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1 Econometrics Cheat Sheet

Sections denoted by a star (*) is not required reading.
Reference: Cochrane (2005) 11 and 14; Singleton (2006) 2—4; DeMiguel, Garlappi,
and Uppal (2009)

1.1 GMM

1.1.1 The Basic GMM

In general, the g x 1 sample moment conditions in GMM are written

T
26 = =3 81 = O i
t=1

where g(B) is short hand notation for the sample average and where the value of the
moment conditions clearly depend on the parameter vector. We let B¢ denote the true

value of the k x 1 parameter vector. The GMM estimator is

Prx = argmin g(B) W (B). (12)
where W is some symmetric positive definite ¢ x ¢ weighting matrix.

Example 1.1 (Moment condition for a mean) To estimated the mean of x;, use the fol-

1 T
7Zt=1x,—M=0.

Example 1.2 (Moments conditions for IV/2SLS/OLS) 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

lowing moment condition

sample moment conditions are

T
) = 25— 5B = O

Let q = k to get 1V; let z, = x, to get LS.



Example 1.3 (Moments conditions for MLE) The maximum likelihood estimator maxi-
mizes the log likelihood function, X In L (w,; B) / T, with the K first order conditions

(one for each element in B)

_ 1 d dInL (ws;pB)
g(ﬁ)_TZ;T_OKXI

GMM estimators are typically asymptotically normally distributed, with a covariance
matrix that depends on the covariance matrix of the moment conditions (evaluated at the
true parameter values) and the possibly non-linear transformation of the moment condi-
tions that defines the estimator. Let So be the (¢ x ¢) covariance matrix of v/T g(Bo)
(evaluated at the true parameter values)

So = lim7_, o Cov [ﬁg’(ﬂo)} = Z Cov [g:(Bo), g1—s(Bo)] , (1.3)

§=—00

where Cov(x, y) is a matrix of covariances: element ij is Cov(x;, y;). value).
In addition, let Dy be the (¢ x k) probability limit of the gradient (Jacobian) of the

sample moment conditions with respect to the parameters (also evaluated at the true pa-

rameters)
. 9g(Po)
Dy = plim ——. 1.4
Remark 1.4 (Jacobian) The Jacobian is of the following format
[ 828 ... 32 |
3B 9B
9 ) .
%53'3/0) = : : (evaluated at By).
08,8)  924(8)
3B 0B
We then have that
A d
VT (B —Bo) = N(O,V)if W = S, where
V = (D}yS;" Do)~ (1.5)

which assumes that we have used S; ! as the weighting matrix. This gives the most effi-

cient GMM estimator—for a given set of moment conditions. The choice of the weighting



matrix is irrelevant if the model is exactly identified (as many moment conditions as pa-
rameters), so (1.5) can be applied to this case (even if we did not specify any weighting
matrix at all). In practice, the gradient Dy is approximated by using the point estimates
and the available sample of data. The Newey-West estimator is commonly used to esti-
mate the covariance matrix Sp. To implement W = S;'!, an iterative procedure is often
used: start with W = 1, estimate the parameters, estimate 3‘0, then (in a second step) use
W = SA'O_ ! and reestimate. In most cases this iteration is stopped at this stage, but other

researchers choose to continue iterating until the point estimates converge.

Example 1.5 (Estimating a mean) For the moment condition in Example 1.1, assuming
iid data gives

So = Var(x;) = 0>,

In addition,

53
D, = ga(uo) _ 1
7k

which in this case is just a constant (and does not need to be evaluated at true parameter).

Combining gives
N d N
VT (t = po) = N(0,0?), s0 “fi ~ N(po,0°/T).”

Remark 1.6 (IV/2SLS/OLS) Let u; = y; — x,f8

VT &
So = Cov |:T ;ztut

T
1
Do = plim (_7 Zz,x;) =—-X,..

t=1

Under the Gauss-Markov assumptions Sg for OLS (z; = x;) can be simplified to
1 T
So = 02? Zx,x; =02%,y,
=1

so combining gives

-1

V = I:Exx (022”)_1 Exx] = 0'22_1.

XX



To test if the moment conditions are satisfied, we notice that under the hull hypothesis

(that the model is correctly specified)
_ d
VT g (Bo) = N (04x1. So) . (1.6)

where ¢ is the number of moment conditions. Since B chosen is such a way that k (number
of parameters) linear combinations of the first order conditions always (in every sample)
are zero, we get that there are effectively only ¢ — k non-degenerate random variables.
We can therefore test the hypothesis that g (8o) = 0 on the the “J test”

e A a—l=sh 4 . —
Tg(B) Sy '8(B) — xg—p» if W =S5 ". (1.7)

The left hand side equals 7" times of value of the loss function in (1.2) evaluated at the
point estimates With no overidentifying restrictions (as many moment conditions as pa-
rameters) there are, of course, no restrictions to test. Indeed, the loss function value is

then always zero at the point estimates.

1.1.2 GMM with a Suboptimal Weighting Matrix

It can be shown that if we use another weighting matrix than W = S;!, then the variance-

covariance matrix in (1.5) should be changed to
Va = (DyWDo) ™ DyWSoW' Dy (DyWDg) ™" . (1.8)
Similarly, the test of overidentifying restrictions becomes
TRy 2B S i (1.9)
where ¥, is a generalized inverse of

/
W, = [Iq — Do (D)WDg)~" D{)W] So [Iq — Do (D)WDg)”" DgW] . (1.10)

Remark 1.7 (Quadratic form with degenerate covariance matrix) If the n x 1 vector
X ~ N(0,X), where X has rankr < nthenY = X'X+tX ~ )(f where X is the

pseudo inverse of X.



Example 1.8 (Pseudo inverse of a square matrix) For the matrix

1 2 0.02 0.06
A= , we have At = .
3 6 0.04 0.12
1.1.3 GMM without a Loss Function

Suppose we sidestep the whole optimization issue and instead specify k linear combina-

tions (as many as there are parameters) of the ¢ moment conditions directly

01 =_ A _2(B), (1.11)
kxqg  gx1

where the matrix A4 is chosen by the researcher.
It is straightforward to show that the variance-covariance matrix in (1.5) should be
changed to
Vs = (AoDo) " A0SoA,[(A0Do)”"7, (1.12)

where Ay is the probability limit of A (if it is random). Similarly, in the test of overiden-

tifying restrictions (1.9), we should replace ¥, by

W3 = [I, — Do (AoDo) ™" Ao)Soll, — Do (AoDo) ™" Ao]’. (1.13)

1.1.4 GMM Example 1: Estimate the Variance

Suppose x; has a zero mean. To estimate the mean we specify the moment condition
g = x> —o”. (1.14)

To derive the asymptotic distribution, we take look at the simple case when Xx; is iid
N(0,0?) This gives So = Var(g;), because of the iid assumption. We can simplify this
further as

So = E(x} —0?%)?

= E(x} + 0% —2x?0%) = Ex} —o*

= 204, (1.15)



where the second line is just algebra and the third line follows from the properties of
normally distributed variables (E x} = 30*).
Note that the Jacobian is
Dy = —1, (1.16)

so the GMM formula says
d
VT (6% —0%) = N(0,20%). (1.17)

1.1.5 GMM Example 2: The Means and Second Moments of Returns

Let R, be a vector of net returns of N assets. We want to estimate the mean vector and

the covariance matrix. The moment conditions for the mean vector are
ER; —p = 0yx1, (1.18)
and the moment conditions for the unique elements of the second moment matrix are
Evech(R;R}) — vech(I") = On(n+1)/2x1- (1.19)

Remark 1.9 (The vech operator) vech(A) where A is m x m gives an m(m + 1)/2 x 1

vector with the elements on and below the principal diagonal A stacked on top of each

ai
. . aylr diz

other (column wise). For instance, vech = | an
azy dz

azn

Stack (1.18) and (1.19) and substitute the sample mean for the population expectation
to get the GMM estimator

T N
lz[ }_[ " }:[ N1 } (1.20)
T Vech(R R)) vech(I™) On(N+1)/2x1

In this case, Dy = —1, so the covariance matrix of the parameter vector (i, Vech(ﬁ )) is

just S (defined in (1.3)), which is straightforward to estimate.

10



1.1.6 GMM Example 3: Non-Linear Least Squares

Consider the non-linear regression
yi = F(x::Bo) + &, (1.21)

where F(x;;fo) is a potentially non-linear equation of the regressors x;, with a k x 1
vector of parameters . The non-linear least squares (NLS) approach is minimize the

sum of squared residuals, that is, to solve

B =argmin 31_ [y — F(x.: B)I. (1.22)

To express this as a GMM problem, use the first order conditions for (1.22) as moment

conditions
[ye — F(xs;B)]. (1.23)

The model is then exactly identified so the point estimates are found by setting all moment
conditions to zero, g (B) = Okx;. The distribution of the parameter estimates is thus as in
(1.5). As usual, Sg = Cov[v/Tg (Bo)], while the Jacobian is

Do = plim —8ga(ﬂﬁ,°)
1 OF (x;; B) OF (x,; 1 02 F(x;;
= plimT Z=1 (;C,B P) (8);3/ p) - thfzz;l [ye — F(x:: B)] #
(1.24)

Example 1.10 (The derivatives with two parameters) With B = [B1, B2]’ we have

OF (xi;B) [aF(xt;ﬂ)/aﬂl} OFGp) _ (o e /38 9F e 0/965].

B | 0F(x:B)/08s p

so the outer product of the gradient (first term) in (1.24) is a 2 X 2 matrix. Similarly, the
matrix with the second derivatives (the Hessian) is also a 2 X 2 matrix
2 . PF(xi38)  2F(xisB)
0TF(xi:fp) _ [ Bi0f 9B 0B }

/ T | PF(x3B)  PF(x3B)
9pop 0B20B1 0B20p2

11



1.2 MLE

1.2.1 The Basic MLE

Let L be the likelihood function of a sample, defined as the joint density of the sample

L = pdf(xy, x2,...x7:;0) (1.25)
:L1L2...LT, (126)

where 6 are the parameters of the density function. In the second line, we define the
likelihood function as the product of the likelihood contributions of the different obser-
vations. For notational convenience, their dependence of the data and the parameters are
suppressed.
The idea of MLE is to pick parameters to make the likelihood (or its log) value as
large as possible
6 = argmax|In L. (1.27)

MLE is typically asymptotically normally distributed

VN (@ —60) - N0, V), where V = ()" with (1.28)
0%In L
N E 82 ln Lt
9096’

where 7(6) is the “information matrix.” In the second line, the derivative is of the whole
log likelihood function (1.25), while in the third line the derivative is of the likelihood
contribution of observation 7.

Alternatively, we can use the outer product of the gradients to calculate the informa-

tion matrix as

81nLtalnLti| (1 29)

J(@) =E

©) |: A
A key strength of MLE is that it is asymptotically efficient, that is, any linear combi-

nation of the parameters will have a smaller asymptotic variance than if we had used any

other estimation method.

12



1.2.2 QMLE

A MLE based on the wrong likelihood function (distribution) may still be useful. Suppose

we use the likelihood function L, so the estimator is defined by

alnL_0 (1.30)
0 '

If this is the wrong likelihood function, but the expected value (under the true distribution)
of d1n L /36 is indeed zero (at the true parameter values), then we can think of (1.30) as
a set of GMM moment conditions—and the usual GMM results apply. The result is that
this quasi-MLE (or pseudo-MLE) has the same sort of distribution as in (1.28), but with

the variance-covariance matrix
V=10)"'J0)I6)! (1.31)

Example 1.11 (LS and QMLE) In a linear regression, y; = Xx,B + &;, the first order
condition for MLE based on the assumption that &, ~ N(0,02) is X, (y, —x;,é)xt =0.
This has an expected value of zero (at the true parameters), even if the shocks have a, say,

t», distribution.

1.2.3 MLE Example: Estimate the Variance

Suppose x; is iid N(0, 02). The pdf of x; is

1 1 x?
df = ——1). 1.32
e = Lo -11) 1
Since x; and x;4; are independent,

L = pdf (x1) x pdf (x2) x ... x pdf (x7)

T 1 T X2
= 2ro?) T2 exp (—— t=1_t2) , SO (1.33)
2 o
T 1
InL = —Eln(2n02) - szzle. (1.34)

13



The first order condition for optimum is

dnL T 1 1 7
902 - 2 2n022n + 2(0?)? 21X =050
62 =YT_x%/T (1.35)

Differentiate the log likelihood once again to get

0%In L T 1 1 T
002002 204 (02)3Z’=1x‘ > 50 (1.36)
0%In L T 1 T T 137
= —— — 0" = ——— )
do2d0?  20* (02?)3 254
The information matrix is therefore
9%In L 1
1(0) =—E————/T = 5—, 1.38
©) 802802/ 154 (1.38)
so we have
VT (6% —0%) =% N(0,20%). (1.39)

1.3 The Variance of a Sample Mean: The Newey-West Estimator

Many estimators (including GMM) are based on some sort of sample average. Unless we
are sure that the series in the average is iid, we need an estimator of the variance (of the
sample average) that takes serial correlation into account. The Newey-West estimator is

probably the most popular.

Example 1.12 (Variance of sample average) The variance of (x1 4+ x3)/2 is Var(xy)/4+
Var(x,)/4 + Cov(xy, x2)/2. If Var(x;) = o2 forall i, then this is 0% /2 4+ Cov(x1, x2) /2.

If there is no autocorrelation, then we have the traditional result, Var(x) = o2/ T.

Example 1.13 (x; is a scalar iid process.) When x, is a scalar iid process, then
T W . .
Var 72;:1% = ﬁ2z=1 Var (x;) (since independently distributed)

1

= ET Var (x;) (since identically distributed)
1

= — V. .
T ar (x;)

14



Var(z)
Var(z)/T

10+ Data process: x; = pxry—1 +u;

-0.8 -06 -04 -0.2 0 0.2 04 0.6 0.8

Figure 1.1: Variance of sample mean of an AR(1) series

This is the classical iid case. Clearly, limp—, Var (X) = 0. By multiplying both sides by
T we instead get Var(v/Tx) = Var (x;).

The Newey-West estimator of the variance-covariance matrix of the sample mean, g,

of K x 1 vector g; is

n

Cov (VTg) = Y. (1 - %) Cov (g1 g1-5) (1.40)

S=—n

n

— S — —

= Cov (2.8 + ) (1 " 1) (Cov (81 81-5) + Cov (1. &1-2)')
s=1

(1.41)

where 7 is a finite “bandwidth” parameter.

Example 1.14 (Newey-West estimator) With n = 1 in (1.40) the Newey-West estimator

becomes

o~ _ — 1 — — /
Cov (ﬁg) = Cov (g:,8:) + E (COV (81, 81—1) +Cov(gs, &i-1) ) .

15



Example 1.15 (Variance of sample mean of AR(1).) Let x; = px;+u,, where Var (u;) =
o2. Let R(s) denote the sth autocovariance and notice that R (s) = p"lo?/ (l — pz), 50

JTE) = S _ 0 N e 0% L4p
(7)< 5 o=y Z § e

§=—00 §=—00

which is increasing in p (provided |p| < 1, as required for stationarity). The variance
of NTX is much larger for p close to one than for p close to zero: the high autocorrela-
tion create long swings, so the mean cannot be estimated with good precision in a small
sample. If we disregard all autocovariances, then we would conclude that the variance of
VT is 02/ (1 — pz), that is, the variance of x;. This is much smaller (larger) than the

true value when p > 0 (p < 0). For instance, with p = 0.9, it is 19 times too small. See
Figure 1.1 for an illustration. Notice that T Var (x) / Var(x;) = Var (x) /[Var(x;)/T], so
the ratio shows the relation between the true variance of x and the classical estimator of
it (based of the iid assumption).
1.4 Testing (Linear) Joint Hypotheses
Consider an estimator ,é «; Which satisfies
A d

VT (B~ Bo) = N (0. Visi) (1.42)

and suppose we want the asymptotic distribution of a linear transformation of
Yox1 = RB —a. (1.43)

Under that null hypothesis (that y = 0)

VT(RB —a) > N (0. Agxg) . Where
A = RVR'. (1.44)

Example 1.16 (7esting 2 slope coefficients) Suppose we have estimated a model with

three coefficients and the null hypothesis is

Hy:B1=1and B3 =0.

16



We can write this as
100 ? i
o0 1||7 o]
B3

The test of the joint hypothesis is based on

(RB—a)A™ (RB —a) > 12. (1.45)

1.5 Testing (Nonlinear) Joint Hypotheses: The Delta Method
Consider an estimator B «x; Which satisfies

VT(B = Bo) > N (0. Vi) (1.46)
and suppose we want the asymptotic distribution of a transformation of

Yax1 = f (B), (1.47)

where f (.) has continuous first derivatives. The result is

JTIF(B) = f (Bo)] > N (0. Agxg) . where

a];ﬂ(ﬁ) %
5 of (Bo) 0 ‘ )
A fa(/?o)v fa(ﬁo) where f;)(;?) | (1.48)
p p b B B
B 0Bk qxk

The derivatives can sometimes be found analytically, otherwise numerical differentiation

can be used. Now, a test can be done as in the same way as in (1.45).

Example 1.17 (Quadratic function) Let f(B8) = B? where B is a scalar. Then df (B) /B =
2B, so A = 4B%V, where V = Var(\/T,BA).

Example 1.18 (Testing a Sharpe ratio) Stack the mean (.t = E x;) and second moment
(2 = Ex?)as B = [w, na)'. The Sharpe ratio is calculated as a function of B

B0 _ g H IO [ ]

U(X) (I’LZ — MZ)]/Z) N 3,3’ (2—12)372  2(ur—u2)3/2

17



If ,é is distributed as in (1.46), then (1.48) is straightforward to apply.

; ; — e S (B)
Example 1.19 (Linear function) When f (B) = Rp —a, then the Jacobian is - =R
so A = RVR/, just like in (1.44).

Example 1.20 (Testing a correlation of x; and y;, p(x;, y;)) For expositional simplicity,
assume that both variables have zero means. The variances and the covariance are then

be estimated by the moment conditions

xt2 — Oxx Oxx

T
Zt=1mt(,3)/T = 03x; where m; = yt2 — Oyy and B = Oyy
XtYtr — Oxy Oxy

The covariance matrix of these estimators is estimated as usual in GMM, making sure

to account for autocorrelation of the data. The correlation is a simple function of these

parameters
o af (B) 1_o 1 Oxy 1
px.y) = f(p) = l/zxyl/zy SO 9B = [ _503/2):1/2 _501/2):3/2 S172,172 ] .
O-xx O'yy ﬂ xXx Yyy xx Yyy xXx Yyy

It is then straightforward to apply delta method (1.48).

Remark 1.21 (Numerical derivatives) These derivatives can typically be very messy to
calculate analytically, but numerical approximations often work fine. A very simple code
can be structured as follows: let column j of df (B) /9B’ be

T -
B - S8

7 ,WhereB:,BexceptthatBj =B + A.

afq(B)
08,

1.5.1 Delta Method Example 1: Confidence Bands around a Mean-Variance Fron-

tier

A point on the mean-variance frontier at a given expected return is a non-linear function of
the means and the second moment matrix estimated by 1.20. It is therefore straightforward

to apply the delta method to calculate a confidence band around the estimate.

18



Mean-Std frontier US industry portfolios, 1947:1-2011:12

Mean Std

A 12.43  14.18

xe B 11.95 20.94
N C 12.05 16.79
= D 13.95 18.16
é’ E 13.02 21.66
F 10.17 14.95

G 11.99 1691

H 13.06 17.04

I 10.87 13.26

J 11.10 17.58

SR(tangency), SR(EW) and
t-stat of difference
0.74 0.55 1.97

Mean, %

Figure 1.2: Mean-Variance frontier of US industry portfolios from Fama-French.
Monthly returns are used in the calculations, but 100+/12Variance is plotted against
100 * 12*mean.

Figure 1.2 shows some empirical results. The uncertainty is lowest for the minimum
variance portfolio (in a normal distribution, the uncertainty about an estimated variance is

increasing in the true variance, Var(+/762) = 20%).

Remark 1.22 (MatLab coding) First, code a function f(f; ,) where B = [, vech(I")]
that calculates the minimum standard deviation at a given expected return, (i,. For this,
you may find the duplication matrix (see remark) useful. Second, evaluate it, as well as
the Jacobian, at the point estimates. Third, combine with the variance-covariance matrix
of [x, Vech(f )] to calculate the variance of the output (the minimum standard deviation).

Repeat this for other values of the expected returns, [ip.

Remark 1.23 (Duplication matrix) The duplication matrix D, is defined such that for

19



any symmetric m x m matrix A we have vec(A) = D,,vech(A). For instance,

1 00 ain
o1 0[] a
a | = 2 or Djvech(A) = vec(A).
010 asy
a
00 1 2 a2

The duplication matrix is therefore useful for “inverting” the vech operator—the trans-

Sformation from vec(A) is trivial.

Remark 1.24 (MatLab coding) The command reshape(x,m,n) creates an m X n matrix by

putting the first m elements of x in column 1, the next m elements in column 2, etc.

1.5.2 Delta Method Example 2: Testing the 1/ N vs the Tangency Portfolio

Reference: DeMiguel, Garlappi, and Uppal (2009)

It has been argued that the (naive) 1/N diversification gives a portfolio performance
which is not worse than an “optimal” portfolio. One way of testing this is to compare the
the Sharpe ratios of the tangency and equally weighted portfolios. Both are functions of
the first and second moments of the basic assets, so a delta method approach similar to
the one for the MV frontier (see above) can be applied. Notice that this approach should
incorporate the way (and hence the associated uncertainty) the first and second moments
affect the portfolio weights of the tangency portfolio.

Figure 1.2 shows some empirical results.
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A Statistical Tables

10
20
30
40
50
60
70
80
90
100
Normal

Critical values

10%
1.81
1.72
1.70
1.68
1.68
1.67
1.67
1.66
1.66
1.66
1.64

5%
2.23
2.09
2.04
2.02
2.01
2.00
1.99
1.99
1.99
1.98
1.96

1%
3.17
2.85
2.75
2.70
2.68
2.66
2.65
2.64
2.63
2.63
2.58

Table A.1: Critical values (two-sided test) of t distribution (different degrees of freedom)

and normal distribution.

B Matlab Code

B.1 Autocovariance

Remark B.1 (MatLab coding) Suppose we have an T x K matrix g with g} in row t. We

want to calculate Cov (g1, 81—s) = EtT:S_H(gt —2)(gi—s—&)'/T asin

g_gbar = g - repmat(mean(g),T,1);

Cov_s = g_gbar(s+1:T,:) ’*g_gbar(1:T-s,:)/T;

B.2 Numerical Derivatives

A simple forward approximation:

fb = £(b);
df_db = zeros(q,k);
for j = 1:k;

%has zero means

%loop over columns (parameters)
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Table A.2: Critical values of chisquare distribution (different degrees of freedom, n).

bj
bj(3)

af_db(:,j) =

end;

10%
2.71
4.61
6.25
7.78
9.24
10.64
12.02
13.36
14.68
0 15.99

— O 00 JO W A WK —

5%
3.84
5.99
7.81
9.49

11.07
12.59
14.07
15.51
16.92
18.31

n Critical values

1%
6.63
9.21

11.34
13.28
15.09
16.81
18.48
20.09
21.67
23.21

b;
b(j)+Delta;
(f(bj)- £b)/Delta;
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2 Simulating the Finite Sample Properties

Reference: Greene (2000) 5.3 and Horowitz (2001)

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 and iid normal error terms. Monte Carlo simulations and bootstrapping
are two common techniques used to understand the small sample properties when these
conditions are not satisfied.

How they should be implemented depends crucially on the properties of the model
and data: if the residuals are autocorrelated, heteroskedastic, or perhaps correlated across
regressions equations. These notes summarize a few typical cases.

The need for using Monte Carlos or bootstraps varies across applications and data

sets. For a case where it is not needed, see Figure 2.1.

2.1 Monte Carlo Simulations

2.1.1 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 statistic on each of those samples.
The distribution of the statistic is then used as the small sample distribution of the estima-
tor.

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

special case of a linear model with a scalar dependent variable
Ve =X, B+ uy, (2.1)

where u; is iid N(0, 62) and x; is stochastic but independent of u, for all 5. This means
that x, cannot include lags of y;,.

Suppose we want to find the small sample distribution of a function of the estimate,
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alpha tLS tNW  t boot
US industry portfolios, 1970:1-2011:12 all NaN NaN NaN NaN

15 A (NoDur)  3.79 2.76 2.75 2.74

g B (Durbl)  -133 064  -0.65  -0.64
© C (Manuf) 0.84 0.85 0.84 0.84
» 10 D (Enrgy)  4.30 1.90 1.91 1.94
8 R E (HiTec) -164  -088  -0.88  -0.87
i s 1 @ 5 E F (Telem) 1.65 0.94 0.94 0.95
g G (Shops) 1.46 0.95 0.96 0.95
g H (Hlth ) 2.10 1.17 1.19 118
= I (Utils) 3.03 1.68 1.65 1.63
0 0.5 1 1.5 J (Other)  -070  -0.63  -0.62  -0.62

0 (against the market)

NW uses 1 lag
The bootstrap samples pairs of (y;,z)
3000 simulations

Figure 2.1: CAPM, US industry portfolios, different t-stats

g(,é ). To do a Monte Carlo experiment, we need information on (i) the coefficients B; (ii)
the variance of u,, 0%; (iii) and a process for x;.

The process for x; is typically estimated from the data on x, (for instance, a VAR
system x; = Ayx;—1 + Axx;—> + e;). Alternatively, we could simply use the actual
sample of x,; and repeat it.

The values of B and o2 are often a mix of estimation results and theory. In some
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. Construct an artificial sample of the regressors (see above), x; fort = 1,...,T.

Draw random numbers 1, fort = 1, ..., T and use those together with the artificial
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sample of X, to calculate an artificial sample y; fort = 1,..., T from
¥ = XB + iy, (2.2)
by using the prespecified values of the coefficients S.

. Calculate an estimate B and record it along with the value of g(ﬂA) and perhaps also
the test statistic of the hypothesis that g(8) = 0.

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

better is the approximation of the small sample distribution.

. Sort your simulated ,é , g(,é), and the test statistic 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 may also record how many times the 5% critical values from the asymptotic

distribution would reject a true null hypothesis.

. You may also want to plot a histogram of ,3 , g(B ), and the test statistic to see if there
is a small sample bias, and how the distribution looks like. Is it close to normal?

How wide is it?

See Figures 2.2-2.3 for an example.

We have the same basic procedure when y; is a vector, except that we might have

to consider correlations across the elements of the vector of residuals u,. For instance,

we might want to generate the vector u, from a N(0, X') distribution—where X is the

variance-covariance matrix of u;.

Remark 2.1 (Generating N(u, X') random numbers) Suppose you want to draw an n x 1

vector &; of N(, X') variables. Use the Cholesky decomposition to calculate the lower

triangular P such that ¥ = PP’ (note that Gauss and MatLab returns P’ instead of
P). Draw u; from an N(0, I') distribution (randn in MatLab, rndn in Gauss), and define
e+ = 0+ Puy. Note that Cov(e;) = E Pu,u,P’ = PIP' = X.
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Average LS estimate of p Std of LS estimate of p

simulation
0.9 — — - asymptotic
0.85 0.1
0.8 0.05
0.75
0.7 0
0 100 200 300 400 500 0 100 200 300 400 500
Sample size, T Sample size, T’
VT'x Std of LS estimate of p True model: g = 0.9y, + ¢,
0.8 where ¢ is iid N(0,2)
0.7 Estimated model: y = a + pyry + ws
0.6 Number of simulations: 25000
0.5
o4

Sample size, T

Figure 2.2: Results from a Monte Carlo experiment of LS estimation of the AR coeffi-
cient.

2.1.2 Monte Carlo Simulations 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,,; for all s. We can then generate an
artificial sample as follows. First, create a sample Z, fort = 1,..., T by some time series
model (for instance, a VAR) or by taking the observed sample itself. Second, observation

t of (X, y;) is generated as

Vi1

X = and y, = X;8 + i, fort =1,...,T (2.3)

Zy

We clearly need the initial value y, to start up the artificial sample—and then the rest of

the sample (r = 1, 2, ...) is calculated recursively.
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Distribution of LS estimator, T = 25 Distribution of LS estimator, T = 100

Mean and std: Mean and std:
0.1 0.74 0.16 0.17  0.86 0.06
0.05 0.05t

True model: y; = 0.9y, + &, ¢ is iid N(0,2)
Estimated model: v, = a+ pyr—1 + ws
Number of simulations: 25000

Figure 2.3: Results from a Monte Carlo experiment of LS estimation of the AR coeffi-
cient.

For instance, for a VAR(2) model (where there is no z;)

Ve = A1yi—1 + Aoy + uy, 2.4)

the procedure is straightforward. First, estimate the model on data and record the esti-
mates (A1, A, Var(u;)). Second, draw a new time series of residuals, 1, fort = 1,...,T

and construct an artificial sample recursively (first# = 1, then ¢t = 2 and so forth) as

Vi = A1Yi—1 + A2Yip + Uy. (2.5)
(This requires some starting values for y_; and y,.) Third, re-estimate the model on the
the artificial sample, y, fort = 1,...,T.

2.1.3 Monte Carlo Simulations with more Complicated Errors

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

transformation method. See Figure 2.4 for an example.
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Distribution of LS t-stat, T'=5 Distribution of LS t-stat, 7= 100
t=(b—0.9)/Std(b)

Model: Rt = ngf +€,6 = v — 2,
where v; has a x3 distribution

Probability density functions

\
Estimated model: v, = a + bf; + w, 0.4 \ e NQ(O,l)
Number of simulations: 25000 \ — X5 — 2
0.3
_ _ AN
T=5 T=100 02 N
Kurtosis of t-stat: 46.753 3.049 ~ -
Frequency of |t-stat| > 1.65  0.294 0.105 0.1 N
Frequency of |t-stat| > 1.96  0.227 0.054 0 . . . B
-4 =2 0 2 4

Figure 2.4: Results from a Monte Carlo experiment with thick-tailed errors.

Remark 2.2 Let X ~ U(0,1) and consider the transformation Y = F~1(X), where
F~Y() is the inverse of a strictly increasing cumulative distribution function F, then Y
has the cdf F.

Example 2.3 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.

It is more difficult to handle non-iid errors, like those with autocorrelation and het-
eroskedasticity. We then need to model the error process and generate the errors from that
model.

If the errors are autocorrelated, then we could estimate that process from the fitted

errors and then generate artificial samples of errors (here by an AR(2))

Uy = QU1 + Aol + &;. (2.6)
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Alternatively, heteroskedastic errors can be generated by, for instance, a GARCH(1,1)
model

u, ~ N(0,07), where 67 = w + au?_, + Bo? . 2.7)

However, this specification does not account for any link between the volatility and the
regressors (squared)—as tested for by White’s test. This would invalidate the usual OLS
standard errors and therefore deserves to be taken seriously. A simple, but crude, approach
is to generate residuals from a N (0, 07) process, but where o7 is approximated by the
fitted values from

g7 =c'w, + 1y, (2.8)

where w, include the squares and cross product of all the regressors.

2.2 Bootstrapping

2.2.1 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 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 (2.1), 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 y; fort = 1,...,T by
Ve =x,B + Uy, (2.9)

where 1, is drawn (with replacement) from the fitted residual and where f is the

point estimate.
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Example 2.4 With T = 3, the artificial sample could be

(Y1, X1) (x1Bo + uz, x1)
(V2. X2) | = | (X380 + u1,x2)
(V3. X3) (x5B0 + uz, x3)

The approach in (2.9) works also when y; is a vector of dependent variables—and

will then help retain the cross-sectional correlation of the residuals.

2.2.2 Bootstrapping when x; Includes Lags of y,

When x, contains lagged values of y,, then we have to modify the approach in (2.9) since
u, can become correlated with x,. For instance, if x; includes y;_; and we happen to
sample #; = u,_;, then we get a non-zero correlation. The easiest way to handle this
is as in the Monte Carlo simulations in (2.3), but where %, are drawn (with replacement)

from the sample of fitted residuals. The same carries over to the VAR model in (2.4)—(2.5).

2.2.3 Bootstrapping when Errors Are Heteroskedastic

Suppose now that the errors are heteroskedastic, but serially uncorrelated. If the het-
eroskedasticity is unrelated to the regressors, then we can still use (2.9).

On contrast, if the heteroskedasticity 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 to pair x; with just any %; = u since that
destroys the relation between x; and the variance of the residual.

An alternative way of bootstrapping can then be used: generate the artificial sample
by drawing (with replacement) pairs (ys, Xs), that is, we let the artificial pair in ¢ be
(Ve. X¢) = (xiBo + uy, x5) for some random draw of s so we are always pairing the
residual, u, with the contemporaneous regressors, xs. Note that we are always sampling
with replacement—otherwise the approach of drawing pairs would be to just re-create the
original data set.

This approach works also when y, is a vector of dependent variables.
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Example 2.5 With T' = 3, the artificial sample could be

(Y1, X1) (x3B0 + Uz, x2)
(V2. %2) | = | (x5B0 + u3z,x3)
(V3. X3) (x3B0 + us, x3)

It could be argued (see, for instance, Davidson and MacKinnon (1993)) that bootstrap-
ping the pairs (s, x5;) makes little sense when x; contains lags of y;, since the random

sampling of the pair (ys, X;) destroys the autocorrelation pattern on the regressors.

2.2.4 Autocorrelated 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 blocks of data. For instance, suppose the
sample has 10 observations, and we decide to create blocks of 3 observations. The first
block is (#1, 15, 13), the second block is (15,13, 14), and so forth until the last block,
(11g, 19, U10). 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: (19,11, U>) and (tig, 119, %1). The length of the blocks should
clearly depend on the degree of autocorrelation, but 7'/3 is sometimes recommended as
arough guide. An alternative approach is to have non-overlapping blocks. See Berkowitz
and Kilian (2000) for some other approaches.

See Figures 2.5-2.6 for an illustration.

2.2.5 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, ,é + u,. This clearly makes sense if the residuals and
regressors 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.
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Std of LS slope under autocorrelation
01— 09

OLS formula
s — — — Newey-West
Simulated

0.05F Bootstrapped

-0.5 0 0.5
p (autocorrelation of residual)

Std of LS slope under autocorrelation
011 k=09

005 I ) '/- '/_»'/
-0.5 0 0.5

p (autocorrelation of residual)

0.1

0.05

Std of LS slope under autocorrelation

-0.5 0 0.5
p (autocorrelation of residual)

Model: y; = 0.9z; + €,
where ¢ = pe_1 + ug, uy is iid N
Ty = Kxy—1 +n,m is iid N

u; is the residual from LS estimate of
Y =a+bry +uy

NW uses 15 lags
The block bootstrap uses blocks of size 20
Number of simulations: 25000

Figure 2.5: Standard error of OLS estimator, autocorrelated errors
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Figure 2.6: Standard error of OLS estimator, autocorrelated errors
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3 Return Distributions

Sections denoted by a star (*) is not required reading.

3.1 Estimating and Testing Distributions

Reference: Harvey (1989) 260, Davidson and MacKinnon (1993) 267, Silverman (1986);
Mittelhammer (1996), DeGroot (1986)

3.1.1 A Quick Recap of a Univariate Distribution

The cdf (cumulative distribution function) measures the probability that the random vari-

able X; is below or at some numerical value Xx;,
u; = Fi(x;) = Pr(X; < x;). (3.1

For instance, with an N (0, 1) distribution, F(—1.64) = 0.05. Clearly, the cdf values
are between (and including) 0 and 1. The distribution of X; is often called the marginal
distribution of X;—to distinguish it from the joint distribution of X; and X;. (See below
for more information on joint distributions.)

The pdf (probability density function) f;(x;) is the “height” of the distribution in the
sense that the cdf F(x;) is the integral of the pdf from minus infinity to x;

F,-(xi)zfi fi(s)ds. (3.2)

=—00

(Conversely, the pdf is the derivative of the cdf, f;(x;) = dF;(x;)/dx;.) The Gaussian
pdf (the normal distribution) is bell shaped.

Remark 3.1 (Quantile of a distribution) The o quantile of a distribution (§y) is the value
of x such that there is a probability of « of a lower value. We can solve for the quantile by
inverting the cdf, a = F(£,) as &, = F~'(a). For instance, the 5% quantile of a N(0, 1)
distribution is —1.64 = ®~1(0.05), where ®~1() denotes the inverse of an N(0, 1) cdf.

also called the “quantile function.” See Figure 3.1 for an illustration.
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Density of N(0,1) Density of N(8, 16%)
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Figure 3.1: Finding quantiles of a N(jt,02) distribution

3.1.2 QQ Plots

Are returns normally distributed? Mostly not, but it depends on the asset type and on the
data frequency. Options returns typically have very non-normal distributions (in partic-
ular, since the return is —100% on many expiration days). Stock returns are typically
distinctly non-linear at short horizons, but can look somewhat normal at longer horizons.

To assess the normality of returns, the usual econometric techniques (Bera—Jarque
and Kolmogorov-Smirnov tests) are useful, but a visual inspection of the histogram and a

QQ-plot also give useful clues. See Figures 3.2-3.4 for illustrations.

Remark 3.2 (Reading a QQ plot) A QQ plot is a way to assess if the empirical distri-
bution conforms reasonably well to a prespecified theoretical distribution, for instance,
a normal distribution where the mean and variance have been estimated from the data.

Each point in the QQ plot shows a specific percentile (quantile) according to the empiri-
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cal as well as according to the theoretical distribution. For instance, if the 2th percentile
(0.02 percentile) is at -10 in the empirical distribution, but at only -3 in the theoretical
distribution, then this indicates that the two distributions have fairly different left tails.

There is one caveat to this way of studying data: it only provides evidence on the
unconditional distribution. For instance, nothing rules out the possibility that we could
estimate a model for time-varying volatility (for instance, a GARCH model) of the returns
and thus generate a description for how the VaR changes over time. However, data with

time varying volatility will typically not have an unconditional normal distribution.

Daily returns Daily returns, zoomed in vertically
,, 3000 " 25
S = 20
< 6000 5
3 s 15
— —
k> 4000 2 19
g 2000 g 5
“ “ AR
0 0 Al |
=20 -10 0 10 =20 -10 0 10
Daily excess return, % Daily excess return, %

Daily returns, zoomed in horizontally

2000 ] Daily S&P 500 returns, 1957:1-2011:12
% The solid line is an estimated normal distribution
< 6000 L
"
o
5 4000
et
Z§ 2000 H H

0 I_I|_| =

-2 0 2
Daily excess return, %

Figure 3.2: Distribution of daily S&P returns
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QQ plot of daily S&P 500 returns

O  0.1st to 99.9th percentiles o

(e} S}
T T

Empirical quantiles
B

Daily S&P 500 returns, 1957:1-2011:12

6 4 ) 0 2 4 6
Quantiles from estimated N(u, o), %

Figure 3.3: Quantiles of daily S&P returns

3.1.3 Parametric Tests of Normal Distribution

The skewness, kurtosis and Bera-Jarque test for normality are useful diagnostic tools.

They are
Test statistic Distribution
T =1\ 3
skewness = £ >, (% G“)4 N (0,6/T) 3.3)
kurtosis = LT (22n) N (3,24/T)
Bera-Jarque = %skewness2 + % (kurtosis — 3)* x5

This is implemented by using the estimated mean and standard deviation. The distribu-
tions stated on the right hand side of (3.3) are under the null hypothesis that x, is iid
N (u, 02). The “excess kurtosis™ is defined as the kurtosis minus 3.

The intuition for the y3 distribution of the Bera-Jarque test is that both the skewness
and kurtosis are, if properly scaled, N(0, 1) variables. It can also be shown that they,

under the null hypothesis, are uncorrelated. The Bera-Jarque test statistic is therefore a
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Figure 3.4: Distribution of S&P returns (different horizons)

sum of the square of two uncorrelated N (0, 1) variables, which has a )(% distribution.
The Bera-Jarque test can also be implemented as a test of overidentifying restrictions

in GMM. The moment conditions

X — M
T
1 (x; — u)* —o?
gu,0%) = = , (3.4)
T ; (x; — )
(x; — )* = 30*

should all be zero if x; is N(u,0?). We can estimate the two parameters, i and o2, by
using the first two moment conditions only, and then test if all four moment conditions
are satisfied. It can be shown that this is the same as the Bera-Jarque test if x; is indeed
iid N(u,0?).
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Empirical distribution function and theoretical cdf
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Figure 3.5: Example of empirical distribution function

3.1.4 Nonparametric Tests of General Distributions

The Kolmogorov-Smirnov test is designed to test if an empirical distribution function,
EDF(x), conforms with a theoretical cdf, F (x). The empirical distribution function is

defined as the fraction of observations which are less or equal to x, that is,

T
1
EDF (x) = — > 8(x; < x). where (3.5)
t=1

1 if g is true
S(a) =
@) 0 else.

The EDF(x;) and F (x,) are often plotted against the sorted (in ascending order) sample

See Figure 3.5 for an illustration.

Example 3.3 (EDF) Suppose we have a sample with three data points: [x1, X3, X3] =
[5, 3.5, 4]. The empirical distribution function is then as in Figure 3.5.

Define the absolute value of the maximum distance

Dr = max |EDF (x;) — F (x;)]| . (3.6)
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Kolmogorov-Smirnov test

1k The K-S test statistic is a
v/T'x the length of the longest arrow - -
- -
0.8r -
) -~
0.6 i -
‘
7~
04 P
/)E O O data
02— — — cdf of N(4,1)
—— EDF
0
G G 1 o 1 J
3 3.5 4 4.5 5 5.5 6
T

Figure 3.6: K-S test

Example 3.4 (Kolmogorov-Smirnov test statistic) Figure 3.5 also shows the cumulative
distribution function (cdf) of a normally distributed variable. The test statistic (3.6) is then
the largest difference (in absolute terms) of the EDF and the cdf—among the observed

values of x;.

We reject the null hypothesis that EDF(x) = F (x) if /T D; > ¢, where ¢ is a critical
value which can be calculated from

o0
. _ i—1 —2i2%c?

lim Pr (ﬁDT < c) —1-2 21: (—1)i 7 o2, (3.7)

1=
It can be approximated by replacing oo with a large number (for instance, 100). For
instance, ¢ = 1.35 provides a 5% critical value. See Figure 3.7. There is a corresponding

test for comparing two empirical cdfs.

Pearson’s y? test does the same thing as the K-S test but for a discrete distribution.

Suppose you have K categories with N; values in category i. The theoretical distribution
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Figure 3.7: Distribution of the Kolmogorov-Smirnov test statistics, +/7 Dt

predicts that the fraction p; should be in category i, with Z;K=1 pi = 1. Then

K 2
Z (N; = Tpi) 2
i=1 Tpi o

There is a corresponding test for comparing two empirical distributions.

3.1.5 Fitting a Mixture Normal Distribution to Data

Reference: Hastie, Tibshirani, and Friedman (2001) 8.5

A normal distribution often fits returns poorly. If we need a distribution, then a mixture
of two normals is typically much better, and still fairly simple.

The pdf of this distribution is just a weighted average of two different (bell shaped)

pdfs of normal distributions (also called mixture components)

fxes o, o, 07,05, 1) = (1 — 0 (X415 1, 07) + 7P (X5 fha, 03), (3.9)

where ¢ (x; @, 07) is the pdf of a normal distribution with mean p; and variance 7. It
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Distribution of daily S&P500,1957:1-2011:12
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Figure 3.8: Histogram of returns and a fitted normal distribution

thus contains five parameters: the means and the variances of the two components and
their relative weight ().

See Figures 3.8-3.10 for an illustration.

Remark 3.5 (Estimation of the mixture normal pdf) With 2 mixture components, the log

likelihood is just .
LL=Y" _Inf(x:p1,pa.07.03,70),

where f() is the pdfin (3.9) A numerical optimization method could be used to maximize
this likelihood function. However, this is tricky so an alternative approach is often used.
This is an iterative approach in three steps:

(1) Guess values of i1, 42, 07,07 and . For instance, pick [t = X1, iy = Xp, 07 =
07 = Var(x;) and = = 0.5.

(2) Calculate

_ mp(Xi5 o, 03)
(1 = )P (xs: 1, 07) + wh(Xy5 fh2, 0F)

Vi fort =1,...,T.
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Distribution of daily S&P500, 1957:1-2011:12
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Figure 3.9: Histogram of returns and a fitted mixture normal distribution

(3) Calculate (in this order)

_ ZzT=1(1 — V)X o2 = Z,T=1(1 — Y (X, — Ml)2

Ml - T ’ 1 T
Zt:l(l_yt) Zl:](l _Vt)
T T
[y = Zt=1 Vi Xt 022 _ thl Ve (X — l/vz)z’ and

= T ’ T
Do Ve D= Ve

T = Zthl ve)T.

Iterate over (2) and (3) until the parameter values converge. (This is an example of the
EM algorithm.) Notice that the calculation of 67 uses i; from the same (not the previous)
iteration.

3.1.6 Kernel Density Estimation

Reference: Silverman (1986)

A histogram is just a count of the relative number of observations that fall in (pre-
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Figure 3.10: Quantiles of daily S&P returns

specified) non-overlapping intervals. If we also divide by the width of the interval, then
the area under the histogram is unity, so the scaled histogram can be interpreted as a den-
sity function. For instance, if the intervals (“bins”) are a wide, then the scaled histogram

at the point x (say, x = 2.3) can be defined as

T
1 1
g(x) = T ; ES(Xt is in bin; ), where (3.10)
1 if g is true
8(q) =
0 else.

Note that the area under g(x) indeed integrates to unity.

We can gain efficiency by using a more sophisticated estimator. In particular, using a
pdf instead of the binary function is often both convenient and more efficient.

To develop that method, we first show an alternative way of constructing a histogram.

First, let a bin be defined as symmetric interval around a point x: x — h/2 to x + h/2.
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(We can vary the value of x to define other bins.) Second, notice that the histogram value

at point x can be written
T
1 1
S _5<
glx) = — ;:1 7

In fact, that %8(|x, — x| < h/2) is the pdf value of a uniformly distributed variable
(over the interval x — h/2 to x 4+ h/2). This shows that our estimate of the pdf (here:

Xt — X

h

( < 1/2). 3.11)

the histogram) can be thought of as a average of hypothetical pdf values of the data in
the neighbourhood of x. However, we can gain efficiency and get a smoother (across x
values) estimate by using another density function that the uniform. In particular, using a
density function that tapers off continuously instead of suddenly dropping to zero (as the
uniform density does) improves the properties. In fact, the N(0, 4?) is often used. The

kernel density estimator of the pdf at some point x is then

fx)= %Z; h«/lﬂ exp [—% (x’;x)z]. (3.12)

Notice that the function in the summation is the density function of a N(x, h?) distribu-

tion.

The value h = 1.06 Std(xt)T_l/ > is sometimes recommended, since it can be shown
to be the optimal choice (in MSE sense) if data is normally distributed and the gaussian
kernel is used. The bandwidth / could also be chosen by a leave-one-out cross-validation
technique.

See Figure 3.12 for an example and Figure 3.13 for a QQ plot which is a good way to
visualize the difference between the empirical and a given theoretical distribution.

It can be shown that (with iid data and a Gaussian kernel) the asymptotic distribution
is

VTh[f(x)—E f(x)] =4 N [o, %f(x)] , (3.13)

The easiest way to handle a bounded support of x is to transform the variable into one
with an unbounded support, estimate the pdf for this variable, and then use the “change
of variable” technique to transform to the pdf of the original variable.

We can also estimate multivariate pdfs. Let x; be a d x 1 matrix and £2 be the estimated

covariance matrix of x;. We can then estimate the pdf at a point x by using a multivariate
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Figure 3.11: Calculation of the pdf at x = 4

Gaussian kernel as

A 1 T 1 1 p AL
S (x) = T Z,:l (27T)d/2|]—]2f2|1/2 cXp |:_§(xt —X) (HZQ) 1(xt - x):| . (3.14)

Notice that the function in the summation is the (multivariate) density function of a

N(x, H2$2) distribution. The value H = 1.067~1/{@+4 is sometimes recommended.

Remark 3.6 ((3.14) with d = 1) With just one variable, (3.14) becomes

~ 1 T 1 1 X;— X 2
fO =327 AN A [_5 (H Std(x,)) } ’

which is the same as (3.12) if h = H Std(x;).

3.1.7 ‘“Foundations of Technical Analysis...” by Lo, Mamaysky and Wang (2000)

Reference: Lo, Mamaysky, and Wang (2000)

Topic: is the distribution of the return different after a “signal” (TA). This paper uses
kernel regressions to identify and implement some technical trading rules, and then tests
if the distribution (of the return) after a signal is the same as the unconditional distribution
(using Pearson’s y? test and the Kolmogorov-Smirnov test). They reject that hypothesis
in many cases, using daily data (1962-1996) for around 50 (randomly selected) stocks.

See Figures 3.14-3.15 for an illustration.
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Figure 3.12: Federal funds rate

3.2 Estimating Risk-neutral Distributions from Options

Reference: Breeden and Litzenberger (1978); Cox and Ross (1976), Taylor (2005) 16,
Jackwerth (2000), So6derlind and Svensson (1997a) and Soderlind (2000)

3.2.1 The Breeden-Litzenberger Approach

A European call option price with strike price X has the price
C =EMmax (0,5 — X), (3.15)

where M is the nominal discount factor and S is the price of the underlying asset at the
expiration date of the option k periods from now.
We have seen that the price of a derivative is a discounted risk-neutral expectation of

the derivative payoff. For the option it is
C = BrE"max (0,5 — X), (3.16)

where E* is the risk-neutral expectation.
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Figure 3.13: Federal funds rate

Example 3.7 (Call prices, three states) Suppose that S only can take three values: 90,
100, and 110; and that the risk-neutral probabilities for these events are: 0.5, 0.4, and
0.1, respectively. We consider three European call option contracts with the strike prices
89, 99, and 109. From (3.16) their prices are (if B =1)

C (X = 89) = 0.5(90 — 89) + 0.4(100 — 89) + 0.1(110 — 89) = 7
C (X =99 =0.5x0+0.4(100 —99) + 0.1(110 — 99) = 1.5
C(X =109 =0.5x0+04x0+0.1(110 — 109) = 0.1.

Clearly, with information on the option prices, we could in this case back out what the

probabilities are.

(3.16) can also be written as

C = exp(—ik) /oo (S — X)h* (S)dS, (3.17)
X
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Inverted MA rule, S&P 500

1350 ¢ Qoo o @ Qooo0  GooD amo

MA(3) and MA(25), bandwidth 0.01
1300
1250 -
1200+ *°
1150
Jan

1999

Figure 3.14: Examples of trading rules

where i is the per period (annualized) interest rate so exp(—ik) = By and h* (S) is the
(univariate) risk-neutral probability density function of the underlying price (not its log).
Differentiating (3.17) with respect to the strike price and rearranging gives the risk-neutral

distribution function
dC (X)

0X
Proof. Differentiating the call price with respect to the strike price gives

Pr* (S < X) = 1 + exp(ik) (3.18)

aC : < . *
— = —exp(—ik) h*(S)dS = —exp(—ik)Pr™ (S > X).
0X X
UsePr* (S>X)=1-Pr*(S<X). m
Differentiating once more gives the risk-neutral probability density function of S at

S=X
92C(X)

Xz
Figure 3.16 shows some data and results for German bond options on one trading date.

pdf* (X) = exp(ik) (3.19)

(A change of variable approach is used to show the distribution of the log asset price.)
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Figure 3.15: Examples of trading rules

A difference quotient approximation of the derivative in (3.18)

ic 1 [C(X,-H)—c X0 C(Xi)—C(Xi_l)] 320

8X ~ 2 Xi+1 - Xi Xi _Xi—l

gives the approximate distribution function. The approximate probability density func-

tion, obtained by a second-order difference quotient

*C [C Xit) -C X)) CXi)—-C(Xiy)

1
axz Xio1— X, X — X, } / [5 (Xig1 — Xi—l)] (3.21)

is also shown. The approximate distribution function is decreasing in some intervals,
and the approximate density function has some negative values and is very jagged. This
could possibly be explained by some aberrations of the option prices, but more likely
by the approximation of the derivatives: changing approximation method (for instance,

from centred to forward difference quotient) can have a strong effect on the results, but
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Figure 3.16: Bund options 6 April 1994. Options expiring in June 1994.

all methods seem to generate strange results in some interval. This suggests that it might
be important to estimate an explicit distribution. That is, to impose enough restrictions on

the results to guarantee that they are well behaved.

3.2.2 Mixture of Normals

A flexible way of estimating an explicit distribution is to assume that the distribution of
the logs of M and S, conditional on the information today, is a mixture of n bivariate
normal distributions (see Soderlind and Svensson (1997b)). Let ¢(x; u, £2) denote a
normal multivariate density function over x with mean vector ; and covariance matrix
2. The weight of the j* normal distribution is &/, so the probability density function,
pdf, of In M and In S is assumed to be

In M no n M us O RN0)
df =) o) o TN IO I , 3.22
P ([ms D ; ¢<|:lnS } [u?) oy o 022

with Y7, &) = 1 and /) > 0. One interpretation of mixing normal distributions is
that they represent different macro economic ‘states’, where the weight is interpreted as

the probability of state ;.
Let @ (.) be the standardized (univariate) normal distribution function. If ,uf,{ ) = Wm

and 0,5{2, = Omm 1n (3.22), then the marginal distribution of the log SDF is gaussian
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Figure 3.17: Bund options 23 February and 3 March 1994. Options expiring in June 1994.

(while that of the underlying asset price is not). In this case the European call option price
(3.15) has a closed form solution in terms of the spot interest rate, strike price, and the

parameters of the bivariate distribution!

. G L ) D)
C = exp(—ik) E aP | exp (ng) + U’S{s) + Eas(s])) o | Hs + Oms + Ogs n
= 0
= oy

wd? + o) —Inx

_ X . (3.23)
o
'Without these restrictions, «) in (3.23) is replaced by a? = aWexp(m) +

o) 12)/ Yot exp(ul + af)/2). In this case, @), not &), will be estimated from option
data.
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(For a proof, see Soderlind and Svensson (1997b).) Notice that this is like using the
physical distribution, but with ng ) + o,(,,j;) instead of ,ugj ),

Notice also that this is a weighted average of the option price that would hold in each
state .

C=> a¥cY. (3.24)
j=1
(See Ritchey (1990) and Melick and Thomas (1997).)

A forward contract written in ¢ stipulates that, in period t, the holder of the contract
gets one asset and pays F. This can be thought of as an option with a zero strike price
and no discounting—and it is also the mean of the riskneutral distribution. The forward
price then follows directly from (3.23) as

L0 0 4 o) 4 O
F = ;a exp (MS + 0 + = ) : (3.25)

There are several reasons for assuming a mixture of normal distributions. First, non-
parametric methods often generate strange results, so we need to assume some parametric
distribution. Second, it gives closed form solutions for the option and forward prices,
which is very useful in the estimation of the parameters. Third, it gives the Black-Scholes
model as a special case whenn = 1.

To see the latter, let # = 1 and use the forward price from (3.25), F = exp (s + Oms + 0ss5/2),
in the option price (3.23) to get

InF/X + o05/2

USS

InF/X —o,/2

GSS

C =exp(—ik)F® ( ) —exp(—ik)X® ( ) , (3.26)

which is indeed Black’s formula.

We want to estimate the marginal distribution of the future asset price, S. From (3.22),
it is a mixture of univariate normal distributions with weights a), means /Lﬁj ), and vari-
ances as(f ). The basic approach is to back out these parameters from data on option and
forward prices by exploiting the pricing relations (3.23)—(3.25). For that we need data on

at least at many different strike prices as there are parameters to estimate.

Remark 3.8 Figures 3.16-3.17 show some data and results (assuming a mixture of two
normal distributions) for German bond options around the announcement of the very high

money growth rate on 2 March 1994..

54



02-Mar-2009 16-Mar-2009

6
o4
<
o
2
0 0
1.3 14 1.5 1.6 1.3 14 1.5 1.6
CHF/EUR CHF/EUR
16-Nov-2009 17-May-2010
8
15
_ 6
< 10 —a A
5 2
0 0
1.3 14 1.5 1.6 1.3 14 1.5 1.6
CHF/EUR CHF/EUR

Figure 3.18: Riskneutral distribution of the CHF/EUR exchange rate

Remark 3.9 Figures 3.18-3.20 show results for the CHF/EUR exchange rate around the

period of active (Swiss) central bank interventions on the currency market.

Remark 3.10 (Robust measures of the standard deviation and skewness) Let P, be the
ath quantile (for instance, quantile 0.1) of a distribution. A simple robust measure of the

standard deviation is just the difference between two symmetric quantile,
Std = Pi_o — Py,

where it is assumed that @ < 0.5. Sometimes this measure is scaled so it would give the
right answer for a normal distribution. For instance, with « = 0.1, the measure would be
divided by 2.56 and for a = 0.25 by 1.35.
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Figure 3.19: Riskneutral distribution of the CHF/EUR exchange rate

One of the classical robust skewness measures was suggested by Hinkley

_ (Pl—a_PO.S)_(PO.S_Pa).

Skew
Pl—a - Pa

This skewness measure can only take on values between —1 (when Pi_o = Pys) and
1 (when P, = Pys). When the median is just between the two percentiles (Pys =
(Pi—q + Py)/2), then it is zero.

3.3 Threshold Exceedance and Tail Distribution®

Reference: McNeil, Frey, and Embrechts (2005) 7
In risk control, the focus is the distribution of losses beyond some threshold level.

This has three direct implications. First, the object under study is the loss

X =—R, (3.27)
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Figure 3.20: Riskneutral distribution of the CHF/EUR exchange rate

that is, the negative of the return. Second, the attention is on how the distribution looks
like beyond a threshold and also on the the probability of exceeding this threshold. In con-
trast, the exact shape of the distribution below that point is typically disregarded. Third,
modelling the tail of the distribution is best done by using a distribution that allows for a
much heavier tail that suggested by a normal distribution. The generalized Pareto (GP)

distribution is often used. See Figure 3.21 for an illustration.

Remark 3.11 (Cdf and pdf of the generalized Pareto distribution) The generalized Pareto
distribution is described by a scale parameter (f > 0) and a shape parameter (§). The

cdf (Pr(Z < z), where Z is the random variable and z is a value) is

1—(1+&z/B)"8 ifg#0

Y=V i _epez/p) E=o
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Figure 3.21: Loss distribution

for0 <z if§ >0andz < —B/& incase & < 0. The pdf is therefore
g (L+Ez/B)7 ifg#0
Lexp(—z/f) =0,

The mean is defined (finite) if ¢ < 1 and is then E(z) = B/(1—§). Similarly, the variance
is finite if ¢ < 1/2 and is then Var(z) = B2/[(1 — £)?(1 — 2§)]. See Figure 3.22 for an

illustration.

g(z) =

Remark 3.12 (Random number from a generalized Pareto distribution™) By inverting
the Cdf, we can notice that if u is uniformly distributed on (0, 1], then we can construct

random variables with a GPD by

z=fl0-wF—1] ifE#0
z=—In(l —u)p £ =0.

Consider the loss X (the negative of the return) and let u be a threshold. Assume
that the threshold exceedance (X — u) has a generalized Pareto distribution. Let P, be
probability of X < u. Then, the cdf of the loss for values greater than the threshold

(Pr(X < x) for x > u) can be written
Fx)=P,+G(x—u)(1 - P,), forx > u, (3.28)
where G (z) is the cdf of the generalized Pareto distribution. Noticed that, the cdf value is

P, at at x = u (or just slightly above u), and that it becomes one as x goes to infinity.
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Pdf of generalized Pareto distribution (5 = 0.15)

0 0.1 0.2 0.3 0.4 0.5
Outcome of random variable

Figure 3.22: Generalized Pareto distributions

Clearly, the pdf is
f(x)=gx—u)(1 - P,)), for x > u, (3.29)

where g(z) is the pdf of the generalized Pareto distribution. Notice that integrating the
pdf from x = u to infinity shows that the probability mass of X above u is 1 — P,. Since
the probability mass below u is Py, it adds up to unity (as it should). See Figure 3.24 for
an illustration.
It is often to calculate the fail probability Pr(X > x), which in the case of the cdf in
(3.28) is
1-F(x)=({1-P)[l —G(x —u)], (3.30)

where G(z) is the cdf of the generalized Pareto distribution.
The VaR, (say, @ = 0.95) is the a-th quantile of the loss distribution

VaR, = cdfy!(a), (3.31)

where cdfy'() is the inverse cumulative distribution function of the losses, so cdfy ' («)
is the o quantile of the loss distribution. For instance, VaRgs¢, is the 0.95 quantile of the

loss distribution. This clearly means that the probability of the loss to be less than VaR,
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Loss distributions for loss > 12, Pr(loss > 12) = 10%

Ir N(0.08,0.16%)
— — - generalized Pareto (£ =0.22,5=10.16)
0.8t
VaR(95%) ES(95%)
0.6 -~
AN Normal dist 18.2 25.3
N
is 24.5 484
04k N GP dist
02r
O 1
15

Loss, %

Figure 3.23: Comparison of a normal and a generalized Pareto distribution for the tail of
losses

equals o
Pr(X < VaR,) = «. (3.32)

(Equivalently, the Pr(X >VaRy) =1 —«.)
Assuming « is higher than P, (so VaR, > u), the cdf (3.28) together with the form

of the generalized Pareto distribution give
pl(a=e )\ ] i
ut2|(155) 1| ifg#0
u—ﬁln(ll__l‘j‘u) £E=0

Proof. (of (3.33)) Set F(x) = « in (3.28) and use z = x — u in the cdf from Remark
3.11 and solve for x. m

VaR, = ,foraa > P,. (3.33)

If we assume £ < 1 (to make sure that the mean is finite), then straightforward inte-

gration using (3.29) shows that the expected shortfall is

ES, = E(X|X > VaRy)

VaR, f—
_ 1a g+ﬂ1 iu,foroz>Pu and £ < 1. (3.34)
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Let v =VaR,, and then subtract v from both sides of the expected shortfall to get the

expected exceedance of the loss over another threshold v > u

e(v) =E(X — v|X > v)
= 1€—UE + 'Bl__iu, forv>uand§ < 1. (3.35)

The expected exceedance of a generalized Pareto distribution (with £ > 0) is increasing

with the threshold level v. This indicates that the tail of the distribution is very long. In
contrast, a normal distribution would typically show a negative relation (see Figure 3.24
for an illustration). This provides a way of assessing which distribution that best fits the

tail of the historical histogram.

Remark 3.13 (Expected exceedance from a normal distribution) If X ~ N(j, 0?), then

¢ (vo)

EX— X> = —v,
( V| v) 'u+01—<1§(v0) v

with vy = (v — ) /o
where ¢() and @ are the pdf and cdf of a N(0, 1) variable respectively.

The expected exceedance over v is often compared with an empirical estimate of the

same thing: the mean of X; — v for those observations where X; > v

ST (X —v)8(X, > v)
Y (X > )
1 if g is true

e(v) =

, Where (3.36)

5(9) = 0 else.
If it is found that é(v) is increasing (more or less) linearly with the threshold level (v),
then it is reasonable to model the tail of the distribution from that point as a generalized
Pareto distribution.
The estimation of the parameters of the distribution (¢ and f) is typically done by
maximum likelihood. Alternatively, A comparison of the empirical exceedance (3.36)
with the theoretical (3.35) can help. Suppose we calculate the empirical exceedance for

different values of the threshold level (denoted v;—all large enough so the relation looks
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linear), then we can estimate (by LS)
e(vj) =a+bu; +¢. (3.37)

Then, the theoretical exceedance (3.35) for a given starting point of the GPD u is related

to this regression according to

a= ﬂl_—i?u and b = 1E%_,or
b
£ = 1+bandﬁ=a(l—§)+§u. (3.38)

See Figure 3.25 for an illustration.

Expected exeedance (loss minus threshold, v)
30

25 -

20—

N(0.08,0.16%)

I5r — — - generalized Pareto (£ =0.22,3=10.16,u = 12)

10

O 1 1 1 1 1 J
15 20 25 30 35 40

Threshold v, %

Figure 3.24: Expected exceedance, normal and generalized Pareto distribution

Remark 3.14 (Log likelihood function of the loss distribution) Since we have assumed
that the threshold exceedance (X —u) has a generalized Pareto distribution, Remark 3.11
shows that the log likelihood for the observation of the loss above the threshold (X; > u)
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is

L=ZL,

tst. X¢e>u

InL, = —InB—-—0/8+1DIn[l +&(X;,—u)/B] ifEF#O
t —lnﬂ—(Xz—u)/,B g::O

This allows us to estimate & and B by maximum likelihood. Typically, u is not estimated,

but imposed a priori (based on the expected exceedance).

Expected exceedance Estimated loss distribution (pdf)
>
=] (50th to 99th percentiles) 0.1 u=1.3,Pr(loss > u) = 6.8%
2 125y —13,6=028,8=053 ' € =023, =059
g
= 1
e}
3 0.05
208
g
z 0.6
Q 0
=0 1 2 15 2 25 3 35 4
Threshold v, % Loss, %

QQ plot

(94¢h to 99th percentiles) Daily S&P 500 returns, 1957:1-2011:12

25

Empirical quantiles

1.5 2 2.5
Quantiles from estimated GPD, %

Figure 3.25: Results from S&P 500 data

Example 3.15 (Estimation of the generalized Pareto distribution on S&P daily returns).
Figure 3.25 (upper left panel) shows that it may be reasonable to fit a GP distribution
with a threshold w = 1.3. The upper right panel illustrates the estimated distribution,
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while the lower left panel shows that the highest quantiles are well captured by estimated

distribution.

3.4 Exceedance Correlations*

Reference: Ang and Chen (2002)

It is often argued that most assets are more strongly correlated in down markets than
in up markets. If so, diversification may not be such a powerful tool as what we would
otherwise believe.

A straightforward way of examining this is to calculate the correlation of two returns(x
and y, say) for specific intervals. For instance, we could specify that x; should be between

hy and h, and y, between k; and k,
Corr(x;, ye|lhy < x¢ < ha, k1 < y: < ky). (3.39)

For instance, by setting the lower boundaries (#; and k) to —oo and the upper boundaries
(h, and k;) to 0, we get the correlation in down markets.

A (bivariate) normal distribution has very little probability mass at low returns, which
leads to the correlation being squeezed towards zero as we only consider data far out in
the tail. In short, the tail correlation of a normal distribution is always closer to zero than
the correlation for all data points. This is illustrated in Figure 3.26.

In contrast, Figures 3.27-3.28 suggest (for two US portfolios) that the correlation in
the lower tail is almost as high as for all the data and considerably higher than for the
upper tail. This suggests that the relation between the two returns in the tails is not well
described by a normal distribution. In particular, we need to use a distribution that allows
for much stronger dependence in the lower tail. Otherwise, the diversification benefits (in

down markets) are likely to be exaggerated.

3.5 Beyond (Linear) Correlations*

Reference: Alexander (2008) 6, McNeil, Frey, and Embrechts (2005)
The standard correlation (also called Pearson’s correlation) measures the linear rela-
tion between two variables, that is, to what extent one variable can be explained by a

linear function of the other variable (and a constant). That is adequate for most issues
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Correlation in lower tail, bivariate N(0,1) distribution

0 0.1 0.2 0.3 0.4 0.5
Upper boundary (prob of lower value)

Figure 3.26: Correlation in lower tail when data is drawn from a normal distribution with
correlation p

in finance, but we sometimes need to go beyond the correlation—to capture non-linear
relations. It also turns out to be easier to calibrate/estimate copulas (see below) by using
other measures of dependency.

Spearman’s rank correlation (called Spearman’s rho) of two variables measures to
what degree their relation is monotonic: it is the correlation of their respective ranks. It
measures if one variable tends to be high when the other also is—without imposing the
restriction that this relation must be linear.

It is computed in two steps. First, the data is ranked from the smallest (rank 1) to
the largest (ranked 7', where T is the sample size). Ties (when two or more observations
have the same values) are handled by averaging the ranks. The following illustrates this

for two variables
x; rank(x,) y, rank(y,)

2 2.5 7 2

10 4 3 (3.40)
-3 1 2 1
2 2.5 10 4
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Extreme returns of two portfolios

Daily US data 1979:1-2011:12 °
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Lines mark 5th and 95th percentiles o
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Figure 3.27: Correlation of two portfolios

In the second step, simply estimate the correlation of the ranks of two variables
Spearman’s p = Corr[rank(x,), rank(y,)]. (3.41)

Clearly, this correlation is between —1 and 1. (There is an alternative way of calculating
the rank correlation based on the difference of the ranks, d; =rank(x;)—rank(y;), p =
1—6XL,d?/(T®— T). 1t gives the same result if there are no tied ranks.) See Figure
3.29 for an illustration.

The rank correlation can be tested by using the fact that under the null hypothesis the

rank correlation is zero. We then get

T —1p > N(0,1). (3.42)
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Lower tail correlation Upper tail correlation
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Figure 3.28: Correlation in the tails for two portfolios

(For samples of 20 to 40 observations, it is often recommended to use /(7 — 2)/(1 — p2)p

which has an t7_, distribution.)

Remark 3.16 (Spearman’s p for a distribution®) If we have specified the joint distribu-
tion of the random variables X and Y, then we can also calculate the implied Spearman’s
p (sometimes only numerically) as Corr[Fx (X), Fy (Y)] where Fx (X) is the cdf of X and
Fy(Y)ofY.

Kendall’s rank correlation (called Kendall’s 7) is similar, but is based on compar-
ing changes of x; (compared to xi,...x;—1) with the corresponding changes of y,. For

instance, with three data points ((x1, ¥1), (X2, ¥2), (x3, y3)) we first calculate

Changes of x Changes of y
X2 — X1 Y2 =N
X3 — X1 V3 =N

X3 — X2 Y3 — Y2,

(3.43)

which gives T(T — 1)/2 (here 3) pairs. Then, we investigate if the pairs are concordant

(same sign of the change of x and y) or discordant (different signs) pairs

ij is concordant if (x; — x;)(y; — y;) > 0 (3.44)
ij is discordant if (x; — x;)(y; — yi) <O.

Finally, we count the number of concordant (7) and discordant (7;) pairs and calculate
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Figure 3.29: Illustration of correlation and rank correlation

Kendall’s tau as
T, — Ty,
Kendall'st = ——. (3.45)
T(T—-1)/2
It can be shown that

(3.46)

4T 4+ 10
Kendall’'st —¢ N (0 + )

"9T(T — 1)

so it is straightforward to test T by a t-test.

Example 3.17 (Kendall’s tau) Suppose the data is

Xy
2 7
10 9
-3 10.
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We then get the following changes

Changes of x Changes of y
Xp—x1=10—2=28 Vo—y1 =9—7=2 concordant
X3—x1=-3-2=-5  y3—y; =10—7 =3 discordant
X3—Xx,=—-3—-10=—-13 y;—y, =10—-9 =1, discordant.

Kendall’s tau is therefore
1-2 1

"T33-n)2 3
If x and y actually has bivariate normal distribution with correlation p, then it can be

shown that on average we have

6 .
Spearman’s tho = — arcsin(p/2) ~ p (3.47)
T
2
Kendall’s tau = — arcsin(p). (3.48)
v/

In this case, all three measures give similar messages (although the Kendall’s tau tends to
be lower than the linear correlation and Spearman’s rho). This is illustrated in Figure 3.30.
Clearly, when data is not normally distributed, then these measures can give distinctly
different answers.

A joint a-quantile exceedance probability measures how often two random variables
(x and y, say) are both above their o quantile. Similarly, we can also define the probability

that they are both below their « quantile

Gy = Pr(x = %-x,a, y = Ey,a), (3.49)

&y and &, , are a-quantile of the x- and y-distribution respectively.

In practice, this can be estimated from data by first finding the empirical «-quantiles
(éx,a and §y,o,) by simply sorting the data and then picking out the value of observation
aT of this sorted list (do this individually for x and y). Then, calculate the estimate

A 1 T
Go =), b where (3.50)

1if x; < rqand y; < &4

0 otherwise.

8[:
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p and T as a function of the linear correlation (Gaussian distribution)

Lr ;
Spearman’s p !
"""" Kendall’s 7
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Correlation

Figure 3.30: Spearman’s rho and Kendall’s tau if data has a bivariate normal distribution

See Figure 3.31 for an illustration based on a joint normal distribution.

Pr(z < quantile, y < quantile), Gauss Pr(z < quantile, y < quantile), Gauss

100 10

%
W

0 50 100 0 5 10
Quantile level, % Quatile level, %

Figure 3.31: Probability of joint low returns, bivariate normal distribution

3.6 Copulas™

Reference: McNeil, Frey, and Embrechts (2005), Alexander (2008) 6, Jondeau, Poon, and
Rockinger (2007) 6
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Portfolio choice and risk analysis depend crucially on the joint distribution of asset
returns. Empirical evidence suggest that many returns have non-normal distribution, es-
pecially when we focus on the tails. There are several ways of estimating complicated
(non-normal) distributions: using copulas is one. This approach has the advantage that
it proceeds in two steps: first we estimate the marginal distribution of each returns sepa-

rately, then we model the comovements by a copula.

3.6.1 Multivariate Distributions and Copulas

Any pdf can also be written as

fl’z(xl, )Cz) = C(Ml, Mz)fl(xl)fz(XQ), with (351)
u; = Fi(x;),
where c() is a copula density function and u; = F;(x;) is the cdf value as in (3.1). The

extension to three or more random variables is straightforward.

Equation (3.51) means that if we know the joint pdf f; »(x1, x,)—and thus also the
cdfs Fj(x1) and F,(x,)—then we can figure out what the copula density function must
be. Alternatively, if we know the pdfs f1(x;) and f>(x,)—and thus also the cdfs F;(x1)
and F,(x,)—and the copula function, then we can construct the joint distribution. (This
is called Sklar’s theorem.) This latter approach will turn out to be useful.

The correlation of x; and x, depends on both the copula and the marginal distribu-
tions. In contrast, both Spearman’s rho and Kendall’s tau are determined by the copula
only. They therefore provide a way of calibrating/estimating the copula without having to

involve the marginal distributions directly.

Example 3.18 (Independent X and Y ) If X and Y are independent, then we know that
Si1.2(x1,x2) = fi1(x1) f2(x2), so the copula density function is just a constant equal to

one.
Remark 3.19 (Joint cdf) A joint cdf of two random variables (X, and X,) is defined as

F1’2(X1,X2) = PI'(Xl < X1 and X2 < Xz).
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This cdf is obtained by integrating the joint pdf f1(x1, x2) over both variables

X1 X2
Fia(x1,x2) = / / Sfi2(s,t)dsdt.
s=—o00 Jt=—00

(Conversely, the pdf is the mixed derivative of the cdf, f1(x1,X2) = 0*F12(x1, X2)/0x10x5.)
See Figure 3.32 for an illustration.

Remark 3.20 (From joint to univariate pdf) The pdf of x| (also called the marginal pdf
of x1) can be calculate from the joint pdf as f1(x1) = fxo;=—oo J1.2(x1,x2)d x5

pdf of bivariate N() distribution, corr = 0.8  cdf of bivariate N() distribution, corr = 0.8

Yy
L7 7AALT
e i e
e

AALLT
L77
77

TS
0 LN 0
2 IS 0 3
0 —
X X
(] -2 2 y -2 2

Figure 3.32: Bivariate normal distributions

Remark 3.21 (Joint pdf and copula density, n variables) For n variables (3.51) general-

izes to

S12,0 (X1, X2, 00 X)) = Uy, Uz, .o Up) f1(X1) fa(X2) - fu(Xn), with
u; = Fi(x;),

Remark 3.22 (Cdfs and copulas*) The joint cdf can be written as
Fi(x1,x2) = C[Fi(x1), F2(x2)],

where C() is the unique copula function. Taking derivatives gives (3.51) where

82C(“l, Us)

C(ul’u2) - 8u18u2

Notice the derivatives are with respect to u; = F;(x;), not x;. Conversely, integrating the

density over both u, and u, gives the copula function C ().
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3.6.2 The Gaussian and Other Copula Densities

The Gaussian copula density function is

1 262 ) 262
c(uy,up) = \/1—_76Xp (_p 3 2({)%%2;_ P é2) , with (3.52)
& =0 (uy),

where @ ~1() is the inverse of an N (0, 1) distribution. Notice that when using this function
in (3.51) to construct the joint pdf, we have to first calculate the cdf values u; = F;(x;)
from the univariate distribution of x; (which may be non-normal) and then calculate
the quantiles of those according to a standard normal distribution & = ®~!'(u;) =
O[F; (x)].

It can be shown that assuming that the marginal pdfs ( f;(x;) and f>(x,)) are normal
and then combining with the Gaussian copula density recovers a bivariate normal dis-
tribution. However, the way we typically use copulas is to assume (and estimate) some
other type of univariate distribution, for instance, with fat tails—and then combine with a
(Gaussian) copula density to create the joint distribution. See Figure 3.33 for an illustra-
tion.

A zero correlation (p = 0) makes the copula density (3.52) equal to unity—so the
joint density is just the product of the marginal densities. A positive correlation makes the
copula density high when both x; and x, deviate from their means in the same direction.

The easiest way to calibrate a Gaussian copula is therefore to set
p = Spearman’s rho, (3.53)

as suggested by (3.47).

Alternatively, the p parameter can calibrated to give a joint probability of both x;
and x, being lower than some quantile as to match data: see (3.50). The values of this
probability (according to a copula) is easily calculated by finding the copula function
(essentially the cdf) corresponding to a copula density. Some results are given in remarks
below. See Figure 3.31 for results from a Gaussian copula. This figure shows that a
higher correlation implies a larger probability that both variables are very low—but that
the probabilities quickly become very small as we move towards lower quantiles (lower

returns).
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Remark 3.23 (The Gaussian copula function*) The distribution function corresponding
to the Gaussian copula density (3.52) is obtained by integrating over both u, and u, and
the value is C(uy,uz; p) = D,(&1.&2) where &; is defined in (3.52) and @, is the bivariate

0 1
normal cdf for N ol P . Most statistical software contains numerical returns

for calculating this cdf.

Remark 3.24 (Multivariate Gaussian copula density*) The Gaussian copula density for

n variables is

LN L =
et = e | 6 (B 1|

where R is the correlation matrix with determinant |R| and & is a column vector with

& = @ Y(u;) as the ith element.

The Gaussian copula is useful, but it has the drawback that it is symmetric—so the
downside and the upside look the same. This is at odds with evidence from many financial
markets that show higher correlations across assets in down markets. The Clayton copula

density is therefore an interesting alternative
clur,uz) = (=1 +uy® +uz*) 27V uiun) 7 (1 + @), (3.54)

where o # 0. When « > 0, then correlation on the downside is much higher than on the
upside (where it goes to zero as we move further out the tail).
See Figure 3.33 for an illustration.

For the Clayton copula we have

Kendall’s T = L, SO (3.55)
o+2
2
«=-— (3.56)
1—1

The easiest way to calibrate a Clayton copula is therefore to set the parameter o according
to (3.56).

Figure 3.34 illustrates how the probability of both variables to be below their respec-
tive quantiles depend on the o parameter. These parameters are comparable to the those
for the correlations in Figure 3.31 for the Gaussian copula, see (3.47)—(3.48). The figure

are therefore comparable—and the main point is that Clayton’s copula gives probabilities
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of joint low values (both variables being low) that do not decay as quickly as according to
the Gaussian copulas. Intuitively, this means that the Clayton copula exhibits much higher
“correlations” in the lower tail than the Gaussian copula does—although they imply the
same overall correlation. That is, according to the Clayton copula more of the overall
correlation of data is driven by synchronized movements in the left tail. This could be

interpreted as if the correlation is higher in market crashes than during normal times.

Remark 3.25 (Multivariate Clayton copula density*) The Clayton copula density for n

variables is

c(u) = (1 —n+ Z?:l“i_a)_n_l/a (H?:lui)_a_l (H?:l[l + (- 1)“]) .

Remark 3.26 (Clayton copula function®) The copula function (the cdf) corresponding to
(3.54) is
Cur,uz) = (=1 +uy® +uz*) Ve

The following steps summarize how the copula is used to construct the multivariate

distribution.

1. Construct the marginal pdfs f;(x;) and thus also the marginal cdfs F;(x;). For in-
stance, this could be done by fitting a distribution with a fat tail. With this, calculate
the cdf values for the data u; = F;(x;) as in (3.1).

2. Calculate the copula density as follows (for the Gaussian or Clayton copulas, re-

spectively):

(a) for the Gaussian copula (3.52)
1. assume (or estimate/calibrate) a correlation p to use in the Gaussian cop-
ula
ii. calculate § = @' (u;), where @1() is the inverse of a N(0, 1) distribu-
tion
iii. combine to get the copula density value c(u1, u5)

(b) for the Clayton copula (3.54)

1. assume (or estimate/calibrate) an « to use in the Clayton copula (typically
based on Kendall’s 7 as in (3.56))
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Gaussian copula density, corr = -0.5 Gaussian copula density, corr = 0

Gaussian copula density, corr = 0.5 Clayton copula density, « = 0.5(7 = 0.2)

Figure 3.33: Copula densities (as functions of x;)

ii. calculate the copula density value c(u1, u5)

3. Combine the marginal pdfs and the copula density as in (3.51), fi2(x1,Xx2) =
c(uy,uz) f1(x1) f2(x2), where u; = F;(x;) is the cdf value according to the marginal

distribution of variable i .
See Figures 3.35-3.36 for illustrations.

Remark 3.27 (Tail Dependence*) The measure of lower tail dependence starts by finding
the probability that X, is lower than its qth quantile (X; < F{'(q)) given that X, is
lower than its qth quantile (X, < F; '(q))

A =Pr[X) < F7 ()| X2 < FyH(g)],
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Figure 3.34: Probability of joint low returns, Clayton copula

and then takes the limit as the quantile goes to zero
A = limgo Pr{X, < F (@)1 X2 < Fy ' (9)]-

It can be shown that a Gaussian copula gives zero or very weak tail dependence,
unless the correlation is 1. It can also be shown that the lower tail dependence of the

Clayton copula is
A =27 ifa >0

and zero otherwise.

3.7 Joint Tail Distribution™

The methods for estimating the (marginal, that is, for one variable at a time) distribution
of the lower tail can be combined with a copula to model the joint tail distribution. In
particular, combining the generalized Pareto distribution (GPD) with the Clayton copula
provides a flexible way.

This can be done by first modelling the loss (X; = —R;) beyond some threshold (u),
that is, the variable X; —u with the GDP. To get a distribution of the return, we simply use
the fact that pdf z(—z) = pdfy (z) for any value z. Then, in a second step we calibrate the
copula by using Kendall’s t for the subsample when both returns are less than u. Figures

3.37-3.39 provide an illustration.

Remark 3.28 Figure 3.37 suggests that the joint occurrence (of these two assets) of re-
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Figure 3.35: Contours of bivariate pdfs

ally negative returns happens more often than the estimated normal distribution would
suggest. For that reason, the joint distribution is estimated by first fitting generalized
Fareto distributions to each of the series and then these are combined with a copula as in
(3.39) to generate the joint distribution. In particular, the Clayton copula seems to give a

long joint negative tail.

To find the implication for a portfolio of several assets with a given joint tail distribu-
tion, we often resort to simulations. That is, we draw random numbers (returns for each
of the assets) from the joint tail distribution and then study the properties of the portfolio
(with say, equal weights or whatever). The reason we simulate is that it is very hard to
actually calculate the distribution of the portfolio by using mathematics, so we have to
rely on raw number crunching.

The approach proceeds in two steps. First, draw n values for the copula (u;,i =

1,...,n). Second, calculate the random number (“return”) by inverting the cdf u; =
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Figure 3.36: Contours of bivariate pdfs

F;(x;)in (3.51) as
xi = F up), (3.57)

where F;!() is the inverse of the cdf.
Remark 3.29 (7o draw n random numbers from a Gaussian copula) First, draw n num-

bers from an N(0, R) distribution, where R is the correlations matrix. Second, calculate

u; = @(x;), where @ is the cdf of a standard normal distribution.

Remark 3.30 (7o draw n random numbers from a Clayton copula) First, draw x; for
i = 1,...,n from a uniform distribution (between 0 and 1). Second, draw v from a
gamma(1/a, 1) distribution. Third, calculate u; = [1 —In(x;)/v]"V* fori = 1,...,n.

These u; values are the marginal cdf values.

Remark 3.31 (Inverting a normal and a generalised Pareto cdf) Must numerical soft-

ware packages contain a routine for investing a normal cdf. My lecture notes on the
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Figure 3.37: Probability of joint low returns

Generalised Pareto distribution shows how to invert that distribution.

Such simulations can be used to quickly calculate the VaR and other risk measures
for different portfolios. A Clayton copula with a high o parameter (and hence a high
Kendall’s 7) has long lower tail with highly correlated returns: when asset takes a dive,
other assets are also likely to decrease. That is, the correlation in the lower tail of the
return distribution is high, which will make the VaR high.

Figures 3.40-3.41 give an illustration of how the movements in the lower get more

synchronised as the o parameter in the Clayton copula increases.
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4 Predicting Asset Returns

Sections denoted by a star (*) is not required reading.
Reference: Cochrane (2005) 20.1; Campbell, Lo, and MacKinlay (1997) 2 and 7;
Taylor (2005) 5-7

4.1 A Little Financial Theory and Predictability

The traditional interpretation of autocorrelation in asset returns is that there are some
“irrational traders.” For instance, feedback trading would create positive short term au-
tocorrelation in returns. If there are non-trivial market imperfections, then predictability
can be used to generate economic profits. If there are no important market imperfections,
then predictability of excess returns should be thought of as predictable movements in
risk premia.

To see illustrate the latter, let Ry, | be the excess return on an asset. The canonical

asset pricing equation then says
E;m;1R;,, =0, 4.1
where m; 4 is the stochastic discount factor.

Remark 4.1 (A consumption-based model) Suppose we want to maximize the expected
discounted sum of utility E; X2, Bu(cs+s). Let Q; be the consumer price index in t.

Then, we have

w(cre1 . .
B —(, r+1) 2 if returns are nominal
My = w(ct) Qi+
w (crg1

e if returns are real.

We can rewrite (4.1) (using Cov(x,y) = Exy —ExEy)as

E; R{y = —Covi(migr, Ri, 1)/ Bemiq. 4.2)

This says that the expected excess return will vary if risk (the covariance) does. If there is

some sort of reasonable relation between beliefs and the properties of actual returns (not
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necessarily full rationality), then we should not be too surprised to find predictability.

Example 4.2 (Epstein-Zin utility function) Epstein and Zin (1991) define a certainty
equivalent of future utility as Z, = [E,(UtlJ:ly Y=Y sphere y is the risk aversion—and
then use a CES aggregator function to govern the intertemporal trade-off between current
consumption and the certainty equivalent: U; = [(1 — S)Ctl_l/w + SZ;_I/W]l/(l_l/"’)
where \ is the elasticity of intertemporal substitution. If returns are iid (so the consumption-
wealth ratio is constant), then it can be shown that this utility function has the same

pricing implications as the CRRA utility, that is,
E[(C;/C;—1)"7 R;] = constant.
(See Soderlind (2006) for a simple proof.)

Example 4.3 (Portfolio choice with predictable returns) Campbell and Viceira (1999)

specify a model where the log return of the only risky asset follows the time series process
Tepl =TF + Xp + Upya,

where ry is a constant riskfree rate, u; 4 is unpredictable, and the state variable follows

(constant suppressed)

Xi+1 = GX + Net1,

where 1;41 is also unpredictable. Clearly, E;(r;11 —r7) = x;. Covy(Us41,0i41) can
be non-zero. For instance, with Covy;(Us+1,0:+1) < 0, a high return (u;4q > 0) is
typically associated with an expected low future return (x;41 is low since 1,41 < 0) With
Epstein-Zin preferences, the portfolio weight on the risky asset is (approximately) of the
form

Vy = do + a1 Xy,

where ay and a, are complicated expression (in terms of the model parameters—can be
calculated numerically). There are several interesting results. First, if returns are not
predictable (x; is constant since 1,41 is), then the portfolio choice is constant. Second,
when returns are predictable, but the relative risk aversion is unity (no intertemporal
hedging), then v; = 1/(2y) + x;/[y Var;(u;41)]. Third, with a higher risk aversion and
Cov;(Us41,Nr+1) < O, there is a positive hedging demand for the risky asset: it pays off

(today) when the future investment opportunities are poor.
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Example 4.4 (Habit persistence) The habit persistence model of Campbell and Cochrane
(1999) has a CRRA utility function, but the argument is the difference between consump-
tion and a habit level, C; — X,, instead of just consumption. The habit is parameterized
in terms of the “surplus ratio” S; = (C; — X;)/ Cy. The log surplus ratio.(s; )is assumed
to be a non-linear AR(1)

St = PSsi—1 + A(s;—1)Ac.

It can be shown (see Soderlind (2006)) that if A(s;—1) is a constant A and the excess return
is unpredictable (by s;) then the habit persistence model is virtually the same as the CRRA
model, but with y(1 + A) as the “effective” risk aversion.

Example 4.5 (Reaction to news and the autocorrelation of returns) Let the log asset
price, p;, be the sum of a random walk and a temporary component (with perfectly cor-

related innovations, to make things simple)

p: = Uy + Oe;, where uy = u;—q + &

=u; + (14 0)e;.
Letry = p; — pi—1 be the log return. It is straightforward to calculate that
Cov(riy1,1r:) = —6(1 + 0) Var(s,),

so 0 < 6 < 1 (initial overreaction of the price) gives a negative autocorrelation. See

Figure 4.1 for the impulse responses with respect to a piece of news, &;.

4.2 Autocorrelations

Reference: Campbell, Lo, and MacKinlay (1997) 2
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Figure 4.1: Impulse reponses when price is random walk plus temporary component

4.2.1 Autocorrelation Coefficients and the Box-Pierce Test

The autocovariances of the r; process can be estimated as

T
. 1 _ _
2D BNCEDICREE (4.3)
t=1+s
1 T
with 7 = — > o (4.4)
t=1

(We typically divide by 7" even though there are only 7" — s observations to estimate y;

from.) Autocorrelations are then estimated as

lss = );s/)//\0~ (45)

The sampling properties of p; are complicated, but there are several useful large sam-
ple 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, see Priestley (1981) 5.3 or Brockwell and Davis (1991) 7.2-7.3). When the true
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autocorrelations are all zero (not py, of course), then for any i and j different from zero

ale] ([} )

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

and several autocorrelations at once (x? test).

Example 4.6 (t-test) We want to test the hypothesis that p; = 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 |p1| > 1.65. With T = 100, we
therefore need |py| > 1.65/+/100 = 0.165 for rejection, and with T = 1000 we need
1] > 1.65/+/1000 ~ 0.053.

The Box-Pierce test follows directly from the result in (4.6), since it shows that /T p;
and /T p; are iid N(0,1) variables. Therefore, the sum of the square of them is distributed

as an y2 variable. The test statistic typically used is

L
0L=T>» p—xi. (4.7)

s=1
Example 4.7 (Box-Pierce) Let p, = 0.165, and T = 100, so Q1 = 100 x 0.165% =
2.72. The 10% critical value of the 3 distribution is 2.71, so the null hypothesis of no

autocorrelation is rejected.

The choice of lag order in (4.7), 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 statistic is not affected much by increasing L, but the critical values
increase).

The main problem with these tests is that the assumptions behind the results in (4.6)
may not be reasonable. For instance, data may be heteroskedastic. One way of handling
these issues is to make use of the GMM framework. (Alternatively, the results in Taylor
(2005) are useful.) Moreover, care must be taken so that for, instance, time aggregation

doesn’t introduce serial correlation.
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Figure 4.2: Time series properties of SMI
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Figure 4.3: Predictability of US stock returns
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Figure 4.4: Predictability of US stock returns, results from a regression with interactive
dummies
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Figure 4.5: Non-parametric regression with confidence bands

4.2.2 GMM Test of 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
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Figure 4.6: Non-parametric regression with two regressors

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

gB) =" , 808(B) = — ! , with =
X¢Xi—1 — po> T ; X¢Xi—1 — po> p
4.8)

o2 is the variance and p the first-order autocorrelation so po? is the first-order autocovari-
ance. 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 restrictions.

We are able to arrive at simple expressions for these tests—provided we are willing
to make strong assumptions about the data generating process. (These tests then typically
coincide with classical tests like the Box-Pierce test.) 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 of the moment conditions.
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Figure 4.7: Predictability of US stock returns, size deciles

Remark 4.8 (Box-Pierce as an Application of GMM) (4.8) is an exactly identified system

so the weight matrix does not matter, so the asymptotic distribution is
A d _
VT (B — Bo) > N(O,V), where V = (D} Sy Do),

where Dy is the Jacobian of the moment conditions and Sy the covariance matrix of the

moment conditions (at the true parameter values). We have

Do = pli 9g1(Bo)/d0> 9g1(Bo)/dp | | -1 0O -1 0
o = plim i i = — ’
82(Bo)/do* 082(Bo)/dp —p —0? 0 —o2

since p = 0 (the true value). The definition of the covariance matrix is

T T
So=E [? > g (ﬂ())} [? > gt(ﬂw}

/
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Assume that there is no autocorrelation in g;(Bo) (Which means, among other things, that

volatility, x?, is not autocorrelated). We can then simplify as

So = Eg:(Bo)g:(Bo) -

This assumption is stronger than assuming that p = 0, but we make it here in order to
illustrate the asymptotic distribution. Moreover, assume that x; is iid N(0,0?). In this

case (and with p = 0 imposed) we get
!/
S —E x?—o? x;—o® | - (x?—02)?  (x? —0?)xx1
0 = =
XeXr—1 X Xt—1 (xtz - Uz)xtxt—l (tht—l)z
_ | Ex{—20%2Ex} +0* 0 | 26 0
0 Ex2x2_, 0 ot |

To make the simplification in the second line we use the facts that Ex} = 30* if x; ~
N(0,0?), and that the normality and the iid properties of x, together imply Ex?x?_, =

Ex?Ex?_, and Ex}x;_y = BEo?x,;x,_1 = 0. Combining gives
62 ’ -1
cov(vT| 7 |]) = (Doso—lDo)
)

/ —1
(T-1 o 204 0 10
N 0 —o? 0 o* 0 —o?

This shows that T p —¢ N(0, 1).
4.2.3 Autoregressions
An alternative way of testing autocorrelations is to estimate an AR model
e =cC+airi—1 +asri—o+ ...+ apri—p + &, 4.9)
and then test if all the slope coefficients are zero with a y? test. This approach is somewhat

less general than the Box-Pierce test, but most stationary time series processes can be well
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approximated by an AR of relatively low order. To account for heteroskedasticity and

other problems, it can make sense to estimate the covariance matrix of the parameters by

an estimator like Newey-West.

Slope coefficient (b) R2
0.5t Slope with 90% conf band
VT~ - . 0.1t
0 \Va ~ S—
N 0.05¢
0.5 T
. . . oL\ . . .
0 20 40 60 0 20 40 60
Return horizon (months) Return horizon (months)
) Scatter plot, 36 month returns Monthly US stock returns 1926:1-2011:12
Regression: 7 = a+bri-) + ¢
Lt eo
a
£ o
[}
~
-1
) - - - -
-2 -1 0 1 2

lagged return

Figure 4.8: Predictability of US stock returns

The autoregression can also allow for the coefficients to depend on the market situ-

ation. For instance, consider an AR(1), but where the autoregression coefficient may be

different depending on the sign of last period’s return

lifgist
re =c+ad(ri—1 <0)ri—; + b8(ri—1 > 0)r;—1, where 6(q) = 0 llq 15 e (4.10)
else.

See Figure 4.4 for an illustration. Also see Figures 4.5-4.6 for non-parametric estimates.
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Figure 4.9: Predictability of US stock returns

4.2.4 Autoregressions versus Autocorrelations*

It is straightforward to see the relation between autocorrelations and the AR model when
the AR model is the true process. This relation is given by the Yule-Walker equations.
For an AR(1), the autoregression coefficient is simply the first autocorrelation coeffi-

cient. For an AR(2), x; = a1x;_1 + a>x;—> + &;, we have

Cov(xs, x;) | [ Cov(xs,ar1xi—1 + arxi—n + &;)
Cov(x;—1,x;) | = | Cov(x;—1,a1x;—1 + azxx;—» +¢&;) |,or
Cov(x;—2,x;) | | Cov(xi—a,a1Xx;—1 + azx;—5 + &)
vo | [ aiyi 4 axys + Var(e)
yi | = | a1yo + a1 . (4.11)
V2 | | a1Y1 +az)o

To transform to autocorrelation, divide through by y,. The last two equations are then

1 —
pPr | _ | @ + azpi or pr | _ a;/( as) . (4.12)
02 apr +az 02 ay/ (1 —az) +as
If we know the parameters of the AR(2) model (a;, a,, and Var(e;)), then we can

solve for the autocorrelations. Alternatively, if we know the autocorrelations, then we
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can solve for the autoregression coefficients. This demonstrates that testing that all the
autocorrelations are zero is essentially the same as testing if all the autoregressive coeffi-
cients are zero. Note, however, that the transformation is non-linear, which may make a

difference in small samples.

4.2.5 Variance Ratios

The 2-period variance ratio is the ratio of Var(r; 4+ r;_;) to 2 Var(r;)
_ Var(r; + ri—1)

2 Var(ry)

=1+ p1, (4.14)

VR, 4.13)

where pjy is the sth autocorrelation. If r; is not serially correlated, then this variance ratio
is unity; a value above one indicates positive serial correlation and a value below one
indicates negative serial correlation.

Proof. (of (4.14)) Let r; have a zero mean (or be demeaned), so Cov(r;, r;—s) =
E r,r;—s. We then have

E(”t + ”t—l)2

ke = 2Er?
_ Var(ry) + Var(r;—1) + 2Cov(rs, ri—1)
N 2 Var(r;)
I+ 1+2p
-

which gives (4.14). =
We can also consider longer variance ratios, where we sum ¢ observations in the

numerator and then divide by ¢ Var(r;). In fact, it can be shown that we have

Var ( - r,_s)
VR, =
1 q Var(r,)

qg—1
S
= E s OF (4.16)
q

s=—(q—1)

qg—1
=1+2Z(1—5)ps. 4.17)
s=1 9

(4.15)
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The third line exploits the fact that the autocorrelation (and autocovariance) function is
symmetric around zero, so p—s = ps. (We could equally well let the summation in (4.16)
and (4.17) run from —gq to ¢ since the weight 1—|s| /¢, is zero for that lag.) It is immediate
that no autocorrelation means that VR, = 1 for all g. If all autocorrelations are non-

positive, p; < 0, then VR, < 1, and vice versa.

Example 4.9 (VR3) For g = 3, (4.15)—~(4.17) are

_ Var(ry +r—1 +ri2)

VRs = 3 Var(r,)

1 2 2 1
= 3P-2 + 3P-1 +1+ 301 + 3P2
=1 +2(%p1 +1P2)-

3 3

Proof. (of (4.16)) The numerator in (4.15) is

Var(r; +ri—1 + ... + ri—q+1) = q Var(r;) + 2(q — 1) Cov(r;, ri—1) + 2(q — 2) Cov(rs, 11—2) + ...
+2Cov(rs, ri—g+1)-

For instance, for g = 3

Var(r; + ry—1 + ri—3) = Var(r;) + Var(r;—;) + Var(r;—»)+
2Cov(rs, ri—1) +2Cov(ri—1,ri—2)+
2Cov(ry, ri—2).

Assume that variances and covariances are constant over time. Divide by ¢ Var(r;) to get
1 2 1
VR =14+2{1—=)p1+2(1—=)p2+... +2—py—1.
q q q
]

Example 4.10 (Variance ratio of an AR(1)) When r; = ar;— + &; where &, is iid white

noise (and r; has a zero mean or is demeaned), then

VR, =1+ aand
2

VRy =1+ 2a + 2
3 = 361 361.

98



Variance Ratio, 1926- Variance Ratio, 1957-
15| VR with 90% conf band

0.5
0 20 40 60
Return horizon (months) Return horizon (months)
Monthly US stock returns 1926:1-2011:12
The confidence bands use the asymptotic
sampling distribution of the variance ratios
Figure 4.10: Variance ratios of US stock returns
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Figure 4.11: Variance ratio and long run autocorrelation of an AR(1) process

See Figure 4.11 for a numerical example.

The estimation of VR, is done by replacing the population variances in (4.15) with
the sample variances, or the autocorrelations in (4.17) by the sample autocorrelations.
The sampling distribution of I//Eq under the null hypothesis that there is no autocor-

relation follows from the sampling distribution of the autocorrelation coefficient. Rewrite
(4.17) as

-1
VT (VR —1) = 2qZ (1 - 3) VT ps. (4.18)

s=1
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If the assumptions behind (4.6) are satisfied, then we have that, under the null hypothe-
sis of no autocorrelation, (4.18) is a linear combination of (asymptotically) uncorrelated
N(0, 1) variables (the /T p,). It then follows that

q—1 2
VT (VR, - 1) —>dN|:O,Z4(1—£) } (4.19)
s=1

q
Example 4.11 (Distribution of ﬁz and ﬁ3 ) We have
JT (T/Ez _ 1) 4 N (0,1) and ﬁ(ﬁg _ 1) 4 N (0,20/9) .

These distributional results depend on the assumptions behind the results in (4.6). One
way of handling deviations from those assumptions is to estimate the autocorrelations and
their covariance matrix with GMM, alternatively, the results in Taylor (2005) can be used.

See Figure 4.10 for an illustration.

4.2.6 Long-Run Autoregressions

Consider an AR(1) of two-period sums of non-overlapping (log) returns
rev1 + et = a + by (r—1 +10) + €140 (4.20)

Notice that it is important that dependent variable and the regressor are non-overlapping
(don’t include the return for the same period)—otherwise we are likely to find spurious

autocorrelation. The least squares population regression coefficient is

b, = Cov (re41 + 2, Fe—1 +14)
Var (r;—1 + 1)
1 p1+2p>+ p3
VR, 2 ’

4.21)

(4.22)

Proof. (of (4.22)) Multiply and divide (4.21) by 2 Var (r;)

_ 2Var(ry)  Cov(risr + reqa,Te—1 +11)
 Var (r_ +14) 2 Var (r;) '

2
The first term is 1/ VR,. The numerator of the second term is

Cov (ri41 + rego,ri—1 + 1) = Cov (re41,ri—1)+Cov (rr41, 1) +Cov (rr42, r1—1)+CoV (rr42, 1) ,
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so the second term simplifies to

1
5(02+P1+P3+P2)~

|
The general pattern that emerges from these expressions is that the slope coefficient

in an AR(1) of (non-overlapping) long-run returns

q q
Z Ft4s = a + bq Z Tt4s—q t €t+q (4.23)
s=1 s=1

is .

1 K s
by = TR Z (1 — U) Pg-ts- (4.24)
7 5="(g-1) 1

Note that the autocorrelations are displaced by the amount g. As for the variance ratio,
the summation could run from —g to g instead, since the weight, 1 —|s|/q, is zero for that
lag.

Equation (4.24) shows that the variance ratio and the AR(1) coefficient of long-run
returns are closely related. A bit of manipulation (and using the fact that p_; = ps) shows

that
VR,

VR,

If the variance ratio increases with the horizon, then this means that the long-run returns

1+ b, = (4.25)

are positively autocorrelated.

Example 4.12 (Long-run autoregression of an AR(1)) When r; = ar,—, + &; where &,
is iid white noise, then the variance ratios are as in Example (4.10), and we know that

Pg+s = a?TS. From (4.22) we then have

1 a+2d*+a

by, =
VR, 2
1 a+28®+a’
1+4a 2 '

See Figure 4.11 for a numerical example. For future reference, note that we can simplify
to getby = (1 +a)a/2.

101



Example 4.13 (Trying (4.25) on an AR(1)) From Example (4.10) we have that

VR, 1_1+§a+a2+%a3

= -1
VR2 1+a

1
:—1 R
2( +a)a

which is by in Example 4.12.

Using All Data Points in Long-Run Autoregressions?*

Inference of the slope coefficient in long-run autoregressions like (4.20) must be done
with care. While it is clear that the dependent variable and the regressor must be for non-
overlapping periods, there is still the issue of whether we should use all available data
points or not.

Suppose one-period returns actually are serially uncorrelated and have zero means (to
simplify)

r; = u;, where u; is iid with Eu,, = 0, (4.26)
and that we are studying two-periods returns. One possibility is to use r;4q1 + rs45 as
the first observation and ;43 4 ;44 as the second observation: no common period. This
clearly halves the sample size, but has an advantage when we do inference. To see that,

notice that two successive observations are then

Fig1 +riga=a+ by (ri—1 +71:) + 6142 (4.27)
Fies +Tepa = a + by (rip1 + ri42) + €144 (4.28)

If (4.26) is true, then a = b, = 0 and the residuals are

Er+2 = Ur+1 + Ur42 (4.29)

Et+4 = Ur+3 + Urta, (4.30)

which are uncorrelated.

Compare this to the case where we use all data. Two successive observations are then

Fig1 + 12 =a+by(rioy + 1) + €142 4.31)
Fiqz i3 =a + by (ri + ri41) + &143. (4.32)
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Slope (b) inrs =a+briy + €
0.5

Slope with two different 90% conf band, OLS and NW std

Monthly US stock returns 1926:1-2011:12, overlapping data

Return horizon (months)

Figure 4.12: Slope coefficient, LS vs Newey-West standard errors

As before, if (4.26) is true, then a = b, = 0 (so there is no problem with the point

estimates), but the residuals are

Er42 = U1 + Urgo (4.33)
——
€143 = Urto tUr43, (4.34)
——

which are correlated since 1,4, shows up in both. This demonstrates that overlapping
return data introduces autocorrelation of the residuals—which has to be handled in order

to make correct inference. See Figure 4.12 for an illustration.

4.3 Multivariate (Auto-)correlations

4.3.1 Momentum or Contrarian Strategy?

A momentum strategy invests in assets that have performed well recently—and often goes
short in those that have underperformed. See 4.13 for an empirical illustration.

To formalize this, let there be N assets with with returns R, with means and autoco-
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Buy winners and sell losers

excess return
— — —alpha

| Monthly US data 1957:1-2011:12, 25 FF portfolios (B/MBHd size)

Buy (sell) the 5 assets with highest (lowest) return
over the last month

0 2 4 6 8 10 12
Evalutation horizon, days

Figure 4.13: Performance of momentum investing

variance matrix

ER = pand (4.35)
Ir'(k) =E[(R; — W) (R—x — w)'].

Example 4.14 (' (k) with two assets) We have

Cov(Ry14. Ris—k) Cov(Ry., Rz,t_k)}

r'k) =
COV(Rz,t, Rl,t—k) COV(RZ,t’ R2,t—k)

Define the equal weighted market portfolio return as simply
| N
Rt = ; Ri: =1R,/N (4.36)

with the corresponding mean return

N
1 /
Hm = N ;21 i =1 p/N. (4.37)
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A momentum strategy could (for instance) use the portfolio weights

Ry — Ry
w, (k) = % (4.38)

which basically says that w;, (k) is positive for assets with an above average return k pe-
riods back. Notice that the weights sum to zero, so this is a zero cost portfolio. However,
the weights differ from fixed weights (for instance, put 1/5 into the best 5 assets, and
—1/5 into the 5 worst assets) since the overall size of the exposure (1’|w;|) changes over
time. A large dispersion of the past returns means large positions and vice versa. To
analyse a contrarian strategy, reverse the sign of (4.38).

The profit from this strategy is

N

N

R, .—R,,_ R:,_+R;

nok) =Y T “Ri=) —i o Rt Rme.  (4.39)
i=1 i=1

where the last term uses the fact that Ei]il Riyi—kRit/N = Ryz—i Run:.

The expected value is

N
En, (k) = —ﬁ [T ()1 — el (k)] + N — 1trF(k) + % > (i — pm)®. (4.40)
i=1

where the 1'I" (k)1 sums all the elements of I'(k) and tr/" (k) sums the elements along
the main diagonal. (See below for a proof.) To analyse a contrarian strategy, reverse the
sign of (4.40).

With a random walk, I"(k) = 0, then (4.40) shows that the momentum strategy wins
money: the first two terms are zero, while the third term contributes to a positive perfor-
mance. The reason is that the momentum strategy (on average) invests in assets with high
average returns (i > Um)-

The first term of (4.40) sums all elements in the autocovariance matrix and then sub-
tracts the sum of the diagonal elements—so it only depends on the sum of the cross-
covariances, that is, how a return is correlated with the lagged return of other assets. In
general, negative cross-covariances benefit a momentum strategy. To see why, suppose a
high lagged return on asset 1 predicts a low return on asset 2, but asset 2 cannot predict
asset 1 (Cov(Ra, R1s—x) < 0 and Cov(R;, Ry —x) = 0). This helps the momentum

strategy since we have a negative portfolio weight of asset 2 (since it performed relatively
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poorly in the previous period).

Example 4.15 ((4.40) with 2 assets) Suppose we have

rk) = COV(Rl,t, Rl,t—k) COV(Rl,t, R2,t—k) _ 0 0
COV(Rz,t, Rl,l‘—k) COV(Rz’t, R2,t—k) —0.1 0O
Then
1 , 1
—7 [T ()1 — (k)] = —% [<0.1 — 0] = 0.025, and
N -1 2—1
N2 trl (k) = x 0 =0,

so the sum of the first two terms of (4.40) is positive (good for a momentum strategy).
For instance, suppose Ry ;—x > 0, then R, ; tends to be low which is good (we have a

negative portfolio weight on asset 2).

The second term of (4.40) depends only on own autocovariances, that is, how a return
is correlated with the lagged return of the same asset. If these own autocovariances are
(on average) positive, then a strongly performing asset in ¢ — k tends to perform well in
t, which helps a momentum strategy (as the strongly performing asset is overweighted).

See Figure 4.15 for an illustration based on Figure 4.14.

Example 4.16 Figure 4.15 shows that a momentum strategy works reasonably well on
daily data on the 25 FF portfolios. While the cross-covariances have a negative influence
(because they are mostly positive), they are dominated by the (on average) positive auto-
correlations. The correlation matrix is illustrated in Figure 4.14. In short, the small firms

(asset 1-5) are correlated with the lagged returns of most assets, while large firms are not.

Example 4.17 ((4.40) with 2 assets) With

1
'y = {00 001} ’

then

| 1
3 [T (k)1 -l (k)] = —% (0.2—-0.2) =0, and

N —1 2—1
Nz trl (k) =

x (0.1 4 0.1) = 0.05,
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(Auto—)correlation matrix, daily FF returns 1979:1-2011:12

Figure 4.14: TIllustration of the cross-autocorrelations, Corr(R;, R;—x), daily FF data.
Dark colors indicate high correlations, light colors indicate low correlations.

Decomposition of momentum return (1-day horizon)

50| Daily US data 1979:1-2011:12 15.21
25 FF portfolios (B/M and size)
10+
0.03
0 -
_10 L
20k -12.32
Cross—cov Auto—cov means

Figure 4.15: Decomposition of return from momentum strategy based on daily FF data
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so the sum of the first two terms of (4.40) is positive (good for a momentum strategy).

Proof. (of (4.40)) Take expectations of (4.39) and use the fact that E xy = Cov(x, y)+
ExEy to get

N
1
En, (k) = — [COV(Rit—k, R;:) + M,z] - [COV(Rmt—k, Rut) + M,zn] .
N

i=1

Notice that % Z,N=1 Cov(R;;—k, Ri;) = trI"(k)/ N, where tr denotes the trace. Also, let
R=R- © and notice that

Lp s I 1T (k)1
COV(Rt—t Rns) = E 5 (1R (1VRiis) ] = E~s [VRR), 1] = N(2) .

Finally, we note that - SN w22 = + SN (i — fim)?. Together, these results
give

'rk)1 1

N
1
Em (k) = - Nz T Ntr]“(k) Ty E (i — m)?,
i=1

which can be rearranged as (4.40). m

4.4 Other Predictors

There are many other, perhaps more economically plausible, possible predictors of future
stock returns. For instance, both the dividend-price ratio and nominal interest rates have
been used to predict long-run returns, and lagged short-run returns on other assets have
been used to predict short-run returns.

See Figure 4.16 for an illustration.

4.4.1 Prices and Dividends
The Accounting Identity

Reference: Campbell, Lo, and MacKinlay (1997) 7 and Cochrane (2005) 20.1.

The gross return, R;41, is defined as

Riyy = D1 + Pt+1’ so P, = D1 + Pt-l-l.

(4.41)
P, Ri 1
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Substituting for P;4; (and then P;,,,...) gives

D D D
p==2t T2 s . (4.42)
Riv1 RitiRiy2  RipiRi2R:43
—y D (4.43)

provided the discounted value of P;;; goes to zero as j — oo. This is simply an ac-
counting identity. It is clear that a high price in # must lead to low future returns and/or
high future dividends—which (by rational expectations) also carry over to expectations
of future returns and dividends.

It is sometimes more convenient to analyze the price-dividend ratio. Dividing (4.42)
and (4.43) by D, gives

Py _ 1 Diyq n 1 Diys Dyyq 1 Diy3 Diyr Dy
D:; Ry Dy RiviRiy2 Dy Dy RiviRi 2R3 Diyp Diyy Dy
(4.44)
o
D
_ Zl—[ t+k/ t+k—1 (4.45)
il Rtk

As with (4.43) it is just an accounting identity. It must therefore also hold in expectations.
Since expectations are good (the best?) predictors of future values, we have the impli-
cation that the asset price should predict a discounted sum of future dividends, (4.43),
and that the price-dividend ratio should predict a discounted sum of future changes in
dividends.

Linearizing the Accounting Identity

We now log-linearize the accounting identity (4.45) in order to tie it more closely to the

(typically linear) econometrics methods for detecting predictability The result is

pr—d ~ Z P’ [(dit145s — dits) — Tigi+4s)s (4.46)

s=0

where p = 1/(1 + D/P) where D/P is a steady state dividend-price ration (p =
1/1.04 ~ 0.96 if D/ P is 4%).
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As before, a high price-dividend ratio must imply future dividend growth and/or low
future returns. In the exact solution (4.44), dividends and returns which are closer to the
present show up more times than dividends and returns far in the future. In the approxi-
mation (4.46), this is captured by giving a higher weight (higher p%).

Proof. (of (4.46)—slow version) Rewrite (4.41) as

Dipr + Pryr Prp

Dt+1) .
R = = 1+ or in logs
o+l P; P, ( t+1 g

Tiv1 = Piy1— P +In[l +exp(dis1 — pry1)]-

Make a first order Taylor approximation of the last term around a steady state value of

di+1 — pi+1,denoted d — p,

I expn(d — _
In[1 -+ exp(drs — o] ~ In 1+ exp(@ = )] + - :epip (%) (et = pess — (=)

~ constant + (1 — p) (dss1 — pi+1) »

where p = 1/[1 +exp(d — p)] = 1/(1+ D/P). Combine and forget about the constant.

The result is

Fig1 = Pry1 — P + (1 —p) (dig1 — Pis1)
= ppi+1— Pt + (1 —p)di41,

where 0 < p < 1. Add and subtract d; from the right hand side and rearrange

Feg1 & P (i1 — dey1) = (pr — di) + (dr1 — dy) s or
pr—de = p(prv1 —di1) + (dep1 — di) — e
This is a (forward looking, unstable) difference equation, which we can solve recursively
forward. Provided lims_o0 p°(ps+s — di+5) = 0, the solution is (4.46). (Trying to solve

for the log price level instead of the log price-dividend ratio is problematic since the

condition limg_, o, p° p;+s = 0 may not be satisfied.) m
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Dividend-Price Ratio as a Predictor

One of the most successful attempts to forecast long-run return is by using the dividend-

price ratio

q
Z Figs =0+ ,Bq(dt —pi) + Et4q- (4.47)
s=1

For instance, CLM Table 7.1, report R? values from this regression which are close to
zero for monthly returns, but they increase to 0.4 for 4-year returns (US, value weighted
index, mid 1920s to mid 1990s). See also Figure 4.16 for an illustration.

By comparing with (4.46), we see that the dividend-ratio in (4.47) is only asked to
predict a finite (unweighted) sum of future returns—dividend growth is disregarded. We
should therefore expect (4.47) to work particularly well if the horizon is long (high ¢) and
if dividends are stable over time.

From (4.46) we get (from using Cov(x, y — z) = Cov(x, y) — Cov(x, z)) that

Var(p;—d;) ~ Cov (Pt —d, Z P’ (dig14s — dt+s)) —Cov (Pt —d, Z psrt+1+s) ,
s=0 s=0
(4.48)

which shows that the variance of the price-dividend ratio can be decomposed into the
covariance of price-dividend ratio with future dividend change minus the covariance of
price-dividend ratio with future returns. This expression highlights that if p, — d; is not
constant, then it must forecast dividend growth and/or returns.

The evidence in Cochrane suggests that p; — d; does not forecast future dividend
growth, so that predictability of future returns explains the variability in the dividend-
price ratio. This fits very well into the findings of the R? of (4.47). To see that, recall the
following fact.

Remark 4.18 (R? from a least squares regression) Let the least squares estimate of B in
v = x;Bo + u; be ,é The fitted values y, = x;,BA If the regression equation includes a
constant, then R? = Corr (ye, $0)*. In a simple regression where y; = a + bx, + us,

. = 2
where x; is a scalar, R*> = Corr (y;, x;)".
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Figure 4.16: Predictability of US stock returns

4.4.2 Predictability but No Autocorrelation

The evidence for US stock returns is that long-run returns may perhaps be predicted
by using dividend-price ratio or interest rates, but that the long-run autocorrelations are
weak (long run US stock returns appear to be “weak-form efficient” but not “semi-strong
efficient”). Both CLM 7.1.4 and Cochrane 20.1 use small models for discussing this
case. The key in these discussions is to make changes in dividends unforecastable, but
let the return be forecastable by some state variable (E;d;4+14+5 — E;d;+5s = 0 and
E; ;41 = r + x;), but in such a way that there is little autocorrelation in returns. By
taking expectations of (4.46) we see that price-dividend will then reflect expected future

returns and therefore be useful for forecasting.
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4.5 Maximally Predictable Portfolio*

As a way to calculate an upper bound on predictability, Lo and MacKinlay (1997) con-
struct maximally predictable portfolios. The weights on the different assets in this portfo-
lio can also help us to understand more about how the predictability works.

Let Z, be an n x 1 vector of demeaned returns
Z, =R, —ER;, (4.49)
and suppose that we (somehow) have constructed rational forecasts E,_; Z; such that
Z,=E;1Z; + &, where E,_; &, =0, Var,_(g,6,) = X. (4.50)

Consider a portfolio y’'Z,. The R? from predicting the return on this portfolio is (as

usual) the fraction of the variability of y’Z, that is explained by y' E;_; Z;

R*(y) =1 — Var(y'e,)/ Var(y'Z,)
= [Var(y'Z;) — Var(y'e,)]/ Var(y'Z,)
= Var(y'E,—y Z,)/ Var(y'Z,)
= y' Cov(E;—1 Z,)y/y' Cov(Z,)y. 4.51)
The covariance in the denominator can be calculated directly from data, but the covari-
ance matrix in the numerator clearly depends on the forecasting model we use (to create
Ei—1Z).

The portfolio (y vector) that gives the highest R? is the eigenvector (normalized to

sum to unity) associated with the largest eigenvalue (also the value of R?) of Cov(Z;)~! Cov(E,_; Z;).

Example 4.19 (One forecasting variable) Suppose there is only one predictor, x;—1,
Z; = Bxi—1 + &4,

where B is n x 1. This means that E,_; Z; = Bx,_1, so Cov(E;—1 Z;) = Var(x;—1)Bp’
and that Cov(Z;) = Var(x;—1) BB’ + X. We can therefore write (4.51) as

y' Var(x;—1) BB’y
y' Var(x,—1)Bp'y + v’y

The first order conditions for maximum then gives (this is very similar to the calculations

R*(y) =
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of the minimum variance portfolio in mean-variance analysis)
— 57/ T B
14 )

where 1 is an n x 1 vector of ones. In particular, if X (and therefore X7') is diagonal,
then the portfolio weight of asset i is ; divided by the variance of the forecast error of
asset i : assets which are hard to predict get smaller weights. We also see that if the sign
of Bi is different from the sign of 1’ X~ B, then it gets a negative weight. For instance, if
rxy-1 B > 0, so that most assets move in the same direction as x;_1, then asset i gets a

negative weight if it moves in the opposite direction (f; < 0).

4.6 Evaluating Forecast Performance

Further reading: Diebold (2001) 11; Stekler (1991); Diebold and Mariano (1995)

To do a solid evaluation of the forecast performance (of some forecaster/forecast
method/forecast institute), we need a sample (history) of the forecasts and the resulting
forecast errors. The reason is that the forecasting performance for a single period is likely
to be dominated by luck, so we can only expect to find systematic patterns by looking at
results for several periods.

Let e; be the forecast error in period ¢
e =y — Vi, (4.52)

where y, is the forecast and y, the actual outcome. (Warning: some authors prefer to
work with y, — y, as the forecast error instead.)

Most statistical forecasting methods are based on the idea of minimizing the sum of
squared forecast errors, Z’thle,Z. For instance, the least squares (LS) method picks the
regression coefficient in

Ve = Bo + B1x: + & (4.53)

to minimize the sum of squared residuals, ¥ 2. This will, among other things, give
a zero mean of the fitted residuals and also a zero correlation between the fitted residual
and the regressor.

Evaluation of a forecast often involve extending these ideas to the forecast method,

irrespective of whether a LS regression has been used or not. In practice, this means
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studying if (i) the forecast error, e;, has a zero mean; (ii) the forecast error is uncorrelated
to the variables (information) used in constructing the forecast; and (iii) to compare the
sum (or mean) of squared forecasting errors of different forecast approaches. A non-zero
mean of the errors clearly indicates a bias, and a non-zero correlation suggests that the

information has not been used efficiently (a forecast error should not be predictable...)

Remark 4.20 (Autocorrelation of forecast errors™) Suppose we make one-step-ahead
forecasts, so we are forming a forecast of y;+1 based on what we know in period t.
Let e;4+1 = Vi+1 — E¢ yi41, where E; y;4+1 denotes our forecast. If the forecast er-
ror is unforecastable, then the forecast errors cannot be autocorrelated, for instance,
Corr(e;+1,e;) = 0. For two-step-ahead forecasts, the situation is a bit different. Let
€42t = YVi+2 — E; Yi42 be the error of forecasting y;» using the information in period
t (notice: a two-step difference). If this forecast error is unforecastable using the infor-
mation in period t, then the previously mentioned e;4,; and e;;—» = y; — E;_» y; must
be uncorrelated—since the latter is known when the forecast E; y;4, is formed (assum-
ing this forecast is efficient). However, there is nothing hat guarantees that e; 1, ; and
€r+1,—1 = Yi+1 — Bi—1 Y141 are uncorrected—since the latter contains new information
compared to what was known when the forecast E; y; 1, was formed. This generalizes to
the following: an efficient h-step-ahead forecast error must have a zero correlation with

the forecast error h — 1 (and more) periods earlier.

The comparison of forecast approaches/methods is not always a comparison of actual
forecasts. Quite often, it is a comparison of a forecast method (or forecasting institute)
with some kind of naive forecast like a “no change” or a random walk. The idea of such
a comparison is to study if the resources employed in creating the forecast really bring
value added compared to a very simple (and inexpensive) forecast.

It is sometimes argued that forecasting methods should not be ranked according to
the sum (or mean) squared errors since this gives too much weight to a single large er-
ror. Ultimately, the ranking should be done based on the true benefits/costs of forecast
errors—which may differ between organizations. For instance, a forecasting agency has
a reputation (and eventually customers) to loose, while an investor has more immediate
pecuniary losses. Unless the relation between the forecast error and the losses are im-
mediately understood, the ranking of two forecast methods is typically done based on a

number of different criteria. The following are often used:
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1. mean error, Ethlet/T,

2. mean squared error, Ethle,Z /T,

3. mean absolute error, XL |e,| /T,

4. fraction of times that the absolute error of method a smaller than that of method b,

5. fraction of times that method a predicts the direction of change better than method
b,

6. profitability of a trading rule based on the forecast (for financial data),

7. results from a regression of the outcomes on two forecasts (y¢ and ﬁg’ )
yi = w9® + y? + residual,

where @ = 1 and y = 0 indicates that forecast a contains all the information in b

and more.

e A pseudo R? defined as Corr(y;, y;)?, where y; is the actual value and y; is the

forecast.

As an example, Leitch and Tanner (1991) analyze the profits from selling 3-month
T-bill futures when the forecasted interest rate is above futures rate (forecasted bill price
is below futures price). The profit from this strategy is (not surprisingly) strongly related
to measures of correct direction of change (see above), but (perhaps more surprisingly)

not very strongly related to mean squared error, or absolute errors.

Example 4.21 We want to compare the performance of the two forecast methods a and
b. We have the following forecast errors (e¢,e%,ed) = (—1,—1,2) and (b, e, eb) =
(—1.9,0,1.9). Both have zero means, so there is (in this very short sample) no constant

bias. The mean squared errors are

MSE® = [(=1)* + (-=1)* +2%]/3 =2
MSE® = [(—=1.9)> + 0% + 1.9%]/3 ~ 2.41,
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so forecast a is better according to the mean squared errors criterion. The mean absolute

errors are

MAE® = [|—1| + |-1] + |2]]/3 ~ 1.33
MAE® = [|-1.9] 4+ 0] +]1.9]]/3 ~ 1.27,

so forecast b is better according to the mean absolute errors criterion. The reason for the
difference between these criteria is that forecast b has fewer but larger errors—and the
quadratic loss function punishes large errors very heavily. Counting the number of times
the absolute error (or the squared error) is smaller, we see that a is better one time (first

period), and b is better two times.

To perform formal tests of forecasting superiority a Diebold and Mariano (1995) test
is typically performed. For instance to compare the MSE of two methods (a and b), first
define

) 2

g = (ef) — (ef) , (4.54)
where e! is the forecasting error of model i. Treating this as a GMM problem, we then
test if

Eg, =0, (4.55)
by applying a t-test on the same means
g _
4@ "~ N(0,1), where g = X d,/T, (4.56)

and where the standard error is typically estimated using Newey-West (or similar) ap-

proach. However, when models a and b are nested, then the asymptotic distribution is

non-normal so other critical values must be applied (see Clark and McCracken (2001)).
Other evaluation criteria can be used by changing (4.54). For instance, to test the

mean absolute errors, use g, = |¢?| — |e?| instead.

Remark 4.22 From GMM we typically have Cov(v/Tg) = Y o o Covi(gs, g1—s), SO
for a scalar g; wehe have Std(g) = (Z?i_oo Cov(gs, gr—s) /T) 2 When data happens

10 be iid, then this simplifies to Std(g) = /Var(g;)/T = Std(g;)/~/T.
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4.7 Spurious Regressions and In-Sample Overfitting

References: Ferson, Sarkissian, and Simin (2003)

4.7.1 Spurious Regressions

Ferson, Sarkissian, and Simin (2003) argue that many prediction equations suffer from
“spurious regression” features—and that data mining tends to make things even worse.
Their simulation experiment is based on a simple model where the return predictions
are
rig1 = +8Z; + v, (4.57)

where Z; is a regressor (predictor). The true model is that returns follows the process
Fev1 =R+ Z7 4+ Uy, (4.58)

where the residual is white noise. In this equation, Z; represents movements in expected

returns. The predictors follow a diagonal VAR(1)

EIN B AR R
ze] Lo o)z e e

In the case of a “pure spurious regression,” the innovations to the predictors are uncor-
related (X is diagonal). In this case, § ought to be zero—and their simulations show that
the estimates are almost unbiased. Instead, there is a problem with the standard deviation
of §. If p* is high, then the returns will be autocorrelated.

Under the null hypothesis of § = 0, this autocorrelated is loaded onto the residuals.
For that reason, the simulations use a Newey-West estimator of the covariance matrix
(with an automatic choice of lag order). This should, ideally, solve the problem with the
inference—but the simulations show that it doesn’t: when Z7 is very autocorrelated (0.95
or higher) and reasonably important (so an R? from running (4.58), if we could, would be
0.05 or higher), then the 5% critical value (for a t-test of the hypothesis § = 0) would be
2.7 (to be compared with the nominal value of 1.96). Since the point estimates are almost
unbiased, the interpretation is that the standard deviations are underestimated. In contrast,

*

with low autocorrelation and/or low importance of Z7, the standard deviations are much

more in line with nominal values.
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Autocorrelation of u; Autocorrelation of xyuy

k=-0.9
05 ——-k=0
------ k=0.9
0
-0.5
-0.5 0 0.5
p

Model: y; = 0.9z; + ¢,
where ¢ = pe—1 + ug,uy is iid N
Ty = KTy +n,m is iid N

uy is the residual from LS estimate of
Y = a+bry +uy

Number of simulations: 25000

Figure 4.17: Autocorrelation of x;u; when u, has autocorrelation p

See Figures 4.17—4.18 for an illustration. They show that we need a combination of an
autocorrelated residuals and an autocorrelated regressor to create a problem for the usual
LS formula for the standard deviation of a slope coefficient. When the autocorrelation is
very high, even the Newey-West estimator is likely to underestimate the true uncertainty.

To study the interaction between spurious regressions and data mining, Ferson, Sarkissian,
and Simin (2003) let Z, be chosen from a vector of L possible predictors—which all are
generated by a diagonal VAR(1) system as in (4.59) with uncorrelated errors. It is as-
sumed that the researchers choose Z, by running L regressions, and then picks the one
with the highest R?>. When p* = 0.15 and the researcher chooses between L = 10
predictors, the simulated 5% critical value is 3.5. Since this does not depend on the im-
portance of Z, it is interpreted as a typical feature of “data mining,” which is bad enough.
When the autocorrelation is 0.95, then the importance of Z; start to become important—
“spurious regressions” interact with the data mining to create extremely high simulated
critical values. A possible explanation is that the data mining exercise is likely to pick out
the most autocorrelated predictor, and that a highly autocorrelated predictor exacerbates

the spurious regression problem.
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Figure 4.18: Standard error of OLS estimator, autocorrelated errors

4.8 Out-of-Sample Forecasting Performance

4.8.1 In-Sample versus Out-of-Sample Forecasting

References: Goyal and Welch (2008), and Campbell and Thompson (2008)

Goyal and Welch (2008) find that the evidence of predictability of equity returns dis-
appears when out-of-sample forecasts are considered. Campbell and Thompson (2008)
claim that there is still some out-of-sample predictability, provided we put restrictions on
the estimated models.

Campbell and Thompson (2008) first report that only few variables (earnings price
ratio, T-bill rate and the inflation rate) have significant predictive power for one-month
stock returns in the full sample (1871-2003 or early 1920s—2003, depending on predictor).

To gauge the out-of-sample predictability, they estimate the prediction equation using

data up to and including ¢ — 1, and then make a forecast for period 7. The forecasting
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performance of the equation is then compared with using the historical average as the
predictor. Notice that this historical average is also estimated on data up to an including
t — 1, so it changes over time. Effectively, they are comparing the forecast performance
of two models estimated in a recursive way (long and longer sample): one model has just
an intercept, the other has also a predictor. The comparison is done in terms of the RMSE

and an “out-of-sample R?”

T T
Rps=1=3" _ (re=F)/ Y _ (re—F), (4.60)

where s is the first period with an out-of-sample forecast, 7, is the forecast based on the
prediction model (estimated on data up to and including # — 1) and 7, is the prediction from
some benchmark model (also estimated on data up to and including # — 1). In practice,
the paper uses the historical average (also estimated on data up to and including t — 1) as
the benchmark prediction. That is, the benchmark prediction is that the return in ¢ will
equal the historical average.

The evidence shows that the out-of-sample forecasting performance is very weak—as
claimed by Goyal and Welch (2008).

It is argued that forecasting equations can easily give strange results when they are
estimated on a small data set (as they are early in the sample). They therefore try different
restrictions: setting the slope coefficient to zero whenever the sign is “wrong,” setting
the prediction (or the historical average) to zero whenever the value is negative. This
improves the results a bit—although the predictive performance is still weak.

See Figure 4.19 for an illustration.

4.8.2 More Evidence on Out-of-Sample Forecasting Performance

Figures 4.20—4.24 illustrate the out-of-sample performance on daily returns. Figure 4.20
shows that extreme S&P 500 returns are followed by mean-reverting movements the fol-
lowing day—which suggests that a trading strategy should sell after a high return and buy
after a low return. However, extreme returns are rare, so Figure 4.21 tries a simpler strate-
gies: buy after a negative return (or hold T-bills), or instead buy after a positive return (or
hold T-bills). It turns out that the latter has a higher average return, which suggests that the
extreme mean-reverting movements in Figure 4.20 are actually dominated by smaller mo-

mentum type changes (positive autocorrelation). However, always holding the S&P 500
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Out-of-sample R*, E/P regression Out-of-sample R, max(E/P regression,0)

0 0 \_/\_/—\/W
-0.2 -0.2
-0.4 —04
100 200 300 100 200 300
Length of data window, months Length of data window, months

US stock returns (1-year, in excess of riskfree) 1926:1-2011:12

Estimation is done on moving data window,
forecasts are made out of sample for: 1957:1-2011:12

Figure 4.19: Predictability of US stock returns, in-sample and out-of-sample

Average return after ”events”

Daily S&P 500 excess returns 1979:1-2011:12

T O =]

_5 1 1 1 1 1
-10 -5 0 5 10

Lagged return (bins)

Figure 4.20: Short-run predictability of US stock returns, out-of-sample

index seems” to dominate both strategies—basically because stocks always outperform
T-bills (in this setting). Notice that these strategies assume that you are always invested,

in either stocks or the T-bill. In contrast, Figure 4.22 shows that the momentum strategy
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Average return after ” events” Average return on strategies

10 10
freq
5 riskfree 5
0.47 0.53
3.78 3.68 0
R, <0 R4 >0 average R <0 Ry >0 always

Strategies (rebalanced daily):
hold stocks if condition is met;
otherwise, hold T-bills

Daily S&P 500 returns 1979:1-2011:12
The returns are annualized

Figure 4.21: Short-run predictability of US stock returns, out-of-sample

Average return after ”event”, smallest decile ~ Average return after ”event”, largest decile

20 20t
10 10}
0 0
-10 R <0 Ry >0 always -10 Ry <0 Ry >0 always

US size deciles (daily) 1979:1-2011:12

Strategies (rebalanced daily):
hold stocks if condition is met;
otherwise, hold T-bills

Figure 4.22: Short-run predictability of US stock returns, out-of-sample

works reasonably well on small stocks.

Figure 4.23 shows out-of-sample R? and average returns of different strategies. The
evidence suggests that an autoregressive model for the daily S&P 500 excess returns per-
forms worse than forecasting zero (and so does using the historical average). In addition,

the strategies based on the predicted excess return (from either the AR model or the histor-
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Out-of-sample R?, excess returns Average excess return on strategy
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lag (days) lag (days)

S&P 500 daily excess returns, 1979:1-2011:12
The strategies are based on forecasts

The out-of-sample R? measures of excess returns:
the fit relative to forecasting 0 (a) forecast> 0: long in stock, short in riskfree
(b) forecast< 0: no investment

Figure 4.23: Short-run predictability of US stock returns, out-of-sample

ical returns) are worse than always being invested into the index. Notice that the strategies
here allow for borrowing at the riskfree rate and also for leaving the market, so they are
potentially more powerful than in the earlier figures. Figures 4.24 compares the results for
small and large stocks—and illustrates that there is more predictability for small stocks.

Figures 4.25—4.27 illustrate the out-of-sample performance on long-run returns. Fig-
ure 4.25 shows average one-year return on S&P 500 for different bins of the p/e ratio (at
the beginning of the year). The figure illustrates that buying when the market is underval-
ued (low p/e) might be a winning strategy. To implement simple strategies based on this
observation, 4.26 splits up the observation in (approximately) half: after low and after
high p/e values. The results indicate that buying after low p/e ratios is better than after
high p/e ratios, but that staying invested in the S&P 500 index all the time is better than
sometimes switching over to T-bills. The reason is that even the low stock returns are
higher than the interest rate.

Figure 4.27 studies the out-of-sample R? for simple forecasting models, and also al-
lows for somewhat more flexible strategies (where we borrow at the riskfree rate and are
allowed to leave the market). The evidence again suggests that it is hard to predict 1-year
S&P 500 returns.
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Out-of-sample R?, smallest decile Out-of-sample R?, largest decile
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Figure 4.24: Short-run predictability of US stock returns, out-of-sample. See Figure 4.23
for details on the strategies.

4.8.3 Technical Analysis

Main reference: Bodie, Kane, and Marcus (2002) 12.2; Neely (1997) (overview, foreign
exchange market)

Further reading: Murphy (1999) (practical, a believer’s view); The Economist (1993)
(overview, the perspective of the early 1990s); Brock, Lakonishok, and LeBaron (1992)
(empirical, stock market); Lo, Mamaysky, and Wang (2000) (academic article on return

distributions for “technical portfolios™)

General Idea of Technical Analysis

Technical analysis is typically a data mining exercise which looks for local trends or

systematic non-linear patterns. The basic idea is that markets are not instantaneously effi-
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Figure 4.25: Long-run predictability of US stock returns, out-of-sample
Average return after ” event” Average return on strategy
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S&P 500 1-year returns 1957:1-2011:12

The p/e is measured at the beginning of the year hold stocks if condition is met;

otherwise, hold T-bills

Figure 4.26: Long-run predictability of US stock returns, out-of-sample

cient: prices react somewhat slowly and predictably to news. The logic is essentially that
an observed price move must be due to some news (exactly which is not very important)

and that old patterns can tell us where the price will move in the near future. This is an
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Figure 4.27: Long-run predictability of US stock returns, out-of-sample

attempt to gather more detailed information than that used by the market as a whole. In
practice, the technical analysis amounts to plotting different transformations (for instance,
a moving average) of prices—and to spot known patterns. This section summarizes some

simple trading rules that are used.

Technical Analysis and Local Trends

Many trading rules rely on some kind of local trend which can be thought of as positive
autocorrelation in price movements (also called momentum').

A filter rule like “buy after an increase of x% and sell after a decrease of y%” is
clearly based on the perception that the current price movement will continue.

A moving average rule is to buy if a short moving average (equally weighted or ex-
ponentially weighted) goes above a long moving average. The idea is that event signals

a new upward trend. Let S (L)be the lag order of a short (long)moving average , with

'In physics, momentum equals the mass times speed.
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S < L and let b be a bandwidth (perhaps 0.01). Then, a MA rule for period ¢ could be

buyintif MA,—1(S) > MA,—1(L)(1 +b)
sellinz if MA;—1(S) < MA,—1(L)(1 —b) | , where (4.61)

no change otherwise

MA;_(S) = (ps—1+ ...+ pi—s)/S.

The difference between the two moving averages is called an oscillator (or sometimes,
moving average convergence divergence?). A version of the moving average oscillator is
the relative strength index?, which is the ratio of average price level on “up” days to the
average price on “down” days—during the last z (14 perhaps) days.

The trading range break-out rule typically amounts to buying when the price rises
above a previous peak (local maximum). The idea is that a previous peak is a resistance
level in the sense that some investors are willing to sell when the price reaches that value
(perhaps because they believe that prices cannot pass this level; clear risk of circular
reasoning or self-fulfilling prophecies; round numbers often play the role as resistance
levels). Once this artificial resistance level has been broken, the price can possibly rise
substantially. On the downside, a support level plays the same role: some investors are
willing to buy when the price reaches that value. To implement this, it is common to let
the resistance/support levels be proxied by minimum and maximum values over a data
window of length L. With a bandwidth b (perhaps 0.01), the rule for period ¢ could be

buyintif P, > M, (1 + b)
sellintif P, <m;—;(1—>b) | , where (4.62)
no change otherwise
M;—1 = max(pi—1, ..., pi-s)
m;—y = min(p;—1,..., pr—s).
When the price is already trending up, then the trading range break-out rule may be

replaced by a channel rule, which works as follows. First, draw a trend line through

previous lows and a channel line through previous peaks. Extend these lines. If the price

2Yes, the rumour is true: the tribe of chartists is on the verge of developing their very own language.
3Not to be confused with relative strength, which typically refers to the ratio of two different asset prices
(for instance, an equity compared to the market).
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moves above the channel (band) defined by these lines, then buy. A version of this is to
define the channel by a Bollinger band, which is 2 standard deviations from a moving
data window around a moving average.

A head and shoulder pattern is a sequence of three peaks (left shoulder, head, right
shoulder), where the middle one (the head) is the highest, with two local lows in between
on approximately the same level (neck line). (Easier to draw than to explain in a thousand
words.) If the price subsequently goes below the neckline, then it is thought that a negative
trend has been initiated. (An inverse head and shoulder has the inverse pattern.)

Clearly, we can replace “buy” in the previous rules with something more aggressive,
for instance, replace a short position with a long.

The trading volume is also often taken into account. If the trading volume of assets
with declining prices is high relative to the trading volume of assets with increasing prices
is high, then this is interpreted as a market with selling pressure. (The basic problem with
this interpretation is that there is a buyer for every seller, so we could equally well interpret

the situations as if there is a buying pressure.)

“Foundations of Technical Analysis...”” by Lo, Mamaysky and Wang (2000)

Reference: Lo, Mamaysky, and Wang (2000)

Topic: is the distribution of the return different after a “signal” (TA). This paper uses
kernel regressions to identify and implement some technical trading rules, and then tests
if the distribution (of the return) after a signal is the same as the unconditional distribution
(using Pearson’s y? test and the Kolmogorov-Smirnov test). They reject that hypothesis
in many cases, using daily data (1962-1996) for around 50 (randomly selected) stocks.

See Figures 4.28—4.29 for an illustration.

Technical Analysis and Mean Reversion

If we instead believe in mean reversion of the prices, then we can essentially reverse the
previous trading rules: we would typically sell when the price is high.

Some investors argue that markets show periods of mean reversion and then periods
with trends—an that both can be exploited. Clearly, the concept of a support and re-
sistance levels (or more generally, a channel) is based on mean reversion between these

points. A new trend is then supposed to be initiated when the price breaks out of this
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Figure 4.28: Examples of trading rules.

4.9 Security Analysts

Makridakis, Wheelwright, and Hyndman (1998) 10.1 shows that there is little evidence
that the average stock analyst beats (on average) the market (a passive index portfolio).
In fact, less than half of the analysts beat the market. However, there are analysts which
seem to outperform the market for some time, but the autocorrelation in over-performance
is weak.

The paper by Bondt and Thaler (1990) compares the (semi-annual) forecasts (one-
and two-year time horizons) with actual changes in earnings per share (1976-1984) for

several hundred companies. The paper has regressions like
Actual change = « + B(forecasted change) + residual,

and then studies the estimates of the o and  coefficients. With rational expectations (and
a long enough sample), we should have &« = 0 (no constant bias in forecasts) and § = 1

(proportionality, for instance no exaggeration).
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Distribution of returns for all days Inverted MA rule: after buy signal
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Figure 4.29: Examples of trading rules.

The main findings are as follows. The main result is that 0 < g < 1, so that the
forecasted change tends to be too wild in a systematic way: a forecasted change of 1% is
(on average) followed by a less than 1% actual change in the same direction. This means
that analysts in this sample tended to be too extreme—to exaggerate both positive and
negative news.

Barber, Lehavy, McNichols, and Trueman (2001) give a somewhat different picture.
They focus on the profitability of a trading strategy based on analyst’s recommendations.
They use a huge data set (some 360,000 recommendations, US stocks) for the period
1985-1996. They sort stocks in to five portfolios depending on the consensus (average)
recommendation—and redo the sorting every day (if a new recommendation is published).
They find that such a daily trading strategy gives an annual 4% abnormal return on the
portfolio of the most highly recommended stocks, and an annual -5% abnormal return on

the least favourably recommended stocks.
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Hold index if MA(3) > MA(25) Hold index if B > max(P,y , ..., Ps)
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Weekly rebalancing: hold index or riskfree

Figure 4.30: Examples of trading rules applied to SMI. The rule portfolios are rebalanced
every Wednesday: if condition (see figure titles) is satisfied, then the index is held for the
next week, otherwise a government bill is held. The figures plot the portfolio values.

This strategy requires a lot of trading (a turnover of 400% annually), so trading costs
would typically reduce the abnormal return on the best portfolio to almost zero. A less
frequent rebalancing (weekly, monthly) gives a very small abnormal return for the best
stocks, but still a negative abnormal return for the worst stocks. Chance and Hemler
(2001) obtain similar results when studying the investment advise by 30 professional
“market timers.”

Several papers, for instance, Bondt (1991) and Soderlind (2010), have studied whether
economic experts can predict the broad stock markets. The results suggests that they
cannot. For instance, Soderlind (2010) show that the economic experts that participate in
the semi-annual Livingston survey (mostly bank economists) (ii) forecast the S&P worse
than the historical average (recursively estimated), and that their forecasts are strongly
correlated with recent market data (which in itself, cannot predict future returns).

Boni and Womack (2006) study data on some 170,000 recommendations for a very
large number of U.S. companies for the period 1996-2002. Focusing on revisions of
recommendations, the papers shows that analysts are better at ranking firms within an

industry than ranking industries.

132



Bibliography

Barber, B., R. Lehavy, M. McNichols, and B. Trueman, 2001, “Can investors profit from
the prophets? Security analyst recommendations and stock returns,” Journal of Fi-
nance, 56, 531-563.

Bodie, Z., A. Kane, and A. J. Marcus, 2002, Investments, McGraw-Hill/Irwin, Boston,
5th edn.

Bondt, W. F. M. D., 1991, “What do economists know about the stock market?,” Journal
of Portfolio Management, 17, 84-91.

Bondt, W. F. M. D., and R. H. Thaler, 1990, “Do security analysts overreact?,” American
Economic Review, 80, 52-57.

Boni, L., and K. L. Womack, 2006, “Analysts, industries, and price momentum,”’ Journal
of Financial and Quantitative Analysis, 41, 85-109.

Brock, W., J. Lakonishok, and B. LeBaron, 1992, “Simple technical trading rules and the

stochastic properties of stock returns,” Journal of Finance, 47, 1731-1764.

Brockwell, P.J., and R. A. Davis, 1991, Time series: theory and methods, Springer Verlag,

New York, second edn.

Campbell, J. Y., and J. H. Cochrane, 1999, “By force of habit: a consumption-based
explanation of aggregate stock market behavior,” Journal of Political Economy, 107,
205-251.

Campbell, J. Y., A. W. Lo, and A. C. MacKinlay, 1997, The econometrics of financial

markets, Princeton University Press, Princeton, New Jersey.

Campbell, J. Y., and S. B. Thompson, 2008, “Predicting the equity premium out of sam-
ple: can anything beat the historical average,” Review of Financial Studies, 21, 1509—
1531.

Campbell, J. Y., and L. M. Viceira, 1999, “Consumption and portfolio decisions when

expected returns are time varying,” Quarterly Journal of Economics, 114, 433-495.

133



Chance, D. M., and M. L. Hemler, 2001, “The performance of professional market timers:
daily evidence from executed strategies,” Journal of Financial Economics, 62, 377—
411.

Clark, T. E., and M. W. McCracken, 2001, “Tests of equal forecast accuracy and encom-

passing for nested models,” Journal of Econometrics, 105, 85-110.

Cochrane, J. H., 2005, Asset pricing, Princeton University Press, Princeton, New Jersey,

revised edn.
Diebold, E. X., 2001, Elements of forecasting, South-Western, 2nd edn.

Diebold, F. X., and R. S. Mariano, 1995, “Comparing predcitve accuracy,” Journal of
Business and Economic Statistics, 13, 253-265.

Epstein, L. G., and S. E. Zin, 1991, “Substitution, risk aversion, and the temporal behavior

of asset returns: an empirical analysis,” Journal of Political Economy, 99, 263—-286.

Ferson, W. E., S. Sarkissian, and T. T. Simin, 2003, “Spurious regressions in financial

economics,” Journal of Finance, 57, 1393-1413.

Goyal, A., and I. Welch, 2008, “A comprehensive look at the empirical performance of
equity premium prediction,” Review of Financial Studies 2008, 21, 1455—-1508.

Granger, C. W. J., 1992, “Forecasting stock market prices: lessons for forecasters,” Inter-

national Journal of Forecasting, 8, 3—13.

Huberman, G., and S. Kandel, 1987, “Mean-variance spanning,” Journal of Finance, 42,
873-888.

Leitch, G., and J. E. Tanner, 1991, “Economic forecast evaluation: profit versus the con-

ventional error measures,” American Economic Review, 81, 580-590.

Lo, A. W., and A. C. MacKinlay, 1997, “Maximizing predictability in the stock and bond

markets,” Macroeconomic Dynamics, 1, 102—134.

Lo, A. W., H. Mamaysky, and J. Wang, 2000, “Foundations of technical analysis: com-
putational algorithms, statistical inference, and empirical implementation,” Journal of
Finance, 55, 1705-1765.

134



Makridakis, S., S. C. Wheelwright, and R. J. Hyndman, 1998, Forecasting: methods and
applications, Wiley, New York, 3rd edn.

Murphy, J. J., 1999, Technical analysis of the financial markets, New York Institute of

Finance.

Neely, C. J., 1997, “Technical analysis in the foreign exchange market: a layman’s guide,”

Federal Reserve Bank of St. Louis Review.
Priestley, M. B., 1981, Spectral analysis and time series, Academic Press.

Soderlind, P., 2006, “C-CAPM Refinements and the cross-section of returns,” Financial
Markets and Portfolio Management, 20, 49-73.

Soderlind, P., 2010, “Predicting stock price movements: regressions versus economists,”
Applied Economics Letters, 17, 869-874.

Stekler, H. O., 1991, “Macroeconomic forecast evaluation techniques,” International
Journal of Forecasting, 7, 375-384.

Taylor, S. J., 2005, Asset price dynamics, volatility, and prediction, Princeton University

Press.

The Economist, 1993, “Frontiers of finance,” pp. 5-20.

135



5 Predicting and Modelling Volatility

Sections denoted by a star (*) is not required reading.

Reference: Campbell, Lo, and MacKinlay (1997) 12.2; Taylor (2005) 8—11; Hamil-
ton (1994) 21; Hentschel (1995); Franses and van Dijk (2000); Andersen, Bollerslev,
Christoffersen, and Diebold (2005)

5.1 Heteroskedasticity

5.1.1 Descriptive Statistics of Heteroskedasticity (Realized Volatility)

Time-variation in volatility (heteroskedasticity) is a common feature of macroeconomic
and financial data.

The perhaps most straightforward way to gauge heteroskedasticity is to estimate a
time-series of realized variances from “rolling samples.” For a zero-mean variable, u,,

this could mean

q
of = é doui = A Ui+ U )/, G-D
s=1
where the latest ¢ observations are used. Notice that 07 depends on lagged information,
and could therefore be thought of as the prediction (made in # — 1) of the volatility in 7.
Unfortunately, this method can produce quite abrupt changes in the estimate.

See Figures 5.1-5.3 for illustrations.

An alternative is to apply an exponentially weighted moving average (EWMA) es-
timator of volatility, which uses all data points since the beginning of the sample—but
where recent observations carry larger weights. The weight for lag s be (1 — A)A® where
0<A<l,so0

o7 =(1=1)) A up = 1=y + Ay, +Au] 5+ .., (5.2)
s=1
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Figure 5.1: Standard deviation
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Figure 5.2: Standard deviation of EUR/USD exchange rate changes
which can also be calculated in a recursive fashion as
of = (1—Muz_, + Ao} ;. (5.3)
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Figure 5.3: Standard deviation of exchange rate changes

The initial value (before the sample) could be assumed to be zero or (better) the uncondi-
tional variance in a historical sample. The EWMA is commonly used by practitioners. For
instance, the RISK Metrics (formerly part of JP Morgan) uses this method with A = 0.94
for use on daily data. Alternatively, A can be chosen to minimize some criterion function
like XL (u? — 0?)2.

See Figure 5.4 for an illustration of the weights.

Remark 5.1 (VIX) Although VIX is based on option prices, it is calculated in a way
that makes it (an estimate of) the risk-neutral expected variance until expiration, not the

implied volatility, see Britten-Jones and Neuberger (2000) and Jiang and Tian (2005).

See Figure 5.5 for an example.
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Weight on lagged data (u}, ) in EWMA estimate of volatility
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Figure 5.4: Weights on old data in the EMA approach to estimate volatility
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Figure 5.5: Different estimates of US equity market volatility

We can also estimate the realized covariance of two series (u;; and u ;) by

1 q
Oiji = C—Izui,r—suj,z—s = (Ui—1Uje—1 + Uig2Ujr—2 + ...+ Uis—qUjr—q)/q, (5.4)
s=1
as well as the EWMA

Oij0 = (1 = Muj—1uj—1 + A0ij 1. (5.5)
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Figure 5.6: Correlation of exchange rate changes

By combining with the estimates of the variances, it is straightforward to estimate corre-
lations.

See Figures 5.6-5.7 for illustrations.

5.1.2 Variance and Volatility Swaps

Instead of investing in straddles, it is also possible to invest in variance swaps. Such a

contract has a zero price in inception (in #) and the payoff at expiration (in ¢ 4 m) is
Variance swap payoff, , ,, = realized variance;,, — variance swap rate,, (5.6)

where the variance swap rate (also called the strike or forward price for ) is agreed on at
inception (¢) and the realized volatility is just the sample variance for the swap period.

Both rates are typically annualized, for instance, if data is daily and includes only trading

140



1Correlation of FTSE 100 and DAX 30 1Correlaution of FTSE 100 and DAX 30

3 0.5 5 0.5
Q 8 .
EWMA (A= 0.99) 44-day window
0
1995 2000 2005 2010 1995 2000 2005 2010

Sample (daily) 1991:1-2011:12

Figure 5.7: Time-varying correlations (EWMA and realized)

days, then the variance is multiplied by 252 or so (as a proxy for the number of trading
days per year).
A volatility swap is similar, except that the payoff it is expressed as the difference

between the standard deviations instead of the variances

Volatility swap payoft, , , = \/ realized variance; 4, — volatility swap rate,, 5.7

If we use daily data to calculate the realized variance from ¢ until the expiration(RV; 4,),
then 559
RViim = 72;”=1Rt2+s’ (5.8)

where R, is the net return on day ¢ + s. (This formula assumes that the mean return is
zero—which is typically a good approximation for high frequency data. In some cases,
the average is taken only over m — 1 days.)

Notice that both variance and volatility swaps pays off if actual (realized) volatility
between ¢ and ¢ + m is higher than expected in 7. In contrast, the futures on the VIX pays
off when the expected volatility (in # 4 m) is higher than what was thought in 7. In a way,
we can think of the VIX futures as a futures on a volatility swap (between ¢t + m and a
month later).

Since VIX? is a good approximation of variance swap rate for a 30-day contract, the

return can be approximated as

Return of a variance swap, ,,, = (RV;41n — VIXtZ)/ VIth. (5.9
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Figure 5.8: VIX and realized volatility (variance)

Figures 5.8 and 5.9 illustrate the properties for the VIX and realized volatility of the
S&P 500. It is clear that the mean return of a variance swap (with expiration of 30
days) would have been negative on average. (Notice: variance swaps were not traded
for the early part of the sample in the figure.) The excess return (over a riskfree rate)
would, of course, have been even more negative. This suggests that selling variance
swaps (which has been the speciality of some hedge funds) might be a good deal—except
that it will incur some occasional really large losses (the return distribution has positive
skewness). Presumably, buyers of the variance swaps think that this negative average
return is a reasonable price to pay for the “hedging” properties of the contracts—although

the data does not suggest a very strong negative correlation with S&P 500 returns.

5.1.3 Forecasting Realized Volatility

Implied volatility from options (iv) should contain information about future volatility—as
is therefore often used as a predictor. It is unclear, however, if the iv is more informative
than recent (actual) volatility, especially since they are so similar—see Figure 5.8.

Table 5.1 shows that the iv (here represented by VIX) is close to be an unbiased
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Figure 5.9: Distribution of return from investing in variance swaps

predictor of future realized volatility since the slope coefficient is close to one. However,
the intercept is negative, which suggests that the iv overestimate future realized volatility.
This is consistent with the presence of risk premia in the iv, but also with subjective beliefs
(pdfs) that are far from looking like normal distributions. By using both iv and the recent

realized volatility, the forecast powers seems to improve.

Remark 5.2 (Restricting the predicted volatility to be positive) A linear regression (like
those in Table 5.1) can produce negative volatility forecasts. An easy way to get around

that is to specify the regression in terms on the log volatility.

Remark 5.3 (Restricting the predicted correlation to be between —1 and 1) The per-
haps easiest way to do that is to specify the regression equation in terms of the Fisher
transformation, z = 1/2In[(1 + p)/(1 — p)], where p is the correlation coefficient.
The correlation coefficient can then be calculated by the inverse transformation p =
[exp(2z) — 1]/[exp(22) + 1].
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M 2 3)

lagged RV 0.75 0.27
(10.98) (2.20)

lagged VIX 0.91 0.63
(12.54) (7.25)

constant 4.01 —2.64 —1.16
(4.26) (—2.05) (—1.48)

R2 0.56 0.60 0.62
obs 5555.00  5575.00  5555.00

Table 5.1: Regression of 22-day realized S&P return volatility 1990:1-2012:4. All daily
observations are used, so the residuals are likely to be autocorrelated. Numbers in paren-
theses are t-stats, based on Newey-West with 30 lags.

Corr(EUR,GBP) Corr(EUR,CHF) Corr(EUR,JPY)

lagged Corr(EUR,GBP) 0.91
(28.94)
lagged Corr(EUR,CHF) 0.87
(11.97)
lagged Corr(EUR,JPY) 0.81
(16.84)

constant 0.05 0.09 0.05

(2.97) (1.76) (2.83)
R2 0.85 0.76 0.66
obs 166.00 166.00 166.00

Table 5.2: Regression of monthly realized correlations 1998:1-2011:11. All exchange
rates are against the USD. The monthly correlations are calculated from 5 minute data.
Numbers in parentheses are t-stats, based on Newey-West with 1 lag.

5.1.4 Heteroskedastic Residuals in a Regression

Suppose we have a regression model

y: = x,b + &, where (5.10)
Ee;, = 0and Cov(x;;, &) = 0.
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RV(EUR) RV(GBP) RV(CHF) RV(JPY)

lagged RV(EUR) 0.62
(7.59)
lagged RV(GBP) 0.73
(10.70)
lagged RV(CHF) 0.33
(2.59)
lagged RV(JPY) 0.56
(5.12)
constant 0.12 0.07 0.29 0.20
(3.40) (2.51) (3.99) (2.97)
D(Tue) 0.04 0.02 0.07 0.00
(2.91) (1.55) (2.15) (0.11)
D(Wed) 0.06 0.06 0.04 0.06
(4.15) (3.97) (1.53) (1.92)
D(Thu) 0.07 0.06 0.09 0.08
(4.86) (3.24) (3.90) (1.83)
D(Fri) 0.08 0.04 0.09 0.06
(3.54) (2.04) (5.19) (1.67)
R2 0.39 0.53 0.11 0.31
obs 3629.00  3629.00  3629.00  3629.00

Table 5.3: Regression of daily realized variance 1998:1-2011:11. All exchange rates are
against the USD. The daily variances are calculated from 5 minute data. Numbers in
parentheses are t-stats, based on Newey-West with 1 lag.

In the standard case we assume that ¢, is iid (independently and identically distributed),
which rules out heteroskedasticity.

In case the residuals actually are heteroskedasticity, least squares (LS) is nevertheless
a useful estimator: it is still consistent (we get the correct values as the sample becomes
really large)—and it is reasonably efficient (in terms of the variance of the estimates).
However, the standard expression for the standard errors (of the coefficients) is (except in
a special case, see below) not correct. This is illustrated in Figure 5.11.

There are two ways to handle this problem. First, we could use some other estimation
method than LS that incorporates the structure of the heteroskedasticity. For instance,
combining the regression model (5.10) with an ARCH structure of the residuals—and

estimate the whole thing with maximum likelihood (MLE) is one way. As a by-product
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Figure 5.10: Effect of heteroskedasticity on uncertainty about regression line

we get the correct standard errors provided, of course, the assumed distribution is cor-
rect. Second, we could stick to OLS, but use another expression for the variance of the
coefficients: a “heteroskedasticity consistent covariance matrix,” among which “White’s
covariance matrix” is the most common.

To test for heteroskedasticity, we can use White'’s test of heteroskedasticity. The null
hypothesis is homoskedasticity, and the alternative hypothesis is the kind of heteroskedas-
ticity which can be explained by the levels, squares, and cross products of the regressors
(denoted w;)—clearly a special form of heteroskedasticity. The reason for this specifica-
tion is that if the squared residual is uncorrelated with wy, then the usual LS covariance
matrix applies—even if the residuals have some other sort of heteroskedasticity.

To implement White’s test, let w; be the squares and cross products of the regressors.

The test is then to run a regression of squared fitted residuals on wy;
a2 /
g = w,y + vy, (5.11)

and to test if all the slope coefficients (not the intercept) in y are zero. (This can be done
be using the fact that TR* ~ x>, p = dim(w;) — 1.)

Example 5.4 (White’s test) If the regressors include (1, x14, X2;) then w; in (5.11) is the

2 2
vector (1, X1¢, X271, X172 X1: X215 X5;)-
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Figure 5.11: Variance of OLS estimator, heteroskedastic errors

5.1.5 Autoregressive Conditional Heteroskedasticity (ARCH)

Autoregressive heteroskedasticity is a special form of heteroskedasticity—and it is often
found in financial data which shows volatility clustering (calm spells, followed by volatile
spells, followed by...).

To test for ARCH features, Engle’s test of ARCH is perhaps the most straightforward.
It amounts to running an AR(g) regression of the squared zero-mean variable (here de-
noted u;)

u; = w+au; |+ ... +aqui_, + v, (5.12)

Under the null hypothesis of no ARCH effects, all slope coefficients are zero and the R?
of the regression is zero. (This can be tested by noting that, under the null hypothesis,
TR?> ~ )((21.) This test can also be applied to the fitted residuals from a regression like
(5.10). However, in this case, it is not obvious that ARCH effects makes the standard
expression for the LS covariance matrix invalid—this is tested by White’s test as in (5.11).

It is straightforward to phrase Engle’s test in terms of GMM moment conditions. We
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simply use a first set of moment conditions to estimate the parameters of the regression
model, and then test if the following additional (ARCH related) moment conditions are

satisfied at those parameters

2
Ui

E| : (u? —ag) = 0yx;. (5.13)

2
ut_q

2

An alternative test (see Harvey (1989) 259-260), is to apply a Box-Ljung test on #7, to

see if the squared fitted residuals are autocorrelated. We just have to adjust the degrees of
freedom in the asymptotic chi-square distribution by subtracting the number of parameters
estimated in the regression equation. These tests for ARCH effects will typically capture
GARCH (see below) effects as well.

5.2 ARCH Models

Consider the regression model

y: = x,b + u,, where (5.14)
Eu, = 0and Cov(x;s,u;) = 0.

We will study different ways of modelling how the volatility of the residual is autocorre-
lated.

5.2.1 Properties of ARCH(1)
In the ARCH(1) model the residual in the regression equation (5.14) can be written

Uy = V40y, with (515)
v; ~ iid with Ev, = 0 and Var(v;) = 1,

and the conditional variance is generated by

07 = o +au’_;, with (5.16)

w>0and0 <o < 1.
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Figure 5.12: ARCH and GARCH estimates

Notice that 67 is the conditional variance of u,, and it is known already in # — 1. (Warning:
some authors use a different convention for the time subscripts.) We also assume that v,
is truly random, and hence independent of 2.

See Figure 5.12 for an illustration.

The non-negativity restrictions on @ and « are needed in order to guarantee o> > 0.
The upper bound o < 1 is needed in order to make the conditional variance stationary.
To see the latter, notice that the forecast (made in ¢) of volatility in ¢ 4 s is (since 0,2 1 18
known in t)

2 2 sl (2 22\ 22
E, 0/, =6"+a" " (07, —0%),withg® =

, (5.17)
l—«o

where 62 is the unconditional variance. The forecast of the variance is just like in an
AR(1) process. A value of @ < 1 is needed to make the difference equation stable.

The conditional variance of u, is clearly equal to the expected value of o7,
Var, (u;45) = E; at2+s. (5.18)

Proof. (of (5.17)-(5.18)) Notice that E, 07, = w + « E, v}, E; 07, since v, is

149



independent of o;. Morover, E, v7,; = 1 and E; 67, ; = 07, (known in 7). Combine to
getE, 07, = o + ao?,,. Similarly, E, 07, ; = o + « E, 67, ,. Substitute for E; 07, to
getE, 0}, ; = o + a(w + ao}, ), which can be written as (5.17). Further periods follow
the same pattern.

To prove (5.18), notice that Var; (u,4s) = E; v}, 02, = B, v7,  E; 07, since v;4
and 0,4, are independent. In addition, E; vf +s = 1, which proves (5.18). =

If we assume that v, is iid N (O, 1), then the distribution of 1, , conditional on the
information in ¢, is N (0, otz _H), where 0,41 1s known already in 7. Therefore, the one-step
ahead distribution is normal—which can be used for estimating the model with MLE.
However, the distribution of u, 4, (still conditional on the information in ¢) is more com-
plicated. Notice that

— — 2 2
Uido = Vr420142 = vt+z\/w + v 104, (5.19)

which is a nonlinear function of v,4, and v, 1, both of which are standard normal. This
makes u; 1, have a non-normal distribution. In fact, it will have fatter tails than a normal
distribution with the same variance (excess kurtosis). This spills over to the unconditional

distribution which has the following kurtosis

Eu? 3 1_“22 > 3 if denominator is positive
= (5.20)

1-3«x
(E “%)2 00 otherwise.

As a comparison, the kurtosis of a normal distribution is 3. This means that we can
expected u, to have fat tails, but that the standardized residuals u, /o, perhaps look more
normally distributed. See Figure 5.14 for an illustration (although based on a GARCH

model).

Example 5.5 (Kurtosis) Witha = 1/3, the kurtosisis 4, ato = 0.5 itis 9 and at ¢ = 0.6

it is infinite.

Proof. (of (5.20)) Since v, and o, are independent, we have E(u?) = E(v?o?) =
Eo? and E(u}) = E(vlo}) = E(o})E(v}) = E(0}')3, where the last equality follows
from E(v}) = 3 for a standard normal variable. To find E(0}'), square (5.16) and take
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expectations (and use Eo? = w/(1 — @))

Eo! = w? +o?Eu} | + 2waEu?_|
= w? + o?E(0})3 + 20%a/(1 —a), so

2
Eob — 1+« w .
! 1 —3a% (1 —a)

Multiplying by 3 and dividing by (Eu?)? = @?/(1 — «)? gives (5.20). =

5.2.2 Estimation of the ARCH(1) Model

Suppose we want to estimate the ARCH model—perhaps because we are interested in
the heteroskedasticity or because we want a more efficient estimator of the regression
equation than LS. We therefore want to estimate the full model (5.14)—(5.16) by ML or
GMM.

The most common way to estimate the model is to assume that v, is iid N(0, 1) and
to set up the likelihood function. The log likelihood is easily found, since the model is

conditionally Gaussian. It is

T 1 < 1w
Ing=—=InQn) - Y Ino? — 5 > o if (5.21)

t=1 t=1

v, is iid N(0, 1).

By plugging in (5.14) for u, and (5.16) for o2, the likelihood function is written in terms
of the data and model parameters. The likelihood function is then maximized with respect
to the parameters. Note that we need a starting value of 67 = ® + auj. The most
convenient (and common) way is to maximize the likelihood function conditional on a y,
and xo. That is, we actually have a sample from (r =) 0 to 7', but observation O is only
used to construct a starting value of 0. The optimization should preferably impose the
constraints in (5.16). The MLE is consistent.

Remark 5.6 (Likelihood function of x; ~ N(u,c?)) The pdf of an x; ~ N(u,0?) is

( l(x,—u)z)
exp| —=—————— ),

2 o2

pdf(x;) =

To?
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so the log-likelihood is

1 1., 1T —p?
ll'lﬁt = —Eln(Zn) — 511’10' — ET

If x; and xg are independent (uncorrelated if normally distributed), then the joint pdf
is the product of the marginal pdfs—and the joint log-likelihood is the sum of the two
likelihoods.

Remark 5.7 (Coding the ARCH(1) ML estimation) A straightforward way of coding the
estimation problem (5.14)—(5.16) and (5.21) is as follows.

First, guess values of the parameters b (a vector), and w, and . The guess of b can be
taken from an LS estimation of (5.14), and the guess of w and o from an LS estimation of
0? = w + ai?_, + &; where 1, are the fitted residuals from the LS estimation of (5.14).
Second, loop over the sample (firstt = 1, thent = 2, etc.) and calculate i; from (5.14)
and 0,2 from (5.16). Plug in these numbers in (5.21) to find the likelihood value.

Third, make better guesses of the parameters and do the second step again. Repeat until

the likelihood value converges (at a maximum).

Remark 5.8 (Imposing parameter constraints on ARCH(1)) To impose the restrictions in
(5.16) when the previous remark is implemented, iterate over values of (b, ®, &) and let

w = &% and o = exp(a)/[1 + exp(a)].

It is often found that the fitted normalized residuals, i, /0, still have too fat tails
compared with N (0, 1). Estimation using other likelihood functions, for instance, for a
t-distribution can then be used. Or the estimation can be interpreted as a quasi-ML (is
typically consistent, but requires different calculation of the covariance matrix of the pa-
rameters).

Another possibility is to estimate the model by GMM using, for instance, the follow-

ing moment conditions

XUy
E| u?—o? = 0k +2)x1, (5.22)

”%—1(”% - Utz)

where u; and Gtz are given by (5.14) and (5.16).
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It is straightforward to add more lags to (5.16). For instance, an ARCH(p) would be

ol=w+oau_ +...+ apuf_p. (5.23)

We then have to add more moment conditions to (5.22), but the form of the likelihood
function is the same except that we now need p starting values and that the upper bound-

ary constraint should now be ¥ f=1a i < L.

5.3 GARCH Models

Instead of specifying an ARCH model with many lags, it is typically more convenient to
specify a low-order GARCH (Generalized ARCH) model. The GARCH(1,1) is a simple

and surprisingly general model where

o} = w +aur_, + Bo? |, with (5.24)
w>0,a,p>0;anda + B < 1,

combined with (5.14) and (5.15).

See Figure 5.12 for an illustration.

The non-negativity restrictions are needed in order to guarantee that 02 > 0 in all
periods. The upper bound & + B < 1 is needed in order to make the o stationary and
therefore the unconditional variance finite. To see the latter, notice that we in period ¢ can

forecast the future conditional variance ((rt2 | s) as (since atz 1 1s known in #)

E 0%, =62+ (a+ B) " (62, —62), with 52 = ﬁ (5.25)
where &2 is the unconditional variance. This has the same form as in the ARCH(1) model
(5.17), but where the sum of @ and f is like an AR(1) parameter. The restrictionx+ 8 < 1
must hold for this difference equation to be stable.

As for the ARCH model, the conditional variance of u, is clearly equal to the ex-
pected value of o7,

Var,(us45) = B 07, (5.26)

Assuming that u, has no autocorrelation, it follows directly from (5.25) that the ex-
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Figure 5.13: Conditional standard deviation, estimated by GARCH(1,1) model

QQ plot of AR residuals

S&P 500 returns (daily) O
1954:1-2011:12

0.1th to 99.9th
percentile

S NN~

|
)

AR(1)

Stand. residuals:
O ’lLt/O'
O

-5 0 5
Quantiles from N(0,1), %

Empirical quantiles
L

|
N

Empirical quantiles

QQ plot of AR&GARCH residuals
6

4
2
0
AR(1)&GARCH(1,1)
-4 Stand. residuals:
Ut / ot
-5 0 5

Quantiles from N(0,1), %

Figure 5.14: QQ-plot of residuals
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Figure 5.15: Results for a univariate GARCH model

pected variance of a longer time period (U;41 + Us42 + ... + Ui+ k) 1S

Vart(ZsK:Wtﬂ) = E; Zf=10t2+s = K&* + Zle (a + IB)S_I (Ut2+1 - 52)
1= (@+pX
l1—(x+p)

This is useful for portfolio choice and asset pricing when the horizon is longer than one

= K52 + (0741 —0?%). (5.27)

period (day, perhaps).

See Figures 5.13-5.14 for illustrations.

Proof. (of (5.25)~(5.27)) Notice that E; 07,, = o + aE, v}, E; 02 | + Bo},
since v, is independent of o,. Morover, E, v7,; = 1 and E, 0}, ; = o2, (known in 7).
Combine to get E; 07, , = w + (o + B)o7, ;. Similarly, E, 67 ; = w + (¢ + B) E; 07,.
Substitute for E; 67, , to get E; 073 = 0 + (¢ + B)[w + (« + B)o} ], which can be
written as (5.25). Further periods follow the same pattern.

To prove (5.27), use (5.25) and notice that Z;K=1 (@+p)y ' = [1—=(a+BX]/[1 = (x+ B
n

Remark 5.9 (EWMA) The GARCH(1,1) has many similarities with the exponential mov-

ing average estimator of volatility
07 = (1 - Mul_, + Aol .

This methods is commonly used by practitioners. For instance, the RISK Metrics uses
this method with A = 0.94. Clearly, A plays the same type of role as B in (5.24) and

1 — A as a. The main differences are that the exponential moving average does not have
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a constant and volatility is non-stationary (the coefficients sum to unity). See Figure 5.13

for a comparison.

The kurtosis of the process is

4 1—(a+p8)? . . . .-
Eu; 3—1_2a2_(a B 3 if denominator is positive (5.28)

(Eu?)? ) « otherwise.

Proof. (of (5.28)) Since v, and o, are independent, we have E(u?) = E(v?0?) = Eo?
and E(u?) = E(vio}) = E(6}) E(v}) = E(0}")3, where the last equality follows from

E(v}) = 3 for a standard normal variable. We also have E(u?0?) = Eo}

Eo; = E(o + auj_; + o} )?
=w’+a’Eu}_, + B*Eo, | + 200 Eu?_| + 2w0BEo} | + 2B E(u?_ 0} )
= w® 4+ a*E(0})3 + B*Eo} + 2wa Eo? + 20BEo? + 208 Eo}
_ 0”4 2w(a+ B)Eo}
1 —2a2 — (a + B2)2°

Use Eo? = /(1 —a— f), multiply by 3 and divide by (Eu?)? = w?/(1 —a — B)? gives
(5.28). m

The GARCH(1,1) corresponds to an ARCH(c0) with geometrically declining weights,
which is seen by solving (5.24) recursively by substituting for 6, (and then 67 ,, 67 ,,

)

-8
This suggests that a GARCH(1,1) might be a reasonable approximation of a high-order

ARCH.
Proof. (of (5.29)) Substitute for 6, in (5.24), and then for 67 _,, etc

w >
o =——+ay pui, ;. (5.29)
j=0

2
0i—1

07 =w+auly + Bw +oul, + for,)
=w(l+8)+ 0”/’?—1 + IB““?—Z + ,32(7:2—2

and we get (5.29). m
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To estimate the model consisting of (5.14), (5.15) and (5.24) we can still use the
likelihood function (5.21) and do a MLE. We typically create the starting value of uZ as
in the ARCH model (use y and x, to create u), but this time we also need a starting value
of 02. It is often recommended that we use 0§ = Var(#i,), where 1i, are the residuals from

a LS estimation of (5.14). It is also possible to assume another distribution than N (0, 1).

Remark 5.10 (Imposing parameter constraints on GARCH(1,1)) To impose the restric-
tions in (5.24), iterate over values of (b,(f),o?,,g) and let o = @%, a = exp(@)/[1 +
exp(@) + exp(B)]. and p = exp(B)/[1 + exp(@) + exp(B)].

To estimate the GARCH(1,1) with GMM, we can, for instance, use the following

moment conditions (where crtz is given by (5.24))

XUy

u; = o; = O(k+3)x1, Where u, = y; — x,b (5.30)
u;_y(ui —o}) o o .
u;_,(ui —o7)

Remark 5.11 (Value at Risk) The value at risk (as fraction of the investment) at the o

level (say, @ = 0.95) is VaR, = —cdf ' (1 — «), where cdf () is the inverse of the cdf—

so cdf (1 — «) is the | — a quantile of the return distribution. See Figure 5.16 for an

illustration. When the return has an N (i, 02) distribution, then VaRosq, = —(1u—1.640).

See Figures 5.17-5.19 for an example of time-varying VaR, based on a GARCH model.

5.4 Non-Linear Extensions

A very large number of extensions of the basic GARCH model have been suggested.
Estimation is straightforward since MLE is done as for any other GARCH model—just
the specification of the variance equation differs.

An asymmetric GARCH (Glosten, Jagannathan, and Runkle (1993)) can be con-

structed as

07 =+ aur_, + Bol | + y8(u;—1 > O)u?_,, where (5.31)
1 if g is true
8(q) =
0 else.
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Value at risk and density of returns

VaRgsy, = — (the 5% quantile)
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Figure 5.16: Value at risk
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unconditional distribution

Figure 5.17: Conditional volatility and VaR

This means that the effect of the shock u?_, is « if the shock was negative and o + y if

the shock was positive. With y < 0, volatility increases more in response to a negative

u;—1 (“bad news”) than to a positive u,_;.
The EGARCH (exponential GARCH, Nelson (1991)) sets

Ur—1

U,
e1| + Blno; ;| +y

Ino} =w+a :
O0t—1 0r-1

(5.32)
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Figure 5.18: Backtesting VaR from a GARCH model, assuming normally distributed
shocks

Apart from being written in terms of the log (which is a smart trick to make 6? > 0 hold
without any restrictions on the parameters), this is an asymmetric model. The |u,_;| term
is symmetric: both negative and positive values of u,_; affect the volatility in the same
way. The linear term in u,_; modifies this to make the effect asymmetric. In particular,
if y < 0, then the volatility increases more in response to a negative u;_; (“bad news”)
than to a positive u;_;.

Hentschel (1995) estimates several models of this type, as well as a very general
formulation on daily stock index data for 1926 to 1990 (some 17,000 observations). Most

standard models are rejected in favour of a model where o, depends on 0,_; and |u;—; —
b|3/2.

5.5 GARCH Models with Exogenous Variables

We could easily extend the GARCH(1,1) model by adding exogenous variables x;_;, for
instance, VIX

o2 =w+au?_ | + Bol | + yx;—1, (5.33)
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Figure 5.19: Backtesting VaR from a GARCH model, assuming normally distributed
shocks

where care must be taken to guarantee that 6> > 0. One possibility is to make sure that
x; > 0 and then restrict y to be non-negative. Alternatively, we could use an EGARCH

formulation like
[t—1]

Ino? =w +« + BIno? | + yx,_;. (5.34)

Or—1
These models can be estimated with maximum likelihood.

5.6 Stochastic Volatility Models

A stochastic volatility model differs from GARCH models by making the volatility truly
stochastic. Recall that in a GARCH model, the volatility in period ¢ (o0;) is know already

in  —1. This is not the case in a stochastic volatility model where the log volatility follows
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an ARMA process. The simplest case is the AR(1) formulation

Ino? = w + Blno?, + On,, (5.35)
with n, ~1idN(0, 1),

combined with (5.14) and (5.15).

The estimation of a stochastic volatility model is complicated—and the basic reason
is that it is very difficult to construct the likelihood function. So far, the most practical
way to do MLE is by simulations.

Instead, stochastic volatility models are often estimated by quasi-MLE. For the model
(5.15) and (5.35), this could be done as follows: square (5.15) and take logs to get

Inu? = Elnv? + Ino? + (Inv? — Elnv?). (5.36)

We could use this as the measurement equation in a Kalman filter (pretending that In v —
Eln vl2 is normally distributed), and (5.35) as the state equation. (The Kalman filter is a
convenient way to calculate the likelihood function.) In essence, this is an AR(1) model
with “noisy observations.”

If In v? is normally distributed , then this will give MLE, otherwise just a quasi-MLE.
For instance, if v, is iid N (0, 1) (see Ruiz (1994)) then we have approximately EIn v? a
—1.27 and Var(Inv?) = 7?/2 (with 7 = 3.14...) so we could write the measurement

equation as

Inu? = —1.27 + Ino} + w,, with (5.37)
w; ~ N(0, 7%/2).

In this case, only the state equation contains parameters that we need to estimate: w, 3, 6.

See Figure 5.20 for an example.

5.7 (G)ARCH-M

It can make sense to let the conditional volatility enter the mean equation—for instance,

as a proxy for risk which may influence the expected return.
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Figure 5.20: Conditional standard deviation, stochastic volatility model

Example 5.12 (Mean-variance portfolio choice) A mean variance investor solves

maxq E R, — 051(/2,
subjectto R, = aRp, + (1 —a)Ry,

where R,, is the return on the risky asset (the market index) and Ry is the riskfree return.

The solution is
1 E(R, — Ry)
o0 =-——"-
k o2

In equilibrium, this weight is one (since the net supply of bonds is zero), so we get

E(R, — Ry) = ko],

which says that the expected excess return is increasing in both the market volatility and

risk aversion (k).

We modify the “mean equation” (5.14) to include the conditional variance 7 or the

standard deviation o, (taken from any of the models for heteroskedasticity) as a regressor

Ve = x;b + ‘/’0;2 +us, E(uslxs,00) =0. (5.38)
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Figure 5.21: GARCH-M example

Note that otz is predetermined, since it is a function of information in ¢ — 1. This model
can be estimated by using the likelihood function (5.21) to do MLE.

It can also be noted (see Gourieroux and Jasiak (2001) 11.3) that a slightly modified
GARCH-M model is the discrete time sampling version of a continuous time stochastic
volatility model (where the mean is affected by one Wiener process and the variance by
another).

See Figure 5.21 for an example.

Remark 5.13 (Coding of (G)JARCH-M) We can use the same approach as in Remark
5.7, except that we use (5.38) instead of (5.14) to calculate the residuals (and that we

obviously also need a guess of ).

5.8 Multivariate (G)ARCH

5.8.1 Different Multivariate Models

This section gives a brief summary of some multivariate models of heteroskedasticity. Let
the model (5.14) be a multivariate model where y, and u, are n x 1 vectors. We define

the conditional (on the information set in # — 1) covariance matrix of u; as
Et - Et—l utu;. (539)

It may seem as if a multivariate (matrix) version of the GARCH(1,1) model would
be simple, but it is not. The reason is that it would contain far too many parameters.

Although we only need to care about the unique elements of X, that is, vech(X;), this
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still gives very many parameters
vech(X,) = C 4+ Avech(u,_ju,_;) + Bvech(X;_1). (5.40)

This typically gives too many parameters to handle—and makes it difficult to impose
sufficient restrictions to make X; is positive definite (compare the restrictions of positive
coefficients in (5.24)).

Example 5.14 (vech formulation, n = 2) For instance, with n = 2 we have

2
011, UT 1 011,6—1

o2y | =C+A| urs—uzs— | +B| 02101 |

2
022t Us 11 022,t—1

where C is 3 x 1, Ais 3 x 3, and B is 3 x 3. This gives 21 parameters, which is already

hard to manage. We have to limit the number of parameters.

The Diagonal Model

The diagonal model assumes that A and B are diagonal. This means that every element
of X follows a univariate process. To make sure that X is positive definite we have
to impose further restrictions. The obvious drawback of this model is that there is no

spillover of volatility from one variable to another.

Example 5.15 (Diagonal model, n = 2) With n = 2 we have

2
O11,t C1 ap 0 O UT 1 by 0 O O11,t—1
o210 | =|c2|+]0 ap O Up—Ua—1 |+ [0 by O 021,01 | >
2
022t C3 0 0 as u2,t—1 0 0 b3 022,1—1

which gives 3 + 3 + 3 = 9 parameters (in C, A, and B, respectively).

The BEKK Model

The BEKK model makes X', positive definite by specifying a quadratic form

%, =C+ Au,, A+ B'S,_,B, (5.41)
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where C is symmetric and A and B are n x n matrices. Notice that this equation is
specified in terms of X, not vech(X;). Recall that a quadratic form positive definite,

provided the matrices are of full rank.

Example 5.16 (BEKK model, n = 2) With n = 2 we have
T 2
O11,¢ O12¢| _ [C11 C12 n ail diz Ut Urr—1U2—1 | [ d11 d12 n
- 2
012, 022 Ci2 (22 a1 dz2 | |[Ulr—1U2,-1 Us 11 dz1 a4z

/ —
bi1 b1z O11,t—1 O12,4-1 bi1 b1z
b
by ba 012,01 022,11 | by ba

which gives 3 + 4 + 4 = 11 parameters (in C, A, and B, respectively).

The Constant Correlation Model

The constant correlation model assumes that every variance follows a univariate GARCH
process and that the conditional correlations are constant. To get a positive definite X,
each individual GARCH model must generate a positive variance (same restrictions as
before), and that all the estimated (constant) correlations are between —1 and 1. The price

is, of course, the assumption of no movements in the correlations.

Example 5.17 (Constant correlation model, n = 2) With n = 2 the covariance matrix is

O11r O12¢ | | 4/011 0 1 pr2 A O11,t 0
012, 022 0 Jo2g | [ P12 1 0 V0221

and each of 011; and 033; follows a GARCH process. Assuming a GARCH(1,1) as in
(5.24) gives T parameters (2 x 3 GARCH parameters and one correlation), which is con-

venient.

Remark 5.18 (Imposing parameter constraints on a correlation) To impose the restric-

tion that —1 < p < 1, iterate over p and let p = 1 — 2/[1 + exp(p)].

Remark 5.19 (Estimating the constant correlation model) A quick (and dirty) method
for estimating is to first estimate the individual GARCH processes and then estimate the
correlation of the standardized residuals w1,/ /011, and Uz / /022 4.
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The Dynamic Correlation Model

The dynamic correlation model (see Engle (2002) and Engle and Sheppard (2001)) allows
the correlation to change over time. In short, the model assumes that each conditional
variance follows a univariate GARCH process and the conditional correlation matrix is
(essentially) allowed to follow a univariate GARCH equation.

The conditional covariance matrix is (by definition)
Et = DthDt,With Dt = diag(4/0—l‘i,t), (542)

and R, is the conditional correlation matrix (discussed below).

Remark 5.20 (diag(a;) notation) diag(a;) denotes the nxn matrix with elements ay, a,, . .

along the main diagonal and zeros elsewhere. For instance, if n = 2, then

0
diag(a;) = |:a01 ) j|
2

The conditional correlation matrix R; is allowed to change like in a univariate GARCH
model, but with a transformation that guarantees that it is actually a valid correlation ma-
trix. First, let v, be the vector of standardized residuals and let O be the unconditional
correlation matrix of v,. For instance, if assume a GARCH(1,1) structure for the correla-

tion matrix, then we have

Or=(0—-a- ﬁ)Q_ + avt—lv;_1 + BO;—1, with Vi = Ui,t/\/Uii,z, (5.43)

where o and B are two scalars and Q is the unconditional covariance matrix of the nor-
malized residuals (v;). To guarantee that the conditional correlation matrix is indeed a
correlation matrix, Q, is treated as if it where a covariance matrix and R, is simply the

implied correlation matrix. That is,

R, = diag (\/girs)  Q.diag (VGiiz) - (5.44)

The basic idea of this model is to estimate a conditional correlation matrix as in (5.44)
and then scale up with conditional variances (from univariate GARCH models) to get a
conditional covariance matrix as in (5.42).

See Figures 5.22-5.23 for illustrations—which also suggest that the correlation is
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close to what an EWMA method delivers. The DCC model is used in a study of asset
pricing in, for instance, Duffee (2005).

Example 5.21 (Dynamic correlation model, n = 2) With n = 2 the covariance matrix

X, is
O11,t O12, | _ | 4/011, 0 I prae || /O11 0
012, 022 0 Vo2 | [ P2 1 0  Joai|

and each of 011; and 035, follows a GARCH process. To estimate the dynamic correla-

tions, we first calculate (where a and B are two scalars)

/
die Gz | _ (1—a—B) _1 qi2 ‘e V=1 | | V1,e—1 +B diii—1 q12,4-1 ’
12, 422 gz 1 Var—1 | | V2,i—1 q12,:-1 422,:—1

where Vi ;—1 = U;—1//0ii,i—1 and q;; is the unconditional correlation of v;; and v;,

and we get the conditional correlations by

L prae| 1 q12,¢/ /91119221
P12 1 q12.t/ /91109221 1

Assuming a GARCH(1,1) as in (5.24) gives 9 parameters (2 x 3 GARCH parameters,

(512’ o, IB))

To see what DCC generates, consider the correlation coefficient from a bivariate

model

P12 = L, where (5.45)
VA11,t /G422,

G2y = (1 —a— B)g12 + av1-1V2,,-1 + BG12,1—1
gy =0—a—PB)+avi—1V1:-1 + BGi1,—1
g =1 —a—B)+ava;—1v2,-1 + BG22,-1-

This is a complicated expression, but the the numerator is the main driver: ¢;;, and
22, are variances of normalized variables—so they should not be too far from unity.
Therefore, g1, 1s close to being the correlation itself. The equation for g;, ; shows that
it has a GARCH structure: it depends on vy ;—;v, ,—1 and g1, —1. Provided @ and f are

large numbers, we can expect the correlation to be strongly autocorrelated.
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Figure 5.22: Results for multivariate GARCH models

5.8.2 Estimation of a Multivariate Model

In principle, it is straightforward to specify the likelihood function of the model and then
maximize it with respect to the model parameters. For instance, if u, is iid N (0, X;), then

the log likelihood function is

Tn 1 <& 1 &
InL =——-In(m) - D In|x,|- 5 ;M,Et_lu,. (5.46)

t=1

In practice, the optimization problem can be difficult since there are typically many pa-

rameters. At least, good starting values are required.

Remark 5.22 (Starting values of a constant correlation GARCH(1,1) model) Estimate
GARCH(1,1) models for each variable separately, then estimate the correlation matrix

on the standardized residuals.
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Figure 5.23: Time-varying correlations (different EWMA estimates)

Remark 5.23 (Estimation of the dynamic correlation model) Engle and Sheppard (2001)
suggest estimating the dynamic correlation matrix by two-step procedure. First, estimate
the univariate GARCH processes. Second, use the standardized residuals to estimate the
dynamic correlations by maximizing the likelihood function (5.46 if we assume normally
distributed errors) with respect to the parameters a and B. In this second stage, both the
parameters for the univariate GARCH process and the unconditional covariance matrix

O are kept constant.

5.9 “A Closed-Form GARCH Option Valuation Model” by Heston
and Nandi

References: Heston and Nandi (2000) (HN); Duan (1995)
This paper derives an option price formula for an asset that follows a GARCH process.

This is applied to S&P 500 index options, and it is found that the model works well
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Figure 5.24: Comparison of normal and simulated distribution of m-period returns
compared to a Black-Scholes formula.

5.9.1 Background: GARCH vs Normality

The ARCH and GARCH models imply that volatility is random, so they are (strictly
speaking) not consistent with the B-S model. However, they are often combined with the
B-S model to provide an approximate option price. See Figure 5.24 for a comparison
of the actual distribution of the log asset price at different horizons when the returns
are generated by a GARCH model—and a normal distribution with the same mean and
variance. Itis clear that the normal distribution is a good approximation unless the horizon
is short and the ARCH component (¢;u?_,) dominates the GARCH component (8107 ).
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Correlation of AlnS; and Ay in Heston and Nandi (2000, RFS)

Parameter value
0.1 A 0.205
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0 a-10° 0.132
0.1} 38 0.589
’ Y 421.39
0.2}
-03r
-04F
-0.5¢
-10 -5 0 5 10

s (lead of h)

Figure 5.25: Simulated correlations of AlnS; and /A,

5.9.2 Option Price Formula: Part 1

Over the period from ¢ to ¢t + A the change of log asset price minus a riskfree rate (includ-
ing dividends/accumulated interest), that is, the continuously compounded excess return,
follows a kind of GARCH(1,1)-M process

InS; —InS;_a —r = A, + Vhez,, where z, isiid N(0, 1) (5.47)
he =+ a1(zi—a — Y1vVhi—a)® + Brhi—a. (5.48)

The conditional variance would be a standard GARCH(1,1) process if y; = 0. The
additional term makes the response of 4, to an innovation symmetric around y; Shi—ia
instead of around zero. (HN also treat the case when the process is of higher order.)

If y; > O then the return, In S; — In S;_4, is negatively correlated with subsequent
volatility /.4 ,—as often observed in data. To see this, note that the effect on the return of
z, is linear, but that a negative z, drives up the conditional variance ;4o = o + a1(z; —
Y1 \/h_,)2 + B1h; more than a positive z; (if y; > 0). The effect on the correlations is
illustrated in Figure 5.25.

The process (5.47)—(5.48) does of course mean that the conditional (as of ¢ — A)

distribution of the log asset price In S; is normally distributed. This is not enough to price
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Figure 5.26: Distribution (physical) of In S7 in the Heston-Nandi model

options on this asset, since we cannot use a dynamic hedging approach to establish a no-
arbitrage price since there are (by the very nature of the discrete model) jumps in the price

of the underlying asset. Recall that the price on a call option with strike price K is

Ci—p =E;i_p{M,max [S; — K, 0]}. (5.49)
Alternatively, we can write

Ci—a=e ™ Er_, {max[S, — K,0]}, (5.50)

where E:‘_ 4 1s the expectations operator for the risk neutral distribution. See, for instance,
Huang and Litzenberger (1988).
For parameter estimates on a more recent sample, see Table 5.4. These estimates

suggests that A has the wrong sign (high volatility predicts low future returns) and the
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physical
— — - risk-neutral
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Figure 5.27: Physical and riskneutral distribution of /nS7 in the Heston-Nandi model

persistence of volatility is much higher than in HN (8 is much higher).

A 25
w 1.22¢-006
«  0.00259
B 0.903
y 6.06

Table 5.4: Estimate of the Heston-Nandi model on daily S&P500 excess returns, in %.
Sample: 1990:1-2011:5

5.9.3 Option Price Formula: Part 2

HN assume that the risk neutral distribution of In S; (conditional on the information in

t — A) is normal, that is
Assumption: the price in ¢ — A of a call option expiring in ¢ follows BS.

This is the same as assuming that In S; and In M, have a bivariate normal distribution

(conditional on the information in ¢t — A)—since this is what it takes to motivates the BS
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model. This type of assumption was first used in a GARCH model by Duan (1995), who
effectively assumed that In M, was iid normally distributed (this assumption is probably
implicit in HN).

HN show that the risk neutral process must then be as in (5.47)—(5.48), but with y,
replaced by y; = y1 + A + 1/2 and A replaced by —1/2 (not in y;, of course). This
means that they use the assumption about the conditional (as of # — A) distribution of S,
to build up a conditional (as of t — A) risk neutral distribution of S forany 7" > ¢. This
risk neutral distribution can be calculated by clever tricks (as in HN) or by Monte Carlo
simulations.

Once we have a risk neutral process it is (in principle, at least) straightforward to
derive any option price (for any time to expiry). For a European call option with strike

price K and expiry at date 7', the result is

Ci(S;, 7, K, T) = e ™ Ef max [S7 — K, 0] (5.51)
=S, P, —e "AKP,, (5.52)

where P; and P, are two risk neutral probabilities (implied by the risk neutral version of
(5.47)—(5.48), see above). It can be shown that P; is the risk neutral probability that S >
K, and that P, is the delta, 0C;(S;,r, K, T)/9S; (just like in the Black-Scholes model).
In practice, HN calculate these probabilities by first finding the risk neutral characteristic
function of St, f(¢) = E} exp(i¢ In St), where i? = —1, and then inverting to get the
probabilities.

Remark 5.24 (Characteristic function and the pdf) The characteristic function of a ran-

dom variable x is

f(¢) = Eexp(i¢x)
= [, exp(i¢px)pdf(x)dx,

where pdf(x) is the pdf. This is a Fourier transform of the pdf (if x is a continuous random
variable). For instance, the cf of a N(u, 0?) distribution is exp(i o — ¢p>02/2). The pdf

can therefore be recovered by the inverse Fourier transform as

Do
pdf(x) = 5— /%, exp(~i§x) f ($)do.
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In practice, we typically use a fast (discrete) Fourier transform to perform this calcula-

tion, since there are very quick computer algorithms for doing that (see the appendix).

Remark 5.25 (Characteristic function of In St in the HN model) First, define

1
Ay = Ay +igr + Bipo — 5111(1 — 201 B 11)

. 1 1 (i¢—)/1)2
B, =i¢p(A+y)— 5)/12 + B1Bi+1 + ETIBH,
— ¢

which can be calculated recursively backwards ((Ar, Br), then (Ar—1, Br—1), and so
forth until (Ag, By)) starting from A = 0 and By = 0, where T is the investment
horizon (time to expiration of the option contract). Notice that i is the imaginary number

such that i?> = —1. Second, the characteristics function for the horizon T is

(@) = S¢? exp (Ao + Bohy).

Clearly, Ay and By need to be recalculated for each value of ¢.

Remark 5.26 (Characteristic function in the iid case) In the special case when o1, Y, and
B1 are all zero, then process (5.47)—(5.48) has constant variance. Then, the recursions

give
: . 1,
Ag=Ti¢pr + (T - Do 1¢A—§¢
: 1,
By =ipA — =9~
2
We can then write the characteristic function as

f(@) =exp(i¢pInSo + Ao + Bow)
= exp [idb [InSo+ T (r + wA)] — ¢2Ta)/2] ,

which is the characteristic function of a normally distributed variable with mean In Sy +

T (r + wA) and variance Tw.

5.9.4 Application to S&P 500 Index Option

Returns on the index are calculated by using official index plus dividends. The riskfree

rate is taken to be a synthetic T-bill rate created by interpolating different bills to match
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the maturity of the option. Weekly data for 1992—-1994 are used (created by using lots of
intraday quotes for all Wednesdays).

HN estimate the “GARCH(1,1)-M” process (5.47)—(5.48) with ML on daily data on
the S&P500 index returns. It is found that the B; parameter is large, ¢; is small, and that
y1 > 0 (as expected). The latter seems to be important for the estimated /, series (see
Figures 1 and 2).

Instead of using the “GARCH(1,1)-M” process estimated from the S&P500 index
returns, all the model parameters are subsequently estimated from option prices. Recall
that the probabilities P, and P, in (5.52) depend (nonlinearly) on the parameters of the
risk neutral version of (5.47)—(5.48). The model parameters can therefore be estimated
by minimizing the sum (across option price observation) squared pricing errors.

In one of several different estimations, HN estimate the model on option data for
the first half 1992 and then evaluate the model by comparing implied and actual option
prices for the second half of 1992. These implied option prices use the model parameters
estimated on data for the first half of the year and an estimate of /; calculated using
these parameters and the latest S&P 500 index returns. The performance of this model is
compared with a Black-Scholes model (among other models), where the implied volatility
in week ¢ — 1 is used to price options in period ¢. This exercise is repeated for 1993 and
1994.

It is found that the GARCH model outperforms (in terms of MSE) the B-S model. In
particular, it seems as if the GARCH model gives much smaller errors for deep out-of-
the-money options (see Figures 2 and 3). HN argue that this is due to two aspects of the
model: the time-profile of volatility (somewhat persistent, but mean-reverting) and the

negative correlation of returns and volatility.

5.10 “Fundamental Values and Asset Returns in Global Equity Mar-
kets,” by Bansal and Lundblad

Reference: Bansal and Lundblad (2002) (BL)

This paper studies how stock indices for five major markets are related to news about
future cash flows (dividends and/or earnings). It uses monthly data on France, Germany,
Japan, UK, US, and a world market index for the period 1973-1998.

BL argue that their present value model (stock price equals the present value of future
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cash flows) can account for observed volatility of equity returns and the cross-correlation
across markets. This is an interesting result since most earlier present value models have
generated too small movements in returns—and also too small correlations across mar-
kets. The crucial features of the model are a predictable long-run component in cash flows
and time-varying systematic risk.

5.10.1 Basic Model

It is assumed that the individual stock markets can be described by CAPM
RS, = BiR,, + €in, (5.53)

where R¢ , is the world market index. As in CAPM, the market return is proportional to
its volatility—here modelled as a GARCH(1,1) process. We there fore have a GARCH-M

(“~in-Mean”) process

RS, = Ao2, + &ms> Biy &my = 0 and Var,_ (&) = 0, (5.54)
Ot = §+ Vemuo1 + 605,y (5.55)

(Warning: BL uses a different timing/subscript convention for the GARCH model.)

5.10.2 The Price-Dividend Ratio

A gross return

D; P;
Rijsy = —ot © Toeen (5.56)
P;
can be approximated in terms of logs (lower case letters)
Fig+1 2 i (Pie+1 — dig+1) — (Pir — dir) + (dir41 — din), (5.57)

Zit+1 Zit 8it+1

where p; is the average dividend-price ratio for asset i.
Take expectations as of ¢ and solve recursively forward to get the log price/dividend

ratio as a function of expected future dividend growth rates (g;) and returns (r;)

pit —dis = zit & ) P} Be (Zipst1 — Titstr) (5.58)
s=0
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To calculate the right hand side of (5.58), notice the following things. First, the div-
idend growth (“cash flow dynamics”) is modelled as an ARMA(1,1)—see below for de-
tails. Second, the riskfree rate (ry;) is assumed to follow an AR(1). Third, the expected
return equals the riskfree rate plus the expected excess return—which follows (5.53)—
(5.55).

Since all these three processes are modelled as univariate first-order time-series pro-
cesses, the solution is

Dit —dit = zir = Aio + Ai1&ir + Ai,20,i,t+1 + A 3174 (5.59)

(BL use an expected dividend growth instead of the actual but that is just a matter of
convenience, and has another timing convention for the volatility.) This solution can be
thought of as the “fundamental” (log) price-dividend ratio. The main theme of the paper is
to study how well this fundamental log price-dividend ratio can explain the actual values.

The model is estimated by GMM (as a system), but most of the moment conditions
are conventional. In practice, this means that (i) the betas and the AR(1) for the riskfree
rate are estimated by OLS; (ii) the GARCH-M by MLE; (iii) the ARMA(1,1) process by
moment conditions that require the innovations to be orthogonal to the current levels; and
(iv) moment conditions for changes in p;; — d;; = z;; define3d in (5.59). This is the

“overidentified” part of the model.

5.10.3 A Benchmark Case with No Predictability

As a benchmark for comparison, consider the case when the right hand side in (5.58)
equals a constant. This would happen when the growth rate of cash flows is unpredictable,
the riskfree rate is constant, and the market risk premium is too (which here requires that
the conditional variance of the market return is constant). In this case, the price-dividend
ratio is constant, so the log return equals the cash flow growth plus a constant.

This benchmark case would not be very successful in matching the observed volatility
and correlation (across markets) of returns: cash flow growth seems to be a lot less volatile
than returns and also a lot less correlated across markets.

What if we allowed for predictability of cash flow growth, but still kept the assump-
tions of constant real interest rate and market risk premium? Large movements in pre-

dictable cash flow growth could then generate large movements in returns, but hardly the

178



correlation across markets.

However, large movements in the market risk premium would contribute to both. It is
clear that both mechanisms are needed to get a correlation between zero and one. It can
also be noted that the returns will be more correlated during volatile periods—since this

drives up the market risk premium which is a common component in all returns.

5.10.4 Cash Flow Dynamics

The growth rate of cash flow, g;;, is modelled as an ARMA(1,1). The estimation results
show that the AR parameter is around 0.95 and that the MA parameter is around —0.85.
This means that the growth rate is almost an iid process with very low autocorrelation—
but only almost. Since the MA parameter is not negative enough to make the sum of the
AR and MA parameters zero, a positive shock to the growth rate will have a long-lived

effect (even if small). See Figure 5.28.
Remark 5.27 (ARMA(1,1)) An ARMA(1,1) model is
Y: = ay,—1 + & + 0g,_1, where &, is white noise.

The model can be written on MA form as

Ve =& + Zas_l(a + 0)es—s.

s=1
The autocorrelations are

_ (I +ab)(a+0)
U= T 02 1 2a0

and ps = aps—y fors =2,3,...
and the conditional expectations are

E, Viys = a* Yay; + 0e;), s =1,2,...

5.10.5 Results

1. The hypothesis that the CAPM regressions have zero intercepts (for all five country

indices) cannot be rejected.
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Figure 5.28: Impulse response and autcorrelation functions of ARMA(1,1)

2. Most of the parameters are precisely estimated, except A (the risk aversion).

3. Market volatility is very persistent.

Cash flow has a small, but very persistent effect of news.

The overidentifying restrictions are rejected , but the model still seems able to ac-

count for quite a bit of the data: the volatility and correlation (across countries) of

the fundamental price-dividend ratios are quite similar to those in the data. Note

that the cross correlations are driven by the common movements in the riskfree rate

A.1 Characteristic Function

and the world market risk premia (driven by ¢2,).

Using an FFT to Calculate the PDF from the Charac-

teristic Function

The characteristic function /(x) of a random variable x is

h(¢) = Eexp(i ¢x)
= [ exp(ipx) f(x)dx, (A1)
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where f(x) is the pdf. This is a Fourier transform of the pdf (if x is a continuous random
variable). For instance, the cf of a N (i, 0?) distribution is exp(ipuu — ¢p>02/2). The pdf

can therefore be recovered by the inverse Fourier transform as

F() = 5%, exp(-i$x)h(@)d. (A2

In practice, we typically use a fast (discrete) Fourier transform to perform this calculation,

since there are very quick computer algorithms for doing that.

A.2 FFT in Matlab

The fft in Matlab is

O = XN qje HU-DGE=D (A3)

and the ifft is

27i

1 201 (1)
4y = 7 L=t Que ¥ UTVETD, A4

A.3 Invert the Characteristic Function

Approximate the characteristic function (A.1) as the integral over [Xyin, Xmax] (assuming

the pdf is zero outside)
h(@) = [;"e'®* f(x)dx. (A.5)

Xmir

Approximate this by a Riemann sum
h(g) ~ Y p_ e f(xp)Ax. (A.6)
Split up [Xmin, Xmax] into NV intervals of equal size, so the step (and interval width) is
Ax = Jmax — Xmin- (A7)
N
The mid point of the kth interval is

Xk = Xmin + (k — 1/2)Ax, (A.8)

which means that x; = Xy + AX/2, X2 = Xpin + 1.5Ax and that xy = X — Ax/2.

181



Example A.1 With (Xmin, Xmax) = (1,7) and N = 3, then Ax = (7 —1)/3 = 2. The x;

values are

[

Xk = Xmin + (kK —1/2)Ax
1 1+1/2x2=2
2 1+3/2x2=4
3 1+5/2x2=06.

This gives the Riemann sum
hj ~ lecv=1€i¢[xmm+(k_l/2)Ax]kax’ (A.9)

where h; = h(¢;) and fr = f(xk).
We want i1
Tj—
= ph
Z TN A

so we can control the central location of ¢. Use that in the Riemann sum

(A.10)

hya YN eilomint =1/ AN 53 pilemint (k=1/D A1 £ Ay (A.11)

and multiply both sides by exp [—i (Xmin + 1/24x)2Z L] /N to get

e—i(xmin+1/2Ax)2A’,TjA_;%hj ~ %Zlfc\’:lezﬁi(j—l)(k—l)ei[xmm+(k—l/2)Ax]bkax, (A.12)

Ok
q;

which has the same for as the ifft (A.4). We should therefore be able to calculate Qx by
applying the fft (A.3) on g;. We can then recover the density function as

fi = o~ [xXmin+(k—1/2) Ax]b O/ Ax. (A.13)
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6 Factor Models

Sections denoted by a star (*) is not required reading.

6.1 CAPM Tests: Overview

Reference: Cochrane (2005) 12.1; Campbell, Lo, and MacKinlay (1997) 5
Let R{, = R;; — Ry, be the excess return on asset i in excess over the riskfree asset,
and let f; = R,,; — Ry, be the excess return on the market portfolio. CAPM with a

riskfree return says that o; = 0 in

Rf, = a + Bf: + €ir, where 6.1)
Eeg;; = 0and Cov(f;,¢r) = 0.

The economic importance of a non-zero intercept («) is that the tangency portfolio
changes if the test asset is added to the investment opportunity set. See Figure 6.1 for an
illustration.

The basic test of CAPM is to estimate (6.1) on a single asset and then test if the
intercept is zero. This can easily be extended to several assets, where we test if all the
intercepts are zero.

Notice that the test of CAPM can be given two interpretations. If we assume that R,,;
is the correct benchmark, then it is a test of whether asset R;; is “correctly” priced (this is
the approach in mutual fund evaluations). Alternatively, if we assume that R;; is correctly

priced, then it is a test of the mean-variance efficiency of R,,; (compare the Roll critique).

6.2 Testing CAPM: Traditional LS Approach

6.2.1 CAPM with One Asset: Traditional LS Approach

If the residuals in the CAPM regression are iid, then the traditional LS approach is just
fine: estimate (6.1) and form a t-test of the null hypothesis that the intercept is zero. If the
disturbance is iid normally distributed, then this approach is the ML approach.
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MYV frontiers before and after (o = 0) MV frontiers before and after (o = 0.05)
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matrix 0.0000 0.0144 0.0000
0.0000 0.0000 0.0144

o]
]
= Tang N=2  a=0 a=005 a=—004
portf 047 0.47 0.31 0.82
0.53 0.53 0.34 0.91
NaN 0.00 0.34 -0.73

Figure 6.1: MV frontiers with 2 and 3 assets

The variance of the estimated intercept in the CAPM regression (6.1) is

Var(@ — o) = [1 + \(/i—](ptf)z)] Var(e;;)/ T (6.2)
= (1 + SR?) Var(e;;)/ T, (6.3)

where SRJ% is the squared Sharpe ratio of the market portfolio (recall: f; is the excess
return on market portfolio). We see that the uncertainty about the intercept is high when
the disturbance is volatile and when the sample is short, but also when the Sharpe ratio of
the market is high. Note that a large market Sharpe ratio means that the market asks for
a high compensation for taking on risk. A bit uncertainty about how risky asset i is then
gives a large uncertainty about what the risk-adjusted return should be.

Proof. (of (6.2)) Consider the regression equation y, = x;bo + u,. With iid errors

that are independent of all regressors (also across observations), the LS estimator, by g, is
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asymptotically distributed as
A d
VT (brs —bo) = N(0,6%2%;}), where 02 = Eu? and ¥, = EX  x,x)/T.

When the regressors are just a constant (equal to one) and one variable regressor, f;, so

x; = [1, f;]’, then we have

1 1 1 E
Yk = EZ,T=1x,x;/T = ETZzT=1 |: Ji i| = |: Ji i| SO

fr f? Efe Eff
i o’ Eftz —E f; _ o? Var(f;) + (E f)> —E f;
= ]—:'thz_(Eft)2 —E f; 1 Var( f) —E f; 1 .
(In the last line we use Var(f;) =E f? — (E f;)*>.) m
The t-test of the hypothesis that g = 0 is then
Y o d
“ ¢ % N(0,1) under Hy: @9 = 0. (6.4)

SW@ (15 SR2) Var(eu)/ T

Note that this is the distribution under the null hypothesis that the true value of the inter-

cept is zero, that is, that CAPM is correct (in this respect, at least).

Remark 6.1 (Quadratic forms of normally distributed random variables) If the n x 1
vector X ~ N(0,X), then Y = X'X7'X ~ x2. Therefore, if the n scalar random
variables X;, i = 1, ...,n, are uncorrelated and have the distributions N (0,01-2), i =
l,...n, thenY = X' | X?/o? ~ x2.

Instead of a t-test, we can use the equivalent chi-square test

@ a?

)
= — der Hy: =0. 6.5
Var@) (1 + SR2) Var(g;)/T A1 om0 65)

The chi-square test is equivalent to the t-test when we are testing only one restriction, but
it has the advantage that it also allows us to test several restrictions at the same time. Both
the t-test and the chi—square tests are Wald tests (estimate unrestricted model and then test
the restrictions).

It is quite straightforward to use the properties of minimum-variance frontiers (see
Gibbons, Ross, and Shanken (1989), and MacKinlay (1995)) to show that the test statistic
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in (6.5) can be written
a? B (SR.)?> — (SRy)?
Var(@) 1+ (SRp)?)/T
where SRy is the Sharpe ratio of the market portfolio and SR, is the Sharpe ratio of

(6.6)

the tangency portfolio when investment in both the market return and asset i is possible.
(Recall that the tangency portfolio is the portfolio with the highest possible Sharpe ratio.)
If the market portfolio has the same (squared) Sharpe ratio as the tangency portfolio of the
mean-variance frontier of R;; and R,,; (so the market portfolio is mean-variance efficient
also when we take R;; into account) then the test statistic, &iz / Var(&;), is zero—and
CAPM is not rejected.

Proof. (of (6.6)) From the CAPM regression (6.1) we have

R7, ,3,-20,%, + Var(e;;) ,3,0,31 e @ + Bins,
Covi . |= » , |-and Cl= g _
Rmt ,BiO'm Om M Mo

Suppose we use this information to construct a mean-variance frontier for both R;, and
R,.:, and we find the tangency portfolio, with excess return RY,. It is straightforward to
show that the square of the Sharpe ratio of the tangency portfolio is u® X ~!u®, where
¢ is the vector of expected excess returns and X' is the covariance matrix. By using the
covariance matrix and mean vector above, we get that the squared Sharpe ratio for the
tangency portfolio, ¢ X! u®, (using both R;; and R,,;) is

e\ 2 2 e \ 2
AN S T
o, Var(e;;) om)

2

(SRe)” = g s+ (SRu)”.

Use the notation f; = R,,; — Ry, and combine this with (6.3) and to get (6.6). m

which we can write as

It is also possible to construct small sample test (that do not rely on any asymp-
totic results), which may be a better approximation of the correct distribution in real-life
samples—provided the strong assumptions are (almost) satisfied. The most straightfor-
ward modification is to transform (6.5) into an F; 7—_;-test. This is the same as using a
t-test in (6.4) since it is only one restriction that is tested (recall that if Z ~ ¢,, then
Z? ~ F(1,n)).

An alternative testing approach is to use an LR or LM approach: restrict the intercept
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in the CAPM regression to be zero and estimate the model with ML (assuming that the
errors are normally distributed). For instance, for an LR test, the likelihood value (when
o« = 0) is then compared to the likelihood value without restrictions.

A common finding is that these tests tend to reject a true null hypothesis too often
when the critical values from the asymptotic distribution are used: the actual small sam-
ple size of the test is thus larger than the asymptotic (or “nominal’) size (see Campbell,
Lo, and MacKinlay (1997) Table 5.1). To study the power of the test (the frequency of
rejections of a false null hypothesis) we have to specify an alternative data generating
process (for instance, how much extra return in excess of that motivated by CAPM) and
the size of the test (the critical value to use). Once that is done, it is typically found that
these tests require a substantial deviation from CAPM and/or a long sample to get good

power.

6.2.2 CAPM with Several Assets: Traditional LS Approach

Suppose we have n test assets. Stack the expressions (6.1) fori = 1,...,n as
Rit (231 B1 &1t
: = o+ it : |, where (6.7)
Rit oy ,Bn Ent

Ee;; = 0and Cov(f;,¢i:) = 0.

This is a system of seemingly unrelated regressions (SUR)—with the same regressor (see,
for instance, Greene (2003) 14). In this case, the efficient estimator (GLS) is LS on each
equation separately. Moreover, the covariance matrix of the coefficients is particularly
simple.

Under the null hypothesis of zero intercepts and iid residuals (although possibly cor-

related across regressions), the LS estimate of the intercept has the following asymptotic

distribution
VT& =4 N [0yx1, (1 + SR?)], where (6.8)
011 ... O1p
XY= : : with 0;; = Cov(eis, €jr).
Op1 -.. 6nn
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In practice, we use the sample moments for the covariance matrix, 0;; = ZtT=1§i €t/ T.
This result is well known, but a simple proof is found in Appendix A.

To test the null hypothesis that all intercepts are zero, we then use the test statistic

T&'(1+ SR*)™'X7'a ~ y2, where SR> = [E f/ Std(f)]>. (6.9)

6.2.3 Calendar Time and Cross Sectional Regression

To investigate how the performance (alpha) or exposure (betas) of different investors/funds
are related to investor/fund characteristics, we often use the calendar time (CalTime) ap-
proach. First define M discrete investor groups (for instance, age 18-30, 3140, etc) and

calculate their respective average excess returns (R, for group j)

_ 1
R;t = VZiEGroupj Riet’ (6.10)

J

where N; is the number of individuals in group ;.

Then, we run a factor model
RE, = x,B; + vy, for j =1.2,.... M 6.11)

where x; typically includes a constant and various return factors (for instance, excess re-
turns on equity and bonds). By estimating these M equations as a SURE system with
White’s (or Newey-West’s) covariance estimator, it is straightforward to test various hy-
potheses, for instance, that the intercept (the “alpha”) is higher for the Mth group than
for the for first group.

Example 6.2 (CalTime with two investor groups) With two investor groups, estimate the
following SURE system

th = x;ﬂl + vy,

Rgt == x;ﬁz + Vyy¢.
The CalTime approach is straightforward and the cross-sectional correlations are fairly
easy to handle (in the SURE approach). However, it forces us to define discrete investor

groups—which makes it hard to handle several different types of investor characteristics

(for instance, age, trading activity and income) at the same time.
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The cross sectional regression (CrossReg) approach is to first estimate the factor

model for each investor
R, = x,Bi + &iy, fori =1,2,...,N (6.12)

and to then regress the (estimated) betas for the pth factor (for instance, the intercept) on
the investor characteristics
Bpi = zicp + Wpi. (6.13)

In this second-stage regression, the investor characteristics z; could be a dummy variable
(for age roup, say) or a continuous variable (age, say). Notice that using a continuos
investor characteristics assumes that the relation between the characteristics and the beta
is linear—something that is not assumed in the CalTime approach. (This saves degrees of
freedom, but may sometimes be a very strong assumption.) However, a potential problem
with the CrossReg approach is that it is often important to account for the cross-sectional

correlation of the residuals.

6.3 Testing CAPM: GMM

6.3.1 CAPM with Several Assets: GMM and a Wald Test

To test n assets at the same time when the errors are non-iid we make use of the GMM
framework. A special case is when the residuals are iid. The results in this section will
then coincide with those in Section 6.2.

Write the n regressions in (6.7) on vector form as

R = a + Bf: + &, where (6.14)
Eé&; = 0,51 and Cov(fz, &)) = O1xn,

where « and B are n x 1 vectors. Clearly, setting n = 1 gives the case of a single test

asset.
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The 2n GMM moment conditions are that, at the true values of « and f,

Eg:(a, B) = 02nx1, Where (6.15)

&t R —a—Bf:
ACA = = . 6.16
Sl |:ft€tj| |:ft(Rf_a_ﬁft)i| ( .

There are as many parameters as moment conditions, so the GMM estimator picks values

of @ and B such that the sample analogues of (6.15) are satisfied exactly

—| fi(Re—a—Bf)

which gives the LS estimator. For the inference, we allow for the possibility of non-iid

P T R RC—a—Bf,
g(“’ﬂ):Fth(a,ﬁFTZ[ “ P }:ozm, (6.17)
t=1

errors, but if the errors are actually iid, then we (asymptotically) get the same results as in
Section 6.2.
With point estimates and their sampling distribution it is straightforward to set up a

Wald test for the hypothesis that all elements in « are zero

d
&' Var(@)~'a — x2. (6.18)

Remark 6.3 (Easy coding of the GMM Problem (6.17)) Estimate by LS, equation by
equation. Then, plug in the fitted residuals in (6.16) to generate time series of the moments

(will be important for the tests).

Remark 6.4 (Distribution of GMM) Let the parameter vector in the moment condition

have the true value by. Define

98 (bo)
b

So = Cov [ﬁg (bo)} and Dy = plim

When the estimator solves min g (b)' Sg' g (b) or when the model is exactly identified, the
distribution of the GMM estimator is

VT (b — bg) 4N (Oxx1, V), where V = (D(/)SO_IDO)_I = Dy 'So(Dy ).

Details on the Wald Test*

Note that, with a linear model, the Jacobian of the moment conditions does not involve

the parameters that we want to estimate. This means that we do not have to worry about

192



evaluating the Jacobian at the true parameter values. The probability limit of the Jacobian

is simply the expected value, which can written as

dgep [
phma——Do— E|:ft f12:|®1,,

(e e

where ® is the Kronecker product. (The last expression applies also to the case of several
factors.) Notice that we order the parameters as a column vector with the alphas first and

the betas second. It might be useful to notice that in this case

~n —1
py' = -] * 1 ® 1 (6.20)
0 ﬁ ﬁ ns .
since (A ® B)™! = A~! @ B! (if conformable).
Remark 6.5 (Kronecker product) If A and B are matrices, then

ClllB alnB
AQ® B =

amlB amnB

Example 6.6 (Two test assets) With assets 1 and 2, the parameter vectoris b = a1, a2, B1, B2
Write out (6.15) as

g1(a, B) Ri;, — o - Bifs

. p) | _ 1T R, —ax—Pafs _IeT |1 R{, —a1 —B1f:
g, p) | TZt:l Jr(RS, — oy — B1 1) a TZt:l |:ft:|®|: RS, —ay — By fi :|’
ga(a, B) Si(RS, — oz — B2 ft)

where g1(a, B) denotes the sample average of the first moment condition. The Jacobian
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Is

0g1/0ay 0g1/0ar 0g1/0B1 0g1/0B>

0g(a, B) . 0g2/0a1 0g2/0ar 0g2/0B1 082/0B2
O, oz, B1. ol | 0Zs/0cr 0%3/0cx 023/0B1 0Z3/0B2
0g4/00; 0g4/00y 0g4/0B1 0g4/0P2

1 0 f, O
R I T T T R P ! I
__th=1 £ 0 f2 0 - th=1(|:ft:||:ft:|)®12.
0 f, 0 f?

The asymptotic covariance matrix of /7" times the sample moment conditions, eval-

uated at the true parameter values, that is at the true disturbances, is defined as

T 00
So = Cov (g ;g, (o, ﬁ)) = S:z_:oo R(s), where (6.21)
R(s) =Egi(a. B)gi—s(a. B)". (6.22)

With n assets, we can write (6.22) in terms of the n x 1 vector &; as

R(s) =Eg:(a. B)g:—s(a. B)
[ &t Et—s ,

=E
| ftgt i| |: ft—sgt—s :|

S (S EA ) -
] 1 t s t—s . .

(The last expression applies also to the case of several factors.)

The Newey-West estimator is often a good estimator of Sy, but the performance of the
test improved, by imposing (correct, of course) restrictions on the R(s) matrices.
From Remark 6.4, we can write the covariance matrix of the 2n x 1 vector of param-

eters (n parameters in « and another n in ) as

Cov (ﬁ[ ; D = Dy'So(DyY. (6.24)
Example 6.7 (Special case 1: f; is independent of €,_s, errors are iid, and n = 1) With
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1 Ef
Efi Ef?

Cov (ﬁ|: 2 :|) = |: Elf ]]j]]:tz } Var(g;,),

which is the same expression as 022;)} in (6.2), which assumed iid errors.

these assumptions R(s) = 0yx3 if s # 0, and Sy = |: i| Var(g;;). Combining

with (6.19) gives

Example 6.8 (Special case 2: as in Special case 1, but n > 1) With these assumptions

1 Ef
R(s) = 0xp52n if s # 0, and Sy =
E f; Ef?
gives

Cov <ﬁ|: (;f :|) = |: Elft 1133]]}2 :| ® (Ee:g)).

This follows from the facts that (A ® B)™! = A7' ® B! and (A ® B)(C ® D) =
AC ® BD (if conformable). This is the same as in the SURE case.

i| ® Ee;e,. Combining with (6.19)

6.3.2 CAPM and Several Assets: GMM and an LM Test

We could also construct an “LLM test” instead by imposing ¢ = 0 in the moment condi-

tions (6.15) and (6.17). The moment conditions are then

R — Bf:
Eg(f) =E ! = 02nx1. (6.25)
Ji(R; — Bft)
Since there are ¢ = 2n moment conditions, but only n parameters (the B vector), this
model is overidentified.
We could either use a weighting matrix in the GMM loss function or combine the
moment conditions so the model becomes exactly identified.

With a weighting matrix, the estimator solves
miny, g(b)' W g(b), (6.26)

where g(b) is the sample average of the moments (evaluated at some parameter vector b),

and W is a positive definite (and symmetric) weighting matrix. Once we have estimated
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the model, we can test the n overidentifying restrictions that all ¢ = 2n moment condi-
tions are satisfied at the estimated n parameters ,3 If not, the restriction (null hypothesis)
that « = 0, is rejected. The test is based on a quadratic form of the moment conditions,
T g(b)'W~'g(b) which has a chi-square distribution if the correct ¥ matrix is used.
Alternatively, to combine the moment conditions so the model becomes exactly iden-

tified, premultiply by a matrix A to get

Anxang(ﬂ) = Onxl- (627)

The model is then tested by testing if all 2n moment conditions in (6.25) are satis-
fied at this vector of estimates of the betas. This is the GMM analogue to a classical
LM test. Once again, the test is based on a quadratic form of the moment conditions,
T g(b)'W~'g(b) which has a chi-square distribution if the correct ¥ matrix is used.
Details on how to compute the estimates effectively are given in Appendix B.1.
For instance, to effectively use only the last # moment conditions in the estimation,

we specify

= 0,x1. (6.28)

AE () = [0,ns In]E[ ki b }

Ji(RY = Bfr)

This clearly gives the classical LS estimator without an intercept

S fRT
S ST

Example 6.9 (Combining moment conditions, CAPM on two assets) With two assets we

B = (6.29)

can combine the four moment conditions into only two by

RS, — B1f:
00 1 O}E RS, — Baf:
0001 Jt(RY, = B1f1)
Jt (RS, — B2 f?)

Remark 6.10 (7Test of overidentifying assumption in GMM) When the GMM estimator
solves the quadratic loss function §(B)' Sy 'g(B) (or is exactly identified), then the J test

= 02x1-

AEg:(B1.B2) = [

statistic is
A A d
= —1; 2
Tg(ﬂ),SO gB) — Xg—k>
where q is the number of moment conditions and k is the number of parameters.
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Remark 6.11 (Distribution of GMM, more general results) When GMM solves ming g(b)' W g(b)
or Ag(ﬁ) = Oxx1, the distribution of the GMM estimator and the test of overidentifying

assumptions are different than in Remarks 6.4 and 6.10.

6.3.3 Size and Power of the CAPM Tests

The size (using asymptotic critical values) and power in small samples is often found
to be disappointing. Typically, these tests tend to reject a true null hypothesis too often
(see Campbell, Lo, and MacKinlay (1997) Table 5.1) and the power to reject a false null
hypothesis is often fairly low. These features are especially pronounced when the sample
is small and the number of assets, 7, is high. One useful rule of thumb is that a saturation
ratio (the number of observations per parameter) below 10 (or so) is likely to give poor
performance of the test. In the test here we have nT observations, 2n parameters in « and
B, and n(n + 1)/2 unique parameters in Sy, so the saturation ratio is 7/(2 4+ (n + 1)/2).
For instance, with 7 = 60 and n = 10 or at 7 = 100 and n = 20, we have a saturation
ratio of 8, which is very low (compare Table 5.1 in CLM).

One possible way of dealing with the wrong size of the test is to use critical values
from simulations of the small sample distributions (Monte Carlo simulations or bootstrap

simulations).

6.3.4 Choice of Portfolios

This type of test is typically done on portfolios of assets, rather than on the individual
assets themselves. There are several econometric and economic reasons for this. The
econometric techniques we apply need the returns to be (reasonably) stationary in the
sense that they have approximately the same means and covariance (with other returns)
throughout the sample (individual assets, especially stocks, can change character as the
company moves into another business). It might be more plausible that size or industry
portfolios are stationary in this sense. Individual portfolios are typically very volatile,
which makes it hard to obtain precise estimate and to be able to reject anything.

It sometimes makes economic sense to sort the assets according to a characteristic
(size or perhaps book/market)—and then test if the model is true for these portfolios.

Rejection of the CAPM for such portfolios may have an interest in itself.
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US industry portfolios, 1970:1-2011:12 US industry portfolios, 1970:1-2011:12
15¢ 15
£ =
=2 3
© ®
S0 =10
P R
P ¥
5 R T 5 s S
g =
< b
[ (]
= 0 = 0 Excess market return: 5.3%
0 0.5 1 L5 0 5 10 15
3 (against the market) Predicted mean excess return (with oo = 0)
alpha pval StdErr CAPM
all NaN 0.02 NaN Factor: US market
A (NoDur) 3.79 0.01 8.86 alpha and StdErr are in annualized %
B (Durbl) -1.33 0.51 13.50
C (Manuf) 0.84 0.40 6.31
D (Enrgy) 4.30 0.06 14.62
E (HiTec) -1.64 0.38 12.08
F (Telem) 1.65 0.35 11.28
G (Shops) 1.46 0.34 9.84
H (Hlth ) 2.10 0.24 11.63
I (Utils) 3.03 0.10 11.66
J (Other) -0.70 0.53 7.15
Figure 6.2: CAPM, US industry portfolios
alpha t LS t NW ¢ boot
US industry portfolios, 1970:1-2011:12 all NaN NaN NaN NaN
15 A (NoDur) 379 276 275 274
§ B (Durbl) -1.33 -0.64 -0.65 -0.64
RS C (Manuf) 0.84 0.85 0.84 0.84
o 10 D (Enrgy) 430 1.90 1.91 1.94
g R E (HiTec)  -164  -088  -088  -0.87
5o 1 @l CCJ E F (Telem) 1.65 0.94 0.94 0.95
- B G (Shops) 146 095 096 095
g H (Hlth ) 2.10 1.17 1.19 1.18
= . . . I (Utils) 303 168 165 163
0 0.5 1 1.5 J (Other) -0.70 -0.63 -0.62 -0.62

0 (against the market)

NW uses 1 lag
The bootstrap samples pairs of (y,z;)
3000 simulations

Figure 6.3: CAPM, US industry portfolios, different t-stats
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Fit of CAPM
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6 $o 0 US data 1957:1-2011:12
o 25 FF portfolios (B/M and size)
4r 0 p-value for test of model: 0.00
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Predicted mean excess return (CAPM), %

Figure 6.4: CAPM, FF portfolios

6.3.5 Empirical Evidence

See Campbell, Lo, and MacKinlay (1997) 6.5 (Table 6.1 in particular) and Cochrane
(2005) 20.2.

One of the more interesting studies is Fama and French (1993) (see also Fama and
French (1996)). They construct 25 stock portfolios according to two characteristics of the
firm: the size and the book value to market value ratio (BE/ME). In June each year, they
sort the stocks according to size and BE/ME. They then form a 5 x 5 matrix of portfolios,
where portfolio ij belongs to the ith size quantile and the jth BE/ME quantile. This is
illustrated in Table 6.1.

Tables 6.2—6.3 summarize some basic properties of these portfolios.

Fama and French run a traditional CAPM regression on each of the 25 portfolios
(monthly data 1963-1991)—and then study if the expected excess returns are related
to the betas as they should according to CAPM (recall that CAPM implies E R}, =
Bi E R¢,,). However, there is little relation between E R¢, and ; (see Figure 6.4). This

199



Fit of CAPM

18
16
14
IS
Eﬁ
5 12
+~
bt
% lines connect same size
g 10+
"
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g
o 8F
=
6 —+— 1 (small)
—— 2
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—A— 4
ar —v— 5 (large)

4 6 8 10 12 14 16 18
Predicted mean excess return (CAPM), %

Figure 6.5: CAPM, FF portfolios

Book value/Market value
1 2 3 4 5

Sizel | 1 2 3 4 5

216 7 8 9 10
11 12 13 14 15
16 17 18 19 20
21 22 23 24 25

wn B~ W

Table 6.1: Numbering of the FF indices in the figures.

lack of relation (a cloud in the B; x E R¢, space) is due to the combination of two features
of the data. First, within a size quantile there is a negative relation (across BE/ME quan-
tiles) between E R¢, and B;—in stark contrast to CAPM (see Figure 6.5). Second, within
a BE/ME quantile, there is a positive relation (across size quantiles) between E Rf, and
Bi—as predicted by CAPM (see Figure 6.6).
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Fit of CAPM
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Figure 6.6: CAPM, FF portfolios

Book value/Market value
1 2 3 4 5

Sizel | 3.3 9.1 9.5 11.7 13.0

2 154 8.4 10.4 10.8 12.1
3155 8.7 8.8 10.1 12.0
4 165 6.6 8.4 9.6 9.4
5150 5.7 6.1 5.7 6.8

Table 6.2: Mean excess returns (annualised %), US data 1957:1-2011:12. Size 1: smallest
20% of the stocks, Size 5: largest 20% of the stocks. B/M 1: the 20% of the stocks with
the smallest ratio of book to market value (growth stocks). B/M 5: the 20% of the stocks
with the highest ratio of book to market value (value stocks).

6.4 Testing Multi-Factor Models (Factors are Excess Returns)

Reference: Cochrane (2005) 12.1; Campbell, Lo, and MacKinlay (1997) 6.2.1
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Book value/Market value
1 2 3 4 5

Sizel | 1.4 1.2 1.1 1.0 1.1

2 114 1.2 1.1 1.0 1.1
1.3 1.1 1.0 1.0 1.0
1.2 1.1 1.0 1.0 1.0
1.0 0.9 0.9 0.8 0.9

W =~ W

Table 6.3: Beta against the market portfolio, US data 1957:1-2011:12. Size 1: smallest
20% of the stocks, Size 5: largest 20% of the stocks. B/M 1: the 20% of the stocks with
the smallest ratio of book to market value (growth stocks). B/M 5: the 20% of the stocks
with the highest ratio of book to market value (value stocks).

6.4.1 A Multi-Factor Model

When the K factors, f;, are excess returns, the null hypothesis typically says that o; = 0
in
R, = a; + B} fi + €ir, where (6.30)
Ee;; = 0and Cov( f;,€ir) = Ogx1.

and fB; is now an K x 1 vector. The CAPM regression is a special case when the market
excess return is the only factor. In other models like ICAPM (see Cochrane (2005) 9.2),

we typically have several factors. We stack the returns for n assets to get

th (231 Bii ... PBik Jue &1t
: _ . | . . . 4 . or
R;‘;t oy 13111 cee IBnK fKt Ent
R} = o + Bf; + &, where (6.31)

Ee&; = 0,1 and Cov(f;,¢€)) = Ogxn,

where o is n x 1 and B is n x K. Notice that B;; shows how the ith asset depends on the

Jj th factor.
This is, of course, very similar to the CAPM (one-factor) model—and both the LS and
GMM approaches are straightforward to extend.
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6.4.2 Multi-Factor Model: Traditional LS (SURE)

The results from the LS approach of testing CAPM generalizes directly. In particular,
(6.9) still holds—but where the residuals are from the multi-factor regressions (6.30) and
where the Sharpe ratio of the tangency portfolio (based on the factors) depends on the

means and covariance matrix of all factors
T&' (14 SR*)™'X7'& ~ 2, where (6.32)
SR*> =E f'Cov(f) 'E f.
This result is well known, but some properties of SURE models are found in Appendix
A.
6.4.3 Multi-Factor Model: GMM

The moment conditions are

Eg(c.f) = E ([ } } ® st) _E ([ ]1, } ® (R —a —ﬂﬁ)) Otk
(6.33)

Note that this expression looks similar to (6.15)—the only difference is that f; may now
be a vector (and we therefore need to use the Kronecker product). It is then intuitively
clear that the expressions for the asymptotic covariance matrix of & and B will look very
similar too.

When the system is exactly identified, the GMM estimator solves

g, B) = 0,1 +K)x1- (6.34)

which is the same as LS equation by equation. The model can be tested by testing if all
alphas are zero—as in (6.18).
Instead, when we restrict « = 0,,«; (overidentified system), then we either specify a

weighting matrix W and solve

ming g(8)' W g(B), (6.35)
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or we specify a matrix A to combine the moment conditions and solve

AnKXn(l-i—K)g(ﬂ) = 0nle- (636)

For instance, to get the classical LS estimator without intercepts we specify

A= [OnKxn InK]E<|: }

t

} ® (R} - ﬂfr)) : (6.37)

More generally, details on how to compute the estimates effectively are given in Appendix
B.1.

Example 6.12 (Moment condition with two assets and two factors) The moment condi-

tions forn = 2 and K = 2 are

R, —ay — Bufir — Bra far
RS, —az — Ba1 f1r — B2z for
flt(R‘ft —ay — P11 fir — B2 f21)
J1(R3, — a2 — Ba1 f1r — P2z far)
Jar (RS, — a1 — Bifie — Bra far)
fzt(Rgt — a2 — Ba1 f1r — B2z f2r)

Egt(O[,IB):E :06X1-

Restricting oy = oy = 0 gives the moment conditions for the overidentified case.

Details on the Wald Test*

For the exactly identified case, we have the following results. The expressions for the
Jacobian Dy and its inverse are the same as in (6.19)—(6.20). Notice that in this Jacobian
we differentiate the moment conditions (6.33) with respect to vec(c, 8), that is, where the
parameters are stacked in a column vector with the alphas first, then the betas for the first
factor, followed by the betas for the second factor etc. The test is based on a quadratic
form of the moment conditions, 7 g(h)’'¥~'g(b) which has a chi-square distribution if
the correct ¥ matrix is used. The covariance matrix of the average moment conditions
are as in (6.21)—(6.23).
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alpha

US industry portfolios, 1970:1-2011:12 all NaN

15¢ A (NoDur) 2.94

g B (Durbl) -4.92
B C (Manuf)  -0.23
2 10] D (Enrgy) 3.26
o »p E (HiTec) 1.59
E s H LF 7 B F (Telem) 1.37
g G (Shops) 0.91
g H (Hlth ) 441
“ 0 I (Utils) 0.63
0 5 10 15 J (Other) 2.8

Predicted mean excess return (with oo = 0)

Fama-French model
Factors: US market, SMB (size), and HML (book-to-market)
alpha and StdErr are in annualized %

Figure 6.7: Three-factor model, US industry portfolios

6.4.4 Empirical Evidence

pval
0.00
0.03
0.01
0.80
0.14
0.32
0.45
0.55
0.01
0.71
0.00

StdErr
NaN
8.64
12.23
6.03
14.14
10.09
11.04
9.74
10.86
10.47
6.12

Fama and French (1993) also try a multi-factor model. They find that a three-factor model

fits the 25 stock portfolios fairly well (two more factors are needed to also fit the seven

bond portfolios that they use). The three factors are: the market return, the return on a

portfolio of small stocks minus the return on a portfolio of big stocks (SMB), and the

return on a portfolio with high BE/ME minus the return on portfolio with low BE/ME

(HML). This three-factor model is rejected at traditional significance levels (see Camp-
bell, Lo, and MacKinlay (1997) Table 6.1 or Fama and French (1993) Table 9c), but it can

still capture a fair amount of the variation of expected returns—see Figures 6.7-6.10.

6.5 Testing Multi-Factor Models (General Factors)

Reference: Cochrane (2005) 12.2; Campbell, Lo, and MacKinlay (1997) 6.2.3 and 6.3
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Fit of FF model
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Figure 6.8: FF, FF portfolios

6.5.1 GMM Estimation with General Factors

Linear factor models imply that all expected excess returns are linear functions of the

same vector of factor risk premia (1)
ER¢, = BiA, where A is K x 1,fori = 1,...n. (6.38)

Stacking the test assets gives

RS, Pu ... Bik A
th ﬁnl IBnK AK
E R® = fA, (6.39)

where Bisn x K.

When the factors are excess returns, then the factor risk premia must equal the ex-
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Fit of FF model
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Figure 6.9: FF, FF portfolios

pected excess returns of those factors. (To see this, let the factor also be one of the test
assets. It will then get a beta equal to unity on itself (for instance, regressing R;,, on
itself must give a coefficient equal to unity). This shows that for factor k, Ay = E R{,.
More generally, the factor risk premia can be interpreted as follows. Consider an asset
that has a beta of unity against factor £ and zero betas against all other factors. This asset
will have an expected excess return equal to Ax. For instance, if a factor risk premium is
negative, then assets that are positively exposed to it (positive betas) will have a negative
risk premium—and vice versa.

The old way of testing this is to do a two-step estimation: first, estimate the 8; vectors
in a time series model like (6.31) (equation by equation); second, use ,8A,~ as regressors in

a regression equation of the type (6.38) with a residual added

ST RG/T = Bid + u;. (6.40)
It is then tested if u; = O for all assets i = 1,...,n. This approach is often called a
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Fit of FF model
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Figure 6.10: FF, FF portfolios

cross-sectional regression while the previous tests are time series regressions. The main
problem of the cross-sectional approach is that we have to account for the fact that the
regressors in the second step, ,é i, are just estimates and therefore contain estimation errors.
This errors-in-variables problem is likely to have two effects (i) it gives a downwards bias
of the estimates of A and an upward bias of the mean of the fitted residuals; and (ii)
invalidates the standard expression of the test of A.

A way to handle these problems is to combine the moment conditions for the regres-

sion function (6.33) (to estimate ) with (6.39) (to estimate 1) to get a joint system

Egt(a’ﬂ’k) = E

1
Q (R¢ —a —
|: Ji j| (R —a=P1) = 0y1+K+D)x1- (6.41)

R¢ — BA

See Figures 6.11-6.13 for an empirical example of a co-skewness model.

We can then test the overidentifying restrictions of the model. There are n(1 + K +
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Fit of CAPM Fit of 2—factor model
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US data 1957:1-2011:12 CAPM:
25 FF portfolios (B/M and size) R, = o; + 3R, and ER; = G\
SDF: Coskewness model:
m = 1+b/(f*Ef) R; :a+ﬁ1Rm+62R72n and

ER; = Buh + Bk

Figure 6.11: CAPM and quadratic model

1) moment condition (for each asset we have one moment condition for the constant,
K moment conditions for the K factors, and one moment condition corresponding to
the restriction on the linear factor model). There are only n(1 + K) + K parameters
(n in o, nK in B and K in A). We therefore have n — K overidentifying restrictions
which can be tested with a chi-square test. Notice that this is, in general, a non-linear
estimation problem, since the parameters in f multiply the parameters in A. From the
GMM estimation using (6.41) we get estimates of the factor risk premia and also the
variance-covariance of them. This allows us to not only test the moment conditions, but
also to characterize the risk factors and to test if they are priced (each of them, or perhaps
all jointly) by using a Wald test.

One approach to estimate the model is to specify a weighting matrix W and then solve
a minimization problem like (6.35). The test is based on a quadratic form of the moment
conditions, Tg(h)'¥~'g(b) which has a chi-square distribution if the correct ¥ matrix
is used. In the special case of W = S;!, the distribution is given by Remark 6.4. For
other choices of the weighting matrix, the expression for the covariance matrix is more

complicated.
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Figure 6.12: CAPM and quadratic model, market excess is exactly priced
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Figure 6.13: CAPM and quadratic model
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It is straightforward to show that the Jacobian of these moment conditions (with re-

spect to vec(a, B, 1)) is

/
1 1
1 T
= I, 0 x
Do — — TZt_1< P [ﬂ}) n On(rK)xK 6.42)
0 V|®I, Bnxk

where the upper left block is similar to the expression for the case with excess return

factors (6.19), while the other blocks are new.

Example 6.13 (Two assets and one factor) we have the moment conditions

RS, —ay — B1f:
RS, —ay— Baf:
Je(RS, —ar — B fr)
Jt(R5, — o2 — Bafr)
th _,31A
Rgt _lg2/\

Egt(al,QZ’ﬁl,ﬁz,A):E = O6x1-

There are then 6 moment conditions and 5 parameters, so there is one overidentifying
restriction to test. Note that with one factor, then we need at least two assets for this
testing approach to work (n — K = 2 — 1). In general, we need at least one more asset

than factors. In this case, the Jacobian is

1 0 f, 0 O
0O 1 0 f O
g 1 T fi 0 f72 0 0
olor, 0. 1. B2 Ay~ T 2| o fi 0 f2 0
0 0 A 0 B
00 0 A B |
- _ % ?=1<|: Jlfti||:]1ft i|)®12 041
[0,A] ® I p

211



6.5.2 Traditional Cross-Sectional Regressions as Special Cases

Instead of estimating the overidentified model (6.41) (by specifying a weighting matrix),
we could combine the moment equations so they become equal to the number of param-
eters. This can be done, by specifying a matrix A and combine as A E g, = 0. This does
not generate any overidentifying restrictions, but it still allows us to test hypotheses about
some moment conditions and about A. One possibility is to let the upper left block of A
be an identity matrix and just combine the last » moment conditions, R¢ — BA, to just K

moment conditions
AEg; = 0[n(1+K)+K]><1 (6.43)

1
|: In(1+K) 0n(l-I—K)><n:| E ® (Rf - :Bfl)

=0 6.44
0Kxn(l—i—K) QKxn ]_{efi ,_BA ( )
S e _

E _Jf,_@(Rf_“_ﬁf‘) —0 (6.45)
| O(RY — BA) i

Here A has n(1 + K) + K rows (which equals the number of parameters («, 5, 1)) and
n(l + K + 1) columns (which equals the number of moment conditions). (Notice also
that 0 is K xn, Bisn x Kand Ais K x 1.)

Remark 6.14 (Calculation of the estimates based on (6.44)) In this case, we can estimate
a and B with LS equation by equation—as a standard time-series regression of a factor
model. To estimate the K x 1 vector A, notice that we can solve the second set of K

moment conditions as
OE(R? — BA) = Ogx; or A = (B) ' OER?,

which is just like a cross-sectional instrumental variables regression of E R = BA (with

B being the regressors, 0 the instruments, and E R the dependent variable).

With 6 = B’, we get the traditional cross-sectional approach (6.38). The only differ-
ence is we here take the uncertainty about the generated betas into account (in the testing).

Alternatively, let X' be the covariance matrix of the residuals from the time-series estima-
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tion of the factor model. Then, using 6 = B’X gives a traditional GLS cross-sectional
approach.

To test the asset pricing implications, we test if the moment conditions E g; = 0 in
(6.43) are satisfied at the estimated parameters. The test is based on a quadratic form of
the moment conditions, 7' g(b)'¥ ! g(b) which has a chi-square distribution if the correct

¥ matrix is used (typically more complicated than in Remark 6.4).

Example 6.15 (LS cross-sectional regression, two assets and one factor) With the mo-
ment conditions in Example (6.13) and the weighting vector 0 = [B1, B2] (6.45) is

RY; —a1—B1f
RS, —ay— B2 f;
AE g (a1, a2, B1,B2.A) =E Ji(RY, —a1 — Bifr) = 0541,

(RS, —az— B2 fr)
| B1(R;, — BiA) + Ba(RS, — B2A)

which has as many parameters as moment conditions. The test of the asset pricing model

is then to test if

RY; —a1 — B fi
R;; —ax— Bafi
Jt(RS, — a1 = B1fy)
(RS, —az— B2 f1)
R, — B1A
RE; _,82)L

E g (o1, 02, B1,B2,A) =E = Opx1.,

are satisfied at the estimated parameters.

Example 6.16 (Structure of 0 E(R{ — BA)) If there are 2 factors and three test assets,
then 0251 = 0 E(RY — BA) is

E R{ 1311 1812

0 611 612 613 v A
= Eth — 1 B21 B

O 921 922 923 e kz
ER3¢ ,331 1332
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6.5.3 Alternative Formulation of Moment Conditions*

The test of the general multi-factor models is sometimes written on a slightly different
form (see, for instance, Campbell, Lo, and MacKinlay (1997) 6.2.3, but adjust for the
fact that they look at returns rather than excess returns). To illustrate this, note that the

regression equations (6.31) imply that
ER; =a + BE f;. (6.46)
Equate the expected returns of (6.46) and (6.38) to get

a=pB(L—Ef), (6.47)

which is another way of summarizing the restrictions that the linear factor model gives.
We can then rewrite the moment conditions (6.41) as (substitute for « and skip the last set

of moments)

1
Et ,A, :E
g:(B, 1) Hf

t

} ® (Rf —BA—-Ef) - ﬂfr)} = 0na+K)x1- (6.48)

Note that there are n(1 + K) moment conditions and nK + K parameters (nK in 8 and
K in 1), so there are n — K overidentifying restrictions (as before).

Example 6.17 (Two assets and one factor) The moment conditions (6.48) are

Rit_:BI(A'—EfI)_IBIft

RS, — B2(A—E f;) — Ba f:
Eg;(B81,B,, 1) =E 2t = 04x1.
giBr for ) fIRG — B —Efy—pifil |~ 0

Ji[RS; — B2(A —E f1) — B2 fi]

This gives 4 moment conditions, but only three parameters, so there is one overidentifying

restriction to test—just as with (6.44).

6.5.4 What If the Factors Are Excess Returns?

It would (perhaps) be natural if the tests discussed in this section coincided with those in
Section 6.4 when the factors are in fact excess returns. That is almost so. The difference is

that we here estimate the K x 1 vector A (factor risk premia) as a vector of free parameters,

214



while the tests in Section 6.4 impose A = E f;. This can be done in (6.44)—(6.45) by doing
two things. First, define a new set of test assets by stacking the original test assets and the

excess return factors

pe R?
R} = , (6.49)
Ji
which is an (n + K) x 1 vector. Second, define the K x (n + K) matrix 6 as
§= [ Oxsn Ik ] (6.50)
Together, this gives
»=EJ.. (6.51)

It is also straightforward to show that this gives precisely the same test statistics as the
Wald test on the multifactor model (6.30).
Proof. (of (6.51)) The betas of the Ef vector are

2 ﬁnxK
%]

The expression corresponding to 6 E(RY — BA) = 0 is then

[ Oxxn Ik ]E|:I;fi| = [ Oxxn Ik ] |: ﬁ'Il;K i|k,0r

Eft:k.
|

Remark 6.18 (Two assets, one excess return factor) By including the factors among the

test assets and using the weighting vector 0 = [0, 0, 1] gives

RS, —a1 =i fi
RS, —as— B2 f;
Jr—az—Bsfi
AE gi(ay, a2, a3, B1, B2, B3.A) = E Jfit(R¢, — a1 — B1 /1)
Jt(R3, — a2 — Pafr)
Sfi(ft —az = B3 fr)
| O(RY; — B1Ad) + O(R3, — B22) + 1(fi — B3A)

215

= 07x;.



Since a3 = 0 and B3 = 1, this gives the estimate A = E f;. There are 7 moment
conditions and as many parameters. To test the asset pricing model, test if the following

moment conditions are satisfied at the estimated parameters

RY; —a1—B1f

RS, —ar— B2 f;

Jr—az—Bsfi
ft(R‘ft —a1— B fi)
Eg/ (a1, 00,03, 81,82, 83.4) =E | fi(RS, —a2 — B2 ft) | = Ooxi.
fi(ft —az — B3 fr)

RS, — BiA
R3; — Pa2A
Ji = B3A

In fact, this gives the same test statistic as when testing if ay and o, are zero in (6.18).

6.5.5 When Some (but Not All) of the Factors Are Excess Returns™

Z;
fe = [FJ : (6.52)

Partition the vector of factors as

where Z; is an v x 1 vector of excess return factors and F; is a w x 1 vector of general
factors (K = v + w).

It makes sense (and is econometrically efficient) to use the fact that the factor risk
premia of the excess return factors are just their average excess returns (as in CAPM).
This can be done in (6.44)—(6.45) by doing two things. First, define a new set of test

assets by stacking the original test assets and the excess return factors

R¢ = k: : (6.53)
Zy

which is an (n + v) x 1 vector. Second, define the K x (n + K) matrix 6

0 = [ Ousn Lo } (6.54)

ﬁwxn 0wxv
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where ¥ is some w x n matrix. Together, this ensures that

e EZ (6.55)
AR | OBT)TWERS - BPAz) | '

where the BZ and BT are just betas of the original test assets on Z; and F; respectively—

according to the partitioning

Buxk = [BZe Bl (6.56)

One possible choice of ¢ is ¥ = B, since then A are the same as when running a

cross-sectional regression of the expected “abnormal return” (E R¢ — BZ 1 7) on the betas
(BF).
Proof. (of (6.55)) The betas of the 1?‘; vector are

. z F
ﬁ — nxv nxw .
Il) vaw

The expression corresponding to 6 E(RY — BA) = 0 is then

GER = i
O Lo |[ERS] [ 0w L |[BE, Biw | [ Az
[ Pwsn Owxy } [EZ,_ | Pwn Ouxo } { I, vaw} _AFi|
EzZ, | [ L Oy Az |
[z‘}wanRf_ | PoaBie BBl } [AF_'
The first v equations give
Az =EZ,.

The remaining w equations give

S ER® = 0p%Az + 0B Ap. so
rr = OBF)TIER, — BPAz).

Example 6.19 (Structure of 0 to identify A for excess return factors) Continue Example

6.16 (where there are 2 factors and three test assets) and assume that Z; = R§,—so the
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first factor is really an excess return—which we have appended last to set of test assets.
Then B3y = 1 and B3y = O (regressing Z; on Z; and F; gives the slope coefficients 1
and O.) If we set (011, 012, 013) = (0,0, 1), then the moment conditions in Example 6.16

can be written
ER‘ft :311 ,812
|:8i| = |:90 90 01 i| ERS, | — | B21 B |:izi|
b1 U2 0Uz3 EZ, ) 0 F

The first line reads
Az
0=EZ —[1 0]|7?| s0hz=EZ,.
AF

6.5.6 Empirical Evidence

Chen, Roll, and Ross (1986) use a number of macro variables as factors—along with
traditional market indices. They find that industrial production and inflation surprises are
priced factors, while the market index might not be. Breeden, Gibbons, and Litzenberger
(1989) and Lettau and Ludvigson (2001) estimate models where consumption growth is

the factor—with mixed results.

6.6 Linear SDF Models
This section discusses how we can estimate and test the asset pricing equation
Epi—1 = Exmy, (6.57)

where x; are the “payoffs” and p;_; the “prices” of the assets. We can either interpret
p:—1 as actual asset prices and x; as the payoffs, or we can set p,—; = 1 and let x; be
gross returns, or set p;—; = 0 and x; be excess returns.

Assume that the SDF is linear in the factors

me =y fi, (6.58)

where the (1 + K) x 1 vector f; contains a constant and the other factors. Combining
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with (6.57) gives the sample moment conditions

T

20) =) &)/ T = 041, where (6.59)
t=1

gt = XMy — Pro1 = X0 f{Y — Pe-a. (6.60)

There are 1 + K parameters and » moment conditions (the number of assets).

To estimate this model with a weighting matrix W, we minimize the loss function

J=g)Wgy). (6.61)

Alternatively, the moment conditions are combined into 1 4+ K effective conditions as

Aa+x)xn8(Y) = 0a1Kx)x1- (6.62)

See Appendix B.2 for details on how to calculate the estimates.

To test the asset pricing implications, we test if the moment conditions E g, = 0 are
satisfied at the estimated parameters. The test is based on a quadratic form of the moment
conditions, 7'g(h)'¥~'g(b) which has a chi-square distribution if the correct ¥ matrix is
used.

This approach estimates all the parameters of the SDF freely. In particular, the mean
of the SDF is estimated along with the other parameters. Nothing guarantees that the
reciprocal of this mean is anywhere close to a reasonable proxy of a riskfree rate. This
may have a large effect on the test of the asset pricing model: think of testing CAPM
by using a very strange riskfree rate. (This is discussed in some detail in Dahlquist and
Soderlind (1999).)

6.6.1 Restricting the Mean SDF

The model (6.57) does not put any restrictions on the riskfree rate, which may influence
the test. The approach above is also incapable of handling the case when all payoffs are
excess returns. The reason is that there is nothing to tie down the mean of the SDF. To
demonstrate this, the model of the SDF (6.57) is here rewritten as

m; =m+b'(fi —E f;), (6.63)
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som = Em.

Remark 6.20 (The SDF model (6.63) combined with excess returns) With excess returns,

X; = RY and p;—; = 0. The asset pricing equation is then
which would be satisfied by (m, b) = (0, 0), which makes no sense.

To handle excess returns, we could add moment conditions for some gross returns (a
“riskfree” return might be a good choice) or prices. Alternatively, we could restrict the
mean of the SDF. The analysis below considers the latter.

The sample moment conditions for E x,m,; = E p,_; with the SDF (6.63) are

g2(y) = 0,1, where (6.64)
gt = xmy — pr—y = X + X (ft —=E f1)'b — pi—1,

where m is given (our restriction). See Appendix B.2 for details on how to calculate the
estimates.

Provided we choose m # 0, this formulation works with payoffs, gross returns and
also excess returns. It is straightforward to show that the choice of m does not matter for

the test based on excess returns (p = 0, so X, = 0).

6.6.2 SDF Models versus Linear Factor Models: The Tests

Reference: Ferson (1995); Jagannathan and Wang (2002) (theoretical results); Cochrane
(2005) 15 (empirical comparison); Bekaert and Urias (1996); and Soderlind (1999)

The test of the linear factor model and the test of the linear SDF model are (generally)
not the same: they test the same implications of the models, but in slightly different ways.
The moment conditions look a bit different—and combined with non-parametric methods
for estimating the covariance matrix of the sample moment conditions, the two methods
can give different results (in small samples, at least). Asymptotically, they are always the
same, as showed by Jagannathan and Wang (2002).

There is one case where we know that the tests of the linear factor model and the
SDF model are identical: when the factors are excess returns and the SDF is constructed

to price these factors as well. To demonstrate this, let R, be a vector of excess returns
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on some benchmarks assets. Construct a stochastic discount factor as in Hansen and
Jagannathan (1991):
m; =m+ (RS, — R%,)'0, (6.65)

where m is a constant and 6 is chosen to make m, “price” R, in the sample, that is, so
X ER¢m,/T =0. (6.66)

Consider the test assets with excess returns R$,, and “SDF performance”

_ 1

82 = 72?:1122”%- (6.67)
Let the factor portfolio model be the linear regression

RS, =+ PR, + &1, (6.68)

where Eg¢; = 0 and Cov(RY,, ;) = 0. Then, the SDF-performance (“pricing error”) is

proportional to a traditional alpha
g2/M = Q. (6.69)

In both cases we are thus testing if « is zero or not.

Notice that (6.69) allows for the possibility that R, is the excess return on dynamic
portfolios, RS, = s;—1 ® R,, where s;_; are some information variables (not payoffs as
before), for instance, lagged returns or market volatility, and R, are some basic bench-
marks (S&P500 and bond, perhaps). The reason is that if R{, are excess returns, so are
RS, = s5;—1 ® R§,. Therefore, the typical cross-sectional test (of E R® = B’A) coincides
with the test of the alpha—and also of zero SDF pricing errors.

Notice also that R, could be the excess return on dynamic strategies in terms of the
test assets, R3, = z,—1 ® R;,, where z,_; are information variables and R}, are basic test
assets (mutual funds say). In this case, we are testing the performance of these dynamic
strategies (in terms of mutual funds, say). For instance, suppose R;; is a scalar and the o
for z;_1 Ry; 1s positive. This would mean that a strategy that goes long in Ry, when z,_;
is high (and vice versa) has a positive performance.

Proof. (of (6.69)) (Here written in terms of population moments, to simplify the nota-
tion.) It follows directly that = — Var(R¢,)™! (E R‘l"tnﬁ). Using this and the expression
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for m; in (6.67) gives
E g, = ERS,m — Cov (RS, R{,) Var(R$,) "' E R$,m.

We now rewrite this equation in terms of the parameters in the factor portfolio model
(6.68). The latter implies E RS, = o+ B E RY,, and the least squares estimator of the slope
coefficients is B = Cov (RS, R¢,) Var (R¢,)”". Using these two facts in the equation

above—and replacing population moments with sample moments, gives (6.69). m

6.7 Conditional Factor Models

Reference: Cochrane (2005) 8; Ferson and Schadt (1996)

The simplest way of introducing conditional information is to simply state that the
factors are not just the usual market indices or macro economic series: the factors are
non-linear functions of them (this is sometimes called “scaled factors” to indicate that
we scale the original factors with instruments). For instance, if R;,, is the return on the
market portfolio and z,_; is something else which is thought to be important for asset

pricing (use theory), then the factors could be
fll == Rrent and f2l == Zt_]ant. (6.70)

Since the second factor is not an excess return, the test is done as in (6.41).
An alternative interpretation of this is that we have only one factor, but that the coef-
ficient of the factor is time varying. This is easiest seen by plugging in the factors in the

time-series regression part of the moment conditions (6.41), Rf, = a + Bf; + €is,

Rfl =uo + ,BlR;t + :82Zt—1R,ent + &is
=a + (B1 + B2zi—1)R;,, + €. (6.71)

The first line looks like a two factor model with constant coefficients, while the second
line looks like a one-factor model with a time-varying coefficient (81 + f2z;—1). This
is clearly just a matter of interpretation, since it is the same model (and is tested in the
same way). This model can be estimated and tested as in the case of “general factors”—as
z;—1R;,, is not a traditional excess return.

See Figure 6.14—6.15 for an empirical illustration.
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Figure 6.14: Conditional betas of the 25 FF portfolios

Remark 6.21 (Figures 6.14-6.15, equally weighted 25 FF portfolios) Figure 6.14 shows
the betas of the conditional model. It seems as if the small firms (portfolios with low num-
bers) have a somewhat higher exposure to the market in bull markets and vice versa,
while large firms have pretty constant exposures. However, the time-variation is not
marked. Therefore, the conditional (two-factor model) fits the cross-section of average

returns only slightly better than CAPM—see Figure 6.15.

Conditional models typically have more parameters than unconditional models, which
is likely to give small samples issues (in particular with respect to the inference). It is
important to remember some of the new factors (original factors times instruments) are

probably not an excess returns, so the test is done with an LM test as in (6.41).

6.8 Conditional Models with ‘“Regimes”

Reference: Christiansen, Ranaldo, and Soderlind (2010)

It is also possible to estimate non-linear factor models. The model could be piecewise
linear or include higher order times. For instance, Treynor and Mazuy (1966) extends the
CAPM regression by including a squared term (of the market excess return) to capture
market timing.

Alternatively, the conditional model (6.71) could be changed so that the time-varying
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Figure 6.16: Logistic function and the effective slope coefficient in a Logistic smooth
transition regression

coefficients are non-linear in the information variable. In the simplest case, this could be
dummy variable regression where the definition of the regimes is exogenous.
More ambitiously, we could use a smooth transition regression, which estimates both

the “abruptness” of the transition between regimes as well as the cutoff point. Let G(z)
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be a logistic (increasing but “S-shaped”) function

1

&) = el ol

(6.72)

where the parameter c is the central location (where G(z) = 1/2) and y > 0 determines
the steepness of the function (a high y implies that the function goes quickly from O to 1
around z = ¢.) See Figure 6.16 for an illustration. A logistic smooth transition regression

is

v ={[1 = Gz B} + G(z)By} xi + &
= [1 = G(z)] Bix: + G(z1) Box: + & (6.73)

At low z, values, the regression coefficients are (almost) 81 and at high z, values they are

(almost) B,. See Figure 6.16 for an illustration.

Remark 6.22 (NLS estimation) The parameter vector (y, c, B1, B2) is easily estimated by
Non-Linear least squares (NLS) by concentrating the loss function: optimize (numeri-
cally) over (y,c) and let (for each value of (y,c)) the parameters (B, B2) be the OLS

coefficients on the vector of “regressors” ([1 — G(z;)] x¢, G(21)Xy).

The most common application of this model is by letting x, = y;_;. This is the
LSTAR model—logistic smooth transition auto regression model, see Franses and van
Dijk (2000).

For an empirical application to a factor model, see Figures 6.17-6.18.

6.9 Fama-MacBeth*

Reference: Cochrane (2005) 12.3; Campbell, Lo, and MacKinlay (1997) 5.8; Fama and
MacBeth (1973)

The Fama and MacBeth (1973) approach is a bit different from the regression ap-
proaches discussed so far—although is seems most related to what we discussed in Sec-

tion 6.5. The method has three steps, described below.

e First, estimate the betas 8; (i = 1,...,n) from (6.1) (this is a time-series regres-

sion). This is often done on the whole sample—assuming the betas are constant.
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Figure 6.18: Test of 1 and 2-factor models, 25 FF portfolios

Sometimes, the betas are estimated separately for different sub samples (so we

could let ,BAi carry a time subscript in the equations below).
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e Second, run a cross sectional regression for every ¢. That is, for period 7, estimate

A; from the cross section (across the assets i = 1,...,n) regression
Rf, = A\ Bi + eir, (6.74)

where ,é ; are the regressors. (Note the difference to the traditional cross-sectional
approach discussed in (6.14), where the second stage regression regressed E Ry, on

;§ i» while the Fama-French approach runs one regression for every time period.)

e Third, estimate the time averages

M)~

g fori = 1,...,n, (for every asset) (6.75)

N[~

~
Il
—

>
I

(6.76)

N -
]~
3))

~
Il
-

The second step, using Bi as regressors, creates an errors-in-variables problem since
,3,- are estimated, that is, measured with an error. The effect of this is typically to bias
the estimator of A, towards zero (and any intercept, or mean of the residual, is biased
upward). One way to minimize this problem, used by Fama and MacBeth (1973), is to
let the assets be portfolios of assets, for which we can expect that some of the individual
noise in the first-step regressions to average out—and thereby make the measurement
error in ,é smaller. If CAPM is true, then the return of an asset is a linear function of the
market return and an error which should be uncorrelated with the errors of other assets—
otherwise some factor is missing. If the portfolio consists of 20 assets with equal error
variance in a CAPM regression, then we should expect the portfolio to have an error
variance which is 1/20th as large.

We clearly want portfolios which have different betas, or else the second step regres-
sion (6.74) does not work. Fama and MacBeth (1973) choose to construct portfolios
according to some initial estimate of asset specific betas. Another way to deal with the
errors-in-variables problem is adjust the tests. Jagannathan and Wang (1996) and Jagan-
nathan and Wang (1998) discuss the asymptotic distribution of this estimator.

We can test the model by studying if &; = 0 (recall from (6.75) that &; is the time

average of the residual for asset i, &;;), by forming a t-test £; / Std(€;). Fama and MacBeth
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(1973) suggest that the standard deviation should be found by studying the time-variation
in &;;. In particular, they suggest that the variance of &;; (not &;) can be estimated by the

(average) squared variation around its mean

T
R 1 R A2
Var(@i) = — ) | (€10 — &)” (6.77)
t=1
Since &; is the sample average of &;;, the variance of the former is the variance of the latter

divided by T (the sample size)—provided &;; is iid. That is,

T
A 1 A 1 A oA
Var(¢;) = T Var(&;;) = 2 ; (&ir — 8,')2. (6.78)
A similar argument leads to the variance of A
. 1 ..
Var(A) = — > (=1 (6.79)
t=1

Fama and MacBeth (1973) found, among other things, that the squared beta is not

significant in the second step regression, nor is a measure of non-systematic risk.

A Details of SURE Systems

Proof. (of (6.8)) Write each of the regression equations in (6.7) on a traditional form

1
R{, = x,0; + &;;, where x, = )
fi

Define
T T
Xx = plim E - xtx;/T, and 0;; = plim E - eir€je) T,

then the asymptotic covariance matrix of the vectors §; and éj (assetsi and j)iso;; X1/ T

(see below for a separate proof). In matrix form,

011 ... O1p
Cov(vTO) = | : C e Xl
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where 6 stacks él, cees én As in (6.3), the upper left element of X! equals 1 + SR?,
where SR is the Sharpe ratio of the market. m

Proof. (of distribution of SUR coefficients, used in proof of (6.8)*) To simplify, con-
sider the SUR system

Ve = Bx: +u;

Zy =YXt + Uy,

where y;, z; and x, are zero mean variables. We then know (from basic properties of LS)
that

B=5

+ =7 (x1u1 + Xous + .. .XTMT)
D i=1XeXe

y=vy (x1v1 + x2v2 + ... xTUT).

+ N
Z?:lxtxt

In the traditional LS approach, we treat x; as fixed numbers (“constants”) and also assume
that the residuals are uncorrelated across and have the same variances and covariances

across time. The covariance of B and y is therefore
. 2
Cov(B.7) = —— | [x7 Cov (u1.v1) + x5 Cov (uz,v2) + ... x7 Cov (ur, vr)]
D i=1Xe Xt

2
1
= ( ) (Zthlx,xt> Ouv, Where 0y, = Cov (u,, v;),

Zszlxtxt
1

Zt=1xtxt

Divide and multiply by 7 to get the result in the proof of (6.8). (We get the same results
if we relax the assumption that x, are fixed numbers, and instead derive the asymptotic

distribution.) m

Remark A.1 (General results on SURE distribution, same regressors) Let the regression
equations be

!/ .
Vie =x,0; + e, i =1,....n,

where x; is a K X 1 vector (the same in all n regressions). When the moment conditions
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are arranged so that the first n are x1;&;, then next are X,;&;
Eg: =E(x; ® &),

then Jacobian (with respect to the coefs of x1;, then the coefs of x,;, etc) and its inverse
are
Dy=-%u®Ilyand Dy' = -3 ® I,.

The covariance matrix of the moment conditions is as usual S¢ = Zg‘;_oo Eg/g,_,. As
an example, letn = 2, K = 2 with x; = (1, f;) and let 6; = (v;, Bi), then we have

g1 Yir —oa1—Bifi
g2 _ lZT Yar — 02 — Ba fy
g3 T ~i=t| fi(yy—ar—PBifr) |
84 Si(y2r — a2 — B2 f1)
and
8187'1/3061 agl/aaz agl/aﬁl 8871/8,32
g _ 0g8>/0a; 0g2/0ar 082/0B1 082/0B>
Aoy, a2, B1. Ba]’ 0g3/dcy 0g3/00r 0g3/9B1 0g3/0P2
8524/3051 a,:87'4/3052 a234/3,31 8§4/8,32
1 0 f, O
_ 1 T 0o 1 0 f _ 1 T ,
= —T Zt:l ﬁ 0 ftz 0 = (—T Zl=1 xtxt) Q 1.
0 f O ft2

Remark A.2 (General results on SURE distribution, same regressors, alternative order-
ing of moment conditions and parameters™) If instead, the moment conditions are ar-

ranged so that the first K are x,&1;, the next are x;€5; as in
Eg: = E(e; ® xy),

then the Jacobian (wrt the coffecients in regression 1, then the coeffs in regression 2 etc.)

and its inverse are

Do=1,® (—X:x)and Dy' =1, ® (-X_)).
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Reordering the moment conditions and parameters in Example A.l gives

g1 Yir —o1—Bifs
82 :lZT St —ar =B fi)
g3 T &=1 Yor — a2 — Bafi ,
84 Si(y2r — a2 — B2 f1)
and
dg1/0a; 0g1/9B1 0g1/daz 03g1/03B2
ag _ agz/aal 8372/8[31 8g2/80(2 8g2/8ﬂ2
Aoy, Bi, oz, Ba] 0g3/0a; 0g3/0B1 0g3/do, 0g3/0B2
0ga/0ay 0g4/0B1 08a/0az 0g4/0B2
1 f 0 O
T | fi S0 0 | 1 7 ,
__TZFI 0 0 1 f =he _szlxtx’ '
0 0 f f,2

B Calculating GMM Estimator

B.1 Coding of the GMM Estimation of a Linear Factor Model

This section describes how the GMM problem can be programmed. We treat the case

with n assets and K Factors (which are all excess returns). The moments are of the form

:<_1_
& /i |

:<1
81 _ft_

for the exactly identified and overidentified case respectively

® (R —a — IBft))

® (Rf - IBft))

Suppose we could write the moments on the form

8t = Zt ()’t —X,{b),

to make it easy to use matrix algebra in the calculation of the estimate (see below for how
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to do that). These moment conditions are similar to those for the instrumental variable

method. In that case we could let

T
1 1 1
X, = 7 ;:1 z:ysand X, = T E 24X}, SO T E g = X,y — Xb.

In the exactly identified case, we then have
G =%, - %, b=0s0b=3%,,

(It is straightforward to show that this can also be calculated equation by equation.) In the

overidentified case with a weighting matrix, the loss function can be written

FWG = (2. — Z.b) W(E.y — .1b), s0
X WS, — X WX b=0andb = (X, WX,) ' X, WX,,.

In the overidentified case when we premultiply the moment conditions by A4, we get
Ag = AX,, —AX,;b=0,50b = (AX,,) 'AX,,.

In practice, we never perform an explicit inversion—it is typically much better (in terms of
both speed and precision) to let the software solve the system of linear equations instead.

To rewrite the moment conditions as g; = z; ( Vi — x;b), notice that

(

gt:(|:]1‘,:|®ln) Rf—<|:]1(t:| ®I,,)b , with b = vec(a, B)

2 \ .

(
o= ' len)|r = en]|. wihb = ve®)

for the exactly identified and overidentified case respectively. Clearly, z, and x; are ma-

Zt
trices, not vectors. (z; is n(1 + K) x n and x; is either of the same dimension or has n

rows less, corresponding to the intercept.)

Example B.1 (Rewriting the moment conditions) For the moment conditions in Example
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6.12 we have

(1 0 (1 0 [a]
0 1 0 1 o>
0 R¢ 0
gl py=| A B
0 fu R3, 0  fi B21
Jar O Jar O B2
0 fu 0 fa B2z
) —\ ) - )
Z Xy

Proof. (of rewriting the moment conditions) From the properties of Kronecker prod-
ucts, we know that (i) vec(ABC) = (C' ® A)vec(B); and (ii) ifaism x 1 and ¢ isn x 1,

thena ® ¢ = (a ® I,)c. The first rule allows to write

a+/3f,=1,,[a ﬂ][}t}as([}t]@ln)vec([a ﬁ]).

b

’
Xy

The second rule allows us two write

[}t }®(Rf—a—ﬁfz)as ([ Jl,t } ®In)(Rf—0l—ﬁft)-

Zt

(For the exactly identified case, we could also use the fact (4 ® B)' = A’ ® B’ to notice
that Zy = x,.) |

Remark B.2 (Quick matrix calculations of X, and X, ) Although a loop wouldn’t take
too long time to calculate X, and X, there is a quicker way. Put[ 1 f] |inrowt
of the matrix Zrxq+x) and R¢" in row t of the matrix Rrx,. For the exactly identified
case, let X = Z. For the overidentified case, put f, in row t of the matrix Xrxg. Then,
calculate

Y.x=Z'X/T)Q® I,andvec(R'Z/T) = X,,.
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B.2 Coding of the GMM Estimation of a Linear SDF Model

B.2.1 No Restrictions on the Mean SDF

To simplify the notation, define

T T
Zop =) xif{/Tand 5, =) pia/T.
t=1

t=1

The moment conditions can then be written
g§(y) = Xpy — Xp,
and the loss function as
J = (Zxpy - Ep), W (Zxry — Zp).

The first order conditions are

O+r)x1 =

aJ 0D\ 1) - on

R w

3y ( 3y g()
=3 W (Zs7— %) .50

P = (ZLWEy) ZLWE,.

In can also be noticed that the Jacobian is

Instead, with Ag(y) = 0, we have
AExfy — AEP = 0, SO

y=(AX, ) 'AZ,.

B.2.2 Restrictions on the Mean SDF

To simplify the notation, let

T T T
Te=> x/T. Ty =) x(fi—Ef)/Tand X, =Y p,1/T.
t=1 t=1 t=1
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The moment conditions are
gb)y=Xm+ X sb—- X%,
With a weighting matrix W, we minimize
J = (Zi 4 Zipb — 5,) W (Zun + Zepb — ).
The first order conditions (with respect to b only, since m is given) are
01 = LW (Zxﬁz + Serb— 5, 50
b= (S WEyy) ZLW (5, — ).
Instead, with Ag(y) = 0, we have

AX.m+ AX, b —AXY, =0,s0
b= (A%:)'A(Z, — Zm).
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7 Consumption-Based Asset Pricing

Reference: Bossaert (2002); Campbell (2003); Cochrane (2005); Smith and Wickens
(2002)

7.1 Consumption-Based Asset Pricing

7.1.1 The Basic Asset Pricing Equation

The basic asset pricing equation says
E,1 ReM; =1. (7.1)

where R; is the gross return of holding an asset from period t — 1 to ¢, M, is a stochastic
discount factor (SDF). E,_; denotes the expectations conditional on the information in
period ¢+ — 1, that is, when the investment decision is made. This equation holds for
any assets that are freely traded without transaction costs (or taxes), even if markets are
incomplete.

In a consumption-based model, (7.1) is the Euler equation for optimal saving in ¢ — 1
where M, is the ratio of marginal utilities in # and ¢t — 1, M, = Bu'(C;)/u’'(C;—1). T will
focus on the case where the marginal utility of consumption is a function of consumption
only, which is by far the most common formulation. This allows for other terms in the
utility function, for instance, leisure and real money balances, but they have to be addi-
tively separable from the consumption term. With constant relative risk aversion (CRRA)

v, the stochastic discount factor is

M; = B(C;/Ci—1)"7, 50 (7.2)
InM; =Inp — yAc;, where Ac;, =InC,;/C,_;. (7.3)

The second line is only there to introduce the convenient notation Ac; for the consumption
growth rate.

The next few sections study if the pricing model consisting of (7.1) and (7.2) can fit
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historical data. To be clear about what this entails, note the following. First, general
equilibrium considerations will not play any role in the analysis: the production side will
not be even mentioned. Instead, the focus is on one of the building blocks of an otherwise
unspecified model. Second, complete markets are not assumed. The key assumption is
rather that the basic asset pricing equation (7.1) holds for the assets I analyse. This means
that the representative investor can trade in these assets without transaction costs and taxes
(clearly an approximation). Third, the properties of historical (ex post) data are assumed
to be good approximations of what investors expected. In practice, this assumes both
rational expectations and that the sample is large enough for the estimators (of various
moments) to be precise.

To highlight the basic problem with the consumption-based model and to simplify the
exposition, I assume that the excess return, R}, and consumption growth, Ac,, have a
bivariate normal distribution. By using Stein’s lemma, we can write the the risk premium
as

E;—1 R{ = Cov,_1(R}, Acy)y. (7.4)

The intuition for this expressions is that an asset that has a high payoff when consumption
is high, that is, when marginal utility is low, is considered risky and will require a risk
premium. This expression also holds in terms of unconditional moments. (To derive that,
start by taking unconditional expectations of (7.1).)

We can relax the assumption that the excess return is normally distributed: (7.4) holds
also if R{ and Ac; have a bivariate mixture normal distribution—provided Ac; has the
same mean and variance in all the mixture components (see Section 7.1.1 below). This
restricts consumption growth to have a normal distribution, but allows the excess return

to have a distribution with fat tails and skewness.

Remark 7.1 (Stein’s lemma) If x and y have a bivariate normal distribution and h(y) is
a differentiable function such that E[|h'(y)|] < oo, then Cov[x, h(y)] = Cov(x, y) E[h'(y)].

Proof. (of (7.4)) For an excess return R, (7.1) says E R°*M = 0, so
ER® = —Cov(R*, M)/EM.

Stein’s lemma gives Cov[R®, exp(In M )] = Cov(R’,In M)E M. (In terms of Stein’s
lemma, x = R®, y = InM and h() = exp().) Finally, notice that Cov(R¢,In M) =
—y Cov(R¢, Ac). m
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The Gains and Losses from Using Stein’s Lemma

The gain from using (the extended) Stein’s lemma is that the unknown relative risk aver-
sion, y, does not enter the covariances. This facilitates the empirical analysis consider-
ably. Otherwise, the relevant covariance would be between R¢ and (C;/C,—;)7".

The price of using (the extended) Stein’s lemma is that we have to assume that con-
sumption growth is normally distributed and that the excess return have a mixture normal
distribution. The latter is not much of a price, since a mixture normal can take many
shapes and have both skewness and excess kurtosis.

In any case, Figure 7.1 suggests that these assumptions might be reasonable. The
upper panel shows unconditional distributions of the growth of US real consumption per
capita of nondurable goods and services and of the real excess return on a broad US equity
index. The non-parametric kernel density estimate of consumption growth is quite similar
to a normal distribution, but this is not the case for the US market excess return which has
a lot more skewness.

Pdf of Ac Pdf of R,
0.06 ¢

Kernel
— - Normal

0.041
0.5
0.021
0 0
-1 0 1 2 -20 -10 0 10 20

Consumption growth, % Market excess return, %

US quaterly data 1957Q1-2008Q4

Figure 7.1: Density functions of consumption growth and equity market excess returns.
The kernel density function of a variable x is estimated by using a N(0, o) kernel with
o = 1.06Std(x)T~'/%. The normal distribution is calculated from the estimated mean
and variance of the same variable.

An Extended Stein’s Lemma for Asset Pricing*

To allow for a non-normal distribution of the asset return, an extension of Stein’s lemma

is necessary. The following proposition shows that this is possible—if we restrict the

240



distribution of the log SDF to be gaussian.

Figure 7.2 gives an illustration.

Joint distribution: y ~ N, x ~ mixN

Figure 7.2: Example of a bivariate mixed-normal distribution The marginal distributions
are drawn at the back.

Proposition 7.2 Assume (a) the joint distribution of x and y is a mixture of n bivari-
ate normal distributions; (b) the mean and variance of y is the same in each of the
n components; (¢) h(y) is a differentiable function such that E|h'(y)| < oo. Then
Cov[x,h(y)] = ER'(y) Cov(x, y). (See Soderlind (2009) for a proof.)

7.2 Asset Pricing Puzzles

7.2.1 The Equity Premium Puzzle

This section studies if the consumption-based asset pricing model can explain the histor-
ical risk premium on the US stock market.
To discuss the historical average excess returns, it is convenient to work with the

unconditional version of the pricing expression (7.4)
E R{ = Cov(RY, Ac,)y. (7.5)
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Table 7.1 shows the key statistics for quarterly US real returns and consumption growth.

Mean Std Autocorr Corr with Ac

Ac 1.984  0.944 0.362 1.000
R?, 5.369 16.899 0.061 0.211
Riskfree 1.213  2.429 0.642 0.196

Table 7.1: US quarterly data, 1957Q1-2008Q4 , (annualized, in %, in real terms)

We see, among other things, that consumption has a standard deviation of only 1%
(annualized), the stock market has had an average excess return (over a T-bill) of 6—8%
(annualized), and that returns are only weakly correlated with consumption growth. These
figures will be important in the following sections. Two correlations with consumption
growth are shown, since it is unclear if returns should be related to what is recorded as
consumption this quarter or the next. The reason is that consumption is measured as a
flow during the quarter, while returns are measured at the end of the quarter.

Table 7.1 shows that we can write (7.5) as

E R; = Corr(R{, Ac;) x Std(R) x Std(Ac;)y (7.6)
0.06 ~ 0.15x 0.17 x 0.01y. (7.7)

which requires a value of y & 236 for the equation to fit.

The basic problem with the consumption-based asset pricing model is that investors
enjoy a fairly stable consumption series (either because income is smooth or because it is
easy/inexpensive to smooth consumption by changing savings), so only an extreme risk
aversion can motivate why investors require such a high equity premium. This is the
equity premium puzzle stressed by Mehra and Prescott (1985) (although they approach
the issue from another angle). Indeed, even if the correlation was one, (7.7) would require

y &~ 35.

7.2.2 The Equity Premium Puzzle over Time

In contrast to the traditional interpretation of “efficient markets,” it has been found that
excess returns might be somewhat predictable—at least in the long run (a couple of years).
In particular, Fama and French (1988a) and Fama and French (1988b) have argued that
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future long-run returns can be predicted by the current dividend-price ratio and/or current
returns.

Figure 7.3 illustrates this by showing results the regressions
R (k) = ao + ayx; + usqk, where x; = E;/P; or Ry (k), (7.8)

where R¢ (k) is the annualized k-quarter excess return of the aggregate US stock market
and E;/ P, is the earnings-price ratio.
It seems as if the earnings-price ratio has some explanatory power for future returns—

at least for long horizons. In contrast, the lagged return is a fairly weak predictor.

Slope coefficient (b) R2
Slope with 90% conf band
0.5}
v - ~ 0.1
o N R s
~ _ 0.05
~ —_ _ -
057 -
0
0 20 40 60 0 20 40 60
Return horizon (months) Return horizon (months)

Monthly US stock returns 1957:1-2011:12

Regression: 7 =a+bri1 + ¢

Figure 7.3: Predictability of US stock returns

This evidence suggests that excess returns may perhaps have a predictable component,
that is, that (ex ante) risk premia are changing over time. To see how that fits with the
consumption-based model, (7.4) says that the conditional expected excess return should
equal the conditional covariance times the risk aversion.

Figure 7.4.a shows recursive estimates of the mean return of the aggregate US stock
market and the covariance with consumption growth (dated ¢ 4+ 1). The recursive esti-
mation means that the results for (say) 1965Q2 use data for 1955Q2-1965Q2, the results
for 1965Q3 add one data point, etc. The second subfigure shows the same statistics, but
estimated on a moving data window of 10 years. For instance, the results for 1980Q2 are

for the sample 1971Q3-1980Q2. Finally, the third subfigure uses a moving data window
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of 5 years.

Together these figures give the impression that there are fairly long swings in the

data. This fundamental uncertainty should serve as a warning against focusing on the fine

details of the data. It could also be used as an argument for using longer data series—

provided we are willing to assume that the economy has not undergone important regime

changes.

It is clear from the earlier Figure 7.4 that the consumption-based model probably can-

not generate plausible movements in risk premia. In that figure, the conditional moments

are approximated by estimates on different data windows (that is, different subsamples).

Although this is a crude approximation, the results are revealing: the actual average excess

return and the covariance move in different directions on all frequencies.

Recursive estimation

4l ER;, 1

------ COV(an) Ac)
5 M
ol -

-2
1960 1970 1980 1990 2000

5-year data window

10-year data window

. .
AL o
R

-2
1960 1970 1980 1990 2000

-2
1960 1970 1980 1990 2000

Results from quarterly US data 1952Q1-2008Q4
mean excess return on equity, in percent
Covariance with cons growth, in basis points
Initialization: data for first 10 years (not shown)

Figure 7.4: The equity premium puzzle for different samples.
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7.2.3 The Riskfree Rate Puzzle

The CRRA utility function has the special feature that the intertemporal elasticity of sub-
stitution is the inverse of the risk aversion, that is, 1/y. Choosing the risk aversion pa-
rameter, for instance, to fit the equity premium, will therefore have direct effects on the
riskfree rate.

A key feature of any consumption-based asset pricing model, or any consumption/saving
model for that matter, is that the riskfree rate governs the time slope of the consumption
profile. From the asset pricing equation for a riskfree asset (7.1) we have E;_1 (Rs;) E,—1(M;) =
1. Note that we must use the conditional asset pricing equation—at least as long as we
believe that the riskfree asset is a random variable. A riskfree asset is defined by having
a zero conditional covariance with the SDF, which means that it is regarded as riskfree at
the time of investment (# — 1). In practice, this means a real interest rate (perhaps approx-
imated by the real return on a T-bill since the innovations in inflation are small), which
may well have a nonzero unconditional covariance with the SDFE.! Indeed, in Table 7.1
the real return on a T-bill is as correlated with consumption growth as the aggregate US
stockmarket.

When the log SDF is normally distributed (the same assumption as before), then the
log expected riskfree rate is

InE;—1 Ryy = —InB + yE;—y Ac, — y? Var;_1(Acy)/2. (7.9)
To relate this equation to historical data, we take unconditional expectations to get
EInE,  Ry; =—Inp + yEAc, — y?E Var,_;(Ac;)/2. (7.10)

Before we try to compare (7.10) with data, several things should be noted. First, the log
gross rate is very close to a traditional net rate (In(1 + z) ~ z for small z), so it makes
sense to compare with the data in Table 7.1. Second, we can safely disregard the variance
term since it is very small, at least as long as we are considering reasonable values of y.
Although the average conditional variance is not directly observable, we know that it must

be smaller than the unconditional variance?, which is very small in Table 7.1. In fact, the

! As a very simple example, let x; = z;_+¢; and y; = z;_ +u; where g, are u, uncorrelated with each
other and with z,_;. If z,_ is observable in z — 1, then Cov,—1(x;, y;) = 0, but Cov(x;, y;) = 02(z4—1).

’Let E(y|x) and Var(y|x) be the expectation and variance of y conditional on x. The unconditional
variance is then Var(y) = Var[E(y|x)] + E[Var(y|x)].
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variance is around 0.0001 whereas the mean is around 0.02.

Proof. (of (7.9)) For a riskfree gross return Ry, (7.1) with the SDF (7.2) says
E/,—1(Ry:) E,—1[B(C;/C;—1)""] = 1. Recall that if x ~ N(u,0?) and y = exp(x)
then Ey = exp(u + 62/2). When Ac; is conditionally normally distributed, the log of
E;_1[B(C;/C:;—1) "] equals In B — y E;_1 Ac; + y? Var,_1(Ac;)/2). m

According to (7.10) there are two ways to reconcile a positive consumption growth
rate with a low real interest rate (around 1% in Table 7.1): investors may prefer to con-
sume later rather than sooner (8 > 1) or they are willing to substitute intertemporally
without too much compensation (1/y is high, that is, y is low). However, fitting the eq-
uity premium requires a high value of y, so investors must be implausibly patient if (7.10)
is to hold. For instance, with y = 25 (which is a very conservative guess of what we need

to fit the equity premium) equation (7.10) says
0.01 = —InpB 4+ 25x0.02 (7.11)

(ignoring the variance terms), which requires 8 & 1.6. This is the riskfree rate puzzle
stressed by Weil (1989). The basic intuition for this result is that it is hard to reconcile a
steep slope of the consumption profile and a low compensation for postponing consump-
tion if people are insensitive to intertemporal prices—unless they are extremely patient
(actually, unless they prefer to consume later rather than sooner).

Another implication of a high risk aversion is that the real interest rate should be
very volatile, which it is not. According to Table 7.1 the standard deviation of the real
interest rate is perhaps twice the standard deviation of consumption growth. From (7.9)
the volatility of the (expected) riskfree rate should be

Std[lnEt_l th] =Y Std[Et_l Act], (712)

if the conditional variance of consumption growth is constant. This expression says that
the standard deviation of expected real interest rate is y times the standard deviation of ex-
pected consumption growth. We cannot observe the conditional expectations directly, and
therefore not estimate their volatility. However, a simple example is enough to demon-
strate that high values of y are likely to imply counterfactually high volatility of the real
interest rate.

As an approximation, suppose both the riskfree rate and consumption growth are
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AR(1) processes. Then (7.12) can be written

Corr[InE;—1 (Rf¢), InE;—1(Ry;)] x Std[InE;—1(Rs;)] = y x Corr(Acy, Acy41) x Std(Acy)
(7.13)

0.75x0.02 ~ y x 0.3 x0.01 (7.14)

where the second line uses the results in Table 7.1. With y = 25, (7.14) implies that the
RHS is much too volatile This shows that an intertemporal elasticity of substitution of
1/25 is not compatible with the relatively stable real return on T-bills.

Proof. (of (7.13)) If x;, = ax;—1 + &;, where ¢, is iid, then E,_;(x;) = ax;_1, so

0(Ei—1x;) = ao(x;—1). W

7.3 The Cross-Section of Returns: Unconditional Models

The previous section demonstrated that the consumption-based model has a hard time ex-
plaining the risk premium on a broad equity portfolio—essentially because consumption
growth is too smooth to make stocks look particularly risky. However, the model does
predict a positive equity premium, even if it is not large enough. This suggests that the
model may be able to explain the relative risk premia across assets, even if the scale is
wrong. In that case, the model would still be useful for some issues. This section takes a
closer look at that possibility by focusing on the relation between the average return and
the covariance with consumption growth in a cross-section of asset returns.

The key equation is (7.5), which I repeat here for ease of reading
E R{ = Cov(RY, Ac;)y. (EPPn2 again)

This can be tested with a GMM framework or a to the traditional cross-sectional regres-
sions of returns on factors with unknown factor risk premia (see, for instance, Cochrane
(2005) chap 12 or Campbell, Lo, and MacKinlay (1997) chap 6).

Remark 7.3 (GMM estimation of (7.5)) Let there be N assets. The original moment
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conditions are

(Act - /fLAc) =0
(Rf, — ;) =0fori =1,2,...N
grBy =23 | . .
= | [(Acr — pue)(Rf, — i) —oei] =0fori =1,2,..., N
(R}, —a—o¢k)=0fori =1,2,...,N,

T

where [L¢ is the mean of Acy, p; the mean of Rf,, o¢; the covariance of Ac; and RY,.

This gives 1 + 3N moment conditions and 2N + 3 parameters, so there are N — 2
overidentifying restrictions.

To estimate, we define the combined moment conditions as

Ag7(B) = 02N +3)x1, Where

1 Oixy  Oixy  Oixn
Ovx1  In Onxy Onxn
AeN+3x+38) = | Onx1 Onxy  In Onxy |
0 O1xy  Oixn o}

ic

0 O1xyv  Oixn 11><N_

where o], is an 1 x N vector of covariances of the returns with consumption growth.

These moment conditions mean that means and covariances are estimated in the tradi-
tional way, and that k is estimated by a LS regression of E Rf, on a constant and o.;. The
test that the pricing errors are all zero is a Wald test that gr(B) are all zero, where the
covariance matrix of the moments are estimated by a Newey-West method (using one lag).
This covariance matrix is singular, but that does not matter (as we never have to invert

it).

It can be shown (see Soderlind (2006)) that (i) the recursive utility function in Epstein
and Zin (1991); (ii) the habit persistence model of Campbell and Cochrane (1999) in the
case of no return predictability, as well as the (iii) models of idiosyncratic risk by Mankiw
(1986) and Constantinides and Duffie (1996) also in the case of no return predictability, all
imply that (7.5) hold. There only difference is that the effective risk aversion (y) differs.
Still, the basic asset pricing implication is the same: expected returns are linearly related

to the covariance.
Figure 7.5 shows the results of both C-CAPM and the standard CAPM—for the 25
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Fama and French (1993) portfolios. It is clear that both models work badly, but CAPM
actually worse.

Figure 7.6 takes a careful look at how the C-CAPM and CAPM work in different
smaller cross-sections. A common feature of both models is that growth firms (low book-
to-market ratios) have large pricing errors (in the figures with lines connecting the same
B/M categories, they are the lowest lines for both models). See also Table 7.2-7.4)

In contrast, a major difference between the models is that CAPM shows a very strange
pattern when we compare across B/M categories (lines connecting the same size cate-
gory): mean excess returns are decreasing in the covariance with the market—the wrong
sign compared to the CAPM prediction. This is not the case for C-CAPM.

The conclusion is that the consumption-based model is not good at explaining the

cross-section of returns, but it is no worse than CAPM—if it is any comfort.

B/M
1 2 3 4 5
Sizel | —6.6 —-1.2 1.0 3.0 4.1
2 | =34 —0.1 2.6 2.6 2.2
3 | —4.1 0.7 1.0 1.7 4.1
4 | —1.8 —-1.3 0.2 1.1 —0.7
5 | =31 -0.5 -0.7 -1.3 0.3

Table 7.2: Historical minus fitted risk premia (annualised % ) from the unconditional model.
Results are shown for the 25 equally-weighted Fama-French portfolios, formed according
to size and book-to-market ratios (B/M). Sample: 1957Q1-2008Q4

7.4 The Cross-Section of Returns: Conditional Models

The basic asset pricing model is about conditional moment and it can be summarizes as

in (7.4) which is given here again
E;—1 R} = Cov,—1 (R}, Acy)y. (EPP3c again)

Expression this in terms of unconditional moments as in (7.5) shows only part of the
story. It is, however, fair to say that if the model does not hold unconditionally, then that

is enough to reject the model.
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B/M
1 2 3 4 5

Sizel | 5.8 11.0 11.9 13.8 16.6

2 |47 8.4 10.7 11.0 12.0
4.8 8.4 8.6 10.2 12.0
6.0 6.4 8.2 9.3 9.6
4.7 6.1 6.3 6.1 8.0

N B~ W

Table 7.3: Historical risk premia (annualised %). Results are shown for the 25 equally-
weighted Fama-French portfolios, formed according to size and book-to-market ratios
(B/M) Sample: 1957Q1-2008Q4

B/M
1 2 3 4 5
Size1 | —114.5 -10.5 8.5 21.9 24.9
2 —73.5 —0.7 23.8 23.6 18.2
3 —85.1 8.7 11.5 16.8 33.7
4 -30.4 —19.6 1.8 12.3 —6.8
5 —65.2 —7.8 —11.0 —22.1 4.2

Table 7.4: Relative errors of risk premia (in %) of the unconditional model. The relative
errors are defined as historical minus fitted risk premia, divided by historical risk premia.
Results are shown for the 25 equally-weighted Fama-French portfolios, formed according
to size and book-to-market ratios (B/M). Sample: 1957Q1-2008Q4

However, it can be shown (see Soderlind (2006)) that several refinements of the con-
sumption based model (the habit persistence model of Campbell and Cochrane (1999)
and also the model with idiosyncratic risk by Mankiw (1986) and Constantinides and
Duffie (1996)) also imply that (7.4) holds, but with a time varying effective risk aversion
coefficient (so y should carry a time subscript).

7.4.1 Approach 1 of Testing the Conditional CCAPM: A Scaled Factor Model

Reference: Lettau and Ludvigson (2001b), Lettau and Ludvigson (2001a)
Lettau and Ludvigson (2001b) use a scaled factor model, where they impose the re-
striction that the time variation (using a beta representation) is a linear function of some

conditioning variables (specifically, the cay variable) only.
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The cay variable is defined as the log consumption/wealth ratio. Wealth consists of
both financial assets and human wealth. The latter is not observable, but is assumed to
be proportional to current income (this would, for instance, be true if income follows and

AR(1) process). Therefore, cay is modelled as
cay, = ¢ —wa; — (1 —w)yy, (7.15)

where ¢; is log consumption, a; log financial wealth and y; is log income. The coeffi-
cient w is estimated with LS to be around 0.3. Although (7.15) contains non-stationary
variables, it is interpreted as a cointegrating relation so LS is an appropriate estimation
method. Lettau and Ludvigson (2001a) shows that cay is able to forecast stock returns (at
least, in-sample). Intuitively, cay should be a signal of investor expectations about future
returns (or wage earnings...): a high value is probably driven by high expectations.

The SDF is modelled as time-varying function of consumption growth

M, = a; + b; Ac;, where (7.16)
a; = yo + yicay,— and by = no + nicay;—. (7.17)

This is a conditional C-CAPM. 1t is clearly the same as specifying a linear factor model
Rf, = a + Bircayi—1 + BizAc: + Bis(Acy x cay;—1) + &ir, (7.18)

where the coefficients are estimated in time series regression (this is also called a scaled
factor model since the “true” factor, Ac, is scaled by the instrument, cay). Then, the

cross-sectional pricing implications are tested by
ER; = BA, (7.19)

where (Bi2, Bi2, Bi3) is row i of the f matrix and A is a 3 x 1 vector of factor risk premia.

Lettau and Ludvigson (2001b) use the 25 Fama-French portfolios as test assets and
compare the results from (7.18)—(7.19) with several other models, for instance, a tradi-
tional CAPM (the SDF is linear in the market return), a conditional CAPM (the SDF is
linear in the market return, cay and their product), a traditional C-CAPM (the SDF is
linear in consumption growth) and a Fama-French model (the SDF is linear in the market
return, SMB and HML). It is found that the conditional CAPM and C-CAPM provides a

much better fit of the cross-sectional returns that the unconditional models (including the
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Fama-French model)—and that the C-CAPM is actually a pretty good model.

7.4.2 Approach 2 of Testing the Conditional CCAPM: An Explicit Volatility Model

Reference: Duffee (2005)

Duffee (2005) estimates the conditional model (7.4) by projecting both ex post returns
and covariances on a set of instruments—and then studies if there is a relation between
these projections.

A conditional covariance (here of the asset return and consumption growth) is the
covariance of the innovations. To create innovations (denoted eg; and e.; below), the

paper uses the following prediction equations

R = agYRri—1 + ery (7.20)
Act = aéYc,t_l + €ct- (721)

In practice, only three lags of lagged consumption growth is used to predict consumption
growth and only the cay variable is used to predict the asset return.

Then, the return is related to the covariance as
R} =bo + (b1 + bapi—1) er e + Wy, (7.22)

where (b; + by p;—1) is a model of the effective risk aversion. In the CRRA model, b, =
0, so b; measures the relative risk aversion as in (7.4). In contrast, in Campbell and
Cochrane (1999) p;_; is an observable proxy of the “surplus ratio” which measure how
close consumption is to the habit level.

The model (7.20)—(7.22) is estimated with GMM, using a number of instruments
(Z;-1): lagged values of stock market value/consumption, stock market returns, cay and
the product of demeaned consumption and returns. This can be thought of as first finding
proxies for

E—1 RS = aYr—1 and Cov,_i(ers. ecs) = &y Zs— (7.23)

and then relating this proxies as
E_| R? =bo + (b1 + bapi—1) Covi_1(eRry, €cs) + uy. (7.24)

The point of using a (GMM) system is that this allows handling the estimation uncer-
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tainty of the prediction equations in the testing of the relation between the predictions.

The empirical results (using monthly returns on the broad U.S. stock market and per
capita expenditures in nondurables and services, 1959-2001) suggest that there is a strong
negative relation between the conditional covariance and the conditional expected market
return—which is clearly at odds with a CRRA utility function (compare (7.4)). In addi-
tion, typical proxies of the p,_; variable do not seem to any important (economic) effects.

In an extension, the paper also studies other return horizons and tries other ways to
model volatility (including a DCC model).

(See also Soderlind (2006) for a related approach applied to a cross-section of returns.)

7.5 Ultimate Consumption

Reference: Parker and Julliard (2005)

Parker and Julliard (2005) suggest using a measure of long-run changes in consump-
tion instead of just a one-period change. This turns out to give a much better empirical fit
of the cross-section of risk premia.

To see the motivation for this approach, consider the asset pricing equation based on

a CRRA utility function. It says that an excess return satisfies
Et—l Rf(Ct/Ct_l)_y - O (725)

Similarly, an n-period bond price (P, ;) satisfies

E; B"(Ct4n/Ct)™" = Put, 50 (7.26)
C;" =E:B"Crl,/ Pus. (7.27)

Use in (7.25) to get
E:—1 Ran,t = 0, where Mn,t = (1/Pn,t)(ct+n/ct—l)_y- (7.28)

This expression relates the one-period excess return to an n-period SDF—which involves
the interest rate (1/ P, ) and ratio of marginal utilities n periods apart.

If we can apply Stein’s lemma (possibly extended) and use y,; = In1/P,; to denote
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the n-period log riskfree rate, then we get

E:—1 Rf = —COVt—l(Rf, InM, ;)
= COVt—l[Re» yIn(Cr1n/Ci—1)] — COVt—l[Rf, yn,t]- (7.29)

This first term is very similar to the traditional expression (7.2), except that we here have
the (n+1)-period (instead of the 1-period) consumption growth. The second term captures
the covariance between the excess return and the n-period interest rate in period ¢ (both
are random as seen from ¢ — 1). If we set n = 0, then this equation simplifies to the
traditional expression (7.2). Clearly, the moments in (7.29) could be unconditional instead
of conditional.

The empirical approach in Parker and Julliard (2005) is to estimate (using GMM) and
test the cross-sectional implications of this model. (They do not use Stein’s lemma.) They
find that the model fits data much better with a high value of n (“ultimate consumption’)
than with n = 0 (the traditional model). Possible reasons could be: (i) long-run changes
in consumption are better measured in national accounts data; (ii) the CRRA model is a
better approximation for long-run movements.

Proof. (of (7.26)—(7.28)) To prove (7.26), let M;+; = B(C;+1/C;)™7 denote the
SDF and Py, the price of an n-period bond. Clearly, P,; = E; M;41 Py 41, 50 Py =
E/ M;41Ei41(M;42Py42). Use the law of iterated expectations (LIE) and Py 4, = 1
to get Py = E; M;1,M,+,. The extension from 2 to n is straightforward, which gives
(7.26). To prove (7.28), use (7.27) in (7.25), apply LIE and simplify. m
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8 Expectations Hypothesis of Interest Rates

8.1 Term (Risk) Premia

Term risk premia can be defined in several ways. All these premia are zero (or at least
constant) under the expectations hypothesis.
A yield term premium is defined as the difference between a long (n-period) interest

rate and the expected average future short (m-period) rates over the same period

1 k—1 .
o} (n,m) = yu; — pa ZS=O E; Ym.ttsm> Withk = n/m. (8.1)
Figure 8.1 illustrates the timing.

Example 8.1 (Yield term premium, rolling over 3-month rates for a year)

1
@7 (1,1/4) = Viys — I E: Vams + Yami+3m + Vami+om + Yami+om) -

hold m bond new m bond new m bond new m bond

\ | | | |
now m 2m 3m 4m

hold n = 4m bond

Figure 8.1: Timing for yield term premium

The (m-period) forward term premium is the difference between a forward rate for an

m-period investment (starting in k periods ahead) and the expected short interest rate.

ol (k,m) = f,(k,k +m) —E; Ym sk, (8.2)

where f;(k, k + m) is a forward rate that applies for the period ¢t 4+ k to t + k + m. Figure

8.2 illustrates the timing.
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plan to hold m = 3k bond

| | | | |
now k 2k 3k 4k

forward contract, f(k,k + m)

Figure 8.2: Timing for forward term premium

Finally, the holding-period premium is the expected excess return of holding an n-
period bond between 7 and 7 +-m (buy itin ¢ for P,; and sell it in # +m for P,_,; s +m)—in

excess of holding an m-period bond over the same period

1
@?(”7 m) = Z E; 1n(Pn—m,H-m/Pnt) — VYmt
1
= nynt — (M —m) Bt Ynem t4m) — Yme- (8.3)

Figure 8.3 illustrates the timing. This definition is perhaps most similar to the definition

of risk premia of other assets (for instance, equity).

Example 8.2 (Holding-period premium, holding a 10-year bond for one year).

(0?(10, 1) =E;In(Pos4+1/Pros) — Y1s
= [10y10,s — 9E; Yo,r41] — Y1z

hold m bond

now m 2m 3m

hold n = 3m bond from now to m

Figure 8.3: Timing for holding-period premium

Notice that these risk premia are all expressed relative to a short(er) rate—they are

term premia. Nothing rules out the possibility that the short rate(-er) also includes risk
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premia. For instance, a short nominal interest rate is likely to include an inflation risk
premium since inflation over the next period is risky. However, this is not the focus here.
The (pure) expectations hypothesis of interest rates says that all these risk premia

should be constant (or zero if the pure theory).

8.2 Testing the Expectations Hypothesis of Interest Rates

8.2.1 Basic Tests

The basic tests of the expectations hypothesis (EH) is that the realized values of the term
premia (replace the expected values by realized values) in (8.1)—(8.3) should be unpre-
dictable. In this case, the regressions of the realized premia on variables that are known

in ¢ should have zero slopes (by = 0,b, = 0,b3 = 0)

1 k—1

Ynt — z ZSZO Ymt+sm = d1 + b/1xt + Utin (8.4)
Sk k +m) — ymrk = az + byx; + Ui pkim (8.5)

1
l’)_1 ln(Pn—m,t-i-m/Pnt) — Ymt = asz + b;xt + Uttn- (86)

These tests are based on the maintained hypothesis that the expectation errors (for in-
stance, Ym i+sm — B¢ Ym.r+sm) are unpredictable—as they would be if expectations are
rational.

The intercepts in these regressions pick out constant term premia. Non-zero slopes
would indicate that the changes of the term premia are predictable—which is at odds with
the expectations hypothesis.

Notice that we use realized (instead of expected) values on the left hand side of the
tests (8.4)—(8.6). This is valid—under the assumption that expectations can be well ap-
proximated by the properties of the sample data. To see that, consider the yield term

premium in (8.1) and add/subtract the realized value of the average future short rate,
k—
Zs=éym,t+sm/ka

1 k—1 1 k—1
Yne — Zs:O Et Ymt4+sm = Ynt — A Zs:O Ym.t+sm + €14+n, Where (8.7)

k
1 k—1 1 k—1
Et+n — % Zs=0 Ym t+sm — ]; Zs=0 Et Ym,t+sm- (88)
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Use RHS of (8.7) in (8.1) to write

1 k—1

Ynr — % _ Ymit+sm = <Piy(n, m) — &t4n (8.9)
s=0

Compare with (8.4) to notice that a; +b}x, captures the risk premium, ¢; (1, m). Also no-
tice that £, is the surprise, so it should not be forecastable by any information available
in period t—provided expectations are rational. (This does not cause any econometric

trouble since &; 4, should be uncorrelated to all regressors—since they are know in ¢.)

8.2.2 A Single Factor for All Maturities?

Reference: Cochrane and Piazzesi (2005)

Cochrane and Piazzesi (2005) regress excess holding period return on forward rates,
that is, (8.6) where x; contain forward rates. They observe that the slope coefficients are
very similar across different maturities of the bonds held (n). It seems as if the coefficients
(b3) for one maturity are the same as the coefficients for another maturity—apart from a

common scaling factor. This means that if we construct a “forecasting factor”

fft = bix, (8.10)

for one maturity (2-year bond, say), then the regressions

1
% ln(Pn—m,H-m/Pnl) — Vmt = ap + bnffl (8-11)

should work almost as well as using the full vector x;.

Figure 8.4 and Tables 8.1-8.2 illustrate some results.

8.2.3 Spread-Based Tests

Many classical tests of the expectations hypothesis have only used interest rates as pre-
dictors (x; include only interest rates). In addition, since interest rates have long swings
(are close to be non-stationary), the regressions have been expressed in terms of spreads.

To test that the yield term premium is zero (or at last constant), add and subtract y,,,

(the current short m-period rate) from (8.4) and rearrange to get

1 k—1
% Zs:() (ym,t+sm - ymt) = (ynt - ymt) + &14n, (812)
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Figure 8.4: A single forecasting factor for bond excess hold period returns

2 3 4 5

factor 1.00 1.88 2.69 3.46
(6.48) (6.66) (6.82) (6.98)

constant —0.00 —0.00 —0.00 —0.00
(—=0.00) (—0.52) (—0.94) (—1.33)

R2 0.14 0.15 0.16 0.17

obs 564.00 564.00 564.00 564.00

Table 8.1: Regression of different excess (1-year) holding period returns (in columns, in-
dicating the maturity of the respective bond) on a single forecasting factor and a constant.
U.S. data for 1964:1-2011:12.

which says that the term spread between a long and a short rate (y,; — ym,:) equals the

expected average future change of the short rate (relative to the current short rate).

263



2 3 4 5

factor 1.00 1.88 2.69 3.46
(3.89) (4.05) (4.21) (4.36)

constant —0.00 —0.00 —0.00 —0.00
(—0.00) (—0.25) (—0.45) (—0.64)

R2 0.14 0.15 0.16 0.17
obs 564.00 564.00 564.00 564.00

Table 8.2: Regression of different excess (1-year) holding period returns (in columns,
indicating the maturity of the respective bond) on a single forecasting factor and a con-
stant. U.S. data for 1964:1-2011:12. Bootstrapped standard errors, with blocks of 10
observations.

Example 8.3 (Yield term premium, rolling over 3-month rates for a year)

1
1 [(V3m,t = Y3m,e) + V3m,e43m — Y3m) + V3myitom — Vame) + Vametom — Yamy)] =

Yiam,: — Y3m,t-

(8.12) can be tested by running the regression

1 k—1
A Zs:O Vmitsm — Ymi) =&+ B (Ynt — Ymt) + €14, (8.13)

where the expectations hypothesis (zero yield term premium) implies « = O and 8 = 1.
(Sometimes the intercept is disregarded). See Figure 8.5 for an empirical example.

Similarly, adding and subtracting y,,; to (8.5) and rearranging gives

Ymi+k — Yme = + Bl fi(k.k +m) — yue] + €r4ktm, (8.14)

where the expectations hypothesis (zero forward term premium) implies @ = 0 and 8 =
1. This regression tests if the forward-spot spread is an unbiased predictor of the change
of the spot rate.

Finally, use (8.3) to rearrange (8.6) as

m
Yn-mt4+m — Ynt =« + ,Bm (,Vnt - ymt) + &t4n,s (815)

the expectations hypothesis (zero holding premium) implies « = 0 and 8 = 1. If the

holding period (m) is short compared to the maturity (n), then this regression (almost)
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Figure 8.5: Testing the expectations hypothesis on US interest rates

tests if the current spread, scaled by m/(n — m), is an unbiased predictor of the change in

the long rate.

8.3 The Properties of Spread-Based EH Tests

Reference: Froot (1989)
The spread-based EH tests ((8.13), (8.14) and (8.15)), can be written

(8.16)
(8.17)

Ai;41 = o + Bs; + €;41, Where

s; =B Aijpq + ¢,

where EJ' Ai,1; is the market’s expectations of the interest rate change and ¢, is the
risk premium. In this expression, Ai,; is short hand notation for the dependent variable
(which in all three cases is a change of an interest rate) and s, denotes the regressor (which

in all three cases is a term spread).
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The regression coefficient in (8.16) is

__o(o+p)
1+ 02+ 2p0
Std (¢)

g =

Std (E* Ai;41)
_ Cov[(E; —E}) Airy1, B Airyr + ¢]
Y Var (E;” Al + g0)

B=1 + 7, where (8.18)

, p = Corr (E;” Aigyq, (p) ,and

bl

The second term in (8.18) captures the effect of the (time varying) risk premium and

the third term () captures any systematic expectations errors ((E, — E;”) VAYPERDR

Expectations corrected regression coefficient, 5 —
1.5¢

p=-0.75

Figure 8.6: Regression coeffcient in EH test

Figure 8.6 shows how the expectations corrected regression coefficient (8—y) depends
on the relative volatility of the term premium and expected interest change (o) and their
correlation (p). A regression coefficient of unity could be due to either a constant term
premium (0 = 0), or to a particular combination of relative volatility and correlation
(p = —0o), which makes the forward spread an unbiased predictor.

When the correlation is zero, the regression coefficient decreases monotonically with
o, since an increasing fraction of the movements in the forward rate are then due to the

risk premium. A coefficient below a half is only possible when the term premium is more
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volatile than the expected interest rate change (o > 1), and a coefficient below zero also
requires a negative correlation (p < 0).

U.S. data often show 8 values between zero and one for very short maturities, around
zero for maturities between 3 to 9 months, and often relatively close to one for longer
maturities. Also, B tends to increase with the forecasting horizon (keeping the maturity
constant), at least for horizons over a year.

The specification of the regression equation also matters, especially for long matu-
rities: B is typically negative if the left hand side is the change in long rates, but much
closer to one if it is an average of future short rates. The B estimates are typically much
closer to one if the regression is expressed in levels rather than differences. Even if this is
disregarded, the point estimates for long maturities differ a lot between studies. Clearly,
if p is strongly negative, then even small changes in ¢ around one can lead large changes
in the estimated f.

Froot (1989) uses a long sample of survey data on interest rate expectations. The re-
sults indicate that risk premia are important for the 3-month and 12-month maturities, but
not for really long maturities. On the other hand, there seems to be significant systematic
expectations errors (y < 0) for the long maturities which explain the negative 8 estimates
in ex post data. We cannot, of course, tell whether these expectation errors are due to a
small sample (for instance, a “peso problem’) or to truly irrational expectations.

Proof. (of (8.18)) Define

Aigp1 =B Al +upg

E; Aipy1 = BY Aiyyr + 0111

The regression coefficient is

_ Cov(s, Airy)
b= Var(s;)
_ Cov(EY Aisy1 + ¢ BV Alq + 01 + Ur41)
a Var(Ef" Aigt1 + @)
. Var(E’t" Aisyq) Cov(g;, E;n Airyy) COV(ET Aisp1 + @, Nig1)
 Var(E] Aipy1 4 @) Var(E] Aigyr + @) Var(EY* Aigt1 + 1)
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The third term is y. Write the first two terms as

Omm + Omg 14 Omm + Omep — (Umm + Opp + 20m<p)
Omm + Opgp + 20me Omm + Opgp + 20me
POmO, + O

Op + 02 + 2000,
(Pom% + qun) /o
(02 4+ 02 + 2p0m0y) /02
__oG+p)
1+ 02+ 2po

where the second line multiplies by 072 /072 and the third line uses the definition o =

0p/Om. M
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9 Yield Curve Models: MLE and GMM

Reference: Cochrane (2005) 19; Campbell, Lo, and MacKinlay (1997) 11, Backus, Foresi,
and Telmer (1998); Singleton (2006) 12—13

9.1 Overview

On average, yield curves tend to be upward sloping (see Figure 9.2), but there is also

considerable time variation on both the level and shape of the yield curves.

US interest rates, 3m to 10 years

maturity

Figure 9.1: US yield curves

It is common to describe the movements in terms of three “factors”: level, slope, and

269



Average yields

721
Sample: 1970:1-2012:3

N
oo
T

2
~
T

=)
\o)
T

Maturity (years)

Figure 9.2: Average US yield curve

curvature. One way of measuring these factors is by defining

Level; = yioy
Slope, = yi0y — Yam
Curvature; = (y2y = Yam) = (Y1oy — V2y) - ©.1)

This means that we measure the level by a long rate, the slope by the difference be-
tween a long and a short rate—and the curvature (or rather, concavity) by how much the
medium/short spread exceeds the long/medium spread. For instance, if the yield curve
is hump shaped (so y,, is higher than both y3, and y¢,), then the curvature measure is
positive. In contrast, when the yield curve is U-shaped (so y,, is lower than both y3,, and
Y1o0y), then the curvature measure is negative. See Figure 9.3 for an example.

An alternative is to use principal component analysis. See Figure 9.4 for an example.

Remark 9.1 (Principal component analysis) The first (sample) principal component of

the zero (possibly demeaned) mean N x 1 vector z; is w\z; where wy is the eigenvec-
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tor associated with the largest eigenvalue of ¥ = Cov(z,). This value of w; solves the
problem max,, w X w subject to the normalization w'w = 1. This eigenvalue equals
Var(wiz;) = wiXwy. The jth principal component solves the same problem, but under
the additional restriction that wiw; = 0 for all i < j. The solution is the eigenvector
associated with the jth largest eigenvalue (which equals Var(wj/-zt) = wj/-Z w;). This
means that the first K principal components are those (normalized) linear combinations
that account for as much of the variability as possible—and that the principal compo-
nents are uncorrelated (Cov(w;z;, w}zt) = 0). Dividing an eigenvalue with the sum of
eigenvalues gives a measure of the relative importance of that principal component (in

terms of variance). If the rank of X' is K, then only K eigenvalues are non-zero.

Remark 9.2 (Principal component analysis 2) Let W be N x N matrix with w; as column
i. We can the calculate the N x1 vector of principal components as pc; = W'z;. Since
W=1 = W’ (the eigenvectors are orthogonal), we can invert as z; = Wpc;. The w;
vector (column i of W) therefore shows how the different elements in z, change as the ith

principal component changes.

Interest rates are strongly related to business cycle conditions, so it often makes sense
to include macro economic data in the modelling. See Figure 9.5 for how the term spreads
are related to recessions: term spreads typically increase towards the end of recessions.

The main reason is that long rates increase before short rates.

9.2 Risk Premia on Fixed Income Markets

There are many different types of risk premia on fixed income markets.

Nominal bonds are risky in real terms, and are therefore likely to carry inflation risk
premia. Long bonds are risky because their market values fluctuate over time, so they
probably have ferm premia. Corporate bonds and some government bonds (in particular,
from developing countries) have default risk premia, depending on the risk for default.
Interbank rates may be higher than T-bill of the same maturity for the same reason (see
the TED spread, the spread between 3-month Libor and T-bill rates) and illiquid bonds
may carry liquidity premia (see the spread between off-the run and on-the-run bonds).

Figures 9.6-9.9 provide some examples.
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Figure 9.3: US yield curves: level, slope and curvature

9.3 Summary of the Solutions of Some Affine Yield Curve Models

An affine yield curve model implies that the yield on an n-period discount bond can be

written

Ynt = an + b, x,, where (9.2)
an = Ap/n and b, = B,/n,

where x; is an K x 1 vector of state variables. The A,, (a scalar) and the B, (an K x 1
vector) are discussed below.
The price of an n-period bond equals the cross-moment between the pricing kernel

(M;+1) and the value of the same bond next period (then an n — 1-period bond)

Ppy =E: My 1 Pyoq 41 9.3)
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Figure 9.4: US yield curves and principal components

The Vasicek model assumes that the log SDF (m,4 ) is an affine function of a single

AR(1) state variable

—Myy1 = Xt + Aog;41, Where ,41 is1id N(0, 1) and 9.4)

Xep1 =1 —p)p+ px; + 06141 9.5)

To extend to a multifactor model, specify

—myy1 = Ux; + A Se;q1, where g, is iid N(0, I') and (9.6)
Xer1 = =)+ ¥x; + Sery, 9.7

where S and ¥ are matrices while A and p are (column) vectors; and 1 is a vector of ones.
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US interest spreads (and recessions)
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Figure 9.8: TED spread recently
For the single-factor Vasicek model the coefficients in (9.2) can be shown to be

B, =1+ B,_1pand (9.8)
Ap=Ap—1+ Busi 1= p) o — (A + By_1)*0?/2, (9.9)
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Figure 9.9: Off-the-run liquidity premium

where the recursion starts at Bo = 0 and Ay = 0. For the multivariate version we have

B, =1+ ¥B,_,,and (9.10)
Ay = Ay + B, (I —=W)p— (X + B._,) SS" (A + B,_1) /2, (9.11)

where the recursion starts at By = 0 and Ag = 0. Clearly, A, is ascalarand B, isa K x 1
vector.

See Figure 9.10 for an illustration.

The univariate CIR model (Cox, Ingersoll, and Ross (1985)) is

—Myy1 = Xt + A/X08,41, Where ;41 is1id N(0, 1) and (9.12)
Xip1 = (L= p)p + px; + /X081 41 (9.13)

and its multivariate version is

—myy1 = U'x; + A'Sdiag(y/x;)&s41, where g, isiid N (0,1), (9.14)
Xep1 = (I —=¥) o+ ¥x; + Sdiag(/x1)er41- 9.15)
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Figure 9.10: a, and b, in the Vasicek model

For these models, the coefficients are

B, =1+ B,_1p—(A+ B,_1)*0?/2and (9.16)
Ap = An—1+ By (1 —p) 1, 9.17)

and
B, =1+WB, —[(MS+B,_,S)© (XS + B,_,S)] /2, and (9.18)
Ap=Ap 1+ B, (I -9, 9.19)

where the recursion starts at B = 0 and Ay = 0. In (9.18), ©® denotes elementwise
multiplication (the Hadamard product).
A model with affine market price of risk defines the log SDF in terms of the short rate

(y1¢) and an innovation to the SDF (y;41) as

/
Yir =ai + bix,

—Mir1 = YVir — Xt+1,
Xe+1 = —0,0,/2 — 0/e,11, with &,11 ~ N(0, I). (9.20)
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The K x 1 vector of market prices of risk (6,) is affine in the state vector
0, = 6%+ 6'x;, (9.21)

where 6% is a K x 1 vector of parameters and 0! is K x K matrix of parameters. Finally,
the state vector dynamics is the same as in the multivariate Vasicek model (9.7). For this

model, the coefficients are

B, =B,_, (¥—S6") +b] (9.22)
Ay =Ap1+ B, [U—-W)pu—S6°]—B,_SS'By_1/2+ai. (9.23)

where the recursion starts at By = 0 and A9 = 0 (or B; = b; and A = a,).

9.4 MLE of Affine Yield Curve Models

The maximum likelihood approach typically “backs out” the unobservable factors from
the yields—by either assuming that some of the yields are observed without any errors or

by applying a filtering approach.

9.4.1 Backing out Factors from Yields without Errors

We assume that K yields (as many as there are factors) are observed without any errors—
these can be used in place of the state vector. Put the perfectly observed yields in the
vector y,, and stack the factor model for these yields—and do the same for the J yields

(times maturity) with errors (“‘unobserved”), y,:,

Yot = Ao + b, Xy S0 X; = b;_l (Yo: — a,) , and (9.24)
yut = dy + b;xt + €y (925)

where ¢, are the measurement errors. The vector a, and matrix b, stacks the a,, and b,, for
the perfectly observed yields; a,, and b,, for the yields that are observed with measurement
errors (1 of “unobserved”, although that is something of a misnomer). Clearly, the a
vectors and b matrices depend on the parameters of the model, and need to be calculated
(recursively) for the maturities included in the estimation.

The measurement errors are not easy to interpret: they may include a bit of pure
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measurement errors, but they are also likely to pick up model specification errors. It is
therefore difficult to know which distribution they have, and whether they are correlated
across maturities and time. The perhaps most common (ad hoc) approach is to assume that
the errors are iid normally distributed with a diagonal covariance matrix. To the extent
that is a false assumption, the MLE approach should perhaps be better thought of as a
quasi-MLE.

The estimation clearly relies on assuming rational expectations: the perceived dynam-
ics (which govern who the market values different bonds) is estimated from the actual
dynamics of the data. In a sense, the models themselves do not assume rational expec-
tations: we could equally well think of the state dynamics as reflecting what the market
participants believed in. However, in the econometrics we estimate this by using the actual

dynamics in the historical sample.

Remark 9.3 (Log likelihood based on normal distribution) The log pdf of an q x 1 vector
Zp ~ N(ie, Xy) is

1 1 _
Inpdf(z)) =~ In(2m) = 5 In| | = 5z — j0) 57 (20 = o).

Example 9.4 (Backing out factors) Suppose there are two factor and that yi; and y12;

are assumed to be observed without errors and ye; with a measurement error, then (9.24)—

(9.25) are
Y1z _ _(11_ I _b/l X1t
Y12t _6112_ _bllz X2t
~——

ao b,
a, bin  biap || X1

= + , and
ai _b12,1 b12,2 X2t

X
Yer = a¢ + by |:1t:|+66t

~—— SN———| X2¢
ay b,
X1t
=ae+ |be1 bep + €6:.
X2t

Remark 9.5 (Discrete time models and how to quote interest rates) In a discrete time

model, it is often convenient to define the period length according to which maturities
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we want to analyze. For instance, with data on 1-month, 3-month, and 4 year rates, it is
convenient to let the period length be one month. The (continuously compounded) interest

rate data are then scaled by 1/12.

Remark 9.6 (Data on coupon bonds) The estimation of yield curve models is typically
done on data for spot interest rates (yields on zero coupon bonds). The reason is that
coupon bond prices (and yield to maturities) are not exponentially affine in the state
vector. To see that, notice that a bond that pays coupons in period 1 and 2 has the price
Py =cPi+(1+c¢)Py = cexp(—A1 — Bix:) + (1 +¢) exp(—A2 — B5x;). However, this
is not difficult to handle. For instance, the likelihood function could be expressed in terms
of the log bond prices divided by the maturity (a quick approximate “yield”), or perhaps

in terms of the yield to maturity.

Remark 9.7 (Filtering out the state vector) If we are unwilling to assume that we have
enough yields without observation errors, then the “backing out” approach does not
work. Instead, the estimation problem is embedded into a Kalman filter that treats the
states are unobservable. In this case, the state dynamics is combined with measurement
equations (expressing the yields as affine functions of the states plus errors). The Kalman
filter is a convenient way to construct the likelihood function (when errors are normally
distributed). See de Jong (2000) for an example.

Remark 9.8 (GMM estimation) Instead of using MLE, the model can also be estimated
by GMM. The moment conditions could be the unconditional volatilities, autocorrelations
and covariances of the yields. Alternatively, they could be conditional moments (condi-
tional on the current state vector), which are transformed into moment conditions by
multiplying by some instruments (for instance, the current state vector). See, for instance,
Chan, Karolyi, Longstaff, and Sanders (1992) for an early example—which is discussed
in Section 9.5.4.
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9.4.2 Adding Explicit Factors*

Assume that we have data on K factors, F;. We then only have to assume that K, =

K — KF yields are observed without errors. Instead of (9.24) we then have

b’ )
Yot a, A o )
= + X; SO X; = b —a)). 926
|:Fti| |:0KFX1i| |:|:0KFXKy IKF]j| ! ! o (yOt 0) ( )
~—— ~———
Yot ao I;O

Clearly, the last K elements of x, are identical to F;.

Example 9.9 (Some explicit and some implicit factors) Suppose there are three factors
and that y1; and Y12, are assumed to be observed without errors and F; is a (scalar)
explicit factor. Then (9.26) is

Vi ai b} X1t
Vize | = |an |+ | b, X2t
F; | 0 | | [0,0,1] X3¢

_a1 | [ bin bia b1 X1t

= |aw |+ | b1 bz bizz| | X2

o] Lo o 1 ]|

Clearly, x3; = F;.

9.4.3 A Pure Time Series Approach

Reference: Chan, Karolyi, Longstaff, and Sanders (1992), Dahlquist (1996)

In a single-factor model, we could invert the relation between (say) a short interest
rate and the factor (assuming no measurement errors)—and then estimate the model pa-
rameters from the time series of this yield. The data on the other maturities are then not
used. This can, in principle, also be used to estimate a multi-factor model, although it
may then be difficult to identify the parameters.

The approach is to maximize the likelihood function
T
InL,= - In Ly, with In L,y = Inpdf(yor|yo.s—1)- (9.27)
Notice that the relation between x; and y,; in (9.24) is continuous and invertible, so a
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density function of x; immediately gives the density function of y,;. In particular, with a

multivariate normal distribution x;|x;—; ~ N [E;—1 x;, Cov;—_1 (x;)] we have

yotlyo,t—l ~ N do + bg Et—l X¢, b(/) COVt_l (.xt) bo . Wlth (928)

Ei—1 Yor Var;—1(Yor)

X, = b:)_l (Vor — ao) .

To calculate this expression, we must use the relevant expressions for the conditional
mean and covariance.

See Figure 9.11 for an illustration.
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Figure 9.11: Estimation of Vasicek model, time-series approach

Example 9.10 (7ime series estimation of the Vasicek model) In the Vasicek model,

—Myy1 = X; + Ao€s41, where g;41 is iid N(0, 1) and

Xep1 =1 —p)p+ px; + 06141
we have the I-period interest rate

yie = —A%0%/2 + x;.
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The distribution of x; conditional on x;_1 is
Xelxi—1 ~ N[(1=p)pu + pxi.07].
Similarly, the distribution of y1; conditional on y; ;1 is

Yielyre—1 ~ N {ar + bi[(1 = p) 4 px;]. bro*by} with
a, = —-A0%/2,by =1, B,y x; = (1 — p)p + pxi—1.

Inverting the short rate equation (compare with (9.24)) gives
Xt = Yir + )‘202/2-
Combining gives

yielyie—1 ~ N [(1 = p)(n — A*02/2) + py1-1.07].

This can also be written as an AR(1)

yir = (L= p)( —A%0%/2) + py1,—1 + o0&

Clearly, we can estimate an intercept, p, and 0% from this relation (with LS or ML), so it is
not possible to identify |1 and A separately. We can therefore set A to an arbitrary value.
For instance, we can use A to fit the average of a long interest rate. The other parameters

are estimated to fit the time series behaviour of the short rate only.

Remark 9.11 (Slope of yield curve when p = 1) When p = 1, then the slope of the yield

curve is

Y —yu =—[(1=3n+2n) /6 + (n—1)A]0°/2.

(To show this, notice that b, = 1 for all n when p = 1.) As a starting point for calibrating

A, we could therefore use

—1 [V — ¥ 1 —3n 4+ 2n?
)‘guess = |:ym AL + ] ,

n—1 02/2 6

where y,; and yy; are the sample means of a long and short rate.

283



Example 9.12 (Time series estimation of the CIR model) In the CIR model,

—Myiyr1 = X; + A/X:08,41, where g;41 is iid N(0, 1) and
Xev1 = (1 =P + px; + /X108141

we have the short rate
yie=(1- 1202/2)3%-

The conditional distribution is then

Yielyig—1 ~ N [(1 —A%0%/2)(1 — p)pt + pY1.—1, V14—1(1 — /1202/2)02], that is,
yie = (1 =2%6%/2)(1 = p)p + pyri—1 + VY11V (1 — X202 /2)081 41,

which is a heteroskedastic AR(1)—where the variance of the residual is proportional to
VY11 Once again, not all parameters are identified, so a normalization is necessary,
for instance, pick A to fit a long rate. In practice, it may be important to either restrict
the parameters so the implied x; is positive (so the variance is), or to replace x; by

max(x;, le — 7) or so in the definition of the variance.

Example 9.13 (Empirical results from the Vasicek model, time series estimation) Figure
9.11 reports results from a time series estimation of the Vasicek model: only a (relatively)
short interest rate is used. The estimation uses monthly observations of monthly interest
rates (that is the usual interest rates/1200). The restriction A = —200 is imposed (as A is
not separately identified by the data), since this allows us to also fit the average 10-year
interest rate. The upward sloping (average) yield curve illustrates the kind of risk premia

that this model can generate.

Remark 9.14 (Likelihood function with explicit factors) In case we have some explicit
factors like in (9.26), then (9.24) must be modified as

Fot o1 ~ N [y + By Buy 1,5, Coviy () by | with x, = B (For — ).

9.4.4 A Pure Cross-Sectional Approach

Reference: Brown and Schaefer (1994)
In this approach, we estimate the parameters by using the cross-sectional information

(yields for different maturities).
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The approach is to maximize the likelihood function

T
Inl,= . In Ly, with In Ly, = Inpdf (yu¢|yor) (9.29)

It is common to assume that the measurement errors are iid normal with a zero mean and

a diagonal covariance with variances w? (often pre-assigned, not estimated)

Yut|Yor ~ N | ay + b, x,, diag(w?) |, with (9.30)
N e N e’
E(yw|yor) Var(yutlyoz)

Xt = bé_l (Yor —ay) .

Under this assumption (normal distribution with a diagonal covariance matrix), maximiz-
ing the likelihood function amounts to minimizing the weighted squared errors of the
yields i
. T Ynt — Vnt

argmax In £,, = arg min thl ; (0)—1) , (9.31)
where y,; are the fitted yields, and the sum is over all “unobserved” yields. In some ap-
plied work, the model is reestimated on every date. This is clearly not model consistent—
since the model (and the expectations embedded in the long rates) is based on constant
parameters.

See Figure 9.12 for an illustration.

Example 9.15 (Cross-sectional likelihood for the Vasicek model) In the Vasicek model in
Example 9.10, the two-period rate is

yar = (1= p) /2 + (1 + p)xe/2 = [A* + (1 + 1)*] 0?/4.
The pdf of ya:, conditional on yq;, is therefore

Var|y1e ~ N(ay + bzx,,a)z), with x; = y1; + 1202/2, where
by = (1+p)/2anda = (1 —p) u/2 — [X* + (1 + 1)*] 0?/4.

Clearly, with only one interest rate (y,;) we can only estimate one parameter, so we
need a larger cross section. However, even with a larger cross-section there are serious

identification problems. The p parameter is well identified from how the entire yield curve
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typically move in tandem with y,,. However, u, 02, and A can all be tweaked to generate
a sloping yield curve. For instance, a very high mean . will make it look as if we are (even
on average) below the mean, so the yield curve will be upward sloping. Similarly, both a
very negative value of A (essentially the negative of the price of risk) and a high volatility

(risk), will give large risk premia—especially for longer maturities. In practice, it seems

as if only one of the parameters |1, 02, and A is well identified in the cross-sectional
approach.
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Figure 9.12: Estimation of Vasicek model, cross-sectional approach

Example 9.16 (Empirical results from the Vasicek model, cross-sectional estimation)
Figure 9.12 reports results from a cross-sectional estimation of the Vasicek model, where
it is assumed that the variances of the observation errors (w?) are the same across yields.
The estimation uses monthly observations of monthly interest rates (that is the usual in-
terest rates/1200). The values of ju and o2 are restricted to the values obtained in the time
series estimations, so only p and A are estimated. Choosing other values for u and o

gives different estimates of A, but still the same yield curve (at least on average).

9.4.5 Combined Time Series and Cross-Sectional Approach

Reference: Duffee (2002)
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The approach here combines the time series and cross-sectional methods—in order to
fit the whole model on the whole sample (all maturities, all observations). This is the full
maximum likelihood, since it uses all available information.

The log likelihood function is
T .
Inf = Z,_l InL,, with In L; = Inpdf (Yur, Yor|Vo,r—1) - (9.32)

Notice that the joint density of (¥, ¥or), conditional on y, ;—; can be split up as

pAf (Yur. Yor|Yor—1) = PAf (Yur|yor) PAf(Yor|Yo,i—1)- (9.33)

since y,—1 does not affect the distribution of y,, conditional on y,;. Taking logs gives

InL; = Inpdf (yu|yo:) +In pdf(y0t|y0,t—1)- (9.34)

The first term is the same as in the cross-sectional estimation and the second is the same
as in the time series estimation. The log likelihood (9.32) is therefore just the sum of the

log likelihoods from the pure cross-sectional and the pure time series estimations
T
ML= InLy+InLy. (9.35)

See Figures 9.13-9.17 for illustrations. Notice that the variances of the observation
errors (w?) are important for the relative “weight” of the contribution from the time series

and cross-sectional parts.

Example 9.17 (MLE of the Vasicek Model) Consider the Vasicek model, where we ob-
serve y1; without errors and y,; with measurement errors. The likelihood function is then
the sum of the log pdfs in Examples 9.10 and 9.15, except that the cross-sectional part
must be include the variance of the observation errors (w?) which is assumed to be equal

across maturities.

Example 9.18 (Empirical results from the Vasicek model, combined time series and cross-
sectional estimation) Figure 9.13 reports results from a combined time series and cross-
sectional estimation of the Vasicek model. The estimation uses monthly observations

of monthly interest rates (that is the usual interest rates/1200). All model parameters
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Figure 9.13: Estimation of Vasicek model, combined time series and cross-sectional ap-
proach
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The figures show the relation y, = a,, + 8,11
US monthly data 1970:1-2011:12

The Vasicek model is estimated with ML (TS&CS),
while OLS is a time-series regression for each maturity

Figure 9.14: Loadings in a one-factor model: LS and Vasicek

(A, 1, p, 02) are estimated, along with the variance of the measurement errors. (All mea-
surement errors are assumed to have the same variances, w.) Figure 9.14 reports the load-
ings on the constant and the short rate according to the Vasicek model and (unrestricted)

OLS. The patterns are fairly similar, suggesting that the cross-equation (-maturity) re-
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strictions imposed by the Vasicek model are not at great odds with data.

Remark 9.19 (Imposing a unit root) If a factor appears to have a unit root, it may be
easier to impose this on the estimation. This factor then causes parallel shifts of the
vield curve—and makes the yields being cointegrated. Imposing the unit root leads the
estimation being effectively based on the changes of the factor, so standard econometric

techniques can be applied. See Figure 9.16 for an example.
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Figure 9.15: Estimation of 2-factor Vasicek model, time-series&cross-section approach

Example 9.20 (Empirical results from a two-factor Vasicek model) Figure 9.15 reports
results from a two-factor Vasicek model. The estimation uses monthly observations of
monthly interest rates (that is the usual interest rates/1200). We can only identify the
mean of the SDF, not whether if it is due to factor one or two. Hence, I restrict i, = 0.
The results indicate that there is one very persistent factor (affecting the yield curve level),
and another slightly less persistent factor (affecting the yield curve slope). The “price of
risk” is larger (A; more negative) for the more persistent factor. This means that the risk

premia will scale almost linearly with the maturity. As a practical matter, it turned out
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that a derivative-free method (fminsearch in MatLab) worked much better than standard
optimization routines. The pricing errors are clearly smaller than in a one-factor Vasicek
model. Figure 9.17 illustrates the forecasting performance of the model by showing scat-
ter plots of predicted yields and future realized yields. An unbiased forecasting model
should have the points scattered (randomly) around a 45 degree line. There are indica-
tions that the really high forecasts (above 10%, say) are biased: they are almost always
followed be realized rates below 10%. A standard interpretations would be that the model
underestimates risk premia (overestimates expected future rates) when the current rates
are high. I prefer to think of this as a shift in monetary policy regime: all the really
high forecasts are done during the Volcker deflation—which was surprisingly successful
in bringing down inflation. Hence, yields never became that high again. The experience

from the optimization suggests that the objective function has some flat parts.

9.5 Summary of Some Empirical Findings

9.5.1 Term Premia and Interest Rate Forecasts in Affine Models by Duffee (2002)

Reference: Duffee (2002)

This paper estimates several affine and “essentially affine” models on monthly data
1952-1994 on US zero-coupon interest rates, using a combined time series and cross-
sectional approach. The data for 1995-1998 are used for evaluating the out-of-sample
forecasts of the model. The likelihood function is constructed by assuming normally
distributed errors, but this is interpreted as a quasi maximum likelihood approach. All the
estimated models have three factors. A fairly involved optimization routine is needed in
order to keep the parameters such that variances are always positive.

The models are used to forecast yields (3, 6, and 12 months) ahead, and then evaluated
against the actual yields. It is found that a simple random walk beats the affine models in
forecasting the yields. The forecast errors tend to be negatively correlated with the slope
of the term structure: with a steep slope of the yield curve, the affine models produce too
high forecasts. (The models are closer to the expectations hypothesis than data is.) The
essentially affine model produce much better forecasts. (The essentially affine models
extend the affine models by allowing the market price of risk to be linear functions of the

state vector.)

291



9.5.2 “A Joint Econometric Model of Macroeconomic and Term Structure Dynam-
ics” by Hordahl et al (2005)

Reference: Hordahl, Tristiani, and Vestin (2006), Ang and Piazzesi (2003)

This paper estimates both an affine yield curve model and a macroeconomic model on
monthly German data 1975-1998.

To identify the model, the authors put a number of restrictions on the ¢; matrix. In
particular, the lagged variables in x; are assumed to have no effect on 6.

The key distinguishing feature of this paper is that a macro model (for inflation, output,
and the policy for the short interest rate) is estimated jointly with the yield curve model.
(In contrast, Ang and Piazzesi (2003) estimate the macro model separately.) In this case,
the unobservable factors include variables that affect both yields and the macro variables
(for instance, the time-varying inflation target). Conversely, the observable data includes
not only yields, but also macro variables (output, inflation). It is found, among other
things, that the time-varying inflation target has a crucial effect on yields and that bond
risk premia are affected both by policy shocks (both to the short-run policy rule and to the

inflation target), as well as the business cycle shocks.

9.5.3 The Diebold-Li Approach

Diebold and Li (2006) use the Nelson-Siegel model for an m-period interest rate as

ym) = Bol + prAi SR EM/T) g [1 —explem/m) (—ﬂ)} . (9.36)

m/t m/t 71

and set 7; = 1/(12 x 0.0609). Their approach is as follows. For a given trading date,
construct the factors (the terms multiplying the beta coefficients) for each bond. Then,
run a regression of the cross-section of yields on these factors—to estimate the beta
coefficients. Repeat this for every trading day—and plot the three time series of the
coefficients.

See Figure 9.18 for an example. The results are very similar to the factors calculated

directly from yields (cf. Figure 9.3).
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Figure 9.18: US yield curves: level, slope and curvature, Diebold-Li approach

9.5.4 “An Empirical Comparison of Alternative Models of the Short-Term Interest
Rate” by Chan et al (1992)

Reference: Chan, Karolyi, Longstaff, and Sanders (1992) (CKLS), Dahlquist (1996)
This paper focuses on the dynamics of the short rate process. The models that CKLS
study have the following dynamics (under the natural/physical distribution) of the one-

period interest rate, y;;

Yie+1 — Vi = & + Byi + €41, where (9.37)

_ 2 _ _ 2.2y
E;e;41 =0and E, e, | = Var,(g;41) = 07y7; .

This formulation nests several well-known models: y = 0 gives a Vasicek model and

y = 1/2 a CIR model (which are the only cases which will deliver a single-factor affine
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model). It is an approximation of the diffusion process
dry = (Bo + Biri)dt + or dW,, (9.38)

where W; is a Wiener process. (For an introduction to the issue of being more careful with
estimating a continuous time model on discrete data, see Campbell, Lo, and MacKinlay
(1997) 9.3 and Harvey (1989) 9.) In some cases, like the homoskedastic AR(1), there is
no approximation error because of the discrete sampling. In other cases, there is an error.)
CKLS estimate the model (9.37) with GMM using the following moment conditions

Er+1
Er+1 1 Er+1)1
g, By, 0%) = [ ; 5 2y :|®|: :| = ; ! ) 2y . (9.39)
€+1 — 07 V1t Y1 €+1 0 V1

2
(8%4-1 - Uzyny)YIt

so there are four moment conditions and four parameters (c, 8, 02, and y). The choice of
the instruments (1 and y;,) is somewhat arbitrary since any variables in the information
set in ¢ would do.

CKLS estimate this model in various forms (imposing different restrictions on the pa-
rameters) on monthly data on one-month T-bill rates for 1964—1989. They find that both &
and ,3 are close to zero (in the unrestricted model ,é < 0 and almost significantly different
from zero—indicating mean-reversion). They also find that y > 1 and significantly so.
This is problematic for the affine one-factor models, since they require y = Oory = 1/2.
A word of caution: the estimated parameter values suggest that the interest rate is non-
stationary, so the properties of GMM are not really known. In particular, the estimator is
probably not asymptotically normally distributed—and the model could easily generate
extreme interest rates.

See Figures 9.19-9.20 for an illustration.

Example 9.21 (Re-estimating the Chan et al model) Some results obtained from re-estimating
the model on a longer data set are found in Figure 9.19. In this figure, « = B = 0 is
imposed, but the results are very similar if this is relaxed. One of the first thing to note is
that the loss function is very flat in the y X o space—the parameters are not pinned down
very precisely by the model/data. Another way to see this is to note that the moments in

(9.39) are very strongly correlated: moment I and 2 have a very strong correlation, and
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Figure 9.19: Federal funds rate, monthly data, « = 8 = 0 imposed

this is even worse for moments 3 and 4. The latter two moment conditions are what iden-
tifies 62 from y, so it is a serious problem for the estimation. The reason for these strong
correlations is probably that the interest rate series is very persistent so, for instance,
&r+1 and €;41Y1; look very similar (as yy, tends to be fairly constant due to the persis-
tence). Figure 9.20, which shows cross plots of the interest rate level and the change and
volatility in the interest rate, suggests that some of the results might be driven by outliers.
There is, for instance, a big volatility outlier in May 1980 and most of the data points with
high interest rate and high volatility are probably from the Volcker deflation in the early
1980s. It is unclear if that particular episode can be modelled as belonging to the same
regime as the rest of the sample (in particular since the Fed let the interest rate fluctuate

a lot more than before). Maybe this episode needs a special treatment.
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Bibliography

Ang, A., and M. Piazzesi, 2003, “A no-arbitrage vector autoregression of term structure
dynamics with macroeconomic and latent variables,” Journal of Monetary Economics,

60, 745-787.

Backus, D., S. Foresi, and C. Telmer, 1998, “Discrete-time models of bond pricing,”
Working Paper 6736, NBER.

Brown, R. H., and S. M. Schaefer, 1994, “The term structure of real interest rates and the

Cox, Ingersoll, and Ross model,” Journal of Financial Economics, 35, 3—42.

Campbell, J. Y., A. W. Lo, and A. C. MacKinlay, 1997, The econometrics of financial

markets, Princeton University Press, Princeton, New Jersey.

Chan, K. C., G. A. Karolyi, F. A. Longstaff, and A. B. Sanders, 1992, “An empirical
comparison of alternative models of the short-term interest rate,” Journal of Finance,

47, 1209-1227.

Cochrane, J. H., 2005, Asset pricing, Princeton University Press, Princeton, New Jersey,

revised edn.

Cox, J. C.,J. E. Ingersoll, and S. A. Ross, 1985, “A theory of the term structure of interest
rates,” Econometrica, 53, 385-407.

296



Dahlquist, M., 1996, “On alternative interest rate processes,” Journal of Banking and
Finance, 20, 1093-1119.

de Jong, F., 2000, “Time series and cross-section information in affine term-structure

models,” Journal of Business and Economic Statistics, 18, 300-314.

Diebold, F. X., and C. Li, 2006, “Forecasting the term structure of government yields,”
Journal of Econometrics, 130, 337-364.

Duffee, G. R., 2002, “Term premia and interest rate forecasts in affine models,” Journal
of Finance, 57, 405-443.

Harvey, A. C., 1989, Forecasting, structural time series models and the Kalman filter,

Cambridge University Press.

Hordahl, P., O. Tristiani, and D. Vestin, 2006, “A joint econometric model of macroeco-

nomic and term structure dynamics,” Journal of Econometrics, 131, 405-444.

Singleton, K. J., 2006, Empirical dynamic asset pricing, Princeton University Press.

297



10 Yield Curve Models: Nonparametric Estimation

10.1 Nonparametric Regression

Reference: Campbell, Lo, and MacKinlay (1997) 12.3; Hardle (1990); Pagan and Ullah
(1999); Mittelhammer, Judge, and Miller (2000) 21

10.1.1 Introduction

Nonparametric regressions are used when we are unwilling to impose a parametric form
on the regression equation—and we have a lot of data.

Let the scalars y, and x; be related as
Ve = b(x;) + &, (10.1)

where ¢, is uncorrelated over time and where Ee;, = 0 and E(g/|x;) = 0. The function
b() is unknown and possibly non-linear.

One possibility of estimating such a function is to approximate b(x;) by a polynomial
(or some other basis). This will give quick estimates, but the results are “global” in the
sense that the value of b(x,) at a particular x, value (x, = 1.9, say) will depend on all
the data points—and potentially very strongly so. The approach in this section is more
“local” by down weighting information from data points where x; is far from x;.

Suppose the sample had 3 observations (say, ¢ = 3, 27, and 99) with exactly the same
value of x;, say 1.9. A natural way of estimating b(x) at x = 1.9 would then be to
average over these 3 observations as we can expect average of the error terms to be close
to zero (iid and zero mean).

Unfortunately, we seldom have repeated observations of this type. Instead, we may
try to approximate the value of b(x) (x is a single value, 1.9, say) by averaging over (y)

observations where x; is close to x. The general form of this type of estimator is

_ X w0y

— , (10.2)
Z?:l w(x)

b(x)
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where w;(x)/ XL, w,(x) is the weight on observation ¢, which his non-negative and
(weakly) increasing in the the distance of x; from x. Note that the denominator makes
the weights sum to unity. The basic assumption behind (10.2) is that the b(x) function is

smooth so local (around x) averaging makes sense.

Remark 10.1 (Local constant estimator*) Notice that (10.2) solves the problem min ZIT=1 Wy (x)(y:—
ax)? for each value of x. (The result is l;(x) = oy.) This is (for each value of x) like a
weighted regression of x; on a constant. This immediately suggests that the method could
be extended to solving a problem like min Zthl w(X)[y; — oy — by (x; — x)]?, which

defines the local linear estimator.

As an example of a w(.) function, it could give equal weight to the k values of x;
which are closest to x and zero weight to all other observations (this is the “k-nearest
neighbor” estimator, see Hérdle (1990) 3.2). As another example, the weight function
could be defined so that it trades off the expected squared errors, E[y, — b(x)]?, and the
2)2

expected squared acceleration, E[d 2h(x) /dx*]*. This defines a cubic spline (often used

in macroeconomics when x, = ¢, and is then called the Hodrick-Prescott filter).

Remark 10.2 (Easy way to calculate the “nearest neighbor” estimator, univariate case)
Create a matrix Z where row t is (y;, X;). Sort the rows of Z according to the second

column (x). Calculate an equally weighted centered moving average of the first column

(y)

10.1.2 Kernel Regression

A Kernel regression uses a pdf as the weight function, w,(x) = K [(x; — x)/ h], where
the choice of & (also called bandwidth) allows us to easily vary the relative weights of
different observations.

The perhaps simplest choice is a uniform density function for x, over x — h/2 to
x + h/2 (and zero outside this interval). In this case, the weighting function is

Lif g is t
‘ < 1/2) ,where 8(q) = { 1S Hue (10.3)

X — X

h

w, (x) = %5(

0 else.

This weighting function puts the weight 1// on all data point in the interval x & /4 /2 and

zero on all other data points.
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However, we can gain efficiency and get a smoother (across x values) estimate by
using a density function that puts more weight to very local information, but also tapers
off more smoothly. The pdf of N(x, h?) is often used for K(). This weighting function is
positive, so all observations get a positive weight, but the weights are highest for observa-
tions close to x and then taper off in a bell-shaped way. A low value of & means that the
weights taper off fast.

See Figure 10.1 for an example.

With the N(x, h?) kernel, we get the following weights at a point x
Xr—X 2
exp [— ( - ) / 2]
h2m .

Remark 10.3 (Kernel as a pdf of N(x,h?)) If K(z) is the pdf of an N(0, 1) variable,
then K [(x; — x)/ h] / h is the same as using an N(x, h?) pdf of x;. Clearly, the 1/ h term

would cancel in (10.2).

wy(x) = (10.4)

Effectively, we can think of these weights as being calculated from an N (0, 1) density
function, but where we use (x; — x)/ & as the argument.

When i — 0, then l;(x) evaluated at x = X, becomes just y;, SO no averaging is
done. In contrast, as h — oo, l;(x) becomes the sample average of y;, so we have global
averaging. Clearly, some value of / in between is needed.

In practice we have to estimate 5(x) at a finite number of points x. This could, for
instance, be 100 evenly spread points in the interval between the minimum and the maxi-
mum values observed in the sample. Special corrections might be needed if there are a lot
of observations stacked close to the boundary of the support of x (see Hérdle (1990) 4.4).

See Figure 10.2 for an illustration.

Example 10.4 (Kernel regression) Suppose the sample has three data points [x1, X2, X3] =
[1.5,2,2.5] and [y1, y2, y3] = [5,4,3.5]. Consider the estimation of b(x) at x = 1.9.
With h = 1, the numerator in (10.4) is

ZtT_l w,(x)y; = (e_(1'5_1'9)2/2 x5+ e~ 2-19%/2 4 4 o (25-1.9%/2 3_5) /\/ﬂ

~(0.92x54+1.0x440.84 x3.5) /21
= 11.52//2x.
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kS,
=
0

Figure 10.1: Example of kernel regression with three data points

The denominator is

. wt(X) — (e_(1.5—1.9)2/2 + e—(2—1.9)2/2 + e_(2.5_1'9)2/2) /\/Z

~ 2.75//2x.

T

2.

The estimate at x = 1.9 is therefore
b(1.9) ~ 11.52/2.75 ~ 4.19.

Kernel regressions are typically consistent, provided longer samples are accompanied
by smaller values of &, so the weighting function becomes more and more local as the
sample size increases. It can be shown (see Hérdle (1990) 3.1 and Pagan and Ullah (1999)

3.3-4) that under the assumption that x; is iid, the mean squared error, variance and bias
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Kernel regression, effect of bandwidth (h)

Figure 10.2: Example of kernel regression with three data points

of the estimator at the value x are approximately (for general kernel functions)

MSE(x) = Var [5()6)] + {Bias[é(x)]}2 , with
1 02%(x)
Th f(x)

S B 1d?b(x) df(x) 1 db(x)
Blas[b(x)]—hzx[i T2 + dx f(r) dx

Var [l;(x)] = x [% K(u)*du

} x [% K@)u?du.  (10.5)

In these expressions, o2(x) is the variance of the residuals in (10.1), f(x) the marginal
density of x and K (u) the kernel (pdf) used as a weighting function for u = (x; — x)/h.
The remaining terms are functions of either the true regression function.

With a gaussian kernel these expressions can be simplified to

1 02%(x) 1
Th f(x) " 247

.o _ 1d?b(x) df(x) 1 db(x)
B1as[b(x)]_h2x[§ 52 + dx (o) dx :|

Var [5()6)] =

(10.6)
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Proof. (of (10.6)) We know that

% K(u)*du = and (% K@u)u’du = 1,

1
2Jm
if K(u) is the density function of a standard normal distribution. (We are effectively using
the N(0, 1) pdf for the variable (x; — x)/h.) Use in (10.5). =

A smaller 4 increases the variance (we effectively use fewer data points to estimate
b(x)) but decreases the bias of the estimator (it becomes more local to x). If & decreases
less than proportionally with the sample size (so 47T in the denominator of the first term
increases with 7'), then the variance goes to zero and the estimator is consistent (since the
bias in the second term decreases as & does).

The variance is a function of the variance of the residuals and the “peakedness” of the
kernel, but not of the b(x) function. The more concentrated the kernel is (/' K(u)*du
large) around x (for a given /), the less information is used in forming the average around
x, and the uncertainty is therefore larger—which is similar to using a small 4. A low
density of the regressors ( f(x) low) means that we have little data at x which drives up
the uncertainty of the estimator.

The bias increases (in magnitude) with the curvature of the b(x) function (that is,
(d?b(x)/dx?)?). This makes sense, since rapid changes of the slope of b(x) make it hard
to get b(x) right by averaging at nearby x values. It also increases with the variance of
the kernel since a large kernel variance is similar to a large h.

It is clear that the choice of & has a major importance on the estimation results. A
lower value of & means a more “local” averaging, which has the potential of picking up
sharp changes in the regression function—at the cost of being more affected by random-
ness.

See Figures 10.3-10.4 for an example.

A good (but computationally intensive) approach to choose 4 is by the leave-one-out
cross-validation technique. This approach would, for instance, choose 4 to minimize the

expected (or average) prediction error
T A 2
EPE(h) =" [y bt | /T, (10.7)

where lg_t (x¢, h) is the fitted value at x; when we use a regression function estimated on

a sample that excludes observation ¢, and a bandwidth 4. This means that each prediction
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Figure 10.3: Crude non-parametric estimation

is out-of-sample. To calculate (10.7) we clearly need to make 7 estimations (for each
x;)—and then repeat this for different values of 4 to find the minimum.

See Figure 10.5 for an example.

Remark 10.5 (EPE calculations) Step 1: pick a value for h

Step 2: estimate the b(x) function on all data, but exclude t = 1, then calculate 13_1 (x1)
and the error y; — l;_l (x1)

Step 3: redo Step 2, but now exclude t = 2 and. calculate the error y, — 15_2 (x2). Repeat
this fort = 3,4, ..., T. Calculate the EPE as in (10.7).

Step 4: redo Steps 2—3, but for another value of h. Keep doing this until you find the best
h (the one that gives the lowest EPE)

Remark 10.6 (Speed and fast Fourier transforms) The calculation of the kernel estimator

can often be speeded up by the use of a fast Fourier transform.

If the observations are independent, then it can be shown (see Hérdle (1990) 4.2,
Pagan and Ullah (1999) 3.3-6, and also (10.6)) that, with a Gaussian kernel, the estimator

at point x is asymptotically normally distributed

JTh [B(x) _ ElS(x)] 4N [0, %‘}2(—%)] , (10.8)

where 02(x) is the variance of the residuals in (10.1) and f(x) the marginal density of

x. (A similar expression holds for other choices of the kernel.) This expression assumes
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Figure 10.4: Kernel regression, importance of bandwidth
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Figure 10.5: Cross-validation

that the asymptotic bias is zero, which is guaranteed if / is decreased (as T increases)
slightly faster than 7~1/%. To estimate the density of x, we can apply a standard method,
for instance using a Gaussian kernel and the bandwidth (for the density estimate only) of
1.06 Std(x,)T /5.

To estimate 62(x) in (10.8), we use a non-parametric regression of the squared fitted

residuals on x;

A

82 = 0(x,), where &, = y, — ZS(xt), (10.9)
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Figure 10.6: Kernel regression, confidence band

where IS(xt) are the fitted values from the non-parametric regression (10.1). Notice that
the estimation of o2 (x) is quite computationally intensive since it requires estimating l;(x)
at every point x = x, in the sample. To draw confidence bands, it is typically assumed
that the asymptotic bias is zero (E 13(x) = b(x)).

See Figure 10.6 for an example where the width of the confidence band varies across
x values—mostly because the sample contains few observations close to some x values.

(However, the assumption of independent observations can be questioned in this case.)

10.1.3 Multivariate Kernel Regression

Suppose that y, depends on two variables (x; and z;)
yi =b(xr,z¢) + &1, (10.10)

where &, is uncorrelated over time and where E &, = 0 and E(&;|x;, z;) = 0. This makes
the estimation problem much harder since there are typically few observations in every
bivariate bin (rectangle) of x and z. For instance, with as little as a 20 intervals of each
of x and z, we get 400 bins, so we need a large sample to have a reasonable number of

observations in every bin.
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In any case, the most common way to implement the kernel regressor is to let

ZtT=1wt(x)wt(Z)J’t
ZtTZle(x)wt(Z) ’

where w;(x) and w,(z) are two kernels like in (10.4) and where we may allow the band-

l;(x,z) =

(10.11)

width (h) to be different for x; and z; (and depend on the variance of x; and y,). In this
case. the weight of the observation (x;, z;) is proportional to w,(x)w,(z), which is high

if both x; and z; are close to x and z respectively.

10.1.4 “Nonparametric Estimation of State-Price Densities Implicit in Financial
Asset Prices,”’ by Ait-Sahalia and Lo (1998)

Reference: Ait-Sahalia and Lo (1998)

There seem to be systematic deviations from the Black-Scholes model. For instance,
implied volatilities are often higher for options far from the current spot (or forward)
price—the volatility smile. This is sometimes interpreted as if the beliefs about the future
log asset price put larger probabilities on very large movements than what is compatible
with the normal distribution (“fat tails™).

This has spurred many efforts to both describe the distribution of the underlying asset
price and to amend the Black-Scholes formula by adding various adjustment terms. One
strand of this literature uses nonparametric regressions to fit observed option prices to the
variables that also show up in the Black-Scholes formula (spot price of underlying asset,
strike price, time to expiry, interest rate, and dividends). For instance, Ait-Sahalia and
Lo (1998) applies this to daily data for Jan 1993 to Dec 1993 on S&P 500 index options
(14,000 observations).

This paper estimates nonparametric option price functions and calculates the implicit
risk-neutral distribution as the second partial derivative of this function with respect to the

strike price.
1. First, the call option price, Hj;, is estimated as a multivariate kernel regression
Hi; =b(S:. X, t, rrt,5rt) + &i¢, (10.12)

where S, is the price of the underlying asset, X is the strike price, t is time to

expiry, r;; is the interest rate between ¢ and ¢ + 7, and §,, is the dividend yield
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(if any) between ¢ and ¢ + 7. It is very hard to estimate a five-dimensional kernel
regression, so various ways of reducing the dimensionality are tried. For instance,
by making b() a function of the forward price, S;[t exp(r;; — 8:¢)], instead of S;,

¢, and 8;; separably.

2. Second, the implicit risk-neutral pdf of the future asset price is calculated as

02b(S;, X, T, res,8+1)/0X 2, properly scaled so it integrates to unity.

3. This approach is used on daily data for Jan 1993 to Dec 1993 on S&P 500 index op-
tions (14,000 observations). They find interesting patterns of the implied moments
(mean, volatility, skewness, and kurtosis) as the time to expiry changes. In par-
ticular, the nonparametric estimates suggest that distributions for longer horizons
have increasingly larger skewness and kurtosis: whereas the distributions for short
horizons are not too different from normal distributions, this is not true for longer

horizons. (See their Fig 7.)

4. They also argue that there is little evidence of instability in the implicit pdf over

their sample.

10.1.5 “Testing Continuous-Time Models of the Spot Interest Rate,” by Ait-Sahalia
(1996)

Reference: Ait-Sahalia (1996)
Interest rate models are typically designed to describe the movements of the entire

yield curve in terms of a small number of factors. For instance, the model

riy1 = o + pry + €41, where E; ;41 = 0 and E; efﬂ = Gzrtzy (10.13)
Fepr—Tr=o+ B ri+e (10.14)
——
p—1

nests several well-known models. It is an approximation of the diffusion process
dry = (Bo + Prro)dt +or/ dW;, (10.15)

where W; is a Wiener process. Recall that affine one-factor models require y = 0 (the

Vasicek model) or y = 0.5 (Cox-Ingersoll-Ross).
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This paper tests several models of the short interest rate by using a nonparametric

technique.

1. The first step of the analysis is to estimate the unconditional distribution of the
short interest rate by a kernel density estimator. The estimated pdf at the value r is

denoted 7o(r).

2. The second step is to estimate the parameters in a short rate model (for instance,
Vasicek’s model) by making the unconditional distribution implied by the model
parameters (denoted 7 (6, r) where 6 is a vector of the model parameters and r a
value of the short rate) as close as possible to the nonparametric estimate obtained

in step 1. This is done by choosing the model parameters as
1 T
0 = argmein g ;[n(e, re) — o (r)]?. (10.16)

3. The model is tested by using a scaled version of the minimized value of the right

hand side of (10.16) as a test statistic (it has an asymptotic normal distribution).

4. It is found that most standard models are rejected (daily data on 7-day Eurodollar
deposit rate, June 1973 to February 1995, 5,500 observations), mostly because ac-
tual mean reversion is much more non-linear in the interest rate level than suggested
by most models (the mean reversion seems to kick in only for extreme interest rates

and to be virtually non-existent for moderate rates).

5. For a critique of this approach (biased estimator...), see Chapman and Pearson
(2000)

Remark 10.7 The very non-linear mean reversion in Figures 10.3—-10.4 seems to be the

key reason for why Ait-Sahalia (1996) rejects most short rate models.
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10.2 Approximating Non-Linear Regression Functions

10.2.1 Partial Linear Model

A possible way out of the curse of dimensionality of the multivariate kernel regression is

to specify a partially linear model
ye =28+ b(x0) + &1, (10.17)

where &, is uncorrelated over time and where E&; = 0 and E(e;|x;, z;) = 0. This model
is linear in z,, but possibly non-linear in x, since the function b(x;) is unknown.

To construct an estimator, start by taking expectations of (10.17) conditional on x,
E(y¢|x;) = E(z¢|x:)'B + b(x,). (10.18)
Subtract from (10.17) to get
v: —E(y¢|x:) = [z — E(zs|x)]'B + & (10.19)

The double residual method (see Pagan and Ullah (1999) 5.2) has several steps. First,
estimate E(y,|x;) by a kernel regression of y, on x;, (ISy (x)), and E(z;|x,) by a similar

kernel regression of z; on x; (EZ (x)). Second, use these estimates in (10.19)
Vi —by(x0) = [z — b (x)]'B + & (10.20)
and estimate f by least squares. Third, use these estimates in (10.18) to estimate b(x;) as
b(x;) = by(x;) — b, (x;)' . (10.21)
It can be shown that (under the assumption that y,, z; and x, are iid)
VT (B - B) =4 N [0, Var(e,) Cov(z,|x,)"]. (10.22)

We can consistently estimate Var(e;) by the sample variance of the fitted residuals in
(10.17)—plugging in the estimated B and b(x,): and we can also consistently estimate
Cov(z;|x;) by the sample variance of z; — b, (x;). Clearly, this result is based on the idea
that we asymptotically know the non-parametric parts of the problem (which relies on the

consistency of their estimators).
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10.2.2 Basis Expansion

Reference: Hastie, Tibshirani, and Friedman (2001); Ranaldo and Soderlind (2010) (for
an application of the method to exchange rates)

The label “non-parametrics” is something of a misnomer since these models typically
have very many “parameters”. For instance, the kernel regression is an attempt to estimate
a specific slope coefficient at almost each value of the regressor. Not surprisingly, this
becomes virtually impossible if the data set is small and/or there are several regressors.

An alternative approach is to estimate an approximation of the function b(x;) in
ye = b(xy) + &;. (10.23)

This can be done by using piecewise polynomials or splines. In the simplest case, this
amounts to just a piecewise linear (but continuous) function. For instance, if x; is a scalar

and we want three segments (pieces), then we could use the following building blocks

Xt
max(x;, —&;,0) (10.24)

max(x; — &, 0)

and approximate as
b(x;) = B1x; + Br max(x; — &1,0) + B3 max(x; — &,,0). (10.25)
This can also be written

B1x: if x, <&
b(x)) = | Bix: + Balxs —&1) ife <x, <& |. (10.26)
Brx: + Pa(xr —&1) + Ba(xr — &) if&r <x;

This function has the slope f; for x; < &, the slope 81 + B, between &; and &,, and
B1 + B> + B3 above &;. It is no more sophisticated than using dummy variables (for the
different segments), except that the current approach is a convenient way to guarantee
that the function is continuous (this can be achieved also with dummies provided there
are dummies for the intercept and a we impose restrictions on the slopes and intercepts).
Figure 10.7 gives an illustration. It is straightforward to extend this to more segments.

However, the main difference to the typical use of dummy variables is that the “knots”
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Basis expansion Piecewise linear function

4 Coeffs of basis functions: 2 -3 5

Slopes are indicated below

Figure 10.7: Example of piecewise linear function, created by basis expansion

(here &; and &,) are typically estimated along with the slopes (here B;, B, and B3). This

can, for instance, be done by non-linear least squares.

Remark 10.8 (NLS estimation) The parameter vector (&€, B) is easily estimated by Non-
Linear least squares (NLS) by concentrating the loss function: optimize (numerically)
over & and let (for each value of &) the parameters in 8 be the OLS coefficients on the

vector of regressors z; (as in (10.24)).

Let V' be the covariance of the parameters collected in the vector 6 (here &, &, B1, B2, B3)-
For instance, we can use the t-stat for 8, to test if the slope of the second segment (814 f,)
is different from the slope of the first segment (81).

To get the variance of b(x,) at a given point x,, we can apply the delta method. To
do that, we need the Jacobian of the b(x;) function with respect to 6. In applying the
delta method we are assuming that b(x;) has continuos first derivatives—which is clearly
not the case for the max function. However, we could replace the max function with an
approximation like max(z, 0) & z/[1 + exp(—2kz)] and then let kX become very small—
and we get virtually the same result. In any case, apart from at the knot points (where

x; = & or x, = &) we have the following derivatives

[ 0b (x;) /081 | [ —B2l(xs — & = 0)]
b (x;) db (x;) /0%, —B3l(x; — & > 0)
20 = | 0b(x0) /0By | = Xy , (10.27)
ob (x7) /3,32 max(x; — &, 0)
| 0b(x,) /0B5] || max(x; —£&,0) |
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Drift vs level, fitted values

A interest rate

Point estimate and
-0.1 90% confidence band

5

10

15

Interest rate

Daily federal funds rates 1954:7-2011:12

piecewise linear regession

coeff Std
knot 1 1.93 087
knot 2 19.49 0.30
slope seg 1 -0.01 0.01

extra slope seg 2 0.01  0.01
extra slope seg 3 -0.43 0.18
const 0.04 0.01

Figure 10.8: Federal funds rate, piecewise linear model

where 1(g) = 1if g is true and 0 otherwise. The variance of l;(xt) is then

Var[b(x,)] =

db(x;) ., db(x;)

Vv

00’

00

(10.28)

Remark 10.9 (The derivatives of b(x;)) From (10.26) we have the following derivatives

[ 9b (x) /0, |
db (x;) /&2
db (x¢) /9P
db (x:) /B>

| 9b (x¢) /03 |

l:fxl <gla

—pB2
—B3
ifé1 <x; <&, X¢
x: — &1

| xr — &2

ifé& < x;.

It is also straightforward to extend this several regressors—at least as long as we

assume additivity of the regressors. For instance, with two variables (x; and z;)

b(x¢,2t) = bx(xt) + bz (2y),

(10.29)

where both b, (x;) and b,(z;) are piecewise functions of the sort discussed in (10.26).
Estimation is just as before, except that we have different knots for different variables.

Estimating Var[l;x (x;)] and Var[l;Z (z;)] follows the same approach as in (10.28).

See Figure 10.8 for an illustration.
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11 Alphas /Betas and Investor Characteristics

11.1 Basic Setup

The task is to evaluate if alphas or betas of individual investors (or funds) are related
to investor (fund) characteristics, for instance, age or trading activity. The data set is
panel with observations for 7' periods and N investors. (In many settings, the panel is
unbalanced, but, to keep things reasonably simple, that is disregarded in the discussion

below.)

11.2 Calendar Time and Cross Sectional Regression

The calendar time (CalTime) approach is to first define M discrete investor groups (for
instance, age 18-30, 3140, etc) and calculate their respective average excess returns (y;

for group j)
1
EZiGGroup]‘yih (11.1)

where N; is the number of individuals in group ;.

)7jt =

Then, we run a factor model
Vie =x,8; +vj, forj =1,2,.... M (11.2)

where x; typically includes a constant and various return factors (for instance, excess re-
turns on equity and bonds). By estimating these M equations as a SURE system with
White’s (or Newey-West’s) covariance estimator, it is straightforward to test various hy-
potheses, for instance, that the intercept (the “alpha”) is higher for the M th group than
for the for first group.

Example 11.1 (CalTime with two investor groups) With two investor groups, estimate the
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following SURE system

= /
Yir = xt,Bl + v1g,
= /
Var = X, B2 + vy,

The CalTime approach is straightforward and the cross-sectional correlations are fairly
easy to handle (in the SURE approach). However, it forces us to define discrete investor
groups—which makes it hard to handle several different types of investor characteristics
(for instance, age, trading activity and income) at the same time.

The cross sectional regression (CrossReg) approach is to first estimate the factor

model for each investor
Vit = X;Bi + €, fori =1,2,....N (11.3)

and to then regress the (estimated) betas for the pth factor (for instance, the intercept) on
the investor characteristics
Bpi = zicp + Wpi. (11.4)

In this second-stage regression, the investor characteristics z; could be a dummy variable
(for age roup, say) or a continuous variable (age, say). Notice that using a continuos
investor characteristics assumes that the relation between the characteristics and the beta
is linear—something that is not assumed in the CalTime approach. (This saves degrees of
freedom, but may sometimes be a very strong assumption.) However, a potential problem
with the CrossReg approach is that it is often important to account for the cross-sectional

correlation of the residuals.
11.3 Panel Regressions, Driscoll-Kraay and Cluster Methods
References: Hoechle (2011) and Driscoll and Kraay (1998)

11.3.1 OLS

Consider the regression model
Yit = x,{ﬂg + &ir, (11.5)
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where x;; is an K x 1 vector. Notice that the coefficients are the same across individuals

(and time). Define the matrices

T N
1
Do = o > > " xiex], (an K x K matrix) (11.6)
t=1i=1
1 T N
Toy = o > Zx,,y,, (a K x 1 vector). (11.7)

1

N
I
-

Il

The LS estimator (stacking all TN observations) is then

p=xx,. (11.8)

11.3.2 GMM

The sample moment conditions for the LS estimator are
I
7 Z ﬁ Z hit = Ogx1, where hj; = xj;6; = xit(yit - xz{tﬂ)' (11.9)

t=1 i=1

Remark 11.2 (Distribution of GMM estimates) Under fairly weak assumption, the ex-
A d

actly identified GMM estimator/ TN (B — Bo) — N(0, Dy'SoDy'), where Dy is the

Jacobian of the average moment conditions and Sy is the covariance matrix of TN

times the average moment conditions.

Remark 11.3 (Distribution of ,3 — Bo) As long as TN is finite, we can (with some abuse
of notation) consider the distribution of ,é — B instead of TN (,é — Bo) to write

B — Bo ~ N, Dy'SDFY),

where S = So/(TN) which is the same as the covariance matrix of the average moment
conditions (11.9).

To apply these remarks, first notice that the Jacobian D corresponds to (the probabil-

ity limit of) the X', matrix in (11.6). Second, notice that
. 1
Cov(average moment conditions) = Cov <? Z N Z h; ,) (11.10)
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looks differently depending on the assumptions of cross correlations.
In particular, if /;, has no correlation across time (effectively, %Zf\ilh i+ 1S not auto-

correlated), then we can simplify as

T N
1 1
Cov(average moment conditions) = T2 E Cov (ﬁ E h,-,) . (11.11)
=1 i=1

We would then design an estimator that would consistently estimate this covariance matrix

by using the time dimension.

Example 11.4 (DKon T = 2 and N = 4) As an example, suppose K = 1, T = 2 and
N = 4. Then, (11.10) can be written

1 1
Cov (hit + hor + hae + hat) + —— (hip41 +Fhop1 + haeer + hagr) |-
2 x4 2x4

If there is no correlation across time periods, then this becomes

1

1 1 1
32 Cov |:Z (B + hoe + hse + h4t):|+2_2 Cov |:4_l (M1 +hopgr +h3p + h4,t+1):| ,

which has the same form as (11.11).

11.3.3 Driscoll-Kraay

The Driscoll and Kraay (1998) (DK) covariance matrix is

Cov(B) = ¥ 1SZ; ), (11.12)
where
1 & 1 Y
S =3 D b, withhy = Chie, hig = Xiceir, (11.13)
=1 i=1

where h;, is the LS moment condition for individual i. Clearly, 4;; and &, are K x 1, s0 S
is Kx K. Since we use the covariance matrix of the moment conditions, heteroskedasticity
is accounted for.

Notice that 4, is the cross-sectional average moment condition (in ¢) and that S is an
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estimator of the covariance matrix of those average moment conditions

—~ (1 <1 «n
S = Cov (ﬁ2t=12i=1hit) :

To calculate this estimator, (11.13) uses the time dimension (and hence requires a reason-

ably long time series).

Remark 11.5 (Relation to the notation in Hoechle (2011)) Hoechle writes COV(,é) =

X'x)™! Sr (X'X)"", where Sr = Zthl}Az,ﬁ’,, with l;t = Zf\’:lhi,. Clearly, my X\, =
X'X/(TN)andmy S = St /(T>N?). Combining gives Cov(B) = (£:xTN)™" (ST2N?) (2. TN)™",
which simplifies to (11.12).

Example 11.6 (DK on N = 4) As an example, suppose K = 1 and N = 4. Then,

(11.13) gives the cross-sectional average in period t

1
hy = 1 (hit + hot + hae + hay)

and the covariance matrix

1 T
S =32 b
t=1

1 T

1 2
= — S|~ (hy+hy +hs+h )]
2 |: (1 2t 3t 4t
T P 4
l d 1 2 2 2 2
= E R(hlt + hzr + h3t + h4t’
t=1

+ 2hythoy + 2hythse + 2hyhay + 2hoihas 4+ 2hoihay + 2h30hay)

SO we can write

4
1 ——~
S = [; Var(h;,)
+ 2Cov(h1e, hag) + 2Cov(his, har) + 2Cov(hiy, har)

+ 2Cov(har, hag) + 2Cov(hays, hay)
+2Cov (s, har) |
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Notice that S is the (estimate of) the variance of the cross-sectional average, Var(h;) =

Var[(h1; + hor + hse + hat) /4]

A cluster method puts restrictions on the covariance terms (of /;,) that are allowed
to enter the estimate S. In practice, all terms across clusters are left out. This can be
implemented by changing the S matrix. In particular, instead of interacting all i with

each other, we only allow for interaction within each of the G clusters (g = 1, ..., G)

G
1 p 1
S = Zﬁth (hf)", where hf = N Z hi;. (11.14)

g=1 t=1 i € cluster g

(Remark: the cluster sums should be divided by N, not the number of individuals in the

cluster.)

Example 11.7 (Cluster method on N = 4, changing Example 11.6 directly) Reconsider
Example 11.6, but assume that individuals 1 and 2 form cluster 1 and that individuals 3
and 4 form cluster 2—and disregard correlations across clusters. This means setting the

covariances across clusters to zero,

T
1 1
S = T2 E E(h%t +h3, + 13, + R,
t=1

2hitho + 2hiths 4+ 2hiihay + 2hoihs + 2hoiha; + 2h3,ha,)
S—— N—— N—— S——
0 0 0 0

SO we can write

1 4 ~ — ——
S = T % 16 [; Var(h;;) + 2Cov(hyy, hat) + 2Cov(h3,, h4t):| .

Example 11.8 (Cluster method on N = 4) From (11.14) we have the cluster (group)

averages

1 1
hi = 2 (he + hay) and h} = 1 (h3t + hat) .

T
Assuming only one regressor (to keep it simple), the time averages, % pNH (hf )/, are
=1
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then (for cluster 1 and then 2)

T 2 T
o1 1 1 1
= ki (n) = 72[1 (h1t+h2t)] =7 2 1 (e + 13+ 2hhay) , and

1 t=1
T T
Z ’ Z 1

Finally, summing across these time averages gives the same expression as in Example

11.7. The following 4 x 4 matrix illustrates which cells that are included (assumption: no

dependence across time)

i1 2 3 4
1 h2, hyhy 0 0
2 hihy 3, 0 0
30 0 B, hyha
4 0 0 hyhy R

In comparison, the iid case only sums up the principal diagonal, while the DK method

fills the entire matrix.

Instead, we get White’s covariance matrix by excluding all cross terms. This can be
accomplished by defining

N
S =77 2z 2 hui: (1115
=1 i=1
Example 11.9 (White’s method on N = 4) With only one regressor (11.15) gives
1 1 2 2 2 2
S:ﬁ R h1t+h2t+h3t+h4t)
=

1 _
- Var(h;
T><16; ar(hit)

Finally, the traditional LS covariance matrix assumes that Eh;h;, = ¥, X E g2
we get

it’ $0

Covys(B) = X71s?/ TN, where s* =

T N
> > el (11.16)

t=1i=1

-
2|~
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Remark 11.10 (Why the cluster method fails when there is a missing “time fixed effect”—
and one of the regressors indicates the cluster membership) To keep this remark short,
assume y;; = 0q;s + €is, where q;; indicates the cluster membership of individual i (con-
stant over time). In addition, assume that all individual residuals are entirely due to an
(excluded) time fixed effect, e;; = w;. Let N = 4 where i = (1,2) belong to the first
cluster (q; = —1) and i = (3, 4) belong to the second cluster (q; = 1). (Using the values
qi = =x1 gives q; a zero mean, which is convenient.) It is straightforward to demon-
strate that the estimated (OLS) coefficient in any sample must be zero: there is in fact no

uncertainty about it. The individual moments in period t are then h;; = q;; X W;

hi —Wy
By | Twe
h3; Wy
ha Wy

The matrix in Example 11.8 is then

i1 2 3 4
1L w? w» 0 0
2 w> w2 0 0
30 0 w? w?
4 0 0 w? w?
These elements sum up to a positive number—which is wrong since ZlNzlhit = 0 by

definition, so its variance should also be zero. In contrast, the DK method adds the off-
diagonal elements which are all equal to —w?, so summing the whole matrix indeed gives
zero. If we replace the q;; regressor with something else (eg a constant), then we do not
get this result.

To see what happens if the q; variable does not coincide with the definitions of the clus-
ters change the regressor to q; = (—1,1,—1,1) for the four individuals. We then get
(hig, hos, hae, hay) = (—wy, we, —wy, wy). If the definition of the clusters (for the covari-
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ance matrix) are unchanged, then the matrix in Example 11.8 becomes

i1 2 3 4
1 w? —w? 0 0
2 —w? w? 0 0
30 0 w? —w?
4 0 0 —w? w?

which sum to zero: the cluster covariance estimator works fine. The DK method also

works since it adds the off-diagonal elements which are

i1 2 3 4

1 w?  —w?
2 —w?  w?
3 w? —w?

4 —w? w?

which also sum to zero. This suggests that the cluster covariance matrix goes wrong
only when the cluster definition (for the covariance matrix) is strongly related to the gq;

regressor.

11.4 From CalTime To a Panel Regression

The CalTime estimates can be replicated by using the individual data in the panel. For

instance, with two investor groups we could estimate the following two regressions

yie = x)B1 +ull fori € group 1 (11.17)

Yie = X382 + ul(f) for i € group 2. (11.18)

More interestingly, these regression equations can be combined into one panel regres-
sion (and still give the same estimates) by the help of dummy variables. Let z;; = 1 if

individual i is a member of group j and zero otherwise. Stacking all the data, we have
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(still with two investor groups)

yie = (z1:x:)' B1 + (z2ix0) Ba + iy

/

Z1iX

_ lite ﬁl T+ u;,
Z2i Xt B2

= (z; ® x;)'B + u;;, where z; = |:Zli:| . (11.19)

Z2i
This is estimated with LS by stacking all N7 observations.
Since the CalTime approach (11.2) and the panel approach (11.19) give the same

coefficients, it is clear that the errors in the former are just group averages of the errors in
the latter

1 .
Vjr = _ZiEGroupjulg)' (11.20)
N;
We know that .
Var(vj) = A (Gii —0in) + Tin, (11.21)

J

o 0

({)) and 0y, is the average Cov(u;;”,u;;,”). With a large

where 0;; is the average Var(u;
cross-section, only the covariance matters. A good covariance estimator for the panel
approach will therefore have to handle the covariance with a group—and perhaps also
the covariance across groups. This suggests that the panel regression needs to handle the

cross-correlations (for instance, by using the cluster or DK covariance estimators).

11.5 The Results in Hoechle, Schmid and Zimmermann

Hoechle, Schmid, and Zimmermann (2009) (HSZ) suggest the following regression on all
data(r =1,...,T andalsoi =1,...,N)

yie = (it ® x;)'d + viy (11.22)

= ([1’ Zlits e+ Zmit] ® [lvxlt, .. 9xkt])/d + Vit (11'23)

where y;; is the return of investor i in period ¢, z,4;; measures characteristics g of investor
i in period ¢ and where X, is the pth pricing factor. In many cases z;;, is time-invariant

and could even be just a dummy: z;;; = 1 if investor i belongs to investor group j

(for instance being 18-30 years old). In other cases, z;; is still time invariant and con-

324



tains information about the number of fund switches as well as other possible drivers of
performance like gender. The x; vector contains the pricing factors. In case the charac-
teristics zyjy, . .., Zmi; sum to unity (for a given individual i and time ¢), the constant in
[L, Z1it, - - - Zmie) 1S dropped.

This model is estimated with LS (stacking all NT observations), but the standard
errors are calculated according to Driscoll and Kraay (1998) (DK)—which accounts for
cross-sectional correlations, for instance, correlations between the residuals of different
investors (say, vy, and v7;).

HSZ prove the following two propositions.

Proposition 11.11 If the z;; vector in (11.22) consists of dummy variables indicating
exclusive and constant group membership (z1;; = 1 means that investor i belongs to
group 1, so z;;; = 0 for j = 2,...,m), then the LS estimates and DK standard errors
of (11.22) are the same as LS estimates and Newey-West standard errors of the CalTime
approach (11.2). (See HSZ for a proof.)

Proposition 11.12 (When z;; is a measure of investor characteristics, eg number of fund
switches) The LS estimates and DK standard errors of (11.22) are the same as the LS
estimates of CrossReg approach (11.4), but where the standard errors account for the

cross-sectional correlations, while those in the CrossReg approach do not. (See HSZ for

a proof.)

Example 11.13 (One investor characteristic and one pricing factor). In this case (11.22)
is

/

Vit = d + v,
Zit
Zit X1t

=do + dix1: + dazis + d3zisx1; + Vis.

In case we are interested in how the investor characteristics (z;;) affect the alpha (inter-

cept), then d, is the key coefficient.
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11.6 Monte Carlo Experiment

11.6.1 Basic Setup

This section reports results from a simple Monte Carlo experiment. We use the model
Yie =+ Bfy +3gi + €, (11.24)

where y;; is the return of individual i in period ¢, f; a benchmark return and g; is the
(demeaned) number of the cluster (—2, —1,0, 1, 2) that the individual belongs to. This is
a simplified version of the regressions we run in the paper. In particular, § measures how
the performance depends on the number of fund switches.

The experiment uses 3000 artificial samples witht = 1,...,2000andi =1, ..., 1665.
Each individual is a member of one of five equally sized groups (333 individuals in each
group). The benchmark return f; is iid normally distributed with a zero mean and a stan-
dard deviation equal to 15/+/250, while &;; is a also normally distributed with a zero
mean and a standard deviation of one (different cross-sectional correlations are shown in
the table). In generating the data, the true values of « and § are zero, while 8 is one—and
these are also the hypotheses tested below. To keep the simulations easy to interpret, there
is no autocorrelation or heteroskedasticity.

Results for three different GMM-based methods are reported: Driscoll and Kraay
(1998), a cluster method and White’s method. To keep the notation short, let the re-
gression model be y;; = x;,b + &;;, where x;; is a K x 1 vector of regressors. The (least

squares) moment conditions are
Ly 5wy here h;; = 11.25
ﬁztzlzizl it = Ugkx1, WNETE 1njy = X;sEj;. (11.25)
Standard GMM results show that the variance-covariance matrix of the coefficients is
7 -1 -1 1 T N /
Cov(b) = X SX_  , where ¥, = ﬁztzlzizlxi,x”, (11.26)

and S is covariance matrix of the moment conditions.
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The three methods differ with respect to how the S matrix is estimated

1
SDK = szzlhth/p where hl = Z;\’:lhita

1 T M j N j
Sc; = —T2N22’=12j=1h; (h])', where hi = Z hiz,
i€ cluster j
1 T N
Swn = WthlZizlh”h;’t' (11.27)

To see the difference, consider a simple example with N = 4 and where i = (1, 2) belong
to the first cluster and i = (3, 4) belong to the second cluster. The following matrix shows
the outer product of the moment conditions of all individuals. White’s estimator sums up
the cells on the principal diagonal, the cluster method adds the underlined cells, and the

DK method adds also the remaining cells

1 2 3 4
hlth/lt hlth/Zt hlth/3t hlthitt
hoth'y, haghly, hoghly,  haghl, (11.28)

h3th,1t h3lh/2t h3th/3t h3,hﬁ”
haihy, hachy, haihy,  hahy,

& W 1IN =~

11.6.2 MC Covariance Structure

To generate data with correlated (in the cross-section) residuals, let the residual of indi-

vidual i (belonging to group ;) in period ¢ be
&t = Ujr + Vjr + Wy, (11.29)

where u;; ~ N(0,02), vj; ~ N(0,02) and w, ~ N(0,02)—and the three components

are uncorrelated. This implies that

Var(g;;) = 05 + 03 + 03),

02 + 02 if individuals i and k belong to the same group
otherwise.

Cov(ejs, &xt) = |: )

w

(11.30)
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2 _
o =

lation within a group. If both 62 = 0 and 62 = 0, then there is no correlation at all across

Clearly, when o 0 then the correlation across groups is zero, but there may be corre-
individuals. For CalTime portfolios (one per activity group), we expect the u;; to average

out, so a group portfolio has the variance 6 4+ o2 and the covariance of two different

group portfolios is 072 .
The Monte Carlo simulations consider different values of the variances—to illustrate

the effect of the correlation structure.

11.6.3 Results from the Monte Carlo Simulations

Table 11.1 reports the fraction of times the absolute value of a t-statistics for a true null
hypothesis is higher than 1.96. The table has three panels for different correlation patterns
the residuals (&;;): no correlation between individuals, correlations only within the pre-
specified clusters and correlation across all individuals.

In the upper panel, where the residuals are iid, all three methods have rejection rates
around 5% (the nominal size).

In the middle panel, the residuals are correlated within each of the five clusters, but
there is no correlation between individuals that belong to the different clusters. In this
case, but the DK and the cluster method have the right rejection rates, while White’s
method gives much too high rejection rates (around 85%). The reason is that White’s
method disregards correlation between individuals—and in this way underestimates the
uncertainty about the point estimates. It is also worth noticing that the good performance
of the cluster method depends on pre-specifying the correct clustering. Further simula-
tions (not tabulated) shows that with a completely random cluster specification (unknown
to the econometrician), gives almost the same results as White’s method.

The lower panel has no cluster correlations, but all individuals are now equally cor-
related (similar to a fixed time effect). For the intercept («) and the slope coefficient on
the common factor (), the DK method still performs well, while the cluster and White’s
methods give too many rejects: the latter two methods underestimate the uncertainty since
some correlations across individuals are disregarded. Things are more complicated for the
slope coefficient of the cluster number (§). Once again, DK performs well, but both the
cluster and White’s methods lead to too few rejections. The reason is the interaction of
the common component in the residual with the cross-sectional dispersion of the group

number (g;).
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Driscoll-
White Cluster Kraay

A. No cross-sectional correlation

o 0.049 0.049 0.050
B 0.044 0.045 0.045
y 0.050 0.051 0.050
B. Within-cluster correlations

o 0.853 0.053 0.054
B 0.850 0.047 0.048
y 0.859 0.049 0.050
C. Within- and between-cluster correlations
o 0.935 0.377 0.052
B 0.934 0.364 0.046
y 0.015 0.000 0.050

Table 11.1: Simulated size of different covariance estimators This table presents the
fraction of rejections of true null hypotheses for three different estimators of the co-
variance matrix: White’s (1980) method, a cluster method, and Driscoll and Kraay’s
(1998) method. The model of individual i in period ¢ and who belongs to cluster j is
rie = a + Bf; + ygi + &ir, where f; is a common regressor (iid normally distributed)
and g; is the demeaned number of the cluster that the individual belongs to. The sim-
ulations use 3000 repetitions of samples with # = 1,...,2000 and i = 1,...,1665.
Each individual belongs to one of five different clusters. The error term is constructed as
&ir = Ui + vj; + w,, where u;; is an individual (iid) shock, vj; is a shock common to
all individuals who belong to cluster j, and w; is a shock common to all individuals. All
shocks are normally distributed. In Panel A the variances of (u;;, vj;, w;) are (1,0,0), so
the shocks are iid; in Panel B the variances are (0.67,0.33,0), so there is a 33% correlation
within a cluster but no correlation between different clusters; in Panel C the variances are
(0.67,0,0.33), so there is no cluster-specific shock and all shocks are equally correlated,
effectively having a 33% correlation within a cluster and between clusters.
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To understand this last result, consider a stylised case where y;; = 8g; + &;; where
6 = 0 and g; = w; so all residuals are due to an (excluded) time fixed effect. In this

case, the matrix above becomes

i1 2 3 4 ]

1 wp wf —wf —w;

2 w_t2 w?  —w? —w? (11.31)
3 —wp —wi owp o owy

4 —w? —wi owp  w;

(This follows from g; = (—1,—1,1, 1) and since h;; = g;xw; we get (hyz, har, has, hay) =
(—wy, —wy, wy, wy).) Both White’s and the cluster method sums up only positive cells,
so S is a strictly positive number. (For this the cluster method, this result relies on the as-
sumption that the clusters used in estimating .S’ correspond to the values of the regressor,
gi.) However, that is wrong since it is straightforward to demonstrate that the estimated
coefficient in any sample must be zero. This is seen by noticing that Z,N:lhn = 0 at
a zero slope coefficient holds for all 7, so there is in fact no uncertainty about the slope
coefficient. In contrast, the DK method adds the off-diagonal elements which are all equal

to —w?, giving the correct result S = 0.

11.7 An Empirical Illustration

See 11.2 for results on a ten-year panel of some 60,000 Swedish pension savers (Dahlquist,

Martinez and Soderlind, 2011).
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Table 11.2: Investor activity, performance, and characteristics

I II I 10Y
Constant —0.828 —-1.384 -0.651 -1.274
(2.841) (3.284) (2.819) (3.253)
Default fund 0.406 0.387 0.230 0.217
(1.347) (1.348) (1.316) (1.320)
1 change 0.117 0.125
(0.463) (0.468)
2— 5 changes 0.962 0.965
(0.934) (0.934)
6—-20 changes 2.678 2.665
(1.621) (1.623)
21-50 changes 4.265 4.215
(2.074) (2.078)
51— changes 7.114 7.124
(2.529) (2.535)
Number of changes 0.113 0.112
(0.048) (0.048)
Age 0.008 0.008
(0.011) (0.011)
Gender 0.306 0.308
(0.101) (0.101)
Income —0.007 0.009
(0.033) (0.036)
R-squared (in %) 55.0 55.1 55.0 55.1

The table presents the results of pooled regressions of an individual’s daily excess return on return factors,
and measures of individuals’ fund changes and other characteristics. The return factors are the excess
returns of the Swedish stock market, the Swedish bond market, and the world stock market, and they are
allowed to across the individuals’ characteristics. For brevity, the coefficients on these return factors are
not presented in the table. The measure of fund changes is either a dummy variable for an activity category
(see Table ??) or a variable counting the number of fund changes. Other characteristics are the individuals’
age in 2000, gender, or pension rights in 2000, which is a proxy for income. The constant term and
coefficients on the dummy variables are expressed in % per year. The income variable is scaled down by
1,000. Standard errors, robust to conditional heteroscedasticity and spatial cross-sectional correlations as
in Driscoll and Kraay (1998), are reported in parentheses. The sample consists of 62,640 individual%32

followed daily over the 2000 to 2010 period.



