for X; and plug in the explanatory variable for the instrumental variable:
X=Z2(Z"T2)'ZTX=XX"X)"'X"X = X, = X.
Therefore, the predicted value is just the explanatory itself X = X. ]
This is very intuitive since if we project x; on itself, we obtain perfect predictions of x; and the second stage of
2SLS coincides with the original model.

10.1.1 Just-ldentified System

So far, we have assumed only one valid and informative instrument z; for a single endogenous explanatory variable x;.
In such a scenario, we say that the scalar parameter (3 is just-identified. For this subsection, we now extend this to

K-dimensional parameter vector.

Assumption 286 (K Endogenous Variables and Parameters)

Let B be a K x 1 parameter vector associated to x; which is a K x 1 vector of explanatory variables.

We now distinguish between the three cases of how many parameters we are estimating and how many instrumental

variables we have.

Definition 287 (Just-Identified)

Let z contain L valid instruments. The parameter vector B is just-identified if L = K and rank(E[zx]]) = K.

Definition 288 (Over-ldentified)
The parameter vector 3 is over-identified if L > K and rank(E[z;x[]) = K.

Definition 289 (Under-ldentified)
The parameter vector B is under-identified if rank(E[z:x"]) < K. In particular, the order condition L < K

implies under-identification.

If we are in the nice case of just-identification, we get a nice expression for the 2SLS estimator.

Proposition 290 (Just-ldentified Representation of 2SLS Estimator)
Suppose that the parameter vector B is just-identified. Then, the expression for the 2SLS estimator simplifies

to:
Basis =(Z7X)'Z7y. (229)
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Proof. We show the proof for our previous setting where K = 1. Now, note that 7 is a scalar in the first stage linear
projection as we only have one endogenous variable: X = Z#. Then, we rewrite our third representation of the 2SLS

estimator using this result:
Bosis = (XTX) ' XTy
= ((z&) x)" Y (z#7)y
= ("Z"TX) % (Z7y)
1
= = (ZTX)'#(Z7y)
— (ZTx)flzTy

where =(;y makes use of the fact that 7 is a scalar. ]

10.1.2 L Instruments

So far we looked at the case where we had 1 instrument z;. We now look at the case where if we had L instruments

zi = (211, 201, ..., z1;) T but we still have one endogenous explanatory variable x;.

Assumption 291 (L Instruments and 1 Endogenous Variable)

Suppose we had L instrumental variables z; = (z}, zo;, ..., ZL,')T and one endogenous explanatory variable Xx;.

We again have the structural equation:
Vi =xiB + u; (230)

for i =1, ..., n. To make life easier for us again, we assume that the variables have zero unconditional mean.

Assumption 292 (Zero Unconditional Mean)
Suppose that we had that zero unconditional mean for the structural error term, endogenous variable, and violation

of the orthogonality condition:

E[u] =E[x] =0 (231)
E[z] = 0 (232)
E[X,‘U,’] 7é 0. (233)

Now, since we assumed that E[x;] = 0 and E[z] = 0, we do not need to include an intercept term in our first

stage linear projection:
x=zlm+r (234)

for i = 1,...,n. Here, we have 1 endogenous variable x; but L instruments z; and therefore, we have w as a L x 1

vector of coefficients on the L instruments. We can then write this in matrix form:

X=2Zm+r. (235)
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Definition 293 (Validity of L Instruments)

Let z; contain L instrumental variables. Then, z; is a valid instrument if:

so that all the instrumental variables in z; are valid.

E[Z,‘U,‘] =0 (236)

Definition 294 (Informativeness of Instruments)

mental variables in z; is informative:

If ]E[z,z,T] is non-singular, equivalently, the coefficient vector on the instruments 7 is not equal to the zero vector:

The z; instruments are informative for the single explanatory endogenous variable x; if at least one of the instru-

E[Z,‘X,‘] 7é 0. (237)

7 #0. (238)

Proof. These two definitions are equivalent for informativeness since first, recall the first stage linear projection:
Xi = Z,-T‘I(' + ri.

Now, multiply by z; on both sides:

ZiXj = z,z,T1r + zir;.

Taking expectations and using the projection orthogonality condition E[z;r;]] = 0 gives:
E[zix] = E[z:z] .
If E[ziz]] is non-singular, it follows that

E[Z,‘X,‘] #0 <= w#0.

We can restate the property of informativeness in a different manner.

Proposition 295 (Informativeness Rank Condition)

The z; instruments are informative for the single explanatory endogenous variable x; if:

or equivalently,

rank[w] =1 (239)

rank[E[z;x]] = 1. (240)

We then get two expressions for the 2SLS estimator with L instruments.
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Proposition 296 (2SLS Estimator with L Instruments)
Suppose we had L instruments z;. Then, the 2SLS estimator of 8 has the form:

Bosis = (XTX) ' XTy (241)

and
Bosis = (XTX) ' XTy. (242)

Proof. Plug in the expression that:
X=2(Z"2)'72"x

and
XT=X"z(z"z2)'z".

Then, follow the steps going from the first representation of the 2SLS estimator to the second representation and

then to the third representation. O

10.2 Control Function

We now give another on how we can compute the 2SLS estimator through control functions. \WWe make an assumption.

Assumption 297 (L Instruments and 1 Endogenous Variable)

Suppose we had L instrumental variables z; = (z1;, i, ..., ZL,')T and one endogenous explanatory variable x;.

We again have the structural equation:
Yi =xiB + u (243)

for i=1,...,n where E[u;] = E[x] =0, E[z] = 0, and the orthogonality condition violated E[x;u;] # 0.
Now, since we assumed that E[x;] = 0 and E[z] = 0, we do not need to include an intercept term in our first

stage linear projection:
x=zlmtr (244)

for i = 1,...,n. Here, we have 1 endogenous variable x; but L instruments z; and therefore, we have w as a L x 1

vector of coefficients on the L instruments. We can then write this in matrix form:
X=2Zr+r. (245)

To make life easier for us again, we assume that the variables have zero unconditional mean.

Assumption 298 (Zero Unconditional Mean)
Suppose that we had that zero unconditional mean for the structural error term, endogenous variable, and violation

of the orthogonality condition:

E[u] = E[x] =0 (246)
E[z] =0 (247)
E[X,‘U,’] 75 0. (248)
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Now, define the OLS residuals from the first stage linear projection equation as 7.

fi=x — z,-T‘ir.

Definition 299 (First Stage Linear Projection Residuals)

The OLS residuals from the first stage linear projection equation is defined as:

F=x—z & (249)

With this, we can define what is the control function approach for 2SLS.

Definition 300 (2SLS Using Control Functions)
Let 7 be the OLS residuals from the first stage linear projection equation. Then, the 2SLS estimator Bos; s can

be estimated as the OLS estimator of the extended equation:
Yi = xiB + iy + v (250)

for i =1, ..., n. The first stage residuals 7; are referred to the control function.

First, notice we are now regressing on x; and not X;! The inclusion of the control function allows us to control for
correlation between the endogenous x; and the error term u; in the original model. The reason it does this is because
we can decompose the endogenous variable:

xi=z/m+r

where we assume z; is uncorrelated with the structural error u; by definition of an instrumental variable. As z; is
uncorrelated with u;, then, the only component of x; that could be correlated with the structural error u; is therefore
r;. Therefore, by including r; into our equation, we now control for this correlation between x; and the structural error
uj. This control function approach gives us a consistent estimator 3, which we shall discuss in the next section.

10.3 Indirect Least Squares

For the next method, we need to assume we are in a just-identified setting.

Assumption 301 (Just-ldentified)
The parameter vector B is just-identified if L = K and rank(E[zix]]) = K.

Suppose that we had the number of parameters is 1, K = 1, which implies that we have one endogenous explanatory
variable x;. By just-identified system, this means that the number of instrumental variables is 1, L = 1. Now, take our
first stage linear projection for x;:

Xj = ZiT + t;

and we can then substitute this into our structural equation:
Vi = XiB + u;

to get the reduced form equation:
vi = z(mB) + (ui + riB).
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Definition 302 (Reduced Form Equation)

The reduced form equation in indirect least squares is given by:
yi = z(mB) + (uj + riB) (251)

where number of parameters equal the number of instrumental variables.

In the general case with L instruments and K regressors, the first-stage coefficient matrix Il is L x K and the
reduced-form coefficient M@ is L x 1. Thus, this multiplication is well defined whether or not L = K. Just-identification
is required to recover B uniquely by indirect least squares, not for the reduced form to exist.

We can state the indirect least squares method approach.

Definition 303 (Indirect Least Squares)
Let
Xi = ZT+r; (252)

be our first stage linear projection equation. Let & be our OLS estimator in this first stage linear projection
equation. Then, let
yi = zi(mB) + (u; + riB) (253)

be the reduced form equation with 7/rB as the OLS estimator in this reduced form equation. Then, the indirect

least squares estimator 3,p is given by:
5 LifS]
e

Bip = (254)

This estimator has some nice properties.

Proposition 304 (Consistency of Indirect Least Squares Estimator)

The indirect least squares estimator B,p is a consistent estimator.

We can also show that this estimator is equivalent to the 2SLS estimator in a just-identified setting.

Theorem 305 (Indirect Least Squares and 2SLS Estimator)
Suppose that we have a just-identified model. Then, the indirect least squares estimator coincides with the 2SLS

estimator.

10.4 Consistency of 2SLS Estimator

First, we recall that in finite samples, the 2SLS estimator is a biased estimator.

Theorem 306 (Bias of 2SLS Estimator)
The 2SLS estimator
Bosis = (XTX)'XTy (255)

is a biased estimator of 5.
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Whilst we may not have the finite sample property of an unbiased estimator, we at least have a nice asymptotic
property for the 2SLS estimator.

Theorem 307 (Consistency of 2SLS Estimator)

Assume that (y;, X;, z;) are independent and identically distributed. Furthermore, suppose that the instrument z
Is:
1. Valid E[zju]] =0
2. Informative E[zx;] # 0 or m # 0.
Then the 2SLS estimator:
Basis = (XTX) ' XTy (256)

is a consistent estimator of (3.

Proof. First, write the 2SLS estimator as:

Basis = (XTX) ' XTy
= (XTX)'XT(XB + u)
= (XTX) I XTXB+ (XTX) 1 XTu
=B+ (X" X)*XTu.

We then multiply and divide by n:
Basts =B+ (XTX) ' XTu
. 1\ ~
=B+ n(X"X)! (n>XTu
XTX\ ' (XTu
-+ (%) ()
——

—_———
*) (**)

We first look at (*).

Claim 308.

p lim <X7x>1 = (nE[zix]) " #0.

Proof. We have that (x;, z;) is i.i.d. We can then use the expression X = Z# and plug this in to get:

T T
p lim <X X) =p lim [ﬁznx] = 7E[zx].

n—oo n n—oo

Here, 7 is a consistent estimator of 7 by the properties of the OLS estimator in the first-stage equation. Furthermore,
as z; is informative for x;, we have that E[zx;] # 0.

We can then apply the continuous mapping theorem to conclude that:

n—oo

p lim (X;X>l = (nE[zix]) " #0.

We now look at (**).
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Claim 309.

T
p lim (X u> =0.
n—oo n

Proof. We know that x; is i.i.d for all i = 1, ..., n. Furthermore, E[zjuj] = 0 for all i = 1, ..., n by validity of the
instrumental variable. We can therefore apply the weak law of large numbers to get:

)’(T ZT
p lim < u) =p lim (frnu) = mE[ziuj] =q) T-0=0

n—oo n n—oo

whereby =1y arises from applying Slutsky’s theorem using both the validity assumption of the instrumental variable

: P
ZT and consistency of & — . O

Therefore, we can apply the continuous mapping theorem to the product of (*) and (**) that we started with,

whereby we now have that the product of the limits is the limit of the products:

p lim [ﬁ+ (XTX>_1@} =B+ (mE[z,-x,-])‘l.o =B

n—oo n
*) **)
We can therefore conclude that:
p nli—>mooB2SLS =0

Therefore, we have shown consistency.
0

Looking at the proof for consistency, we can see that we require our instrumental variables to be both valid and

informative in order for our 2SLS estimator Bos, s to be consistent.

10.5 Asymptotics

We get some nice asymptotic results for 2SLS estimators.

Theorem 310 (Asymptotic Normality of 2SLS Estimators)
Let {y;, x;, zj} be i.i.d observations. Suppose that the instruments z; are both valid and informative. Then,

Vi(Basis — B) = N(0,V) (257)

where V is a variance-covariance matrix.

We can do hypothesis testing using chi-squared Wald tests.
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Proposition 311 (Variance Estimator Under Conditional Homoskedasticity)
Under conditional homoskedasticity E[u?|z] = o2 for all i = 1,2, ..., n, then a consistent estimator of the limit

variance matrix V is given by:
ng2(XTX)™1 (258)

where 02 can be estimated consistently using the residuals from the 2SLS regression:
1 n
~2 ~2
6% == Z; 07 (259)
=

~ TA
where 0; = y; — X Basis.

This implies that the variance of the 2SLS estimator is:

Var[Basis] = — = 62(XT X)L (260)

3

As usual, we can obtain White standard errors for the 2SLS estimator if we are concerned about conditional

heteroskedasticity.

Proposition 312 (Variance Estimator Under Conditional Heteroskedasticity)
Under conditional heteroskedasticity E[u?|z] # o2 for all i = 1,2, ..., n, then the variance of Bas, s is given by:
A~ A % SN n SN
Var(Basis) = o = (X707 (3 a7l ) (XTR) (261)
i=1
where
0 = y; — x/ Basts. (262)

10.6 1V with Multiple Regressors

We now generalise where we have multiple explanatory variables that are endogenous. Suppose we had the parameter
vector B = (B1, B2, ....Bk). Let xT = (1, xz;, ..., xki) be a 1 x K row vector of explanatory variables such that:

Vi =x'B+ u (263)

where the orthogonality condition no longer holds E[x;u;] # 0. Notice that we now have an intercept term in x;.
Furthermore, assume that z,-T is a1 x L row vector containing the intercept, any exogenous explanatory variables
contained in x;, and any additional excluded instruments that are valid so that E[zu;] = 0.

Let M be the number of excluded instruments, let K, be the number of included exogenous explanatory variables

(including the intercept), and let L be the total number of instruments, so that:
L=K,+ M.

We now state the first necessary condition we need for identification.
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Definition 313 (Order Condition)
The order condition is that there is at least as many instrumental variables L as there are number of parameters

K we are trying to estimate:
L>K. (264)

Recall that instrumental variables here z; contains both exogenous explanatory variables and outside instrumental
variables.

We now state the necessary and sufficient condition for identification of 8.

Definition 314 (Rank Condition)

The rank condition is that the L x K matrix is full rank:

rank(E[zix']) = K. (265)

Remark 315. Recall that by linear algebra, rank(E[z;x[]) < min{K,L}. Since L > K by the order condition, the

rank condition requires this rank to equal K.

The rank condition ensures that the instruments provide K linearly independent sources of variation for the ex-
planatory variables and hence identify 3. The absence of perfect multicollinearity among the explanatory variables is
a separate requirement.

Let us define the first stage projection equation.

Definition 316 (First Stage Projection)

The first stage projection equation is:
X=ZN+R (266)

where X is a n x K matrix, Z is a n x L matrix, M isa L x K matrix and R is a n x K matrix.

Here, in this first stage projection equation, we have K equations in which we are projecting. We can now state an

equivalent condition for the rank condition.

Definition 317 (Equivalent Rank Condition)

If E[ziz]] is non-singular, an equivalent rank condition is:

rank(M) = K. (267)

A few final notes on this section. The parameter vector B is not identified if we have one endogenous explanatory
variable for which we have no informative excluded instrument. Furthermore, the rank condition also fails if we have
one informative instrument for two or more endogenous variables.

We have seen that the rank condition was needed to check for the informativeness of instrumental variables.

10.7 Testing

We are interested in three types of tests for 2SLS estimators. First, some of the instruments are informative. Second,

all the instruments valid. Finally, are the explanatory variables exogenous.
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10.7.1 Testing for Informativeness of Instrumental Variables

We now want to test whether are our instrumental variables informative for the explanatory variable.

Definition 318 (Testing for Informativeness of Instruments)
Let x; be a single endogenous variable, let g; contain the included exogenous regressors, and let z; contain the

excluded instruments. Estimate the first-stage linear projection:
xi=qld+z/m+r (268)

and run the joint F-test:

Hy:mi=m=..=my=0.

With several endogenous variables, repeat this test for each first-stage equation.

A rule of thumb suggested by Staiger and Stock (1997) and often used in empirical work is that the value of the
F-test statistic should be at least 10 for reliance on the standard asymptotic approximation to the distribution of the
2SLS estimator. For this linear model with a single endogenous explanatory variable and conditional homoskedasticity,
Stock and Yogo (2005) provide alternative critical values for this F-test which seek to control either the bias in the
2SLS estimator relative to the bias of the OLS estimator in the same model or the rejection frequency of standard

asymptotic t-tests based on the 2SLS estimator.

10.7.2 Test for Validity of Instrumental Variables

The Sargan/Hansen test is a test for validity of instrumental variables.

Assumption 319 (Sargan Test Assumption)
We have a linear model with conditional homoskedasticity. Furthermore, we have an over-identified model

whereby L > K.

Definition 320 (Null Hypothesis for Validity of Instruments)
The null hypothesis for the testing of the validity of instruments z; is given by:

Ho o E[Z,‘U,‘] =0. (269)

We can now state the Sargan test.

Definition 321 (Sargan Test for Validity)
Under the null hypothesis Hp : E[z;u;] = 0, the Sargan test statistic has the form:

J= (012) 0'2(Z72) 276 2 x2(L - K) (270)

whereby 0; = y; — x/ Bas.s and 62 is a consistent estimator of 02 = E[u?|z].

The intuition behind this test is that the scalar test statistic J is proportional to what we minimise to define the
2SLS estimator via the GMM estimator with (Z7Z)~! as the choice for the weight matrix. We try to set the criterion
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function of the GMM estimator as close to 0 as possible. A large minimised value of J means that the sample moments
cannot be made jointly close to zero, which provides evidence against the overidentifying restrictions.
If we have conditional heteroskedasticity, then we should use the Hansen test.

10.7.3 Test for Endogeneity

We now want to construct our second test to check for endogeneity of our regressors.

Definition 322 (Null Hypothesis for Endogeneity of Regressors)

The null hypothesis for the testing of the endogeneity of regressors x; is given by:

Ho : E[x;u] = 0. (271)

Recall that we used instrumental variables because we were worried that our OLS estimators were inconsistent and
that by using appropriate instruments, the 2SLS estimator will become consistent. If the instrumental variables were
indeed valid and informative, then we would expect the 2SLS estimator to be different to the OLS estimator if one
of the explanatory variables were endogenous since the OLS estimator will no longer be consistent. We can therefore
compare these two sets of parameter estimates as the basis for the Hausman test.

Under the null hypothesis where we have no endogeneity, then both ﬁOLs and ﬁzsLs are consistent estimators.

If there was endogeneity, then only ﬁgsLs will be a consistent estimator. However, under the null, ﬁzSLS will be less
efficient that Bors.

Definition 323 (Hausman Test for Endogeneity)
Under the null hypothesis Hp : E[x;u;] = 0, the Hausman test statistic has the form:

=1l

h= (Bosts —Bors)T |VarlBasis) — VarlBoisl| (Baosis —Bors) = x*(K) (272)

provided we have conditional homoskedasticity E[u?|z] = 02 and the K x K variance \7a\r[f]25L5] —\7a\r[ﬁOL5]

is non-singular.

We can construct an alternative form of the Hausman test.

Definition 324 (Scalar Version of Hausman Test for Endogeneity)

The scalar version of the Hausman test has two forms:

he —Brasis “Buows) b a() (273)
[Var[Bk.2sis] — Var[Bkovsl
and ~ N
, (Bk2sts — Brots) ~ N(0,1), h— 2 (274)

. \/[\737[6/«255] - \73\f[6/<,OLS]]

provided that we have conditional homoskedasticity E[u?|z] = o2.

10.8 Finite Sample Problems

We look at two sources of finite sample bias.
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10.8.1 Overfitting

If we use too many instrumental variables z; relative to the number of endogenous variables x;, then when we construct
our predicted values X;, we may end up having a perfect fit so that X; = x; and therefore we get back our endogenous
variable. From this, we did not remove the endogeneity in the system and therefore end up with endogeneity again.

Proposition 325 (Overfitting)
As the number of L instruments approach the sample size n, then the 2SLS estimator Bos; s tend towards the
OLS estimator Boy s.

In such a situation, f]gsLs will have exactly the same bias as ﬁOLs in the limit as the number of instruments
converges to the sample size L — n. Therefore, if Bos, s and BoLs are quite similar, we should check that we are not

using too many instruments.

10.8.2 Weak Instrumental Variables

Weak instruments is when the coefficients on the instruments in the first stage equation is barely significant so that
the instrument only weakly identifies the endogenous variable x;. This means that w =~ 0. In such a situation, we get
a finite sample bias in the 2SLS estimator Bos; s in the direction of the OLS estimator Bo. s, which is also biased.

Under conventional fixed-parameter asymptotics, any fixed non-zero relevance is sufficient for consistency, but weak
relevance can produce severe finite-sample bias and poor normal approximations. Under local-to-zero weak-instrument
asymptotics, the limiting distribution of the 2SLS estimator is non-standard and the estimator can be far away from
the true parameter 3.

As a result, we should avoid weak instruments whenever possible and should not attach much significance to 2S5LS
estimates in situations where the instruments are very weak. In these situations, conventional t-tests and Wald tests

become quite unreliable.

10.8.3 Anderson-Rubin Test

We now give a test for coefficient hypotheses that remains valid under weak instruments. Suppose that we have the
linear model with an intercept x1; and a single endogenous explanatory variable x;:

Vi =B1+Boxai + ... + Br—1xk—-1.i + BrXki + Ui (275)

with E[xx;u;] =0 forall k=1,2,..., K — 1.

Furthermore, suppose that we have M valid excluded instruments zi;, zo;, ..., Zp; with E[zpniui] = 0 for m =
1,2,..., M.

We require one of these outside instruments to be informative for the explanatory variable xx; in the first stage

linear projection whereby at least one coefficient on the instruments 8; is non-zero:
Xij = 01+ 02X0i + ... + Ox—1Xk—1,i + 6121; + ... + Omzmi + 1. (276)

We can run an F-test of Hg : 81 = 0> = ... = 0y = 0 with degrees of freedom F(M, n— L). Failure to reject this
null indicates a lack of first-stage relevance and possible under-identification, whereas rejection supports relevance. A
commonly used rule of thumb suggested by Staiger and Stock is that the first-stage F-statistic should be at least 10.

We may also be interested in testing coefficients in the presence of weak instruments.
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Definition 326 (Anderson Rubin Test)

Suppose we had the structural equation:
Yi = Bixii + Boxai + U (277)

with one weak instrumental variable z; available. Suppose we wanted to test Hp : 81 = 0. The Anderson Rubin

test says to write the reduced form equation:
Yi = (810)z1; + (B2 + B10)x2; + (Ui + B1r;) (278)

and test the null hypothesis Hg : 316 = 0.

138




11 Generalised Method of Moments

11.1 Motivating Examples

We give two examples of deriving GMM estimators for linear regression and linear regression with instrumental variables

before stating the general framework for GMM.

11.1.1 GMM Applied to Linear Regression

Suppose we have the population model:
— D ) P
Yi=x;B+u fori=1..n

whereby y; is a scalar, x; is a K x 1 vector of explanatory variable and B is a K x 1 vector of parameters. Furthermore,
it is important to stress that B here is the true value of the coefficients of the data generating process for the linear

model. We impose the following orthogonality assumption, which we will soon see later is necessary for identification.

The orthogonality condition is that the explanatory variables are uncorrelated with the true population error terms:

E[xjuj=0 fori=1,...,n

Now, the ordinary least squares estimator is the argument to the solution to the following minimisation program:

n
Bors =argmin Y (vi — x/ B)?
6 =1

where we stress that B refers to any particular value that the estimator can take, which is in contrast to the fixed true
population parameter value 8.
From our minimisation program, we can solve for the OLS estimator simply by taking first order conditions with

respect to ﬁN We end up with the first order condition:
n n
VY (vi—x/B)?=-2) x(vi—x/B)=0
i=1 i=1

where Vﬁ is the K x 1 gradient vector with partial derivatives with respect to 8.

Divide by 2 on both sides and multiply by 1/n gives us:
R .
EZX/(Y/ —x;B)=0
i=1
What we can then do is to define a function of the data and parameters as:

g(w,;f}) =x(yi — x,Tﬁ) where w; = (y;, x;)

where w; is the observed variables. We use this notation w; as this can be for any general variables we may observe
(later on, w; will include instrumental variables). We can therefore write our first order condition as the sample

average of a known function of data and parameters:
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1 < ~
n ;g(w,-,ﬂ) =0

This sample average in fact as a special name in GMM estimation.

Definition 328 (Sample Moment Condition in Linear Regression)

The sample moment condition in linear regression is given by:

=S 9w ) = =Y %~ x7B) =0 (279)
i=1 i=1

Remark 329. The sample moment condition is the equation that defines what our estimator shall be.

As we have a sample moment condition, it makes sense to have a population analogue whereby we replace the

sample average with the expectations operator E. This also has an important name too.

Definition 330 (Population Moment Condition in Linear Regression)

The population moment condition in linear regression is given by:

Elg(wi: B)] = E[xi(y; — x/ B)] = 0. (280)

We now collect and summarise everything we have done so far before proceeding further. We have assumed that
we had a linear model for the data generating process and an orthogonality assumption. With this linear model,
we can then construct a population moment condition that needs to hold. We can then construct a corresponding
sample moment condition by replacing expectations with averages. Now, to find an estimator of the true population

parameter, we can instead find an estimator such that the sample moment condition holds!

Proposition 331 (Solution to Population Moment Condition)

The population moment condition is solved:

Elg(wi;B)] = E[x;(yi — x/ B)] = 0

when the estimator 8 = 3.

Proof. Start off with the population moment:
Elg(wi;:B)] = E[x;(yi — x/ B)]

Let B = B from our proposition:
Elx(vi — x'B)] = Elxi(vi — x' B)]

We now want to show that this is equal to zero. Recall that from our linear model specification: y; = x,Tﬁ + u;.

Plugging this in gives us:

Elxi(y; — x/ B)] = Elxiu;] =1 0

where =1y holds by our orthogonality assumption. O
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We have shown that BN = B is a solution to the population moment condition. We want to know if this solution

is also unique?

Proposition 332 (Unique Solution to Population Moment Condition)

The estimator B = 3 is the unique solution to the population moment condition:

Elg(wi; B)] = Elxi(yi — x/B)] = 0

if there is no perfect multicollinearity, so that rank(E[x;x/]) = K.

Proof. Start off with our population moment condition and plug in our linear model for y;:

E[g(wi:B8)] = Elx(y; — X/ B)]
=Ex(x/ B+ u — x'B)]
= E[xx/ B + xiu; — xix] B]
=E[xx (B —B) + xiu]
= Elx/ (B —B)] + E[xu)]
=) Exx/ (B -B)] +0
= E[xix” (8 —B)]

where =1 invokes the orthogonality assumption again. Therefore, we want to know for what values B does the

following expression hold:
Elxx/ (8 —8)) = 0.

We claim that the only solution to this is when 8 = 8. Now, we need an important result from linear algebra.

Theorem 333 (Product of Matrix and Vector is Zero)
Suppose that A is a M x N matrix. Suppose that A has rank(A) = L < N. Then, there are N — L linearly
independent vectors b € RV \ {0} such that:

Ab = 0.

Remark 334. This says that if a matrix A does not have full column rank N and instead had a rank of L, then exists

N — L vectors b such that the product of Ab is the zero vector 0.

This theorem actually has an important corollary which is what we actually need.

Corollary 335
Suppose that A is a K x K matrix. Suppose that rank(A) = K is full rank. Then, the only vector b € RX such
that:

Ab=0

is when b = 0 is the zero vector.

We now go back to our expression:

Elxx/1(6 —B)

141



and we can map this to our corollary by letting A = E[x,vx[T] be our K x K matrix and b =0 fﬁ be our K x 1 vector.
We assumed that E[x;x;] is full rank. Therefore, by our corollary, the only way for

Elxx] (8~ )] = 0

to hold is if the vector multiplying E[x;x] is the zero vector (B —B) = 0 and we only get a zero vector if:

B=8.
O

We have just shown the linear regression model can be solved by GMM! The GMM estimator takes our model in
terms of its population moment conditions, and solves them by choosing an estimator to set their sample analogue
equal to 0.

11.1.2 GMM Applied to Linear Regression with Instrumental Variables

We now derive the GMM framework in the context of linear regression with instrumental variables.

We would like to estimate the parameter B in the model:
vi=x/B+u fori=1,..n. (281)

where x;,3 are K x 1 vectors. However, some of the explanatory variables x; may be endogenous E[x;u;] # 0.

Therefore, we will need to use instrumental variables.

Assumption 336 (Instrumental Variable Orthogonality)
An instrumental variable z; is one where:
E[Z,‘U,‘] =0. (282)

Definition 337 (Instrumental Variable)
A variable z; is a valid candidate instrument if it satisfies the instrumental variable orthogonality assumption.

A usable set of instruments must additionally satisfy the relevance or rank condition.

Therefore, we have our explanatory variables x; and our instrumental variables z; whereby:

x; € R and z eRL

First, we note that both x; and z; will have at least an intercept term common in both variables. Furthermore, any
exogenous variables in x; will also be included into z;. Finally, z; will have additional outside instrumental variables. We

elaborate this more. First, partition the structural equation as:
Vi =X/ B+ u = x{[iB1 + X362 + u;

whereby we have partitioned the explanatory variables as

. lXU] Exogenous variables, E[xj;u;] =0
=

x5i|  Endogenous variables, E[x;u;] # 0
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Here, x1; explanatory variables are valid instruments for themselves as they are exogenous. We can also partition

the instruments z; as:

[21,1 [xl,l Exogenous variables, E[xy;u;] =0
zZi = = =

Zoj - Zoj " Excluded instruments, E[zju] =0

The variables z;; are the exogenous variables x;; and z; € RM are the excluded (outside) instruments. These
variables are called excluded instruments as they are variables that do not appear in the population model in Eq. (281).
To be clear on terminology, z; are referred to the instruments and z; are referred to the excluded instruments.
Therefore, z; contains the intercept term, exogenous explanatory variables and the excluded instruments.

Let us also be clear on the dimensions of all our vectors and matrices. The parameter of interest B is a K x 1
vector. The explanatory variables, which contains both exogenous and endogenous variables, is a K x 1 vector. We
denote K, as the number of exogenous variables (including intercept) and K, are the number of endogenous variables
such that K, + K, = K. The instrumental variables z; is a L x 1 vector which contains the exogenous variables xi;
and the excluded instruments z;. The excluded instruments z»; is a M x 1 vector such that L = M + K,, whereby
K, is the number of exogenous explanatory variables and L is the total number of instruments.

Now, we wish to derive the population moment conditions to identify the true population parameter 8. We can

start off with our instrumental variable orthogonality condition and substitute in our true population model:

0 = E[zuj]
= E[zi[yi — X/Tﬁ]]
= E[g(w;; B)]

where we defined w; = (x;, y;, z;) as our observed variables and g(w,-;ﬁ) =zily, — x/-Tﬁ].

Proposition 338 (Solution to Population Moment Condition)

The population moment condition is solved:
Elg(wi;B)] = Elz[y; — x/ B]] = 0

when the estimator B = 3.

Proof. Let B = and use the IV orthogonality assumption:

Elzlyi — x/ B] = Elzlyi — x/ BI]
=E[z[u]] = 0.

We can also show that this is an unique solution.

Proposition 339 (Unique Solution to Population Moment Condition)

The estimate 8 = B is the unique solution to the population moment condition:
Elg(wi:B)] = Elzly; — x/B]] = 0

if the rank condition rank(E[zx]]) = K holds.
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Proof. Plug in the true population model and use the IV orthogonality assumption:

Elzi(yi — x/ B)] = Elz/(x/ B + v — x/ B)]
= E[zix] B + zju; — zix! B]
= E[zxB — zix! B] + E[zuj]
=E[zx/ (B -6)] +0
= E[zx (B - B)]
Again, we can argue that the only way for E[z;x/ (8 —B) = 0 is if 8 = B. The matrix E[z;x] ] is L x K, where
L > K, and by assumption it has full column rank K. Therefore, its null space contains only the zero vector, so

B —B =0 and hence B =8.
O

Remark 340. The assumption rank(E[z;x]) = K was the identification assumption used in the section on instru-

mental variable estimation.

Now, we want to construct our sample moment conditions from our population moment function E[g(w,-;ﬁ)].

Definition 341 (Sample Moment Condition in Linear Regression with 1V/)

The sample moment condition in linear regression with instrumental variables is given by:

1 s 1L .
EZg(W,-;ﬁ):EZZ,-(y,-—x,Tﬁ):O. (283)
i=1 i=1

Looking at the sample moment equation, we can see that we have a notable issue. z € Rt so then z(y; — X,TEJ)
isa L x 1 vector. So we have L equations. However, we only have K parameters we wish to estimate 8. And
by assumption, we usually have that L > K. Therefore, we have an overdetermined system with L equations but K
unknowns.

As a result, we have two potential cases that can occur.

Case: L = K. Here, we have as many instruments as parameters to identify. This means that the system is just

identified and we can solve for the K unknowns with the L equations (assuming linearity of the system).

Theorem 342 (Instrumental Variable OLS Estimator)

Assuming a just-identified system where L = K, then the instrumental variable OLS estimator is given by:

Bv=(Z"X)'Z"y (284)

Proof. First, look at the sample moment condition:

LS~ gwi) = 23" 20— 5T = 0
n 4 gwj, = n 4 Zi\Yi X; =
i=1 =1
Drop the n~! scaling:
n n n
Yzlyi—-x'B) =) _zyi—> zx' =0
i—1 i—1 i—1
Re-arrange to get:

n n

_
E zZix; B = E Ziy;i
=1 i=1
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Assuming invertibility of Z,’-’:l z/x,-T, which holds with probability approaching one under the population rank con-

dition, we therefore have that:
n n
A -1
B =D zx)" > zy
i=1 i=1
or in matrix form:
Bv=(Z"X)'Z"y
]

Case: L > K. Here, we have more instruments than parameters. This means that the system is over identified
and we can't solve for the K unknowns with the L equations easily. One to way estimate the parameters is to use the
method of two stage least squares (2SLS).

Theorem 343 (2SLS Estimator)

Assuming an over identified system where L > K, then the Two-Stage Least Squares estimator is given by:

Bosis = (XTX) ' XTy. (285)

Proof. Here, we can take the sample moment conditions:

S|

1 n ~ n ~
- ;g(wf;ﬁ> = ;w —x/B) =0

where we said that z(y; — x,-TﬁN) was a L x 1 vector. What we can do is to pre-multiply this expression by the first
stage regression coefficients frnT and this will reduce the system down to a K dimensional system. We will therefore
have K equations and K unknowns and hence we can solve for the estimators explicitly.
First, recall that the first stage regression is given by regressing the explanatory variables on the instrumental
variables:
X=ZN+R

whereby M is a L x K matrix of the coefficients on the L instruments, Z is a n x L matrix containing the observed
instruments, and X is the n x K matrix of explanatory variables and R is the error terms. Then, the OLS coefficients
in this first stage regression are given by:

N=(zZ"2)'2"x

whereby Mis a L x K matrix. Furthermore, recall that the predicted values of the explanatory variables X are then:
X=2zZN=2(Z"2)'Z"X.
We can then pre-multiply the sample moment conditions with this first stage coefficients:

1.7 < ~
0= E” z;zi()/i - x/B)
=

We now have a system of K equations and K unknowns! We now recognise that we can use the definition of the

predicted values of X to get:

= n < 1X, Vi X; = n 2 1X,y, n 1X/Xi =
= 1= 1=
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So we therefore have that:

R R I

SO s B =2 %
i=1 i=1

We have invertibility of Y7 ; %ix/ and therefore we get the result:

1< 11

. s R

Bosis = <nzl:XfX/ ) ;zl:xfy/
= =

or in matrix form:
Bosis = (XTX) ' XTy.

We can also express the 2SLS estimator in an alternative manner.

Proposition 344 (Alternative Expression for 2SLS)

The 2SLS estimator
Basis = (XTX)*XTy

can be expressed as:

Basis = (XTX) X"y

Proof. Recall that the predicted value is: X = Z(Z7Z)~1Z7 X. Then, the transpose is:
X' =(Z(Z2T2)'2"X) =XxTz(Z2"T2)'Z".
Now, notice that the two 2SLS estimator expressions differ by X7 X and X7 X. We can work backwards to see
that:

X"X=1[2(272)'Z2"X]" [2(2T2)"' 27 X]
=[X"z(z"2)'Z"][z(2"2)'Z" X]
=X'2(Z"2)'2"z(Z"2)'Z"x
=X"z2(Z"2)'1,Z" X
=X"2(Z2"2)7'Z2"Xx
—[2(z"2)'Z7Xx]" x
=X"X.

Therefore, we can replace X7 X in our original expression of the 2SLS by X7 X to get the new expression:
Bosis = (XTX)'XTy.
O

All of this gives us a nice way to motivate and view that 2SLS as a way of reducing an overdetermined system of

sample moment conditions. After doing this reduction, we are then able to explicitly solve this reduced system for the

2SLS estimators.
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11.2 GMM General Framework

We can now specify what our general framework is for GMM. Suppose that we have i.i.d. data w; € RV (this could be
Yi, Xi, ;). Then, suppose we have a model that is parameterised by the parameter vector 6eco C RX. Furthermore,
there exists a true population parameter vector @ € ©. Notation-wise, @ refers to any particular value that the
population parameter vector can take, whilst 8 refers to the unique true population parameter implied by the model.

The unique true vector 8 is what we are trying to estimate. Then, the moment conditions g are a set of functions:
g:RVx© =R or (w,8) = g(w;0)
such that the population moment conditions hold at the true parameter:
E[g(wi;0)] =0

which is a set of L equations. We generally require L > K for identification and in the case that L > K, then we have
an overidentified system whereby we have more moment conditions than parameters. We can then construct sample
moment equations based off the population moment conditions:

9,(6) = = > (wi:)
i=1

and we try to set these as close to zero as possible. There are two ways to set these sample moment conditions as
close as possible to zero in the case of an overidentified system.

The first way requires us to define a new type of function.

Definition 345 (Criterion Function)

The criterion function Q,(8) is defined to be the scalar:
Q4(6) = 7,(8)" W,7,(8)

whereby W, is a positive definite L x L weight matrix and ?n(é) are the sample moment conditions.

We can now define the GMM estimator.

Definition 346 (GMM Estimator)
Given the criterion function Q,, the GMM estimator éGMM is defined to be the argument of the minimisation
program:

Ocum = arg min Qn(é)
6co

Remark 347. The weight matrix W, is how we trade-off between how important it is for 1 moment to be closer to
0 compared to another moment. Choosing different weight matrices W, will give us different efficiency properties of
the GMM estimator.

The second approach we can choose is to pick a L x K matrix L and solve the sample moment conditions:
L7g,(0) =0

whereby we now have a reduced system of K equations. We now have a system of K equations and K unknowns and

we can set this system exactly equal to 0.
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11.2.1 GMM Applied to IV Model

We take our GMM estimator and apply it to the linear regression model with instrumental variables to see how it works

in practice.

Theorem 348 (GMM Estimator with IV Variables)
Under the linear model with instrumental variables, the GMM estimator has the form:

-1

Bomm = [(XTZ)W,(ZTX)| (XTZ)W,(ZTy) (286)

Proof. The population moment conditions are given by:
0 = E[g(w;: B)] = Elz(y; — x/ B)]
The sample analogue is given by:
a1 ~ B .
9.(8) = -~ ;z,-(y/ —x'B)=n"1Z"(y = XB)
The GMM estimator is defined as:

ﬁGM/\/] = argmin Qn(ﬁ) = argmingn(ﬁ)Tann( )
B B

We need this following chain rule for quadratic forms to be used later.

Theorem 349 (Chain Rule of Quadratic Forms)
For any differentiable function h: © — RM,

Vo [h(6)" Ah(6)] = [Deh(8)]" (A+ AT )h(6) (287)

whereby Vy is the gradient vector of partial derivatives of 8 and Dgh(8) is the Jacobian matrix.

We now compute the first order conditions required for a minimum.
0= V5Q.(B)
~ V5 |9,(6)W,3,(6)|
=) [D59.(B)]" (W, + W,[)g,,(8)

=(2) 2[Dﬁ§n(ﬂ~)]TWn§n(ﬁ~)
=3 2[D(n " Z7 (y = XB))|"Won'Z" (y — XB)

= 2102y 12 XB) W, 2 (y — XB)

%[—n‘lzTX]TanT(y - XB)

2 .
=——XTZW,Z"(y - XP)
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In =(1), we applied the chain rule of quadratic forms. In =(,, we use the fact that W = WT since it is a positive
definite matrix. In =(3), we plugged in our definition of sample analogues §n(ﬁ) =n1Z7(y - Xﬁ)

So therefore, we have shown that:
2 ~
0=—5X"ZW,Z"(y — XBmm).
n

We then have that:
X" ZW,Z" XBsum = XTZW,ZTy

We can then invert the terms on the left hand side to get our final desired result:

Boum = |(XTZ)W,(Z7 X) I(XTZ)Wn(ZTY)

Proposition 350 (GMM Estimator with the 2SLS Weight Matrix)
Let Bomnm be the GMM estimator in the linear model with instrumental variables. If we set the weight matrix to

be:
w,=1[zZ"z]!

then the GMM estimator is equivalent to the Two-Stage Least Squares estimator:

Bomm = [XTX] ' Xy =Bosis.

Proof. First, notice that if W, = [ZT Z]~!, then we have that:
Zw,z" =2(Z2"2)7'Z" = P

where Pz is the projection matrix onto the subspace spanned by Z. Finally, recall that the predicted values X = Pz X.
Therefore, we can plug in our expression for W,, = [ZT Z]~! and notice the projection matrix Pz popping up:
into our expression for the GMM estimator:

Beum — _<xTZ>wn<sz>} (XTZ)W,(ZTy)

r -1
= xT(ZanT)x} XT(zZw,Z")y

r -1
= xTsz} X" Py

- 1
= XT)A(} X"y =Bosis.

11.3 Asymptotics

11.3.1 Consistency of GMM Estimator

We now want to show the consistency of the GMM estimator:
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Ocpm = argmin Q,,((;) = arg min ?n(é)TW,@n(é)
fco feco

where W, is the positive definite weight matrix and

9,(6) = = > g(wi )
i=1

are the sample moments.

We have an issue though. For a GMM estimator, we do not have an explicit formula for the GMM estimator

unless we have linear moment conditions. Therefore, it is not so straightforward to derive asymptotic properties for

the GMM estimator. However, what we can do is, instead of looking at the GMM estimator, which is defined to be

the minimiser of the criterion function Q,(8), we can look at the asymptotic properties of the criterion function Q,(9)
and infer asymptotic properties of the GMM estimator from the asymptotic properties of the criterion function. To

proceed, we need two assumptions to help us.

Assumption 351 (GMM-ID)

The true parameter 8 uniquely solves the population moment conditions:

E[g(w;; )] = 0.

Assumption 352 (GMM-WGHT)

The weight matrix W, is a positive definite matrix and
w, 5w

where W is a positive definite matrix.

We can now state and show our consistency property of the GMM estimator.

Proposition 353 (Consistency of the GMM Estimator)
Under the assumptions [GMM-ID] and [GMM-WGHT], together with standard regularity conditions ensuring
uniform convergence of Q, to a well-separated population criterion, the GMM estimator is a consistent estimator:

Bcm — 0 (288)

where 0 is the true population parameter vector.

Proof. (Heuristic Proof). Unfortunately, we cannot do a proper proof since we need to actually show a form of uniform
convergence, but we sketch a heuristic proof.
First, for each fixed parameter 6 c ©, we have that by the weak law of large numbers, the sample moments

converge to the population moments:

9,(6) =+ " ol ) 5 Elg(wi:8)

We define:

go(é) = E[Q(Wi;é)]
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to the be the population moments. We note that by [GMM-ID] assumption, go(8) # 0 if 8 # 6.
By the continuous mapping theorem, for each parameter 8 € ©, we have that the sample criterion function
converges to the population criterion function:

Qn(6) = G (OW,7,(6) 2> 90(8) Wao(8) =: Q(6)

where we invoked [GMM-WGHT] assumption for the convergence of W. By [GMM-ID] assumption and the fact that

the weight matrix W is positive definite, we have that:

0 fo=9

Q(6) = y
>0  if6+£6

We can see that the population criterion function Q(é) will therefore have a minimum at the true population
parameter @ since at @, we have that Q(#) = 0 and otherwise, Q(8) > 0 for  # 6.

We have shown that the sample criterion function @, converges to the population criterion function Q. We
heuristically argue that this implies that the GMM estimator Ocnm Which is the minimiser of the sample criterion
function Q, (pointwise) converges to the true population parameter 8 which is the minimiser of the population criterion

function @. Hence, we have shown our result that:

éGMM i) 0

11.3.2 Asymptotic Normality of GMM Estimator

We want to be able to do inference on the models we are estimating and hence we need to be able to say something
about the distribution of the estimators. We require two regularity conditions.

Assumption 354 (GMM-DIFF)

The moment conditions @ — g(w; 8) are continuously differentiable for all w € RV.

Assumption 355 (GMM-INTR)

The true population parameter is in the interior of the parameter space 8 € int(O).

[GMM-DIFF] will allow us to compute the first order conditions needed when computing a GMM estimator. [GMM-
INTR] will ensure that our estimator will lie in the interior of the parameter space and hence ensure we have an interior
solution for the first order conditions. This is because we may have some issues if our minimum is on the boundary of
the parameter space as then the first order conditions may not necessarily hold.

We state two more assumptions we will invoke later and explain why we need them later.

Assumption 356 (GMM-JAQC)

The Jacobian of the population moments under true values is full rank:

Rank(D) = Rank(DgE[g(w;; 0)]) = K.
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The population covariance matrix S of the moment equations g(w;; 8) under the true parameter :
S =E[g(wi; 0)g(wi; 0)"] (289)

is a positive definite matrix.

We can now finally state the limiting distribution of the GMM estimator.

Theorem 358 (Asymptotic Normality of GMM Estimator)
Under the assumptions GMM-INTR, GMM-DIFF, GMM-ID, GMM-JAC, GMM-VAR, GMM-WGHT, the GMM

estimator O is asymptotically normal:
A D
0286 mm(W,) — 6] = N'(0, V) (290)
where the variance matrix is given by:

W = (D'"WD)'D"WSWD(D"WD)™!.

Proof. First, recall that the GMM estimator satisfies the first order conditions when minimising the criterion function
Qn(8):
0 = V3Q0(6) = V5 9,(0) W,,(6)| ~ 2(053,0) W3,

The GMM estimator G satisfies the aforementioned first order condition:
0 = 2[DeG (6 1m)]" Wig,,(Bcrmm) (291)

Clearly, we can drop the constant 2 on both sides of the equation. We wish to derive the asymptotic distribution
of the GMM estimator from Eq. (291). However, an issue is that Eq. (291) is a nonlinear equation and this makes
things tricky. Therefore, as we will soon see, we will apply a linearisation to Eq. (291) in order to help us figure out
the asymptotic distribution of the GMM estimator. First, let us write Eq. (291) as the product of three terms, which
we will analyse the asymptotic properties of separately.

.
[DoG,(8mm)])" WoG,(8cmm) = [DeGn(Ocmm)] x Wi x G,(8gmm)
(B) (©)
(A)

We now analyse each of the three terms separately.

Claim 359. The expression (A) converges to the Jacobian of the population moment conditions:
_ A P
(A) = Dgg,(86mm) — DeE[g(w;; 0)]

or equivalently:
D, (0cmm) = DeE[g(w;; 8)] + 0p(1)

Proof. First, we explain what the expression (A) is:

DoG,(0mm)
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This is the Jacobian of the sample moments evaluated at the GMM estimator. Before analysing its asymptotics,
we look at the similar Jacobian of the sample moments evaluated at a general parameter feco:

s 1 o e
Dyg,(8) = Do ;g(vv,, 6)
=15 Dug(wid)

- n axt AU

which holds for a fixed 8 € ©. Now, we noticed that as Gis fixed, and w; is i.i.d, this implies that g(w;; é) is a sequence

of i.i.d random variables. Therefore, we can apply the weak law of large numbers:

n
% > Dog(wi; 6) > E[Dag(w;: 6)] =(1) DeElg(w;; 8)] = Dago(8)
i=1
whereby we interchanged the expectation and differentiation operator by the dominating convergence theorem.
This holds for any 8 € © but we were interested for whether does it holds for our GMM estimator. We know that
§GMM i 6 is a consistent estimator so we can plug in the GMM estimator our the expression we just derived and
therefore conclude that:
DG, (8nm) > Dago(8) = D

which says that the Jacobian of the sample moment conditions with the GMM estimator converges to the Jacobian
of the population moment conditions at the true parameter, which we denote by D. Equivalently, by little oh-pee

notation, we could have written this as:
D3, (8cmm) = D+ 0p(1).

O
Claim 360. The expression
B) =W, > w.
Proof. By the assumption [GMM-WGHT], we immediately have that:
w, S w.
O

Claim 361. The sample moments evaluated at the GMM estimator has a first order Taylor expansion around the true

population parameter @ given by:
(C) = G,(0mm) = Ga(8) + (Dpgo(8) + 0,(1)) (B — 0)

Proof. First, we require a stochastic first-order Taylor expansion theorem.

Proposition 362 (Stochastic First-Order Taylor Expansion)
Suppose that 8 — h(w; 8) is twice continuously differentiable for every w € RM and that supgee E[||Dah(w;; 0)|]] <
00. Then, for every 8, Poc int(®), we have that:

En(gn) - En(e) = [Dﬂﬂn(e) + Op(l)](én - 9) (292)

whereby h,(8) = 2 37 | h(w;; 9).
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We can immediately apply this Taylor expansion to gn(éGMM) around the true population parameter 8 to get:
Gn(06mm) — G4(6) = [DeG,(8) + 0p(1)](Bgmim — 6)
However, we have already shown that:
Ds,(8) ~+ Dogo(8) = D

and hence we have the result:
Gn(86mm) — G,(8) = [D + 0,(1)](Bgmm — 6)

We collect our three expressions and hence we have that our first order condition:

.
0 = [DeG,(06mm)]" Wi, (8cmm) = [Ded,(8cmm)] x Wy x G, (8cmm)
NS R—”2

can be written as: .
0- [D n op(1>] W, [gn(e) LD+ 0p(D)] Bomn — 0)

Now, we restrict our attention to the sample moment averages at the true parameter:
1
9(6) = 3 ol
Clearly, by definition, the moments have population mean 0
Elg(w;; 6)] = 0

by the GMM-ID assumption. Therefore, we have a sample average with mean 0. We can divide by v/n and invoke the

central limit theorem

_ 1 o\ D
nl/2gn(9) = 2 ;g(w,-, 0) — N(O. S)

whereby S = E[g(w;; 8)g(w;;0)"] is the variance-covariance matrix of the sample moments as the expectation is 0.

Therefore, we take our original expression and multiply by n'/2 and re-arrange to get:

n*?(Omm — 0) = — [[D +0,(1)] W, [D + op(1)}} T [D + 0,(1)] " W,n'/?g,,(6)
= —|DTW,D + D"W,0,(1) + 0,(1)W,D + op(1)wno,,(1)] - X (DTWnn”zgn(e) + op(l)Wnn1/2gn(9)>
= —[D"W,D]™! x D"W,n*/?g,(8) + o0,(1)

So we have that:
n*2(@gpm — 0) = —[DTW, D]t x DTW,n*/?G,(8) + 0,(1)

By Slutsky’s theorem and GMM-WGHT assumption, we have that:

n2(@gmm — 8) = —[DTW,D] ™ x DTW,n'/?g,(8) + 0,(1) = —[D"WD]*D"W - N'(0, S)
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where we have that:
[D"WD]*D"W -N(0,5) = N(0,(D"WD) 'D"WSWD(D"WD) ™).
Notice that in these past steps, we assumed that
D'WD
was invertible. Well, we know that W is a positive-definite matrix by assumption. Therefore, we have that:
Rank(D"WD) = Rank(D)

as W is a positive definite matrix. Therefore, in order for DTWD to be invertible, we require that the matrix D is

full-rank. However, this was our assumption in GMM-JAC! Therefore,
Rank(D) = Rank[DgE[g(w;; 0)]] = K

where DgE[g(w;; 0)] is a L x K matrix.
To conclude, we have shown that:
nl/z(éGMM — 0) R} N(O, Vw)

where the variance matrix is given by:
W = (D"WD) 'D"WSWD(D"WD) .
0

In practice, the Jacobian D and the variance-of-moments matrix S are unknown because they depend on the true
population parameter 8. We therefore replace them with estimators evaluated at Oguyu:

. - 1 o A
D = Dog,(0rm) = > Dog(wii Ocmm).- (293)

i=1

P - ~ - -
Sn = > 9(wi; 8omm)9(Wi: Brim)” = Gn(Bnim)Gn(Brim)” (294)

i=1

11.4 Identification

We now want to look more into the rank of the Jacobian assumption in [GMM-Jacobian]. We can in fact see that the
rank of the Jacobian of the population moments are in fact connected to identification.

Under the GMM-ID assumption, we have that E[g(w;;8)] = 0 if and only if § = 8. We say that 8 is globally
identified as there is no other parameter in the model that can fulfill this condition. The distribution of the data
uniquely pins down the parameter of interest.

Under the GMM-JAC assumption, we assumed that the rank of the Jacobian of the population moment condition
was full column rank:

D = DoE[g(wi; 0)]

was rank K. This is a sufficient local rank condition and is necessary for the usual regular, asymptotically normal GMM

theory, although it is not necessary for identification in every nonlinear model. We can view this condition as a local
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identification property. To see why, we say that 6 is locally identified if there exists an € > 0 such that

E[g(w;; 6)] # 0

for all 0 < ||6 — 8]| < €. This says that there is no other 8 that is a solution to the moment conditions besides the
true population parameter 8 within a neighborhood. To see how this comes about, let us take a Taylor expansion of

the moment condition around a small neighborhood of the true population parameter:
E[g(w;; 6)] ~ E[g(w;; 8)] + D(6 - 6)

The first term is zero by definition E[g(w;; 8)] = 0. For the second term, we use the linear algebra result that if
D has full column rank then the only way for D(8 — ) = 0 is if the vector 8 — 8 = 0 which only holds if § = 6.
Therefore, we have that the moment conditions:

E[g(w;; 6)] = 0

in a small neighborhood around the true population parameter 8 if D is full rank and 6=0.
The issue with local identification is that it does not preclude other parameters that lie outside of the neighborhood

that satisfies the moment conditions.

Proposition 363 (Global and Local Identification for GMM)
In the GMM framework, a parameter is globally identified under the [GMM-ID] assumption. A parameter is
locally identified if [GMM-JAC] assumption is satisfied.

In practice, we can analyse whether local identification holds by considering the rank of Dgﬁn(t‘?GMM), as thisis a
necessary condition for the asymptotic normality of the GMM estimator. If this matrix is not full rank, we have big

issues.

11.4.1 Ildentification in Linear Model with Instrumental Variables

We apply our ideas of local identification to the instrumental variables framework. Recall that the [GMM-JAC]

assumption needed for local identification was that the rank of the Jacobian of the population moment conditions:
Rank(D) = Rank(DgE[g(w;; 8)]) = K

is full column rank. In the IV model, recall that g(w;;B) = z(y; — xB). Therefore, the population moment condition
is:
Elg(w;;:B8)] = Elz(yi — x/ B)]
Then, the Jacobian of this is:
D = DgE[z(y; — x/ B)] = —E[zx/]

We require that E[z:x] has rank K for local identification. However, recall that this also coincided with the global
identification required in IV models as we saw in Proposition 339! Therefore, in the IV framework, global and local
identification are equivalent to each other. This is due to the fact that the moment conditions are linear.

Theorem 364 (Global and Local Identification in IV Framework)

In the instrumental variables framework, global and local identification are equivalent.
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11.5 Asymptotic Efficiency

We have shown that asymptotic normality holds for GMM estimators. However, in order to do inference, we require
more efficient regarding the variance of the estimator.
First, we have already shown that under [GMM-WGHT], the weight matrix

w, & w.
From this, the asymptotic variance of the GMM estimator 9GMM(Wn) was shown to be:
W = (D"WD) 'D"WSWD(D"WD)™!
as we saw in Theorem 358 whereby D is the Jacobian of the moments at the true population parameters
D = DeE[g(w;; 0)]
and S is the variance of the moments
S = E[g(w;; 8)g(w;; 6)"].

The question we wish to ask is what is the weight matrix W that minimises the variance Wy .

Theorem 365 (Optimal Weight Matrix for GMM)

Setting the weight matrix as the inverse of the population covariance matrix of the moments,
w=s"1

minimises the variance of the GMM estimator in the sense that
Wy — Vs

is positive semidefinite for any other weight matrix W'.
The variance of the GMM estimator under this weight matrix W = §71 is:

Vs = (D'SID)! (295)

To interpret what Wy — V-1 is doing, the optimal weighting scheme downweights noisy linear combinations of
moments and also accounts for covariance across the moments. This ensures that the GMM estimator Oguyn is
informed most strongly by moments that are estimated more precisely.

However, one issue is that we don't know what S = E[g(w;: 8)g(w;;8)7] is in practice since we do not know the
true population parameter 8. There are two ways around this.

The first way around this is to compute the two-step GMM estimator. In the first step, estimate 6 using
any consistent initial positive-definite weight matrix, often the identity matrix. Then estimate S from the moments
evaluated at this first-step estimate. Finally, re-estimate 8 using S~1 as the weight matrix.

The second way is to use continuously-updated GMM. Here, for each conjectured value 6, we calculate the
variance of sample moments at that conjecture 8, which we denote by S,,(é). The continuously updated estimator is

then the quadratic form that is allowed to depend on this conjecture and weight matrix now depends on 6.
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11.5.1 Efficiency in Linear IV Model

We now analyse the efficiency of the GMM estimator in the instrumental variable framework.

Theorem 366 (Optimal Weight Matrix for Linear IV Model Under Homoskedasticity)

Under homoskedasticity, the optimal weight matrix for the linear IV model is:

x _ 1 ¢ T _1_ T - T -
Wn_<n;z,z,) —n<Z z) x 2Tz (296)

Proof. First, we write out our sample moment conditions:

3,8) = 1E:Q(Wf; 3) = %ZZ/(M —x/B) =(1) %ZZ/U/
j i=1

i=1 i=1

where =1y holds if B = B which is the true population parameter.
Therefore, the variance of the sample moments at the true population parameters is then given by:

S =Elg(w;;B)9(wi:B)"] = E[v?ziz] | =) 07E[zZ] ]

where =1y requires the assumption of homoskedasticity.

We require an estimator of the variance S, whereby we can use:
n
N 1
_ a2 T
S, =0 ( E zz;
n 4
=1
whereby
n
. 1 R
52— =3¢
n«
i=1

is the residual-based estimator from 2SLS, which gives us a consistent estimator of 02,

Then, recall that the optimal weight matrix is the inverse of the variance but we now plug in our estimated variance:

Now, notice that scaling the weight matrix W} has no effect on the optimisation routine of GMM:

ming,(8)"W;7,(6)
B

since it is only the relative importance of weights on the moments that matters, not their absolute levels. Therefore,

we can drop the scalar factor 6,2 from the optimal weight matrix:

* 1 ¢ T 717 T - T -
Wi = (n;z,z,) n<Z z> x(Z27z
O

Now, recall that we have shown that in Proposition 350, such a weight matrix gives us a two-stage least squares

estimator! Hence, under homoskedasticity, the 2SLS estimator is the asymptotically efficient GMM estimator.
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Under heteroskedasticity, we have that the variance matrix
S =E[v’zZz]]
can be estimated by: i
S, = % ; ?zz

The weight matrix is then set to be:
W, = (5,) "

We can then compute the GMM estimator under this weight matrix.

11.6 Test For Overidentifying Restrictions

We are now interested in looking at testing overidentifying restrictions in the GMM framework. This is analogous to

instrument exogeneity testing as we shall soon see.

Definition 367 (Hypothesis Test for Overidentifying Restrictions)

The hypothesis test for overidentifying restrictions is:
Ho : E[g(w;; 8)] =0

against
Hy - E[g(w;; 8)] # 0

Notice that this is similar to testing instrument exogeneity:
Ho : Elzi(y; — x/ B)] = 0.

We base our test for overidentifying restrictions on the GMM criterion function we defined in Definition 345:
Qn(6) =7,(6)" W,7,(8) (297)

whereby W, is a positive definite L x L weight matrix and ?n(é) are the sample moment conditions. Recall that Q,
is a scalar!

Theorem 368 (Limiting Distribution for Test for Overidentifying Restriction in GMM)
Let Q, be the criterion function. Then, if the optimal weight matrix W, i) S the limiting distribution of the
rescaled GMM criterion function is:

nQn(Banm) = x3(L — K) (298)

where L — K is the number of overidentified restrictions.

Proof. First, look at the sample moments g,(#). We shall examine them under the true population parameters g,,(6).
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Theorem 369 (Asymptotic Normality of Sample Moments at True Parameter)

The sample moments under the true population parameters 6 is asymptotically normal:
n'/2g,(8) 2 N(0, S) (299)

where S is the variance of the moments S = E[g(w;; 8)g(w;; 0)7].

Proof. The sample moment averages at the true parameter is given by:
1
9n(8) = — ;g(wh 0)
Clearly, by definition, the moments have population mean 0 at the true parameter

Elg(w;; 8)] = 0

by the GMM-ID assumption. Therefore, we have a sample average with mean 0. By assumption, w; are i.i.d. We can

divide by v/n and invoke the central limit theorem
R D
n'/2g,(0) = — 5 > 9(wi;8) = N(0,5)
i=1
whereby S = E[g(w;;0)g(w;;0)"] is the variance-covariance matrix of the sample moments as the expectation is

0. 0

We can rewrite the result we have just shown as:
n'/%g,(8) = N(0,5) = §'/°n

whereby 7 ~ N(0, 1) is a multivariate normal distribution and S'/2 is the square root of the variance matrix.
We now assume that we know the true value 8. Now, we multiply the GMM criterion function Eq. (297) by n and

apply Slutsky’s theorem, the GMM criterion at the true population parameter 6 is:
_ T _ D
nQn(e) = (\/Egn(e)) Wn(\/ﬁgn(e)) — 77T51/2W51/2"7

under the null hypothesis Hy : E[g(w;; 8)] = 0.
Now, suppose that the optimal weight matrix is chosen: W = S~L. Then, our limiting expression for the rescaled
criterion function is:
nQ.(6) g T’Tsl/2$7151/2,n _ ,nT,n

Now, recall that n ~ N(0, I.) is a multivariate standard normal vector. Its squared Euclidean norm therefore has
a x2 distribution:
n'n~x>(L)
However, we don’t know the true value 8, so we base our test on the GMM estimator §GMM, which is a consistent
estimator for the true parameter @ under the null Hy. First, recall that the first order condition for the GMM criterion:

T
0 =V;Qn(0) = |:D99n(éGMM):| W, g,(06mm)
This expression is a K x 1 vector because DgG,(8gmn) is an L x K matrix, W, is an L x L matrix, and §,(8cmm)
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is an L x 1 vector. By what we have shown before, K < L. Regardless of whether Hy is true, the first-order conditions
set K linear combinations of the sample moments to zero by construction.

If we have as many moments as parameters (K = L), then all moment conditions can be set to 0 and we have no
overidentifying restrictions to test. When L > K, estimation uses K independent directions in the moments, leaving

L — K independent overidentifying restrictions. Therefore, the test has L — K degrees of freedom. Hence,

nQn(Bamm) = X3 (L — K).

11.7 Hypothesis Testing

We are now interested in testing hypotheses involving linear or nonlinear restrictions.

11.7.1 Linear Testing

We have shown that the GMM estimator is asymptotically normal:
A D
20 m(W,) — 6] = N(0, Uy)
where the variance matrix is given by:

W = (D"WD)'D'"WSWD(D"WD)™.

Definition 370 (Linear Restrictions)

The null hypothesis of testing linear restrictions is given by:
Ho:RO=p Hi:RO+#p

where R is a r x K matrix, p is an r x 1 vector, and r is the number of restrictions, with r < K.

Under asymptotic normality, we can construct the Wald test.

Definition 371 (Wald Statistic)
The Wald Statistic is given by:

W, = n(ROcmm — )T (RV,RT) ™ (RO mm — p).- (300)

With the Wald statistic, we can derive the asymptotic distribution needed to conduct hypothesis testing.

Theorem 372 (Wald Test)
Let W, be the Wald Statistic. The limiting distribution of the Wald Statistic is a chi-squared distribution:

W 25 %(r) (301)

where r is the number of restrictions made in the null hypothesis.
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Proof. Recall the Wald statistic
W, = n(ROum — p)T (RVART) ™ (RO mm — p)
First, by consistency, we have that the middle expression is:
RV,RT £ RVRT.
We now look at the bread of the Wald statistic and see we can rewrite it:
n*?(Rbcmm — p) =@y n**(RBcmm — RO)
= n2(R(Bemm — 8)) = RN'(0, V)

= N(0,RVR")
= (RVR)Y?n  where n ~N(0,1,)
whereby =1y holds under the null hypothesis of the linear restriction and we invoked the asymptotic normality of the
GMM estimator.
So going back to our Wald Statistic, we combine our results with Slutsky's theorem to get:
W, = n(ROsmm — p)" (RVLRT) (ROgmm — p)
A~ T A _ ~
= (Vn(Rbgmm — p)) (RV,RT) ™ (vV/n(ROsmm — p))
D T -1
= [(RVRT)Y?n]" (RVRT) " [(RVRT)'/?n]
— 1" (RVRT)2(RVRT) '(RVRT)"?q
=(1) 77T"7 ~ Xz(f)

where =(1) uses the fact that the squared Euclidean norm of an r-dimensional standard normal vector has a x2(r)
distribution. O

Therefore, for linear restrictions, we construct a Wald statistic and compare its value to a x2(r) distribution and

reject the null hypothesis if the Wald statistic is greater than the specified critical value for the x?(r) distribution.

11.7.2 Nonlinear Testing

We now look at testing nonlinear restrictions. First, we change notation and let d, be the number of restrictions we
are testing and r be the restrictions themselves. Now, we assume that the restrictions r : © — R% are represented by

a differentiable function with the Jacobian of the restrictions defined as:
R = Dgl’(g)

whereby Dgr(0) is a d, x K matrix having rank d, < K.

Definition 373 (Hypothesis Test)

The hypothesis test for nonlinear restrictions are the hypotheses:

Ho :r(@)=p vs Hy:r(0)#p
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We can now define the Wald statistic which shall be a quadratic form of the restrictions evaluated at the consistent

estimators of the true population parameter.

Definition 374 (\Wald Statistic)

The Wald Statistic under nonlinear restrictions is given by:

Wo = n(r(8emm) — )T (RV,RT) " (r(Bgmm) — p) (302)

We now state the asymptotic distribution for the Wald statistic under nonlinear restrictions.

Theorem 375 (Limiting Distribution of Wald Statistic for Nonlinear Restrictions)

The Wald statistic under nonlinear restrictions has a limiting chi-squared distribution:

W, 2 x2(d,). (303)

Proof. First, we rewrite the Wald Statistic:
W, = n(r(8cmm) — p)" (RVART) " (r(Bcmm) — p)

(#2(s ernn) - ) | (RV,RT) (VitrGeum) - »))

The meat of our sandwich uses the fact that V is consistent to show:
RV,RT £ RVRT.
We now look at the bread of our sandwich.
"2 (r(Bgmm) — p) = n'?(r(Bsmm) — r(8))
whereby we imposed the null hypothesis r(8) = p. Now, we know that the GMM estimator is asymptotically normal:
n2(Bsmm — 8) 2 N(0,V)

and we are interested in the distribution of a function r(-) of Ocnmm. We can apply a matrix version of the delta
method to derive the limiting distribution of r(éGMM) as:

n2(r(Bemm) — r(8)) = [Der(0)]N(0, V)

However, by definition, we said that:
R = Dqr(8)

so we have that:
[Dor(8)]N(0,V) = RN(0,V) = N(0,RVR™) = (RVRT)'/*q

whereby 11 ~ N(0, I4). We can combine our two results and apply Slutsky's theorem to conclude that:
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W = (/2 Bem) - p>>T<RVnRT)-1 (Vitr@enn) )
=N ((RVRT)1/217>T(RVRT)1((RVRT)1/277>
=n'n~x(d)

whereby we used the fact that the squared Euclidean norm of a d,-dimensional standard normal vector has a chi-squared
distribution. O

In practice, we don’'t know what R is as it can vary with the true population value 8. Therefore, we can construct
a consistent estimator of R with:
A A P
R, = Dgr(0cmm) — Der(0) = R

using the GMM estimator gpn. From this, we can plug this into our Wald Statistic:

W, = n(r(Bcmm) — p)T (R\VLR]) " (r(B6mm) — p)

and this can be shown to still converge to an asymptotic x? distribution.

11.8 Criterion-Based Test

There are two issues with the Wald statistic. The first is that it is not invariant to equivalent representations of
the restrictions, so restrictions that are essentially equivalent can give drastically different test results. Second, the
Jacobian of the restrictions may fail to have full rank. The criterion-based test addresses the invariance issue, although
a rank failure can still invalidate the usual chi-squared approximation.
We can construct something called the QLR test which is similar to the likelihood ratio test.
First, define the null hypotheses:
Ho:r(8) =p Hi:r(8) #p

Recall that the GMM criterion is given by:
Qn(8) =7,(8)" 5,79,(6).

The QLR test works by evaluating the fit of the model under the null hypothesis and not under the null hypothesis.
That is, we compare the criterion function values between the restricted and unrestricted model.

Definition 376 (QLR Test)

Define a subset of the parameter space:
©,={0€09:r(8)=p}
as the parameters that satisfy the null hypothesis. Then, the QLR statistic is given by:
QLR, = n| min Q(8) — minQ,(6)| >0
9o, e

where the first term is the criterion function under the restricted model and the second term is under the unre-

stricted model.
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We can also derive the limiting distribution of this test.

Proposition 377 (Limiting Distribution of QLR Test)
The limiting distribution of the QLR test is:

QLR, 2 x*(d)) (304)

where d, is the number of restrictions.

Whilst the Wald statistic and QLR test statistic are asymptotically equivalent under standard regularity conditions,

the QLR test is often preferable because it is invariant to equivalent reparameterisations of the restrictions.
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12 Time Series

12.1 Introduction

The big issue in time series data is that observations and error terms may be serially dependent, unlike in the simplest
cross-sectional setting. Lagged variables can help us model temporal dependence in the conditional mean, whilst the

remaining dependence in the errors must also be handled by the specification or by appropriate inference.

12.2 Cross Sectional Data Review

We now review concepts we have previously seen in cross-sectional data.

12.2.1 Ordinary Least Squares

We first revisit regressions that we saw in the cross sectional case. In particular, it is very important to understand
how the Frisch-Waugh-Lovell theorem works as that is the key behind how other concepts in time series operate.

We assume a statistical model in matrix notation given by:

y=XB + u.

The OLS estimator is given by:
1< Tl
B = (n ZX/X/T> (n ZX/M) =(XTX)"' X"y
i=1 i=1

whereby we require the assumption that X7 X is invertible.
The least squares fitted values is given by:

y=XB=XX"X)"'X"y =Py

whereby we defined the projection matrix:
P=X(X"X)"1xT.

The least squares residuals is given by:
where we defined the annihilator matrix:

We have that P, M are idempotent and symmetric matrices, and are orthogonal to each other. The residual

variance can be estimated by:

12.2.2 Maximum Likelihood Estimation

We now revisit maximum likelihood estimation which we will also need. We state the maximised likelihood function.
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Proposition 378 (Likelihood Function under Normality)
Suppose that y;, x; are i.i.d and u; ~ N(0,02). Then, the likelihood function is given by:

= —g log (2me6?) (305)
whereby: )
62==0"a.
n
Proof. The log-likelihood function is given by:
2 2 = Mog(2me?) — — S (- xTB)? 306
yx(B.0%) =~ log(2m0?) — 55 > (v~ x1B) (306)

i=1
The maximum likelihood estimation for @ clearly involves minimising the second term as that is the term that

depends on B. Doing so gives us:
B=(X"X)1XTy.

The estimate for the variance is:

We plug these back into Eq. (306):

n
~ n D 1 0
{= 5 log(2w6~) — 52 ’E:l(u,-)

né>

n 5

~5 log(2m6°) — 552
n n

= ——log(2m8?) — —
5 og(2mw6°) 5

__n 52y 1
=-3 log(2m6<) 5 log(e)

n
—5 log(2m62) + log(e)
n
= —— log (2med?).
2
O
This is useful because we now have an analytical expression for the likelihood ratio test. Suppose we had the model:
y=X1B1+ Xo3: +u

and we wish to test B, = 0. We can conduct a log-likelihood ratio test instead of a t-test.

Proposition 379 (Log-Likelihood Ratio Test)
The log-likelihood ratio test is given by:

D
Unrestricted

62 .
LRﬁg:O _ nlog < Restricted ) Z 0.
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Proof. The log-likelihood ratio test is given by:

LRp-0 = ~2{ axt(B,0.6%) ~ max 8061, Ba o) } 2 0

We then can just plug in our expression for the maximised log-likelihood £ = —5 log (27re&2) to get the desired
result. O
12.2.3 Partial Least Squares

We are now interested in partial least squares estimators. The first major result we state is the Frisch-Waugh-Lovell

theorem.

Theorem 380 (Frisch-Waugh-Lovell Theorem)
Suppose we had the model:
y=XB+u

Then suppose we partitioned the design matrix:
X=[x x|

whereby X7 is a n x k; matrix and X5 is a n X ko matrix. Likewise, partition the coefficients:

whereby B1 is a k; x 1 vector and B> is a k» x 1 vector.
The Frisch-Waugh-Lovell theorem says that:

ﬁQ = ("A';lﬁ}l)_lﬁ;lﬁy-l'

where .1 are the residuals from regressing y on X; and i».; are the residuals from regression X on Xj.

Proof. First, let us partition our design matrix:
X=[x x|
whereby X7 is a n x k; matrix and X5 is a n X ko matrix. Likewise, we partition the coefficients:
B1
ﬁ =
B2

whereby B is a k; X 1 vector and B> is a k» x 1 vector. The least squares estimator is given by:

2

B = [‘ﬂ = (XTX)'XTy.

We are interested in asking the question on whether can we retrieve the last k, entries of B directly. The answer is
yes we can by the Frisch-Waugh-Lovell theorem.
The first step is to regress y on X; and retrieve the residuals. This is equivalent to applying the annihilator matrix

168



My, onto y:
ly1 = [I — X1 (X{ X)) X{ }y = (I — Px,)y = Mx,y.

The second step is to regress X, on X; and retrieve the residuals:
by = {/ — xl(xfxl)le} Xy = (I — Px,)X> = Mx, X>.

The final step is to regress the residuals from the first step d,.; on the residuals from the second step f,.; and this
gives us the OLS estimator:
Bo = (6] 16o.1) 1] 1y
This final equation is known as the Frisch-Waugh-Lovell theorem. O

We now look at a special case whereby we have a single explanatory variable (or two if you count the constant

term on the intercept).

Theorem 381 (OLS with a Single Explanatory Variable)
Suppose we had the model:
yi=01+Box;+u fori=1,..n.

Then, by the Frisch-Waugh-Lovell theorem,

Z?:l(xi - Y)y/

Proof. We are interested on how we can obtain an estimator of 3, using a similar procedure as the Frisch-Waugh-Lovell
theorem. We shall denote 1 = [1 1. 1} to be a n x 1 matrix of 1's.
There are now four steps.

The first step is to regress y on the intercept term:

ﬁy»l = (lTl)_llTy
=(n 1Ty

n
=(n™ ZJ//'
i=1
The second step is to regress X on the intercept term too:

Bxi=(1"T1)"11"Xx
=(n)1’x

=(n™ Xn:X/
=X.

The third step is to retrieve the residuals (observed minus fitted value) from step one and two so we have that the
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individual observation is:

<l

Uyri=yi—y-1=yi—

L?X.lv,':X,'—?-].:X,'—?

We can stack these residuals into vectors. The final step is then to regress the first set of residuals d,.; on the

other set of residuals il..; to get:

Z?:l(xi -X)(i —¥) _ Z?:l(xf —X)Yi
Si—x2 WY (x-x)?

Brwe = (G]101) 7 0] by =

whereby =,y holds by:
n n n
D ==V =D (i =X)yi— Y (x—X¥
i=1 i=1 i=1
n n
= Z(Xi —X)yi — ?Z(X/ =)
i=1 i=1
n
= Z(Xi = X)yi — y(nx — nx)
i=1

= Z(Xi =X)yi =0
i=1

12.2.4 Correlation

Now, we revisit the concept of correlation. Recall that the population correlation is given by:

Cov|[X,Y]

CorrX. Y] = Var[X|Var[Y]

We can now define the sample analogue.

Definition 382 (Sample Correlation)
The sample correlation between y; and x; is given by:

ryx = Corr(yi, x;) = L (i - X0~ 7) (308)

VYL X (i — V)2

We are now interested in sample partial correlations. Consider the partitioned equation again:
y =X1B1+ Xof> +u

whereby X5 now has dimension k, = 1.
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Definition 383 (Partial Correlation for one dimensional regressor)

The sample partial correlation is given by:
ﬁ2T~1ﬁy~1
V(@L,6)(@] 1)

whereby .1 is the residual vector from regressing X»> on X and dy.; is the residual vector from regressing y
on Xl-

Corr(yi, xo,ilx1,i) = (309)

This definition of partial correlation follows a similar argument to the Frisch-Waugh-Lovell theorem whereby we

are partialling out the effects of X; on X5 and y respectively and looking at the correlation between them.

Remark 384. The sample correlation Eq. (308) is the partial correlation whereby we partial out the constant term 1
as .y =y—y and lx1 = x — X,
ryx = Corr(y;, xi) = Corr(yi, xi|1).

We can extend our definitions so far to looking at the correlation of y with a vector of explanatory variables X.

Definition 385 (Sample Multiple Correlation)

Suppose that x is now a vector of explanatory variables. Then, the sample multiple correlation is:

T Ty\-1yT,11/2
Corr(y, X) = {y X(nyy) X y} (310)
Definition 386 (Sample Multiple Partial Correlations)
Suppose that x is now a vector of explanatory variables. Then, the sample multiple correlation is:
1 1/2
a;1a2.1<a;1a2.1> 6,6, 1
Corr(yi, xa,ilx1i) = (311)

/\T ~
Lly.1 uy.q

Proposition 387 (Coefficient of Determination)

The coefficient of determination R? is the squared sample multiple partial correlation after partialling out the
intercept. That is, for the model with an intercept:

y=061+XB>+u

we have that:

R? = Corr(y;, xi|1)* =

- = . (312)

=il

AT AT 0 AT 0

u,Ux.1 1Uxa Uy .1Uy.1

y-1 < X-1 > X-1%y ESS
g1 Oy TSS

12.3 Autocorrelation

We move back to time series data. We want to capture the temporal dependence we observe in the data. To do so,
we can modify the formula for sample correlation found in Eq. (308).
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Definition 388 (Sample Autocorrelation)

For a fixed s, the sample autocorrelation is given by:

77' 7-[-7
Yo (Yt =V ) Vs = V1 )
- —T—
\/ZtT=s+1(Yt - Ys+1)2 ZZ—=5+1(YFS -Y: 5)2

fo,s = (313)

whereby 75 is the average of Yj, ..., Yb.

Remark 389. The first bracket in the numerator looks the variation from time s + 1 up to time T. The second bracket
in the numerator looks at the variation from time 1 to time T — s. Therefore, the first pair of observations is Yiis
and Y;.

One can show that the sample autocorrelation is in fact asymptotically normal. However, we currently do not have

all the techniques needed to show this.

Proposition 390 (Asymptotic Normality of Sample Autocorrelation under i.i.d)

Assume mean-zero i.i.d data and ignore mean correction. Then, the sample autocorrelation is given by:

T
o Zt:erl Yfo—S
s = = = .
2 2
\/Zt:s+1 Yt Zt:s+1 Yt—s

Under proper rescaling, the sample autocorrelation is asymptotically normal:

T2 Zz—:sﬂ YiYis

\/(Tl ZtT:s+1 YE) (Tl ZtT:s-H Yt2s>

Proof. (Sketch). We can apply a weak law of large numbers for the second moment in the denominator to both terms

e = 2 N (0, 1).

respectively. However, for the numerator, we have that the product Y; - Y;_s is a temporal sequence as Y; - Y;_s can
share observations with other products in the sum. We will later establish that the scaled numerator converges to a
normal distribution by a modified central limit theorem. Therefore, we can conclude from Slutsky's theorem that the

scaled sample autocorrelation of an i.i.d sequence is asymptotically normal. O

Remark 391. The issue in our proof is that we do not yet have a central limit theorem for dependent variables. We

will work our way towards this in this course.

We now define our first stochastic process.

Definition 392 (Moving Average of Order 1)

A time series Y; is a moving average of order one if:
Yt =€t + 961»_1 (314)

for €; that are i.i.d with E[e;] = 0 and Var[e;] = o2.

We state an important property that we will make use of repeatedly.
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Theorem 393 (Property of Covariance)

The covariance operator has the property that for random variables X, Y, W, V:
Cov(aX + bY, cW + dV) = acCov(X,W) + adCov (X, V) + bcCov(Y,W) + bdCov(Y,V). (315)

for constants a, b, c, d.

We can now state the variance and covariance of a MA(1) process.

Proposition 394 (Moments of a MA(1) Process)
Let Y; be a MA(1) process. Then, we have that:

E[Y;] =0 (316)
Var(Yy) = (1 +6°)0? (317)
Cov(Y:, Yio1) = 00? (318)
Cov(Y:, Ye—j) =0 forj>2 (319)

Proof. We repeatedly make use of the fact that ¢, are i.i.d.

E[\/t] = E[Et + 9€t71] =0.

Var[Y:] = E[Y?] — E[Y;]> = E[(e; + 0€;-1)?] — 0 = E[€2] + 20E[er€; 1] + E[0%€? ;] = 0° + 0 + 6%0°.

Cov(Y:, Yio1) = E[Y:Yi]
=E[(e: + Oet_1)(€¢—1 + O+ _2)]
= Elecer—1] + OE[erer o] + OE[e7_,] + 6°Eler_1€¢—o]
=0+ 6E[e;_1€6,-1] +0+0
=6Var(et—1)

= 00°

Cov(Y:, Ye—j) = Cov(er + 0€r—1,€r—j + 0ee_j_1) =0 forj>2

because the two sets of innovations are disjoint and independent when j > 2.

Proposition 395 (Sample Autocorrelation for MA(1) Process)

The sample autocorrelation of a MA(1) process converges to the true population autocorrelation:

0

P
1 Ty ey

(320)
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Proof. (Sketch). We first compute the population autocorrelation:

Cov(Y:, Y1)
Var(Yt)
6Var(er_1)

(14+62)Var(er—1)
6

T (1+e)

Corr(Y:, Yi1) =

We will later argue using a modified law of large numbers that the sample autocorrelation converges to the true
population autocorrelation. O

Corollary 396

Higher-lag population autocorrelations for a MA(1) process are 0:

Corr(Y:,Ye—j) =0 forj>2. (321)

Proof. For j > 2, Y; and Y;_; depend on disjoint sets of independent innovations. Therefore their correlation is
zero. O

Definition 397 (Moving Average Of Order q)

A stochastic process Y; is a moving average of order q if:

q
Ye=) et j+er (322)
j=1

for €; that are i.i.d.

Proposition 398 (Autocorrelation of MA(Q) Process)

Let Y; be a moving average of order g. Then, the autocorrelation with all variables past the gth lag is equal to 0:
Corr(Y:,Yi—s) =0

for s > g+ 1.

12.4 Partial Autocorrelation

Now, suppose that we have our time series Y; and this time, we want to find the partial correlation between Y; and

Y:—s whilst partialling out all the Y;'s in between Y; and Y;_s. These values will include 1,Y;—_1, Yi—o, ..., Yi—st1-

Definition 399 (Partial Autocorrelation)

The partial autocorrelation between Y; and Y;_s is given by:

AT ~
Uz, .., _qUsj1,.. . s—1
COI’I’(\/t, %75|1' \/t*l' st %*5+1) =1,s1,.,s-1 = I s (323)
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Remark 400. A partial correlogram simply partials out the effects of all lags in between our values of interest.

We can state useful properties of the partial autocorrelation.

Proposition 401 (Asymptotic Normality of Partial Autocorrelation)

Under the i.i.d white-noise null and for a fixed lag s, the partial autocorrelation is asymptotically normal.

TYV21 01, 51 2 N(0, 1). (324)

We now introduce another class of stochastic processes called autoregressive models.

Definition 402 (Autoregressive Model)

A time series Y; is an autoregressive model of order 1 if:

Yi=aYi1+ e (325)

for i.i.d €.

Proposition 403 (Autocorrelation of AR(1) Process)

Let Y; be a covariance-stationary AR(1) process with |a| < 1. Then, the population autocorrelation is given by:

Corr(Y:, Yi—s) =a® fors >1. (326)

Proof. First, we compute the population autocovariance for one lag s = 1:

Cov(Y:, Y1) = Cov(aYi-1 + €, Yio1)
= Cov(aYi-1, Yi-1)
= aCov(Ye-1, Y1)
=aVar(Yi-1)

Then, we have that:
Cov(Y:, Yio1)

Corr(\/tvyt—l) = Var(\/t_]_)

By induction, this holds for:
Corr(Y:, Yi—s) = a.

So for |a| < 1 we have that the autocorrelation for an AR(1) process goes to 0 as s — co.

Proposition 404 (Population Partial Autocorrelation of AR(1) Process)

The population partial autocorrelation of a covariance-stationary AR(1) process is O:
Corr(»/f.'r Yt’—Sh/t—lr ©o0p Yt—S-’rl) = O (327)

for s > 2.
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Proof. Look at the AR(1) process:
Y =aYi_1 + €.

Y; only depends on its past through Y;_;. This means that:
f(Yt|Yt_1, Yt—2) = f(Yt|Yt—l)-

Then, we have that the conditional density is:
f(\/tv \/t—lv Yt—Q)

f(Yi-1)
:f(ytvyt—1yyt—2) f(Yi—1, Yi—2)

f(Ye YieolYio1) =

X

F(Yeo1, Ye2) f(Ye1)

= fF(Ye[Yic1, Yie2) X F(Ye—2|Yi-1)
= f(YelYe—1) X F(Ye2lYe-1)

Hence, we have shown that:

f(Ye YioolYie1) = F(YelYic1) X F(Yie2|Yi-1)

and therefore we have shown that Y}, Y;_» are independent conditioned on Y;_;. This implies that the partial autocor-

relation is O:
Corr(Yt, ths|ytflv sy Yt75+1) = 0.

Once we have partialled out the effects of Y;_1, then we have that Y; and Y;_» are uncorrelated. This implies that

the sample partial autocorrelation function of an AR(1) process should go to O by weak law of large numbers which

we shall establish later.
To summarise the results for stochastic processes and correlations:

1. A cutoff in the ACF after g lags suggests an MA(q) series.

2. A cutoff in the PACF after p lags indicates AR(p) series.
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12.5 Linear Projection in Time Series

For this chapter, we assume that the time series Y; is covariance stationary.

Cross Sectional Data Projection

First, we recall projections in cross-sectional data.

A linear predictor for Y is a function X' B for some B € RX. The mean squared prediction error is:
S(B) =E[(Y - X"B)?]. (328)
The best linear predictor of Y given X is:
PlY|IX]=X'pB
where B minimises the mean squared prediction error:
SB) =ElY - X"B)’].

Such a B is called the linear projection coefficient.
The mean squared prediction error is:

S(B) =E[Y?] - 28"E[XY] +B E[XX"]B.
Take first order conditions with respect to B to get:
—2E[XY] + 2E[XXT]|B = 0.

We then solve to get:
B = (E[XXT])E[XY]. (329)

Go back to our expression for best linear predictor and plug in the linear projection coefficient:
PIY|X]=X"B = XT(EXXT])E[XY].

This is the linear projection of Y onto X.
The projection error is given by:
e=Y —-PlY|X].

Time Series Data Projection
We now take this idea and think about projecting Y; onto the closed linear span of its past:
Hey =5pan{l, Vi1, Ve, ...}

We write the projection of Y; onto H:_1 as:
P[Vi|He-1]

177



This projection is unique and has a unique projection error (by the Hilbert projection theorem)

€r =Y — PYe|Hi-1].

E[Et] = O
El[e?] = 0° < 0

€;: I1s serially uncorrelated.

If Y; is strictly stationary, then P[Y¢|H—1] and €, are strictly stationary too.

Theorem 406 (Covariance Stationary Process Have White Noise Projection Error)

If Y; is a covariance-stationary process, then it has the projection equation:
Ye =PYVelHea] + € (330)
whereby the projection error €; satisfies:

E[Et] =0
]E[Et_J'Et] =0 j > 1

E[e?] = 0? < .

If Y; is strictly-stationary, then €; is strictly stationary.

Definition 407 (\White Noise)

The process €; is a white noise if:
E[Gt] =0

Ele;—jel] =0 j=>1

E[e?] = 02 < oo.

Proposition 408 (MDS is a White Noise)

A MDS with a finite, time-invariant second moment E[m?] = o2

is a white noise.

Remark 409. The converse does not hold. A white noise is not necessarily a MDS.
We list the order of processes from most restrictive to most general:
1. i.i.d sequence.
2. MDS.

3. White noise.

We have shown that covariance-stationary processes have a white noise projection error. We can extend upon this

to an infinite number of projection errors.

178



Theorem 410 (Wold Decomposition)
Suppose that Y; is a purely nondeterministic covariance-stationary process and E[e?] = 02 < oo where ¢; is the
projection error. Then, the Wold decomposition of Y; says that Y; has the linear representation:

o
Ye=u+) b (331)
Jj=0
whereby €;_; are the white noise projection errors:
€ =Y j— P[thjwitfjfl]

with

oo

bp=1 Y b'<oo
J=0

and u being the unconditional mean of Y;.

Remark 411. For a general covariance-stationary process, the Wold decomposition may also contain a deterministic
component given by the projection onto the remote past. The purely nondeterministic assumption rules out this

additional component after demeaning.

The Wold decomposition says that a purely nondeterministic covariance-stationary process can be represented as
a linear function of current and lagged projection errors. Here, w is the unconditional mean of Y;. This justifies the
use of linear models as approximations to covariance-stationary processes.

We now define a useful algebraic construct for analysis in time series.

Definition 412 (Lag Operator)

The lag operator L satisfies:
LYY; = Yik. (332)

We use the lag operator to compactly write the Wold representation.

Proposition 413 (Compact Form of Wold Representation)

The compact form of the Wold representation for a covariance stationary process is:
Ye=p+ b(L)e: (333)

where b(L) = by + biL + by L% + ... is an infinite-order polynomial.

Proof. The Wold decomposition can then be written using the lag operator L as:

Ye=p+ Y by
=0

= 1+ boer + biLes + byl % + ...
=+ (bg+ biL + boL?+ . e
= /J,+ b(L)Gt

where b(z) = bg + b1z + baz? + ... is an infinite-order polynomial. O
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To recap so far, first we have shown that Y; satisfies a projection onto its infinite past. Then, the Wold repre-
sentation showed that in fact, this projection is a linear function of lagged projection errors. Now, we want to show
an alternative way to write Y; involving lagged values of Y;. We now write an infinite order representation of Y; using

lagged values of Y;.

Theorem 414 (Autoregressive Wold Representation )
If Y; is covariance-stationary with Wold representation Y; = b(L)e; satisfying some technical conditions, then Y;
has the representation:
o0
Ye=p+> aYe+e (334)
j=1

for some coefficients u and a; whereby
o0
Z k*|ak] < oo
k=0

and whereby €;_; are white noise projection errors.

Remark 415. The technical assumptions says that for the Wold representation Yy = b(L)e;, the root of the polynomials
b(z) lie outside the unit circle |z| > 1. Furthermore, we require that the Wold coefficients satisfy:

o0 o0
Z(Z ksbj+k)2 < 0.
Jj=0 k=0
The summability of the Wold coefficients ensure convergence of the autoregressive coefficients a;.
To summarise, we have shown two representations for a covariance stationary time series. The first is the Wold

decomposition:

o0
Y =u+ Z bjer—;
=0

whereby €;_; are white noise projection errors. The second representation is the autoregressive Wold representation:

)
Yt:M‘i’Zaj\/t_j‘i’Gt
j=1

whereby €, is also a white noise projection error. These two representations help us understand why we can approximate

stationary time series with linear models, in particular autoregressive and moving-average models.

12.5.1 Linear Time Series Models

Definition 416 (AR(1) Process)
A process Y; is an AR(1) process if:
Y=o+ a1Yio1 + € (335)

where €; is a strictly stationary white noise process.
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If we back substitute Y;_1, we end up with:

Yt = Qo + Otl(Olo + Ollytfg + Etfl) + €
= Clo(l + C(1) + OL%Yt,Q + Q1€i—1 + €

Continuously doing it for j-periods gives us:

t—1 t—1
Y, = aOZoﬂl +alYy —&-Zajlet,j.
j=0 Jj=0

Here, Y; equals an intercept plus the scaled initial condition Yy and moving average expression. Suppose we can do

this recursively into the infinite past and |a1]| < 1. We then get the following result.

Proposition 417 (Convergent AR(1) Representation)
Suppose that Y; is an AR(1) process and |a;| < 1. Then, its unique causal stationary solution has the convergent
representation:
g .
Ye=p+ ) dhee. (336)
j=0
where u = ag/(1 — a1). This solution is strictly stationary; a process started from an arbitrary fixed initial value

converges to this stationary solution.

Proof. Look at the recursive form:

t—1 t—1
Yt = aOZa{ +OC§YQ +ZOCJi61_-_j.
j=0 j=0
Use the result that if |[B] < 1 then:
. 1
o= 5
k=0 1-6

Then since |a;i| < 1

t—00 £ 1—ay

t-1 o
. ; 0 .
ag lim E o = = u.
J=0

lim ajYy = 0.
t—oo

We now use the lag operator to derive the same result. First, we can rewrite the AR(1) process as:
(1 —o1l)Y: = ap + €.
Define the autoregressive lag polynomial a(L) =1 — a3 L to get:
a(L)Y; = ao + €.
As a(L) =1 — ayL, we want to know whether we can invert this. Recall that the geometric series is such that:

z:xfziz(l—x)_1
= 1—x
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when |x| < 1. This gives us the following definition.

Definition 418 (Invertible)

A polynomial a(z) is invertible if

(o]
[a(2)] =) o7 (337)
j=0
is absolutely convergent.
We now apply this to the AR(1) model. We currently have:
a(L)Y; = a0 + €
where a(L) =1 — a1L. Now, if a(L) is invertible, we have that:
1 =
D' =[l-ol]™ = =) o4l
PO = —al] ™ =g =3
Jj=0
Therefore, we apply this to the AR(1) model:
a(L)Y: = ag + €;
< Ye=a(l) rag+a(L) e
avi= (Lot o+ (S e )e
j=0 j=0
<~ Yt = ZOCJIOCO + (ZOCJILJ>€t
j=0 j=0
(o] ) oo )
LTI e
j=0 j=0
0 .
Y= _O + Z ajlﬁtf_/
a1 Jr
< Y= w+ Z ajietfj
Jj=0
We ended back at the convergent AR(1) representation!
We now move onto the class of MA(q) processes.
Definition 419 (MA(q) Process)
Y; is a MA(q) process if it is of the form:
Y: = /1:+€1_—+91€t_1 + ... +9q6t—q (338)

where €; is a strictly stationary white noise process.
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Definition 420 (Infinite-Order Moving Average Process)

An infinite-order moving average process, denoted by MA(co) is:

Ye=p+ ) O (339)
j=0

Remark 421. This infinite-order moving average process is known as a linear process.
Suppose we had the linear process:

)
Yt = Z 9_/'61_-,].
Jj=0

The coefficients of the moving average representation are known as the impulse response function.

Definition 422 (Impulse Response Function)

The impulse response function is defined as the change in Y:; due to a shock in time:

0
afetytﬂ' = 0;. (340)

8; is the magnitude of the impact of a time t shock on the time t + j variable.
We have defined the IRF for a linear process. We now want to know how to calculate the impulse response b; from
the coefficients of an autoregressive model of order p:

Yi=a1Yeo1+ .+ apYep €

The impulse responses can be computed recursively from:

min(p.j)
bo=1, b= Y oaybiy forj>1. (341)
=1
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12.6 Autoregression

We go back to our autoregressive equation of order 1.

Definition 423 (AR(1))
An AR(1) model is given by:

Xe=aXi1+e

whereby €; ~ N(0, 02) is i.i.d and independent of X;_; for j > 1.

(342)

whereby Xj is a fixed value. We can solve for a solution to this model.

Theorem 424 (Solution to AR(1))

The solution to an AR(1) model without deterministic terms is:

t—1
Xe=Y derj+aXo.
j=0

(343)

Proof. We can solve this equation through back-substitution:

and via induction, we can arrive at:

X =aXi_ 1+ €
=a(aXio+e€—1)+ e
=X ot ae 1+ 6
=a?(aXi 3+ €t o)+ a1+ e

2
=a’X; 3+ %€ o+ aer1 + €

t—1
Xt = Z OCJEt,J' + OCtXQ.
Jj=0

Now, we recall a useful property of geometric series.

Lemma 425

The geometric series:

t—1 1—
Yoo 7!
j=0 t a=1
o .
Zoelei for |a| < 1
J=0

(344)

(345)
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Theorem 426 (Conditional Mean and Variance of Conditional AR(1) Model)
Let X; be an AR(1) model

Xt = Olthl + €+ (346)

with a fixed initial value Xo. Suppose that €; is i.i.d and normally distributed A'(0, 02). Assume that €; and the
fixed initial value Xy are independent. Finally, assume that |o| < 1.
Then, the conditional mean is given by:

we = E[X:|Xo] = a'Xo (347)
The conditional variance is given by:
1— 2t
0F = Var[Xe|Xo] = 0%~ j‘z . (348)
Proof. First, recall our recursive solution:
-1
Xe = Z O(JEt_J' + O(tXO.
j=0
We then take the conditional expectation of this:
-1
E[X¢|Xo] = E[Y_ /e + a'Xo|Xo]
j=0

t

=) Eler j|Xo] +aXo

|
-

Il
o

J
t—1

=(1) Z afIE[et_j] + OctXO

Jj=0
t—1 .

=2 Z OlJ(O) + atXO
Jj=0

= O(tXO

whereby =1 uses the independence of €; and Xy and =, uses the mean of €; being 0.
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For the conditional variance, we follow a similar approach by analysing the recursive solution.

t—1
Var[X¢|Xo] = Var[) e + a'Xo|Xo]
Jj=0
t—1
= Var[z o’er_j| Xo]
j=0
t—1
— Z a”Varle: ;| Xol
Jj=0
t—1

= Z a®Varle;|]
j=0
t—1
= Z a¥g?
j=0
t—1
=02 Z a?
J=0

2t
21—«
1—a?

O

We have derived the conditional mean and conditional variance for the AR(1) model. We now want to derive the

limiting distribution now.

Theorem 427 (Asymptotic Normality of Conditional AR(1) Model)
Let X; be an AR(1) model with a fixed initial value Xq. Then, the conditional limiting distribution of X; is:

2

D o
Xe| X —— 4
(X:lXo) 2 N(0. 77—5) (349)
Proof. By the recursive solution, we know:
t—1 )
Xe=Y dej+a'Xo.
j=0

We also know that €; are i.i.d normal random variables. Therefore, the sum of i.i.d normal random variable is also a
normal random variable. Furthermore, we have already derived the conditional mean and conditional variance for an
AR(1) model, so we can conclude that:

1—o?t

X;|Xo ~ tXo, 02
t| 0 N(a ng 1_a2

Now, we know that || < 1 so we can take the limit to conclude that:

X¢|Xo —>N(O,a2m).

O

Pausing to reflect what we have just done, we have shown that the AR(1) conditional model is asymptotically
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normal:

2
D o
X1 Xo) = N(0, ——
( t| 0) ( 1— a2)
The variance 1‘_’22 is the stationary variance. This is in contrast to the innovation variance 2. The long-run variance

relevant for the sample mean will instead be ﬁ
We now want to examine the autocorrelation of the AR(1) model. Before we do that, we first need the autoco-

variance of the AR(1) model.

Proposition 428 (Conditional Autocovariance of AR(1) Model)
Let X; be a conditional AR(1) process:
X =aXi 1+ €

for a fixed Xo, |a| < 1 and €; ~ N(0,02) i.i.d and independent of all X;_; for j > 1.

Then, for a fixed s > 1, the conditional autocovariance of the AR(1) model is:

Cov[X¢, Xt—s|Xo] = a®Var[X;—s[Xo]. (350)

Proof. We plug in the recursive formula for the AR(1) model into the conditional autocovariance function:

s—1
Cov[Xe, Xe—s|Xo] = Cov[Y et + a®Xis, Xi—s| Xo]
j=0

=(1) COV[OlSXt_s,Xt—s|XO]
= a®Cov[Xi—s, Xt—s|Xo]
= a*Var[X:_s| Xo]

where in =(;), we use the fact that €; was from time subscript t — s + 1 onward and hence is independent of X;_g,

implying a covariance of zero. O

We now look at the autocorrelation of the AR(1) model whereby we perform asymptotics on the limiting distribution
of the AR(1) model.

Proposition 429 (Autocorrelation for Limiting Distribution of AR(1) Model)
Let X; be a conditional AR(1) process:
Xe=aXi1+e

for a fixed Xo, |a| < 1 and €; ~ N(0,02) i.i.d and independent of all X;_; for j > 1.
Then, for a fixed s > 1, the conditional autocorrelation for the limiting distribution of the AR(1) model is
given by:
Corr(Xg, Xi—s|Xo) — a® (351)

as t — oo.

Proof. First, recall that the conditional autocovariance of the AR(1) model is:

Cov(Xe, Xe—s|Xo) = a®Var[Xi—s| Xo]
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and the conditional variance of the AR(1) model is:

1— 2(t—s)
Var[Xi—s|Xo] = 02&7

1—a?
Therefore, the limit of the conditional autocovariance is:
1— O‘2(t75) 02
lim a’Var[X:_s|Xo] = lim a®o? =af .
Jim,@VarlXe-slXol = fim a%o* =7 =o'y

Finally, recall that we also have shown that the long-run variance was:

o2
lim Var[X:| Xo] = —.
00 [ t| 0] 1 — a2

Now, we compute the formula for the conditional autocorrelation:

COV(Xtv ths|XO)
VVarlXe XolVar[Xe—s[Xo]
_ asvar[Xt—s|XO]

VVar[Xe| Xo]Var[X;—s|Xo]
_ asVar[Xi—s| Xo]
VVarlXe XolVar[X;—s[Xo]

Corr(Xt, Xt_5|X0) =

We then take limits of the numerator and denominator:

iMoo @5V ar[Xe_s| Xo] e
Iimt—>oo \/Var[Xt|XO]Var[Xt—s|X0] 1522

Hence, the autocorrelation for the limiting distribution is o®.

Remark 430. When 0 < a < 1, we have an exponential decay in the autocorrelation of the AR(1) model.

12.7 Autoregressive Model With Intercepts and Time Trends

We now move onto analysing an AR(1) model with an intercept term.

Definition 431 (AR(1) Model with Intercept)
The AR(1) model with an intercept term is:

Yi=aYi1+e€+u (352)

where w is an intercept term and €; ~ N(0, 02) i.i.d and independent of all Y;_; for j > 1 and with a fixed initial

value Yg.

The issue is that we cannot use our previous results as we now have a u term that appears and by recursion, this u
term will also appear in X;_; and so on. We now stress the following trick we will use to solve this issue because this
trick is used all the time in time series. The trick is to rewrite the AR(1) model with an intercept into a AR(1)
model without an intercept plus the intercept term. After we have rewritten the model, we can then apply the

results we have already derived.
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Proposition 432 (AR(1) Model without an Intercept)
Let Y; be an AR(1) model with an intercept term. Then, we can rewrite Y; as an AR(1) model without an

intercept term by decomposing it into the sum of a mean-zero process X; and long-run mean wy:

Xt = O(Xt_l + € (353)

Yo = Xe + 1y (354)
K

by =14 (355)

Proof. First, let us take our AR(1) model and subtract off a constant wy (this is an arbitrary constant for now but

we can pin down what this constant will need to be later):
Ye— by =aYe 1+ €+ u— py

Now, we have a Y; — wy on the left hand side, and to get something similar on the right hand side (but dated one
index back), we then add and subtract ay on the right hand side:

Y — by =aYe1 + €+ U — py + apy — apy

We now group the terms as follows:

Ye — by =aYe 1+ €+ pu— py — apy +apy

Yi =ty = a(Yiet — py) + €+ [ — (1 — o)uy]

We can see that the terms in red actually form an AR(1) model without an intercept! To make this more explicit,
we can define the variable:

Xt =Yy — py

which then allows us to then rewrite the expression

Yi =y = a(Yeo1 — py) + e+ [u— (1 —a)uy]
to now be:
Xe=oaXr 1 +e+[u—(1—-a)uy]

where the terms in blue are a constant that we now need to get rid off. That is, if we make the terms in blue = 0,

then we end up with an AR(1) model without an intercept:
Xt = OlXt_l + €t

which is something we have already previously derived results for! Hence, going back to the blue term, we are required
to pick a constant wy such that:

p—(1—ouy =0

and clearly, this algebraically holds when:
o
S l-a

Therefore, we set wy to be this value. Hence, we can see that we have decomposed the AR(1) with an intercept

Hy
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Y: (just add and subtract py to Y;) to be:

Ye= (Y —py)+ py =Xe+py
—_— =

— — K
=Xt T l-a

where X; is an AR(1) without an intercept X; = aX;_1 + €; and wy is just a constant. O

We can informally refer to this procedure as an AR(1) decomposition.
We now have the tools to derive the limiting distribution of an AR(1) model with an intercept term.

Proposition 433 (Limiting Distribution of AR(1) With Intercept)
The limiting distribution of an AR(1) model with an intercept Y; is:
2

g
YilYo 2 N(uy, T a2> (356)

Proof. Rewrite the AR(1) model with an intercept term:
Yi=aYe i +e+u
into an AR(1) model without an intercept term plus a constant:
Yi = Xi + py

whereby X; = aX;_1 + €;: and puy = +£-. We have previously shown that the conditional distribution for an AR(1)

l-a-
without an intercept is:
2
D o
Xl Xo = N(0, ——
t| 0 ( 1 — Ol2)
We can use this to derive the limiting distribution of Y; as adding a constant wy shifts the mean but does not

change the variance and hence we can conclude:

2
YilYo %N(uy,(’)

1—a?

We now introduce the AR(1) model with an intercept and a linear time trend.

Definition 434 (AR(1) Model with Intercept and Linear Time Trend)
The AR(1) model with an intercept and linear time trend is given by:

Y =aYi 1+ pe + pit + € (357)

where (¢ is an intercept term, t is the linear time trend and €; ~ N(0, 02) i.i.d and independent of all Y;_; for

J > 1 and with a fixed initial value Yp.

We now want to rewrite this model to remove the intercept and time trend.
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Proposition 435 (AR(1) Model without an Intercept and Time Trend)
Let Y; be an AR(1) model with an intercept term and a linear time trend term. Then, we can rewrite Y; as an
AR(1) model without an intercept term and linear time trend term by decomposing it into the sum of a mean-zero

process X;, long-run intercept mean 7. and long-run time trend mean 7;:

Xt =aXi1+et (358)
Ye =Xt + T+ Tt (359)
_ e — QT
T = o (360)
127
= ].
T 1-a (361)

Proof. (Sketch). The proof is similar to removing the intercept from an AR(1) model. First, subtract 7. and 7t from
both sides of:
Yi=0aYi1+ e + Wit + €

to get:
Yi —Te —Tit =aYi_1 + phe + it + € — 7c — Tyt

Now, add and subtract to the right-hand side to get:
Ye = Te —Tit =aYr 1+ pe + Wyt + € — Tc — Tyt +
Now, start to group terms together to get:
Yy — e — it = a(Yi1 )+ e + it — 7o — Tt + €.
and we end up with:
YtTCT,to{Yt_l —Te—Ti(t — 1)] + [ucTchaTcom} + {M/T/+om]t+et.

We then define the mean-zero process:
Xi =Yy — 1o — Tt

Therefore, we have that:

Y —Te—Tit=a [Yt_l‘TCT/(tl)} + [/.,LC’TCJrOl’TCOtT/} +[M/T/+om]t+et.
—— ——

% =0
Xi-1 =0

to get an AR(1) process without an intercept or time-trend:
Xt = Olthl + €

whereby we set the two terms equal to 0 to arrive at:

— arT,
fe —Te +aTe —ar; =0 < 7 = He T T
l-—«a
and
u—1+ar=0 <+ T = M.
11—«

191



We then can derive the limiting distribution of an AR(1) model with an intercept and time-trend.

Proposition 436 (Limiting Distribution of AR(1) With Intercept and Time-Trend)
The detrended AR(1) model has the conditional limiting distribution:
D 02
Y — (1e + )Y —>N<0,l_a2> (362)
whereby
S e — QT
N 1-«
7= Ky
T 1oa
Proof. First, decompose
Ye =aYe1+ pe + it + €
into an AR(1) without an intercept and time-trend:
Xt = aXt,1 + €t (363)
Ye =Xe +Tc+ Tt (364)
M — Ty
Te= "4 (365)
o
T = 1-a (366)
Then, apply our result that the conditional limiting distribution of an AR(1) model is:
D, 02
X X 0, ——
t| 0o— ( 1— 062)
when |a] < 1. Now if we look at:
Ye =Xt + T+ 1t
we can then immediately conclude that the detrended process satisfies:
D 0?
Voo (re+moe S (0,775 ).
O

Remark 437. In this scenario, we have that Y; is trend stationary. That is, if we subtract a linear time trend from

Y:, we will get a stationary process.

Hence, the big takeaway in this section is how to analyse time series models with intercepts and time-trends by

rewriting them in terms of models we already know properties about and adding a constant.

12.7.1 Random Walks
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Definition 438 (Covariance Stationary)

A scalar process {y;}+>1 is covariance-stationary if:
L Ely] =u

2. Cov(yt, Yirs) =y for all s.

Remark 439. The important thing is that the first moment and covariance does not depend on time t.

Definition 440 (\White Noise)

The process u; is a white noise if:

E[u:] =0 (367)
Elue—ju] =0 j>1 (368)
E[u?] = 02 < oo. (369)

We now view what it means for a variable to be driven by a stochastic trend.

Definition 441 (AR(1) Process)
The AR(1) process is:

Ye = oy + U (370)
where u; is a white-noise process.
When a = 1, we get a random walk process.
Definition 442 (Random Walk)
A random walk process is:
Yt = Yi—1+ Up. (371)

We can recursively substitute to get:
t
Y=Y+ Z uj.
j=1

Then:
E[Yt] = IED’O]
Varly:] = toi + Varlyo]

The variance of a random walk tends to infinity.

Proposition 443 (Persistence of Random Walk Process)

For any given integer s,
Corr(ye Yers) — 1 (372)

as t — oo.
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Proof. For simplicity, take yy to be fixed; this does not affect the limiting correlation. Then:

el(She)(zie)|

Corr(yt, ye+s) = 1/2 - (2 + ts)1/2
{tag(t + s)ag}

as t — oo. O

Random variables y; and y:4s are still strongly correlated even when they are far apart in time. This indicates a

strong persistence in the time process.

Definition 444 (Random Walk with Drift)
A random walk with a drift is:
Ye =Vt Y1+ U (373)

where v is a constant term and vy is a white-noise process.

12.8 Stationarity

We now move onto the topic of stationarity. Essentially, stationarity imposes structure on our time series and makes

things much easier for analysis.

Definition 445 (Strict Stationarity)
A process { X:}; is strictly stationary if for any s, the joint distribution of (X¢, X¢11, ..., Xt+s) does not depend on

time t.

Remark 446. Sometimes, an * is used X} to indicate that a process is a strictly stationary process.

Hence, if we have a strictly stationary process, then the joint distribution of (Xiy1, ..., X¢t4s) will be the same
distribution of (X1, ..., Xs). That is, if we have a block of variables and a joint density associated to this block, the

distribution of the block will be the same no matter where we move it around.

Proposition 447 (Strict Stationarity is Preserved Under Measurability)

If X} is a strictly stationary process and g : R” — R is a measurable function, then
Zy = g(X:, Xiq0 0 Xin) (374)

is a strictly stationary process.

We give an important class of strictly stationary processes.

Proposition 448 (i.i.d Sequences are Strictly Stationary)
If Y; is i.i.d, then it is strictly stationary.

Example 449
Suppose we had i.i.d €; sequence. Then, €; is strictly stationary. Now, if we take a transformation g(x) = x? so

that g(e;) = €2, we have that €2 is also a strictly stationary process.
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We now define another notion of stationarity.

Definition 450 (Covariance Stationary)

A process {X;}+ is covariance stationary if for all s, t
L E[Xe] =p

2. COV(Xt, Xt+$) = 'll/s.

Remark 451. The first condition says that the expectation does not depend on the time t. Additionally, the covariance

does not depend on time t as well. As a corollary, the unconditional variance does not depend on t, but the conditional

variance can.

Something important to note is that covariance stationarity is not preserved under transformations. An intuition
for this is because if X; has second moments, this does not imply that X? has second moments.

We now want to relative strict stationarity and covariance stationarity to each other. In fact, neither strict
stationarity nor covariance stationarity is stronger than the other. However, if we impose some assumptions, we can

relate the two concepts of stationarity.

Definition 452 (Gaussian Process)
A process X; is a Gaussian process if for all s and time t, the joint distribution (X¢i1, ..., X¢is) is a Gaussian

distribution.

We can now relate the two concepts of stationarity.

Proposition 453 (Sufficient Conditions for Strict Stationarity)

A Gaussian covariance stationary process is strictly stationary.

Proof. A finite-dimensional Gaussian distribution is characterised by its mean vector and covariance matrix. Hence,
if these are invariant to a common shift in time, then the joint distribution is also invariant to that shift. Therefore,

covariance stationarity implies strict stationarity for a Gaussian process. O

Proposition 454 (Sufficient Conditions for Covariance Stationarity)

A strictly stationary process with second moments is a covariance stationary process.

Proof. We need to show that if X; is strictly stationary, then its first moment and autocovariance is time-invariant.

First, we look at the first moment of X;:
BX] = [ xfi(dx = [ xfix)dx = B[]
whereby =1y uses strict stationarity of X;. Hence, we have shown that:
E[X:] = E[Xi]

for all time t.
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Now look at the variance:
Var[X:] = E[X?] — E[X,]?
= /xzft(x)dx — E[X¢]?
=q) /XQﬂ(X)dX — E[X:]?
= E[X7] - E[X:]?
= Var[Xi].

Hence, we have that Var[X;] = Var[X;] for all time t.
Now, we look at the autocovariance:

Cov[Xegn Xi] = E[XepnXe] = E[Xe4n]E[X¢]

_ / xyfene(x,y)dxdy — EXeralEIX]
JI

—1y [ xhiena(xy)dxdy — XX,
R

= E[X14nX1] = E[Xe1n]E[X¢]
=(2) E[X14nX1] — E[X144]E[X1]
= Cov[X11n Xi]

whereby =(1) and =(5) uses strict stationarity. Hence we have shown that Cov[X;ip, X¢] = Cov[X11p, X1] for all time
t.
Therefore, we have shown that a strictly stationary process with second moments satisfy the conditions for covari-

ance stationarity. O

Example 455

(Cauchy Distribution). A series {X:}+>1 can be strictly stationary if each X; is Cauchy distributed. However, the
Cauchy distribution does not have any moments. Therefore, such a sequence cannot be covariance stationary.
That is why we require the assumption of the existence of second moments for a strictly stationary series to be

covariance stationary.
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Example 456
(MA(1) Process) Consider the MA(1) process:

Xt = 9€t_1 + €

where {€:}¢>1 is i.i.d with E[e;] = 0 and Var[e;] = o2.
Then, we can argue for covariance stationarity in two different ways.
The first way is to note that as €; is i.i.d, then we know that €; is strictly stationarity. Furthermore, summing

two strictly stationary series preserves strict stationarity so then:
Xt = GEt_l + €

is strictly stationary. Finally, we know that X; has finite second moments as €; as finite second moments and
hence we can conclude that X; is then covariance stationary.

The second way is verify the MA(1) process is covariance stationary directly. First, compute the first moment:
E[X¢] = E[0€¢—1 + €] = 0.

The variance is:
Var[X:] = E[X?] = (1 + 6°)0°.

Therefore, the covariance is:

COV(Xt,Xt_]_) = 90'2
Cov(Xt, Xi—s) =0 fors>2.

Hence we have shown directly that X; is covariance stationary.

A lot of times, we have a partial sum of random variables:

t

> X

Jj=0

and we want to know whether can we simply take limits to get the series:
o0
> oox;.
j=0

The following theorem tells us when we can do so.

197



Theorem 457 (Kolmogorov's 2 Series Theorem)

Let {Z;}i>1 be independent random variables. Then suppose that:
1. the series Y 2 E[Z;] converges
2. Y%, VarlZi] < .
Then, the series

i Z (375)
i=0

converges almost surely.

Remark 458. We will give an example of applying this theorem in the next section.

12.9 Unconditional Stationary Autoregression

Previously, we have looked at the conditional model of AR(1) whereby:
Xt = O(Xt_]_ + €

where |a] < 1 and we had a fixed initial value Xo. This then gave us the limiting distribution:

o2

D
X¢|Xo = N(0, —=).
X0 &N (0, 17)
We now discuss a second formulation of the AR(1) model known as the unconditional AR(1) model. The idea is
that instead of fixing an initial value Xg, we let Xy be a random variable whose distribution is the stationary limiting

distribution Xg.

Definition 459 (Unconditional AR(1) Model)
The unconditional AR(1) model is given by:

Xi=aX;,+e (376)
2
. o
X§ ~N(0, — a2) (377)

whereby {X;};>1 is a stationary sequence, €, are i.i.d (0, 0?) and independent of X3.

We can then derive the unconditional joint distribution and moments of such a process.

Proposition 460 (Joint Distribution of Unconditional AR(1) Model)
Let {X{}>1 be the unconditional AR(1) model. Then, for s > 1, the joint distribution is:

(2 )

Proof. First, we use backward substitution to get:

X¢

*
Xf+$

t—1
X; =Y dej+alXg.
Jj=0
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We now compute the unconditional moments of X}. The first moment is:

t—1
E[X;] =E[}  odej+a'X;] = 0.
j=0
The variance is:
t-1
Var[X;] = Var[z e j+atXg]
j=0
t—1
=(1) Var[Z e j] + Var[at X3
j=0
t-1
= Z a?o? + a’tVar[X]]
j=0
_o*(1-o?) 2 O°
 1-a? 1—a?
o2
C1-a?

where =1y uses the independence of €;_; and Xo.

The autocovariance is:
CovX}, Xi,a] = EIXiX},) - EIXIEIX;,] = E[X; X, - 0

We now substitute in our recursive formula:
s—1 ‘
CovlX;, Xirsl = BIXi Xiusl = EIX{ (Y oderrasj + a°X7)]
j=0
s—1 .
—EIX; Y aderrs ] + Elo¥(X])?)
J=0
s—1 .
=3 WEX errs ] + @°E[(X])7]
j=0
=@ 0+ @’E[(X;)?]

= a’Var[X;{]

2
s O

1—a?

where =(1) uses the independence of €;,s—; and X} for j =0, ..., s — 1. We see that the covariance does not depend
on t.
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Now, we look at the joint distribution of X} and X/, :
t—1
X; =) e j+alXg
Jj=0
t+s—1
X;:+S = Z aJeH_S_J' + at+SX8
Jj=0

We know that €; and X§ are normally distributed. Furthermore, we know that the sum of normal random variables

is a normal random variable. Therefore, they are jointly normal with the joint distribution:
0 o? 1 o
o] 1—o®|a® 1

Remark 461. Something important to notice is that this is an unconditional distribution. Previously, in the conditional

*
Xt
*
Xt+s

O

AR(1) model, we derived a limiting conditional distribution. This is again due to the set up of the unconditional AR(1)

model depending initially on a stationary X.

Now, we know that the stationary solution to our unconditional AR(1) model X; = aX;_1 + €; is:

t—1
Xt = Z Oéjet,j + OCtXO.
Jj=0

If |a] < 1, we want to know whether can we take t — oo and write:

X; =Y e ;.
j=0

The following results tells us yes.

Theorem 462 (Moving Average Representation of Unconditional AR(1) Model)

Let X; be the unconditional AR(1) model. Then, if || < 1, X; has the moving average representation:

X; =Y e ;. (379)
j=0

Proof. This follows from Kolmogorov’s 2 series theorem. \We verify that the conditions for the theorem hold. First,
the innovations €;_; are independent by assumption. Now, we check the first condition:

> Ele'e]=) o'Elei] =0
i=0 i=0

as E[e;] = 0.
We then check the variance:

Z Var[a'e;_j] = Za2’02 =1 c_7a2 < 0. (380)
i=0 i=0
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Both conditions for Kolmogorov's 2 series theorem hold and hence:

oo
E a'et,,-
=0
converges almost surely. O

To conclude this section, we look at the lag operator and show a different way to derive the moving average

representation using lag operators.

Definition 463 (Lag Operator)
The lag operator is the operator L such that:

LXt :Xt_]_. (381)

Now, if we have the AR(1) model:
Xt = O(Xt_l + €

we can express this in the moving average representation.

Theorem 464 (AR(1) Moving Average Representation)
Let X; be an AR(1) model
Xt = OCXt_]_ + €¢.

Then, if |a] < 1, we can write X; in its infinite order moving average representation:

Xe=) dle . (382)
j=0

Proof. First take the AR(1) model:
Xt = O(Xt_]_ + €¢.

We can rewrite this using the lag operator:

Xt — O(Xt_l = €t
<~ (1 — aL)Xt = €t

Now, let us define the polynomial:

Az)=1-az (383)
where if |az| < 1, then A(z) has an inverse:
A2)] = oz, (384)
j=0
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Then, we have that if we applied this to the AR(1) model:

(1 — aL)Xt = €t
o Xe=[1-al)] e

Xy = ZQJEt_J'.
Jj=0
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12.10 Asymptotic Theory for Time Series

First, we recall the definition of a o — algebra.

Definition 465 (0 — algebra)

A o — algebra is a collection of sets F such that:

1. Qe F
2. A€ F implies that A € F

3. If A1, As, ... € F then

GA,‘GF.
i=1

Definition 466 (Filtration)

A filtration is a sequence of 0 — algebra's F; such that:

Fit € Frna (385)
for all time.
A filtration captures the idea that the amount of information you have is growing over time.
Definition 467 (Martingale)
A process {X:}+>1 is a martingale if
E[Xt11|Fe] = Xe. (386)

Remark 468. The best guess for the stock price tomorrow is the stock price today, on average.

Now, suppose we construct a new process consisting of taking the difference of martingales:
my = X¢ — X¢—1
whereby {X;}¢>1 is a martingale. Then, the conditional expectation of m; is:

E[me|Fe-1] = E[Xe = Xe-a|Fe-a]
= E[X¢|Fe1] — E[Xe—1|Fe-a]
= E[X¢[Fr-1] — Xe—1
= X¢—1 — X¢—1 = 0.

We now define an important concept that we will use frequently.
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Definition 469 (Martingale Difference Sequence)

1. my is Fy-measurable
2. E[|m]] < o0

3. E[mt|.7-'t,1] =0.

A pair (my, F;) for t € N is a martingale difference sequence if:

As we will soon see, martingale differences are a relaxation of the assumption of independence. To see this, we

derive properties of the MDS.

Proposition 470 (Unconditional Mean of MDS)

Let (m¢, Ft)t>1 be a MDS. The unconditional mean of a MDS is:

E[m¢] = 0. (387)
Proof. Apply the law of iterated expectations and use the property of a MDS:
E[m;] = E[E[m|F;-1]] = E[0] = 0.
O
Proposition 471 (Conditional Mean of a MDS)
Let (m;, Ft)t>1 be a MDS. Suppose that s < t. Then, the conditional mean is:
E[m:|F] = 0. (388)
Proof. Apply the law of iterated expectations:
E[me|Fs] = E[E[m;|Fe—1]|Fs]
= E[0|75]
=0
O
Proposition 472 (Autocovariance of a MDS)
Let (my, Ft)r>1 be a MDS. Assume that E[m?] < oo. Then, for s < t,
Cov[ms, m;] = 0. (389)
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Proof. Use the formula for covariance and the fact that the conditional mean of a MDS is 0:

Cov[ms, m¢] = E[msm;] — E[ms]E[m;]
=E[msm:] — 0
= E[E[msm¢|Fs]]
= E[m; E[m¢|F]]
——
=E[m;s - 0]
—0

O
Proposition 473 (A MDS Process is Serially Uncorrelated)
A MDS (my, Ft)>1 with E[m?] < oo is a serially uncorrelated sequence.
Proof. We have shown that the covariance of a MDS is zero. Therefore it implies it is uncorrelated. O

Hence, we can see that with a MDS, it is a relaxation of an i.i.d sequence.

Remark 474. Note that the converse does not hold. That is, a serially uncorrelated process is not necessarily a MDS.

Proposition 475 (i.i.d Sequence with Mean Zero)

Every i.i.d sequence with mean zero is a MDS.

Proof. We use the fact that m; is independent and has mean zero to see:

E[mt\ft,l] = E[mt] =0.

12.11 Limit Theorems for Martingale Difference Sequences

We can now state limit theorems for MDS.

Theorem 476 (Law of Large Numbers for Martingale Difference Sequence)

Let (my, F;) be a martingale difference sequence. If either of:

1Y%, E”’gﬂ;w] < oo for some p € [0, 1]
2. lim7 00 maxe<7 [E[|me|*P]] < 0o for some p € [0, 1],

then we have that:

T
1

t=1

(390)
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Remark 477. Recall that we have shown that the unconditional mean of a MDS E[m,] = 0. Hence, this result makes

sense.

We now give an example of how to check these conditions.

Example 478

Let m; be an i.i.d sequence with E[m?] = 2. Then, let p = 1. We then check the first condition.

2 E[|m¢|? 2 E[m?
Z H:;']:Z [;727]

t=1 t=1
o)
>
= o)
t=1
o0
5 1
=0 E —
t2
t=1

27T2<
=0°— < 0.
§)

Hence, the first condition is satisfied so we can apply the LLN to m;.
We now show an application of the second condition.
lim max[E[|m:|?]] = lim maxo?
T—oo t<T T—oo t<T

= 0° < 0.

Therefore, we see that the second condition is satisfied. Therefore we can apply the law of large number to

mg.

We can now state the central limit theorem for MDS.

Theorem 479 (Central Limit Theorem for Martingale Difference Sequence)
Let (m;, F;) be a martingale difference sequence. Let $2 = S/ E[m?]. Then, if:

1
L. 52 Zthl E[mf | 1] i 1 and
2l

1
2. o S E[m?1{|m,| > 6S7}] — 0 for every § > 0,
2

then we have that:

.
SiTth 25 N(0,1). (391)
t=1

Remark 480. The second condition is known as a Lindeberg condition. /ts intuition is that no unusually large

martingale difference should dominate the normalized sum.

We give an example for checking this.
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Example 481
Suppose that m; is i.i.d with mean zero and constant second moment E[m?] = o2. Then,

T T
52 = Z]E[mf] = 202 =To?.
t=1 t=1

Then,
57’ =VTo?
and hence:
1 i D
— my — N(0,1).
VTo?

12.12 Limit Theorems for AR(1) Model

We have stated the limit theorems for MDS. We now want to derive limit theorems for the AR(1) model which is
what is generally used in this course. To derive these AR(1) limit theorem, we can use the limit theorems for MDS.
First we give a motivation for why we need limit theorems for AR(1) models. Suppose we are interested in testing
Hog : iy = 0 in the model:
Ye =y + Ut

where we have a correlated error term:

U = 0tlp_1 + €.

If we incorrectly assume that u; is i.i.d, then we would then incorrectly assume that Y; is i.i.d. Then, when testing

Ho : wy = 0, we would construct the ordinary test statistic:

_TYA(Y —py) o

t S, = N(0,1)

where S, is the standard deviation of Y. However, as we will later prove, if we assumed instead correlated error terms,

we would instead end with the limiting distribution:

TYV2(Y —py) b l1+a
s, - N, 1-a

).

t

We can see that we end up with two different distributions:

14+«

N(0,1) and N(O,l_a

).

We plot these distributions in Fig. 2. If a > 0, then % > 1, so the correctly derived limiting distribution has
thicker tails than N'(0, 1). Using standard-normal critical values then leads to rejecting the null hypothesis too often.
If o < 0O, the variance ratio is below one and the standard-normal test is instead conservative. The two distributions
coincide when o = 0, in which case the errors are uncorrelated.

With this motivation in mind, we now aim to derive the limit theorems for AR(1) models.
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Figure 2: Comparison of the two limiting distributions of the same test statistic under different assumptions.

Theorem 482 (Law of Large Numbers for AR(1))
Let X; be an AR(1) process
Xt = aXt,]_ + €.

Assume that
1 ol <1
2. € is i.i.d with mean zero, variance 02, and finite fourth moment

3. Xo is fixed, or is independent of the innovations and has a finite fourth moment.

Then, for any fixed non-negative integer j, the three laws of large numbers for AR(1) processes are:

T

1

= S Xy 5o (392)
t=1
T

1 P o2
t=1

1 T p

? thflét — E[thlet] = 0. (394)
t=1

Proof. The general strategy for proving each of these results is to first rewrite the expression as a MDS. Then, apply
either the MDS law of large numbers or MDS central limit theorem.

Proof of 1

First subtract aX; from both sides of the AR(1) model:

Xt =oaXi 1+ €
— (1 — OL)Xt = *O{(Xt — Xt_]_) + €

(1__aa) (Xt_Xt—1)+ =

a
(a—1)

<—>Xt:

— Xe = (Xt — Xem1) + 77—
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where the second last equation is valid as |a| < 1. Then we sum both sides up to T:

T o & 1 T
D Xe=gT72. (Xt—Xt1> g
t=1 t=1 t=1
T o 1 T
HZXt:a—l(XT_XO>+]_—aZEt
t=1 t=1
where we used the fact that E;l (Xt - Xt1> is a telescoping sum. Then divide by T on both sides:
T T
1 1 « 1 1
= Xt == Xr—X = )
72X Ta—l(T 0>+1—aT €t
t=1 t=1
The final step is to now show that in:
T T
1 1 « 1 1
= Xt = = Xr—X —_— = )

that (%) = 0,(1) and (¥+) 2 0.
First, we look at (*):

a 1
a—1T <XT B XO)
As X, does not depend on T, it is a fixed random variable and therefore Xo = O,(1) and therefore %Xo = 0p(1). We
now look at the second term:

1
—X7.
TAT

We need to show that this is also 0,(1) which means showing:

lim P[‘X—Tﬂ > 6] =0.

T—o0

To do so, we can apply Markov’s inequality:

IP’[|XT|>6} <1 E[X2]

T = 6272

< —0

5272
as T — oo, where stability and the moment assumptions imply sup+ ]E[X%] < C < 0. Hence, we have just shown

that £ X7 = 0,(1). We then use the fact that:
0p(1) + 0p(1) = 0,(1)

to conclude that

Now look at (**):



This is a MDS. We can therefore apply the MDS law of large numbers:
17
? 261— i) E[Et] =0.
t=1

Hence, we shown the desired results for (*) and (**) so we have that:

1 1 a 1 1
=) Xe== Xr=Xo |+ ——==)
T Ta—1< O) 1-aT 1€t

and hence:

Proof of 3

We first prove the third AR(1) law of large numbers before proving the second AR(1) law of large numbers. We want

to show that:

T
1 P
? thflet — E[thlet] =0.

t=1

First, we notice that the summand is a martingale difference sequence:
E[Xt_16t|.7-'t_1] = Xt—lE[€t|]:t—1] =0.

Therefore, we want to apply the law of large numbers for martingale differences to X;_1€;. We check the bounded-

moment condition with p = 1:

E[(X¢—1€¢)°] = E[E[(X¢—1€¢)?|Fe-1]]
= E[X?_, EleZ|Fel]
= 0’E[X2 ,].

Stability and the moment assumptions give sup, E[X2 ;] < oo, so
SlipE[(Xt_let)Q] =o0° sup E[X2 ;] < oo.

Therefore, we can apply the WLLN for MDS and conclude that:

T

1

? thflet i E[thlet] = O
t=1

Proof of 2

We now want to show: .

1 o?

= S X2, B EX2 = VarlX] = =02
t=1

1—a2
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First, if we expand out the square we get:
X2 = a?X? | 4+ € +20X; 16

Now, if we take the sum of both sides, we get:

T T T T
ZX? =a? ZXf_l + Z €2 + 2o ZXt_let.
t=1 t=1 t=1 t=1

We then factorise this to get:

T T T T
Y =[x -] ¢ Dt 2a ) e
t=1 t=1 t=1 t=1

whereby we used the fact that: 33/ X2 | = 571 . X2 4 X2 — X2 Re-arrange to get:

T T T T
Y XZ-a?) Xt=o? [Xg —X%} +Y) €420 Xeag
t=1 t=1 t=1 t=1

Factorise and divide through to get:

ZX2

We then divide by T on both sides:

2 ZtT:1€t
3| X0 = X7 | + 1—o? 1—aQZXt 1€t

T

.
1 ) a? [XEZ X2 1Zt1€t 20
Soxi= |- F] PR o7 2 Xeee

We now look at each term respectively. First, we know that:

X2
TO = 0p(1)
since 0(1)O,(1) = o(1) = 0,(1). The second term is:

X2
TT = 0p(1)

through Markov's inequality. We then can conclude that:

[);_g — )f] = 0p(1).

For the third term, we can apply the WLLN for i.i.d sequence:
1T
? ZG% L 0'2.
t=1
The final term, we see that
-
1 P
? ZXt_let — 0
t=1

whereby we applied the part 3 result proved earlier for the LLN for the AR(1) model.
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By Slutsky theorem, we combine all these results to conclude that:

T T

1, e [ ox2] 1yl e 2 o

FYx= | T E] e meﬁw —5 +0
t=1

Theorem 483 (Central Limit Theorem for AR(1))
Let X; = aX;_1 + €, where |a| < 1, the innovations are i.i.d with mean zero, variance o2, and finite fourth
moment, and Xy satisfies the moment assumptions above. For any fixed non-negative integer j, the two central

limit theorems for AR(1) processes are:

o2

I/QZXH 2 N(o, 7(1_ ) 5)- (395)
t=1
1/22Xt et 2 N0, 1_4a2) (396)

Proof. We give the proof for the first result. First, recall the AR(1) model:
Xt = O(Xt_]_ + €
Then take sums:
T T T
Y xe=aY X1ty
t=1 t=1 t=1

Use our trick to rewrite the term as:

T T T
ZXt = O(ZXtJrOCXo *OlXTJrZEt.
t=1 t=1 t=1
Re-arrange:

T T
—Ol)ZXt :aXO _aXT+Z€t.
t=1

t=1

and divide through:

.
(6] (6
th:(l—a)xo (1—a) 1— 2

Now scale by T-1/2 to get:

1 1 a 1 a 1 1
— Xi=—=——Xog——=+—— X7+ —=——— €t
e e (G (e G ey PO
We now analyse this term by term. For the first term on the right, we have that:

1 a

VT (1-a)

Xo = Op(l).

For the second term, we have that:

1 a

T
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For the final term, we can use the regular central limit theorem for i.i.d sequence:

0.2

1 1 1
ﬁm;et 2) mN(O,Uz):N(O,m)

Putting all this together, we conclude that:

T 2

g
T71/22Xt7j 2>./\/'(0, m)
t=1

We now go back to our original AR(1) t-test. Let our AR(1) model with an intercept be:
Yi=oaYr1+ p+ e
We can rewrite this as an AR(1) model without an intercept:

Yi = uy + X;

where
Xt =aXi 1+ €

is an AR(1) model without an intercept. We now want to look at the test statistic to test the intercept:

The t-test statistic for this is:

where the variance can be written as:

whereby

1< i
V=23 Ye=2) (uy+ X =py +X.

t=1 t=1

Now, also note that:

T2 (Y - w) =T12X

= T71/2ZX1- £>N<O, (]_OL)2>

t=1

where we used the CLT for AR(1) model. We therefore have that the numerator converges to a normal distribution.
Now, if we look the sample variance:

Yi=Y & (uy +Xe) = (uy +X) =X — X.
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Now, we look at the limiting result of s2:

1
T-1

]~

sy =

(%)

T 1 < 1 ¢ i p. 0°
= — X2 =) X .
e (p) | A e

Il
—

~ |

where the first term inside the brackets uses the LLN for AR(1), and the second term uses the LLN for AR(1) plus
the continuous mapping theorem.
Under Hg : uy = 0, we therefore rewrite the t-statistic as:

1/2y, 2 N2
T vgN(Oa/(l a))

Sy "0?2/(1—a?)

:N(O,m)_
l—«

where we again use Slutsky's theorem.
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12.13 Higher Order Autoregression
12.13.1 AR(2) Model
So far, we have only studied the AR(1) model:
Yi=aYi 1+ u+ e

However, this is quite a restrictive assumption. We now aim to relax this assumption. We first look at the AR(2)

model.

Definition 484 (AR(2) With Intercept)
The AR(2) with intercept model is given by:

Y=Y taxYi o+ ute (397)

where p iIs an intercept term, €; ~ N(O,Uz) and independent of Y;_1,...,Ys, and we also require two initial

observations Y_1, Yp.

Note that the AR(2) model can also be written in vector notation:
Yi=a'Yii+u+e

where a = (a3, a0)" and Y;_; = (Y:_1,Y:_2)". We can estimate such a model through the least squares estimator
and in fact, coincides with the conditional MLE.
Now, notice that our AR(2) model has an intercept term:

Yi=a1Yi 1+ oY o+ U+ €

We want to rewrite this as an AR(2) model without an intercept. The next proposition tells us how to do this.

Proposition 485 (AR(2) Model without an Intercept)
The AR(2) model with an intercept can be written as an AR(2) model without an intercept whereby Y; is now

the sum of a mean-zero process and its long-run mean wy:

Xt = Ol]_Xt_]_ P OlQXt_Q + € (398)
Ye = Xt + by (399)
L
= 4
Wy Tp—— (400)

Proof. First, subtract uy from both sides:

Ye — by = 1Y+ @Yo+ 4+ € — Uy
Now add and subtract a;uy and aouy from the right hand side:

Ye — by =a1Yi1 + Yo+ U+ €r — Uy + iy — afly + Qolly — Qafhy.
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Now collect terms:
Yi =y = a1 (Vi1 — py) +aa(Yeeo — py) + [ — by + @iy + aoply | + €
Now, note that Y; — wy will have mean zero. We define the mean zero process:
Xt =Y — Uy
to that our expression now becomes:
Ve —py = a1(Yeor — y) +ao(Ye2 — py) + {M — by toapy + Oézlw} + e

o Xe=a1 Xe—1 +aoXe o+ [u — by +opy + azuy] + e

Hence, we have the expression now:
Xe = a1 Xe1 +0pXe o+ {P« — Py +ogpy + a2/~1'Y:| + €t

If we look carefully, nearly all the terms have mean zero:

Xt =a1 Xi1 +on Xeo + {u] — by +oapy + aguy} + €
~—— ~—— ~—~
Mean Zero Mean Zero Mean Zero Mean Zero

()

We now look at the remaining (*) term. Now, as the left-hand side has mean zero, and all the terms on the
right-hand side has mean zero, since (*) is a constant, we therefore require that it be equal to the zero in order for

the expectation of (*) to be zero. That is, we impose that:
W — Wy + oy + oopy = 0.
We then re-arrange to solve for the long-run mean py to get:
py = —H
Y 1-— [0 5 a0 %) ’

Now, if we go back to:

Xt =01 Xe1 +aaXeo+ | — Wy + o1fby + Qofly | +€;

()

since we have imposed that (*) = 0, we get:
Xt = O(]_Xt_]_ + OCQXt_Q + €

which is an AR(2) process without an intercept!

Hence, to summarise what we have done, we took an AR(2) model with an intercept:
Yi=a1Yio1 + Yo+ p+ €

and rewrote it as an AR(2) model without an intercept whereby Y; is now the sum of a mean-zero process and its
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long-run mean:

Xt = ocht,1 + 062th2 + €

Ye =Xt + 1y
bk
Y 1—&1-0&2

O

We have just shown how to write an AR(2) model with an intercept Y; into an AR(2) model without an intercept
X:. Next, we want to be able to write this AR(2) model without an intercept as an AR(1) model without an intercept.

Writing an AR(2) model in its companion form allows us to do this.

Definition 486 (Companion Form of AR(2))
Let X; be an AR(2) model:
Xe = a1 Xe1 +0oXe o+ €t

Then, the companion form of the AR(2) model can be written as:

X o @ Xi_ 1
=T AT 4 e (401)
thl 1 O Xt72 O
or in matrix form:
Xt = Athl + TE: (402)

whereby 7 = (1,0)7.

The companion form X: now allows us to use similar techniques that we used for AR(1) processes. Recall that for
an AR(1) model:
Xt = O(Xt_]_ + €
we could iteratively back-substitute to get the recursive form:

-1
X¢ = Z e+ atXo.

Jj=0

We can do something similar for the companion form X; of the AR(2) model.

Proposition 487 (Recursive form of AR(2) Model)
Let X; be the companion form of the AR(2) process X;. Then, the recursive solution to X; is:

t—1
Xy = ATe j+ AXq. (403)
j=0
Jumping back to the AR(1) model:
t—1
Xe=Y dej+a'X,
j=0

217



we showed that if the AR(1) possessed a stationarity solution (o] < 1) we can then take limits and under Kolmogorov
2 series criterion, write this as:

Xt = Z ozjet_j.
j=0

The question we are interested now in asking is that for our AR(2) companion form, can we write:

t-1
X = ZAfTet_j + A'X,
Jj=0

in terms of an infinite moving average representation:
o0
Xt = E AJT€t,j.
J=0

The answer is yes whereby we now need to check the condition that A is smaller than 1. We state what this means

for matrices.

Proposition 488 (Existence of Stationary Solution for AR(2) Model)

Let X; be the AR(2) in companion form with the companion matrix:

A= |91 2]
1 0

Then, if all eigenvalues of A have modulus strictly less than 1 in absolute value, then the AR(2) model possesses
a stationary solution.

Remark 489. Technically speaking, this is the condition for stability which then implies stationarity under some
additional assumptions.

Remark 490. We recall some facts from linear algebra. A matrix A is a linear function. We are interested in knowing
which vectors are only stretched by the transformation v. This stretching is determined by the eigenvalues \. Hence,
we want to know the vectors v such that:

Av =)v

so that the vectors are only stretched. We can then rewrite this as:
(A=XhHv=0

This equation has a non-zero solution vector v if and only if
det(A—Xl)=0.

That is, the eigenvalues of A are the values A\ that satisfy the equation:
det(A—XI)=0.

By the fundamental theorem of algebra, we can write this as the product:
det(A—=X) =1 =) 2—=A)...(Ap —A) =0

where n is the degree of the characteristic polynomial.
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Recall that to compute the eigenvalues for the matrix A:

A— a; Qo
1 0

you first compute the characteristic polynomial (recall that the roots to the characteristic polynomial are the eigen-
values) from computing the determinant of A:

0=det(A—=X) = (a1 — A)(=\) —az = A\* — A — a.
So we then check the roots for:

1 1
2 12 32 _
A —ad—ax = A [1~a1X~a2>\2]—>\a(1/>\)—0

where a(z) = 1 — a1z — apz? is the autoregressive polynomial. As

det(A— M) = N2a(1/X) =0

then this implies that the eigenvalues satisfy:

1 1
a(l/A)=1 oy o2y = 0.

If all roots A that solves the characteristic polynomial has a modulus strictly less than one, then all eigenvalues of
A are strictly less than one, and this means that the all entries of the matrix

A" =0
at an exponential rate.
Remark 491. Note that we can also equivalently express the condition for stationarity as:
l—o1z—axz°=0

and check if all roots has modulus strictly greater than one.

Example 492

(Root Calculation). Suppose we had the autoregressive polynomial:
a(L) =(14+0.3L —0.1L2).
Now, we can factorise this:
(14+0.3L—-0.1L%)=(14+05L)(1—-0.2L)=0.
Then, solving for roots, we have that:
1405L=0 & L=-2

1-02L=0 < L=5

Both roots have modulus greater than 1 so they are outside the unit circle and hence we have stability in the

system.
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Hence, going back to our AR(2) model:
-1
X = ZAJTEt,j + AtXO
j=0
if all eigenvalues of A are strictly less than one, we will have that A*Xy — 0 and in combination with Kolmogorov's 2

series criterion, we have that:
o0
Xt = Z AjTEt_j.

J=0

Proposition 493 (Moving Average Representation of AR(2))
Let X; be the AR(2) model in companion form with the companion matrix A. Suppose that all the eigenvalues

of A has modulus strictly less than 1. Then, X; can be represented in the infinite moving average form:
Xt = ZAjTet,j (404)
j=0

where 7 = (1,0)7.

Now that we have this moving average representation of the AR(2) model, we can now compute the statistical

properties of this model just like we did for the AR(1) model.

Proposition 494 (Statistical Properties of AR(2) Model)
Let X; be the AR(2) model in companion form. Suppose that X; admits a stationary solution so that it has the

infinite order representation:

Xe=> Arte (405)
J=0

where 7 = (1,0)7. Then, we have the following statistical properties of X;:

E[X:] =0 (406)
Y x =Var[X{] = iAfTazTT(Aj)T (407)
j=0
Cov[Xs, Xi_s] = A° i ArolrT (AT (408)
Jj=0

We can in fact get a distribution for the AR(2) model.
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Proposition 495 (Distribution of AR(2) Model)
Let X; be the AR(2) model in companion form. Suppose that X; admits a stationary solution so that it has the

infinite order representation:
o0
Xe=> ATe, (409)
J=0

where 7 = (1,0)7 and €; ~ N(0,0?) are i.i.d. Then, the distribution of X;:

X =Y ATej~N(0,Ix) (410)

J=0

whereby ¥ x = Var[X,] = Y72, Ato’TT (A)T.

12.13.2 AR(p) Model

We now generalise from the AR(2) model to the AR(p) model. Many of the results we derived for the AR(2) model
hold for the AR(p) model.

Definition 496 (AR(p) Model with Intercept)
The AR(p) model with an intercept is given by:

P
Yo=Y oV +ute (411)
j=1

where w is an intercept term, €; ~ N(0, 02) and independent of Y;_1, ..., Yo, and we also require p initial observa-

tions.

We show that we can write the AR(p) model with an intercept as an AR(p) model without an intercept just like
we did for the AR(2) model.

Proposition 497 (AR(p) Model without an Intercept)
The AR(p) model with an intercept can be written as an AR(p) model without an intercept whereby Y; is now

the sum of a mean-zero process and its long-run mean py:

Xe=ouXe—1+ ...+ pXe—p + € (412)

Ye = Xt + by (413)
w

= 414

= 1—0(1—...—Ocp ( )

Proof. The proof is the same for AR(2) model except we subtract off more terms. First, subtract uy from both sides:

Y — by = a1Yee1 FoaYeo + o opYeop H € — py

Now add and subtract oy for j =1, ..., p from the right hand side:

Y — Uy = a1Ye1 + oY o+ U+ € — Wy + Q1lly — Qilly + Qolly — Qofby + ...+ -
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Now collect terms:
Yi—py = a1(Yeer — py) +aa(Yeco — py) + o+ ap(Yeep — 1hy) + |4 — Wy + 0y + Qoply + ...+ + €t

Now, note that Y; — wy will have mean zero. We define the mean zero process:

Xt =Yt — py
to that our expression now becomes:
Yi =ty =a1(Yier — py) +ao(Yico — py) + o+ ap(Yeep — 10y) + {u — Wy + oy + oy + ...+ + €
o Xe=oXemr + oo Xeo+ oo+ apXe—p + {u — Wy +aipy + ooy + ...+ ] + €

Hence, we have the expression now:
Xe=o1Xe1+aeXe o+ ...+ apXep+ [u — Wy +aipy + oopy + ...+ apuy] + €t

If we look carefully, nearly all the terms have mean zero:

Xt =ar X1 tar Xeo +oot+ap Xep + |:/~L_IJ'Y+051/J'Y+OC2IJIY+---+05pu'Y:| + €
~—— ~—— ~—~— ~—~
Mean Zero Mean Zero Mean Zero Mean Zero Mean Zero

()

We now look at the remaining (*) term. Now, as the left-hand side has mean zero, and all the terms on the
right-hand side has mean zero, since (*) is a constant, we therefore require that it be equal to the zero in order for

the expectation of (*) to be zero. That is, we impose that:

W= Wy + oy + oopy + ...+ apuy = 0.

We then re-arrange to solve for the long-run mean py to get:

B 2
l—ag—op—...—ap

Ky

Now, if we go back to:

Xe=a1Xe—1+0Xeo+ .o+ apXep+ |4 — Wy +aipy + Qolly + ... + aplhy | +€¢

()

since we have imposed that (*) = 0, we get:
Xt = OélXt_l + OCQXt_Q + ...+ O(pXt_p + €¢

which is an AR(p) process without an intercept!

Hence, to summarise what we have done, we took an AR(p) model with an intercept:
Yi=a1Yem1 Yo+ oY pHut e

and rewrote it as an AR(p) model without an intercept whereby Y; is now the sum of a mean-zero process and its
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long-run mean:

Xt = a1 X1+ 0o Xi—o+ ...+ Otht,p + €t

Ye = Xt + by
_ H
1—0(1-&2—...—0(,3

Ky

O

We have just shown how to write an AR(p) model with an intercept Y; into an AR(p) model without an intercept
X:. Next, we want to be able to write this AR(p) model without an intercept as a vector AR(1) model without an
intercept. Writing an AR(p) model in its companion form allows us to do this.

Definition 498 (Companion Form of AR(p))
Let X; be an AR(p) model:
X = a1 Xe—1 + 0o Xi—o+ ...+ apXt,p + €

Then, the companion form of the AR(p) model can be written as:

Xt a; Qay ... Qp_1 O Xi_1 1

Xi-1 1 0 0 0 Xi—2 0

0 1 0 0 0
=(0 O 0 0 + 0] € (415)

0 O 0 0 0

Xt—pt2 0 O 0 0 Xt—p+1 0

| Xt—p+1]] |0 0 1 0] | Xe—p | 10

or in matrix form:

Xi = AXi_1 + Te; (416)

whereby 7 = (1,0, ...,0)7 isa p x 1 vector.

We now want to write this matrix in a recursive form just like for the AR(1) model.

Proposition 499 (Recursive form of AR(p) Model)
Let X; be the companion form of the AR(p) process X;. Then, the recursive solution to X; is:
t—1

Xy = ATe j+ AXq. (417)
Jj=0

We have written out the recursive form of the AR(p) model:

t-1
X = ZAJTEt_J‘ + A'X,
Jj=0

. We want to now check if we can write it in terms of an infinite moving average representation:
o0
Xt = Z AJ'TGt,j.
j=0
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To do so, we check the eigenvalues of A.

Proposition 500 (Stability Condition for AR(p) Companion Matrix)
Let X, for j =1, ..., p be the eigenvalues associated to the AR(p) companion matrix A. Then, if:

‘max || <1 (418)
J=1...p

then the AR(p) model admits a stationarity solution.

Remark 501. Note that the eigenvalues of A solve the equation:
det(A—Xl,) =0.
This is characterised by the characteristic polynomial:
N —a APt — L —a,X=0.

Then if all the roots to this characteristic equation lie inside the unit circle, then the stability condition holds.

Alternatively, we can set v = % and write the characteristic polynomial as:
Y~y — . —ayyP =0.
Then, if all the roots to this characteristic equation lie outside the unit circle, then the stability condition holds.
We now show how we could have derived this using lag polynomials. First, write the lag operator:
Xe =01 Xe—1 +aoXeo+ ...+ apXe—p + €

to get:
Xe =1L X; +0ol®Xe 4+ ...+ oplPX;: + 6,

and re-arrange:

(1 -1l —asl? — ... —a,LP)X; = €.

Define the autoregressive polynomial:
a(l) = (1 —ail —asl®— ... —a,lLP).
Now, we have that invertibility holds if the roots to:
(1 -yl —asl? — ... —a,lLP)

are all greater than 1. This is equivalent to the eigenvalues of the companion matrix A being less than one. This
allows us to invert the autoregressive polynomial to get the moving average representation.

We can now state the moving average representation of the AR(p) model.
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Proposition 502 (Moving Average Representation of AR(p))
Let X; be the AR(p) model in companion form with the companion matrix A. Suppose that all the eigenvalues

of A has modulus strictly less than 1. Then, X; can be represented in the infinite moving average form:
Xe=> Arte (419)
j=0

where 7 = (1,0, ...,0)" isa p x 1 vector.

We can get the distribution for the AR(p) model as well.

Proposition 503 (Distribution of AR(p) Model)
Let X; be the AR(p) model in companion form. Suppose that X; admits a stationary solution so that it has the

infinite order representation:

Xe=> Are (420)
j=0
where 7= (1,0,...,0)7 is a p x 1 vector and €; ~ N(0, 02) are i.i.d. Then, the distribution of X; is given by:

Xt:ZAjTEtijN(O,ZX) (421)

J=0

whereby ¥ x = Var[X,] = Y72, Ata’TT (A)T.

12.14 ADL Models

So far, we have looked at models whereby the variables of interested Y; only depended on lag values of itself such as

the AR(p) model:

P
Y = Zoth_j + €¢.
j=1

We can now extend this case by now incorporating exogenous variables Z; in the system. We now define such a model.

Definition 504 (Autoregressive Distributed Lag Model)
An Autoregressive Distributed Lag model (ADL(p,r)) model is given by:

P r
Y: = ZOLJ'Y,FJ‘-I—Z,BJ'Zt,J‘—FIJ—FGt (422)
Jj=1 Jj=0

where Z; is an exogenous variable and p is a deterministic term.

Remark 505. Notice that this is similar to an AR(p) model except we now have an exogenous variable Z; as well. We

get back an AR(p) model from an ADL(p,r) model when we set 3; =0 for all j =0, ..., r.

We can estimate the parameters of the ADL(p,r) model via OLS. To interpret these ADL models, it is informative
to write them in equilibrium correct form.
We now motivate equilibrium correction forms. First, consider the ADL(1,1) model:

Yi=wZi+aYe 1 +BZi 1+ u+e (423)

225



whereby the series {Y;}ten and {Z;:}ien are stationary with long-run means E[Y;] = uy and E[Z;] = uz and
Ele:] = 0. If we shut down the noise process €;, then there is no noise in the system and in the long-run the system

will converge to its long run equilibrium, which we denote by:
Y=wZ+aY +BZ+u

which we can then rewrite whereby we use the fact that Y; and Z; will converge to their long run mean due to

stationarity of the series:
py = (w+B)uz + auy + u. (424)

Eq. (424) is the long equilibrium which our system Eq. (423) will converge to. Now, let us go back to Eq. (423):
Yi=wZi + Y1+ 821+ U+ €.

We now want to write this in equilibrium correction form. First, let us center Y; and Z; around their long-run

means uy and w7 by adding and subtracting uy and wu > from both sides:

Ye — by =wZe+aYe1+ 81+ p+ € — py twpz —whz
G (Ye—wy) =w(Ze —pz) + oY1 + B2+t € — py +wiz

Now add and subtract to the right hand side:

S Vi—py) =w(Ze —pz) QY1 +BZi1 F € — py +wpz + -
& (Ve —uy) =w(Ze —pz) FoYeer — iy) +BZe1 + 1+ € — oy +wpz +

Finally, add and subtract Bu> to the right hand side:

o Vi —py) =w(Ze —pz) +a(Yer — iy) +BZe 1+ + € — py +wpz + + Buz — Buz
o Ye—uy) =w(Ze —pz) +a(Vey — py) +B(Ze-1 — pz) + o+ € — py +wiz + +Buz

We now collect all the terms together and see we have:
(Ye —uy) =w(Zt —pz) + a(Vee1 — wy) +B(Zr-1 —pz) + [N —(1-a)uy +(w +5)MZ] + €

Now, if you look carefully, we have that nearly all the terms will have mean zero:

(Ve —uy) =w(Ze — pz) + a(Yee1 — by) +B(Ze—1 — pz) + {u — (1= a)uy + (w +[3)uz] + &
—— N—— —— ——— ~—~

Mean 0 Mean 0 Mean 0 Mean 0 Mean 0
(%)

We now want to argue that the term (*) will also have mean zero. Notice that (*) is exactly the long-run equilibrium

term Eq. (424) that we derived earlier but re-arranged:

py = (W+Buz +opy +u = 0= (w+PB)uz— (1 —a)uy + u.
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Hence, we can conclude that for the expression:

(Ve —by) =w(Zs —pz) +o(Yee1 —py) +B(Zeo1 —pz) + | — (1 — a)py + (W +B)uz | +er

()

that for the left hand side to equal zero, the term (*) must also equal zero as all other terms on the right hand side
equal zero!

Now, go back to long-run relationship term (*):
p—(1—auy +(w+pBuz=0
we can then solve for pu:
p=1-auy —(w+B)uz (425)

We can interpret Eq. (425) to be the long-run equilibrium relationship between the means wy and uz. That is, in
the long-run, the means of Y; and Z; must satisfy this equilibrium relationship. We again rewrite Eq. (425) as:

wth a ) (426)

1—aMZ_1—a

0:(1—01)(/14»/—

which is another way of saying what the long-run relationship between uy and pz is. We will soon see why Eq. (426)
is useful.

We can now finally write the equilibrium correction form of:
Y =wZ: + aYeq +[321_—_1 + U+ €.
First, subtract Y;_; from both sides and add and subtract wZ;_; on the right hand side to get:

Ye—Yia=wZi+ a1+ 0821 tute— Vi twlig —wli
VeV =w(Ze —Ze) (@ = 1)1 + (B w)Ze—1 + p+ €
S A =wAZ; — (1 —a)Yi1+(B+w)Zi1 +u+ e

where A = (1 — L) is the difference operator such that AY; =Y; — Yi_1 and AZ; = Z, — Z;_1. Now, rewrite it as:
S A =wAZ — (1 —a)Yem1 + (B w)Ze—1 + 1+ €

& AY; =wAZ, — (1—a) [Yt_l -

We now have the new expression for our ADL(1,1) model as:

Ayt = (,dAZt — (1 — a) |:Yt—1 —

But notice the term (*), it is actually Eq. (426) in the short-run! We compare the two expressions to make this
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more clear:

+w
{Ytl—(ﬁf V7, - F }
—a l1—«o
L wHB  u
Ky 1_aﬂz I—a

This expression is called the equilibrium correction mechanism.

Definition 506 (Equilibrium Correction Mechanism)

The equilibrium correction mechanism for the ADL(1,1) model is:

(B + w) u} (427)

€CMe—1 = |:Yt1 - —a Zig— ——|.

We therefore replace this expression into our ADL(1,1) model:

AY; =wAZ; — (1 —a)ecmy_1 + €;

If we look now at our ADL(1,1), we can see that the mean of each term is zero:

AY; =w AZ; —(1—a)ecmi1+ €
~~ —_— =~

Mean zero Mean zero Mean zero  Mean zero

We can now officially state the equilibrium correction form.

Definition 507 (Equilibrium Correction Form)

Let the ADL(1,1) model be:
Y =wZ: + aYeq +ﬁZt_1 + U+ €.

Then, the equilibrium correction form for the ADL(1,1) model is given by:

AY; = wAZ; — (1 — a)ecmi_1 + €; (428)
ecme_y = | Y1 — o +UJ)Zt—1 — (429)
l-a l-«a

where |af < 1.

We now show the nice interpretation that comes with equilibrium correction form. The general intuition is that
the model will adjust the process so that it tends to the long-run equilibrium. We look at two cases to illustrate this.
First, suppose that Y;_; is large relative to Z; 1. As a result, we see that the equilibrium correction mechanism
term Eq. (429) will be positive: ecm;_1 > 0. This then feeds into the equilibrium correction form equation Eq. (428)

via —(1—a)ecm;_; so that AY; will be adjusted downwards. This means that Y; is smaller as AY; = Y; —Y;_1. Hence,
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we can see that if Y;_1 is too big, then the equilibrium correction mechanism ecm;_1 will push next period Y; down in
order to bring it back in line with the long-run equilibrium.

Second, we do a similar exercise whereby we suppose Y;_1 is small relative to Z;_1. Then, the equilibrium correction
mechanism term Eq. (429) will be negative: ecm;_1 < 0. This then feeds into the equilibrium correction form equation
Eq. (428) via —(1—a)ecm;_1 so that AY; will be adjusted upwards. Therefore, if Y;_1 is too small, then the equilibrium

correction mechanism ecm;_1 will push Y; up in order to bring it back in line with the long-run equilibrium.

12.15 VAR Models

Recall that we have previously seen the AR(p) model:

p
Ye=p+ Z QiVe—i + €. (430)

i=1

We now wish to generalise this through the vector autoregressive model (VAR model).

Definition 508 (Vector Autoregressive Model)
A VAR(p) of dimension k can be written as:

Y: :u+i¢ﬂ’t—1+€t (431)
j=1
where:
L Y= Y1 ... Yeu)"
2. = (1, o i)
3. €= (€e1, o €eh)
4. ®;is a k x k matrix of coefficients.

Furthermore, €; ~ N (0, Q).

Remark 509. Notice that we have k variables and p lags.

Proposition 510 (Number of Conditional-Mean Parameters in VAR(p) Model)

The number of conditional-mean parameters in the VAR(p) model is k + pk2.

Proof. We have k parameters in the intercept term . Furthermore, we have k2 terms in the k x k matrix ®;. Then,
we have p of these matrices so we need p x k2. O

Remark 511. /fthe innovation covariance matrix is also counted, there are an additional k(k+1)/2 distinct parameters.

We have some interesting cases of the VAR(p) model.
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Proposition 512 (Special Cases of VAR)
The special cases of the VAR(p) model are:

1. VAR(1) iswhen p=1
2. AR(1) iswhenp=1and k=1

3. AR(p) is when k = 1.

We now want to be able to write the VAR(p) model in a VAR(1) form by writing it in its companion form.

Proposition 513 (Companion Form of VAR(p) Model)
A VAR(p) model can be written in its companion form as a VAR(1) by writing it as:

Xt =cCc+ AXt71 + u (432)

whereby the companion matrix A is a (kp x kp) matrix and is given by:

P Dy . Py D,
I, 0 .. 0 0
A=|0 I, .. 0 0 (433)
i 0 O Iy 0 |
and the vectors are:
-
X = (ytT Yttpﬂ) (kpx 1) (434)
-
u = (etT 0,.., 0) (kpx 1) (435)
T
= (;J, 0,.. o) (kp x 1) (436)
(437)

Remark 514. Notice that in X, each block Y, is a 1 x k row vector before the blocks are stacked and transposed.

We can state a similar condition for stationarity for the VAR(p) model as we did for the AR(p) model.

Proposition 515 (Stationarity for VAR(p) Model)

The VAR(p) possesses a stationary solution if all roots of the lag polynomial are outside the unit circle:

p
= ;7| =0 (438)
j=1

which only occurs for |z| > 1.

Equivalently, the VAR(p) possesses a stationary solution if all the eigenvalues of the companion matrix A lie
inside the unit circle.
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We can estimate a VAR(p) model's parameters by running ordinary least squares equation by equation on:

p
Yi=p+) oY +e.
j=1
Alternatively, if we assume normality of the error terms, this is equivalent to maximum likelihood conditional on the
initial values.

We can rewrite a VAR(1) with an intercept as a VAR(1) model without an intercept just like what we did for a
AR(p) model. Note that notation wise, we have switched back to Y; so don't think that this Y; is the VAR(p) model
without writing it in companion form, we just want to follow a similar notation to what we did for the AR(2) and
AR(p) model.

Proposition 516 (VAR(1) Model Without an Intercept)
The k-dimensional VAR(1) model with an intercept:

Yi=u+AY 1+ e (439)

can be written as a VAR(1) model without an intercept:

Xi=AX; 1+ € (440)
Y =Xt +uy (441)
py = (I —A)'p (442)

where wy is the long-run mean.

Proof. The proof is the same as the AR(p) model. First, subtract the vector py from both sides:
Ye —py =u+AY 1+ € —py.
Now, add and subtract Auy on the right-hand side:
Yi— by =p+AY 1+ € — py + Apy — Apy
and group terms to get:
Yo~y =AY —py) + {M+AH’Y uy} + €
Y=y =AYem1 —py) + [M — [k — A]/J'Y] + €;

So we have:
Ye =y =A(Yio1 — wy) + [p, — [l — A]#\/} + €

We then define our mean-zero process:
X:=Y: — uy

so that we have:
Xe=AX; 1 + [ﬂ' — [l — A]IJvY] +€r

()
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Finally, we set (*) equal to zero:

[ll' — [k — A]ILY] =0 & py=I[Lk-A"p

Hence, we end up with:
Xe=AXi_1+ €

which is a VAR(1) model without an intercept.

We can then get the limiting distribution of the VAR(1) model.

Proposition 517 (Limiting Distribution of VAR(1) Model Without Intercept)
Let X; be the k-dimensional VAR(1) model without an intercept:

X =AXi_1+ € (443)
Ye = Xt + py (444)
py =l —A) ' (445)
€+ ~ Nik(0, Q%) (446)

where wy is the long-run mean. Then, if X; admits a stationary solution, then X; has the limiting distribution:

D+ =
XelXo = X7 = Aerj ~ Ni(0,%x) (447)
j=0
whereby the moments are:
E[X;]=0

Tx =3 QLA

J=0

Correspondingly, the limiting distribution of Y; is Nx(py, Xx).

Proposition 518 (Stationarity from Stability)

Suppose that y; is a stable AR(p) process. Furthermore, suppose that the mean of the AR process does not change
over time, the error term u; has time-invariant variance o2, and it's first and second moments are bounded. Then,
the AR process y; is stationary.

Remark 519. Do not mix up stability and stationarity!
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Definition 520 (I(d) Process)
A stationary process is a I(0) process. For d € N, a stochastic process y; is called /(d) if A9y, = z is a stationary

process with infinite-order moving average representation:
o0
ze =y Oty = 0(L)u; (448)
j=0
where the MA coefficients satisfy the conditions:
1. Zj’io_/|9_/| < o0
2.0(1)=37%,6#0

3. u; is a white noise process.

Definition 521 (Wold Representation Theorem)

Every K-dimensional non-deterministic zero mean stationary process y; has an moving average representation:
o0
ye=>) P (449)
i=0

where @y = I and the coefficient matrices are square summable.

Let the K time series variable y; = (y1¢, ...,th)T be decomposed as:
Ye = Wt + Xt (450)

where p; is a deterministic part and x; Is a stochastic process with mean zero.

Ely:] = p:.

Definition 522 (VAR(p) Model)
The stochastic process x; is a linear VAR process of order p if it is of the form:
Xe = ArXe—1+ ... + ApXe—p + Ut (451)
where x; = (x1, ..., xx¢) | isa (K x1) random vector, A; are K x K coefficient matrices, and u; = (u1¢, ..., Uke) "

is a K-dimensional zero-mean white noise process with covariance matrix E[u;u]] = ¥, such that u; ~ (0, Z,).

Remark 523. We can relax the assumption of i.i.d errors u; by requiring them to form a martingale difference sequence

instead.

We can define the matrix polynomial in the lag operator:

A(L) =l — AL — ... — A,LP
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This allows us to rewrite the VAR(p) model:

Xt = A1Xe—1 + ... + ApXe—p + Uz

Xt — A1Xt71 — ... Apxt,p = Ut
<~ /k_AlL_...—Apr Xt = Ut
Therefore, we have the expression:
A(L)Xt == ut (452)

whereby A(L) = Ix — AjL — ... — ApLP.

Recall that we were looking at the decomposition:
Y= Wt + X

Therefore, y; inherits the stochastic properties of x; after accounting for the deterministic component. In particular,

stationarity of y; requires p; to be constant. To see the algebra more formally, let us multiply this expression by A(L):

Ye = Bt + Xt
< A(L)y: = A(L)pt + A(L)x;
< A(L)y: = A(L)pt + uy

<~ /k_AlL—...—Apr yt:A(L)’Lt“rut

Sy =AlL)pe + Ay + .+ ApYep U

This is called a reduced form as all the variables on the right hand side are lagged.

Definition 524 (Multivariate Stability Condition)
Let yr = ¢ + x¢. Define the lag-operator associated to x; as A(L) = /x — AL — ... — A,LP. Then, the process
y: is stable if the stochastic process x; is stable, which holds when all the roots of the characteristic polynomial

are outside the complex unit circle:
det(A(z)) = det(lx — A1z — ... — ApzP) #0 (453)

for all |z| < 1.

Proposition 525 (Stationarity of Multivariate Process)
Let y; = u + x¢, where u is constant. If x; is stable and has white-noise innovations with finite variance, then y;

is covariance stationary.
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Definition 526 (Jordan Canonical Form)
Let A be a m x m matrix with eigenvalues X1, ..., A,. Then, there exists a non-singular matrix P such that:

/\1 0
A=P|.. .. .. |Pt=PAP (454)
0 A,
where: _ _
;i1 0
0O X 1 ..
AN=|... . . (455)
1
Wy

For any matrix A, we can decompose it into its Jordan canonical form. The following result is why we care about

Proposition 527 (Convergence of a Matrix with Eigenvalues Inside the Unit Circle)
Suppose that A is a m x m matrix with eigenvalues Aq, ..., A, which all have modulus less than 1, |A\;| < 1 for
i=1,...,n. Then

A =0 (456)

as j — oo.

Proof. First, we can write A into its Jordan canonical form:
A= PAP L.

This then implies that:
A = (PAP~ 'Y = PNP .
Write each Jordan block as A; = X\;l + N;, where N; is nilpotent of order r;. Then
. il .
N = ; (é) NING.

For every fixed g, the polynomial term ({7) is dominated by the geometric decay of |\;~9. Thus every Jordan block

converges to zero, so N — 0 and hence A/ — 0.
O

12.15.1 Granger Causality

A variable y»; is called Granger causal for y;; if the information in the past and present values of y»: helps reduce the

expectation of the squared prediction error for y+.
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Definition 528 (Granger Causality)
Let Q; be the information set containing all information relevant to predicting y;. Denote the optimal h-step
prediction of y;; at origin t based on the information set in €2; by y; +ynq and the corresponding mean-squared

prediction error by afl(h|Qt). Then the process y»; is said to Granger cause y;; if:
J§I(h|Qt) < Uﬁl(h\Qt \ {yasls < t}) (457)

for at least one h € {1,2,...} where Q¢ \ {)2s|s < t} denotes the set of all relevant information in the universe

apart from the past and present information about the y»; process.

vor Granger causes y;: if yi; can be predicted with a lower mean squared error by taking into the account of the
information in y»s for s < t.
We describe how to test Granger causality in a VAR(p) process.

Vit _ 141 +Zp: i, a2, (Yit—i
Yot V2 =1 921 a22,i| |V2,t-i
Then, y»: does not Granger cause yi¢ if and only if a1, =0 for i =1,2,..., p. We can test this using Wald tests.

There are a few issues with Granger causality. First, y»; may Granger cause yi; if ys¢ is present but not Granger

Uit

+ (458)

Uzt

cause if y3; is not present. Another issue of Granger causality is that it does not look at the instantaneous relationships

of the variables.

We can also decide how many lags to include in our VAR model.

Definition 529 (Information Criterion)

The information criterion has the form:

C(m) = log(det(Eu(m))) + cré(m) (459)
where m is the candidate lag order, ¢(m) is a function of order m that penalizes large larger orders, cr is a
sequence of weights, and iu(m) = T2 Z;l ﬁtﬁtT is the residual covariance matrix estimator for a reduced-form

VAR model of order m.

We are choosing the number of lags m that the VAR(m) model should have. Since we have mK lagged regressor in
each equation and K (variables) equations in the VAR model, the total number of regressors (and hence parameters)
is: ¢(m) = mK? If we include an intercept, this then becomes: ¢(m) = mK? + K.

AIC is not a consistent estimator of the lag length, whereas BIC and HQC (Hannan—Quinn) are consistent.
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12.16 Misspecification Testing in Time Series
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12.17 Unit Root Testing

So far, we have looked at models where the coefficient |a| < 1. We now are interested in the case to see what happens

when a = 1. We shall soon see that under such a situation, we require new asymptotic results.

Definition 530 (Unit Root)
We say that the process:
Yi=aYi1+e (460)

possesses a unit root if oo = 1.

Recall that previously, through back-substitution, we could write:

Yi=aYi1+é€
as the sum of error terms:
t—1
Yo=Y aer +at¥
j=0

where Yj is the initial value of the series. Now, if we have that o = 1, this then becomes:
t—1
Ye=) €yt Yo (461)
j=0

The reason why this is significant is stated in the next proposition.

Proposition 531 (Unit Roots Processes are Not Weakly Stationary)

An AR(1) series that possesses a unit root is not weakly stationary.

Proof. Write the AR(1) model as:
t-1
Y=Y et
j=0

Now compute the variance:
t—1

VarlYy] = Var[z €r_j] + Var[Yp] = 0%t + Var[Yo]
j=0
We can see that the variance now depends on the time index t. Therefore, it is not weakly stationary. O

This result is in fact more general whereby any process with a unit root is not weakly stationary. An issue is
that when we construct OLS estimates, we usually require the time series process to be stationary, but now with a
nonstationary process, this may produce invalid OLS estimates. We can also show that we have issues with doing
inference and hypothesis testing.

Suppose we had the AR(1) model:

Yi=aYi_1 + €

where €; is i.i.d with E[e;] = 0 and Var[e;] = 2. We then recall that by the law of large numbers for AR(1):

P o
—
t=1 o
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and by the central limit theorem for AR(1):

T o 0_4
T71/2 Z \/15,1615 — N(O, 1_) .

Ol2
t=1

Now, if we were interested in testing &, we can construct the test statistic:

T-1/2 Tf 2 1 4
\/T(d—a) = 712971 f216f 2 /\/(0, 1fa2> = N(0,1—a?).
Ty Y T

—a?

This derivation assumes |a| < 1, so we cannot obtain the unit-root limit by substituting o = 1 into the stationary
formula. At the boundary, the numerator and denominator have different stochastic orders: & — 1 converges at rate
T, rather than v/T, and has a non-Gaussian limiting distribution. We derive that distribution below.

We now will need to introduce some new terms in order to show what our new limiting distribution will be in the

presence of unit roots.

Definition 532 (Random Walk)

A random walk is defined as: .
Yi=) e (462)
s=1

where € is i.i.d with Ele;] = 0 and E[¢?] = 02.

Remark 533. Another name for 3.'_, €. is a stochastic trend.

To see why this is called a random walk, notice that if we difference this:

t t—1
Y — Y1 = E €s — E €5 = €t
s=1 s=1

which is an independent random variable of previous terms. Hence, where the name random walk comes from.

We also introduce another tool that will be quite useful for us.

Definition 534 (Brownian Motion)

A Brownian motion (B,),e0,1] is characterized by:
1. Bp=0
2. it has independent increments
3. B—Bs ~N(0,t—s)for0<s<t<1

4. u— B, is continuous (continuous sample paths).

With this, we can state some new asymptotic results that will be quite useful.
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Proposition 535 (AR(1) with Unit Root Asymptotic Results)
Suppose that Y; = Y;_1 + € with i.i.d €; with E[e;] = 0 and E[e?] = 02. Then,

T 1
1
=2 Y 2, 02/0 B2du (463)
t=1
1 & 4 1
7Y Ve &0 [ BudB, = 5(8F - 1) (464)
t=1
1 T
=y &0 (465)
t=1

where (By)ue[o,1) is @ Brownian motion.

We will use these results to help us find the limiting distribution of test statistics under the null hypothesis of a
unit root. In particular, we want to find the limiting distribution of:

T(@-1). (466)

Theorem 536 (Limiting Distribution of Test Statistic Under Unit Root)

The limiting distribution of the test statistic under an unit root is:

o, 1 B,dB,

T@a-1 .
( ) fol B2du

(467)

Proof. We have that:

T@G-1)=Th
%ZZ—:l Yi-1€t 2> o? fol B,dB, o fol B,dB,

WLYT Ve, o2 flBdu [IB2du

where =) uses the formula of the least squares estimator. Furthermore, the numerator uses Eq. (464) and the
denominator uses Eq. (463). O

Remark 537. Notice that the scaling factor is now T rather than \/T. As a result, we say that & is super-consistent

in the presence of a unit root.

We now discuss how we test for a unit root Hy : v =1

Y = aYi—1 + €.
Notice that is equivalent to testing: Hg : m = 0 in:

AY; =7Yi1 + €

asm=o— 1.

We now state an important distribution that will come up in our testing.
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Definition 538 (Dickey-Fuller Distribution)
The Dickey Fuller distribution is given by:
1
B.,dB
_ _Jo BudBu_ (468)
(Jo Badu)*/?
where B, is Brownian motion.
We can now state the distribution of our test.
Proposition 539 (Distribution of Test Statistic for Unit Root Testing)
Let Y; be an AR(1) process. Suppose we are testing Ho : m = 0 in:
AY; =7Ye1 + €
Then, the limiting distribution of the test statistic is:
Znoo = 2 B DF (469)
0%
where DF is the Dickey-Fuller distribution.
Proof. First, write out:
T
Z7r=0 - =
O#
_ Zthl Yi-1€t
Y YRG0 YR )T
_ Y Viaer
(ZL Yt2—1)1/2 Y
_ %Etll Yio1€¢ 2N o’ fol B,dB, fol B,dB,
- T ~ 1 =
T eV 6 0%([y B2du)?2 ( [y B2du)l/?
thatis & — 0. O

We are testing:
Ho:m=0 vs H;:me(=2,0)

whereby we reject if Z,—q falls below the 5% quantile of the DF distribution. That is, we reject for small values of the

test statistic: . .
T T—m
Zﬂ:O:A—:( — ) under Hg : m = 0.
O# O#%

This is a one-sided test whereby we only reject for small values of the test statistic. That is, it is a left hand side test.

12.17.1 Deterministic Terms

We have derived the distribution under the null hypothesis of a unit root in the absence of deterministic terms. We

now want to see the effects including a constant term and a trend term.
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First suppose that we suspect that an intercept is relevant (usually in the case when we think the mean of Y; is
non-zero). That is, the model is:
Ye=aYi1+ lc + €t

with the unit-root null hypothesis:
Hy:a=1,

where uc is included as an unrestricted nuisance parameter.

Under Hg, we end up with a random walk:
Ye = Yio1 + be + €t

If we # 0, this is a random walk with drift and its recursive formulation contains a deterministic linear trend:

t
Ye=Yo+ D e+ pct

s=1

where uct is a deterministic trend.

We can represent this model with an intercept in a different manner:

Ye=0aYi1+ lc + €t
Ve —=Yir=aYe 1 — Y1+ le + €
< Ay = (= 1)Yio1 + phe + €t

Then, the unit root hypothesis becomes:
Hy:a=1 & Hyg:m=0,

with ¢ unrestricted. Under this null, we get:
AY; = pec + €

and therefore solving for the level process gives:

t
Ye=Yo+ ket + > €

s=1

The limiting distribution of the t-statistic is different from the no-intercept case:
Zr_o 2 DF¢

where DF¢ is a different distribution to the ordinary Dickey Fuller distribution we saw before.
We could separately test the joint hypothesis Hy : m = e = 0 using a likelihood-ratio test statistic:

LRy—p.—0 = DF?

where DFéZ) is another different distribution.

We now look at a different case where we now include a trend in our model:

AY:y = Ye1 + phe + it + €
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with the null hypothesis:
HO L= O,

where we and u; are included as unrestricted nuisance parameters for the Dickey—Fuller t-test.

The limiting distribution of the t-statistic based on the least squares estimator is:
D
Znco 2 DFcy

where DFcy; is the Dickey—Fuller distribution appropriate when a constant and linear trend are included. We could
also test the joint hypothesis Hp : m = w; = 0, with . unrestricted, using a likelihood-ratio test statistic:
D
LRW:M/:O — DF(.('Q-&}/

where again DFéi), is a different distribution.
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12.18 Cointegration

12.18.1 Beveridge-Nelson Decomposition

Suppose that we have an AR(p) process:
Ye=oayr-1+ ...+ QpYr—p t Er.
We can rewrite this using lag operators:

Ye=oaYr-1+ ...+ apYe—pt+ €

Y —QiYi—1 — ... — QpYr—p = €¢
o yi(l—al — ... —oplP) =€
Define the autoregressive polynomial:
a(l) =(1—ail —asl®— ... —a,lLP).

Now, we have that invertibility holds if the roots to:
(1 -yl —asl?®— ... —a,lP)
are all greater than 1. We can rewrite this as:
(1 -yl —asl? — ... —a,lP) = (1—=XL)..(1 = N\,L)

where )\, are the reciprocals of the roots to the polynomial. A unit root is when a root )\i equals one.

Definition 540 (Integrated of Order d)
A univariate process with d unit roots is called integrated of order d I(d).

If a process has a single unit root, then the process is [(1). Then, we can construct a stable process by taking first
differences of the original process:
Ayi =Yt — Ye-1.

If a process is I(d), it can be made stable by differencing d times:

Ad)/t =(1- L)d)/t-

Definition 541 (I(1) Process)

A process y; is an (1) process if
Ayr = wy

where w; is a stationary process with infinite MA representation:

00
Wy = E ert,j.
J=0

A unit root process is an autoregression with a single root at unity. This means that the differenced process AY;
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is serially correlated but stationary. The Beveridge Nelson decomposition is a way to decompose a unit process into a
permanent (random walk) component and a transitory (stationary) component.
If AY; is stationary, then by the Wold representation theorem, it has the form:

AY: = b(L)e; (470)
where -
b(L)=> b,
j=0
The lag polynomial can be generalised as:
[ee]
b(z) = Z b7
j=0
Note that:

b1 =3 b,
j=0

To proceed, we need to show a useful property of lag polynomials.

Proposition 542 (Factorisation of Lag Polynomial)
The lag polynomial b(z) can be factorised as:
b(z) = b(1) + (1 — 2)b*(2) (471)

where b(1) = Y2, b; and b*(z) is the lag polynomial:

b*(z) = Z bj‘zj
j=0

G==5,5

I=j+1

Proof. To show this, we work from the right hand side and show that it equals the left hand side:

b(z) = b(1) + (1 — 2)b*(2).
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Therefore, we have that:

b(1) + (1= 2)b"(2) = _ b Z Z bz (1 — z)

8

Jj=0 Jj=0 I=j+1

= i b — i b/ZJ + Z Z b/ZJ+1
j=0 J=0 J=0 I=j+1

= ij Z Z Z bz + Z Z by tt
Jj=0 Jj=1 Jj=1 —J+1 Jj=0 I=j+1

= bo—z Z b,zf+ZZb,zf
=1 I=j

j=1 I=j+1
= bo + Z ijj
j=1
= Z bz’
J=0
= b(z2).

Now going back to our original problem, we had the stationary AY; in a Wold representation:
AY; = b(L)e;

We can apply our factorisation to b(L) and this gives us the Beveridge—Nelson decomposition.

Theorem 543 (Beveridge—Nelson Decomposition)

Let Y; be a unit root process. Then, the Beveridge—Nelson decomposition is given by:
Yi=S5S:+Ur+ W (472)

where S; = Zle &; is a random walk, whereby &, is a white noise process, U; is a strictly stationary process, and

Vo is an initial condition.

Proof.
AY;: = b(L)e.

We then apply our factorisation to b(L) = b(1) 4+ (1 — L)b*(L) to get:

AY; = <b(1) +(1- L)b*(L)>et

= b(1)er + (1 — L)b*(L)es
= b(1)e: + —b*(L)er—1
=6+ U= Ui

where &; is the permanent innovation:
& = b(l)ft
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and Uy, Us_1 is strictly stationary under assumptions of square-summability of bf. We then sum both sides and use
telescoping sums:

t t t
D=V = &+ (U Ui
i=1 i=1 i=1

t
GYi=Yo=> &+U—Uo
i=1

t
V= &+ U+Yo— U
i=1

Eyt:5t+ut+\/0

where we defined:

t
St = Zgl
i=1
Ut = b*(L)Et
Vo=Yo—Uo

If we look at:
\/t = St+Ut+V0

we have that S; is the permanent (trend) component of Y; as it determines the long-run behaviour of Y; and U; is
the transitory component.

12.18.2 Cointegration

We may suspect that there are equilibrium relationships between economic variables. Let us collect k variables into:

Vit

Ye =

YKt

Suppose that the K variables have that their long-run equilibrium relation is:
B'y: =Biyie+ ...+ Bryke =0
where B = (81, ..., Bk)". However, in any given period, they may instead be at the deviation from the long-run level:
ﬁT.Vt =Zt

where z; measures the deviation from equilibrium. However, it may be the case that all the variables are driven by a
common stochastic trend so that all the variables in y; are I(1). However, it may be the case that there exists a
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linear combination:
—_ AT
zz=0"y;

such that z is 1(0). Then we say that y; ~ C/(1,1) whereby the vector B is called a cointegrating/cointegration

vector and y; is called a cointegrated process.

Definition 544 (Cointegrated of Order 1)
A set of I(1) time series variables y; is cointegrated if there exists a linear combination B y; of these variables
such that:

ﬁT.Vt (473)

is 1(0). B is called the cointegrated vector.

Remark 545. Another different definition of cointegration is that a K-dimensional process y; is integrated of order d,
y: ~ 1(d) if A%, is stable and A9y, is not stable.

Example 546
Suppose that y; ~ /(1) and z ~ /(1) and
QJ/t - 3Zt () I(O)

Then (y;, z) is cointegrated with cointegration vector 8 = (2, —3).

We now give a motivation of error correction models and see their relationship to cointegration. In error correction
models, changes in a variable depends on the deviations from some equilibrium relationship. We now show an example

of how does cointegration and ECM relate to each other.
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Example 547
(Basic ECM Cointegration). Suppose that yi3: and y»: is the price of the same good in two different markets.
Suppose that the equilibrium relationship between the two variables are y1; = B1y»:. By the error correction

model, the change in the level of y;; and y»; depends on the deviations from this equilibrium in the period t — 1:

Ayre = o1(V1,t-1 — Biyoe—1) + Uit
Dysre = oo(Y1,t-1 — Byo,e—1) + Uzt

To further extend upon this, suppose that Ay;; also depends on previous changes in both variables too:

Ayie = o1(V1,e-1 — Biya,e—1) + M11,18Y1 -1 + V12,180 11 + Use
Dysre = oo(Y1,t-1 — Biya,e—1) + Yo1,18)1t—1 + Yo2,180 11 + Ut

Now, suppose that yi; and y»; are I(1) variables and u;; are white noise errors (therefore they are stable). We
have that every term except for the first term on the right hand side is a stable process. We re-arrange for this

term:

al(yl,tfl —51)/2,t—1) = Ay1t — Y11.18Y1,6-1 — Y12,1D)0,0—1 — U1t
ax(y1,t-1 — Bryet-1) = Dyar — Yo1,18y1,6-1 — V22,1806 -1 — Uzt
For the right-hand side to be stable, it must be the case that the left-hand side y; +—1 — B1y2,+—1 is also stable,

assuming that a; # 0 and a» # 0. However, by definition, this is cointegration! Therefore, we see that the error

correction mechanism is also the source of the cointegration.

12.18.3 Cointegration for VAR(2)

We now generalise our example to a VAR(2) model.
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Example 548
(ECMT Cointegration with VAR(2)). We take the same price example from before:

Ay1e = o1(V1,e-1 — Biyo,e—1) + M118V1e-1 + V12,180 11 + Ut
Aysre = oo(Y1,t-1 — Biya,t—1) + Yo1,18V1,t—1 + Yo2,180 11 + Ut

Now, we rewrite this in terms of vectors and matrices:
Yt = Yi-1 = aﬁTYt—l +M1(Ye—1 — Ye2) + Uy

whereby

a

[ou] =1 -m] n= lfm,l 712‘11 |

0%] Y211 Y221

We then re-arrange to get:
ye=aB ye 1+ Ye1+ Tyt — Tiyeo + u
Now, we notice that we now have a VAR(2) representation:
ye=Uxk+T1+aB )y —Tiyeo+u;

Hence, as we have shown that our cointegrated system can be written as a VAR(2) model.

We have shown how to go from cointegration to VAR(2). We now want to do the reverse.

Let us generalise the coefficient matrices in order to tie this to unit roots. Suppose we had the VAR(2) process:
Ye = A1y 1t Aoyr o+ Uy
where y; is a K-dimensional vector now. Rewrite this using lag operator:
(Ix — AL — AsL?)y; = uy
Suppose that the process is unstable whereby the autoregressive polynomial:
det(lx — AL — AyL?) = (1 — AL)...(1 = X,L)
has at least one root being equal to one. Elaborating on this, recall that to find a given root j, we use:
1-XA\L=0 <+ L= L
L= N
Meanwhile, all other roots are outside the unit circle. Since we have a unit root, this implies that:

det(lx — AL — Ayl?) = (1 —XL)...(1—=X\,L) =0

and therefore the matrix:
M=A; +A, — I

is singular as it has a determinant of 0. Suppose that the rank(M) = r < K. Then we can decompose this matrix:

N=ag’



where a and B are (K x r) matrices. As we assumed (1) variables, we can difference the VAR(2):

Yyt = Aryr-1+ Aoyro + Ut

S Yr—Yi-1 = Ay 1t Aoy o+ U — Y

G Ye— Y1 = Aty HAoyr o + U — Y1 + Aoyro1 — Aoy
S Ye—Ye1= (A + A= Ik)ye1 — Ao(Ye1 — Yr2) + Ut
Y~ Y1 = (At + A — Ik)yr-1 — AAyr 1 + g

< Ay =Ny 1 + M1y 1+ uy

where we defined ' = —A, and M = A; + A> — Ix. We re-arrange to get:
Ay —T1Ay; 1 —up = My,

As all the terms on the left-hand side are stationary, this implies that My;_; = B y,_1 is also stationary. Furthermore,
T.

stationarity holds when you multiply by (a’a) 'a
(aTa)_laTaﬁTYt—l ZﬁTthl

so then this implies that BT y,_; is also stationary. But this is the definition of a cointegrating relationship again!

12.18.4 Cointegration for VAR(p)

We now look at the K-dimensional case. Suppose that we have the K-dimensional VAR(p) process:
Ye =AYi1+ ...+ Apyep + U (474)

where each variable is either (1) or 1(0).

Definition 549 (Cointegration of VAR(p))
Let y; be a K-dimensional VAR(p) process:

Ye=A1Yio1+ ...+ Apyi—p + U (475)
Then, y; is called cointegrated of rank r if
N=—-(lk—A—...—Ap) (476)
has rank r. Then, the matrix Il can be written as:
N=ap’ (477)

where a and B are (K x r) matrices with rank r, so 87 is (r x K). The columns of B are called the cointegrating

vectors and a is called the loading matrix.

Remark 550. Notice the two special cases where r = 0 and r = K. When r = 0, then Ay; has a stable VAR(p-1)
representation. When r = K, then det(—M) # 0 and hence the VAR(p) has no unit roots so that y, is a stable
VAR(p) process.

251



Given our VAR(p) model:
ye=Awyr-1+ ...+ ApYrp+ U

we can write this VAR into a vector error correction form.

Definition 551 (Vector Error Correction Model)

Let y; be a VAR(p) process. Then, the associated vector error correction model for y; is:
Ay =Ny +T1AY 1+ o+ T 1A py1 + Ut (478)
where

N=—-(lk—A—..—A))
Mi=—(Ag1+.... +Ap)

fori=1,...,p—1.

Remark 552. Notice that due to the decomposition of I, we could have written the VECM as:
Aye=aB ye 1 +T1AYe 1+ o+ Tp 1 Aye pi1 + Uy
We have shown how to go from a VAR(p) to a VECM. We can go in reverse too. Suppose we are given a VECM:

Ayr =My +T1AYy 1+ o+ T 1Ay p1 + Uy
N=—-—A1—..—Ap)
MN=—(Ag1+....+A)

we can also retrieve the VAR(p) form by setting:

A1:|_|—|—IK+|-1
A=I-T_ fori=2..p—1
Ay =Ty

which gives us back the VAR(p) model:
Ye=Ayr-1+ ...+ ApYip+ U

Linear Algebra Review

We collect some results from linear algebra.

Definition 553 (Orthogonal Complement)
If U is a subset of vector space V, then the orthogonal complement of U, denoted U/, is the set of all vectors
in V that are orthogonal to every vector in U:

U ={veV:v-u=0 forevery uecU}. (479)
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Proposition 554 (Direct Sum)

Suppose U is a finite-dimensional subspace of the vector space V. Then
V=Uuu. (480)

where U, is the orthogonal complement to U.

This result is important as this means that for any vector v € V/, we can decompose it into the sum of a vector in

U and in a vector in U, .

Proposition 555 (Dimension of the Orthogonal Complement)

Suppose V is finite-dimensional and U is a subspace of V. Then

dimU, =dimV —dim U. (481)

Example 556

Let the vector space be V. = RR>. Then, suppose we have the matrix:

>

|
O W N O
w o o~ o

We can then define the subset W C V as:
W={ueV:Ax=uxcR?}.
Notice that A has a column rank of 2. Now, we can define the orthogonal complement as:
W, ={veV:iu-v=0ueW}.

Alternatively, we can construct an orthogonal matrix A:

[0 -3 —5
-6 -9 -3
A=|1 0 o0
0 1 0
0 0 1|

Here, we have that:
W, ={veV:Ay=v,y e R%}.

Notice that every column in A is orthogonal to every column in A.

We now summarise this section of linear algebra. Let X be a m x n matrix whereby m > n. Then, we denote X

as the orthogonal complement of the m x n matrix with rank(X) = n. Then, X, is a (m x (m — n)) matrix with
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rank(X1) = m — n. Furthermore, this matrix is orthogonal:

XX, =0.

12.18.5 Granger Representation Theorem

We now give another representation of a cointegrated system y;. To do so, we need two assumptions.

Assumption 557 (Granger Representation)

Let y; be a cointegrated vector autoregressive model.

1. The characteristic polynomial of y; has stationary and unit roots only.

2. The number of unit roots equal K — r.

Definition 558 (Cointegrating Rank)
Let I be the matrix associated to the VECM of y;. Then y; has cointegrating rank r if:

N=ap" (482)

where a, B € RK*".

Theorem 559 (Granger VECM Representation Theorem)
Let y: be a K-dimensional cointegrated (1) process with cointegrating rank r where 0 < r < K. Furthermore,
assume that y; has the vector error correction model representation:

Ay =Ny +T1AY 1+ o+ T 1AV py1 + Ut (483)
Then, the Granger representation is given by:
t
ye=CY ui+C(L)u+y5 (484)
i=1

where

p—1 —1
C=8. [ai (IK -3 n)m} al

i=1

C € RX*K has rank K — r, and

C*(Luy =Y Cru;
Jj=0

is an 1(0) process with Cj‘ is a coefficient matrix and yg contains the initial values. Furthermore, it follows that y;

is a cointegrated (1) process with cointegrating vectors 8. Finally, we have that:
B'C=0 Ca=0

where (a,3) has dimensions K x r and the orthogonal complements (e, 1) has dimensions K x (K — r).
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Proof. (Sketch). The matrix:

p—1
al (IK -3 ri)ﬁL

=1
isa (K —r)x (K —r) matrix and hence for this matrix to be invertible, it must be full rank K - r. This then implies
that C has rank K — r. The number of unit roots is exactly K — r as a result of this too. O

Remark 560. The Granger representation theorem is a multivariate version of the Beveridge-Nelson decomposition.
Here, y; is decomposed into I(1) and 1(0) components. In particular, the process y; is driven by K —r I(1) components
and r 1(0) components.

The first term:

t
C'EE:IH
i=1

consists of K random walks ZLI u; being multiplied by a matrix with rank K — r, denoted by C. This means that
there are in fact K — r stochastic trends driving the system.
The second term:

C*(L)Ut = Z Cfut,j
Jj=0

is an 1(0) component where C; is a coefficient matrix similar to that seen in the Beveridge-Nelson decomposition.

The expression for this coefficient matrix is complicated and not needed.

This representation has some interesting properties. First, if we multiply the matrix by the cointegrating vector 3,

we eliminate the random walk and we get:
t
yve=CY u+C(Lu+y
i=1

t
B'y:=B"CY u+B"C(L)u+B"y;

i=1

p—1 -1 t
By.=B" l:ﬁL {0{ (IK -3 ri)ﬁL] Olﬂ Y u+B"C(Lu+B"y;

i=1 i=1
BTy =B"C*(L)u: +B"y;

and since C*(L)u; is an 1(0) process, we are left with an 1(0) process once we premultiply y; by B7.
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13 Panel Data

We now look at panel data, which comprises both of a cross-sectional and time-series variation. Panel data is quite
useful because if we had omitted time-invariant variables (i.e. omitted variables that do not change over time), then
we can overcome this omitted variable problem by allowing for individual-specific intercepts which will control for these
omitted variables. That is, the intercept will absorb the omitted variable error. We will be looking small T panel

datasets and taking number of cross-sectional observations n — oo when we do asymptotics.

13.1 Two-Way Error Components Model

We will test and impose restrictions on our panel dataset that require some of the estimated parameters to be common
to all the observation units. These restrictions are known as pooling restrictions, and estimators which impose these
restrictions are known as pooled estimators.

We will have three different types of variables.

1. Observations that vary both across individual observation unit i and over time t. An example of this could be
someone's wage over their lifetime. Each person will have a different wage, and for a given person, their wage
will vary over the course of their lifetime.

2. Observations that vary across individual observations i but not over time. An example of this could be someone'’s
name or gender whereby different people will have different names but for that person, their name or gender will

remain the same throughout the course of their life.

3. Observations that vary across time t but not individual observations. An example of this could be the interest
rate on government bonds that individuals can save in. Everyone has access to the same interest rate, so this

does not vary across individuals. However, the interest rate on government bonds does vary over time.

As we have three different types of variables, we can also define three different types of errors associated to these
three different variables.

Definition 561 (Panel Data Explanatory Variables and Errors) 1. x;;: Explanatory variables that vary over in-

dividuals and time.
2. w;: Explanatory variables that vary over individuals.

3. s;: Explanatory variables that vary over time.
The associated error terms are:

1. vj; for variables that vary over individuals and time,
2. m; for variables that vary over individuals,

3. f; for variables that vary over time.

Remark 562. The best way to memorise this is to look at the subscript of the variable. If the variable has both i for
individual and t for time, so in this x;:, then it is a variable that is varying across time and individuals.

If the variable only has the t subscript, such as s;, then we automatically know it must be the explanatory variable
that is varying over time but is the same across individuals.

We can now state the linear model involving these variables.
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Definition 563 (Two-Way Error Components Model)

The two-way error components model is:

Vit = XitB + wiy +5:0 + (Vie +mi + ;). (485)

Remark 564. |t is called two-way error even though we have three error terms!

Remark 565. As we will later see, we have not said anything about m which is known as the unobserved heterogeneity
between individuals. In particular, we have not said anything about its correlation with X;. This is quite important and

will lead to assumptions known as fixed and random effects later on.

13.1.1 Time Dummies

Before we proceed, we will now show how to deal with the time variable s; and associated error term f; in the two-way
error components model quite easily. The idea is that if we include T dummy variables, which acts as an intercept, we
can absorb the effect of these time-varying variables into these T different intercepts. We now formally show this.

First, start off with the two-way error components model:
Yit = XitB + Wiy + 5¢0 + (Vie +mi + ).
Now, we want to combine the time-varying explanatory variable s; and the time-varying error component f; as:
Or = 5:0 + f¢. (486)
We can then substitute this into the two-way error components model to get:
Vit = XitB + wiry + (5¢0 + ) + (vie + mi).

which then becomes:
Yit = XitB 4+ wiy + d¢ + (Vie + ).

Therefore, we can absorb this into the error term and we now have the new equation:
Vit = XitB + wiry + (Vie + i + ¢¢). (487)

We now define time dummy variables.

Definition 566 (Time Dummies)

Time dummy variables are dummy variables which indicate which period of time we are in:

) 1 for observations in period j
D, = (488)

0 otherwise.

foryj=1,...,T.

Therefore, we can take our equation:

Yit = XitB + wiry + (Vie + i + ¢¢).
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and notice that
D?d)t = d)t |f S = t

Therefore, we can therefore rewrite our earlier equation as:
Yie = XitB + wiy + $1D7 + $2D07 + ... + ¢7D] + (vie + mi).

We do not have an intercept in x;; and therefore we do not suffer from a dummy variable trap when we include
these T dummy variables. This equation has period-specific intercepts whereby for each period s, we will have a

different intercept. This intercept will then absorb the error term f;. This equation has a special name.

Definition 567 (One-way Error Components Model)

The one-way error components model is given by:

.
Yie = XitB+ wiy + > ¢sDF + (vie + ) (489)

s=1

where x;: is a 1 x K vector, B is a K x 1 vector, w; is a 1 X G vector and y is a G x 1 vector.

With the one-way error components model, we can estimate the T parameters (¢1, ..., ¢7) alongside the original
B and 4 vectors. With small T panels, losing identification of the § parameter associated to the time varying variable
S¢ is not a concern. We also say that this model is saturated in the time dimension.

Writing the one-way error components model is quite a useful tool as this means we can now not worry about

time-varying s;0 + f; terms as we can simply include these time dummy variables into our model and take care of them.

13.2 Pooled OLS in Linear Panel Model

From our discussion in the last section, we can focus on the one-way error components model whereby we take care

of the time varying variables by simply including a dummy variable. Hence, we are interested in the model:
Yit = Xitl3 + wiy + (Vie + ;)

fori=1,...,Nand t=1,...,T. Now, we want to stack the T observations for each individual observation i to get:
yi = XiB + Wiy + (vi + nijr)

whereby the dimensions are:

1. yiisa T x 1 vector which represents all T time observations for individual i.

2. Xjisa T x K matrix where each row t is the K explanatory variables for observation i at time t and each column

j represents all T time observations for individual i for explanatory variable j.

3. W;is a T x G matrix of time-invariant variables. Each row contains the G time-invariant variables. Each row is

identical as these variables do not vary over time.
4. viisa T x 1 vector where each row t contains the error term for observation i at time t.

5. mijrisa T x 1 vector where 7, is a scalar and jT is a T x 1 vector full of ones.
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Now, we can stack over the N individuals to get:
y=XB+Wy+(n+v) (490)

where the dimensions are:
1. yisa NT x 1 vector.
2. Xisa NT x K matrix.
3. Wisa NT x G matrix.
4. visa NT x 1 vector.

5. nisa NT x 1 vector.

Before, we proceed, we make an assumption.

Assumption 568 (No Time-Invariant Variables)

We assume that there are no time-invariant explanatory variables.

w=o0. (491)

However, note that even if W = 0, we can still have time invariant errors i;. Therefore, our model is now:
y=XB+ (n+v).
Now, if we want to carry out estimation, we need two more assumptions over:

yi = XiB + (nijr + vi).

Assumption 569 (Cross-Sectional Independence)

Observations on (y;, X;) are independent over i =1, ..., N.

Remark 570. This says that if you know (Xj, y;) for one person, it tells you nothing about person j's (X, ;).

Assumption 571 (Slope Parameter Homogeneity)

The parameters in B are common to all observations i =1, ..., N.

We can now estimate B under all these assumptions.

Definition 572 (Pooled OLS Estimator)
Suppose we had no time-invariant variables w;. We then have the structural linear panel model:

y=XB+u (492)

where u = 1 + v. Furthermore, assume that we had cross-sectional independence and slope parameter homo-

geneity. Then, the pooled ordinary least squares estimator is:

Bors = (XTX)'XTy. (493)
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Remark 573. The pooled OLS is also known as the levels OLS.

The pooled OLS corresponds to running OLS on the observations pooled across individuals i over time t and then
computing the OLS.
We now want to establish asymptotic properties of the pooled OLS estimator. To do so, we require more assump-

tions. We now go through them.

Assumption 574 (Errors Have Expected Value of Zero)

The error components have expected value of zero:

E[u] = E[n;] + E[vi] = 0. (494)

Remark 575. This assumption is not actually not needed but this makes notation easier since we do not need to

include intercept terms in our analysis.

Recall that when we looked at consistency in the setting of OLS, we require assumptions on orthogonality between
the regressor X and the error term u. In panel data, we need to do a similar thing whereby we need to impose
orthogonality between the explanatory variables x;; and the error terms v;; and m,. In fact, for this entire section on
panel data, the aim is to know which orthogonality conditions we will need between x;; and the error terms. Hence,
pay close attention to each time we mention what is the orthogonality condition that we are imposing.

We now discuss what assumptions we shall impose on the correlation between the error term uj; = 1; + vj+ and Xx;.

Assumption 576 (Contemporaneous Exogeneity)

The K explanatory variables are uncorrelated with the time varying individual error term in the same time period:
E[xjtvit] = 0 (495)

fort=1,2, ..., T.

Remark 577. This says that x;: Is uncorrelated with the individual time-varying error term vj; in every period t.
Note that under contemporaneous exogeneity, it may still be the case that:
E[xitVit—«] # 0

for k > 0 so that x;; may be correlated with lagged errors v; ;.

We now need to discuss the correlation between x;; and the time-invariant (individual specific) error term 7;.

Assumption 578 (Uncorrelated Individual Effects/Random Effects)

All K explanatory variables x;; is uncorrelated with all individual-specific effects n;:
E[x;tni] = 0 (496)

fort=1,2,...,T.

We have stated the two assumptions we need for orthogonality between x;; and the two error terms. Before we

proceed, we need one more assumption that we also needed in OLS.
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Assumption 579 (Full Rank)
The matrix X is full rank.

We now collect all the assumptions together to recall what we have assumed so far.

Assumption 580 (Assumptions for Consistency of Pooled OLS) 1. (y;, X;) are independent over i =1, ..., N.
2. B are common to all observations i =1, ..., N.

3. The matrix X is full rank.

~

. Elxin]=0fort=1,2,...,T.

o1

. E[xitvie] =0fort=1,2,..., T.

6. Elujt] = E[n;] + E[v{] = 0.

Recall that the linear panel model is:
y=XB+u
where u = 1 + v. Under these assumptions for consistency of pooled OLS, we have that:

Elxituit] = E[x;tni] + E[xj¢vie] = 0.

This is the orthogonality condition that we have previously seen in linear regression that we needed in order to
establish consistency.

Proposition 581 (Consistency of Pooled OLS Estimator)

Suppose we have the linear panel model:
y=XB+u (497)

where u = 1+ v. Then, the assumptions for consistency of pooled OLS, we have that the pooled OLS estimator
is a consistent estimator:

Bors =B (498)

as N — oo with T fixed. Joint (N, T) asymptotics require additional time-series dependence conditions.

We have shown consistency and now want to look at inference. If we wanted to compute standard errors for
inference for the pooled OLS, we notice that we have some minor issues as the error terms u;; = 1, + vj; are serially
correlated.

Proposition 582 (Serial Correlation of Error Terms in Pooled OLS)
Under the standard error-components assumptions with VVar(n;) > 0 and serially uncorrelated v;;, the composite
errors uj; = m; + vj; are serially correlated. As a result, ordinary pooled OLS is generally not efficient.

Proof. If vj; is serially uncorrelated and independent of m;, the errors u;; are correlated through the time-invariant n;
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term as:
Uit = Mi + Vit
Uit—1=Mi+ Vit—1

n; appears in both terms, and Cov(u;, uis) = Var(n;) > 0 for t # s. This violates the spherical-error condition used
for OLS efficiency, so pooled OLS is generally not efficient. O

As a result of this serial correlation, we need to use cluster-robust standard errors and test statistics whereby
we treat all T observations for individual i as a cluster to help us rectify this source of serial correlation.
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13.3 Fixed Effects Model
First, we recall from last section the uncorrelated individual effects assumption we made:
Elx;ni] =0

fort =1,2,...,T. Thisis in fact a strong and restrictive assumption. \We can in fact relax this assumption whereby
we now allow some explanatory variables x;; to be correlated with the individual-specific effects 7;.

We first describe the setting we are in.

Assumption 583 (Short T Panel)

The panel set has a small number of time observations T.

Now, we state the new relaxed assumption we will make.

Assumption 584 (Correlated Individual Effects/Fixed Effects)

Some of the K explanatory variables x;; are correlated with the individual-specific effects 7;:
E[x;:n;] # 0 (499)

fort=1,2,...,T.

For the other error term v;:, we keep the same assumption we made in pooled OLS.

Assumption 585 (Contemporaneous Exogeneity)

The K explanatory variables are uncorrelated with the time varying individual error term in the same time period:
E[x;tvit] =0 (500)

fort=1,2, ..., T.

Remark 586. This rules out contemporaneous correlation between x;; and vi:.

Recalling the section on instrumental variables, this 1; can be thought of as containing omitted variables and hence

capturing the omitted variables in our model. As a result of this condition, if we go back to the linear panel model:
y=XB+u

where u = n+ v, we can think of i as capturing omitted variables. To not have to worry about adding intercepts, we

assume that the error components have expected values of zero:
E[?’],‘] = ]E[V,‘t] =0.

Under this new assumption of correlated individual effects, we no longer have orthogonality assumption between

Xj+ and the error terms:
Elxituie] = E[xiemi] + Elxievie] = Elx;eni] + 0 # 0.

Therefore, we no longer have the orthogonality condition E[x;:u;:] = 0 needed for pooled OLS to be consistent.
As a result of this, we need to think of other ways to estimate 8. What we shall do is to transform the original model
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using the fact that we now have repeated observations over time. This will eliminate the time-invariant components
from the error term of the transformed equation. This will then allow us to derive consistent estimators of @ by using
OLS on the transformed model. The issue though from this approach is that even though we eliminated n; from the
error term, we now require new exogeneity assumptions instead of the predetermined assumption which is what we
used in the uncorrelated individual effects model, which mathematically was E[x;:v;:] = 0.

We will now look at a few different estimators for B under the assumption of correlated individual effects.

13.3.1 Within Groups Estimator

We look at the first transformation we can use. The idea is to take the average of each variable over its time component
and demean the original variable by its time average. Intuitively, as the nuisance time-invariant error term m; does not
vary over time, this transformation will eliminate it. We now formally state this transformation.

Definition 587 (Within Transformation)

The within transformation is given by:

Vit = Yit — Y, (501)
Xit = Xit — X (502)
Ni =M — N (503)
Vit = Vit = V; (504)
where the means are defined as:
iy,
.y[ - T _yIS
s=1
-
Xj = T Xis
s=1
T
_ 1
m==> 0
s=1
T
_ 1
Vi = ? SZ:l Vis.

Under this within transformation, something interesting happens to the error terms.

Proposition 588 (Within Transformation of Error Terms)

The within transformation of the time-invariant error term m; is zero:
7; = 0. (505)

Furthermore, for individual i's time-varying error term v;:, its within transformation depends on all of its
time-varying error terms:

; 1
Vie = vie = = (vin + vi + ... + vir) (506)

whereby vj1, ..., viT are all the time varying error terms for individual i.
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Proof. For the time-invariant error term’s within transformation:
1 1
ﬁi=n/—?;n/=n/—?(ﬂ7/) =n—m=0.
For the time-varying error term’s within transformation:

Vit = Vit = Vi = Vit — ?(Vu + Vo + i),

O

Therefore, we have just shown that the time-invariant error term n; has been eliminated under the within transfor-

mation. This is good news because under our correlated individual effects assumption, we had that:
E[xni] # 0

which prevented us from having consistency in our pooled OLS estimator. We have now successfully removed this

error term m; from our model and therefore don't have to worry about endogeneity between our error term n; and

regressor Xit.
However, an issue that has arisen now is that V;; depends on all of its time-varying components vj1, Vo, ..., ViT.

This matters for our previous assumption of exogeneity:
Elxtvie] = 0
will not guarantee for us that:
E[)?ftvit] == 0
To be more explicit on why this is the case, recall that the explicit expressions of the within transformations of the

explanatory variable and time-varying error terms are:

- 1
Xit = Xjt — *(Xil + Xip + ..+ XT)

=

Vit = Vit — ?(Vil + Vio + . viT).

Therefore, when we try to impose an exogeneity assumption on this:

S 1 1
E%icVie] = E |:<Xft - ?(Xu + X2 + .+ X/T)) <Vit - ?(Vn + Vo + ot ViT))]

we can see that whilst our previous exogeneity assumption of E[x;;v;t] = 0 will eliminate some of the expectation of

the products, there will be many terms in the above expression where:
E[x;tvis] # 0

for s # t which means we do not have exogeneity for OLS. Therefore, we need to impose a new assumption called

strict exogeneity.
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Assumption 589 (Strict Exogeneity)

All K explanatory variables are uncorrelated with individual time-varying error terms over all periods:
]E[X,‘tV,'s] =0 (507)

foralls,t € {1,2,...,T}.

Strict exogeneity requires that the current values of x;; are uncorrelated with past, present, and future values of
the time-varying component of the error term v;s for the same individual in the original model.

An issue with the assumption of strict exogeneity is that it rules out allowing lagged dependent variables y; ;1
as an explanatory variable in x;;, which is what we have previously done for autoregressive models in time series.
The reason we can't do so is because y;:—1 depends on previous error terms vj;—1 by definition of the structural
equation. Therefore, we will come back later on in the course to learn how to allow for lagged dependent variables as
an explanatory variable.

We can now estimate 8.

Definition 590 (Within Groups/Fixed Effects Estimator)

Suppose that our structural model is:
Vit = XitB + Vit (508)

where Vit, Xi¢, Vit are the within-transformations. Then, stack the observations to form the structural equation:
y=XB+ . (509)

The within groups estimator of 3 is given by:

=i
B = (xTx) Xy (510)

Remark 591. The within groups estimator is also known as the fixed effects estimator.

We also have all the necessary orthogonality conditions needed for consistency of the within groups estimator.

Proposition 592 (Consistency of Within Groups Estimator)

Under the assumption of strict exogeneity, the within groups estimator is a consistent estimator:
N P
Bwe — B (511)

as N — oo with T fixed.

It is important to note that we have just shown that By is a consistent estimator for @ even if all explanatory

variables x;; are correlated with 7;:
E[xi:ni] # 0

which is what we called the correlated individuals effects/fixed effects. We can also derive the asymptotic distribution.

First, we need an assumption.
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Panel data homoskedasticity assumes that the time varying individual error terms v;; satisfy:
Vit| X ~ i.i.d(0, 02) (512)

for all observations i and time periods t.

We can now derive the asymptotic distribution of the estimator.

Theorem 594 (Asymptotic Normality of Within Groups Estimator)
Under strict exogeneity and panel data homoskedasticity, the asymptotic distribution of the within groups estimator
is:

VNBwe —B) > N(0,02Q7Y), (513)
as N — oo with T fixed, where Q = plim,_ s N-1XTX. A consistent estimator 63 can be used in the corre-

sponding estimated covariance matrix.

We will discuss the consistent estimator term 62 soon.

We note that even if we don't have homoskedasticity, this does not affect the consistency of the within groups
estimator as consistency only requires strict exogeneity from our earlier arguments.

Furthermore, if panel data homoskedasticity does not hold, we can use heteroskedasticity-consistent and cluster-
robust standard errors. As a result, we do not need to worry too much about serial correlation in the error terms.

Recall that in the asymptotic distribution of the within groups estimator, we had a 62 estimator. We now describe

what we can use as a consistent estimator §2.

Proposition 595 (Consistent Estimator of the Variance)
Under the panel data homoskedasticity assumption, we can estimate the variance of v;;, denoted by o2, by
constructing the estimator:

N T 2 2T2
6_2 — Zfil ZtZI VI% — VTV (514)
Y OONT-1)—-K NT-1)-K
where V;; are the residuals from the within groups estimator:
Vie = Jit — %iBwa. (515)

Remark 596. We will later see where the does the N(T - 1) - K degrees of freedom come from when we look at least
squares dummy variables estimators.
13.3.2 Least Squares Dummy Variables Estimator

This is another estimator we can use to estimate B under the assumption of fixed effects. If we do not have too many
cross-sectional observations n, we can include N dummy variables in order to absorb the error term n; which we are

having issues with. This is a similar idea to what we did for the time dummy variables.
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Definition 597 (Dummy Variables)

We define the N dummy variables for the N observations as:

I} =1 for observations on individual 1 or otherwise /! =0 (516)
I? =1 for observations on individual 2 or otherwise /? = 0 (517)

(518)
IN =1 for observations on individual N or otherwise /¥ =0 (519)

With these N dummy variables, we now include them into our structural model and describe our new estimation

strategy.

Definition 598 (Least Squares Dummy Variables Estimator)

Suppose that the structural model with dummy variables is now:
Vie = xilB + It +ml? + Al + vie (520)

Let D collect the individual dummy variables and let Mp = Iyt —D(D" D)"'DT. The Least Squares Dummy

Variables Estimator (LSDV) for the slope coefficients is the OLS estimator in the above structural equation:

Bisov = (X" MpX) ' X" Mpy. (521)

The LSDV estimator should produce the same coefficients as the fixed effect (FE) estimator.

Theorem 599 (Equivalency of LSDV and WG)
The LSDV estimator and WG estimator are equivalent:

BLsov = Bwe. (522)

When based on the same error-variance estimator and degrees-of-freedom adjustment, the two methods also
produce the same conventional standard errors for 3. Their main difference is computational: the within transformation
avoids estimating a large set of individual dummy coefficients when N is large.

If we look at the LSDV structural equation, we have our usual K parameters we estimate in 3. We also have an

additional N parameters 71, ..., ny which we estimate. Therefore, the degrees of freedom is of our estimation is:
NT-K-N=N(T-1)—-K

which is what we saw earlier in Eq. (514) when computing the consistent estimator of the variance under panel data

homoskedasticity assumption.

13.3.3 First-Differenced OLS

This is another estimator we can use to estimate B under the fixed effects assumptions. We can perform another

transformation that is inspired by time series techniques.

268



Definition 600 (First-Differencing)
The first differencing operator A is defined as the operator such that when applied to y;; results in:

Ayt = Yit — Yit-1. (523)
Now, we can take our original structural model:
y=XB+n+v
and apply our first-difference transformation on it.
Proposition 601 (First-Difference Transformation)
The first-differenced transformed equation of our panel data structural model is:
Ayir = AxieB + Avit (524)

fori=1,2,....,.Nandt=2,3,....T.

Proof. Start off with the panel data structural model:

Yit = XitB + ni + Vit

First, we can simply difference y;; to get:

Yit = Yit—1 = Dyir

and the same applies for x;¢, Vjt:
Xit — Xi;t—1 = DXz

Vit = Vig—1 = Avi.
However, notice that for the time-invariant parameter n;, differencing it removes it:

ni —n; = 0.
O

Notice that as a result of first-differencing, we start from t = 2 as we do not observe Ay;; and Ax;;. We can now

state our estimator under this transformation.

Definition 602 (First-Differenced OLS)

Suppose that the structural model under first-differencing is:

Ayir = AxieB + Avit (525)

fori=1,2,....,Nandt=2,3,....T.
Then, the first-differenced OLS estimator is:

Broors = [(AX)TAX] T (AX)T (Ay). (526)
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If we look at the first-differenced structural equation:
Ay = AXieB + Avit
we can see that in order for usual orthogonality condition for consistency of the OLS estimator, we require that:

E [AthAV/t] =0.

Assumption 603 (First Differenced Exogeneity)

The first differenced of x;; and the first differenced time varying individual error v;; are uncorrelated:

E[Ax;tAvi¢] = 0. (527)

We can now state our result for consistency of this estimator.

Proposition 604 (Consistency of First-Differenced OLS)

Under the assumption of first differenced exogeneity, the first-differenced OLS estimator is consistent:

Broois = B (528)

as N — oo with T fixed.

First-differenced exogeneity restricts a combination of contemporaneous and adjacent-period cross-moments. By
itself, it does not set each of those cross-moments to zero separately. We can nevertheless establish one clear

relationship with strict exogeneity.

Proposition 605 (Strict Exogeneity Implies First Differenced Exogeneity)
Strict exogeneity

Elxjtvis] =0 (529)

for t,s € {1,..., T} implies first differenced exogeneity:
IE[AX,‘tAV,'t] = 0 (530)

fort=1,....T.

Proof. We directly show this by definition of first differenced exogeneity:

E[AxitAVit] = E[(Xit - Xi,tfl)(Vit - Vi,tfl)]
= Ex;tVie] — E[XitVi,t—1] — E[X; t—1Vie] + E[x;t-1Vie-1]
—0+0+0+0

where the last equation holds by strict exogeneity.
O

Remark 606. First-differenced exogeneity does not generally imply contemporaneous exogeneity E[x;:vit] = 0, nor
does contemporaneous exogeneity generally imply first-differenced exogeneity. Additional restrictions are needed to
order these two assumptions. Strict exogeneity implies both.
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Therefore, this means that under the assumptions of strict exogeneity, then the first differenced OLS
estimator is consistent!

We can also state what the standard errors are for FDOLS.

Theorem 607 (Standard Errors for First Differenced OLS Estimator)

Classical standard errors are appropriate for Brpors if the time-varying error component v;; is a random walk:
Vit = Vit—1 + €jt (531)
with i.i.d innovations so that the first differenced of the error terms:
Avis = € ~ i.i.d(0,02) (532)

for all individuals i and time t.

Again, consistency for Brpors does not rely on v;; being uncorrelated but instead relies on first differenced

exogeneity.
13.3.4 Efficiency Comparison of Fixed Effects Estimators
We restrict our attention to a special case of endogeneity.

All K explanatory variables are correlated with 7;

Recall that efficient estimators are estimators that achieves the minimum possible variance as an estimator. We

now discuss the conditions for efficiency for the estimators we have seen so far.

Theorem 609 (Efficiency of Within Groups Estimator)

Suppose that we have the classical assumptions:

Vit Xi, Xi, ..., xiT ~ i.i.d(0, 02) (533)
over i =1,...,Nand t = 1,2,....T. Then, Bwe is an efficient estimator of B. Furthermore, under normality
assumption:

V,‘t|X,'1,X,'2,...,X,‘TN/./.dN(O,O’s) (534)

then Bwe coincides with the maximum likelihood estimator of 8 and achieves the Cramer-Rao lower bound.

Theorem 610 (Efficiency of First Differenced Estimator)
Suppose that we have that

Vit = Vit—1 T €jt (535)
is a random walk and the innovations
€ielXi1, X2, ..., xit ~ i.1.d(0, 02) (536)

overi=1,...Nandt=1,2,...,T. Then, ﬁFDOLs is an efficient estimator of 3.
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We now compare these two estimators and describe when is one more efficient than the other.

Proposition 611 (Comparison of the Two Fixed Effects Estimators)
Suppose that vj; is serially uncorrelated, then Bwc is more efficient than Brpors.
Suppose that vj; is a random walk, then Brpors is more efficient than Buc.

If we are not worried about serial correlation in v;; and there is smooth continuous time series variation in y;; and

X¢, then either estimator is fine.
Remark 612. These two estimators coincide when we only have T = 2 time periods in our panel dataset.
A big issue to worry about for first-differenced OLS is that it may not do well when you have step functions in your
explanatory variables.
13.3.5 Large T Asymptotics of Fixed Effects Estimators

In this section, we explain how strict exogeneity can be relaxed under large-T asymptotics, subject to suitable weak-

dependence and moment conditions. Recall strict exogeneity:
E[X,‘tV,'S] = 0

for t,s € {1,..., T} for the WG estimator but not for the FDOLS estimator.
First, recall that for the within group transformation:

1 T

Vit = Yit — ? Zyis
s=1
1 T

Xit = Xjt — T SXZ;X{s

T
- 1
Vit = Vit — = E Vis.
T
s=1

As T — oo, the time averages do not literally disappear. Rather, under suitable weak-dependence and ergodicity
conditions, the endogeneity induced by demeaning can become asymptotically negligible. A standard weaker condition
is predeterminedness:

E[xitvis] =0 for s > t,

which allows xj; to be correlated with past errors. Under the additional regularity conditions, this can guarantee

consistency of the WG estimator:
4 P
Bws — B
as T — oo.

However, for the FDOLS estimator, we still require the first differenced exogeneity assumption:
E[Ax;:Avie] =0

for consistency of the FDOLS estimator Brpors iﬁ as T — oo.
Because the large-T consistency result for WG can use weaker sequential-exogeneity conditions, this comparison

favours WG on robustness grounds; efficiency and the serial-correlation structure may still favour FDOLS in particular
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applications.

Proposition 613 (WG and FDOLS Estimators in Large T)
Under suitable weak-dependence, moment, and identification conditions, the WG estimator is consistent under
predeterminedness in large-T samples.

The FDOLS still requires the first-differenced exogeneity assumption.
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13.4 Random Effects Model

We now go back to the scenario of small T panels whilst assuming random effects and strictly exogenous.

Assumption 614 (Strict Exogeneity)

All K explanatory variables are uncorrelated with individual time-varying error terms over all periods:
E[xjtvis] = 0 (537)

foralls,te{1,2,...,T}.

Assumption 615 (Uncorrelated Individual Effects/Random Effects)

All K explanatory variables x;; is uncorrelated with all individual-specific effects n;:
E[x;tni] = 0 (538)

fort=1,2,....T.

Notice that this is a very nice setting to be inl We have the strongest form of exogeneity and we have random
effects. So what is the issue then? The issue is that the previous estimators we have seen, the within-groups and the

first differenced OLS is not efficient if we have random effects:
E[x;n;] = 0.

Recall that these two estimators were constructed under the assumption of fixed effects E[x;:m;] # 0 and as a
result, we had to perform transformation operations on the levels of the series (vt x;t) to get rid of n;. This then
allowed us in those scenarios to estimate B under fixed effects. However, if you think about it, if we are under the
assumption of random effects E[x;:n;] = 0, then there is no need to perform such a transformation to get rid of n; and
in fact, we are losing information as we could've just used the levels. We do not have efficient estimators. Therefore,
we figure out how to construct efficient estimators under this assumption of random effects.

We could also use pooled OLS since contemporaneous exogeneity E[x;:vi:] = 0 and random effects E[x;:n;] = 0
both hold (strict exogeneity implies contemporaneous exogeneity). However, pooled OLS is not efficient under the
standard error-components covariance structure because the errors uj; = m; 4+ vj;+ are serially correlated through the
time-invariant error 7;.

To this end, we will now look at another estimator called the between groups estimator. However, we will later
see that this estimator is not efficient either but once we established this estimator, we will then be able to find an

efficient estimator.

13.4.1 Between Groups Estimator

We continue assuming strict exogeneity and random effects. We now define the between groups transformation.
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Definition 616 (Between Transformation)

The between transformation is given by taking the mean of observations:

1 T
Vi=TD Vi (539)
t=1
1 T
Xj = T fot (540)
t=1
1 T
Vi==) v (541)
T t=1
1 T
n==z > mi=m. (542)
t=1

The between transformation structural equation is:
yi=xiB+ (Vi+mn) (543)

fori=12, ..., N.

Remark 617. Again notice that the time-invariant error term has the mean:

1« 1
7 = ?;n/ = =Tn; =

In contrast, the individual specific time-varying error term has the mean:

_ 1
Vi =

|

-
1

Z Vit = ?(Vu + Vip+ ...+ V/T)-

t=1

Notice the similarity to the within groups transformation which demeaned the variables:

-
. _ 1
Vie=Yie=Vi=Yie =5 D _VYis.
s=1
These transformations are in fact orthogonal complements to one another. We can now define the between groups

estimator.

Definition 618 (Between Groups Estimator)

Suppose that the between groups structural equation is:
yi=XB+ (Vi+m) (544)

fori=1,2, ..., N.
The between groups estimator is the OLS estimator of the between groups structural equation:

Bes = (X' X)'(X)7y. (545)

Notice that in our structural equation:
yi=xiB+ (Vi+mni)
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we have X; = % X1+ ...+ X,'T] and v; = % {v,-l + ...V,'T:| . Therefore, in order for our usual orthogonality assumption
in OLS between the regressor and error term, we require strict exogeneity E[x;;vis] = 0 for all s,t € {1,...,T}.
Furthermore, notice that we did not get rid of the time-invariant variable n; and therefore we need to assume random

effects so that E[x;;m;] = 0. With these assumptions, we have consistency of this estimator.

Proposition 619 (Consistency of Between-Groups OLS)
Suppose that we have strict exogeneity and random effects. Then the between-groups OLS estimator is a
consistent estimator of 3:

Bec — B (546)

as N — oo with T fixed.

However, an issue is that even under these assumptions and this transformation, Bgc is not efficient. The
reason for this is that we are losing information when we average the observations over the T time periods which
discards information in the time series variation. However, we know that these time series variations can be useful for
estimating B since this is what we used as the source of our transformations when we constructed within groups and
first-differenced OLS estimators.

So even though it seems like we are back at where we started, we shall soon see that we can use the between groups

estimator in our process of constructing an efficient estimator when we have random effects and strict exogeneity.

13.4.2 Prereqgs For Random Effects Generalised Least Squares Estimator

We have seen that the between-groups estimator is a consistent estimator but not efficient. The current issue is that
the time-invariant error 7; is causing a lot of complications. Recall it was this term that caused serial correlation in the
setting of pooled OLS. Also recall that it is because of this term that we applied the WG and FDOLS transformations
to remove it; the BG transformation retains it but averages away within-individual variation. Therefore, in this section,
we shall estimate the variance of this error term and apply what we saw in generalised least squares to deal with this
inefficiency.

We will use both the between-groups estimator and the within-groups estimator to construct the random effect
generalised least squares estimator. The big idea is that from the between groups estimator and the within groups

estimator, we have the structural equations:
Vi=XB+ (Vi+mni)
Vi =XB +

where the first equation is the between groups structural equation and the second equation is the within groups

structural equation. Now, we can see that in the between groups equation:
yi=XB+ (Vi+mni)

we can estimate the variance of the error term v; + n;, which we denote by a%/ where we define the error term
up=vi+m.
From the within groups equation:

Vi =XiB + Vj

we can estimate the variance of ¥;, which we denote by o2,
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From this, if we have a%/ from the between groups equation and 05 from the within groups equation, we can then
back out what the variance of 7, is, which we denote by UEI. We can then construct the random effects GLS estimator
from these estimated variances. However, in order to back out the variance of 7;, we require an assumption about
independence of the error terms.

The two errors components n; and v;; are both i.i.d and uncorrelated with each other:

]E[T],‘ V,‘y_-] =0 (547)

fort=1,2,....T.

Now, our goal for this section is to estimate the variance of n;, which we denote by 072,. This will take a few steps
so don't lose sight of the big picture.

Step One: Using Between Groups Estimator

The first step is to retrieve the residuals from between groups estimator:
U= (ni+v) =y —xBsc (548)

where Bg¢ is the between groups estimator. We can then use these residuals U; to construct the estimator

o X (m+v)  da
TCTT NCK T N-K (549)

&% estimates the variance m; + V;, whereby the variance has the form

R uu R 1.,
0—%7 N_Ki 7l2+(?)0—5
or just
1
62 =067+ (T)a—a (550)

We will use this estimator 6% later on when constructing the random effects GLS estimator.

Step Two: Using Within Groups Estimator

We now want to construct an estimator of the variance of v;+, denoted by 05. To do so, we need the residuals from

within groups estimator:

Vie = Jit — %iBwa (551)
where B is the within groups estimator. We have already discussed how to then construct an estimator of o2 using
the residuals V;; when discussing the within groups estimator in Eq. (514) which we recall:

N T = aT 8
52 — 2121 Vit _ vy
VIENT -1 -K NT-1)-K
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Step Three: Combining Two Variance Estimators

To recap, we first used the between groups estimator to construct the estimator 6% for a% where U = n; + v;. We
then used the within groups estimator to construct the estimator 62 for 02. Recall that the goal of all this was to

estimate 03,. We can now use these two variance estimators to compute the variance estimator for 03) by computing:

- (;)02 (552)

We also know that this estimator is in fact a consistent estimator.

52 _ 52
o, =03

Proposition 621 (Consistency of Time-Invariant Error Variance)

2

The estimator 6727 is a consistent estimator of the variance (op=f

We have now finally achieved our goal of constructing the variance estimator 6727. We can now use this estimator
in our ultimate goal of constructing an estimator of B that is efficient in the setting of strictly exogenous and random
effects (uncorrelated individual effects). To do so, we shall use techniques that we saw in generalised least squares.

13.4.3 Random Effects Generalised Least Squares Estimator

Now, we shall discuss how to construct an efficient estimator in the setting of strictly exogenous variables and uncor-
related individual effects.

First, recall that the matrix X; is a T x K matrix where each row is x;; (k explanatory variables for observation i
at time t). Then, we can stack the X; matrices vertically over individuals to get X which is a NT x K matrix.

Now, we state important assumptions that we will need (and have to memorise) for our upcoming estimator to be

efficient.

The classical assumptions are:
L. milxi, X2, ... xit ~ i.i.d(0,02) over i=1,..., N
2. Vie|xi1, Xi2, ... xit ~ i.1.d(0,02) over i=1,..,Nand t=1,..., T
3. m; and vj; are independent conditional on X
4. E[nilxi1, Xi2, ..., xit] =0

5. E[Vi¢|xi1, Xi2, ..., x;7] = 0 for each t € {1,2,..., T}

Now, if we look carefully at the last two assumptions in particular:
1. E[nilxi1, xi2, ... xit] = 0
2. E[Vi¢|xi1, Xi2, ..., xi7]) =0 foreach t € {1,2,..., T}

we can see that they are in fact stricter conditions than uncorrelated individuals effects and strictly exogenous covari-

ates.
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Proposition 623 (Strengthened Uncorrelated Individual Effects)

The classical assumption:
E[T),‘|X,‘1, Xi2, ..., X,'T] =0 (553)

implies uncorrelated individual effects (random effects):

E[xem] = 0. (8154

Proof. Apply LIE:

Elxitni] = E[E[x;tni|xi1, X2, ..., XiT]]

= E[x; E[ni|xi1, Xi2, ... XiT]]

= Elxit - 0]
=0.
O
Proposition 624 (Strengthened Strictly Exogenous Covariates)
The classical assumption:
E[vit|xi1, Xi2, ..., xit] = 0 (555)
for each t € {1,2, ..., T} implies strictly exogenous covariates
E[xitvis] = 0 (556)
foreach t,s € {1,2,...,T}.
Proof. Apply LIE:
E[xi¢vis] = E[E[X;¢ vis|Xi1, Xi2, ..., XiT]]
= E[xi:E[vis|xi1, Xi2, ..., xi7]]
= E[X,‘t . O]
=0.
O

Now, under the classical assumptions, we look at the linear regression model where we stack the T time periods

for each individual i to get:
yi=XiB+ u;

fori=1,..., N with u; = njr + v;. Here, we have that just like in the OLS setting:
Elyi|Xi] = XiB

and by cross-sectional independence:
Ely|X] = XB.
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In this linear regression model, the efficient estimator of B is known as the Random Effects Generalised Least
Squares (GLS) estimator, which takes into account for the serial correlation uj; = m; + vj+ present which made our
pooled OLS inefficient.

The final step before we need to do before constructing our random effects GLS estimator is to state under all
these assumptions, what does the variance covariance matrix of the error terms u, which is the sum of n; and v; errors,
Q = E[uu"|X] look like.

Proposition 625 (Random Effects GLS Variance-Covariance Matrix of Errors )

The variance-covariance matrix of errors associated to the random effects GLS estimator is given by:

Q 0 .. 0
0 Q .. 0

Q=E[uu"|X] = (557)
0 0 .. Q

where Q is a NT x NT matrix where each entry €2; isa T x T matrix.

Proof. There are a few steps to this proof. We will have to make repeated use of the classical assumptions. First, we

can show that:

Eluie| Xi] = E[n; + vie| Xi]
= E[ni| Xi] + E[vi¢| Xi]
=0+0=0.

We can then compute the variance

Varluie| Xi] = EB[u7|X;] — Elu;e| Xi]?
= E[u7|X]] - 0
=E[(ni + vie)?| X/]
=E[n? + 2nv;: + V3| X/]
= E[n7|X;] + 2E[nivie| Xi] + E[v;z|Xi]
=0, +0+0;

_ 2, 2
=o,+o0,.

We then compute the covariance:

Eluieujs| Xi] = E[(mi + vie)(mi + vis)| Xi]
= E[M7 + mivis + mivie + Vievis| Xi]
= E[n7|X)] + E[nivis| Xi] + E[nivie| X;] + E[vie vis| Xi]
=07+0+0+0

= 077'
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Now, we can stack the error terms u;+ into the vector u; which is a T x 1 vector:

So then variance-covariance matrix of this error term wu; for an individual is:

]E[U,‘U,-T|X,']

uj = nijr + vi.

Varluj1| Xi]
Covluj, uir| Xi]

| Cov[uir, uin|Xi]

Covluj1, up|Xi]
Var[up| Xi]

Covluir, upn|Xi]

Covlui1, uiT|Xi]
Covluiz, uiT|Xi]

Var[uir|Xi]

P 2 2 2
oy + oy o o
o2 02402 o2 _o,
2 2 2 2
| o5 o o, +oy
where €, isa T x T matrix.
Finally, we stack this across all individuals to get:
i 0 0
Q ... 0
Eluu”|X] = ' =Q. (558)
0o 0 ...
Note that Q is a NT x NT matrix where each entry €2; isa T x T matrix. ]
We can now state the random effects GLS estimator.
Definition 626 (Random Effects Generalized Least Squares Estimator)
The Random Effects Generalized Least Squares estimator is:
Bois = (XTQ ' X) ' XTQ 1ty (559)

where Q2 is a NT x NT matrix.

We finally get our efficient estimator!

estimator is the efficient linear unbiased estimator.

Proposition 627 (Efficiency of Random Effects GLS Estimator)

Under the classical random-effects assumptions and with known 2, the Random Effects Generalized Least Squares

We can also show that it is a consistent estimator.

Proposition 628 (Consistency of Random Effects GLS Estimator)

full-rank conditions, Bg.s is a consistent estimator as N — oo with T fixed.

Under strict exogeneity, uncorrelated individual effects, cross-sectional independence, and the usual moment and
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The issue we have now is that Q2 is a NT x NT matrix, which is really large. Trying to invert this matrix is
computationally intensive. Therefore, we need to use other techniques instead to compute this random effects GLS
estimator. We move onto another transformation that we can use that uses an OLS but gives the same result as the

random effects GLS estimator.

13.4.4 Theta Differencing

We have argued that it is computationally intensive to compute the random effects generalised least squares. We can
instead use theta-differencing transformation and use the standard OLS in this transformed model. First, we define

what is this new transformation.

Definition 629 (Theta Differencing Transformation)
The theta differencing transformation is:

y/‘*t =VYit — (1 - 9))71 (560)
where 6 is a parameter that is the ratio of variances such that:

0.2

02— v 1
o2+ To2 (561)
1 X

yi==F ;%‘s (562)

where 03 is the variance of v;; error and 072] is the variance of m; error.

If we know o2 and 072], we can first compute 62, then 6 and (1 —6). We can then retrieve the transformed variables
to get our theta-differenced structural equation.
We can use this theta differencing to construct our new transformed structural equation.

Definition 630 (Theta Differencing)

Suppose that the theta differenced structural equation is:
Vit = X8 + ujy (563)

for i =1,2, ..., N where uf, = n/ + v;.
The theta-differencing estimator is the OLS estimator of the theta differenced structural equation:

Bo = (X)) X*)H(X") Ty (564)

Notice here that the time-invariant error term
nf=mn—(1—0)n =0on

does not eliminate the time-invariant component 7, from the error term of the transformed model. Therefore, we still

require the uncorrelated individual effects assumption:
E[x;n] =0

for consistency of the OLS estimator since the error term 7; is still present. However, 7, is eliminated when 8 = 0.
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Furthermore, we also have that the theta-differenced individual-specific error term is:
X _ 1
Vip = Vit — 1-0)W,=v—(1- 9)?(%’1 + ...+ vr)

]

Since our theta differenced explanatory variable x; also contains + > s_1 Xis, We therefore require strict exogeneity

between the explanatory variable and the individual specific error term:
E[xitvis] =0

fort,se{1,...T}.

Proposition 631 (Consistency of Theta-Differenced OLS Estimator)
Under strict exogeneity and the random-effects assumption, the OLS estimator after 8-differencing is a consistent
estimator of B:

Bo B (565)

as N — oo with T fixed.

Don't forget that the purpose of this new estimator was that it is a more computationally efficient way to compute

random effects GLS!

Proposition 632 (Equivalency of Theta-Differenced OLS and Random Effects GLS)
The random effects GLS estimator is equivalent to the theta-differenced OLS estimator:

BeLs =Be. (566)

In practice, we don't actually know the variance of the error terms o7 and o7, so therefore we need to use consistent

estimators. This leads us to feasible GLS.

Definition 633 (Feasible Random Effects Generalised Least Squares)
Feasible random effects generalised least squares estimators is the same as random effects generalised least squares

estimator but with consistent estimators of variance of the error terms 0727 and o2.

From the classical assumptions, we can obtain these consistent estimators of the error terms using within groups
and between groups estimator. We can also show that feasible GLS is the same as GLS and therefore is also consistent.

Proposition 634 (Feasible GLS and GLS)
The feasible random effects GLS estimator is asymptotically equivalent to the random effects GLS estimator.

Therefore, under the assumptions of strict exogeneity and uncorrelated individual effects, the feasible random

effects GLS estimator is a consistent estimator of 5.

We can show that the GLS estimator coincides with the OLS estimator and the WG estimator under certain

settings.

Proposition 635 (GLS and Pooled OLS Without Individual Effects)
When 0727 =0, the GLS estimator and the pooled OLS estimator coincide:

Bers =Bors. (567)
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This has a nice interpretation because when 072] = 0, this says that there are no individual-specific error terms ;.
This then mean that there is no serial correlation in the error u;y = vt +m; = v;+. But recall that the serial correlation
in ujr is what caused our pooled OLS estimator to be inefficient! Therefore, since we no longer have serial correlation
in u;+, this means that our pooled OLS estimator will be efficient and in this case, coincide with the random effects
GLS estimator!

We now look at the second case where we see that the random effects GLS estimator coincides with the within

groups estimator.

Proposition 636 (GLS and WG Estimator and LSDV Estimator in Large T)

As T — oo, then the GLS estimator converges to the within groups estimator:
A 4 P
BécLs —Bwe — 0. (568)

Furthermore, as the Least Squares Dummy Variables estimator is equivalent to the within groups estimator, this

implies that the GLS estimator also converges to the Least Squares Dummy Variables estimator:
- 5 P
Bers —Brspv — 0. (569)

Finally, as the random effects GLS estimator is an efficient estimator, this implies that in large T samples, the
within groups estimator By and least squares dummy variables estimator B, spy are efficient estimators even

under the assumption of uncorrelated individual effects.

Proof. First recall the theta differencing transformation, which also coincides with the random effects GLS estimator:
y;;' = Vit — (1 - 9).)7/

where

2
Oy

o2+ Toz
1 T
yi= ?;%s

Here, as T — oo, we have that 82 — 0. This then implies that § — 0. This then means our theta differenced

6% =

transformation becomes:
Vie=Yie—(1=0)Y; =Yit = Vi = Jit
where Vi is the within groups transformation! Therefore our theta differencing transformation coincides with the

within groups transformation!
O

Here, we see that as T — oo, the theta transformation approaches the within transformation because 1 — 6 — 1.
This indicates that with large-T samples the efficiency difference between random-effects GLS and the within estimator
vanishes under the maintained random-effects assumptions. The time average itself does not generally converge to
zero; it is the GLS transformation weight that converges to the within-transformation weight. For small T, the within
estimator is generally not efficient under uncorrelated individual effects, whereas correctly specified random-effects
GLS is efficient. Since LSDV is algebraically equivalent to WG for the slope coefficients, the same large-T equivalence
applies to LSDV.
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13.5 Testing for Random Effects
So far, we have made use of the uncorrelated individual effects assumption multiple times:
E[x;ni] = 0.

We are now interested in testing whether if some of the K explanatory variables x;; are correlated with the individual
specific error m;.

We assume strict exogeneity for all the tests in this section.

Assumption 637 (Strict Exogeneity)

All K explanatory variables are uncorrelated with individual time-varying error terms over all periods:
]E[X,‘tV,'s] =0 (570)

foralls,t € {1,2,...., T}

Our test will be similar to what we did in instrumental variables. In particular, we shall compare the difference
between estimators that are consistent under random effects against estimators that are not consistent under random
effects. Therefore, if there is a big difference between these estimators, that means that there is correlated individual
effects so random effects does not hold:

E[n;x;] # 0.

We now recall which estimators are consistent estimators under strict exogeneity and correlated individual effects
(fixed effects):

1. Within Groups ﬁWG

2. First Differenced OLS Brpous.
Remark 638. Recall that these estimators were consistent but not efficient under random effects.

We also recall which estimators are consistent estimators under strict exogeneity and uncorrelated individual effects

(random effects):

1. Pooled OLS Bors
2. Between Groups ﬁBG

3. Random Effects GLS Bgs.

Therefore, we need to pick and compare an estimator from these two lists of estimators. We now state the

hypothesis test that we will need.

Definition 639 (Hypothesis Test for Random Effects)

Ho : E[n;i|X;] = 0. (571)

Remark 640. Notice that this is a stronger test compared to testing for uncorrelated individual effects E[X;n;] = 0.

We impose the classical assumptions previously mentioned.
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Assumption 641 (Classical Assumptions)

The classical assumptions are:
L. milxit, X2, ... xit ~ i.i.d(0,02) over i=1,..., N
2. Vielxi1, Xi2, ... xit ~ i.1.d(0,02) over i=1,..,Nand t =1, ..., T
3. m;i and vj; are independent conditional on X;
4. E[nilxi1, Xi2, ..., xit] =0

5. ]E[V,‘t|X,‘1,X,‘2, ...,X,‘T] =0 foreach t € {1, 2, ..., T}

We can now state the Hausman test.

Definition 642 (Hausman Test)
The vector of differences are defined to be:

G =Bws —BoLs (572)
The scalar Hausman test statistic is:
h=a"|varldl| a2 x(K) (573)
under the null hypothesis Hy : E[n;|X;] = 0.
Furthermore, the variance of the vector of differences is given by:
Var[g] = Var[Bwe] — VarlBsus]. (574)

Remark 643. The variance term makes use of the fact that GLS estimator is efficient and therefore will have a smaller
variance.

Something to note is that in instrumental variable testing, we required conditional homoskedasticity to use the
Hausman test. However, we also require conditional homoskedasticity to compute the GLS estimator, so therefore

this assumption is satisfied!
We can also construct another Hausman test where we instead use the between groups estimator.

Definition 644 (Alternative Hausman Test)
The vector of differences are defined to be:
a* =Bws —Bse. (575)
The scalar Hausman test statistic is:
T o
v =qT|varldl] @ 20 (576)
under the null hypothesis Hq : E[n;| X;] = 0.
Furthermore, the variance of the vector of differences is given by:
Var[G*] = Var[Bwes] + Var[Bss]. (577)
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Remark 645. Notice the variance term has a + rather than a -. This is due to the fact of the orthogonality between

the within groups and between groups estimator.

Now, if we look at a single scalar parameter B € B, we therefore have that the vector of differences is now a
scalar difference:

sk _ Ak Ak

4" =Bws —Bsis-
The test statistic then simplifies to:
2
Ak Ak
(B -)

Var[ﬁ\fve] - Var[ﬁéLS]

under the null hypothesis Hy : E[n;|X;] = 0. Equivalently, define the signed statistic:

) (578)

Ak _ Ak
Sk — IBAWG BéLs . 2>N(O, 1), (579)
\/Var[ﬁ";VG] — Var[Bg, sl

under the null hypothesis Ho : E[n;|X;] = 0. Its square satisfies (z¥)? = h¥ asymptotically.

13.6 Time-Invariant Explanatory Variables

We now want to include the time-invariant explanatory variable w; back into our structural model. The within transfor-
mation removes w; together with the individual effect, so its coefficient cannot be identified by the standard fixed-effects
estimator without additional instruments or restrictions. The following is only a schematic first-stage setup; a complete
estimator also requires explicit exclusion, exogeneity, and rank conditions.
The first-stage linear projection is:
w; = XM+ z6 +r. (580)

In the scalar single-instrument case, relevance requires:
0 #0. (581)

With vector-valued variables, this is replaced by the corresponding full-rank condition on the excluded-instrument

coefficient matrix.
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Assumption 646 (Serially Uncorrelated Time-Varying Errors)

The time-varying error terms v;; are serially uncorrelated.

Vit = XidlB + wiy + (i + Vie) (582)

fori=1,2,...,Nandt=1,2,...,T.

13.7 Models with Predetermined Covariates

Assumption 647 (Fixed Effects)

E[x;tn] # 0. (583)

Definition 648 (Predetermined Explanatory Variable)
Suppose that the time-varying component is serially uncorrelated. Then, the explanatory variable x;; is predeter-

mined with respect to the time-varying error component v;; if:

E[xitvis] =0 for s > t (584)
E[x;tvis] may differ from 0 for s <t — 1. (585)
We could also write this as:
E[xivis] =0 fors=t,t+1,..,T (586)
E[x;:vis] may differ from 0 fors=1,2,....t—1. (587)

This is a relaxation of the assumption of strict exogeneity E[x;:v;s] = 0 for s, t € {1,...,T}.

13.7.1 First Differenced 2SLS Estimator

We need:
]E[AX,‘[—AVH—] =0.

However, we have already argued that Ax;; is correlated with Av;;. What we can do instead is to treat Ax;; as an
endogenous variable like what we saw in instrumental variables. Then, we can try to find an instrument z; for Ax;;
such that:

1. The instrument z; is valid: E[z;;Av;:] =0

2. The instrument z;; is informative: z;; is correlated with Ax;;.

Ayir = AxieB + Avip (588)

fori=1,2,...Nandt=3,...,T.

Elx; —1Avj¢] = 0.
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This is an instrumental-variable orthogonality condition; it does not make Ax;; exogenous and therefore does not
justify FDOLS. Stack the valid instruments in Z and let Pz = Z(Z7Z)7*Z". The first-differenced 2SLS estimator is

N -1
Brp2sis = [(AX)T Pz(AX)] " (AX)T PzAy.
Under instrument validity, relevance, cross-sectional independence, and the usual moment and rank conditions,

Broosis 5B as N — oo with T fixed.
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