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1 Introduction

1.1 Least Squares
Consider the simplest linear model

yi =X o+ ur, (1.1

where all variables are zero mean scalars and where Sy is the true value of the parameter
we want to estimate. The task is to use a sample {y;, x,}tT:1 to estimate 8 and to test
hypotheses about its value, for instance that § = 0.

If there were no movements in the unobserved errors, u;, in (1.1), then any sample
would provide us with a perfect estimate of 8. With errors, any estimate of 8 will still
leave us with some uncertainty about what the true value is. The two perhaps most impor-
tant issues is econometrics are how to construct a good estimator of 8 and how to assess
the uncertainty about the true value.

For any possible estimate, ,3 , we get a fitted residual

iy =y —xp. (1.2)

One appealing method of choosing § is to minimize the part of the movements in y; that
we cannot explain by x; /§ that is, to minimize the movements in ;. There are several
candidates for how to measure the “movements,” but the most common is by the mean of
squared errors, that is, Ethl ﬁ,z /T. We will later look at estimators where we instead use
=L, il /7.

With the sum or mean of squared errors as the loss function, the optimization problem

1 T
min - ; Or —xp)* (1.3)



has the first order condition that the derivative should be zero as the optimal estimate B

T

=3 (v - wb) =0, (14)
t=1

which we can solve for 8 as

-1 T

o 1 1

g = (szf) ?;x,y,,or (1.5)
= Var (x) ™' Cov (x1, 1) , (1.6)

where a hat indicates a sample estimate. This is the Least Squares (LS) estimator.

1.2 Maximum Likelihood

A different route to arrive at an estimator is to maximize the likelihood function. If u, in
(1.1)isiid N (O, 02), then the probability density function of u;, is

pdf (u;) = V2moZexp [—utz/ (202” . (1.7)

Since the errors are independent, we get the joint pdf of the u1, us, ..., ur by multiplying
the marginal pdfs of each of the errors. Then substitute y, — x;8 for u, (the derivative of

the transformation is unity) and take logs to get the log likelihood function of the sample
T T 1<
InZ=-ZI@mn - (02) —E;(y, —xp)? /o’ (1.8)

This likelihood function is maximized by minimizing the last term, which is propor-
tional to the sum of squared errors - just like in (1.3): LS is ML when the errors are iid
normally distributed.

Maximum likelihood estimators have very nice properties, provided the basic dis-
tributional assumptions are correct. If they are, then MLE are typically the most effi-
cient/precise estimators, at least asymptotically. ML also provides a coherent framework
for testing hypotheses (including the Wald, LM, and LR tests).

1.3 The Distribution of 3

Equation (1.5) will give different values of B when we use different samples, that is dif-
ferent draws of the random variables u,, x;, and y,. Since the true value, By, is a fixed
constant, this distribution describes the uncertainty we should have about the true value
after having obtained a specific estimated value.

To understand the distribution of /§ ,use (1.1) in (1.5) to substitute for y;

X 14, -1 | I
B = (T ;x) - gxf (x/Bo + ur)
=5 +(1ix2>llix (1.9)
e r t=1 ' r t=1 " .
where f is the true value.

The first conclusion from (1.9) is that, with u; = 0 the estimate would always be
perfect — and with large movements in u#, we will see large movements in B The second
conclusion is that not even a strong opinion about the distribution of u,, for instance that
u; is iid N (0, 02), is enough to tell us the whole story about the distribution of B. The
reason is that deviations of /§ from B are a function of x;u;, not just of u,. Of course,
when x; are a set of deterministic variables which will always be the same irrespective
of which sample we use, then ,§ — Po is a time invariant linear function of u;, so the
distribution of u, carries over to the distribution of f} This is probably an unrealistic case,
which forces us to look elsewhere to understand the properties of B.

There are two main routes to learn more about the distribution of B : (i) set up a small
“experiment” in the computer and simulate the distribution or (ii) use the asymptotic
distribution as an approximation. The asymptotic distribution can often be derived, in
contrast to the exact distribution in a sample of a given size. If the actual sample is large,
then the asymptotic distribution may be a good approximation.

A law of large numbers would (in most cases) say that both Zthl x2/T and Zthl xiur /T
in (1.9) converges to their expected values as T — oo. The reason is that both are sam-
ple averages of random variables (clearly, both xrz and x;u, are random variables). These
expected values are Var(x;) and Cov(x;, u,), respectively (recall both x; and u; have zero

means). The key to show that ,3 is consistent, that is, has a probability limit equal to B,



is that Cov(x;, u;) = 0. This highlights the importance of using good theory to derive not
only the systematic part of (1.1), but also in understanding the properties of the errors.
For instance, when theory tells us that y, and x; affect each other (as prices and quanti-
ties typically do), then the errors are likely to be correlated with the regressors - and LS
is inconsistent. One common way to get around that is to use an instrumental variables
technique. More about that later. Consistency is a feature we want from most estimators,
since it says that we would at least get it right if we had enough data.

Suppose that 8 is consistent. Can we say anything more about the asymptotic distri-
bution. Well, the distribution of B converges to a spike with all the mass at By, but the
distribution of /T B, or ~/T (/§ - ﬁ()), will typically converge to a non-trivial normal

distribution. To see why, note from (1.9) that we can write

T -1 T
ﬁ(ﬁ—ﬁo) = (;Zﬁ) gZx,u,. (1.10)
t=1

The first term on the right hand side will typically converge to the inverse of Var(x;), as
discussed earlier. The second term is +/7 times a sample average (of the random variable
x:uy) with a zero expected value, since we assumed that E is consistent. Under weak
conditions, a central limit theorem applies so +/T times a sample average converges to
a normal distribution. This shows that ~/T B has an asymptotic normal distribution. It
turns out that this is a property of many estimators, basically because most estimators are
some kind of sample average. For an example of a central limit theorem in action, see
Appendix B

1.4 Diagnostic Tests

Exactly what the variance of \/T (3 — Po) is, and how it should be estimated, depends
mostly on the properties of the errors. This is one of the main reasons for diagnostic tests.
The most common tests are for homoskedastic errors (equal variances of u; and u;_) and
no autocorrelation (no correlation of u, and u;_y).

When ML is used, it is common to investigate if the fitted errors satisfy the basic

assumptions, for instance, of normality.

a. Pdf of N(0,1) b. Pdf of Chi-square(n)
0.4
— n=1
- - n=2
0.2 n=5
0 - -
-2 0 2 10
X X
Figure 1.1: Probability density functions
1.5 Testing Hypotheses about ,3
Suppose we now that the asymptotic distribution of B is such that
ﬁ(ﬁfﬁo)iN(O, vz) or (1.11)

We could then test hypotheses about B as for any other random variable. For instance,

consider the hypothesis that Sy = 0. If this is true, then
Pr (ﬁﬁ/v < —2) —Pr (ﬁﬁ/v > 2) ~ 0.025, (1.12)

which says that there is only a 2.5% chance that a random sample will deliver a value of
VT ,3 /v less than -2 and also a 2.5% chance that a sample delivers a value larger than 2,
assuming the true value is zero.

We then say that we reject the hypothesis that By = 0 at the 5% significance level
(95% confidence level) if the test statistics |v/T ,é /v| is larger than 2. The idea is that,
if the hypothesis is true (8o = 0), then this decision rule gives the wrong decision in
5% of the cases. That is, 5% of all possible random samples will make us reject a true
hypothesis. Note, however, that since this test can only be taken to be an approximation
since it relies on the asymptotic distribution, which is an approximation of the true (and
typically unknown) distribution.

The natural interpretation of a really large test statistics, |/T B/vl =3 say, is that
it is very unlikely that this sample could have been drawn from a distribution where the
hypothesis By = 0 is true. We therefore choose to reject the hypothesis. We also hope that
the decision rule we use will indeed make us reject false hypothesis more often than we



reject true hypothesis. For instance, we want the decision rule discussed above to reject
Bo = 0 more often when Sy = 1 than when By = 0.

There is clearly nothing sacred about the 5% significance level. It is just a matter of
convention that the 5% and 10% are the most widely used. However, it is not uncommon
to use the 1% or the 20%. Clearly, the lower the significance level, the harder it is to reject
a null hypothesis. At the 1% level it often turns out that almost no reasonable hypothesis
can be rejected.

The t-test described above works only the null hypothesis contains a single restriction.
We have to use another approach whenever we want to test several restrictions jointly. The
perhaps most common approach is a Wald test. To illustrate the idea, suppose S is an m x 1
vector and that /T 8 4N (0, V) under the null hypothesis , where V is a covariance

matrix. We then know that
VTEVINTE S 2 m). (1.13)

The decision rule is then that if the left hand side of (1.13) is larger that the 5%, say,
critical value of the x? (m) distribution, then we reject the hypothesis that all elements in
B are zero.

A Practical Matters
A.0.1 Software
o Gauss, MatLab, RATS, Eviews, Stata, PC-Give, Micro-Fit, TSP, SAS

e Software reviews in The Economic Journal and Journal of Applied Econometrics

A.0.2 Useful Econometrics Literature
1. Greene (2000), Econometric Analysis (general)
2. Hayashi (2000), Econometrics (general)
3. Johnston and DiNardo (1997), Econometric Methods (general, fairly easy)

4. Pindyck and Rubinfeld (1997), Econometric Models and Economic Forecasts (gen-
eral, easy)
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10.

12.

13.

14.

15.

17.

18.

19.

20.

. Verbeek (2000), A Guide to Modern Econometrics (general, easy, good applica-

tions)

. Davidson and MacKinnon (1993), Estimation and Inference in Econometrics (gen-

eral, a bit advanced)

. Ruud (2000), Introduction to Classical Econometric Theory (general, consistent

projection approach, careful)

. Davidson (2000), Econometric Theory (econometrics/time series, LSE approach)

. Mittelhammer, Judge, and Miller (2000), Econometric Foundations (general, ad-

vanced)

Patterson (2000), An Introduction to Applied Econometrics (econometrics/time se-
ries, LSE approach with applications)

. Judge et al (1985), Theory and Practice of Econometrics (general, a bit old)

Hamilton (1994), Time Series Analysis

Spanos (1986), Statistical Foundations of Econometric Modelling, Cambridge Uni-

versity Press (general econometrics, LSE approach)
Harvey (1981), Time Series Models, Philip Allan

Harvey (1989), Forecasting, Structural Time Series... (structural time series, Kalman
filter).

. Liitkepohl (1993), Introduction to Multiple Time Series Analysis (time series, VAR

models)
Priestley (1981), Spectral Analysis and Time Series (advanced time series)

Amemiya (1985), Advanced Econometrics, (asymptotic theory, non-linear econo-

metrics)

Silverman (1986), Density Estimation for Statistics and Data Analysis (density es-

timation).

Hirdle (1990), Applied Nonparametric Regression

11



B A CLT in Action

This is an example of how we can calculate the limiting distribution of a sample average.
Remark 1 If VT (X — w)/o ~ N(0, 1) then ¥ ~ N(u, 02/ T).

Example 2 (Distribution of £I_ (zy — 1) /T and VTEL | (zy — 1) /T whenz; ~ x*(1).)
When z; is iid Xz(l), then Zthlz, is distributed as a XZ(T) variable with pdf fr(). We
now construct a new variable by transforming EIT: |2t as to a sample mean around one
(the mean of z;)

21=2l,2/T-1=3, (& -1/T.
Clearly, the inverse function is Elrzlz, = Tz1 + T, so by the “change of variable” rule

we get the pdf of 7, as
gz =fr(Tzi+1T)T.

Example 3 Continuing the previous example, we now consider the random variable
2 =~Tz,

with inverse function 71 = 22/ JT. By applying the “change of variable” rule again, we
get the pdf of 7 as

h@) =g G/NTINT = fr (VT2 +T) VT,

Example 4 When z; is iid Xz(l), then EIT:]z, is XZ(T), which we denote f(Zthlz,). We

now construct two new variables by transforming Ethlz,

21=3",2/T —1=3L,(z —1)/T, and
7 =Tz

Example 5 We transform this distribution by first subtracting one from z; (to remove the
mean) and then by dividing by T or VT. This gives the distributions of the sample mean
and scaled sample mean, 7 = VTZ as

f@n = T12=Vexp (—y/2) withy = TZ + T, and

22T (T/2)°

f@) = TI2=Vexp (—=y/2) withy = VT7; + T.

1
2121 (T/2)°
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a. Distribution of sample average b. Distribution of VT times sample average
3 0.4
— T=5 — T=5
9 \l - - 7=25 - - T=25
T=50 0.2 T=50
N — T=100 ’ — T=100
1
\
/ v K
0 ~ O g
-2 0 2 -5 0 5
Sample average VT times sample average

Figure B.1: Sampling distributions. This figure shows the distribution of the sample
mean and of +/7 times the sample mean of the random variable z; — 1 where z; ~ X2 (D).

These distributions are shown in Figure B.1. It is clear that f (Z1) converges to a spike
at zero as the sample size increases, while f (Z2) converges to a (non-trivial) normal

distribution.

Example 6 (Distributionof £I_ (z; — 1) /T and VTEL | (zy = 1) /T whenz; ~ x*(1).)

When z; is iid x*(1), then Ethlz, is x2(T), that is, has the probability density function

1

T/2—1
= 2TAr (7 )2) (=liz) exp (=2 2,/2).

F(EL2)

We transform this distribution by first subtracting one from z; (to remove the mean) and
then by dividing by T or ~/T. This gives the distributions of the sample mean, 7| =
ZtTZI (z: — 1) /T, and scaled sample mean, 7o, = «/TZ] as

T/2-1

f@@)= exp (—y/2) withy =Tz1+ T, and

1
221 (1/2)°
1

T/2-1 _ . _ =
ST/ (T/Z)y exp (—y/2) withy = VTZ +T.

f @)=

These distributions are shown in Figure B.1. It is clear that f (Z1) converges to a spike
at zero as the sample size increases, while f (z2) converges to a (non-trivial) normal

distribution.
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2 Univariate Time Series Analysis

Reference: Greene (2000) 13.1-3 and 18.1-3
Additional references: Hayashi (2000) 6.2-4; Verbeek (2000) 8-9; Hamilton (1994); John-
ston and DiNardo (1997) 7; and Pindyck and Rubinfeld (1997) 16-18

2.1 Theoretical Background to Time Series Processes

Suppose we have a sample of T observations of a random variable
it =D v or )

where subscripts indicate time periods. The superscripts indicate that this sample is from
planet (realization) i. We could imagine a continuum of parallel planets where the same
time series process has generated different samples with 7' different numbers (different
realizations).

Consider period ¢. The distribution of y; across the (infinite number of) planets has

some density function, f; (y;). The mean of this distribution

Ey, = / yify o) dy @.1)

is the expected value of the value in period ¢, also called the unconditional mean of y;.
Note that Ey, could be different from Ey, ;. The unconditional variance is defined simi-
larly.

Now consider periods ¢ and ¢ — s jointly. On planet i we have the pair {yf_w y}}
The bivariate distribution of these pairs, across the planets, has some density function

8i—s.t Vi—s» y;).! Calculate the covariance between y,_, and y, as usual

oo (o]
Cov (yr—s, yr) = / / r—s = Eyr—s) (r — Ey1) gr—s.t Or—s,» o) dyrdyr—s  (2.2)
—00 J —00

=E (y—s —Eyi—s) (r —Eys). (2.3)

IThe relation between fi () and gr—s ;s (Yr—s, y1) is, as usual, f; (yr) = f,oooc 8r—s.t Vr—s» Yt) dYt—s.

16

This is the s autocovariance of y;. (Of course, s = 0 or s < 0 are allowed.)

A stochastic process is covariance stationary if

Ey; = p is independent of ¢, 2.4)
Cov (ys—s, ¥1) = ys depends only on s, and 2.5)
both u and y; are finite. (2.6)

Most of these notes are about covariance stationary processes, but Section 2.7 is about
non-stationary processes.

Humanity has so far only discovered one planet with coin flipping; any attempt to
estimate the moments of a time series process must therefore be based on the realization
of the stochastic process from planet earth only. This is meaningful only if the process is
ergodic for the moment you want to estimate. A covariance stationary process is said to

be ergodic for the mean if
T
1
plim - Zl Y =Ey. @.7)

so the sample mean converges in probability to the unconditional mean. A sufficient

condition for ergodicity for the mean is

o]
> " 1Cov (yi—s. 31| < o0 2.8)
s=0

This means that the link between the values in 7 and t — 5 goes to zero sufficiently fast
as s increases (you may think of this as getting independent observations before we reach
the limit). If y; is normally distributed, then (2.8) is also sufficient for the process to be
ergodic for all moments, not just the mean. Figure 2.1 illustrates how a longer and longer
sample (of one realization of the same time series process) gets closer and closer to the

unconditional distribution as the sample gets longer.

2.2 Estimation of Autocovariances
Let y; be a vector of a covariance stationary and ergodic. The sth covariance matrix is

R(s) =E (3 —Ey) (r—s — Eyi—y). 2.9)

17



One sample from an AR(1) with corr=0.85 Histogram, obs 1-20
5
0.2
0
0.1
-5
0
0 500 1000 -5 0 5
period
Histogram, obs 1-1000 Mean and Std over longer and longer samples
4 —— Mean
0.2 DY IOV el -L”: T
0.1
-2
0
-5 0 5 0 500 1000
sample length

Figure 2.1: Sample of one realization of y, = 0.85y,_1 + & with yp = 4 and Std(¢;) = 1.

Note that R (s) does not have to be symmetric unless s = 0. However, note that R (s) =
R (—s)’. This follows from noting that

R(—=s) =E( —Ey) (45 — Eyf+5),
=E s —Ey—) (3 —Ey)’, (2.10a)

where we have simply changed time subscripts and exploited the fact that y, is covariance
stationary. Transpose to get

R (=)' =E( —Ey) (i—s —Eyi—). 211

which is the same as in (2.9). If y, is a scalar, then R (s) = R (—s), which shows that

autocovariances are symmetric around s = 0.

18

Example 1 (Bivariate case.) Let y; = [x;, ;] with Ex; =Ez, = 0. Then

Ié(s):E|:Zi||:x,_s Z,_s]

_ |: Cov (x;, x1—5) Cov (xy, Zy—s) :|

Cov (zs, X1—s)  Cov (24, X1—5)

Note that R (—s) is

R (—s) = Cov (xz, X145)  Cov (X1, Zrts)
Cov (21, Xr45)  Cov (2t, X1+s)

Cov (zi—s, x1) Cov (z—s, X1)

_ [ Cov (x—s, x1)  Cov (x;—s, 2¢) }

which is indeed the transpose of R (s).

The autocovariances of the (vector) y; process can be estimated as

T
o 1 _ -
Re)=2 2 =90 =5, (2.12)
t=1+s
1 T
with § = — ;y,. (2.13)

(We typically divide by T in even if we have only 7' —s full observations to estimate R (s)
from.)

Autocorrelations are then estimated by dividing the diagonal elements in R (s) by the
diagonal elements in R (0)

o(s) = diagl% (s) /diagl? (0) (element by element). (2.14)
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2.3 White Noise

A white noise time process has

Ee; =0
Var (g;) = 02, and
Cov (g/—s5, &) =0if s # 0. (2.15)

If, in addition, &, is normally distributed, then it is said to be Gaussian white noise. The
conditions in (2.4)-(2.6) are satisfied so this process is covariance stationary. Moreover,
(2.8) is also satisfied, so the process is ergodic for the mean (and all moments if ¢&; is

normally distributed).
2.4 Moving Average
A q’h—order moving average process is

Ve =& +01&-1+ ...+ 0464, (2.16)

where the innovation &; is white noise (usually Gaussian). We could also allow both y,
and ¢&; to be vectors; such a process it called a vector MA (VMA).
We have Ey, = 0 and
Var (y;,) = E (e, + 6161 +...+ Gqsf,q) (a, + 60161+ ...+ Gqs,,q)
:az(1+912+...+9§). 2.17)

Autocovariances are calculated similarly, and it should be noted that autocovariances of

order ¢ + 1 and higher are always zero for an MA(g) process.

Example 2 The mean of an MA(1), y; = & + 61&,—1, is zero since the mean of &; (and

&—1) is zero. The first three autocovariance are

Var () = E (60 + 6re,1) (& + 01601) = o (1+67)
Cov (yi—1, 1) = E (811 + 018:22) (& + O18,-1) = 026,
Cov (yi—2,¥) = E(&-2+0183) (&, + 015,1) =0, (2.18)
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and Cov(y;—g, yr) = 0 for |s| > 2. Since both the mean and the covariances are finite
and constant across t, the MA(1) is covariance stationary. Since the absolute value of
the covariances sum to a finite number, the MA(1) is also ergodic for the mean. The first

autocorrelation of an MA(1) is

0

Corr (Y11, y1) = TQ%

Since the white noise process is covariance stationary, and since an MA(g) with m <
oo is a finite order linear function of &, it must be the case that the MA(g) is covariance
stationary. It is ergodic for the mean since Cov(y;—s, yr) = 0 for s > ¢, so (2.8) is
satisfied. As usual, Gaussian innovations are then sufficient for the MA(g) to be ergodic
for all moments.

The effect of & on y;, y+1, ..., that is, the impulse response function, is the same as

the MA coefficients
Iy Y41 0Yr+q

ad
=1, =0 ... =0,. and 2Ttk
de; 0g; der ey

=0fork > 0. (2.19)
This is easily seen from applying (2.16)

Ye=2¢& +01&-1+...+0,64

Yit1 = &1+ 018 + o + 0p8—g11

Vitg = Et+q T 018—14g + ... + 048
Vitq+l = Ertq+1 + 01814g + . + Og8141.

t—s

The expected value of y;, conditional on {&,,},,2_, is

E—syi =Eis (8 + O16-1 + oo + 05615 + ... + Og61—q)
=056 s+ ... + 0484, (2.20)

since B;_s&1_(s—1) = ... =E;_5& = 0.
Example 3 (Forecasting an MA(1).) Suppose the process is

Vi = & + 6181, with Var (&) = o’
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The forecasts made in t = 2 then have the follow expressions—with an example using

01 =2,e1 =3/4and ey = 1/2 in the second column

General Example
» =1/2+2x3/4=2
Erys = Ea (g3 + 0162) = 0162 =2x1/2=1
Eryy = E (g4 + 6163) =0 =0

Example 4 (MA(1) and conditional variances.) From Example 3, the forecasting vari-

ances are—with the numerical example continued assuming that o* = 1

General Example
Var(y, — Ezy2) =0 =0
Var(ys — Ezy3) = Var(ez + 0162 — 0162) = 02 =1
Var(ys — Ezys) = Var (¢4 + 0163) = 0> + 0702 =5

If the innovations are iid Gaussian, then the distribution of the s —period forecast error

Ve —Bi—syr = & + 0181+ ... + 0518 (5-1)

v =By ~ N[0.0% (1467 + .. +62,)] @21)
since &, &_1, ..., &—(s—1) are independent Gaussian random variables. This implies that
the conditional distribution of y;, conditional on {&,}},__ ., is

yel{er—s, €1—5—1, ...} ~ N [Er—syt’ Var(y; — Et—xyt)] (2.22)

~N [osg,,x F ot O, 07 (1 FO2 4.+ 9371)] . 223)

The conditional mean is the point forecast and the variance is the variance of the forecast
error. Note thatif s > ¢, then the conditional distribution coincides with the unconditional

distribution since ¢,_g for s > ¢ is of no help in forecasting y;.

Example S (MA(1) and convergence from conditional to unconditional distribution.) From

examples 3 and 4 we see that the conditional distributions change according to (where
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Q) indicates the information setint = 2)

General Example
¥21 22 ~ N (y2,0) =N(2,0)
31 Q2 ~ N (Epys, Var(ys — Exy3)) =N (1, 1)
y4l Qo ~ N (Ezya, Var(ys — Exys)) = N (0,5)

Note that the distribution of ys1| Qg coincides with the asymptotic distribution.
Estimation of MA processes is typically done by setting up the likelihood function
and then using some numerical method to maximize it.
2.5 Autoregression
A p'"-order autoregressive process is
Ve=a1y—1+ay 2+ ... +apyp+ & (2.24)

A VAR(p) is just like the AR(p) in (2.24), but where y; is interpreted as a vector and a;

as a matrix.

Example 6 (VAR(1) model.) A VAR(1) model is of the following form

Vit _ ayr a2 Yir—1 + €1t
Yar azy ax Y2r—1 &2t

All stationary AR(p) processes can be written on MA(co) form by repeated substitu-
tion. To do so we rewrite the AR(p) as a first order vector autoregression, VAR(1). For

instance, an AR(2) x; = ajx;—1 + axx;—» + & can be written as

Xt _ a az Xt—1 + &t . or (2.25)
Xr—1 1 0 Xt—2 0
Y = Ayr—1 + &, (2.26)

where y; is an 2 x 1 vector and A a 4 x 4 matrix. This works also if x; and &, are vectors

and. In this case, we interpret a; as matrices and 1 as an identity matrix.
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Iterate backwards on (2.26)

yi=AAy2+¢&-1)+&
= A2y1—2 + Ag—1 + &

K
=AMty k) A (2.27)
s=0

Remark 7 (Spectral decomposition.) The n eigenvalues (\;) and associated eigenvectors

(zi) of the n x n matrix A satisfy
(A= Aily) zi = 041

If the eigenvectors are linearly independent, then

A0 - 0

= -1 N U -

A=ZANZ ", where A = o andZ =\ z1 = Zn
0 0 -+ Ay

Note that we therefore get
A2 =AA=ZAZ 'ZAZ ' = ZAAZ ' = ZA%Z7 = A1 = ZA1Z7)

Remark 8 (Modulus of complex number.) If . = a + bi, where i = «/—1, then || =
la + bi| = va? + b2

Take the limit of (2.27) as K — oo. If limg_.o0 AX*t1y,_x_; = 0, then we have
a moving average representation of y, where the influence of the starting values vanishes

asymptotically
[e¢]
=) A . (2.28)
s=0

We note from the spectral decompositions that AX+! = ZAK+1Z=1 where Z is the ma-

trix of eigenvectors and A a diagonal matrix with eigenvalues. Clearly, limg oo AKXy, x| =

0 is satisfied if the eigenvalues of A are all less than one in modulus and y;_x_; does not
grow without a bound.
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Conditional moments of AR(1), y0:4

Conditional distributions of AR(1), y0:4

4 0.4
- T — s=1
- — - s=3
7/
9 — Mean 0.2 s=5
— - Variance : - s=7 /7 g
/ — =7 /7, N
7 N\
2 7 N
0 0 —
0 10 20 -5 0 5
Forecasting horizon x

Figure 2.2: Conditional moments and distributions for different forecast horizons for the
AR(1) process y; = 0.85y,—1 + & with yo = 4 and Std(g;) = 1.

Example 9 (AR(1).) For the univariate AR(1) y; = ay;—1+¢€;, the characteristic equation
is (a — A) z = 0, which is only satisfied if the eigenvalue is A = a. The AR(1) is therefore
stable (and stationarity) if —1 < a < 1. This can also be seen directly by noting that

aK'Hy,_K_l declines to zero if 0 < a < 1 as K increases.

Similarly, most finite order MA processes can be written (“inverted”) as AR(c0). It is
therefore common to approximate MA processes with AR processes, especially since the
latter are much easier to estimate.

Example 10 (Variance of AR(1).) From the MA-representation y; = Z?io a‘e;_s and
the fact that g, is white noise we get Var(y;) = o2 Zfio a® = o?/ (l — az)‘ Note that
this is minimized at a = 0. The autocorrelations are obviously a*!. The covariance

matrix of { y,},T:] is therefore (standard deviation x standard deviation x autocorrelation)

1 a a? -1
a 1 a -2
o’ 2 T-3
a 1 -
1 —a?
al—1 qT-2 4T3 1

Example 11 (Covariance stationarity of an AR(1) with |a| < 1.) From the MA-representation

V= Zfio a’e;_s, the expected value of y, is zero, since Eg,_y = 0. We know that

Cov(yr, yi—s)= a¥la?/ (1 - az) which is constant and finite.
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Example 12 (Ergodicity of a stationary AR(1).) We know that Cov(y;, yi—s)= a¥la2/ (1 - az),

so the absolute value is
(Coviy i)l = lal*l 0%/ (1 - a?)

Using this in (2.8) gives

00 o2 &
_ s
E |Cov (Yr—s» yt)l = m Z() la|
s=l

s=0

o2

= mm (since la| < 1)

which is finite. The AR(1) is ergodic if |a| < 1.

Example 13 (Conditional distribution of AR(1).) For the AR(1) y; = ay;—1 + & with
g ~N (0, 02), we get

Eyips = a’y,
Var (Yeas — Etyr4s) = (1 +d+a*+..+ am*l)) o?
a2s 1

2
= o’
a?—1

The distribution of y;1s conditional on y; is normal with these parameters. See Figure

2.2 for an example.

2.5.1 Estimation of an AR(1) Process

Suppose we have sample {y,},TZO of a process which we know is an AR(p), yy = ay,—1 +

&, with normally distributed innovations with unknown variance o2,

The pdf of y; conditional on yj is

1 (1 — ayo)’
df = - , 2.29
pdf (y1lyo) oz exp ( 752 (229
and the pdf of y, conditional on y; and yy is
I (y2 —ay)?
df , = ——. 2.30
pdf (2] {y1, yo}) T eXP( 792 (2.30)
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Recall that the joint and conditional pdfs of some variables z and x are related as
pdf (x, z) = pdf (x|z) * pdf (z) . (2.31)
Applying this principle on (2.29) and (2.31) gives

pdf (y2, y11y0) = pdf (y2| {y1, yo}) pdf (y11y0)

1 2 _ 2+ — aue)2
_ (m) exp (_()’2 ayr) zaz(yl ayo) ) 2.32)

Repeating this for the entire sample gives the likelihood function for the sample

T
) 1
pdf ()| 0) = (2702) " exp (—262 > 0i— aly,_oz) .e®
t=1

Taking logs, and evaluating the first order conditions for o and @ gives the usual OLS
estimator. Note that this is MLE conditional on y,. There is a corresponding exact MLE,
but the difference is usually small (the asymptotic distributions of the two estimators are
the same under stationarity; under non-stationarity OLS still gives consistent estimates).
The MLE of Var(e,) is given by Z,T:l 2/ T, where 0, is the OLS residual.

These results carry over to any finite-order VAR. The MLE, conditional on the initial
observations, of the VAR is the same as OLS estimates of each equation. The MLE of
the ij'* element in Cov(g,) is given by Z,T:I ;;0j;/T, where 0;; and 0, are the OLS
residuals.

To get the exact MLE, we need to multiply (2.33) with the unconditional pdf of yg

(since we have no information to condition on)

pdf (yo) = (2.34)

1 yé
exp | — )
V2ro2/(1 — a?) 20%/(1 —a?)

since yo ~ N (0, 02/(1 — a?)). The optimization problem is then non-linear and must be

solved by a numerical optimization routine.
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2.5.2 Lag Operators*

A common and convenient way of dealing with leads and lags is the lag operator, L. It is
such that
L*y; = y;— for all (integer) s.

For instance, the ARMA(2,1) model

Vi —aryi—1 — axyr—2 = & + 018 (2.35)
can be written as

(1 —alL—asz) yi=(+6L)e, (2.36)

which is usually denoted
aL)y, =0(@L)é&;. (2.37)

2.5.3 Properties of LS Estimates of an AR(p) Process*

Reference: Hamilton (1994) 8.2
The LS estimates are typically biased, but consistent and asymptotically normally
distributed, provided the AR is stationary.

As usual the LS estimate is

T -7
N 1 1
BLs — B = {T ;xzxt/] T ;xtst, where (2.38)
X = [ Yi—1 Yr=2 =+ Vi—p ]

The first term in (2.38) is the inverse of the sample estimate of covariance matrix of
x; (since Ey, = 0), which converges in probability to X! (y, is stationary and ergodic
for all moments if &; is Gaussian). The last term, %ZLI Xt &, is serially uncorrelated,
so we can apply a CLT. Note that Ex,&,¢;x; =Ee,e;Ex,x; = 2%, since u, and x, are

independent. We therefore have

[~

1 d 2
.. ]x,g,—> N(O,a zm>. (2.39)

t
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Combining these facts, we get the asymptotic distribution
JT (BLS - ,8) N (0, 2;;02) . (2.40)
Consistency follows from taking plim of (2.38)
1 I
plim (ﬁLs - ﬁ) = 5 plim ;x,&‘,
=0,

since x; and &, are uncorrelated.

2.6 ARMA Models
An ARMA model has both AR and MA components. For instance, an ARMA(p,q) is
Ve=aa1Yi—1 + @y + ...+ apy—p+e& + 0181+ ...+ 0,64 (2.41)

Estimation of ARMA processes is typically done by setting up the likelihood function and
then using some numerical method to maximize it.

Even low-order ARMA models can be fairry flexible. For instance, the ARMA(1,1)
model is

v = ay;—1 + & + 0¢&;_1, where g, is white noise. (2.42)

The model can be written on MA(oo) form as

oo
=gt ) aa+ 0. (243)

s=1
The autocorrelations can be shown to be

_ (1+ab)(a+6)

= ,and p; = aps—; fors =2,3, ... 2.44
p1 1562+ 2a0 > M4 os = aps—y fors (2.44)

and the conditional expectations are
E; yips = a* Nay, +0e)s=1,2,... (2.45)

See Figure 2.3 for an example.
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ARMA(1,1):y, =ay, ,+¢,+ 0,

period

Figure 2.3: Impulse response function of ARMAC(1,1)

2.7 Non-stationary Processes

2.7.1 Introduction

A trend-stationary process can be made stationary by subtracting a linear trend. The
simplest example is
yi=pn+ Bt +¢ (2.46)

where &, is white noise.
A unit root process can be made stationary only by taking a difference. The simplest
example is the random walk with drift

Ye=pn+ V-1 + &, (2.47)

where &, is white noise. The name “unit root process” comes from the fact that the largest
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eigenvalues of the canonical form (the VAR(1) form of the AR(p)) is one. Such a process
is said to be integrated of order one (often denoted I(1)) and can be made stationary by
taking first differences.

Example 14 (Non-stationary AR(2).) The process y; = 1.5y,—1 — 0.5y,—2 + & can be

AR R

where the matrix has the eigenvalues 1 and 0.5 and is therefore non-stationary. Note that

written

subtracting y,—1 from both sides gives y; — y;—1 = 0.5 (yi—1 — yt—2) + &, so the variable

Xy = Yt — Yi—1 Is stationary.

The distinguishing feature of unit root processes is that the effect of a shock never
vanishes. This is most easily seen for the random walk. Substitute repeatedly in (2.47) to

get

y=p+WU+ty—2+e—1)te

t
=tu+y0+ Y & (2.48)
s=1

The effect of &, never dies out: a non-zero value of & gives a permanent shift of the level
of y,. This process is clearly non-stationary. A consequence of the permanent effect of
a shock is that the variance of the conditional distribution grows without bound as the
forecasting horizon is extended. For instance, for the random walk with drift, (2.48), the
distribution conditional on the informationin = 0is N (yo + 1, saz) if the innovations
are Gaussian. This means that the expected change is #;« and that the conditional vari-
ance grows linearly with the forecasting horizon. The unconditional variance is therefore
infinite and the standard results on inference are not applicable.

In contrast, the conditional distributions from the trend stationary model, (2.46), is
N (st, 02).

A process could have two unit roots (integrated of order 2: 1(2)). In this case, we need
to difference twice to make it stationary. Alternatively, a process can also be explosive,
that is, have eigenvalues outside the unit circle. In this case, the impulse response function
diverges.
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Example 15 (Two unit roots.) Suppose y; in Example (14) is actually the first difference

of some other series, y; = z; — z;—1. We then have

2 —Z—1 = 1.5(z—1 — 21-2) = 0.5 (zr—2 — 21-3) + &

7 =2.521 -2 2+05z,3+¢,

which is an AR(3) with the following canonical form

2 25 =2 0.5 Zt—1 &t
Zr—1 S5 1 0 0 -2 + 0
-2 0 1 0 -3 0

The eigenvalues are 1, 1, and 0.5, so z; has two unit roots (integrated of order 2: 1(2) and

needs to be differenced twice to become stationary).

Example 16 (Explosive AR(1).) Consider the process y; = 1.5y;,_1 + &;. The eigenvalue
is then outside the unit circle, so the process is explosive. This means that the impulse

response to a shock to ; diverges (it is 1.5° for s periods ahead).

2.7.2 Spurious Regressions

Strong trends often causes problems in econometric models where y; is regressed on x;.
In essence, if no trend is included in the regression, then x; will appear to be significant,
just because it is a proxy for a trend. The same holds for unit root processes, even if
they have no deterministic trends. However, the innovations accumulate and the series
therefore tend to be trending in small samples. A warning sign of a spurious regression is
when R? > DW statistics.

For trend-stationary data, this problem is easily solved by detrending with a linear
trend (before estimating or just adding a trend to the regression).

However, this is usually a poor method for a unit root processes. What is needed is a
first difference. For instance, a first difference of the random walk is

Ayr = yr — yi-1
=&, (2.49)

which is white noise (any finite difference, like y, — y;—, will give a stationary series), so

32

we could proceed by applying standard econometric tools to Ay;.

One may then be tempted to try first-differencing all non-stationary series, since it
may be hard to tell if they are unit root process or just trend-stationary. For instance, a
first difference of the trend stationary process, (2.46), gives

Ye—Yyi—1 =B+ & —&-1. (2.50)

Its unclear if this is an improvement: the trend is gone, but the errors are now of MA(1)
type (in fact, non-invertible, and therefore tricky, in particular for estimation).

2.7.3 Testing for a Unit Root I*

Suppose we run an OLS regression of
Yr=ay—1+é, (2.51)
where the true value of |a| < 1. The asymptotic distribution is of the LS estimator is
VT (@—a) ~N(0.1-a?). (2.52)

(The variance follows from the standard OLS formula where the variance of the estimator
is o2 (X’X/T)fl. Here plim X'X /T =Var(y,) which we know is 62/ (1 — uz)).

It is well known (but not easy to show) that when a = 1, then a is biased towards
zero in small samples. In addition, the asymptotic distribution is no longer (2.52). In
fact, there is a discontinuity in the limiting distribution as we move from a stationary/to
a non-stationary variable. This, together with the small sample bias means that we have
to use simulated critical values for testing the null hypothesis of a = 1 based on the OLS
estimate from (2.51).

The approach is to calculate the test statistic

a—1
t = SW@)
and reject the null of non-stationarity if t is less than the critical values published by
Dickey and Fuller (typically more negative than the standard values to compensate for the
small sample bias) or from your own simulations.
In principle, distinguishing between a stationary and a non-stationary series is very
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difficult (and impossible unless we restrict the class of processes, for instance, to an
AR(2)), since any sample of a non-stationary process can be arbitrary well approximated
by some stationary process et vice versa. The lesson to be learned, from a practical point
of view, is that strong persistence in the data generating process (stationary or not) invali-
dates the usual results on inference. We are usually on safer ground to apply the unit root

results in this case, even if the process is actually stationary.

2.7.4 Testing for a Unit Root IT*

Reference: Fuller (1976), Introduction to Statistical Time Series; Dickey and Fuller (1979),
“Distribution of the Estimators for Autoregressive Time Series with a Unit Root,” Journal
of the American Statistical Association, 74, 427-431.

Consider the AR(1) with intercept

v =y +oay—1+u, or Ay, =y + By—1 +u;, where f=(a—1). (2.53)

The DF test is to test the null hypothesis that § = 0, against 8 < 0 using the usual
t statistic. However, under the null hypothesis, the distribution of the ¢ statistics is far
from a student-t or normal distribution. Critical values, found in Fuller and Dickey and
Fuller, are lower than the usual ones. Remember to add any nonstochastic regressors
that in required, for instance, seasonal dummies, trends, etc. If you forget a trend, then
the power of the test goes to zero as T — oo. The critical values are lower the more
deterministic components that are added.

The asymptotic critical values are valid even under heteroskedasticity, and non-normal
distributions of u;. However, no autocorrelation in u, is allowed for. In contrast, the
simulated small sample critical values are usually only valid for iid normally distributed
disturbances.

The ADF test is a way to account for serial correlation in u,. The same critical values
apply. Consider an AR(1) u; = pu;_; + e;. A Cochrane-Orcutt transformation of (2.53)

gives
Ay =y (1 —p)+By—1 +p B+ 1) Ay_1+e, where f=p(1—p). (2.54)

The test is here the # test for ﬁ . The fact that 8 = B (1 — p) is of no importance, since E is

zero only if B is (as long as p < 1, as it must be). (2.54) generalizes so one should include
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p lags of Ay, if u, is an AR(p). The test remains valid even under an MA structure if
the number of lags included increases at the rate 7'/ as the sample lenngth increases.
In practice: add lags until the remaining residual is white noise. The size of the test
(probability of rejecting Hyp when it is actually correct) can be awful in small samples for
a series that is a I(1) process that initially “overshoots” over time, as Ay, = ¢; — 0.8¢;_1,
since this makes the series look mean reverting (stationary). Similarly, the power (prob of
rejecting Ho when it is false) can be awful when there is a lot of persistence, for instance,
if @ = 0.95.

The power of the test depends on the span of the data, rather than the number of
observations. Seasonally adjusted data tend to look more integrated than they are. Should
apply different critical values, see Ghysel and Perron (1993), Journal of Econometrics,
55, 57-98. A break in mean or trend also makes the data look non-stationary. Should
perhaps apply tests that account for this, see Banerjee, Lumsdaine, Stock (1992), Journal
of Business and Economics Statistics, 10, 271-287.

Park (1990, “Testing for Unit Roots and Cointegration by Variable Addition,” Ad-
vances in Econometrics, 8, 107-133) sets up a framework where we can use both non-
stationarity as the null hypothesis and where we can have stationarity as the null. Consider
the regression

P q

=Y B+ Y Bt tu, (2.55)

=0 s=p+1
where the we want to testif Hyp: By = 0,5 = p+1, ..., q. If F (p, q) is the Wald-statistics
for this, then J (p,q) = F (p,q)/T has some (complicated) asymptotic distribution
under the null. You reject non-stationarity if J (p, g) < critical value, since J (p, g) =7
0 under (trend) stationarity.

Now, define

Var (uy) 2 L
G(p,q)=F(p,q) —F———— ~ Xp—q under Hy of stationarity, (2.56)

Var (ﬁﬁ,)

and G (p, g) —* oo under non-stationarity, so we reject stationarity if G (p, ¢) > critical
value. Note that Var(u,) is a traditional variance, while Var(«/ Tu ,) can be estimated with
a Newey-West estimator.
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2.7.5 Cointegration*

Suppose yi; and yy; are both (scalar) unit root processes, but that

2 =y — Byx (2.57)

(1 ][]

is stationary. The processes y; and x; must then share the same common stochastic trend,
and are therefore cointegrated with the cointegrating vector [ 1 -8 ] Running the
regression (2.57) gives an estimator /§Ls which converges much faster than usual (it is
“superconsistent”) and is not affected by any simultaneous equations bias. The intuition
for the second result is that the simultaneous equations bias depends on the simultaneous
reactions to the shocks, which are stationary and therefore without any long-run impor-
tance.

This can be generalized by letting y; be a vector of n unit root processes which follows
a VAR. For simplicity assume it is a VAR(2)

Ve =A1y—1+ Ay 2 +e. (2.58)
Subtract y; from both sides, add and subtract A,y,;_; from the right hand side

Ve = Yi—1 = A1yi—1 + A2y o+ & — yio1 + A2y — Adyig
=A1+A—Dy—1— A (-1 — y-2) + & (2.59)

The left hand side is now stationary, and so is y;_; — y;—» and & on the right hand side. It
must therefore be the case that (A} + Ay — I) y;—1 is also stationary; it must be n linear
combinations of the cointegrating vectors. Since the number of cointegrating vectors must
be less than n, the rank of A+ A, — I must be less than n. To impose this calls for special
estimation methods.

The simplest of these is Engle and Granger’s two-step procedure. In the first step, we
estimate the cointegrating vectors (as in 2.57) and calculate the different z; series (fewer
than n). In the second step, these are used in the error correction form of the VAR

Ve = V-1 =VZ-1— A2 (-1 — y1-2) + & (2.60)
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to estimate y and A,. The relation to (2.59) is most easily seen in the bivariate case. Then,
by using (2.57) in (2.60) we get

w=yer=[y =y |y = A =y + e 2.61)

so knowledge (estimates) of 8 (scalar), y (2 x 1), Ay (2 x 2) allows us to “back out” Aj.
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Example 1 (m; is a scalar iid process.) When m, is a scalar iid process, then

T T
1 1
Var (T ; m,) =7 Z Var (m;) /*independently distributed™/

t=1

3 The Distribution of a Sample Average

1
- *j i istri *
Reference: Hayashi (2000) 6.5 = TzTV‘” (my) /*identically distributed*/

Additional references: Hamilton (1994) 14; Verbeek (2000) 4.10; Harris and Matyas — l Var (m;) .
(1999); and Pindyck and Rubinfeld (1997) Appendix 10.1; Cochrane (2001) 11.7 r
This is the classical iid case. Clearly, limy—.o,Var(m) = 0. By multiplying both sides by

3.1 Variance of a Sample Average T we instead get Var(ﬁm) = Var(m;), which is often more convenient for asymptotics.

Example 2 Let x; and z; be two scalars, with samples averages x and 7. Let m; =
/

[ Xt % } . Then Cov(m) is
heteroskedasticity. This is more restrictive than we want, but we will return to that further i|)
on 3 [ Var(¥)  Cov (¥, Z) }

In order to understand the distribution of many estimators we need to get an important

building block: the variance of a sample average.

IS TIR1

Consider a covariance stationary vector process m; with zero mean and Cov(m;, m;_s) =
R (s) (which only depends on s). That is, we allow for serial correlation in m,, but no Cov (m) = Cov <|:

Letm = ZLI m;/T. The sampling variance of a mean estimator of the zero mean Cov(z, %)  Var(d)

random variable m;, is defined as Example 3 (Cov(m) with T = 3.) With T = 3, we have

7

- RS Iy Cov (T) =
Cov(m) =E (T;m,) (szr) . 3.1

— E(m1+m2+m3)(m/l+m/2+m§):

’ ’ ’ / I ’ ! / /
Let the covariance (matrix) at lag s be E (mim', +mamy + m3m3) + E (mamy + m3m) + E (mim) + mams) + \Em3ml, + \Em1m3 ’

3R(0) 2R(1) 2R(—1) R(2) R(-2)

R (s) = Cov (m;, mi—s) The general pattern in the previous example is

=Emm,_,, (3.2) 71
since Em; = 0 for all 7. Cov (T'm) = (Z (T —IsD) R(s5). G3)
s=—(T—1)
Divide both sides by T
T—1 Is|
Cov (ﬁm) - ¥ (1 - 7) R(s). (G.4)

s=—(T-1)

This is the exact expression for a given sample size.

38 39



In many cases, we use the asymptotic expression (limiting value as 7 — o) instead.

If R (s) = O0fors > g som; is an MA(q), then the limit as the sample size goes to infinity
is

q
ACov (ﬁm) = lim Cov (ﬁm) =3 R, (3.5)
T—o0 P
where ACov stands for the asymptotic variance-covariance matrix. This continues to hold
even if ¢ = oo, provided R (s) goes to zero sufficiently quickly, as it does in stationary

VAR systems. In this case we have

o0
ACov (VTii) = 3 R). (3.6)
§=—00
Estimation in finite samples will of course require some cut-off point, which is discussed
below.
The traditional estimator of ACov (ﬁ rh) is just R(0), which is correct when m, has
no autocorrelation, that is

ACov (ﬁm) — R(0) = Cov (my, my) if Cov (my, my_y) fors £0.  (3.7)

By comparing with (3.5) we see that this underestimates the true variance of autocovari-
ances are mostly positive, and overestimates if they are mostly negative. The errors can

be substantial.

Example 4 (Variance of sample mean of AR(1).) Let my = pm;_1 + u;, where Var(u;) =
o2. Note that R (s) = p"lo?/ (1 - pz), S0

o0
AVar(ﬁrﬁ): Z R(s)
§=—00
2 o 2 o
o o
— Is| _ K
= ol = 142 P
o =)
_ o2 1+p
T 1=p21=—p°

which is increasing in p (provided |p| < 1, as required for stationarity). The variance
of m is much larger for p close to one than for p close to zero: the high autocorrelation

create long swings, so the mean cannot be estimated with any good precision in a small
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Variance of sample mean, AR(1) Var(sample mean)/Var(series), AR(1)
100 100
50 50
0 0
-1 0 1 -1 0 1
AR(1) coefficient AR(1) coefficient

Figure 3.1: Variance of /T times sample mean of AR(1) process m; = pm;_1 + u;.

sample. If we disregard all autocovariances, then we would conclude that the variance of
VT iso?/ (1 — pz), which is smaller (larger) than the true value when p > 0 (p < 0).
For instance, with p = 0.85, it is approximately 12 times too small. See Figure 3.1.a for

an illustration.

Example 5 (Variance of sample mean of AR(1), continued.) Part of the reason why
Var(m) increased with p in the previous examples is that Var(m;) increases with p. We
can eliminate this effect by considering how much larger AVar(~/T) is than in the iid
case, that is, AVar(ﬁrﬁ)/Var(m,) = (14 p) /(1 — p). This ratio is one for p = 0 (iid
data), less than one for p < 0, and greater than one for m > 0. This says that if relatively
more of the variance in m; comes from long swings (high p), then the sample mean is

more uncertain. See Figure 3.1.b for an illustration.

Example 6 (Variance of sample mean of AR(1), illustration of why limr_,  of (3.4).)
Foran AR(1) (3.4) is

2 T-1

_ Is|
Var (ﬁm) = ] i pe ,:7;71) (1 — %) p\xl
o2 ! s
— 5
=1 {1+2§<1—T)p:|

2 T+1 _
I 2[1+2 P 42P pz].
1—p l—p  TA-p)

41



The last term in brackets goes to zero as T goes to infinity. We then get the result in

Example 4.

3.2 The Newey-West Estimator

3.2.1 Definition of the Estimator

Newey and West (1987) suggested the following estimator of the covariance matrix in
(3.5) as (forsomen < T')

ACov (Vi) = Z (1—#)1«)

S=—n

= R(0) + Z (
= RO) + Z ( ) R(s) + R (s)) where 3.8)

) R(s) + Ié(fs)) ,or since R(—s) = R'(s),

T
R(s) = %g;l mm,_, (if Em, = 0). (3.9)
The tent shaped (Bartlett) weights in (3.8) guarantee a positive definite covariance
estimate. In contrast, equal weights (as in (3.5)), may give an estimated covariance matrix
which is not positive definite, which is fairly awkward. Newey and West (1987) showed
that this estimator is consistent if we let n go to infinity as 7 does, but in such a way that
n/TYV* goes to zero.
There are several other possible estimators of the covariance matrix in (3.5), but sim-
ulation evidence suggest that they typically do not improve a lot on the Newey-West

estimator.

Example 7 (m; is MA(1).) Suppose we know that m; = &; + 0¢;_1. Then R(s) = 0 for
s > 2, so it might be tempting to use n = 1 in (3.8). This gives ACov (ﬁm> = 1%(0) +
%[1%(1) + ﬁ’(l)], while the theoretical expression (3.5) is ACov= R(0) + R(1) + R'(1).
The Newey-West estimator puts too low weights on the first lead and lag, which suggests

that we should use n > 1 (or more generally, n > q for an MA(q) process).
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It can also be shown that, under quite general circumstances, S in (3.8)-(3.9) is a
consistent estimator of ACov (\/T rh), even if my is heteroskedastic (on top of being au-
tocorrelated). (See Hamilton (1994) 10.5 for a discussion.)

3.2.2 How to Implement the Newey-West Estimator

Economic theory and/or stylized facts can sometimes help us choose the lag length n.
For instance, we may have a model of stock returns which typically show little autocor-
relation, so it may make sense to set n = 0 or n = 1 in that case. A popular choice of
n is to round (7/100)!/4 down to the closest integer, although this does not satisfy the
consistency requirement.

It is important to note that definition of the covariance matrices in (3.2) and (3.9)
assume that m, has zero mean. If that is not the case, then the mean should be removed
in the calculation of the covariance matrix. In practice, you remove the same number,
estimated on the whole sample, from both m, and m,_;. It is often recommended to

remove the sample means even if theory tells you that the true mean is zero.

3.3 Summary

T
1
Letm = T ;mt and R (s) = Cov (m;, m;—s) . Then

ACov (ﬁm) - i R(s)

ACov (\FTnﬁ) = R(0) = Cov (m;, m;) if R(s) =0fors #0

Newey-West : ACov (ﬁ}h) = 1%(0) + z": <1 — ﬁ) (ﬁ(s) + Iéf(s)) .
s=1
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4 Least Squares

Reference: Greene (2000) 6
Additional references: Hayashi (2000) 1-2; Verbeek (2000) 1-4; Hamilton (1994) 8

4.1 Definition of the LS Estimator

4.1.1 LS with Summation Operators
Consider the linear model
yr = x{Po+ur, 4.1

where y, and u; are scalars, x; a k x 1 vector, and S is a k x 1 vector of the true coefficients.

Least squares minimizes the sum of the squared fitted residuals

T T
Y= (). 4.2)
=1

t=1

by choosing the vector 8. The first order conditions are

T
0t = Y (30— x1es ) or “3)
t=1
T T
D xiye= Y xix;BLs, (4.4)
t=1 =1

which are the so called normal equations. These can be solved as

T -7
Bus = (Z xfxf’> > xv 4.5)
=1
1< g
- (T Zx,x;) - > xy (4.6)
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Remark 1 (Summation and vectors) Let z; and x; be the vectors We then have

T

E Xz =X'Z
X1t < = :
21t t=1
= andxy = | xp |,

z . . .
. X3¢ We can then rewrite the loss function (4.2) as €’e, the first order conditions (4.3) and
(4.4) as (recall that y, = y; since it is a scalar)
then
— / _ A
T T | Xie T | Xz Xuzor ZrT=1X1tZu Z;T=1x1r12z 01 = X (Y Xﬁ”) (4.10)
I __ _ _ T T / I B
lezt = Z X ez | = Z X2l X2z | = | Do XuZu Doy Xulx |- X'Y = X'XBrs, “.11)
=1 =1 xy =0 xzzie xyza SixmIn Y ez
and the solution (4.5) as
412 LS in Matrix Form Brs = (x'X)"" x'v. (4.12)

Define the matrices

4.2 LSand R**

Y1 uy X el
’ .. .
2 u X, e The first order conditions in LS are
y=|" cu=| L X=| 7 ,ande=| %)
: : : . T
b P ur |, Xy _— er |, thﬁ, = 0, where i, = y, — 3, with §; = x/B. (4.13)

=1
Write the model (4.1) as .
This implies that the fitted residuals and fitted values are orthogonal, EL ety = ELlﬂ’xrﬁ, =

V1 X uy 0. If we let x; include a constant, then (4.13) also implies that the fitted residuals have a
b _ xé fo+ ulz or 4.8) Zero me;in, EfT:] i;/T = 0. We can then decompose the sample variance (denoted Var)

: : : of yr = yr + iy as
yr X}, ur Var (y;) = Var (§,) + Var (i;) , (4.14)
Y = XBo + u. 4.9) since §; and i, are uncorrelated in this case. (Note that Cov(&,, 12;) = E3,ii,—EyEil; so

the orthogonality is not enough to allow the decomposition; we also need Ey,Eii; = 0—

Remark 2 Let x; be a k x 1 and z; an m x 1 vector. Define the matrices this holds for sample moments as well.)

x| Z We define R? as the fraction of Var (y;) that is explained by the model

2 Var (5
andz=| "7 . g2 = Yar () 4.15)

 Var(y)
/ Var (i)
T xk <r Txm 4

=1- = . 4.16
Var (y1) @10
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LS minimizes the sum of squared fitted errors, which is proportional to Var (ﬁ,), so it
maximizes RZ.

We can rewrite R? by noting that

Cov (1, 1) = Cov (3 + iy, 3;) = Var () . @.17)

Use this to substitute for Var (31) in (4.15) and then multiply both sides with Cov (3. 1) /Var ()

1 to get

R — Cov (yt, }A’t)z

~ Var(y) Var (5,)
= Corr (v, §1)’ (4.18)

which shows that R? is the square of correlation coefficient of the actual and fitted value.
Note that this interpretation of R? relies on the fact that Cov (ﬁt, i t) = 0. From (4.14) this
implies that the sample variance of the fitted variables is smaller than the sample variance
of y;. From (4.15) we see that this implies that 0 < R% < 1.

To get a bit more intuition for what R? represents, suppose the estimated coefficients
equal the true coefficients, so y; = x;Bo. In this case, R? = Corr(xt/ﬂo + uy, xr’ﬁo)z,
that is, the squared correlation of y, with the systematic part of y;. Clearly, if the model
is perfect so u; = 0, then R? = 1. On contrast, when there is no movements in the
systematic part (8o = 0), then RZ=0.

Remark 3 In a simple regression where y; = a + bx; + u;, where x; is a scalar, R? =

Corr (vr, x,)z. To see this, note that, in this case (4.18) can be written

A )
Cov <y,, bxt) b2Cov (yi, x1)?

R? = == o1
Var (y;) Var (13xt) b2Var (y,) Var (x;)

so the b? terms cancel.

Remark 4 Now, consider the reverse regression x, = ¢ + dy; + v;. The LS estimator
of the slope is ciLs = Cov (yzs X¢) /Va\r (y¢). Recall that l;Ls = éa/(y,, Xt) /‘7a\r (x7). We

therefore have .
Cov (y,,x,)2 o

brsdpg = =07 =
LSELS Var (y;) Var (x;)
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This shows that jLS = l/I;LS if (and only if) R* = 1.

4.3 Finite Sample Properties of LS

Use the true model (4.1) to substitute for y; in the definition of the LS estimator (4.6)

R |z —11 T
Brs = (T ;xtx,’> T > " xi(x/Bo+ur)

=1
1< T
=Bo+ (T ;x,x,’> T ;x,u,. 4.19)

It is possible to show unbiasedness of the LS estimator, even if x; stochastic and u; is
autocorrelated and heteroskedastic—provided E(u,|x;—s) = O foralls. Let E(u £ {x,}tT=l)
denote the expectation of u, conditional on all values of x;_. Using iterated expectations
on (4.19) then gives

-1 T

T
. 1 , 1
EBLs = fo + Ex (T ;x,x,) 7 2 5B (il x) ) (4.20)

t=1

= Bo, 4.21)

since E(u;|x;—s) = 0 for all s. This is, for instance, the case when the regressors are
deterministic. Notice that E(u/| x;) = 0 is not enough for unbiasedness since (4.19)

contains terms involving x;_;x;u; from the product of (% Z;T:1 x,x,’)*1 and x;u;.

Example 5 (AR(1).) Consider estimating o in y; = ay;—1 + u;. The LS estimator is
| T -1 | T
drs=\=D 1] =D vy

T T

t=1 t=1

Lz -1 |z
2
(5 50) He

In this case, the assumption E(u;|x;—5) = 0 for all s (thatis, s = ..., —1,0, 1, ...) is false,
since x;+1 = yr and u; and y; are correlated. We can therefore not use this way of proving

that & s is unbiased. In fact, it is not, and it can be shown that &g is downward-biased

49



ifa > 0, and that this bias gets quite severe as a gets close to unity.

The finite sample distribution of the LS estimator is typically unknown.
Even in the most restrictive case where u;, is iid N (0, 02) and E(u|x;—s) = O for all
s, we can only get that

—1

T

o 1

Busl el ~ N | fo.o? (Tzwé> : 4.22)
=1

This says that the estimator, conditional on the sample of regressors, is normally dis-
tributed. With deterministic x;, this clearly means that ﬁLs is normally distributed in a
small sample. The intuition is that the LS estimator with deterministic regressors is just

a linear combination of the normally distributed y;, so it must be normally distributed.

T

However, if x; is stochastic, then we have to take into account the distribution of {x;},_,

to find the unconditional distribution of B s. The principle is that

par (4) = [

o]

pdf(,é, x) dx = /_Oo pdf (B \x) pdf (x) dx,

so the distribution in (4.22) must be multiplied with the probability density function of
{x,}tT= | and then integrated over {xt}tT=1 to give the unconditional distribution (marginal)
of BLs. This is typically not a normal distribution.

Another way to see the same problem is to note that /§L s in (4.19) is a product of two
random variables, (2,T=1x,x,’/T)" and Etrzlx,u,/ T. Even if u; happened to be normally
distributed, there is no particular reason why x;u, should be, and certainly no strong
reason for why (Ethlx,x,//T)*l Ethlx,u,/ T should be.

4.4 Consistency of LS

Reference: Greene (2000) 9.3-5 and 11.2; Hamilton (1994) 8.2; Davidson (2000) 3
We now study if the LS estimator is consistent.

Remark 6 Suppose the true parameter value is By. The estimator Br (which, of course,
depends on the sample size T ) is said to be consistent if for every ¢ > 0 and § > 0 there
exists N such that for T > N

Pr(HﬁT - ,BOH > (S) <e.
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(x|l = ~/x'x, the Euclidean distance of x from zero.) We write this plim ,37 = Bo or
just plimﬁ = Po, or perhaps ,é —P By. (For an estimator of a covariance matrix, the
most convenient is to stack the unique elements in a vector and then apply the definition

above.)

Remark 7 (Slutsky’s theorem.) If g (.) is a continuous function, then plimg (z7) =
g (plimz7). In contrast, note that Eg (zr) is generally not equal to g (Ezr), unless g (.)

is a linear function.

Remark 8 (Probability limit of product.) Let xT and yr be two functions of a sample of
length T. If plimx7 = a and plim yr = b, then plimxryr = ab.

Assume
T

plim% gx,x,’ = X, < 00, and X,, invertible. (4.23)
The plim carries over to the inverse by Slutsky’s theorem.! Use the facts above to write
the probability limit of (4.19) as
R 1 &
plim A5 = Bo + =} plim T thu,. (4.24)

t=1

To prove consistency of BLs we therefore have to show that
T
1imizxu = Ex;u; = Cov(xy, ;) =0 (4.25)
p T - tUt tUt ts Up . .

This is fairly easy to establish in special cases, for instance, when w; = x;u, is iid or
when there is either heteroskedasticity or serial correlation. The case with both serial
correlation and heteroskedasticity is just a bit more complicated. In other cases, it is clear
that the covariance the residuals and the regressors are not all zero—for instance when
some of the regressors are measured with error or when some of them are endogenous

variables.

! This puts non-trivial restrictions on the data generating processes. For instance, if x, include lagged
values of y;, then we typically require y, to be stationary and ergodic, and that «, is independent of x,_ for
s > 0.
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An example of a case where LS is not consistent is when the errors are autocorrelated
and the regressors include lags of the dependent variable. For instance, suppose the error
is a MA(1) process

Uy = & + 0161, (4.26)

where ¢; is white noise and that the regression equation is an AR(1)

Yt = pYi—1 + Uz. 4.27)
This is an ARMA(1,1) model and it is clear that the regressor and error in (4.27) are
correlated, so LS is not a consistent estimator of an ARMA(1,1) model.
4.5 Asymptotic Normality of LS
Reference: Greene (2000) 9.3-5 and 11.2; Hamilton (1994) 8.2; Davidson (2000) 3

Remark 9 (Continuous mapping theorem.) Let the sequences of random matrices {xr}
and {yr}, and the non-random matrix {ar} be such that xr —d> X, V1 £ y,and ar — a
(a traditional limit). Let g(xt, yr, ar) be a continuous function. Then g(xt, yr, ar) —d>
g(x,y,a). Either of yr and ar could be irrelevant in g.

Remark 10 From the previous remark: if xt —d> x (a random variable) and plim Q1 =

. d
Q (a constant matrix), then Qrxr — QOX.

Premultiply (4.19) by +/T and rearrange as

T -1 T
VT (ﬁLS - ﬂo) = (; ZMX{) g Zx,u,. (4.28)
=1 t=1

If the first term on the right hand side converges in probability to a finite matrix (as as-
sumed in (4.23)), and the vector of random variables x,u, satisfies a central limit theorem,
then

VT (Brs — Bo) > N (0, 2;1502;;) , where (4.29)

X

T T
1 VT
Tex = T Zx,xt’ and Sy = Cov <T ;xtut) .

t=1
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The last matrix in the covariance matrix does not need to be transposed since it is sym-
metric (since X, is). This general expression is valid for both autocorrelated and het-
eroskedastic residuals—all such features are loaded into the Sy matrix. Note that S is
the variance-covariance matrix of +/7 times a sample average (of the vector of random
variables x;u,), which can be complicated to specify and to estimate. In simple cases,
we can derive what it is. To do so, we typically need to understand the properties of the
residuals. Are they autocorrelated and/or heteroskedastic? In other cases we will have to
use some kind of “non-parametric” approach to estimate it.

A common approach is to estimate X,, by EIT: x:x;/T and use the Newey-West
estimator of Sy.

4.5.1 Special Case: Classical LS assumptions

Reference: Greene (2000) 9.4 or Hamilton (1994) 8.2.

We can recover the classical expression for the covariance, o?% o xl , if we assume that

the regressors are stochastic, but require that x; is independent of all u,, and that u, is
iid. It rules out, for instance, that u, and x,_, are correlated and also that the variance of
u; depends on x;. Expand the expression for Sy as Expand the expression for Sy as

VT & VT &
So=E (T ;x,u,> (T ; urX, (4.30)

1
= ?E( + Xg—1Us—1 + XsUg + ...) ( + us,lx;_l + usx; + ) .
Note that

Ext,xut,sutx,/ = Ex,,sx,’Eu,,Sut (since u,; and x,_ independent)

3 { 0if s # 0 (since Eu,—su; = 0 by iid uy)

431)
Ex;x/Eu,u; else.

This means that all cross terms (involving different observations) drop out and that we
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can write
1 T
So= = ; Ex;x/Eu? (4.32)
1 T
= UZ?E ; x,x, (since u, is iid and o2 = Eu?) (4.33)
= o3, (4.34)

Using this in (4.29) gives
Asymptotic Cov[ﬁ(ﬁm — Bo)] = Z;,CISOEX_XI = E;X162E”E;xl = UZE;XI.

4.5.2 Special Case: White’s Heteroskedasticity

Reference: Greene (2000) 12.2 and Davidson and MacKinnon (1993) 16.2.

This section shows that the classical LS formula for the covariance matrix is valid
even if the errors are heteroskedastic—provided the heteroskedasticity is independent of
the regressors.

The only difference compared with the classical LS assumptions is that u; is now
allowed to be heteroskedastic, but this heteroskedasticity is not allowed to depend on the
moments of x;. This means that (4.32) holds, but (4.33) does not since Eu[2 is not the
same for all ¢.

However, we can still simplify (4.32) a bit more. We assumed that Ex,x; and Eu,2
(which can both be time varying) are not related to each other, so we could perhaps mul-
tiply Ex;x; by EYTZIEM,Z /T instead of by Eu,2 This is indeed true asymptotically—where
any possible “small sample” relation between Ex,x; and Eu,2 must wash out due to the
assumptions of independence (which are about population moments).

In large samples we therefore have

1< 1 &
So = (T ZEu%) (T ZEx,xt/)
=1 t=1
1< 1<
= (T ZEu?) (ET Zx,x,’)
t=1 =1

=’ Ty, (4.35)
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where w” is a scalar. This is very similar to the classical LS case, except that w? is

the average variance of the residual rather than the constant variance. In practice, the
estimator of w? is the same as the estimator of o2, so we can actually apply the standard
LS formulas in this case.

This is the motivation for why White’s test for heteroskedasticity makes sense: if the
heteroskedasticity is not correlated with the regressors, then the standard LS formula is

correct (provided there is no autocorrelation).
4.6 Inference
Consider some estimator, ﬁkx 1, with an asymptotic normal distribution

VT(B = o) 4 N, V). (4.36)

Suppose we want to test the null hypothesis that the s linear restrictions RSy = r hold,

where R is an s x k matrix and  is an s x 1 vector. If the null hypothesis is true, then
VTRE —r) % N©, RVR)), 4.37)

since the s linear combinations are linear combinations of random variables with an

asymptotic normal distribution as in (4.37).
Remark 11 If the n x 1 vector x ~ N(0, £), then x'L " 'x ~ Xg-

Remark 12 From the previous remark and Remark (9), it follows that if the n x 1 vector
x4 N, ), then xS~ 1x S 2.

From this remark, it follows that if the null hypothesis, RBy = r, is true, then Wald
test statistics converges in distribution to a x2 variable

T(RB—r) (RVR) ™ (RB —r) 5 x2. 4.38)

Values of the test statistics above the x% critical value of the XSZ distribution mean that

we reject the null hypothesis at the x % significance level.
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When there is only one restriction (s = 1), then T (RB — r) is a scalar, so the test
can equally well be based on the fact that

VT(RB=1) 4 N(O, 1).

RVR'
In this case, we should reject the null hypothesis if the test statistics is either very low
(negative) or very high (positive). In particular, let ®() be the standard normal cumulative
distribution function. We then reject the null hypothesis at the x % significance level if the
test statistics is below x; such that ®(x;) = (x/2)% or above xp such that ®(xy) =

1 — (x/2)% (that is with (x/2)% of the probability mass in each tail).

Example 13 (TRZ/(I — R?) as a test of the regression.) Recall from (4.15)-(4.16) that
R% = Var (&t) JVar (y;) = 1 — Var (12;) /Var (y;), where 3, and ii, are the fitted value and

residual respectively. We therefore get
TR*/(1 = R*) = TVar (5;) /Var (i) -

To simplify the algebra, assume that both y; and x; are demeaned and that no intercept is
used. (We get the same results, but after more work, if we relax this assumption.) In this

case, y; = x| /§ 50 we can rewrite the previous eqiuation as
TR*/(1 — R*) = TR S B’ /Var (iis) .

This is identical to (4.38) when R = I and r = Ok and the classical LS assumptions
are fulfilled (so V. = Var (12,) Z;\}). The TR?/(1 — R?) is therefore a X,f distributed

statistics for testing if all the slope coefficients are zero.

Example 14 (F version of the test.) There is also an Fy r_j version of the test in the
previous example: [Rz/k]/[(l — Rz)/(T — k)]. Note that k times an Fy t_j variable
converges to a sz variable as T — k — oo. This means that the sz form in the previous

example can be seen as an asymptotic version of the (more common) F form.

4.6.1 On F Tests*

F tests are sometimes used instead of chi—square tests. However, F tests rely on very spe-

cial assumptions and typically converge to chi—square tests as the sample size increases.
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There are therefore few compelling theoretical reasons for why we should use F tests.”

This section demonstrates that point.

Remark 15 If Y| ~ x,%l, Y, ~ Xr%z' and if Yy and Y, are independent, then Z =
(Y1/n1)/(Y1/n1) ~ Fuyny. Asny — 00, mZ —d> X,%l (essentially because the denomina-

tor in Z is then equal to its expected value).

To use the F test to test s linear restrictions Ry = r, we need to assume that the small
sample distribution of the estimator is normal, ~/T (8 — By) ~ N(0, o2W), where o2 is
a scalar and W a known matrix. This would follow from an assumption that the residuals
are normally distributed and that we either consider the distribution conditional on the
regressors or that the regressors are deterministic. In this case W = Z;Xl.

Consider the test statistics

F=T®RE—r) (ROWR) " (R —r)/s.

This is similar to (4.38), expect that we use the estimated covariance matrix 62W instead
of the true o2W (recall, W is assumed to be known) and that we have divided by the

number of restrictions, s. Multiply and divide this expressions by o2

_ T(Rp—r) (RA®WR) ™ (Rp—1)/s

F
62/02

The numerator is an x2 variable divided by its degrees of freedom, s. The denominator
can be written 62/02 = X(ii,/0)?/ T, where ii, are the fitted residuals. Since we just
assumed that u,are iid N (0, ¢'2), the denominator is an X% variable divided by its degrees
of freedom, 7. It can also be shown that the numerator and denominator are independent
(essentially because the fitted residuals are orthogonal to the regressors), so F is an F
variable.

We need indeed very strong assumptions to justify the F' distributions. Moreover, as
T — oo,sF 4 X,% which is the Wald test—which do not need all these assumptions.

2However, some simulation evidence suggests that F tests may have better small sample properties than
chi-square test.
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4.7 Diagnostic Tests of Autocorrelation, Heteroskedasticity, and Normality*

Reference: Greene (2000) 12.3, 13.5 and 9.7; Johnston and DiNardo (1997) 6; and Pindyck
and Rubinfeld (1997) 6, Patterson (2000) 5

LS and IV are still consistent even if the residuals are autocorrelated, heteroskedastic,
and/or non-normal, but the traditional expression for the variance of the parameter esti-
mators is invalid. It is therefore important to investigate the properties of the residuals.

We would like to test the properties of the true residuals, u,, but these are unobserv-
able. We can instead use residuals from a consistent estimator as approximations, since
the approximation error then goes to zero as the sample size increases. The residuals from

an estimator are

iy =y —xf/ﬂ

=/ (Bo— B) +u. (439)

If plim B = Bo, then i converges in probability to the true residual (“pointwise consis-
tency”). It therefore makes sense to use i, to study the (approximate) properties of u,. We
want to understand if u, are autocorrelated and/or heteroskedastic, since this affects the
covariance matrix of the least squares estimator and also to what extent least squares is
efficient. We might also be interested in studying if the residuals are normally distributed,
since this also affects the efficiency of least squares (remember that LS is MLE is the
residuals are normally distributed).

It is important that the fitted residuals used in the diagnostic tests are consistent. With
poorly estimated residuals, we can easily find autocorrelation, heteroskedasticity, or non-

normality even if the true residuals have none of these features.

4.7.1 Autocorrelation

Let o, be the estimate of the sth autocorrelation coefficient of some variable, for instance,
the fitted residuals. The sampling properties of ps are complicated, but there are several
useful large sample results for Gaussian processes (these results typically carry over to
processes which are similar to the Gaussian—a homoskedastic process with finite 6th

moment is typically enough). When the true autocorrelations are all zero (not pg, of
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course), then for any i and j different from zero

alol-v(s] 0] e

This result can be used to construct tests for both single autocorrelations (t-test or %2 test)

and several autocorrelations at once ( XZ test).

Example 16 (t-test) We want to test the hypothesis that py = 0. Since the N (0, 1) dis-
tribution has 5% of the probability mass below -1.65 and another 5% above 1.65, we
can reject the null hypothesis at the 10% level if /T |pi| > 1.65. With T = 100, we
therefore need |py| > 1.65/\/m = 0.165 for rejection, and with T = 1000 we need
1611 > 1.65/+/1000 ~ 0.0.53.

The Box-Pierce test follows directly from the result in (4.40), since it shows that JT, Di
and /T p; are iid N(0,1) variables. Therefore, the sum of the square of them is distributed

as an x 2 variable. The test statistics typically used is

L
0L=TY pr—'xi. (4.41)

s=1
Example 17 (Box-Pierce) Let p; = 0.165, and T = 100, so Q1 = 100 x 0.1652 =
2.72. The 10% critical value of the x]2 distribution is 2.71, so the null hypothesis of no

autocorrelation is rejected.

The choice of lag order in (4.41), L, should be guided by theoretical considerations,
but it may also be wise to try different values. There is clearly a trade off: too few lags may
miss a significant high-order autocorrelation, but too many lags can destroy the power of
the test (as the test statistics is not affected much by increasing L, but the critical values

increase).

Example 18 (Residuals follow an AR(1)process) If u; = 0.9u;_1 + &, then the true

autocorrelation coefficients are p; = 0.9/,

A common test of the serial correlation of residuals from a regression is the Durbin-
Watson test
d=2(1-p), (4.42)
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where the null hypothesis of no autocorrelation is

not rejected if d > dyy,, .,

" o (i favor of positive autocorrelation)

rejected if d < djf | .

else inconclusive

where the upper and lower critical values can be found in tables. (Use 4 — d to let nega-
tive autocorrelation be the alternative hypothesis.) This test is typically not useful when
lagged dependent variables enter the right hand side (d is biased towards showing no

autocorrelation). Note that DW tests only for first-order autocorrelation.

Example 19 (Durbin-Watson.) With p1 = 0.2 we get d = 1.6. For large samples, the 5%

critical value is d;° ~ 1.6, so p1 > 0.2 is typically considered as evidence of positive

lower
autocorrelation.

The fitted residuals used in the autocorrelation tests must be consistent in order to in-
terpret the result in terms of the properties of the true residuals. For instance, an excluded
autocorrelated variable will probably give autocorrelated fitted residuals—and also make
the coefficient estimator inconsistent (unless the excluded variable is uncorrelated with
the regressors). Only when we know that the model is correctly specified can we interpret
a finding of autocorrelated residuals as an indication of the properties of the true residuals.

4.7.2 Heteroskedasticity

Remark 20 (Kronecker product.) If A and B are matrices, then

anB -+ apB
A®B =

amB -+ amB

Example 21 Let x| and x; be scalars. Then

X1 X1X1
X1
X1 X1 X2 X1X2
® = =
X2 X2 X1 X2X1]
X2
X2 X2X2
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White’s test for heteroskedasticity tests the null hypothesis of homoskedasticity against
the kind of heteroskedasticity which can be explained by the levels, squares, and cross
products of the regressors. Let w, be the unique elements in x; ® x;, where we have added
a constant to x; if there was not one from the start. Run a regression of the squared fitted
LS residuals on w;,

iy =wyy +& (4.43)

and test if all elements (except the constant) in y are zero (with a X2 or Ftest). The
reason for this specification is that if ut2 is uncorrelated with x; ® x;, then the usual LS
covariance matrix applies.

Breusch-Pagan’s test is very similar, except that the vector w; in (4.43) can be any
vector which is thought of as useful for explaining the heteroskedasticity. The null hy-
pothesis is that the variance is constant, which is tested against the alternative that the
variance is some function of w;.

The fitted residuals used in the heteroskedasticity tests must be consistent in order to
interpret the result in terms of the properties of the true residuals. For instance, if some
of the of elements in w; belong to the regression equation, but are excluded, then fitted
residuals will probably fail these tests.

4.7.3 Normality

We often make the assumption of normally distributed errors, for instance, in maximum
likelihood estimation. This assumption can be tested by using the fitted errors. This works
since moments estimated from the fitted errors are consistent estimators of the moments
of the true errors. Define the degree of skewness and excess kurtosis for a variable z;
(could be the fitted residuals) as

03 =27 /6%, (4.44)

0y = u -2t /6 =3, (4.45)

1 T
72
=1
1 T
T2

where 7 is the sample mean and 62 is the estimated variance.

Remark 22 (x2(n) distribution.) If x; are independent N(0, criz) variables, then E;’=1xi2 / criz ~
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Histogram of 100 draws from a U(0,1) distribution

0.2 : ,
6,=-0.14,0,=-1.4, W=38
0.15F R
0.11 §
0
0 0.2 0.4 0.6 0.8 1

Figure 4.1: This figure shows a histogram from 100 draws of iid uniformly [0,1] dis-
tributed variables.

x2(m).

In a normal distribution, the true values are zero and the test statistics é3 and é4 are
themselves normally distributed with zero covariance and variances 6/ 7T and 24/ T, re-
spectively (straightforward, but tedious, to show). Therefore, under the null hypothesis
of a normal distribution, Té32/6 and Téf /24 are independent and both asymptotically
distributed as Xz(l), so the sum is asymptotically a X2(2) variable

W=T <é32/6 +62 /24) 4 52). (4.46)

This is the Jarque and Bera test of normality.
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5 Instrumental Variable Method

Reference: Greene (2000) 9.5 and 16.1-2
Additional references: Hayashi (2000) 3.1-4; Verbeek (2000) 5.1-4; Hamilton (1994) 8.2;
and Pindyck and Rubinfeld (1997) 7

5.1 Consistency of Least Squares or Not?
Consider the linear model
yi = X{Po+us, (5.1

where y; and u, are scalars, x; a k x 1 vector, and By is a k x 1 vector of the true coefficients.
The least squares estimator is

1< T
BLs = (T thx,’) T (5.2)
t=1 =1
1< o
= fo+ (T Zx,x,’) T Zx,u,, (5.3)
t=1 =1

where we have used (5.1) to substitute for y,. The probability limit is
e - 1 &
plim Brs — Bo = (plim - ; x,x,’> plim — ; Xelty. (5.4)

In many cases the law of large numbers applies to both terms on the right hand side. The
first term is typically a matrix with finite elements and the second term is the covariance of

the regressors and the true residuals. This covariance must be zero for LS to be consistent.

5.2 Reason 1 for IV: Measurement Errors

Reference: Greene (2000) 9.5.
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Suppose the true model is
v =x"Bo+u;. (5.5)

Data on y; and x;" is not directly observable, so we instead run the regression
Vi =x8+u, (5.6)

where y; and x, are proxies for the correct variables (the ones that the model is true for).
We can think of the difference as measurement errors

vy =y +v] and 5.7
X =x+7, (5.8)

where the errors are uncorrelated with the true values and the “true” residual u;.
Use (5.7) and (5.8) in (5.5)

, ’
y,—v,}:(x,—v;‘) Bo + uj or

yi = x,Bo + & where &, = —v¥'Bo +v] +ul. (5.9)

Suppose that x; is a measured with error. From (5.8) we see that v and x; are corre-
lated, so LS on (5.9) is inconsistent in this case. To make things even worse, measurement
errors in only one of the variables typically affect all the coefficient estimates.

To illustrate the effect of the error, consider the case when x; is a scalar. Then, the
probability limit of the LS estimator of 8 in (5.9) is

plim s = Cov (yr. x;) /Var (x;)
= Cov (x;Bo + u}, x;) /Var (x;)
= Cov (x, o — vy Bo + uj, x;) /Var (x;)
_ Cov (xfo, x;) + Cov (—vj‘ﬁo, xt) + Cov (u;‘, x,)

Var (x;)
_ Var (x,) Cov (—vf Bo, x} — v})
= Var (x)° Var (x;)
= Bo — PoVar (vy) /Var (x;)
_ Var (vt‘)
= Fo {1  Var (xF) + Var (v;‘)i| ' (5-10)

65



since x; and v} are uncorrelated with u} and with each other. This shows that BLs goes
to zero as the measurement error becomes relatively more volatile compared with the true
value. This makes a lot of sense, since when the measurement error is very large then the
regressor x; is dominated by noise that has nothing to do with the dependent variable.

Suppose instead that only y; is measured with error. This not a big problem since this
measurement error is uncorrelated with the regressor, so the consistency of least squares
is not affected. In fact, a measurement error in the dependent variable is like increasing
the variance in the residual.

5.3 Reason 2 for IV: Simultaneous Equations Bias (and Inconsis-

tency)

Suppose economic theory tells you that the structural form of the m endogenous variables,
¥t, and the k predetermined (exogenous) variables, z;, is

Fy; + Gz = uy, where u; is iid with Eu; = 0 and Cov (1;) = X, (5.11)

where F is m x m, and G is m x k. The disturbances are assumed to be uncorrelated with
the predetermined variables, E(z,u;) = 0.
Suppose F is invertible. Solve for y, to get the reduced form

yvi=—F 'Gz; + F ', (5.12)

= Iz, + &, with Cov (&) = Q. (5.13)

The reduced form coefficients, I1, can be consistently estimated by LS on each equation
since the exogenous variables z, are uncorrelated with the reduced form residuals (which
are linear combinations of the structural residuals). The fitted residuals can then be used

to get an estimate of the reduced form covariance matrix.

The jth line of the structural form (5.11) can be written
Fivi+Gjz = ujr, (5.14)

where Fj and G are the jthrows of F and G, respectively. Suppose the model is normal-

ized so that the coefficient on y;, is one (otherwise, divide (5.14) with this coefficient).
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Then, rewrite (5.14) as

vjir =—=Gj1Zs — Fj1y: +uj
= x;B + uj;, where x = [z, 5], (5.15)

where Z; and y, are the exogenous and endogenous variables that enter the jth equation,
which we collect in the x; vector to highlight that (5.15) looks like any other linear re-
gression equation. The problem with (5.15), however, is that the residual is likely to be
correlated with the regressors, so the LS estimator is inconsistent. The reason is that a
shock to u j, influences yj;, which in turn will affect some other endogenous variables in
the system (5.11). If any of these endogenous variable are in x; in (5.15), then there is a
correlation between the residual and (some of) the regressors.

Note that the concept of endogeneity discussed here only refers to contemporaneous
endogeneity as captured by off-diagonal elements in F in (5.11). The vector of predeter-
mined variables, z;, could very well include lags of y, without affecting the econometric

endogeneity problem.

Example 1 (Supply and Demand. Reference: GR 16, Hamilton 9.1.) Consider the sim-

plest simultaneous equations model for supply and demand on a market. Supply is
g =ypi+u,y >0,

and demand is
4 = Bpi +aA +ul, B <0,

where Ay is an observable demand shock (perhaps income). The structural form is there-

1 — s
14 qt + 0 Ar — u;’ )
1 -8 || o —a ul
The reduced form is
|:¢1r :|:|:ﬂ11:|AT+|:€1ri|_
Pr 721 &2t

If we knew the structural form, then we can solve for q; and p; to get the reduced form in

fore
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terms of the structural parameters

__r B _ v
g | _ P |4 +| Bv By up
1y 4 1 _1 wd |
P B-v B—y  B-v !
Example 2 (Supply equation with LS.) Suppose we try to estimate the supply equation in
Example 1 by LS, that is, we run the regression

qr =0p; + &1

If data is generated by the model in Example 1, then the reduced form shows that p; is
correlated with u}, so we cannot hope that LS will be consistent. In fact, when both q;

and p; have zero means, then the probability limit of the LS estimator is

.~ Coviq, pr)
plimf = ——————
Var (p:)
Yo Y d_ _B s o 1 d__ _1 d
. Cov (V*ﬁAt +ypl gt yop At Tt yfﬂ”f)
Var (2540 + Sl — St

where the second line follows from the reduced form. Suppose the supply and demand

shocks are uncorrelated. In that case we get

ya? Var (A;) + —Y—=Var (uf) + L Var (uf)

S =8 =8
plimé = —@yar (A) + —5Var (ud) +—L var (u‘)
v—B? Y -p2 T (y-p)? !

ya?Var (A;) + yVar (u;i) + BVar (uf)
a?Var (A;) + Var (uf) + Var (u)

First, suppose the supply shocks are zero, Var(u‘t‘ ) = 0, then plimé = y, so we indeed
estimate the supply elasticity, as we wanted. Think of a fixed supply curve, and a demand
curve which moves around. These point of p; and q, should trace out the supply curve. It
is clearly uj that causes a simultaneous equations problem in estimating the supply curve:
u; affects both q; and p; and the latter is the regressor in the supply equation. With no
movements in uj there is no correlation between the shock and the regressor. Second, now
suppose instead that the both demand shocks are zero (both A; = 0 and Var(uﬁ’) = 0).
Then plimé = B, so the estimated value is not the supply, but the demand elasticity. Not

good. This time, think of a fixed demand curve, and a supply curve which moves around.
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Example 3 (A flat demand curve.) Suppose we change the demand curve in Example 1
to be infinitely elastic, but to still have demand shocks. For instance, the inverse demand
curve could be p; = YA, + uP. In this case, the supply and demand is no longer
a simultaneous system of equations and both equations could be estimated consistently

with LS. In fact, the system is recursive, which is easily seen by writing the system on

L L L)

A supply shock, u3, affects the quantity, but this has no affect on the price (the regressor

vector form

in the supply equation), so there is no correlation between the residual and regressor in
the supply equation. A demand shock, uP, affects the price and the quantity, but since
quantity is not a regressor in the inverse demand function (only the exogenous Ay is) there
is no correlation between the residual and the regressor in the inverse demand equation

either.

5.4 Definition of the IV Estimator—Consistency of IV

Reference: Greene (2000) 9.5; Hamilton (1994) 8.2; and Pindyck and Rubinfeld (1997)
7.
Consider the linear model
Y :x;ﬁo—i-u,, (5.16)

where y; is a scalar, x; a k x 1 vector, and S is a vector of the true coefficients. If
we suspect that x; and u; in (5.16) are correlated, then we may use the instrumental
variables (IV) method. To do that, let z; be a kK x 1 vector of instruments (as many
instruments as regressors; we will later deal with the case when we have more instruments
than regressors.) If x; and u, are not correlated, then setting x, = z; gives the least squares
(LS) method.

Recall that LS minimizes the variance of the fitted residuals, &, = y; — x[’,éLs. The

first order conditions for that optimization problem are

T
1 A
oot =7 L (o0 = xiBus) - (5.17)

69



If x; and u, are correlated, then plim ,3 s # Po. The reason is that the probability limit of
the right hand side of (5.17) is Cov(x;, y, — x/Brs), which at ;.5 = By is non-zero, so the
first order conditions (in the limit) cannot be satisfied at the true parameter values. Note
that since the LS estimator by construction forces the fitted residuals to be uncorrelated
with the regressors, the properties of the LS residuals are of little help in deciding if to
use LS or IV.

The idea of the IV method is to replace the first x; in (5.17) with a vector (of similar
size) of some instruments, z,. The identifying assumption of the IV method is that the
instruments are uncorrelated with the residuals (and, as we will see, correlated with the

regressors)

Oix1 = Ezuy (5.18)
=Ez (yr — x/Bo) - (5.19)

The intuition is that the linear model (5.16) is assumed to be correctly specified: the
residuals, u,, represent factors which we cannot explain, so z; should not contain any
information about ;.

The sample analogue to (5.19) defines the IV estimator of 8 as!

T
O = 2 Y (30— By or (520)

T
1 T
Brv = <T Zz,x;) - ;zty,. (5.21)

It is clearly necessay for Xz,x;/T to have full rank to calculate the IV estimator.

Remark 4 (Probability limit of product) For any random variables yr and xt where

plim yr = a and plimxr = b (a and b are constants), we have plim yrxr = ab.

To see if the IV estimator is consistent, use (5.16) to substitute for y, in (5.20) and

take the probability limit

T T T
! o1 1 R
plim T E 2,x] o + plim 7 E Zu; = plim 7 E 2x,Brv. (5.22)

=1 t=1 t=1

!In matrix notation where z/ is the ' row of Z we have B,y = (Z/X/T)q (z'y/T).
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Two things are required for consistency of the IV estimator, plim Brv = Bo. First, that
plimXz;u,/T = 0. Provided a law of large numbers apply, this is condition (5.18).
Second, that plim Xz,x;/T has full rank. To see this, suppose plim Zz,u,/T = 0 is
satisfied. Then, (5.22) can be written

e s
(phm - ; z,x,> (/30 — plim ﬂ,v) —o. (5.23)

If plim Xz,x// T has reduced rank, then plim 31‘/ does not need to equal Sy for (5.23) to
be satisfied. In practical terms, the first order conditions (5.20) do then not define a unique
value of the vector of estimates. If a law of large numbers applies, then plim £z,x;/T =
Ez,x]. If both z, and x, contain constants (or at least one of them has zero means), then
a reduced rank of Ez,x; would be a consequence of a reduced rank of the covariance
matrix of the stochastic elements in z, and x;, for instance, that some of the instruments
are uncorrelated with all the regressors. This shows that the instruments must indeed be

correlated with the regressors for IV to be consistent (and to make sense).

Remark 5 (Second moment matrix) Note that Ezx' = EzEx'+ Cov(z,x). If Ez = 0
and/or Ex = 0, then the second moment matrix is a covariance matrix. Alternatively,
suppose both z and x contain constants normalized to unity: 7 = [1,7'] and x = [1, X1

where 7 and X are random vectors. We can then write

Ezx' = : [ E%’ ] + 0 0
| Ez 0 Cov(z,x)

|t EX'
| EF EFEXR +Cov(GF) |
For simplicity, suppose 7 and X are scalars. Then Ezx' has reduced rank if Cov(Z, ¥) = 0,

since Cov(Z, X) is then the determinant of Ezx'. This is true also when Z and X are vectors.

Example 6 (Supply equation with IV.) Suppose we try to estimate the supply equation in
Example 1 by IV. The only available instrument is A;, so (5.21) becomes

1 & g
VIVZ(T;Ath) f;Ar%,
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so the probability limit is
plim p7v = Cov (A, Prrl Cov (A1, q1),

since all variables have zero means. From the reduced form in Example 1 we see that

aVar (A;) and Cov (A4, qr) = — Y

Cov(As, pr) = — aVar(Ay),

N

aVar(At):|

-1
plim)?“/:[— ! aVar(A,):| [—
B—v

This shows that yyy is consistent.

5.4.1 Asymptotic Normality of IV

Little is known about the finite sample distribution of the IV estimator, so we focus on the

asymptotic distribution—assuming the IV estimator is consistent.

Remark 7 If xr —d> X (a random variable) and plim Q1 = Q (a constant matrix), then

d
Orxr — QOx.

Use (5.16) to substitute for y; in (5.20)

1 & g
Brv = o+ (T Zz:xf) BT (5.24)
t=1 t=1

Premultiply by VT and rearrange as

T -1 T
o 1 T
ﬁ(ﬂn/ —Bo) = (T ;_1 th,,> 7\/77 [E_l Zrls. (5.25)

If the first term on the right hand side converges in probability to a finite matrix (as as-

sumed in in proving consistency), and the vector of random variables z,u, satisfies a
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central limit theorem, then

VT By — o) S N (o, =] 502;2‘) , where (5.26)
T T
1 T
S = T ;z,,x; and So = Cov (T ;z,u,> .

The last matrix in the covariance matrix follows from (Z;xl)’ = (E;X)*1 = E;Z]. This
general expression is valid for both autocorrelated and heteroskedastic residuals—all such
features are loaded into the Sy matrix. Note that Sy is the variance-covariance matrix of
VT times a sample average (of the vector of random variables x;u;).

Example 8 (Choice of instrument in IV, simplest case) Consider the simple regression
ye = Bixe + u;.
The asymptotic variance of the 1V estimator is
. VT &
AVar(N'T (Brv — po)) = Var (T >z |/ Cov (zi, x,)?
=1

If z; and u; is serially uncorrelated and independent of each other, then Var(ZJ[T:1 Zeuy/ JT )=
Var(z;) Var(u;). We can then write

Var(z;) _ Var(u;)
Cov (21, x)>  Var(x,)Corr (z;, x)*

AVar(NT (Brv — Bo)) = Var(uy)

An instrument with a weak correlation with the regressor gives an imprecise estimator.
With a perfect correlation, then we get the precision of the LS estimator (which is precise,

but perhaps not consistent).

54.2 2SLS

Suppose now that we have more instruments, z;, than regressors, x;. The IV method does
not work since, there are then more equations than unknowns in (5.20). Instead, we can
use the 2SLS estimator. It has two steps. First, regress all elements in x; on all elements
in z; with LS. Second, use the fitted values of x;, denoted X;, as instruments in the IV

method (use X; in place of z; in the equations above). In can be shown that this is the most
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efficient use of the information in z,. The IV is clearly a special case of 2SLS (when z;
has the same number of elements as x;).

It is immediate from (5.22) that 2SLS is consistent under the same condiditons as
IV since X, is a linear function of the instruments, so plim Zthli,u,/T = 0, if all the
instruments are uncorrelated with u;.

The name, 2SLS, comes from the fact that we get exactly the same result if we replace

the second step with the following: regress y; on X; with LS.

Example 9 (Supply equation with 2SLS.). With only one instrument, A, this is the same

as Example 6, but presented in another way. First, regress p; on A;

.2 Cov (p:, Ar) 1
=38A = plimé; g = =— .
Pt t +uy plimors Var (A,) ﬂ—]/a
Construct the predicted values as
ﬁt = SLSAt»

Second, regress q; on p;

q: = y pr + e, with plim prsp s = plim M
Var (pt)

Use p; = 81.5A, and Slutsky’s theorem
plim Cov (Clt, SLSAI)

plim Var (SLSA,)

plim posrs =

_ Cov(g,. A)pliméys
" Var(A,)plim 82
[—ﬁaVar (A,)] [—ﬁa]

Var (Ar) [—ﬁar

=y.

Note that the trick here is to suppress some the movements in p;. Only those movements
that depend on A, (the observable shifts of the demand curve) are used. Movements in p,

which are due to the unobservable demand and supply shocks are disregarded in p,. We
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know from Example 2 that it is the supply shocks that make the LS estimate of the supply
curve inconsistent. The IV method suppresses both them and the unobservable demand
shock.

5.5 Hausman’s Specification Test*

Reference: Greene (2000) 9.5

This test is constructed to test if an efficient estimator (like LS) gives (approximately)
the same estimate as a consistent estimator (like I'V). If not, the efficient estimator is most
likely inconsistent. It is therefore a way to test for the presence of endogeneity and/or
measurement errors.

Let B, be an estimator that is consistent and asymptotically efficient when the null
hypothesis, Hp, is true, but inconsistent when Hy is false. Let /§C be an estimator that is
consistent under both Hy and the alternative hypothesis. When Hy is true, the asymptotic
distribution is such that

Cov (ﬁg ,@) = Var (ﬁe> . (5.27)

Proof. Consider the estimator )»ﬁc + (1= ,33, which is clearly consistent under Hy
since both A. and B, are. The asymptotic variance of this estimator is

A2Var (Bc) + (1 = 27 Var (B.) +24 (1 = 2) Cov (B )

which is minimized at A = 0 (since B is asymptotically efficient). The first order condi-

tion with respect to A
2).Var (,3) —2(1 = 2) Var (Be) +2(1—21) Cov (@, ﬁe) —0
should therefore be zero at A = 0 so
Var (fe) = Cov (Be. fe).

(See Davidson (2000) 8.1) m

75



This means that we can write
Var (ﬁe - ﬁt) = Var (,ée) + Var (/fi) — 2Cov (36, /§L>
= Var (,3) ~ Var (,3) . (5.28)

We can use this to test, for instance, if the estimates from least squares (,33, since LS
is efficient if errors are iid normally distributed) and instrumental variable method (ﬁc,
since consistent even if the true residuals are correlated with the regressors) are the same.
In this case, H is that the true residuals are uncorrelated with the regressors.

All we need for this test are the point estimates and consistent estimates of the vari-
ance matrices. Testing one of the coefficient can be done by a ¢ test, and testing all the

parameters by a x? test
(Be— Be) Var (B = B) " (o= ) ~ 2 (i, (529)

where j equals the number of regressors that are potentially endogenous or measured with
error. Note that the covariance matrix in (5.28) and (5.29) is likely to have a reduced rank,
so the inverse needs to be calculated as a generalized inverse.

5.6 Tests of Overidentifying Restrictions in 2SLS*

When we use 2SLS, then we can test if instruments affect the dependent variable only
via their correlation with the regressors. If not, something is wrong with the model since

some relevant variables are excluded from the regression.
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6 Simulating the Finite Sample Properties

Reference: Greene (2000) 5.3

Additional references: Cochrane (2001) 15.2; Davidson and MacKinnon (1993) 21; Davi-
son and Hinkley (1997); Efron and Tibshirani (1993) (bootstrapping, chap 9 in particular);
and Berkowitz and Kilian (2000) (bootstrapping in time series models)

We know the small sample properties of regression coefficients in linear models with
fixed regressors (X is non-stochastic) and iid normal error terms. Monte Carlo Simula-
tions and bootstrapping are two common techniques used to understand the small sample
properties when these conditions are not satisfied.

6.1 Monte Carlo Simulations in the Simplest Case

Monte Carlo simulations is essentially a way to generate many artificial (small) samples
from a parameterized model and then estimating the statistics on each of those samples.
The distribution of the statistics is then used as the small sample distribution of the esti-
mator.

The following is an example of how Monte Carlo simulations could be done in the

special case of a linear model for a scalar dependent variable
yi =xB+u, 6.1)

where u; is iid N (0, 02) and x; is stochastic but independent of u,+ for all s. This means
that x; cannot include lags of y;.

Suppose we want to find the small sample distribution of a function of the estimate,
g(ﬁ), To do a Monte Carlo experiment, we need information on (i) 8; (ii) the variance of
ug, 0% (iii) and a process for x;.

The process for x; is typically estimated from the data on x;. For instance, we could
estimate the VAR system x; = A1x;—1 + A2x;_2 + ¢;. An alternative is to take an actual
sample of x; and repeat it.

The values of B and o2 are often a mix of estimation results and theory. In some
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case, we simply take the point estimates. In other cases, we adjust the point estimates
so that g(8) = 0 holds, that is, so you simulate the model under the null hypothesis
in order to study the size of asymptotic tests and to find valid critical values for small
samples. Alternatively, you may simulate the model under an alternative hypothesis in
order to study the power of the test using either critical values from either the asymptotic
distribution or from a (perhaps simulated) small sample distribution.

To make it a bit concrete, suppose you want to use these simulations to get a 5%
critical value for testing the null hypothesis g (8) = 0. The Monte Carlo experiment
follows these steps.

1. (a) Construct an artificial sample of the regressors (see above), {)E,},Tzl.

(b) Draw random numbers {L?,},T:1 and use those together with the artificial sam-
ple of x; to calculate an artificial sample { &,},T:I by using (6.1). Calculate an
estimate £ and record it along with the value of g(ﬁ ) and perhaps also the test
statistics of the hypothesis that g(8) = 0.

2. Repeat the previous steps N (3000, say) times. The more times you repeat, the

better is the approximation of the small sample distribution.

3. Sort your simulated 3 , g(B), and the test statistics in ascending order. For a one-
sided test (for instance, a chi-square test), take the (0.95N)th observations in these
sorted vector as your 5% critical values. For a two-sided test (for instance, a t-test),
take the (0.025N)th and (0.975N)th observations as the 5% critical values. You can
also record how many times the 5% critical values from the asymptotic distribution

would reject a true null hypothesis.

4. You may also want to plot a histogram of B, g(/§), and the test statistics to see
if there is a small sample bias, and how the distribution looks like. Is it close to

normal? How wide is it?

5. See Figure 6.1 for an example.

Remark 1 (Generating N (i, X) random numbers) Suppose you want to draw ann x 1
vector & of N(u, X) variables. Use the Cholesky decomposition to calculate the lower
triangular P such that ¥ = PP’ (note that Gauss and MatLab returns P’ instead of
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Figure 6.1: Results from a Monte Carlo experiment of LS estimation of the AR coeffi-
cient. Data generated by an AR(1) process, 5000 simulations.

P). Draw u; from an N (0, I) distribution (randn in MatLab, rndn in Gauss), and define
& = i+ Pu,. Note that Cov(e;) = E Pu;uj,P' = PIP' = X.

6.2 Monte Carlo Simulations in More Complicated Cases*

6.2.1 When x; Includes Lags of y,

If x; contains lags of y,, then we must set up the simulations so that feature is preserved in
every artificial sample that we create. For instance, suppose x; includes y,_; and another

vector z; of variables which are independent of u,4 for all s. We can then generate an

T

,— by some time series model or

artificial sample as follows. First, create a sample {z;}
by taking the observed sample itself (as we did with x; in the simplest case). Second,

observation 7 of {X;, y;} is generated as
X = |: yt:l :| and §; = X8 + u;, (6.2)
2t

which is repeated for t = 1, ..., T. We clearly need the initial value yq to start up the

artificial sample, so one observation from the original sample is lost.
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—(()).5 0 0.5 —(()).5 0 0.5

Model: Rt=0.9ft+€l, where € hasa )f3 distribution

VT x (b, .—0.9), T= 1000
Ls Kurtosis for T=10 100 1000: 46.9 6.1 4.1

6
Rejection rates of abs(t—stat)>1.645: 0.16 0.10 0.10
4
Rejection rates of abs(t-stat)>1.96: 0.10 0.05 0.06
2
0
-0.5 0 0.5

Figure 6.2: Results from a Monte Carlo experiment with thick-tailed errors. The regressor
is iid normally distributed. The errors have a #3-distribution, 5000 simulations.

6.2.2 More Complicated Errors

It is straightforward to sample the errors from other distributions than the normal, for in-
stance, a uniform distribution. Equipped with uniformly distributed random numbers, you
can always (numerically) invert the cumulative distribution function (cdf) of any distribu-
tion to generate random variables from any distribution by using the probability transfor-

mation method. See Figure 6.2 for an example.

Remark 2 Let X ~ U (0, 1) and consider the transformation Y = F~1(X), where F~1()
is the inverse of a strictly increasing cdf F, then Y has the CDF F (). (Proof: follows from

the lemma on change of variable in a density function.)

Example 3 The exponential cdf is x = 1 — exp(—0y) with inverse y = —In (1 — x) /6.

Draw x from U (0.1) and transform to y to get an exponentially distributed variable.
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It is more difficult to handle non-iid errors, for instance, heteroskedasticity and auto-
correlation. We then need to model the error process and generate the errors from that
model. For instance, if the errors are assumed to follow an AR(2) process, then we could
estimate that process from the errors in (6.1) and then generate artificial samples of errors.

6.3 Bootstrapping in the Simplest Case

Bootstrapping is another way to do simulations, where we construct artificial samples by
sampling from the actual data. The advantage of the bootstrap is then that we do not have
to try to estimate the process of the errors and regressors as we must do in a Monte Carlo
experiment. The real benefit of this is that we do not have to make any strong assumption
about the distribution of the errors.

The bootstrap approach works particularly well when the errors are iid and indepen-
dent of x,_; for all s. This means that x; cannot include lags of y,. We here consider
bootstrapping the linear model (6.1), for which we have point estimates (perhaps from
LS) and fitted residuals. The procedure is similar to the Monte Carlo approach, except
that the artificial sample is generated differently. In particular, Step 1 in the Monte Carlo

simulation is replaced by the following:
1. Construct an artificial sample { )Nit}tT:] by
Jr = xB + iy, (6.3)

where i, is drawn (with replacement) from the fitted residual and where § is the
point estimate. Calculate an estimate B and record it along with the value of g(ﬁ)
and perhaps also the test statistics of the hypothesis that g(8) = 0.

6.4 Bootstrapping in More Complicated Cases*

6.4.1 Case 2: Errors are iid but Correlated With x;

When x; contains lagged values of y;, then we have to modify the approach in (6.3) since
ii; can become correlated with x,. For instance, if x; includes y,—; and we happen to

sample i, = i1,_1, then we get a non-zero correlation. The easiest way to handle this is as
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in the Monte Carlo simulations: replace any y;_; in x; by ¥;_1, that is, the corresponding

observation in the artificial sample.

6.4.2 Case 3: Errors are Heteroskedastic but Uncorrelated with of x;,.

Case 1 and 2 both draw errors randomly—based on the assumption that the errors are
iid. Suppose instead that the errors are heteroskedastic, but still serially uncorrelated.
We know that if the heteroskedastcity is related to the regressors, then the traditional LS
covariance matrix is not correct (this is the case that White’s test for heteroskedasticity
tries to identify). It would then be wrong it pair x, with just any i, since that destroys the
relation between x, and the variance of u;,.

An alternative way of bootstrapping can then be used: generate the artificial sample
by drawing (with replacement) pairs (ys, x5), that is, we let the artificial pair in ¢ be
1, %) = (x; ,éo+123, xg) for some random draw of s so we are always pairing the residual,
its, with the contemporaneous regressors, x;. Note that is we are always sampling with
replacement—otherwise the approach of drawing pairs would be just re-create the original

data set. For instance, if the data set contains 3 observations, then artificial sample could

(1, %1) (x5 Bo + iz, x2)
(52, %) | = | (}Po+ i3, x3)
(3, X3) (x5 B0 + 113, x3)

In contrast, when we sample (with replacement) iy, as we did above, then an artificial
sample could be

G, %1) (x{Bo + iz, x1)
(G2, %2) | = (x50 + i1, x2)
(33, X3) (x5Bo + 2, x3)

Davidson and MacKinnon (1993) argue that bootstrapping the pairs (y, x5) makes
little sense when x; contains lags of yy, since there is no way to construct lags of y; in the
bootstrap. However, what is important for the estimation is sample averages of various
functions of the dependent and independent variable within a period—not how the line up

over time (provided the assumption of no autocorrelation of the residuals is true).
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6.4.3 Other Approaches

There are many other ways to do bootstrapping. For instance, we could sample the re-
gressors and residuals independently of each other and construct an artificial sample of
the dependent variable y, = X/ B + ii;. This clearly makes sense if the residuals and re-
gressors are independent of each other and errors are iid. In that case, the advantage of

this approach is that we do not keep the regressors fixed.

6.4.4 Serially Dependent Errors

It is quite hard to handle the case when the errors are serially dependent, since we must
the sample in such a way that we do not destroy the autocorrelation structure of the data.
A common approach is to fit a model for the residuals, for instance, an AR(1), and then
bootstrap the (hopefully iid) innovations to that process.

Another approach amounts to resampling of blocks of data. For instance, suppose the
sample has 10 observations, and we decide to create blocks of 3 observations. The first
block is (i1, tin, #13), the second block is (itp, i3, i14), and so forth until the last block,
(ég, g, u1p). If we need a sample of length 37, say, then we simply draw 7 of those
block randomly (with replacement) and stack them to form a longer series. To handle
end point effects (so that all data points have the same probability to be drawn), we also
create blocks by “wrapping” the data around a circle. In practice, this means that we add
a the following blocks: (ii10, it1, ii2) and (ig, 10, i1). An alternative approach is to have

non-overlapping blocks. See Berkowitz and Kilian (2000) for some other recent methods.
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7 GMM

References: Greene (2000) 4.7 and 11.5-6

Additional references: Hayashi (2000) 3-4; Verbeek (2000) 5; Hamilton (1994) 14; Ogaki
(1993), Johnston and DiNardo (1997) 10; Harris and Matyas (1999); Pindyck and Rubin-
feld (1997) Appendix 10.1; Cochrane (2001) 10-11

7.1 Method of Moments

Let m (x;) be a k x 1 vector valued continuous function of a stationary process, and let the
probability limit of the mean of m (.) be a function y (.) of a k x 1 vector B of parameters.
We want to estimate . The method of moments (MM, not yet generalized to GMM)
estimator is obtained by replacing the probability limit with the sample mean and solving

the system of k equations

T
1
=20 =y () =0 (7.1)
=1
for the parameters S.
It is clear that this is a consistent estimator of § if y is continuous. (Proof: the sample
mean is a consistent estimator of y(.), and by Slutsky’s theorem plim y(ﬁ) = y(plim )

if y is a continuous function.)

Example 1 (MM for the variance of a variable.) The MM condition % ZzT:I xtz —02=0

gives the usual MLE of the sample variance, assuming Ex; = 0.

Example 2 (MM for an MA(1).) For an MA(1), y; = €; + 0¢;_1, we have

Ey? = E (¢ + 0€_1)? = o2(1+62)
E(iyi-1) = E[(e+0e-1)(e-1+062)] =  o26.
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The moment conditions could therefore be

T
%Zt:l yrz_ag(l +92) _ 0
F 21 yivio1 — 020 0
which allows us to estimate 0 and 2.

7.2 Generalized Method of Moments

GMM extends MM by allowing for more orthogonality conditions than parameters. This
could, for instance, increase efficiency and/or provide new aspects which can be tested.

Many (most) traditional estimation methods, like LS, IV, and MLE are special cases
of GMM. This means that the properties of GMM are very general, and therefore fairly
difficult to prove.

7.3 Moment Conditions in GMM
Suppose we have g (unconditional) moment conditions,

Em | (w;, o)
Em(w, o) =
Emg(w;, Bo)
=0,x1, (7.2)

from which we want to estimate the k x 1 (k < ¢) vector of parameters, 8. The true
values are fy. We assume that wy; is a stationary and ergodic (vector) process (otherwise
the sample means does not converge to anything meaningful as the sample size increases).

The sample averages, or “sample moment conditions,” evaluated at some value of 8, are

T
_ 1
m(p) = ;;m(whﬁ). (1.3)
The sample average m (f) is a vector of functions of random variables, so they are ran-

dom variables themselves and depend on the sample used. It will later be interesting to
calculate the variance of m (8). Note that m(B;) and m(B;) are sample means obtained
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by using two different parameter vectors, but on the same sample of data.

Example 3 (Moments conditions for IV/2SLS.) Consider the linear model y; = x,Bo+u;,
where x; and B are k x 1 vectors. Let z; be a q x 1 vector, with q > k. The moment

conditions and their sample analogues are
T
’ - 1 !
0g1 = Ezquy = Elzy(yi = x{fo)], and i (B) = - 3 2t = x/P),
t=1

(or Z'(Y — XB)/ T in matrix form). Let ¢ = k to get IV; let 7, = x; to get LS.

Example 4 (Moments conditions for MLE.) The maximum likelihood estimator maxi-

mizes the log likelihood function, %ELI In L (wy; B), which requires %2;13 InL (ws; B) /0B =

0. A key regularity condition for the MLE is that Ed In L (wy; Bo) /0B = 0, which is just
like a GMM moment condition.
7.3.1 Digression: From Conditional to Unconditional Moment Conditions

Suppose we are instead given conditional moment restrictions

Efu(x;, fo)lzi] = Omx1, (7.4)

where z; is a vector of conditioning (predetermined) variables. We want to transform this

to unconditional moment conditions.

Remark 5 (E(u|z) = 0 versus Euz = 0.) For any random variables u and z,
Cov (z,u) = Cov|z, E(u|z)].

The condition E(u|z) = O then implies Cov(z, u) = 0. Recall that Cov(z, u) = Ezu—EzEu,
and that E(u|z) = 0 implies that Eu = 0 (by iterated expectations). We therefore get that

Cov(z,u)=0

E =0

:|:>Euz:0.

Example 6 (Euler equation for optimal consumption.) The standard Euler equation for

optimal consumption choice which with isoelastic utility U (C,) = C,FV/ (1—vy)is

C -V
E|:R,+1,B( gl) —1 Q,:| =0,
t
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where R;41 is a gross return on an investment and 2, is the information set in t. Let

Z; € Sy, for instance asset returns or consumption t or earlier. The Euler equation then

C v
E |:R,+1ﬁ ( éJrl) Zr — Zt:| =0.
t

Let z; = (217, -.-» Znz)’, and define the new (unconditional) moment conditions as

implies

uy(xe, B)zir
uy(xe, B)zor

m(we, B) = ulxt, B) @ zr = | u1(xs, Bz s (7.5)
uz(xe, Bz

L U (X1, ,B)Znt
which by (7.4) must have an expected value of zero, that is
Em(w, Bo) = qul- (7.6)

This a set of unconditional moment conditions—just as in (7.2). The sample moment con-
ditions (7.3) are therefore valid also in the conditional case, although we have to specify
m(wy, B) as in (7.5).

Note that the choice of instruments is often arbitrary: it often amounts to using only
a subset of the information variables. GMM is often said to be close to economic theory,
but it should be admitted that economic theory sometimes tells us fairly little about which

instruments, z;, to use.

Example 7 (Euler equation for optimal consumption, continued) The orthogonality con-
ditions from the consumption Euler equations in Example 6 are highly non-linear, and
theory tells us very little about how the prediction errors are distributed. GMM has the
advantage of using the theoretical predictions (moment conditions) with a minimum of
distributional assumptions. The drawback is that it is sometimes hard to tell exactly which

features of the (underlying) distribution that are tested.
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7.4 The Optimization Problem in GMM

7.4.1 The Loss Function

The GMM estimator ,3 minimizes the weighted quadratic form

/

mi(B) Wi oo e Wiy mi(B)
r=| S )
’ﬁq(ﬂ) qu Tttt qu ﬁlq(ﬁ)
= m(B) W (f), (7.8)

where m(B) is the sample average of m(w;, B) given by (7.3), and where W is some
g x g symmetric positive definite weighting matrix. (We will soon discuss a good choice
of weighting matrix.) There are k parameters in B to estimate, and we have ¢ moment
conditions in m(B). We therefore have ¢ — k overidentifying moment restrictions.

With ¢ = k the model is exactly identified (as many equations as unknown), and it
should be possible to set all g sample moment conditions to zero by a choosing the k = ¢
parameters. It is clear that the choice of the weighting matrix has no effect in this case
since n‘z(ﬁ) = 0 at the point estimates ,é

Example 8 (Simple linear regression.) Consider the model

ye = x¢fo + uy, (7.9)

where y; and x; are zero mean scalars. The moment condition and loss function are

1 T
i (B) = 7 Y xi(y —xp) and
t=1
2

1 I
J=W|:TZX1()’t—xtﬂ)i| ;

t=1

so the scalar W is clearly irrelevant in this case.

Example 9 (1V/2SLS method continued.) From Example 3, we note that the loss function
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for the 1V/2SLS method is

T 4 T
1 1
m(B) Wi () = [TE z,(y,—x;m} W[TE a(»—x[ﬂ)}.
=1 =1

When q = k, then the model is exactly identified, so the estimator could actually be found

by setting all moment conditions to zero. We then get the IV estimator

T
1 ~
0= T ZZ'(y’ —x;B1v) or

t=1

1< T

m:(Tzz,x;) Iy
=1 t=1
3y,

M>

-1
X
where f)zx = ZtT:lz,x,/ /T and similarly for the other second moment matrices. Let z; =
Xy to get LS

BLS = ﬁ:;xl Exy-

7.4.2 First Order Conditions

Remark 10 (Matrix differentiation of non-linear functions.) Let the vector y,x| be a

function of the vector x,; x|
i Si(x)

Yn Jn (X)

Then, dy/0x’ is an n x m matrix

af1(x) i) .. dfikx)
x’ dxq xp
dy ) )
; . = . .
dx 9f1(x) ofnx) .. 0falx)
dx’ 9x1 0xm

(Note that the notation implies that the derivatives of the first element in y, denoted yi,
with respect to each of the elements in x' are found in the first row of dy/dx’. A rule to

help memorizing the format of dy/9x’: y is a column vector and x' is a row vector.)
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Remark 11 When y = Ax where A is an n X m matrix, then f; (x) in Remark 10 is a
linear function. We then get dy/9x’ = 8 (Ax) /ox' = A.

Remark 12 As a special case of the previous remark y = 7'x where both 7 and x are

vectors. Then  (z'x) /3x' = 2/ (since 2 plays the role of A).

Remark 13 (Matrix differentiation of quadratic forms.) Let x,x1, f (X),x1, and Amxm

symmetric. Then

of ) Af ) (af )Y
0x _2< dax’ )Af(x).

Remark 14 If f (x) = x, then 3f (x) /dx' = I, s0 8 (x'Ax) /ox = 2Ax.

The k first order conditions for minimizing the GMM loss function in (7.8) with re-
spect to the k parameters are that the partial derivatives with respect to 8 equal zero at the

estimate, E )

0 am(B)Y Wi ()
kx1 = ———~,
B
iy (B (A PN
h ... D Wit e e Wig || miB)
_ (with Bix1),
L 2 Wig oo oo Wag J [ Mg (B)
(7.10)
A I
_ (om(B) o
_< T ) W m(B). (7.11)
aXq9 gx1
kxq

We can solve for the GMM estimator, /§ , from (7.11). This set of equations must often be
solved by numerical methods, except in linear models (the moment conditions are linear

functions of the parameters) where we can find analytical solutions by matrix inversion.
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Example 15 (First order conditions of simple linear regression.) The first order condi-

tions of the loss function in Example 8 is
T
d 1 N
0=—W|= —
dp |:T ;xt(yt xtﬂ)i|
1 I
{ x?} 4 [T ;x,(y, - x,ﬂ)] , or

i _

Example 16 (First order conditions of IV/2SLS.) The first order conditions correspond-

2

-1

1 T
[2> ?;xt}’r-

1 T
_?Z
t=1

1 T
T >

ing to (7.11) of the loss function in Example 9 (when q > k) are

T
041 = ’"(‘S)} Wi (B)

ap

i ) 1< ol

= 37/3/? ;Zt(yt - x;ﬁ):| W? ;Zt()/t - xt/ﬁ)
— 1 T / 1 T

= —? ZZtX,/i| W? ZZt(yt —xt/,B)
L t=1 t=1

= *ixzw(izy - zA:leé)-

We can solve for B from the first order conditions as

A ~ ~ [N ~
/325LS = (Exzwzzx) ZXZWZZ,V'

When q = k, then the first order conditions can be premultiplied with (f)xZ W), since

ﬁ)xZW is an invertible k x k matrix in this case, to give

01 = 32y — B, 50 Brv = Z;lﬁ:z,v-

This shows that the first order conditions are just the same as the sample moment condi-
tions, which can be made to hold exactly since there are as many parameters as there are

equations.
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7.5 Asymptotic Properties of GMM

We know very little about the general small sample properties, including bias, of GMM.
We therefore have to rely either on simulations (Monte Carlo or bootstrap) or on the
asymptotic results. This section is about the latter.

GMM estimates are typically consistent and normally distributed, even if the series
m(w;, B) in the moment conditions (7.3) are serially correlated and heteroskedastic—
provided wy is a stationary and ergodic process. The reason is essentially that the esti-
mators are (at least as a first order approximation) linear combinations of sample means
which typically are consistent (LLN) and normally distributed (CLT). More about that
later. The proofs are hard, since the GMM is such a broad class of estimators. This

section discusses, in an informal way, how we can arrive at those results.

7.5.1 Consistency

Sample moments are typically consistent, so plimm (8) = Em(w,, B). This must hold at
any parameter vector in the relevant space (for instance, those inducing stationarity and
variances which are strictly positive). Then, if the moment conditions (7.2) are true only at
the true parameter vector, Sy, (otherwise the parameters are “unidentified”) and that they
are continuous in 8, then GMM is consistent. The idea is thus that GMM asymptotically

solves

0,1 = plim i (f)
=Em(w;, f),

which only holds at B = Bo. Note that this is an application of Slutsky’s theorem.

Remark 17 (Slutsky’s theorem.) If {xt} is a sequence of random matrices such that

plimxr = x and g(xt) a continuous function, then plim g(x7) = g(x).

Example 18 (Consistency of 2SLS.) By using y; = x{fo + u;, the first order conditions
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in Example 16 can be rewritten
1 I
01 = WD 2 (y — x/B)
t=1

Take the probability limit
Okx1 = plim S, W plim 3., + plim . W plim .., <ﬂ0 — plim ﬁ) .

In most cases, plim s vz 1S some matrix of constants, and plim )izu = Eziuy = 0gx1. It
then follows that plim ;§ = Po. Note that the whole argument relies on that the moment
condition, Ezju; = Oy, is true. If it is not, then the estimator is inconsistent. For
instance, when the instruments are invalid (correlated with the residuals) or when we use

LS (z; = x;) when there are measurement errors or in a system of simultaneous equations.

7.5.2 Asymptotic Normality

To give the asymptotic distribution of /7' (B — Bo), we need to define three things. (As
usual, we also need to scale with \/T to get a non-trivial asymptotic distribution; the
asymptotic distribution of B — Po is a spike at zero.) First, let So (a ¢ X g matrix) denote
the asymptotic covariance matrix (as sample size goes to infinity) of /T times the sample
moment conditions evaluated at the true parameters

So = ACov [ﬁm (ﬂo)] (7.12)
T
= ACov [\/17 ; m(w;, 50)} , (7.13)

where we use the definition of m (By) in (7.3). (To estimate Sy it is important to recognize
that it is a scaled sample average.) Second, let Do (a ¢ x k matrix) denote the probability

limit of the gradient of the sample moment conditions with respect to the parameters,
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evaluated at the true parameters

am(Bo)

Dy = pli
o =plim =27

(7.14)

Note that a similar gradient, but evaluated at B, also shows up in the first order conditions
(7.11). Third, let the weighting matrix be the inverse of the covariance matrix of the

moment conditions (once again evaluated at the true parameters)
~1
W=S5,". (7.15)

It can be shown that this choice of weighting matrix gives the asymptotically most ef-
ficient estimator for a given set of orthogonality conditions. For instance, in 2SLS, this
means a given set of instruments and (7.15) then shows only how to use these instruments
in the most efficient way. Of course, another set of instruments might be better (in the
sense of giving a smaller Cov(ﬁ)).

With the definitions in (7.12) and (7.14) and the choice of weighting matrix in (7.15)
and the added assumption that the rank of Dy equals k (number of parameters) then we

can show (under fairly general conditions) that
R -1
VTR = Bo) > N(Ogx1, V), where V = (D()SO_IDO> . (7.16)

This holds also when the model is exactly identified, so we really do not use any weighting
matrix.

To prove this note the following.

Remark 19 (Continuous mapping theorem.) Let the sequences of random matrices {xr}
and {yr}, and the non-random matrix {ar} be such that xt —d> X, yr A y, and ar — a
(a traditional limit). Let g(xt, yr, ar) be a continuous function. Then g(xt, yr, ar) —d>
g(x,y,a). Either of yr and at could be irrelevant in g. (See Mittelhammer (1996) 5.3.)

Example 20 For instance, the sequences in Remark 19 could be xp = /T > w/T,
the scaled sample average of a random variable w;; yr = E,T=w,2 /T, the sample second

moment; and ar = ZITZIOJ’.

Remark 21 From the previous remark: if xr —d> x (a random variable) and plim Qr =

. d
Q (a constant matrix), then Qpxp — Qx.
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Proof. (The asymptotic distribution (7.16). Sketch of proof.) This proof is essentially
an application of the delta rule. By the mean-value theorem the sample moment condition
evaluated at the GMM estimate, 3 ,is

om(B1)
ap’

m(B) = m(Bo) + (B — Bo) 7.17)

for some values f; between ,3 and Bp. (This point is different for different elements in
m.) Premultiply with [dm (B) /0B’ W. By the first order condition (7.11), the left hand

side is then zero, so we have

(B - amB)\  amg)
okxl—( 5 ) Wm(ﬂo)+( T )W - G—po A1)

Multiply with +/T and solve as

A\ s -1 AN/
VT (B —ﬂo) = [(amm) de(’g')} (am(ﬂ)> WNTm(Bo).  (7.19)

op’ op’ ap’
r
If . ) )
plim alg/;ﬂ) = an;(;()) = Dy, then plim 3";/(3/?0 = Dy,
since B is between By and 3 . Then
plimT = — (DyW Do) ™' DyW. (7.20)

The last term in (7.19), /T (Bo), is /T times a vector of sample averages, so by a CLT
it converges in distribution to N(0, Sp), where Sy is defined as in (7.12). By the rules of

limiting distributions (see Remark 19) we then have that
ﬁ(ﬁ — ﬂg) —d> plimI" x something thatis N (0, Sp), thatis,

JT (ﬁ - ﬂg) L N [04x1, (plim I) So(plim )] .
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The covariance matrix is then

ACOV[VT (B — o)l = (plimI") Sy(plim I'")
= (DyW Do) ™" DyW So[(DyW Do)~ DyWT' (7.21)
= (DyW Do)~ DyW SoW' Do (DyW Do)~ . (7.22)

fW=Ww = So_ ], then this expression simplifies to (7.16). (See, for instance, Hamilton
(1994) 14 (appendix) for more details.) m

It is straightforward to show that the difference between the covariance matrix in
(7.22) and (D{)Sa 1Do)_l (as in (7.16)) is a positive semi-definite matrix: any linear
combination of the parameters has a smaller variance if W = §; Uis used as the weight-
ing matrix.

All the expressions for the asymptotic distribution are supposed to be evaluated at the
true parameter vector Sy, which is unknown. However, Dy in (7.14) can be estimated by
am(B) /0B, where we use the point estimate instead of the true value of the parameter
vector. In practice, this means plugging in the point estimates into the sample moment
conditions and calculate the derivatives with respect to parameters (for instance, by a
numerical method).

Similarly, Sp in (7.13) can be estimated by, for instance, Newey-West’s estimator of
Cov[v/Tm(B)], once again using the point estimates in the moment conditions.
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7.6 Summary of GMM

Economic model : Em(w;, fo) = 041, Bisk x 1
T
Sample moment conditions : m(f) = l Z m(wy, B)
. T P ts

Loss function : J = m(B) Wi (B)

A A A ’
am(B) W om A
First order conditions : 0y = mp) Wi (p) = m(h) Wm(B)
op op’
Consistency : B is typically consistent if Em(w;, o) =0

am(Bo)
ap’

Define : Sp = Cov [ﬁrﬁ (,80)} and Dy = plim
Choose: W = SO_l

X -1
Asymptotic distribution : VT (B — o) > N(Opx1, V), where V = (D(/)S()_ID0>

7.7 Efficient GMM and Its Feasible Implementation

The efficient GMM (remember: for a given set of moment conditions) requires that we
use W =S5 ! which is tricky since Sp should be calculated by using the true (unknown)
parameter vector. However, the following two-stage procedure usually works fine:

e First, estimate model with some (symmetric and positive definite) weighting matrix.
The identity matrix is typically a good choice for models where the moment con-
ditions are of the same order of magnitude (if not, consider changing the moment
conditions). This gives consistent estimates of the parameters 8. Then a consistent

estimate S can be calculated (for instance, with Newey-West).

e Use the consistent § from the first step to define a new weighting matrix as W =

$~!. The algorithm is run again to give asymptotically efficient estimates of S.

e [terate at least once more. (You may want to consider iterating until the point esti-

mates converge.)
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Example 22 (Implementation of 2SLS.) Under the classical 2SLS assumptions, there is
no need for iterating since the efficient weighting matrix is E;l/ o2 Only 62 depends
on the estimated parameters, but this scaling factor of the loss function does not affect

BasLs-

One word of warning: if the number of parameters in the covariance matrix S is
large compared to the number of data points, then S tends to be unstable (fluctuates a lot
between the steps in the iterations described above) and sometimes also close to singular.
The saturation ratio is sometimes used as an indicator of this problem. It is defined as the
number of data points of the moment conditions (¢ T) divided by the number of estimated
parameters (the k parameters in 4 and the unique g(g + 1)/2 parameters in S if it is
estimated with Newey-West). A value less than 10 is often taken to be an indicator of
problems. A possible solution is then to impose restrictions on S, for instance, that the
autocorrelation is a simple AR(1) and then estimate S using these restrictions (in which

case you cannot use Newey-West, or course).

7.8 Testing in GMM

The result in (7.16) can be used to do Wald tests of the parameter vector. For instance,
suppose we want to test the s linear restrictions that Rfp =r (Riss x kandriss x 1)

then it must be the case that under null hypothesis
VT(RB—1r) % N0, RVR). (1.23)

Remark 23 (Distribution of quadratic forms.) If the n x 1 vector x ~ N(0, X), then
X' T~ x2.

From this remark and the continuous mapping theorem in Remark (19) it follows that,
under the null hypothesis that Ry = r, the Wald test statistics is distributed as a x?
variable

T(RB—r) (RVR) ™ (RB —r) 5 x2. (7.24)

We might also want to test the overidentifying restrictions. The first order conditions
(7.11) imply that k linear combinations of the ¢ moment conditions are set to zero by
solving for B. Therefore, we have q — k remaining overidentifying restrictions which
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should also be close to zero if the model is correct (fits data). Under the null hypothesis
that the moment conditions hold (so the overidentifying restrictions hold), we know that
VT (Bo) is a (scaled) sample average and therefore has (by a CLT) an asymptotic normal
distribution. It has a zero mean (the null hypothesis) and the covariance matrix in (7.12).
In short,

VT (Bo) > N (041, S0) - (1.25)

If would then perhaps be natural to expect that the quadratic form T (B) Sy L (B)
should be converge in distribution to a Xz? variable. That is not correct, however, since ,3
chosen is such a way that & linear combinations of the first order conditions always (in
every sample) are zero. There are, in effect, only ¢ — k nondegenerate random variables in
the quadratic form (see Davidson and MacKinnon (1993) 17.6 for a detailed discussion).
The correct result is therefore that if we have used optimal weight matrix is used, W =
SO_ 1, then

T (B) Sy 'm(B) 4 Xe g iEW =55 (7.26)

The left hand side equals 7" times of value of the loss function (7.8) evaluated at the point

estimates, so we could equivalently write what is often called the J test
TIB) ~ xg i it W =S5;" (1.27)

This also illustrates that with no overidentifying restrictions (as many moment conditions
as parameters) there are, of course, no restrictions to test. Indeed, the loss function value
is then always zero at the point estimates.

Example 24 (Test of overidentifying assumptions in 2SLS.) In contrast to the 1V method,
2SLS allows us to test overidentifying restrictions (we have more moment conditions than
parameters, that is, more instruments than regressors). This is a test of whether the residu-
als are indeed uncorrelated with all the instruments. If not, the model should be rejected.
It can be shown that test (7.27) is (asymptotically, at least) the same as the traditional
(Sargan (1964), see Davidson (2000) 8.4) test of the overidentifying restrictions in 2SLS.
In the latter, the fitted residuals are regressed on the instruments; T R* from that regres-
sion is x? distributed with as many degrees of freedom as the number of overidentifying

restrictions.
Example 25 (Results from GMM on CCAPM; continuing Example 6.) The instruments
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could be anything known at t or earlier could be used as instruments. Actually, Hansen
and Singleton (1982) and Hansen and Singleton (1983) use lagged R; ;11ci+1/cs as in-
struments, and estimate y to be 0.68 to 0.95, using monthly data. However, TJT(/§) is
large and the model can usually be rejected at the 5% significance level. The rejection
is most clear when multiple asset returns are used. If T-bills and stocks are tested at the

same time, then the rejection would probably be overwhelming.

Another test is to compare a restricted and a less restricted model, where we have
used the optimal weighting matrix for the less restricted model in estimating both the less
restricted and more restricted model (the weighting matrix is treated as a fixed matrix in
the latter case). It can be shown that the test of the s restrictions (the “D test”, similar in
flavour to an LR test), is

T[J('érestricted) _ J('B‘less restricted)] ~ X527 itW = S&l. (7.28)

The weighting matrix is typically based on the unrestricted model. Note that (7.27) is a
special case, since the model with allows g non-zero parameters (as many as the moment
conditions) always attains J = 0, and that by imposing s = g — k restrictions we get a

restricted model.

7.9 GMM with Sub-Optimal Weighting Matrix*

When the optimal weighting matrix is not used, that is, when (7.15) does not hold, then
the asymptotic covariance matrix of the parameters is given by (7.22) instead of the result
in (7.16). That is,

VT(B — Bo) > N(Oxr. Vo), where Vs = (DyW Do) ™" DyW SoW' Do (DyW Do) ™"

(7.29)
The consistency property is not affected.
The test of the overidentifying restrictions (7.26) and (7.27) are not longer valid. In-

stead, the result is that

VTi(B) =4 N (041, ¥), with (7.30)
W = [I — Dy (DyW Do)~ DyW1Soll — Do (DyW Do)~ DyWT.  (7.31)
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This covariance matrix has rank g — k (the number of overidentifying restriction). This
distribution can be used to test hypotheses about the moments, for instance, that a partic-
ular moment condition is zero.

Proof. (Sketch of proof of (7.30)-(7.31)) Use (7.19) in (7.17) to get

JTin(B) = VTin(Bo) + VT a";ff D1 (o)

- [1 + 8'2/(3’?')F] VT (Bo).

The term in brackets has a probability limit, which by (7.20) equals I — Dy (D(’)WDO)_1 DyW.
Since /T (Bo) —< N (041, So) we get (7.30). m

Remark 26 If the n x 1 vector X ~ N(0, X), where ¥ has rank r < n then ¥ =
X'S+X ~ 2 where £7 is the pseudo inverse of Z.

Remark 27 The symmetric T can be decomposed as ¥ = ZAZ' where Z are the or-
thogonal eigenvector ( 7z =1 ) and A is a diagonal matrix with the eigenvalues along

the main diagonal. The pseudo inverse can then be calculated as ©+ = ZATZ', where

-1
At = A 0
0 o |

with the reciprocals of the non-zero eigen values along the principal diagonal ofAfll.

This remark and (7.31) implies that the test of overidentifying restrictions (Hansen’s
J statistics) analogous to (7.26) is

T By WHin(B) > x2 4. (7.32)

It requires calculation of a generalized inverse (denoted by superscript ), but this is
fairly straightforward since W is a symmetric matrix. It can be shown (a bit tricky) that
this simplifies to (7.26) when the optimal weighting matrix is used.

7.10 GMM without a Loss Function*

Suppose we sidestep the whole optimization issue and instead specify k linear combi-
nations (as many as there are parameters) of the ¢ moment conditions directly. That is,
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instead of the first order conditions (7.11) we postulate that the estimator should solve

Ocx =¢;ﬁ(/§) Bisk x 1). (7.33)
kxq gx1

The matrix A is chosen by the researcher and it must have rank k (lower rank means that
we effectively have too few moment conditions to estimate the k parameters in 8). If A
is random, then it should have a finite probability limit Ao (also with rank k). One simple
case when this approach makes sense is when we want to use a subset of the moment
conditions to estimate the parameters (some columns in A are then filled with zeros), but
we want to study the distribution of all the moment conditions.

By comparing (7.11) and (7.33) we see that A plays the same role as [3rh(/§)/8ﬁ/]/W,
but with the difference that A is chosen and not allowed to depend on the parameters.
In the asymptotic distribution, it is the probability limit of these matrices that matter, so
we can actually substitute Ay for DyW in the proof of the asymptotic distribution. The

covariance matrix in (7.29) then becomes

ACoVIVT (B — Bo)] = (AoDo) ™" AgSol(AgDo) " Aol
= (AoDo) ™" ApSoAH[(AoDo)~'T, (1.34)

which can be used to test hypotheses about the parameters.
Similarly, the covariance matrix in (7.30) becomes

ACoVIVTi(B)] = [I — Do (AgDo) ™" AglSoll — Do (AgDo) ™" Aol (7.35)
which still has reduced rank. As before, this covariance matrix can be used to construct
both 7 type and x? tests of the moment conditions.

7.11 Simulated Moments Estimator*

Reference: Ingram and Lee (1991)

It sometimes happens that it is not possible to calculate the theoretical moments in
GMM explicitly. For instance, suppose we want to match the variance of the model with
the variance of data

Ef (x:, 2z, Bo) = E (x, — 11)* — Var_of model (By) = 0,
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but the model is so non-linear that we cannot find a closed form expression for Var_of_model(fp).

The SME involves (i) drawing a set of random numbers for the stochastic shocks in
the model; (ii) for a given set of parameter values generate a model simulation with 7;,,
observations, calculating the moments and using those instead of Var_of_model(8y) (or
similarly for other moments), which is then used to evaluate the loss function Jr. This is
repeated for various sets of parameter values until we find the one which minimizes Jr.

Basically all GMM results go through, but the covariance matrix should be scaled up
with 1 + T/ T, where T is the sample length. Note that one must use exactly the same

random numbers for all simulations.
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8 Examples and Applications of GMM

8.1 GMM and Classical Econometrics: Examples

8.1.1 The LS Estimator (General)

The model is

v =x;B0 + u, 3.1
where §is ak x 1 vector.
The k moment conditions are
1< 1 < 1 <
(B) = = Y xy —xiB) == D v — = D xxp. 82)
t=1 t=1 t=1

The point estimates are found by setting all moment conditions to zero (the model is

exactly identified), m (B) = Oxx1, which gives

. Lz *11 T
ﬂ=<T§x,x;) ;Ewﬁ. (8.3)

If we define
T
So = ACov [ﬁm (,30)] — ACov (‘/T7 Zx,u,) (8.4)
t=1
i 1 &
Do = plim ";l(g'? Y _ lim (—T gx,x’) ——3,. (8.5)

then the asymptotic covariance matrix of ~/7 (8 — fo)
—1 -1
Vs = <Dg)s(;IDO) - (z;xsglzxx) =xlsoz; L (8.6)

We can then either try to estimate Sy by Newey-West, or make further assumptions to

simplify Sp (see below).
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8.1.2 The IV/2SLS Estimator (General)

The model is (8.1), but we use an IV/2SLS method. The ¢ moment conditions (with
q > k) are

T T T
_ 1 1 1
B) ==Y uln—xip) == 3 ay— 7 ) uxib. (8.7)
t=1 t=1 t=1
The loss function is (for some positive definite weighting matrix W, not necessarily

the optimal)

!

T T
1 1
m(B) Wi(B) = [T E 2 —xt’ﬁ)} w [T E 2z —x;ﬁ)}, (8.8)
=1 t=1

and the k first order conditions, (dm(B)/88") Wm(B) = 0, are
31« g
Ot = | = Y —xp) | w=> —x/B
kex 1 |:8/3’ T — 2t (yr x;ﬂ):| T — z (v Xtﬂ)

1 & o
= |:_T IZ]:ZtX,/j| W;;Z;(}’t —xB)

== W(Ey - B.h). (8.9)
We solve for ,3 as
~ ~ ~ =1 4 ~
A= (zxzwzu) S WL, (8.10)
Define

N VT &
So = ACov [ﬁm (,30)] — ACov (T >z 8.11)

=1

_ T
. 0m(Bo) . 1

Do = plim T plim (—T ;z,x,’> =-%,,. (8.12)

This gives the asymptotic covariance matrix of v/7 B - Bo)

V= (D{)SO"DO>71 = (zgxsg'zzx)fl . (8.13)
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When the model is exactly identified (¢ = k), then we can make some simplifications

since & vz 18 then invertible. This is the case of the classical IV estimator. We get

B=37%, and Vv =315 (x,,) " ifqg =k (8.14)

X

(Use the rule (ABC)~' = C~!B~1A~! to show this.)

8.1.3 Classical LS Assumptions

Reference: Greene (2000) 9.4 and Hamilton (1994) 8.2.

This section returns to the LS estimator in Section (8.1.1) in order to highlight the
classical LS assumptions that give the variance matrix 623}

We allow the regressors to be stochastic, but require that x; is independent of all u,
and that u, is iid. It rules out, for instance, that u, and x;_, are correlated and also that

the variance of u#, depends on x;. Expand the expression for Sy as

VT < N
S0=E<T;x,u, Tgu,xt (8.15)

] I
= ?E (oo Xgmpttg—y + Xgutg + ) (o Fusmrx) ) +ugxy + ...
Note that

Ex;_su;—su;x; = BEx;_;x;Bu;_su; (since u, and x,_, independent)

3 { 0if s # 0 (since Eug_ us = 0 by iid uy)

Ex;x/Eu,u; else.

(8.16)

This means that all cross terms (involving different observations) drop out and that we

can write
1 T
So=7 ;Ex,x,’Euf 8.17)
1 T
= 02?15 ;x,x; (since u; is iid and o> = Eu?) (8.18)
=0Ty (8.19)
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Using this in (8.6) gives
V=02l (8.20)

8.1.4 Almost Classical LS Assumptions: White’s Heteroskedasticity.

Reference: Greene (2000) 12.2 and Davidson and MacKinnon (1993) 16.2.

The only difference compared with the classical LS assumptions is that u; is now
allowed to be heteroskedastic, but this heteroskedasticity is not allowed to depend on the
moments of x,. This means that (8.17) holds, but (8.18) does not since Eur2 is not the
same for all 7.

However, we can still simplify (8.17) a bit more. We assumed that Ex,x; and Eu,2
(which can both be time varying) are not related to each other, so we could perhaps mul-
tiply Ex,x; by EtT: 1Eut2 /T instead of by Eu?. This is indeed true asymptotically—where
any possible “small sample” relation between Ex,x; and Eu,2 must wash out due to the
assumptions of independence (which are about population moments).

In large samples we therefore have
1 1
So = <T ZEutz) (T Z Ex,xt/)
t=1 t=1
1 1 o
2
= (T ZEM,) (ET Zx,xt/)
=1 =1

=0’ %, (8.21)

2 is a scalar. This is very similar to the classical LS case, except that ? is

where
the average variance of the residual rather than the constant variance. In practice, the
estimator of w? is the same as the estimator of o2, so we can actually apply the standard
LS formulas in this case.

This is the motivation for why White’s test for heteroskedasticity makes sense: if the
heteroskedasticity is not correlated with the regressors, then the standard LS formula is

correct (provided there is no autocorrelation).
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8.1.5 Estimating the Mean of a Process

Suppose u; is heteroskedastic, but not autocorrelated. In the regression y, = o + uy,
x; = z; = 1. This is a special case of the previous example, since Eu? is certainly
unrelated to Ex;x; = 1 (since it is a constant). Therefore, the LS covariance matrix
is the correct variance of the sample mean as an estimator of the mean, even if u, are

heteroskedastic (provided there is no autocorrelation).

8.1.6 The Classical 2SLS Assumptions™*

Reference: Hamilton (1994) 9.2.
The classical 2SLS case assumes that z; is independent of all u,; and that i, is iid.

The covariance matrix of the moment conditions are

1 < 1<
So=E[—=Y zu | [—= /). 8.22
=5 2e) (G5 .

so by following the same steps in (8.16)-(8.19) we get Sy = 02X ;. The optimal weighting
matrix is therefore W = 23;11/02 (or (Z/Z/T)’l/o2 in matrix form). We use this result
in (8.10) to get

N RN

BasLs = (E.\'z Ez_zl sz) Exz Ez_z zy» (8.23)
which is the classical 2SLS estimator.

Since this GMM is efficient (for a given set of moment conditions), we have estab-

lished that 2SLS uses its given set of instruments in the efficient way—provided the clas-

sical 2SLS assumptions are correct. Also, using the weighting matrix in (8.13) gives
1 -1
V= (2”72;12”> ) (8.24)
o2z

8.2 Identification of Systems of Simultaneous Equations

Reference: Greene (2000) 16.1-3
This section shows how the GMM moment conditions can be used to understand if
the parameters in a system of simultaneous equations are identified or not.
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The structural model (form) is
Fy,+ Gz, = uy, (8.25)

where y; is a vector of endogenous variables, z; a vector of predetermined (exogenous)
variables, F is a square matrix, and G is another matrix.! We can write the jth equation
of the structural form (8.25) as

Vi = x;ﬂ + ujq, (8.26)

where x; contains the endogenous and exogenous variables that enter the jth equation
with non-zero coefficients, that is, subsets of y, and z;.

We want to estimate S in (8.26). Least squares is inconsistent if some of the regressors
are endogenous variables (in terms of (8.25), this means that the jth row in F contains
at least one additional non-zero element apart from coefficient on y;,). Instead, we use
IV/2SLS. By assumption, the structural model summarizes all relevant information for
the endogenous variables y,;. This implies that the only useful instruments are the vari-
ables in z;. (A valid instrument is uncorrelated with the residuals, but correlated with the

regressors.) The moment conditions for the jth equation are then

T
Ez; (yj — x,;8) = 0 with sample moment conditions % Z z (vji —x8) = 0. (8.27)
=1
If there are as many moment conditions as there are elements in 8, then this equation
is exactly identified, so the sample moment conditions can be inverted to give the Instru-
mental variables (IV) estimator of §. If there are more moment conditions than elements
in B, then this equation is overidentified and we must devise some method for weighting
the different moment conditions. This is the 2SLS method. Finally, when there are fewer
moment conditions than elements in S, then this equation is unidentified, and we cannot
hope to estimate the structural parameters of it.
We can partition the vector of regressors in (8.26) as x; = [Z], ¥], where y;; and zj;
are the subsets of z; and y, respectively, that enter the right hand side of (8.26). Partition z;
conformably z; = [Z}, z}], where z; are the exogenous variables that do not enter (8.26).

]By premultiplying with F~'and rearranging we get the reduced form y, = Iz, + &, with [T = —F!

and Cov(g;) = F~'Cov(u;)(F~Y.
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We can then rewrite the moment conditions in (8.27) as
- - !
E[ “ [(wi=| T |8)=0 (8.28)
2t nt

vjir=—G;Z — Fiyi +uj
= x/B + uj;, where x = [z, 5], (8.29)

This shows that we need at least as many elements in z; as in J; to have this equations
identified, which confirms the old-fashioned rule of thumb: there must be at least as
many excluded exogenous variables (z}) as included endogenous variables (y;) to have
the equation identified.

This section has discussed identification of structural parameters when 2SLS/IV, one
equation at a time, is used. There are other ways to obtain identification, for instance, by
imposing restrictions on the covariance matrix. See, for instance, Greene (2000) 16.1-3
for details.

Example 1 (Supply and Demand. Reference: GR 16, Hamilton 9.1.) Consider the sim-
plest simultaneous equations model for supply and demand on a market. Supply is
g =ypi+uj, y >0,
and demand is
qr = Bp: + @A, +uf, B <0,

where A, is an observable exogenous demand shock (perhaps income). The only mean-

ingful instrument is A,. From the supply equation we then get the moment condition

EA, (g —yp) =0,

which gives one equation in one unknown, y. The supply equation is therefore exactly
identified. In contrast, the demand equation is unidentified, since there is only one (mean-
ingful) moment condition

EA; (g1 — Bpi —aA;) =0,

but two unknowns (B and o).
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Example 2 (Supply and Demand: overidentification.) If we change the demand equation
in Example 1 to
@ = Bpi + A +bB +ul, B <O0.

There are now two moment conditions for the supply curve (since there are two useful

E A (q —vpr) _ 0
Bi (q: — yp1) 0|

but still only one parameter: the supply curve is now overidentified. The demand curve is

instruments)

still underidentified (two instruments and three parameters).

8.3 Testing for Autocorrelation

This section discusses how GMM can be used to test if a series is autocorrelated. The
analysis focuses on first-order autocorrelation, but it is straightforward to extend it to
higher-order autocorrelation.

Consider a scalar random variable x; with a zero mean (it is easy to extend the analysis

to allow for a non-zero mean). Consider the moment conditions

2_ 2 T 2_ 2 2
m,(ﬁ)z[xf v 2},s0m(ﬂ):;2[x’ 7 z]withﬂ:[o }

XtXt—1 — PO =1 L XtXe=1— po P
(8.30)
o2 is the variance and p the first-order autocorrelation so po? is the first-order autoco-
variance. We want to test if p = 0. We could proceed along two different routes: estimate
p and test if it is different from zero or set p to zero and then test overidentifying restric-
tions. We analyze how these two approaches work when the null hypothesis of p = 0 is

true.

8.3.1 Estimating the Autocorrelation Coefficient

We estimate both o2 and p by using the moment conditions (8.30) and then test if p =
0. To do that we need to calculate the asymptotic variance of 4 (there is little hope of
being able to calculate the small sample variance, so we have to settle for the asymptotic
variance as an approximation).
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We have an exactly identified system so the weight matrix does not matter—we can
then proceed as if we had used the optimal weighting matrix (all those results apply).

To find the asymptotic covariance matrix of the parameters estimators, we need the
probability limit of the Jacobian of the moments and the covariance matrix of the moments—
evaluated at the true parameter values. Let 71;(fp) denote the ith element of the m(8)

vector—evaluated at the true parameter values. The probability of the Jacobian is

. am1(Bo)/do?  dm1(Bo)/dp -1 0 -1 0
Dy = plim N 2 - = , | = ) |
dma(Bo)/do= dma(Bo)/dp —-p —0 0 —o
(8.31)
since p = O (the true value). Note that we differentiate with respect to o2, not o, since

we treat g2 as a parameter.

The covariance matrix is more complicated. The definition is

VT VT
So=E {T ;m,wo)] [T ;mz(ﬂo)

Assume that there is no autocorrelation in m,(8p). We can then simplify as

’

So = Em;(Bo)m(Bo) .

This assumption is stronger than assuming that p = 0, but we make it here in order to
illustrate the asymptotic distribution. To get anywhere, we assume that x; is iid N (0, o'2).
In this case (and with p = 0 imposed) we get

!
xt2 —o? x,2 — o2 (x,2 —o?)? (x,2 — oY) xxi_y
So=E =E ) ) )
XtXt—1 XtXt—1 (xf — 0°) XX (xXrx1-1)

=[Ex,4—202Ex3+a4 0 }2[204 0 } 532)

2.2 4
0 Exfx; 0 o

To make the simplification in the second line we use the facts that Ex} = 30% if x, ~
N(0, o2), and that the normality and the iid properties of x; together imply Extzxtz_1 =
E)c,zExtz_1 and Exfx,,l =Eo2xx,_1 = 0.

115



By combining (8.31) and (8.32) we get that

o[

, —1

(DOS(;IDO)
1 0 J[2* 0] '[=1 o
0 —o? 0 o 0 —o?
204 0

={ g 1] (8.33)

This shows the standard expression for the uncertainty of the variance and that the /T p.

Since GMM estimators typically have an asymptotic distribution we have ~/T5 —¢
N (0, 1), so we can test the null hypothesis of no first-order autocorrelation by the test
statistics

TH? ~ 2. (8.34)

This is the same as the Box-Ljung test for first-order autocorrelation.

This analysis shows that we are able to arrive at simple expressions for the sampling
uncertainty of the variance and the autocorrelation—provided we are willing to make
strong assumptions about the data generating process. In particular, ewe assumed that
data was iid N (0, o). One of the strong points of GMM is that we could perform similar
tests without making strong assumptions—provided we use a correct estimator of the
asymptotic covariance matrix Sp (for instance, Newey-West).

8.3.2 Testing the Overidentifying Restriction of No Autocorrelation™

We can estimate o2 alone and then test if both moment condition are satisfied at p = 0.
There are several ways of doing that, but the perhaps most straightforward is skip the loss

function approach to GMM and instead specify the “first order conditions” directly as

Xz — O'2
d s (8.35)
XeXr—1

which sets 6% equal to the sample variance.
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2

The only parameter in this estimation problem is o“, so the matrix of derivatives

_ | amiBo /a0 || —1
Do = phm|: Biny(Bo) /302 } = [ 0 ] . (8.36)

By using this result, the A matrix in (8.36) and the Sy matrix in (8.32,) it is straighforward

becomes

to calculate the asymptotic covariance matrix the moment conditions. In general, we have
ACov[VTi(B)] = [I — Do (AoDo) " AolSoll — Do (AgDo)~" Aol'. (8.37)

The term in brackets is here (since Ag = A since it is a matrix with constants)

—1

[10}[_1} [10}[_1} [10]:[00] (8.38)
01 0 0 01
A Do Ao Do Ao

We therefore get

ACovTnc | 0 0 20t 0 ][0o0] [o o 539
1ot o et |lo1]| |o o* | '

Note that the first moment condition has no sampling variance at the estimated parameters,
since the choice of 62 always sets the first moment condition equal to zero.

The test of the overidentifying restriction that the second moment restriction is also
Zero is

T (ACOV[ﬁn‘i(,é)])+ i~ x2, (8.40)

where we have to use a generalized inverse if the covariance matrix is singular (which it
is in (8.39)).

In this case, we get the test statistics (note the generalized inverse)

o]0 To o 1fo _ By 1]
ZtT:lx,x,,l/T 0 l/a4 EIT:lx,x,,l/T - o4 ’

(8.41)
which is the 7' times the square of the sample covariance divided by o*. A sample cor-
relation, g, would satisfy EtT:Ix,x,_l/T = p62, which we can use to rewrite (8.41) as
T 5°6*/a*. By approximating o* by 6 we get the same test statistics as in (8.34).
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8.4 Estimating and Testing a Normal Distribution

8.4.1 Estimating the Mean and Variance

This section discusses how the GMM framework can be used to test if a variable is nor-
mally distributed. The analysis cold easily be changed in order to test other distributions
as well.

Suppose we have a sample of the scalar random variable x; and that we want to test if
the series is normally distributed. We analyze the asymptotic distribution under the null
hypothesis that x; is N (i, o).

We specify four moment conditions

Xt — MK Xt — M
D2 52 1L N2 2
m, = (xr M)3 o som— L Z (s l/«)3 o (8.42)
(e — ) T =1 (er — )
(o — w)* =304 (x, — w)* — 304

Note that Em; = 04 if x; is normally distributed.
Let m; (Bo) denote the ith element of the m () vector—evaluated at the true parameter

values. The probability of the Jacobian is

1 (Bo)/du  dmy(Bo)/do*
ama(Bo) /o dmmiz(By)/d0?

Dy = plim B _ 5
dm3(Bo) /o dm3(Bo)/do
Ima(Bo) /o dma(Bo)/dc>
—1 0 -1 0
T
1 _ _ _ _
L N A S I PR CVE)
T = =3(x; — ) 0 —30 0
—4(x; — p)? —60? 0 —602

(Recall that we treat 62, not o, as a parameter.)

The covariance matrix of the scaled moment conditions (at the true parameter values)

VT VT ¢
So=E [T ;mf(ﬁo)} [T ;mz(ﬂo)}

is
!
,

(8.44)
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which can be a very messy expression. Assume that there is no autocorrelation in m,(Bp),

which would certainly be true if x; is iid. We can then simplify as

So = Em¢(Boym:(Bo)', (8.45)

which is the form we use here for illustration. We therefore have (provided m;, (8p) is not

autocorrelated)
X — M Xr— 1 ' o? 0 30 0
so—g|]| ® w?*—o? (xr — )2 —a? _| 0 2* 0 12°
(xr — )3 (o —p)? 364 0 15¢° 0
(x; — w)* —30* (x; — p)* — 304 0 126 0 9608
(8.46)

It is straightforward to derive this result once we have the information in the following

remark.

Remark 3 If X ~ N (i, 02), then the first few moments around the mean of a are E(X —
w) =0, E(X —wn)? =02 E(X —u)? = 0 (all odd moments are zero), E(X — p)* = 30%,
E(X — ) = 1509, and E(X — n)® = 10508.

Suppose we use the efficient weighting matrix. The asymptotic covariance matrix of
the estimated mean and variance is then (D} S, ! Do)~

’ —1 —1

—1 0 2 0 3¢* 0 -1 0
0 -l 0 2% 0 12 0 -1 B [ Lo }_l
—302 0 364 0 150° 0 —302 0 Lo 5k
0 —602 0 126° 0 9608 0 —60
_ o2 0
B |: 0 20* i|

(8.47)

This is the same as the result from maximum likelihood estimation which use the sample
mean and sample variance as the estimators. The extra moment conditions (overidenti-
fying restrictions) does not produce any more efficient estimators—for the simple reason
that the first two moments completely characterizes the normal distribution.
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8.4.2 Testing Normality*

The payoff from the overidentifying restrictions is that we can test if the series is actually
normally distributed. There are several ways of doing that, but the perhaps most straight-
forward is skip the loss function approach to GMM and instead specify the “first order

conditions” directly as

0= Am

Xt — W
[1000 lXT: (o, — w)? — o2 (8.48)
Lot 00| TE| - ' '

(o — )t =304

The asymptotic covariance matrix the moment conditions is as in (8.37). In this case,

the matrix with brackets is

1000 -1 0 -1 0
0100 0 -1 1000 0 -1 1000
0010 -3¢ 0 0100 -3¢ 0 0100
N———— N——
0001 0 —60” e 0 —60> o
—

n Doy Do

0 0 00

0 0 00
= 8.49

3062 0 10 849

0 —60% 0 1
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We therefore get
[ o 0 00 o2 0 3¢ 0 0 0
. 0 0 00 0 2% 0 120° 0 0
ACov ﬁm =
[ 2 362 0 10 364 0 156¢° 0 —3¢2 0
0 =662 01 0 126° 0 9608 0 —602
00 o
00 0
= 8.50
00 66° 0 850)
00 0 2408

We now form the test statistics for the overidentifying restrictions as in (8.40). In this

case, it is (note the generalized inverse)

!/

0

0

= — w3/ T
210 — wy* =304/ T
CT[EL - w1 T B -t =30ty T)

0 0 0 0
0 0 0 0
0 1/(6¢%) 0 =T =W/ T

0 0 1/(240%) =6 —w* = 30*T
2

S O O O

Sl
6 o® 24 o8 @.51)

When we approximate o by ¢ then this is the same as the Jarque and Bera test of nor-
mality.

The analysis shows (once again) that we can arrive at simple closed form results by
making strong assumptions about the data generating process. In particular, we assumed

that the moment conditions were serially uncorrelated. The GMM test, with a modified

estimator of the covariance matrix So, can typically be much more general.

8.5 Testing the Implications of an RBC Model

Reference: Christiano and Eichenbaum (1992)

This section shows how the GMM framework can be used to test if an RBC model fits
data.

Christiano and Eichenbaum (1992) try to test if the RBC model predictions correspond

are significantly different from correlations and variances of data. The first step is to define
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a vector of parameters and some second moments

v = [3, o, 22 Corr (X, n)] , (8.52)
oy n
and estimate it with GMM using moment conditions. One of the moment condition is
that the sample average of the labor share in value added equals the coefficient on labor
in a Cobb-Douglas production function, another is that just the definitions of a standard
deviation, and so forth.

The distribution of the estimator for W is asymptotically normal. Note that the covari-
ance matrix of the moments is calculated similarly to the Newey-West estimator.

The second step is to note that the RBC model generates second moments as a function
h (.) of the model parameters {4, ..., 0;}, which are in W, that is, the model generated
second moments can be thought of as / (V).

The third step is to test if the non-linear restrictions of the model (the model mapping
from parameters to second moments) are satisfied. That is, the restriction that the model
second moments are as in data

H W) = h (V) — [‘;‘ ..., Corr (% n)] —0, (8.53)

y

is tested with a Wald test. (Note that this is much like the R = 0 constraints in the linear
case.) From the delta-method we get

~od oH ~ OH'
TH(W N {0, Cov(W . 8.54
VTH) S ( S Cov( )W) (8.54)
Forming the quadratic form
., (0H caHN\T! L
THWY v)—— HW .
( )(MNCOV( )a\p> (), (8.55)

will as usual give a x?2 distributed test statistic with as many degrees of freedoms as

restrictions (the number of functions in (8.53)).
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8.6 IV on a System of Equations*
Suppose we have two equations

Yir = x{,ﬁl +uis

!
Yor = xp, 82 + uoy,

and two sets of instruments, z;; and zo; with the same dimensions as xj, and x2;, respec-

tively. The sample moment conditions are

L= 2 (1 =)
m(ﬁl,m):TZ[Z‘ Ou=x.51) }

= | 2 (y2r — x5, B2)

Let 8 = (8], B,)'. Then

_ a1 T d 1 T
omBr. B | agrT imr 2 (e = X1 B1) g Ximr 2 (e = ¥, B1)

o a7 Lot 22 G2 =33 B) gy a2 (e = 33,2)
_ % Zszl thx;r 0
0 % ZIT=1 Xy,

This is invertible so we can premultiply the first order condition with the inverse of
[9m(B)/0p'] A and get i (B) = Ogx1. We can solve this system for 81 and B, as

-1
1 T / 1 T
B thzlzltxlt 0 TZ,:lzuyn
1 T ’ 1 T
B2 0 T D=1 22Xy, T D oi—1 22y
—1
15T / 1 T
<T D Zlfxlr) 0 { T D11 21Vt :|
-1 L NT :
1 T 2
0 (5 Xlizo,) | L7 2emca

This is IV on each equation separately, which follows from having an exactly identified

system.

123



Bibliography

Christiano, L. J., and M. Eichenbaum, 1992, “Current Real-Business-Cycle Theories and
Aggregate Labor-Market Fluctuations,” American Economic Review, 82, 430-450.

Davidson, R., and J. G. MacKinnon, 1993, Estimation and Inference in Econometrics,

Oxford University Press, Oxford.

Greene, W. H., 2000, Econometric Analysis, Prentice-Hall, Upper Saddle River, New
Jersey, 4th edn.

Hamilton, J. D., 1994, Time Series Analysis, Princeton University Press, Princeton.

124

11 Vector Autoregression (VAR)

Reference: Hamilton (1994) 10-11; Greene (2000) 17.5; Johnston and DiNardo (1997)
9.1-9.2 and Appendix 9.2; and Pindyck and Rubinfeld (1997) 9.2 and 13.5.
Let y; be an n x 1 vector of variables. The VAR(p) is

Ve =+ A1y + ...+ Apyi—p + &, & is white noise, Cov(e,) = Q. (11.1)
Example 1 (VAR(2) of 2 x 1 vector.) Let y; = [ x; z; 1. Then
A A _ A A _

X 1,11 1,12 Xr—1 " 2,11 A212 Xt—2 " &1t (11.2)
2 Ao Al 21 Axp1 Az 22 &t
Issues:
e Variable selection
e Laglength

e Estimation

e Purpose: data description (Granger-causality, impulse response, forecast error vari-
ance decomposition), forecasting, policy analysis (Lucas critique)?
11.1 Canonical Form
A VAR(p) can be rewritten as a VAR(1). For instance, a VAR(2) can be written as
A A _
i _| H + 1 2 Yi—1 + &t or (11.3)
Yi—1 0 I 0 Yi—2 0
V=AY e (14

Example 2 (Canonical form of a univariate AR(2).)

BRI
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Example 3 (Canonical for of VAR(2) of 2x 1 vector.) Continuing on the previous exam-

ple, we get
X A Ain Ay Ay X1 £l
Z | Ao A Aspr Axm Gt | | e
X1 1 0 0 0 Xi_2 0
Zr—1 0 1 0 0 -2 0

11.2 Moving Average Form and Stability
Consider a VAR(1), or a VAR(1) representation of a VAR(p) or an AR(p)
v =AyS e (11.5)

Solve recursively backwards (substitute for y & = Ay | +¢&/ (,s =1,2,..) to get
the vector moving average representation (VMA), or impulse response function

yi=A(Ay, tey) +ef
=A%)+ Asl + )
=AY (Ay 5+ ,) +Ael |+
=A%y S+ A% L, Ael | +&F

K
=AMy e Y A (11.6)
s=0

Remark 4 (Spectral decomposition.) The n eigenvalues ();) and associated eigenvectors

(zi) of the n x n matrix A satisfies
(A=Aily) zi = 01

If the eigenvectors are linearly independent, then

M 0 - 0
A= ZAZ where = | ° ™2 andZ—[ ]
- B - . . = Z1 22 -+ Zn .
0 0 - 2
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Note that we therefore get

A= AA=ZAZ 'ZAZ ' = ZAAZ ' = ZA?Z7 = A1 = ZA9Z7).

Remark 5 (Modulus of complex number.) If A = a + bi, where i = «/—1, then |A| =
la + bi| = va? + b

We want limg _, o, AKX “y;i x_1 = 0 (stable VAR) to get a moving average repre-
sentation of y, (where the influence of the starting values vanishes asymptotically). We
note from the spectral decompositions that AK+! = ZAK+17~1 where Z is the matrix of

eigenvectors and A a diagonal matrix with eigenvalues. Clearly, limg _, oo AX+! Vi1 =

0 is satisfied if the eigenvalues of A are all less than one in modulus.

Example 6 (AR(1).) For the univariate AR(1) y; = ay;—1+¢€;, the characteristic equation
is (a — A) z = 0, which is only satisfied if the eigenvalue is A = a. The AR(1) is therefore

stable (and stationarity) if —1 < a < 1.

If we have a stable VAR, then (11.6) can be written

[e ]
=) A, (11.7)
=0
=&+ Asf |+ A%, + ...

We may pick out the first n equations from (11.7) (to extract the “original” variables from

the canonical form) and write them as
vi=¢&+Cie—1+ Cogia+ ..., (11.8)

which is the vector moving average, VMA, form of the VAR.

Example 7 (AR(2), Example (2) continued.) Let ;v = 0 in 2 and note that the VMA of the

canonical form is

2
& a a &r— ay +ay aa &r—
YVt _ N 1 a2 -1 + 1 2 ayap =2 T
Yi—1 0 1 0 0 ap ar 0
The MA of y; is therefore

Yo =& +aie—1+ (af + az) &2+ ...
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Note that
ay OE; yris

=C;or
/ s /
g _ ag,

so the impulse response function is given by {1, C1, C3, ...}. Note that it is typically only

= C,, with Co = I (11.9)

meaningful to discuss impulse responses to uncorrelated shocks with economic interpreta-
tions. The idea behind structural VARs (discussed below) is to impose enough restrictions

to achieve this.

Example 8 (Impulse response function for AR(1).) Let y; = py;—1 + &. The MA rep-
resentation is y; = Zi:o pei_s, $0 0y /0ei—s = OE;yr45/08; = p*. Stability requires
lp| < 1, so the effect of the initial value eventually dies off (lims_, », dy;/0€;—5 = 0).

Example 9 (Numerical VAR(1) of 2x 1 vector.) Consider the VAR(1)

[x ] [o0s5 02 s ] [ e
| 0.1 —03 || z e |

The eigenvalues are approximately 0.52 and —0.32, so this is a stable VAR. The VMA is

X e, | [ 05 02 et 027 0.04 |[ &1,
= + + -
2t &2t | 0.1 —0.3 €2.1—1 0.02 0.11 2,12

11.3 Estimation

The MLE, conditional on the initial observations, of the VAR is the same as OLS esti-
mates of each equation separately. The MLE of the i/ element in Cov(e,) is given by
Z,T:l v;;0j;/ T, where 0;; and ¥, are the OLS residuals.

Note that the VAR system is a system of “seemingly unrelated regressions,” with the
same regressors in each equation. The OLS on each equation is therefore the GLS, which
coincides with MLE if the errors are normally distributed.

11.4 Granger Causality

Main message: Granger-causality might be useful, but it is not the same as causality.
Definition: if z cannot help forecast x, then z does not Granger-cause x; the MSE of
the forecast E(x;| x;—s, z:—s, s > 0) equals the MSE of the forecast E(x;| x;—s, s > 0).
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Test: Redefine the dimensions of x; and z;in (11.2): let x, be n; x 1 and z; isnp x 1. If
the n1 x np matrices Aq,12 = 0 and A 12 = 0, then z fail to Granger-cause x. (In general,
we would require A 12 = 0 for s = 1, ..., p.) This carries over to the MA representation
in (11.8),s0 Cy,12 = 0.

These restrictions can be tested with an F-test. The easiest case is when x is a scalar,

since we then simply have a set of linear restrictions on a single OLS regression.

Example 10 (RBC and nominal neutrality.) Suppose we have an RBC model which says
that money has no effect on the real variables (for instance, output, capital stock, and the

productivity level). Money stock should not Granger-cause real variables.
Example 11 (Granger causality and causality.) Do Christmas cards cause Christmas?

Example 12 (Granger causality and causality 11, from Hamilton 11.) Consider the price
P, of an asset paying dividends D,. Suppose the expected return (E;(Piy1 + Di4+1)/P;)
is a constant, R. The price then satisfies Py =E; Y ooy R™ Dy4s. Suppose D; = u; +
Sur—1 + vy, s0 EyDyyy = Suy and E;Dyyy = 0 for s > 1. This gives P, = du;/R, and
D; = u; + v, + RP;_y, so the VAR is

Pl _fo o B |, | ou/R
D, | RO D,_y u+v |

where P Granger-causes D. Of course, the true causality is from D to P. Problem:

forward looking behavior.

Example 13 (Money and output, Sims (1972).) Sims found that output, y does not Granger-
cause money, m, but that m Granger causes y. His interpretation was that money supply
is exogenous (set by the Fed) and that money has real effects. Notice how he used a

combination of two Granger causality test to make an economic interpretation.

Example 14 (Granger causality and omitted information.*) Consider the VAR

Vi aip apz 0 Vir—1 el
yu =] 0 ax O yau-1 |+ | €
V3t 0 axn a3 V3r—1 &3¢

Notice that yy; and y3, do not depend on y1,_1, so the latter should not be able to Granger-

cause y3;. However, suppose we forget to use yy; in the regression and then ask if yi;
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Granger causes y3;. The answer might very well be yes since y1,—1 contains information which suggests that we can calculate Ey;y, by an iteration (backwards in time) ®; =

about yy,_1 which does affect y3;. (If you let yi; be money, yy be the (autocorrelated) Q-+ Ad, 1A/, starting from @1 = I, until convergence.

Solow residual, and y3; be output, then this is a short version of the comment in King

(1986) comment on Bernanke (1986) (see below) on why money may appear to Granger- 11.6 Forecast Error Variance Decompositions*

cause output). Also note that adding a nominal interest rate to Sims (see above) money-

output VAR showed that money cannot be taken to be exogenous. If the shocks are uncorrelated, then it is often useful to calculate the fraction of Var(y; ;+s—E; yi 1+s)

th

due to the j'"* shock, the forecast error variance decomposition. Suppose the covariance

11.5 Forecasts Forecast Error Variance matrix of the shocks, here €2, is a diagonal n x n matrix with the variances w;; along the
diagonal. Let c,; be the i’ column of C,,. We then have

The error forecast of the s period ahead forecast is

n
CoQC, = wiicqi (cqi) - (11.14)
Yes — EtVigs = 45 + Crérps—1 + oo + Co_18041, (11.10) 1 ;
so the covariance matrix of the (s periods ahead) forecasting errors is Example 16 (Illlustration of (11.14) with n = 2.) Suppose
E(y+s — E ) ( —E Y =Q+ Ci1QC) + ...+ Cs_1QC! (11.11) ccn o 0
s tYi+s) (Vi+s tVi+s 1 1T s—1 s—1° . Cy= and Q = s
1 0 oxn
For a VAR(1), C; = A%, so we have
then
2 2
Vias — Bryies = €45 + Afpas_1 + . + A'6rp1, and  (11.12) c,QC, = wieyy +oncy, wncucil + wzsz‘;zczz
1 W11€11C21 + @22€12€22 w1165 + wch,

E (igs — Eyirs) Gias —Biyigs) = Q4+ AQA + .+ AT'QA Y. (11.13)
which should be compared with

Note that limg_, ooE;yr+5 = 0, that is, the forecast goes to the unconditional mean

/ !’
(which is zero here, since there are no constants - you could think of y; as a deviation o |: cu :| |: e :| + wn |: ‘12 :| |: 2 :|
from the mean). Consequently, the forecast error becomes the VMA representation (11.8). €21 21 €22 €22
Similarly, the forecast error variance goes to the unconditional variance. —w { C%l c11 2621 ] + o |: 0%2 6122622 } .
c11€21 (&3] C12€22 (&%)

Example 15 (Unconditional variance of VAR(1).) Letting s — oo in (11.13) gives
Applying this on (11.11) gives

[o¢]
Eyyy, = Z A (A% n n n
=0 E rts = Erits) Oras — Eovegs) = Zwiil + Zwiicli (c1) + .o + Zwiic.vfli (¢s-11)
= Q+[AQA"+ A’Q(A%) + ..] = =1 =l
=Q+A(Q+AQA + ) A =Y o[l +cie) + .+ i (1) ],

=Q+ AEy;y)A, i=1
+ (YIYt) (11.15)
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which shows how the covariance matrix for the s-period forecast errors can be decom-

posed into its n components.

11.7 Structural VARs

11.7.1 Structural and Reduced Forms

We are usually not interested in the impulse response function (11.8) or the variance
decomposition (11.11) with respect to &;, but with respect to some structural shocks, u;,
which have clearer interpretations (technology, monetary policy shock, etc.).

Suppose the structural form of the model is
Fy;=oa+ B1y;—1 + ...+ Bpyi—p + uy, u, is white noise, Cov(u;) = D. (11.16)

This could, for instance, be an economic model derived from theory.1

Provided F~! exists, it is possible to write the time series process as

yo=Fla+ F'Biy1+ ..+ F'Byy—p + Fluy (11.17)
=+ A+ +Apy—p+er, Covie) =9, (11.18)

where
w=F o, A, = F'B,ande, = Flu;s0Q = F'D (F*‘) . (11.19)

Equation (11.18) is a VAR model, so a VAR can be thought of as a reduced form of the
structural model (11.16).

The key to understanding the relation between the structural model and the VAR is
the F matrix, which controls how the endogenous variables, y;, are linked to each other
contemporaneously. In fact, identification of a VAR amounts to choosing an F' matrix.
Once that is done, impulse responses and forecast error variance decompositions can be

made with respect to the structural shocks. For instance, the impulse response function of

IThis is a “structural model” in a traditional, Cowles commission, sense. This might be different from
what modern macroeconomists would call structural.
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the VAR, (11.8), can be rewritten in terms of u; = F¢, (from (11.19))

Vi =6+ Cig_1+ Cogr o+ ...
=F 'Fe,+ C\F '"Fe,_1 + CoF "'Fe,_5 + ...
=F iy +C F w1+ CoF uy o+ ... (11.20)

Remark 17 The easiest way to calculate this representation is by first finding F~ (see
below), then writing (11.18) as

Ve =1+ Ayt o+ Apyi—p + Fluy (11.21)
To calculate the impulse responses to the first element in u;, set y,_1, ..., y;—p equal to the
long-run average, (I — Ay — ... — Ap)*l,u, make the first element in u; unity and all other

elements zero. Calculate the response by iterating forward on (11.21), but putting all
elements in u;q1, us42, ... to zero. This procedure can be repeated for the other elements

of u;.

We would typically pick F such that the elements in u; are uncorrelated with each
other, so they have a clear interpretation.

The VAR form can be estimated directly from data. Is it then possible to recover the
structural parameters in (11.16) from the estimated VAR (11.18)? Not without restrictions
on the structural parameters in F, By, «, and D. To see why, note that in the structural
form (11.16) we have (p + l)n2 parameters in {F, By, ..., By}, n parameters in o, and
n(n + 1)/2 unique parameters in D (it is symmetric). In the VAR (11.18) we have fewer
parameters: pn®in {Aq, ..., Ap}, n parameters inin u, and n(n+ 1) /2 unique parameters
in . This means that we have to impose at least n? restrictions on the structural param-
eters {F, By, ..., By, a, D} to identify all of them. This means, of course, that many
different structural models have can have exactly the same reduced form.

Example 18 (Structural form of the 2 x 1 case.) Suppose the structural form of the

previous example is

Fii Fip x| | Bt Biiz Xl By Bz Y2 ||
F Fxp %t Bi21 Bz Z-1 Br21 Brm %2 U,

This structural form has 3 x 4 4+ 3 unique parameters. The VAR in (11.2) has 2 x 4 + 3.
We need at least 4 restrictions on {F, By, Ba, D} to identify them from {A|, Az, Q}.
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11.7.2 “Triangular” Identification 1: Triangular F with F;; = 1 and Diagonal D

Reference: Sims (1980).

The perhaps most common way to achieve identification of the structural parameters
is to restrict the contemporaneous response of the different endogenous variables, y;, to
the different structural shocks, u,. Within in this class of restrictions, the triangular iden-
tification is the most popular: assume that F is lower triangular (n(n + 1)/2 restrictions)
with diagonal element equal to unity, and that D is diagonal (n(n — 1)/2 restrictions),
which gives n? restrictions (exact identification).

A lower triangular F matrix is very restrictive. It means that the first variable can
react to lags and the first shock, the second variable to lags and the first two shocks, etc.
This is a recursive simultaneous equations model, and we obviously need to be careful
with how we order the variables. The assumptions that Fj; = 1 is just a normalization.

A diagonal D matrix seems to be something that we would often like to have in
a structural form in order to interpret the shocks as, for instance, demand and supply

shocks. The diagonal elements of D are the variances of the structural shocks.

Example 19 (Lower triangular F: going from structural form to VAR.) Suppose the

structural form is

1 0 x| _ B B2 Xi—1 " up
—a 1 % By Bn 21 us s

This is a recursive system where x; does not not depend on the contemporaneous z;, and
therefore not on the contemporaneous uy; (see first equation). However, z; does depend

on x; (second equation). The VAR (reduced form) is obtained by premultiplying by F~!
x| [ 10 Bi1 Bia Y| 10 uy,;
% a 1 By Bxn -1 a 1 uy,;
_ An An SN R RN
Axl A Zr—1 &2t
This means that €, = uy, so the first VAR shock equals the first structural shock. In

contrast, €21 = au1; + Uz, so the second VAR shock is a linear combination of the first
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two shocks. The covariance matrix of the VAR shocks is therefore

C &1t Var (uy;)  aVar(uy;)
ov = .
&2 aVar (uy)  o?Var (uy,) + Var (uz,)
This set of identifying restrictions can be implemented by estimating the structural

form with LS—equation by equation. The reason is that this is just the old fashioned fully

recursive system of simultaneous equations. See, for instance, Greene (2000) 16.3.

11.7.3 “Triangular” Identification 2: Triangular F and D = |

The identifying restrictions in Section 11.7.2 is actually the same as assuming that F' is
triangular and that D = [. In this latter case, the restriction on the diagonal elements of F'
has been moved to the diagonal elements of D. This is just a change of normalization (that
the structural shocks have unit variance). It happens that this alternative normalization is
fairly convenient when we want to estimate the VAR first and then recover the structural

parameters from the VAR estimates.

Example 20 (Change of normalization in Example 19) Suppose the structural shocks in

Example 19 have the covariance matrix

2
0
D = Cov “1e = 71 2 |-
uy,; 0 o3

Premultiply the structural form in Example 19 by

1/o1 0
0 /o
to get

ljor 0 x| | Bu/or Bix/o R ui /ol
—ajoy 1/oy % Byi/o2 Bn/os Zt-1 U, /02
This structural form has a triangular F matrix (with diagonal elements that can be dif-

ferent from unity), and a covariance matrix equal to an identity matrix.

The reason why this alternative normalization is convenient is that it allows us to use
the widely available Cholesky decomposition.

135



Remark 21 (Cholesky decomposition) Let Q be an n x n symmetric positive definite
matrix. The Cholesky decomposition gives the unique lower triangular P such that Q =

P P’ (some software returns an upper triangular matrix, that is, Q in Q = Q'Q instead).

Remark 22 Note the following two important features of the Cholesky decomposition.
First, each column of P is only identified up to a sign transformation; they can be reversed

at will. Second, the diagonal elements in P are typically not unity.

Remark 23 (Changing sign of column and inverting.) Suppose the square matrix Aj is
the same as A; except that the i'" and j™ columns have the reverse signs. Then A Uis

the same as Al_1 except that the i'" and j'* rows have the reverse sign.

This set of identifying restrictions can be implemented by estimating the VAR with
LS and then take the following steps.

e Step 1. From (11.19) @ = F~'1 (F~') (recall D = [ is assumed), so a Cholesky
decomposition recovers F~! (lower triangular F gives a similar structure of F~!,
and vice versa, so this works). The signs of each column of F~! can be chosen
freely, for instance, so that a productivity shock gets a positive, rather than negative,

effect on output. Invert F~! to get F.

e Step 2. Invert the expressions in (11.19) to calculate the structural parameters from
the VAR parameters as « = F, and By = FAj.

Example 24 (Identification of the 2 X 1 case.) Suppose the structural form of the previous

example is
Fii 0 x| _ | Bt B Yo | By11 B2 X2 |
F1 Fx % Bi21 Bix Zr—1 Byo1 By Zt-2
10
with D =
01
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Uit

Uz

|

Step 1 above solves

-1 -1
Qu Q| | Fu 0 Fii O
Q2 Qn 1 Fxn 1 Fxn

1 _ By
— Flzl F|2|F22
- Fy F+F]

7F121F22 F121F222

for the three unknowns F11, Fa1, and F» in terms of the known 11, Q12, and 25;. Note
that the identifying restrictions are that D = I (three restrictions) and Fio = 0 (one
restriction). (This system is just four nonlinear equations in three unknown - one of the
equations for Q1 is redundant. You do not need the Cholesky decomposition to solve it,
since it could be solved with any numerical solver of non-linear equations—but why make

life even more miserable?)

A practical consequence of this normalization is that the impulse response of shock i
equal to unity is exactly the same as the impulse response of shock i equal to Std(u;;) in

the normalization in Section 11.7.2.

11.7.4 Other Identification Schemes*

Reference: Bernanke (1986).

Not all economic models can be written in this recursive form. However, there are
often cross-restrictions between different elements in F or between elements in F and D,
or some other type of restrictions on Fwhich may allow us to identify the system.

Suppose we have (estimated) the parameters of the VAR (11.18), and that we want to
impose D =Cov(u;) = I. From (11.19) we then have (D = 1)

Q=F" <F*‘)/. (11.22)

As before we need n(n — 1)/2 restrictions on F, but this time we don’t want to impose
the restriction that all elements in F above the principal diagonal are zero. Given these
restrictions (whatever they are), we can solve for the remaining elements in B, typically

with a numerical method for solving systems of non-linear equations.
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11.7.5 What if the VAR Shocks are Uncorrelated (2 = 1)?*

Suppose we estimate a VAR and find that the covariance matrix of the estimated residuals
is (almost) an identity matrix (or diagonal). Does this mean that the identification is
superfluous? No, not in general. Yes, if we also want to impose the restrictions that F' is
triangular.

There are many ways to reshuffle the shocks and still get orthogonal shocks. Recall
that the structural shocks are linear functions of the VAR shocks, u; = Fs;, and that we
assume that Cov(e;) = Q = [ and we want Cov(u;) = I, that, is from (11.19) we then
have (D = 1)

FF =1 (11.23)

There are many such F matrices: the class of those matrices even have a name: orthogonal
matrices (all columns in F are orthonormal). However, there is only one lower triangular
F which satisfies (11.23) (the one returned by a Cholesky decomposition, which is 7).

Suppose you know that F is lower triangular (and you intend to use this as the identi-
fying assumption), but that your estimated €2 is (almost, at least) diagonal. The logic then
requires that F' is not only lower triangular, but also diagonal. This means that u, = &
(up to a scaling factor). Therefore, a finding that the VAR shocks are uncorrelated com-
bined with the identifying restriction that F is triangular implies that the structural and
reduced form shocks are proportional. We can draw no such conclusion if the identifying
assumption is something else than lower triangularity.

Example 25 (Rotation of vectors (“Givens rotations”).) Consider the transformation of
the vector ¢ into the vector u, u = G's, where G = I, except that Gi;, = ¢, Gix = s,
Gy = —s, and Gy, = c. If we let ¢ = cosf and s = sin6 for some angle 0, then
G'G = 1. To see this, consider the simple example wherei =2 and k =3

’

1 0 0 1 0 0 1 0 0
0 ¢ s 0 ¢ s |=|0 %+52 0 ,
0 —s ¢ 0 —s ¢ 0 0 2452
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which is an identity matrix since cos® 6 + sin?@ = 1. The transformation u = G'¢ gives

uy =¢& fort #i,k

Ui = &iC — &S

Up = &S + &kC.
The effect of this transformation is to rotate the i'™ and k' vectors counterclockwise
through an angle of 6. (Try it in two dimensions.) There is an infinite number of such

transformations (apply a sequence of such transformations with different i and k, change
0, etc.).

Example 26 (Givens rotations and the F matrix.) We could take F in (11.23) to be (the
transpose) of any such sequence of givens rotations. For instance, if G| and G, are givens
rotations, then F = G or F = G,2 or F = GG, are all valid.

11.7.6 Identification via Long-Run Restrictions - No Cointegration®

Suppose we have estimated a VAR system (11.1) for the first differences of some variables
y: = Ax;, and that we have calculated the impulse response function as in (11.8), which

we rewrite as

Ax; =& +Cre-1 + Cogrn + ...
= C (L) &, with Cov(g;) = Q. (11.24)

To find the MA of the level of x;, we solve recursively

x; = C (L) & 4+ xi—1
=CL)e+CL)e—1+x-2

=CML)(er +&—1 +&—2+-.)
=g+ C1+De 1 +(C2+Cr+Dega+ .

s
= C* (L) &, where Cf = C; with Co = 1. (11.25)
j=0
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As before the structural shocks, u,, are
u; = Fe; with Cov(u;) = D.

The VMA in term of the structural shocks is therefore

s
x = C* (L) F~lu;, where CF =) " C, with Co = 1. (11.26)
j=0
The C* (L) polynomial is known from the estimation, so we need to identify F in order to
use this equation for impulse response function and variance decompositions with respect
to the structural shocks.

As before we assume that D = I, so
!
Q=FD (F’l) (11.27)

in (11.19) gives n(n + 1) /2 restrictions.
We now add restrictions on the long run impulse responses. From (11.26) we have

9
lim 2~ fim cFF!
§—00 aur §—>00

=C()F!, (11.28)

where C(1) = 270:0 C. We impose n(n — 1)/2 restrictions on these long run responses.
Together we have n? restrictions, which allows to identify all elements in F.

In general, (11.27) and (11.28) is a set of non-linear equations which have to solved
for the elements in F. However, it is common to assume that (11.28) is a lower triangular

matrix. We can then use the following “trick” to find F. Since &; = F —ly,
EC(1)e,e,C(1) = EC()F~ uyu, <F‘l)/ cay
cQCy = cF! (F_l)/C(l)/, (11.29)
We can therefore solve for a lower triangular matrix
A=C)F! (11.30)

by calculating the Cholesky decomposition of the left hand side of (11.29) (which is
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available from the VAR estimate). Finally, we solve for F/ —1 from (11.30).
Example 27 (The 2 x 1 case.) Suppose the structural form is
Fii Fiz Axe | _ | Bu Bi Axi— 4|
| F21 Fn || Az By Bxn Az U,
and we have an estimate of the reduced form
[ A [ Ax,_
Tl=a il + FLe , with Cov el =Q.
L Az L Azi—y &2t &2t
The VMA form (as in (11.24))
Axy _ El,t +A E1,t—1 +A2 E1,t-2 o
Az &2, £2,1—1 £2,1-2
and for the level (as in (11.25))
X & &1.4— &1 ,1—
J-[]swen] ] arn 22 ]
L <t €2t €2.1—1 2,12

or since &, = F~lu,

AU e B R oY el M +(A2+A+I)F’1 U2y
2t Uz Uz -1 U2

There are 843 parameters in the structural form and 4+3 parameters in the VAR, so we
need four restrictions. Assume that Cov(u;) = I (three restrictions) and that the long run

response of u1,;—s on x; is zero, that is,

~1
|: unrestricted 0 i| _ <I+A+A2+...)|: Fi1 Fiz :|

unrestricted unrestricted Fy Fn

-1
— (- A Fi Fio
Py Fn

-1 ~1
_ 1—An —Ap Fii Fio
—Aj 1—-A»n F1 Fn
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The upper right element of the right hand side is

—Fip+ FioAn + ApF
(I —Axp — Ayl + AnAn — ApAzy) (Fii1Fn — Fiafa)

which is one restriction on the elements in F. The other three are given by F~! (F *1)/ =
Q, that is,

Fy+Fp _ PPyt FpFy Q Q

(Fi1 Fya—Fi2Fap)? (FnFp—FpFa)* | — 1 %é12

_ _FoFy+FpFuy F+F] Qn Q|
(FiiFp—FiaFn)?  (FiiFn—FiaFy)?

11.8 Cointegration, Common Trends, and Identification via Long-

Run Restrictions*

These notes are a reading guide to Mellander, Vredin, and Warne (1992), which is well be-
yond the first year course in econometrics. See also Englund, Vredin, and Warne (1994).
(I have not yet double checked this section.)

11.8.1 Common Trends Representation and Cointegration

The common trends representation of the n variables in y; is

y,=y0+Tr,+q>(L)[‘Z } withC0v<|:(5/[ D =1, (11.31)

t t

T =T-1+ ¢, (11.32)

where ® (L) is a stable matrix polynomial in the lag operator. We see that the k x 1 vector
¢ has permanent effects on (at least some elements in) y;, while the r x 1 (r = n —k) ¥,
does not.

The last component in (11.31) is stationary, but 7; is a k x 1 vector of random walks,
so the n x k matrix Y makes y, share the non-stationary components: there are k common
trends. If k < n, then we could find (at least) r linear combinations of y;,, &'y, where o’ is
an r x n matrix of cointegrating vectors, which are such that the trends cancel each other
@'Y =0).

Remark 28 (Lag operator.) We have the following rules: (i) LFx, = x;_g; (iD) ifd (L) =
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a+bL™ +cL", then ® (L) (x; + y;) = a (x; + y1) +b (Xpm + Yerm) +¢ (Xr—n + Yi—n)
and ® () =a+b+c.

Example 29 (Siderlind and Vredin (1996)). Suppose we have

In Y; (output) 01

In Py (price level) 1 -1 money supply trend
e = , T = ,and T, =

In M, (money stock) 1 productivity trend

In R, (gross interest rate) 00

then we see that In R; and InY; + In P, — In M, (that is, log velocity) are stationary, so

, 000 1
o =
11 -10
are (or rather, span the space of) cointegrating vectors. We also see that &' T = 0245.

11.8.2 VAR Representation

The VAR representation is as in (11.1). In practice, we often estimate the parameters in
A}, a, the n x r matrix y, and  =Cov(g;) in the vector “error correction form”

Ay, = ATAy + ...+ A;_lAy,,,,H +ya'yi_1 + &, with Cov(e;) = Q. (11.33)

This can easily be rewritten on the VAR form (11.1) or on the vector MA representation
for Ay,

Ayr =& + Cre1 + Cagroa + ... (11.34)
=CL)e. (11.35)

To find the MA of the level of y,, we recurse on (11.35)

ye=C(L) e + yi—1
=CL)e+CL)g_1+y—2

=C @) (& +&-1+&—2+ ... +80) + Yo. (11.36)
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We now try to write (11.36) in a form which resembles the common trends representation
(11.31)-(11.32) as much as possible.
11.8.3 Multivariate Beveridge-Nelson decomposition

We want to split a vector of non-stationary series into some random walks and the rest
(which is stationary). Rewrite (11.36) by adding and subtracting C(1)(&; + &1 + ...)

vw=C)(es+e&_1+&2+..+e)+[CL)—CD)](es +e—1+ -2+ ...+ ¢€0).
(11.37)

Suppose &, = 0 for s < 0 and consider the second term in (11.37). It can be written

[[+cL+al+ . =] +e+ea2+ . +e0)
= /*since C(1) = I + Cy + Cy + ..%/
[*Cl - C2 — C3 — ] &+ [*Cz - C3 - ] -1+ [7C3 - ] Er-2. (1 1.38)

Now define the random walks

E=&_1+¢, (11.39)
=&+ &1+ -2+ ...+ &0

Use (11.38) and (11.39) to rewrite (11.37) as

v =C ()& + C* (L) &, where (11.40)
o0
Cr=- > Cj (11.41)
Jj=s+1
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11.8.4 Identification of the Common Trends Shocks

Rewrite (11.31)-(11.32) and (11.39)-(11.40) as

t
y=C() Zs, + C* (L) &, with Cov(e;) = , and (11.42)
5s=0
1
= [ T 0n><r ] ZS:O ¢ + [} (L) \d " Wlth COV i = ]n,
Vi Y Y
(11.43)

/
Since both &, and [ (p; Y, ] are white noise, we notice that the response of y; 4 to either
must be the same, that is,

t

(C)+CF)e = ([ Y 0, ]+ <I>,;) [ ‘;’ } forallzands > 0.  (11.44)

This means that the VAR shocks are linear combinations of the structural shocks (as
in the standard setup without cointegration)

Dt = Fe
M
_[Fk} (11.45)
= o e .

Combining (11.44) and (11.45) gives that

r

* Fy
C)+Cy=TF+ | ] (11.46)

must hold for all s > 0. In particular, it must hold for s — oo where both C and &;
vanishes
C (1) =7YF;. (11.47)

The identification therefore amounts to finding the n? coefficients in F, exactly as in
the usual case without cointegration. Once that is done, we can calculate the impulse

responses and variance decompositions with respect to the structural shocks by using
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g = F~1 [ (p; w; i|, in (11.42).2 As before, assumptions about the covariance matrix
of the structural shocks are not enough to achieve identification. In this case, we typically
rely on the information about long-run behavior (as opposed to short-run correlations) to
supply the remaining restrictions.

e Step 1. From (11.31) we see that @’ Y = 0, must hold for oy, to be stationary.
Given an (estimate of) «, this gives rk equations from which we can identify rk

elements in Y. (It will soon be clear why it is useful to know T).

e Step 2. From (11.44) we have Yo, = C (1) &; as s — oo. The variances of both
sides must be equal
EY¢,0, Y =EC (1) &¢,C (1), or
TY =C(1)QC 1), (11.48)
which gives k (k + 1) /2 restrictions on Y (the number of unique elements in the
symmetric YY’). (However, each column of Y is only identified up to a sign trans-

formation: neither step 1 or 2 is affected by multiplying each element in column j
of T by-1.)

e Step 3. Y has nk elements, so we still need nk —rk —k (k+1) /2 = k(k — 1)/2
further restrictions on Y to identify all elements. They could be, for instance, that
money supply shocks have no long run effect on output (some Y;; = 0). We now
know T.

e Step 4. Combining Cov([ :/; :|> = I, with (11.45) gives
t

SR e
0 I F, F,

which gives n (n 4 1) /2 restrictions.

— Step 4a. Premultiply (11.47) with Y’ and solve for Fy

Fo= (Y1) Yeq. (11.50)

ZEquivalently, we can use (11.47) and (11.46) to calculate Y and ®; (for all s) and then calculate the
impulse response function from (11.43).

146

(This means that Eg,¢, = FQF, = (Y1) Y'c(hc 1) 1 (v'1)"".
From (11.48) we see that this indeed is I as required by (11.49).) We still
need to identify F;.

— Step 4b. From (11.49), Eg; ¥ = Ok, we get FxQF) = Ogx,, which gives
kr restrictions on the rn elements in F,. Similarly, from Ey, ¢, = I, we get
F,QF = I, which gives r (r + 1) /2 additional restrictions on F,. We still
need r (r — 1) /2 restrictions. Exactly how they look does not matter for the
impulse response function of ¢, (as long as Eg, 1//,/ = 0). Note that restrictions
on F, are restrictions on dy;/dv/, that is, on the contemporaneous response.
This is exactly as in the standard case without cointegration.

A summary of identifying assumptions used by different authors is found in Englund,
Vredin, and Warne (1994).
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12 Kalman filter

12.1 Conditional Expectations in a Multivariate Normal Distribution

Reference: Harvey (1989), Liitkepohl (1993), and Hamilton (1994)
Suppose Z,,x1 and X, are jointly normally distributed

eHE) e

The distribution of the random variable Z conditional on that X = x is also normal with
mean (expectation of the random variable Z conditional on that the random variable X

has the value x)

_ . _
E(ZIx)= 7 + S5 (v - X), (12.2)
mx1 mx1 mXn nxn  pxl

and variance (variance of Z conditional on that X = x)

Var (Z|x) = E{[Z - E(Z|x)]2’x}

=% — Bl i (12.3)

The conditional variance is the variance of the prediction error Z—E(Z|x).

Both E(Z|x) and Var(Z|x) are in general stochastic variables, but for the multivariate
normal distribution Var(Z|x) is constant. Note that Var(Z|x) is less than X, (in a matrix
sense) if x contains any relevant information (so X, is not zero, that is, E(z|x) is not a
constant).

It can also be useful to know that Var(Z) =E[Var (Z|X)] + Var[E (Z|X)] (the X is

now random), which here becomes ., — ¥, E;Xl Yo+ 2o E;x' Var(X) E_;X] Yz =2
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12.2 Kalman Recursions

12.2.1 State space form

The measurement equation is
v = Zoy + €, with Var (¢;) = H, (12.4)

where y; and ¢; are n x 1 vectors, and Z an n x m matrix. (12.4) expresses some observable
variables y, in terms of some (partly) unobservable state variables «,;. The transition
equation for the states is

o = Toy—1 + u;, with Var (u;) = Q, (12.5)

where o, and u, are m x 1 vectors, and T an m x m matrix. This system is time invariant
since all coefficients are constant. It is assumed that all errors are normally distributed,
and that E(e;u;—s) = 0 for all s.

Example 1 (AR(2).) The process x; = p1x;—1 + p2X;—2 + e; can be rewritten as

Xt
\x;z[l 0][%_1 }4—\(14
ﬁf—i_,_«

Vi

VA
o
X, Xt— e
t _ P1 P2 t—1 + t ’
Xi—1 1 0 Xi_2 0
—_— —_— — —_—
o T o1 ur

Var(e;) 0

WithH:O,andQ:|: 0 0i|.1nthiscasen:1,m:2.

12.2.2 Prediction equations: E(o;|I;_1)

Suppose we have an estimate of the state in # — 1 based on the information set in # — 1,

denoted by &1, and that this estimate has the variance

P =E [(&171 - Ott—l) (&z—l - Olr—])/] . (12.6)
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Now we want an estimate of «; based &,_1. From (12.5) the obvious estimate, denoted
by a;r—1, is
Q-1 = Ta—y. 12.7)
The variance of the prediction error is
Pt =E[ (e = &) (e = Gue1) |
= B{[Ta1 +u = Té] [Tay +u = Té,1] |
= E{[T (@1 — aim1) = ] [T (G-t — 1) = ] ]
=TE [(&,,1 — a,,l) (&t,l — tx,,])/] T’ + Buyu,
=TP_ T +0Q, (12.8)

where we have used (12.5), (12.6), and the fact that u, is uncorrelated with &,_1 — a;_.

Example 2 (AR(2) continued.) By substitution we get
&m_l _ AX1|z71 _ P11 P2 )ftfl\t—l . and
Xt—1jr—1 1 0 Xt—2)1—1
P P2 p1 1 Var(e,) 0
Pji—1 = Py + '
1 0 m 0 0 0

Ifwe treat x_y and xq as given, then Py = 0,2 which would give Py o = |: Var()(e,) g i|
12.2.3 Updating equations: E(o;|I,_1) = E(o4|I;)
The best estimate of y;, given a,,—1, follows directly from (12.4)
Siji—1 = Zayj-1, (12.9)
with prediction error
v =y — Yu—1 = Z (o — Gup—1) + €. (12.10)
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The variance of the prediction error is
F =E (vv))
=E {[z (o = Grr) + €] [Z (e — Gupr) + e,]’}
= ZE[ (e = &) (e = 1) | 7/ + Bere]
= ZPy_1Z +H, (12.11)

where we have used the definition of Py, in (12.8), and of H in 12.4. Similarly, the
covariance of the prediction errors for y, and for «; is

Cov (011 - &z\l—ls = )A’z|t—1) E(Oll - &z\l—l) ()’1 - &'z\z—l)

E{wt ~ay) (2 o —&MMY}

= Py-1Z'. (12.12)

Suppose that y; is observed and that we want to update our estimate of o; from &;,—1
to &;, where we want to incorporate the new information conveyed by y;.

Example 3 (AR(2) continued.) We get

. N Erjr—1 . R .
Vije—1 = Zoy)i—1 = [ 10 ] |: . 1l i| = X1—1 = P1X—1)—1 + P2X;—2)—1, and

Xt—1|t—1
1 Var(e;) 0 /
Ez[lo} P P2 P, o1 " (€r) [10]_
1 0 2 0 0 0
Ve 0
If Py = 012 as before, then F| = P; = |: aro(e,) N :| .

By applying the rules (12.2) and (12.3) we note that the expectation of o, (like z in
(12.2)) conditional on y; (like x in (12.2)) is (note that y, is observed so we can use it to

guess a;)
—1
a :&m—l +Pt\r—]Z, ZPt\t—IZ,‘i‘H Yt _Z&t\r—l (12.13)
~—~— —— (NSNS (N — ——
E(z]x) Ez o Soa=F Ex
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with variance

-1
P =Py1— P, Z(ZPy1Z' + H) ZPy1, (12.14)
Var(z|x) poie Sox bl P

where &;;—1 (“Ez”) is from (12.7), Pyji—1Z' (“E;,”) from (12.12), ZPyy1 Z'+H (“Zyy”)
from (12.11), and Z&;;—1 (“Ex”) from (12.9).

(12.13) uses the new information in y;, that is, the observed prediction error, in order
to update the estimate of «; from &;;—1 to &;.

Proof. The last term in (12.14) follows from the expected value of the square of the
last term in (12.13)

-1

Pt|t—IZ, (ZP,|,,1Z’ + H) E ()’t - Zat\tfl) (J’t - ZO‘W—I), (ZPt\t—IZ, + H)71 Z Py,

(12.15)
where we have exploited the symmetry of covariance matrices. Note that y; — Zoy);—1 =
Y& — Yiji—1, so the middle term in the previous expression is

E(yi — Zowy—1) (v — Zowy—1) = ZPy1Z' + H. (12.16)

Using this gives the last term in (12.14). =

12.2.4 The Kalman Algorithm

The Kalman algorithm calculates optimal predictions of ¢; in a recursive way. You can
also calculate the prediction errors vy in (12.10) as a by-prodct, which turns out to be

useful in estimation.

1. Pick starting values for Py and «g. Lett = 1.

2. Calculate (12.7), (12.8), (12.13), and (12.14) in that order. This gives values for &,
and P;. If you want v; for estimation purposes, calculate also (12.10) and (12.11).

Increase ¢ with one step.

3. Iterateon 2 untilt = T.

One choice of starting values that work in stationary models is to set Py to the uncon-

ditional covariance matrix of «;, and «g to the unconditional mean. This is the matrix P
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to which (12.8) converges: P = T PT' + Q. (The easiest way to calculate this is simply
to start with P = [ and iterate until convergence.)
In non-stationary model we could set

Po = 1000 * I,,,, and tg = 0y, 1, (12.17)

in which case the first m observations of &, and v, should be disregarded.

12.2.5 MLE based on the Kalman filter

For any (conditionally) Gaussian time series model for the observable y, the log likelihood

for an observation is
n 1 .,
lnL,=f§1n(2ﬂ)f§ln|F,\f§v,Fl vr. (12.18)
In case the starting conditions are as in (12.17), the overall log likelihood function is

ZLI In L, in stationary models

InL = (12.19)

ZtT:m 41 In L; in non-stationary models.

12.2.6 Inference and Diagnostics

We can, of course, use all the asymptotic MLE theory, like likelihood ratio tests etc. For

diagnostoic tests, we will most often want to study the normalized residuals

Uiy = v;;/+/elementiiin Fy,i =1,...,n,

since element i7 in F; is the standard deviation of the scalar residual v;;. Typical tests are
CUSUMAQ tests for structural breaks, various tests for serial correlation, heteroskedastic-

ity, and normality.
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13 Outliers and Robust Estimators

13.1 Influential Observations and Standardized Residuals

Reference: Greene (2000) 6.9; Rousseeuw and Leroy (1987)
Consider the linear model

yi = x{Bo+ur, (13.1)

where x; is k x 1. The LS estimator

T “Ir
p= (Zx,x;> > xivs (13.2)
t=1 t=1

which is the solution to
T
. 2
rr}san(y, —xp)". (13.3)
t=1
The fitted values and residuals are
¢ =x/B. and ity = y, — . (13.4)

Suppose we were to reestimate S on the whole sample, except observation s. This
would give us an estimate B®). The fitted values and residual are then

3O = x/B9, and 2 =y, — . (13.5)
A common way to study the sensitivity of the results with respect to excluding observa-
tions is to plot B®) — B, and )73(5) — ¥5. Note that we here plot the fitted value of y, using
the coefficients estimated by excluding observation s from the sample. Extreme values
prompt a closer look at data (errors in data?) and perhaps also a more robust estimation
method than LS, which is very sensitive to outliers.
Another useful way to spot outliers is to study the standardized residuals, iis/6 and
4 /6) where & and 6 are standard deviations estimated from the whole sample and
excluding observation s, respectively. Values below -2 or above 2 warrant attention (recall
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that Pr(x > 1.96) ~ 0.025 in a N (0, 1) distribution).
Sometimes the residuals are instead standardized by taking into account the uncer-
tainty of the estimated coefficients. Note that

[453) =yt — 'xt/:é(x)

=, +x (,‘3 - 3(”) , (13.6)

since y; = x;B + u,. The variance of i, is therefore the variance of the sum on the
right hand side of this expression. When we use the variance of u; as we did above to
standardize the residuals, then we disregard the variance of B®. In general, we have

Var (ﬁ}”) = Var(u;) + x/Var (5 - 3(S)> X + 2Cov [u,, X! (ﬂ - /é“))} .30

When ¢ = s, which is the case we care about, the covariance term drops out since 3(”
cannot be correlated with u since period s is not used in the estimation (this statement
assumes that shocks are not autocorrelated). The first term is then estimated as the usual
variance of the residuals (recall that period s is not used) and the second term is the
estimated covariance matrix of the parameter vector (once again excluding period s) pre-

and postmultiplied by x;.

Example 1 (Errors are iid independent of the regressors.) In this case the variance of

the parameter vector is estimated as &Z(Zx,x,’ Yy excluding period s), so we have

Var (ft,(’v)) =42 (1 + x;(Zx,x,/)flxs) .

13.2 Recursive Residuals*

Reference: Greene (2000) 7.8

Recursive residuals are a version of the technique discussed in Section 13.1. They
are used when data is a time series. Suppose we have a sample t = 1, ..., T,.and that
t =1, ..., s are used to estimate a first estimate, 3[5] (not to be confused with ,3(5) used in
Section 13.1). We then make a one-period ahead forecast and record the fitted value and
the forecast error

50 = xl B and )| =y — 1Y) (13.8)
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Rescursive residuals from AR(1) with corr=0.88USUM statistics and 95% confidence band

50
9 -
0 0 M
-2 ST
-50
0 100 200 0 100 200
period period

Figure 13.1: This figure shows recursive residuals and CUSUM statistics, when data are
simulated from y; = 0.85y;_ + u,, with Var(u;) = 1.

This is repeated for the rest of the sample by extending the sample used in the estimation
by one period, making a one-period ahead forecast, and then repeating until we reach the
end of the sample.

A first diagnosis can be made by examining the standardized residuals, ﬁﬂl /&1,
where 6] can be estimated as in (13.7) with a zero covariance term, since u| is not
correlated with data for earlier periods (used in calculating ﬁm), provided errors are not
autocorrelated. As before, standardized residuals outside +2 indicates problems: outliers
or structural breaks (if the residuals are persistently outside £2).

The CUSUM test uses these standardized residuals to form a sequence of test statistics.
A (persistent) jump in the statistics is a good indicator of a structural break. Suppose we
use r observations to form the first estimate of B, so we calculate B! and ﬁgsl] /611 for
s =r, ..., T. Define the cumulative sums of standardized residuals

t
W=y all 68 e =r . T. (13.9)
S=r

Under the null hypothesis that no structural breaks occurs, that is, that the true g is the
same for the whole sample, W, has a zero mean and a variance equal to the number of
elements in the sum, ¢t — r + 1. This follows from the fact that the standardized resid-
uals all have zero mean and unit variance and are uncorrelated with each other. Typ-
ically, W; is plotted along with a 95% confidence interval, which can be shown to be
+ (a\/ﬁ +2a(t—r)/ \/ﬁ) with a = 0.948. The hypothesis of no structural
break is rejected if the W, is outside this band for at least one observation. (The derivation

of this confidence band is somewhat tricky, but it incorporates the fact that W, and W,
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OLS vs LAD
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Figure 13.2: This figure shows an example of how LS and LAD can differ. In this case
v = 0.75x; + u,, but only one of the errors has a non-zero value.

are very correlated.)

13.3 Robust Estimation

Reference: Greene (2000) 9.8.1; Rousseeuw and Leroy (1987); Donald and Maddala
(1993); and Judge, Griffiths, Liitkepohl, and Lee (1985) 20.4.

The idea of robust estimation is to give less weight to extreme observations than in
Least Squares. When the errors are normally distributed, then there should be very few ex-
treme observations, so LS makes a lot of sense (and is indeed the MLE). When the errors
have distributions with fatter tails (like the Laplace or two-tailed exponential distribution,
f(u) = exp(— |u| /o)/20), then LS is no longer optimal and can be fairly sensitive to
outliers. The ideal way to proceed would be to apply MLE, but the true distribution is
often unknown. Instead, one of the “robust estimators” discussed below is often used.

Leti; = y; — xt’ B . Then, the least absolute deviations (LAD), least median squares
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(LMS), and least trimmed squares (LTS) estimators solve

T
Brap = argmﬁinz |t | (13.10)
t=1
3ms = arg min | median (42 (13.11)
g i t
h
ﬁLTS:argngnZﬁ%, P <id<..andh <T. (13.12)

i=1

Note that the LTS estimator in (13.12) minimizes of the sum of the 4 smallest squared
residuals.
These estimators involve non-linearities, so they are more computationally intensive

than LS. In some cases, however, a simple iteration may work.

Example 2 (Algorithm for LAD.) The LAD estimator can be written

T
5 . A2 A
BrLap = argménZw,ut, w, =1/ |ut| )
t=1

. It can be

so it is a weighted least squares where both y, and x, are multiplied by 1/ |ii,
shown that iterating on LS with the weights given by 1/ |L?, | where the residuals are from

the previous iteration, converges very quickly to the LAD estimator.

It can be noted that LAD is actually the MLE for the Laplace distribution discussed

above.

13.4 Multicollinearity*

Reference: Greene (2000) 6.7

When the variables in the x; vector are very highly correlated (they are “multicollinear”)
then data cannot tell, with the desired precision, if the movements in y; was due to move-
ments in x;; or xj,. This means that the point estimates might fluctuate wildly over sub-
samples and it is often the case that individual coefficients are insignificant even though
the R? is high and the joint significance of the coefficients is also high. The estimators
are still consistent and asymptotically normally distributed, just very imprecise.
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A common indicator for multicollinearity is to standardize each element in x; by sub-

tracting the sample mean and then dividing by its standard deviation
Xir = (xip — Xi) /std (xir) . (13.13)

(Another common procedure is to use X;; = x,-,/(Ethlxizr/ T)1/2)
Then calculate the eigenvalues, A ;, of the second moment matrix of X,
1 I
A =7 XX, (13.14)

t=1

The condition number of a matrix is the ratio of the largest (in magnitude) of the
eigenvalues to the smallest
¢ = |Almax / [*|min - (13.15)

(Some authors take ¢!/2 to be the condition number; others still define it in terms of the
“singular values” of a matrix.) If the regressors are uncorrelated, then the condition value
of A is one. This follows from the fact that A is a (sample) covariance matrix. If it is
diagonal, then the eigenvalues are equal to diagonal elements, which are all unity since
the standardization in (13.13) makes all variables have unit variances. Values of ¢ above

several hundreds typically indicate serious problems.
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14 Generalized Least Squares

Reference: Greene (2000) 11.3-4
Additional references: Hayashi (2000) 1.6; Johnston and DiNardo (1997) 5.4; Verbeek
(2000) 6

14.1 Introduction

Instead of using LS in the presence of autocorrelation/heteroskedasticity (and, of course,
adjusting the variance-covariance matrix), we may apply the generalized least squares
method. It can often improve efficiency.

The linear model y; = x/Bo + u, written on matrix form (GLS is one of the cases in

econometrics where matrix notation really pays off) is

vy = XBo + u, where (14.1)
Vi X} u
2 X us

y= ) X = 2 ,andu =
yr X,T ur

Suppose that the covariance matrix of the residuals (across time) is

Eujuy Euyuy --- Bujur
Eud' — Euyuy  Euoup Eupur
Euru, Buru, Eurur

= Qrxr. (14.2)

This allows for both heteroskedasticity (different elements along the main diagonal) and
autocorrelation (non-zero off-diagonal elements). LS is still consistent even if €2 is not

proportional to an identity matrix, but it is not efficient. Generalized least squares (GLS)
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is. The trick of GLS is to transform the variables and the do LS.

14.2 GLS as Maximum Likelihood

Remark 1 Ifthe nx 1 vector x has a multivariate normal distribution with mean vector j

and covariance matrix <2, then the joint probability density function is (271)*"/ 2 QY 2 exp[—(x—

W' x = /2l

Ifthe T x 1 vector u is N (0, §2), then the joint pdf of u is (27) "/ || ~'/? exp[—u' 2~ u/2].

Change variable from u to y — X (the Jacobian of this transformation equals one), and
take logs to get the (scalar) log likelihood function

InL = —%ln Q2r) — %ln |1 — % vy —XB) Q! (y—Xp). (14.3)

To simplify things, suppose we know 2. It is then clear that we maximize the likelihood
function by minimizing the last term, which is a weighted sum of squared errors.

In the classical LS case, Q = o1, so the last term in (14.3) is proportional to the
unweighted sum of squared errors. The LS is therefore the MLE when the errors are iid
normally distributed.

When errors are heteroskedastic, but not autocorrelated, then 2 has the form

012 0O --- 0
0 o? :
Q= e (14.4)
0
0 0 o2
In this case, we can decompose Q1as
1oy 0 - 0
0 1 :
Q! = P'P, where P = /o2 (14.5)
: . 0
0 e 0 1/or
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The last term in (14.3) can then be written

1 1
-5 0= Xp) Q' -xp) —5 = XB)' P'P (y — XB)

1
—3 (Py — PXB) (Py — PXB). (14.6)

This very practical result says that if we define y; = y;/o; and x;* = x;/0;, then we get
ML estimates of B running an LS regression of y; on x;. (One of the elements in x; could
be a constant—also this one should be transformed). This is the generalized least squares
(GLS).

Remark 2 Let A be an n x n symmetric positive definite matrix. It can be decomposed
as A = PP'. There are many such P matrices, but only one which is lower triangular P

(see next remark).

Remark 3 Let A be an n x n symmetric positive definite matrix. The Cholesky decom-
position gives the unique lower triangular Py such that A = Py P{ or an upper triangular
matrix Py such that A = PZ/ P, (clearly P, = Pl/ ). Note that Py and P> must be invertible

(since A is).

When errors are autocorrelated (with or without heteroskedasticity), then it is typ-
ically harder to find a straightforward analytical decomposition of 2~!. We therefore
move directly to the general case. Since the covariance matrix is symmetric and positive
definite, Q™! is too. We therefore decompose it as

Ql=rPp (14.7)

The Cholesky decomposition is often a convenient tool, but other decompositions can
also be used. We can then apply (14.6) also in this case—the only difference is that P
is typically more complicated than in the case without autocorrelation. In particular, the
transformed variables Py and P X cannot be done line by line (y;" is a function of y;, y;_1,

and perhaps more).

Example 4 (AR(1) errors, see Davidson and MacKinnon (1993) 10.6.) Let u; = au;—1 +
& where g, is iid. We have Var(u;) = 02/ (1 — az), and Corr(us, u;—s) = a®. ForT =4,
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the covariance matrix of the errors is

’
Q:Cov([ul uy u3 u4]>

1 a & &
_ a? a a?
“1-a*| 4> a 1 a
a® a®> a 1
The inverse is
1 —a 0 0
o1_ 1| —a 1+ a’> —a 0
o2 0 —a 1+4+d* —a |’
0 0 —a 1
and note that we can decompose it as
Vi—a2 0 0 o [Vi=aZ 0 0 o0
o = l —a 1 0 0 1 —a 1 0 0
o 0 —a 1 0 |o 0 —a 1 0
0 0 —a 1 0 0 —a 1
P’ P

This is not a Cholesky decomposition, but certainly a valid decomposition (in case of

doubt, do the multiplication). Premultiply the system

Y1 X1 ui
!’
2 _ Xy uz
= 5 |Bo+
3 X3 u3
V4 x} us

by P to get

J(L=a?)y (1—a?)x; (1—a?)u

1 — 1 I ax’ 1
2 ayi X, ax &)
- y y — ? } Bo+ —
g y3 —aym o xj —ax} o £3
Y4 —ays X} — axj &4
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Note that all the residuals are uncorrelated in this formulation. Apart from the first ob-
servation, they are also identically distributed. The importance of the first observation

becomes smaller as the sample size increases—in the limit, GLS is efficient.

14.3 GLS as a Transformed LS

When the errors are not normally distributed, then the MLE approach in the previous
section is not valid. But we can still note that GLS has the same properties as LS has with
iid non-normally distributed errors. In particular, the Gauss-Markov theorem applies,
so the GLS is most efficient within the class of linear (in y;) and unbiased estimators
(assuming, of course, that GLS and LS really are unbiased, which typically requires that

u, is uncorrelated with x;_; for all s). This follows from that the transformed system

Py =PXpBy+ Pu
Yy =X"Bo+u*, (14.8)

have iid errors, u*. So see this, note that

Eu*u* = EPuu'P’
= PEuu'P’. (14.9)

Recall that Euu’ = Q, P’P = Q™! and that P’ is invertible. Multiply both sides by P’
P'Bu*u* = P’ PEuu'P’
=q'Qp
= P, so Eu*u® = I. (14.10)

14.4 Feasible GLS

In practice, we usually do not know Q. Feasible GLS (FGSL) is typically implemented by
first estimating the model (14.1) with LS, then calculating a consistent estimate of €2, and
finally using GLS as if © was known with certainty. Very little is known about the finite
sample properties of FGLS, but (the large sample properties) consistency, asymptotic
normality, and asymptotic efficiency (assuming normally distributed errors) can often be
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established. Evidence from simulations suggests that the FGLS estimator can be a lot
worse than LS if the estimate of €2 is bad.

To use maximum likelihood when €2 is unknown requires that we make assumptions
about the structure of 2 (in terms of a small number of parameters), and more gener-
ally about the distribution of the residuals. We must typically use numerical methods to

maximize the likelihood function.

Example 5 (MLE and AR(1) errors.) If uy in Example 4 are normally distributed, then
we can use the Q™" in (14.3) to express the likelihood function in terms of the unknown
parameters: B, o, and a. Maximizing this likelihood function requires a numerical opti-

mization routine.
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0 Reading List

Main reference: Greene (2000) (GR).

(*) denotes required reading.
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2. *GR 13.1-13.3, 18.1-18.2, 17.5
3. Obstfeldt and Rogoff (1996) 2.3.5
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(Advanced: unit roots, cointegration)
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Keywords: Newey-West

168

0.4 Asymptotic Properties of LS

1. *Lecture notes

2. *GR9.1-9.4,11.2

Keywords: consistency of LS, asymptotic normality of LS, influential observations,

robust estimators, LAD

0.5 Instrumental Variable Method

1. *Lecture notes

2. *GR 9.5 and 16.1-2
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2SLS
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1. *Lecture notes

2. *GR 5.3

Keywords: Monte Carlo simulations, Bootstrap simulations

0.7 GMM

1. *Lecture notes
2. *GR 4.7 and 11.5-6

3. Christiano and Eichenbaum (1992)

Keywords: method of moments, unconditional/conditional moment conditions, loss

function, asymptotic distribution of GMM estimator, efficient GMM, GMM and inference
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1. *Lecture notes
2. *GR 12.2 and 134
3. Lafontaine and White (1986)
4. Mankiw, Romer, and Weil (1992)
Keywords: finite sample properties of LS and IV, consistency of LS and IV, asymptotic
distribution of LS and IV
0.7.2 Application of GMM: Systems of Simultaneous Equations
1. *Lecture notes
2. *GR 16.1-2, 16.3 (introduction only)
3. Obstfeldt and Rogoft (1996) 2.1
4. Deaton (1992) 3

Keywords: structural and reduced forms, identification, 2SLS
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