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Chapter 4 

Specification Tests for Structural 
Stability with Known Breakpoint 

This chapter contains the theory, a Monte Carlo study and some applications of 
EMM-based tests for structural stability where the breakpoint is known. Further
more computationally attractive structural stability tests are proposed. The appli
cations lie in the field of SV models for daily returns from the S&P500 index 1981-
1993, where the a priori breakpoint is set around Black Monday 1987, and for 
exchange-rate movements of the British pound versus the Canadian dollar 1988-
1996, where the breakpoint is a priori set at September 16th 1992, when Britain 
left the ERM. In both applications instability is associated with different volatility 
regimes. This chapter is based on van der Sluis (1997b, 1998a). 

The plan of this chapter is as follows. Section 4.1 provides an introduction and 
motivation for structural stability testing. Section 4.2 introduces first-order EMM 
approximations to the estimators of the structural model. Section 4.3 contains the 
theory of structural stability tests in an EMM context and derives computationally 
attractive specification tests. In Section 4.4 a small-scale Monte Carlo study is pre
sented to gauge the performance of the updates and computationally attractive sta
bility tests in the context of stochastic volatility models. Section 4.4 also presents 
the applications. Section 4.5 concludes. 

4.1 Introduction 
Simulation-based estimation such as Indirect Inference, as described in 
Gouriéroux et al. (1993), or EMM, as described in Gallant and Tauchen 
(1996b) and in Chapter 3 of this thesis, may be of great help in cases where 
the likelihood of a model is analytically intractable. These techniques require 
repeated evaluation of very complex functions and though computationally 
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feasible can be very time consuming. Consequently tests of mis-specification, 
though desirable as a means of evaluating models, are often computationally very 
burdensome. Hence the provision of computationally less demanding diagnostic 
statistics is important. Tests for structural stability usually require more than 
one computationally demanding estimator: typically, an estimator for the sample 
data, an estimator for the post-sample data and an estimator for the combination 
of sample and post-sample data are required. In this chapter computationally 
attractive structural stability tests and updates of the estimates for EMM are 
proposed. The analysis can be extended easily to Indirect Inference, but that will 
not be pursued here. The tests are then applied to SV models. SV models arise in 
option pricing; see Section 2.4 and Chapter 6. In this context the issue of stability 
testing may be thought of as one where financial institutions are calculating option 
prices from the estimates of a stochastic volatility model. With the arrival of new 
data there is a dilemma: Should the financial institution estimate the stochastic 
volatility model again in order the obtain more up-to-date option prices, or not? 
Since the estimation of an S V model using EMM is rather time consuming and the 
next step of determining the option prices is very time consuming as well, we may 
attempt to answer this question with help of the computationally attractive test 
statistics. Since auxiliary models are chosen such that they are easy to estimate, 
it is relatively easy to make an update of the estimator of the auxiliary parameter 
with the arrival of new post-sample data. From a contrast in the estimates of the 
auxiliary parameters we may deduce a first-order approximation for a contrast in 
the structural parameters. Likewise, we can deduce test statistics for structural 
stability using information from the auxiliary model only These test statistics can 
be chosen such that they are asymptotically equivalent to the structural stability 
tests that have been shown in the GMM literature to have maximum power in 
several directions. Tests for structural stability are also of interest in this context 
for testing whether SV models are structural. 

Structural stability tests that have been proposed in the GMM literature are: 
(i) LM/ZuYWald-type tests for structural stability; see Andrews and Fair (1988), 
(ii) the Hansen J-test for structural stability; see Ghysels and Hall (1990a), and 
(iii) the (Post-Sample) Prediction (PSP) test; see Hoffman and Pagan (1989) and 
Ghysels and Hall (1990b). In a GMM context, each of these test statistics has op
timal local power in a certain direction of mis-specification. In theory application 
of these test statistics in an EMM or Indirect Inference context is relatively easy. 
The optimality properties of the GMM-based statistics also carry over. With the 
exception of the PSP-test, all these test statistics require EMM estimates for the 
structural parameters, other than that of the sample, viz. an EMM estimate of the 
post-sample and an EMM estimate of the combination of sample and post-sample. 
In this chapter simple modifications of the LM/LR/Wa\d test-statistics and of the 
J-test for structural stability are proposed that require root-T consistent estimators 
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for the structural parameters only and still have optimal asymptotic power in the 
same direction as the original test statistics, although their small-sample proper
ties will differ. These modifications hinge on work of Ahn (1995) in the field of 
GMM, who proposes test statistics using any root-T consistent estimators that have 
the same asymptotic power properties as those computed with GMM estimators. 
These results are exploited here for the EMM case: for example, a root-T consis
tent one-step linearized EMM estimator may be used. In this chapter only one-step 
linearized estimators are plugged into the modified test-statistics for structural sta
bility. 

Without modifications the PSP-test is already computationally attractive, be
cause this test is based on an evaluation of the moment conditions at a sample-
based parameter estimate and data from the post-sample. Like the PSP-test for 
GMM, the PSP-test for EMM may detect parameter instability. The underlying 
principle of the PSP-test is different from that of the LM-, Wald- or LP-type 
tests for structural stability for GMM estimators as developed by Andrews and Fair 
(1988). In Ghysels and Hall (1990b) it is argued that the PSP-test has several 
advantages over the Wald-, LR- and LM-type tests. Three advantages are men
tioned, for which the first one is even more important for simulation-based esti
mators than for GMM estimators: (i) we do not need an estimate of the structural 
parameter over the post-sample; (ii) all orthogonality restrictions are used over the 
post-sample; (iii) no subset of orthogonality restrictions is set equal to zero in the 
post-sample. The latter two advantages are reflected in the number of degrees of 
freedom and its local power properties against certain alternatives. 

All these tests may be used in cases where there is prior knowledge about 
switches in regime or as a general specification test with the sample and the post-
sample chosen of the same size. In this case the tests will have less power than 
in case the breakpoint is known. In Chapter 5 we will consider tests for structural 
stability with unknown breakpoint. 

4.2 First-order EMM Estimators 

In this chapter, and the next, structural stability is of interest and therefore the fol
lowing notation is employed: The full set of T observations is partitioned in the 
first Ti observations, called the sample, and the remaining T2 = T - 7\ observa
tions, called the post-sample. Whenever we use asymptotic arguments regarding 
Ti and T2 in the sequel, we assume 

lim - ^ — = «<h i = l,2 (4.1) 
T1,r2-.ooTi + T2 

The auxiliary estimator that employs either sample or post-sample data only, will 
be denoted ßTi • The auxiliary estimator that employs both sample and post-sample 
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data will be denoted J3T. Likewise the EMM estimators are denoted 0Ti as in (3.11). 
The true values of the structural model for the sample and post-sample will be de
noted 9i and 02 respectively, this will be made precise in Section 4.3. 

Recall from Chapter 3 that le = dim(ö), the dimension of the parameters of the 
structural model (3.1) and Iß = dim(/3), the dimension of the parameters of the 
auxiliary model (3.2). We will write X\ and Z2 to indicate whether we use sample 
or post-sample data to estimate J . In specification testing the following estimator 
of 0Q will often be of (theoretical) interest, see e.g. Rothenberg (1973) 

2 

0C
T : = argminETjm'CÖ, ßTi)I^m{6, ßTi)} (4.2) 

Say we have a sample of size T: and estimators 0TX and ßyx based on this sam
ple. The arrival of new data of size T2 or the desire to apply tests for structural sta
bility, may force us to redo the whole EMM estimation in order to obtain a 0T2 for 
the post-sample or to obtain the full sample EMM estimator 0T or 0C

T as defined in 
(4.2), which may be relatively time consuming. However, in general, estimation 
of the auxiliary parameters ßr2 for the post-sample, will be much less demand
ing than EMM estimation. Our strategy will therefore be as follows. At time 7\ 
we already have m(0Tx ,ßri)- Consider the EMM variant of the one-step linearized 
GMM estimator, which for this setting equals: 

'Ti — "Ti [WT^M^^JTM)-1™^,^) (4.3) 

where Vz(0) = M'(0, ßTi)(ll)-
1M(0, ßTi). 

The following property establishes asymptotic equivalence of 0^. with 0T. 

Property 4.1 Application of Lemma 4 from Newey (1985) yields as % —> oo 

sjTi{0*Ti-0Ti) = op{l) (4.4) 

It should be noted that one-step estimators usually do not have good small-
sample properties, though they are not only consistent but also asymptotically ef
ficient. In the Monte Carlo study in Section 4.4 the small-sample properties will 
be investigated. Here the one-step estimator is just an example. The theory that is 
laid out in the next section is designed for root-T consistent estimators of which 
class the one-step estimator is a member. One may use other consistent estima
tors as well. Since under the null of structural stability as given in the next sec
tion we have that öTl is a consistent estimator of 0O, we can take 0^2 := 0Tx — 
^2l{ßTi)-l^'(ßTi, ßT2)('^2)~1'm(0Tx, ßr2) as a one-step linearized EMM estimator. 

Pooling of sample and post-sample estimators may be done in several different 
ways. The pooled estimators in the following Theorem 4.1 are all based on Tay
lor series expansions around consistent estimators under the null. Theorem 4.1 is 
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subsequently based on a Taylor series expansion around 0Tl and 0T2, around 0jx, 
around 8^ and 0^2, and around 0^ . 

Theorem 4.1 The pooled estimator given by 

0l
T := [j^TiVi^T^JinV^Tdh -M'(0Ti J T J C ^ - X ^ J T J ] (4.5) 

i = i t = i 

is asymptotically equivalent to 0\,. The estimator 

0>i := ETiV^êrJ]-1 E^tVi^rJör, - A ^ . & j f è ) - 1 ™ ^ , ^ ) ] (4.6) 
j = i t = i 

is asymptotically equivalent to 0?- The estimator 

0'i' := [TxVi&O + r2V2(^2)]-1[T1V1(öTl)öTl + T 2 V 2 ( 0 * Ä 

(4.7) 

is asymptotically equivalent to 0?- The estimator 

i=l i=l 

(4.8) 

is asymptotically equivalent to 0^. 

Proof. See Section 4.A for a proof of Theorem 4.1. 

A conceptually different update strategy than the above is based on the speci
fication of an auxiliary model for the combined sample and post-sample to obtain 
the EMM estimator of combined sample and post-sample as in (3.11). 

Taylor expansion of m'(0, (3?)I^2
m(6> ßr) around 0^ gives 

0% : = arg min[m'(0ri JT) + M{0Tl, ßr){9 - 0Tl )}'X^2 • 

[m'(ëTl, ßr) + M(0Tl, ßT)(0 - 0Tl)] (4.9) 

This results in ordinary GLS1 and therefore an explicit expression for 0% is found 

0^ = 0Tl- [M'(0Tl, ßT)l^2M(0Tl, M]~lM'{0Tl, ßT)l-l2m(0Tl, ßT) (4.10) 

Generalized Least Squares 
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The usual arguments provide asymptotic equivalence of 0f and 0T. Here the sub
script 1 + 2 denotes that the sample and post-sample are taken as a whole. 

Intuitively, tests for structural stability based on estimators of the auxiliary 
model for the separate sample and post-sample will have higher power in finite 
samples than tests that are solely based on auxiliary estimators for the combined 
sample, because if there is indeed a contrast in the sample and post-sample the aux
iliary estimators will differ, whereas this contrast will be smoothed in the auxiliary 
estimator for the complete data set. Future research is needed in order to substan
tiate this intuition. 

4.3 Stability Tests with Known Breakpoint for 
EMM 

In order to discuss the hypotheses involved in structural stability testing, we will 
need the following notation and assumptions. Let, as in Section 3.1.2, gt(yt\xt) 
and gt(xt) denote the true conditional density of yt given xt, and the true marginal 
density of xt, respectively. We assume that the form of these densities is constant 
within the sample and post sample, and we denote the densities for these two pe
riods by (?i and g2. Next we denote the pseudo-true values for ß in the sample and 
post-sample as usual by the property 

/ / 
d\nf(y\x,ß:)^y{x) dy ^{x) dx = 0) . = 1; 2j ( 4 U ) 

i.e., ß* sets the expected score to zero. From the standard theory of maximum like
lihood for mis-specified models, see White (1982) and Gouriéroux, Monfort and 
Trognon (1984), we have p l i m ^ ^ ßn = ß*- Finally, we define the (pseudo-) 
true values 0\ and #2 by 

0i := &igmmm{0i,ß*)'l-1m(0i,ß*), (4.12) 

where (as before) 

m ( ö 'ß ) : = ƒ ƒ dlnfQßX,ß)p(y\x->e) dv ^x\°) dx> <4-13) 

and 

f fd\nf(y\x,ß*)dlnf(y\x,ß*) , , w . 
7 7 dB dB' 9i(.y\x) dy gi{x) dx, i = l,2. 

(4.14) 
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When the structural model is correctly specified in the sample, then g± = pi := 
p(6\) and m(0i,ßl) = 0. Similarly, when there is correct specification in the 
post-sample, we find g2 = p2 := p(62) and m(62,ß2) = 0. In other words, 
m(6i, ß*) = 0 is a necessary (but not sufficient) condition for correct specification 
of the structural model in the sample and post-sample. Following, among others, 
Newey (1985), Ghysels and Hall (1990a) and Ahn (1995) for the GMM context, 
we identify the following null hypotheses for the EMM case: 

(4.15) 

(4.16) 

(4.17) 

(4.18) 

Note that HQ is implied by the other three. The stability hypothesis is defined as 

H I, Hg, Hi and hence H4
0 hold. (4.19) 

The asymptotic power of the tests depends on which of the individual null hy
potheses is violated. Define the following alternative hypotheses: 

At least one of H J, H2
0 and HQ does not hold (4.20) 

Hj holds, at least one of H2
0 and H3

Q does not hold (4.21) 

Hi and H2
0 hold, H3

0 does not hold (4.22) 

HJ m(61,ß*1) = = 0 

"l m(62,ß*2)-- = 0 

"I 6\ = 62 

"Î ßl = ß*2-

Alternative H^ is now interpreted as testing simultaneously p1 = gi, p2 = 92 
and pi = p2, where rejection of the alternative does not provide information which 
of the alternatives is the source of the rejection. So at least one of the following is 
the case: Pi # 51, p2 # 92 or 61 ^ Q2. Alternative H^ is interpreted as testing 
px — g2 and pi = p2 simultaneously. Again, in case of rejection it is not possible 
to discern between the latter two alternatives. It could be the case that pi ^ g2 or 
0X =£62. The alternative H^ is interpreted as testing pi = p2. This comes down to 
testing for parameter variation in p. 

It will be important to define a local alternative version for each of these alter
native hypotheses. Therefore, we now consider the case where gx and g2 are ac
tually sequences gir and g2r, with corresponding pseudo-true values ß*T and 6lT. 
Define: 

Hy m(61T,ßlT) = -%= + o(Ti1/2) (4.23) 

H71 m(61T,ß*2T) = ^= + o(T2-
1/2) 

V J 2 
(4.24) 

Hy g2T _ glT = 

i-2 
(4.25) 
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Note that H\. should not be viewed as the local alternative to H2,, since it is possible 
that m(d2T, ß2T) = 0 under H2

T. Let Hf = {(H^, Hf.)}??=1, Hf = {(Hj, H2
T)}f=1 

andHP = {(Hj,H2,H^)}??=1. 
The validity of the test for Hf hinges on the assumption that the limiting nor

malized value of the noncentrality parameter in the distribution of each of these 
tests is non zero; see Section 3.1.2. This parameter will depend on the auxiliary 
model ƒ. In case this parameter is zero then for given ƒ there is no power to de
tect alternative H^. If ƒ is chosen non-parametrically by e.g. the SNP density we 
have the result that the limiting normalized value of the noncentrality parameter is 
positive so mis-specification is detected with probability one asymptotically. Fur
thermore the alternatives determined by m depend on ƒ. This means we only detect 
a change in the underlying model g if this is picked up by ƒ. 

4.3.1 Prediction Tests 

Ahn (1995) shows, building on earlier work of Newey (1985), that the PSP-test 
for GMM is an optimal GMM test that has maximum power against Hf. In the 
context of EMM the PSP-test statistic is defined as2 

PSP : =T2m'(0TljT2){ÎT2 + c2M(ëTlJT2)Vï1-

(èTl )M'(6Tl, ßT2)}-lm(6Tl, ßT2 ) (4.26) 

Under Hg PSP is Xu distributed asymptotically. Note that we have no loss of de
grees of freedom since no restrictions are posed on the data to obtain estimates. 
Under the alternative Hf PSP has a non-central xL distribution asymptotically 
with non-centrality parameter Xpsp, given by 

2 

\PSP := b'2l2H2 - c262l^M{el,ß2)^£ clVl}-lM'(91,ß2)}l2-
l62 (4.27) 

It is important to note that the PSP-test requires only 6Tl and ßT2. Therefore this 
test is considered to be computationally attractive. In the next subsections we will 
give the optimal tests for Hf and Hf and modify these tests such that they require 
root-T consistent estimators for the structural parameters only and still have opti
mal asymptotic power in the same direction as the original test statistics. In this 
way we obtain for these tests the same computational attractiveness as the PSP-
test. 

The direction of mis-specification may also be indicated by quasi t-ratios; anal
ogous to (3.21) we define 

DT2 := yjT2amg[lT2 + c2M(9Tl,ßT2)V^(9Tl)M'(eTlJT2)}-^2m(9Tl,ßT2) 
(4.28) 

Of course the role of the sample and post-sample may be reversed. 
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These individual elements will carry information on which aspect of the data has 
changed. 

4.3.2 Wald-type Tests 
For EMM the following Wald-, LR- and LM-type tests for structural stability are 
proposed. These are analogous to the test statistics for structural stability pro
posed in Andrews and Fair Q988). Note the presence of the three computation
ally unattractive estimators 9Tl, 9T2 and 9C

T in the expressions for the test-statistics 
below. 

W : ^ ( ^ - Ö x J ' E ^ V r 1 ^ ) ] - 1 ^ - ^ ) (4.29) 
t=i 

LR : =Y,Tl[m\9c
TJTß-1m(6c

TJTi)-mX9TiJTß-lm(dTt,ßT,)} 

(4.30) 

LM : =J2{Tlm\9c
TJTi)(îir

1M(èc
TJTi)V-1(ëc

T)-

M'(0c
T,ßTt)(%rlm(ec

TJTt)] (4.31) 

For GMM, Newey (1985) shows that the Wald-, LR- and LM-tests are asymp
totically equivalent. Trivially, these results carry over to an EMM setting. Several 
interesting asymptotic equivalencies for the Wald/Lfi/LM-type tests for structural 
stability proposed by Andrews and Fair (1988) can be given. The upshot is that any 
of these statistics has maximum local power against alternatives of the form Hp. 

The following class of modified LM/LßAVald-test is proposed. 

Definition 4.1 For any root-T consistent estimator 0, the statistic P(9) is defined 

as 

P(0) : =J2[^rn'(lh)(ÎTtr
lM(9jT,)V-l(Ô)-

M'(9, ßTi)(iTtr
lm{l ßTt)} - tf (0) (4.32) 

where 

*(ö) : =[J2Tim\lßTi)(lTir
1M(9jTi)}[J2T^^)]~1-

[J2 TiM'd dTl){ÎT,rlm{l h)\ (4-33> 
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This modification is based on the following properties which were first pro
posed in the GMM case by Ahn (1995): 

Property 4.2 For any root-T consistent estimator 6, P(0) is asymptotically equiv
alent to LR under Hg and under HJ\ 

Property 4.3 P(0C
T) equals LM. 

Property 4.4 P(ÖTl) is asymptotically equivalent to W under Hs
0 and under Hf. 

Application of Proposition 3 in Newey (1985) tells us that Piß?) has maximum 
power against Hp. Because of the asymptotic equivalence between any P{0) and 
the Wald, LR and the LM statistic, we define for EMM the following computa
tionally attractive Wald-, LR- and LM-type tests for structural stability which have 
maximum power against Hp 

W* := P(ßTl) _ 
LR*(0) := P(0) for any root-T consistent 0 

and note the equality 
LM = P(0C

T) (4.35) 

The W-test only requires the computation of 0Tl and therefore it is compu
tationally attractive. The LM-test also requires only one computationally inten
sive EMM-optimization round for the sample in order to find 0C

T. Compared to the 
original form of the LM-test which requires three optimization rounds namely for 
0Tl, 0~T2 and 0J-, this is an substantial gain. However using 0? does not fit into the 
updating framework, followed here. 

All P{0) statistics have a non-central xfe with non-centrality parameter XP 

given by 

XP := 6'M\euß2)T^x[l2 - c2M{0uß2)[J2c^YlMl{^ß2)\T2lM{0l,ß2)8 

(4.36) 
Here cl is defined in (4.1). If le — Iß the P{0) and PSP-tests are asymptotically 
equivalent. For Iß > U the P5P-tests have more degrees of freedom than the P{0) 
based tests where the non-centrality parameters are equal under Hp. Consequently 
the P{0) statistics have higher power against Hp. On the other hand the PSP-test 
has maximum power against Hf. 
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4.3.3 Hansen-type Tests 

The usual Hansen J-test may be used to test Hg. However, Ghysels and Hall 
(1990a) show that in the context of structural stability this test has no power against 
local alternatives that are of the form Hp. In Ghysels and Hall (1990b) a modifi
cation of the Hansen test is proposed, the JSS-test. This test has optimal power 
against Hf. For EMM we define the following analogy to their test: 

JSS := j^T^fa J r . X X r . r 1 ™ ^ ,ßTi) (4.37) 
i= i 

this statistic is already computationally attractive since only QC
T must be deter

mined. However, for use in an update setting a modified version will be proposed. 
A class of modified J-tests is proposed here. 

Definition 4.2 For any root-T consistent estimator 6 : 

JSS*(0) •^Y,T%m\êM{ÎTl)-
lm{ê^) - tf(ö) (4.38) 

where ^(9) is defined in (4.33). 

This modification is based on the following property 

Property 4.5 Under Hf this JSS* (9) is asymptotically identical to JSS. (Proof: 
trivial from Ahn (1995) for the GMM case). 

The JSS*- and JSS-tests have a non-central x\iß-ie distribution with non-
centrality parameter \jss* given by 

XJSS. := 6[t2[l^ - l^M^M'^I^M^-'M'^l^ô^ (4.39) 

where 

Mh2 

Zl,2 

<5l,2 

= W^iM\Ou ft), yföM\6i,ß2)]' (4-40) 
= diag(î1)I2) (4.41) 
= K6'2}' (4.42) 

The JSS-test admits a decomposition that is analogous to (3.21). 
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4.3.4 Issues Specific to EMM-based Tests 

All in all this leads to the following testing strategy: 

(i) Ordinary J-test for px = gx if accepted go to (ii) else revise your 
structural model 

(ii) Wald test for pi = p2 if accepted go to (iii) else reject your model 
and the source of rejection is parameter variation because p2 ^ g2 can
not be detected 

(iii) PSP-test for pi = p2 and pi = g2 if accepted accept the model 
else reject the model because gi ^ g2 (under (ii) we already tested 
Pi = Pi)-

Instead of the above strategy one could use the JSS-test which would test all of 
the above simultaneously. No need to adjust P-values because of subsequent tests. 
The drawback is that the source of mis-specification cannot be identified. We could 
also directly test gl = g2 directly through a Wald test on ß* = ß*2. This test is 
optimal for HQ. 

As was noted in Section 3.1.2 there is a connection between the efficiency of 
the estimator and the power of a test. The non-centrality parameter often reveals 
this connection. Following Tauchen (1997) in his exposition of the efficiency of 
EMM estimators, let V^1 be the asymptotic variance-covariance matrix of the ML 
estimator of 0O. Let Vj^ be the asymptotic variance-covariance matrix of the 
EMM estimator based on a score ƒ with overall size of the polynomials Ki and 
overall lag length of Li and observations T*. From Theorem 2 in Gallant and Long 
(1997), we have that, under the Assumptions 1 to 3 mentioned on Section 3.1, for 
» = 1,2: 

lim lim VJ^ = V^as Tt - oo (4.43) 
K{—>oo Lj—»oo • " M ' I ' i 

In our case this result extends to the non-centrality parameter of the P statistics 

Property 4.6 

lim Xp = dô'Vô^ asT^^^oo (4.44) 
K i , A 2 , L l , L 2 — » O O 

(Proof: simple algebraic manipulations) 

By the Cramér-Rao inequality we have that conditionally on Cj, the highest 
asymptotic power is achieved in the limiting case, yielding an asymptotically uni
formly preferred test, see Gouriéroux and Monfort (1995a, pp.369-370, Vol. 2). 
Consequently, we should increase l0 with T. It is not very likely that for the Xjss-
such a uniformly most powerful property exists. Maybe further research will be 
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more conclusive on this. The main thing to note here is that the JSS-test becomes 
more stringent with an increasing number of moment conditions. We think the 
properties of the ordinary J-test, as found in the Monte Carlo study of Section 3.4, 
are indicative for the JS5-test. The same is true for the P5P-test. A full Monte 
Carlo study will be needed to assess the finite sample properties of these tests and 
it may turn out that it is wise to adjust the critical values of these tests. In Section 
4.4.1 we present a Monte Carlo study of the tests. 

Another issue for further research is to apply the same techniques as in Liu 
and Zhang (1997) to these stability tests. In this paper a new specification test is 
proposed that minimizes the inference bias of the Hansen overidentifying J-test 
caused by the approximation error in the auxiliary model. It should be noted that in 
Section 3.1.2 we showed that certain mis-specifications of the structural model can 
lead to the failure to reject the overidentifying restrictions. The same possibility 
can also lead to the failure to reject the stability hypothesis. 

It should be noted that any root-T consistent estimator may be plugged into the 
modifications of the test statistics. This makes it possible to plug in estimates from 
different estimation techniques. 

Note that if we choose our moments in an optimal way (that is following the 
EMM methodology) for the LM/L.R/Wald-tests, asymptotically the highest power 
possible is obtained, namely the power associated with the Cramér-Rao lower 
bound from maximum likelihood, while leaving the hypothesis H^ unchanged. A 
different choice of the moment conditions for the J55-test and the PSP-test in
duces different overidentifying restrictions, so different alternative hypotheses. 

Throughout this chapter it is assumed that y/T\m(6i, /?*) and ^/T^miß^, ß\) 
are asymptotically uncorrected. This is true if the structural model is embedded 
in the auxiliary model as {V^ In fl(yt\xt; ß*)} should be a martingale difference 
sequence. However, if the auxiliary model is mis-specified this may no longer be 
the case. Therefore the leading term in the SNP expansion should always be chosen 
with care. 

As said in Chapter 3, we take the number of simulations N such that there is 
virtually no Monte Carlo variance in (3.4)3. It should be noted, however, that Ghy-
sels and Guay (1998), who consider structural stability tests in the context of the 
Simulated Method of Moments (see Section 2.3.2), find for the number of simu
lations S in (2.48) fixed, that, though the estimator depends on S, the asymptotic 
distribution of the above test statistics for structural stability does not depend on 
S for the known breakpoint case and also for the case of unknown breakpoint that 
will be considered in the next chapter. 

3Also in combination with variance reduction techniques, such as the antithetic variables 
technique. 
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Post-sample 
parameters 

Ti T2 zi % Î11 

(wo,7o,<Tj,o, Ao) 1,000 500 -.397 (.110) .946 (.015) .240 (.042) -.607(.110) 
[-.9,4.6] [-•9,4.7] [.2,3.5] [.6,3.6] 

i^o,lo,crno,Xo) 1,000 1,000 -.387 (.089) .948 (.012) .245 (.034) -.604(.089) 
[-.8,4.0] [ -7 ,3 .7] [.3, 3.5] [-6,4.1] 

(woi7o,^OiAo) 1,000 1,500 -.379 (.078) .949 (.011) .247 (.030) -.602(.080) 
[-.6,4.0] [-.6,3.8] [1,3.2] [1.1,4.1] 

( ^ O ^ O J ^ O . A O ) 4,000 2,000 -.374 (.049) .949 (.007) .254 (.017) -.600(.050) 
[-.2,2.9] [-.2,2.9] [-.2, 3.0] [.4,3.1] 

(wo,7o,c?,o,Ao) 4,000 4,000 -.370 (.042) .950 (.006) .255 (.015) -.599(.045) 
[-.2,3.0] [-.2,3.0] [-.2, 2.8] [.5,3.2] 

(wo,7o,C7,o>Ao) 4,000 6,000 -.368 (.040) .950 (.006) .256 (.014) -.599(,040) 
[-.2,3.0] [-.2,3.0] [-.1,2.8] [.4,3.3] 

Table 4.1 : Each entry displays the mean of one-step EMM estimator with RMSE 
between brackets and skewness and kurtosis between square brackets for the 
ASARMAV(1,0) model with sample parameters 90 — (u)0, 7o, cr̂ o, A0) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator {R = 500). 

4.4 Application to S V Models 

This section applies the proposed computationally attractive stability tests to 
stochastic volatility models. A small Monte Carlo study of the properties of the 
computationally attractive tests and updates in the context of these models is pre
sented in Subsection 4.4.1. Section 4.4.3 presents an application to daily returns 
from the S&P500 index over the period 1981-1993. 

4.4.1 Monte Carlo Results 

This subsection gauges the small-sample properties of the computationally 
attractive tests and of the first-order parameter updates by presenting the re
sults from a small Monte Carlo study. As motivated in Section 3.4, we use 
the EGARCH-^ score generator. The Monte Carlo study was set up as fol
lows. Samples and post-sample of size Ti e {1000,4000} and T2 = TY/2, 
Ti and 27\, respectively, were drawn from an ASARMAV(1,0) model. All 
samples were generated at 90 = (w0,7o,cV), A0) = (-.368, .95, .26,-.6). 
The post-samples were generated at parameter values set at (w0,7o,cr^0, A0), 
(u)0,.948,<7v0, A0), (W0,-952,CT,,O,AO), (w0,7o, ̂ o , - - 4 ) , (w0,7o, crv0, - .8) , 
(w0,7o,-24,A0), (wo,7o,-28,A0), (-.348,70,^0, A0), and (-.388,7o,0V), A0). 
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% Rejections % Rejections %Rejections 
Post-sample Ï1 T2 

at 5% level at 5% level at 5% level 
parameters JSS*(^,)test PSP test Potest 

( w 0 l 701^7,0.-^0) 1,000 500 18.2 14.4 13.1 

((Jo,7o,c?jO,Ao) 1,000 1,000 8.84 8.19 6.03 
(WO,7O,CJ,O, Ao) 1,000 1,500 10.1 7.11 7.76 

{<^>Q,lo,Cv0^o) 4,000 2,000 9.77 7.44 6.74 
((Jo, 7o, crv0, Ao ) 4,000 4,000 10.2 7.67 3.95 
((J0,70,ff,,0, A0) 4,000 6,000 9.07 8.37 5.35 

Table 4.2: Rejection frequencies of JSS*, PSP and P test-statistics for the 
ASARMAV(1,0) model with sample parameters 0O = (1^0,10,^0,^0) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator (R = 500). 

Post-sample 
parameters 

2i T2 ^n % 
—II 
aVT2 

AT2 

(uj0,.9AS,crvo, Ao) 1,000 500 -.400 (.122) .945 (.017) .243 (.051) -.612(.120) 
[-2.2, 17] [-2,20] [5.6,77] [-1.0,16] 

(WO,-948,<TTJO,AO) 1,000 1,000 -.382 (.090) .947 (.012) .246 (.035) -.604(.092) 
[ -8 ,4 .1] [ -8 ,4 .1] [.3, 3.5] [.8,6.0] 

(uj0,.948,avo,\0) 1,000 1,500 -.371 (.080) .949 (.011) .247 (.031) -.600(.084) 
[ -6 ,4 .2] [-.6,3.9] [.1,3.0] [1.3,10] 

(wo, .948,IT^O, Ao) 4,000 2,000 -.376 (.050) .948 (.007) .256 (.018) -,604(.050) 
[-.2,3.0] [-.2,2.9] [-.2,2.9] [•4,3.1] 

(cj0,.948,crr,o, Ao) 4,000 4,000 -.367 (.042) .949 (.006) .256 (.016) -.600(.045) 
[-•1,2.9] [-•1,2.9] [-•2,2.8] [.5,3.3] 

(u0,.948,<7,,o, AO) 4,000 6,000 -.360 (.040) .950 (.006) .256 (.015) -.598(.041) 
[-.2,2.9] [-•2,2.9] [ -1 ,2 .8] [.4,3.3] 

(<j0, .952, (7^0, Ao) 1,000 500 -.399 (.116) .947 (.016) .240 (.044) -.606(.114) 
[ -7 ,4 .4] [-•7,4.4] [-.0,3.9] [.5,3.6] 

((Jo, .952,cr^o, Ao) 1,000 1,000 -.392 (.095) .948 (.013) .247 (.034) -.606(.090) 
[-.8,4.0] [-.7, 3.9] [•3, 3.5] [.5,3.8] 

((Jo,.952,<TT)0, A0) 1,000 1,500 - .383 (.085) .949 (.012) .249 (.030) -,604(.078) 
[ -7 ,4 .2] [-.6,4.1] [.2,3.4] [•7,4.4] 

((j0,.952,(7T,o, Ao) 4,000 2,000 -.380 (.051) .949 (.007) .255 (.018) -,604(.052) 
[-.2,3.0] [-.2,3.0] [-.2, 3.0] [.4,2.9] 

((JO,.952,<TT)O,A0) 4,000 4,000 -.373 (.044) .950 (.006) .256 (.015) -.601(.045) 
[-.3,3.1] [-.3,3.1] [—0,2.7] [-4,3.0] 

((Jo, .952,^0, AQ) 4,000 6,000 -.368 (.041) .951 (.006) .257 (.014) -.600(.040) 
[ -3 ,3 .1] [-.3,3.1] [-.2,2.8] [•4,3.2] 

Table 4.3: Each entry displays the mean of one-step EMM estimator with RMSE 
between brackets and skewness and kurtosis between square brackets for the 
ASARMAV(1,0) model with sample parameters 60 = (Lü0,1O, ^ O , ^O) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator (R = 500). 
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Post-sample 
parameters 

%Rejections %Rejections %Rejections Post-sample 
parameters Zi T2 at 5% level 

JSS*(ö£,)test 

at 5% level at 5% level at 5% level 

JSS*(ö£,)test PSP test 

26.6 
P(S$.) test 

(w0,-948,(T7,o,Ao) 1,000 500 25.5 
PSP test 

26.6 
- î-2-L  

23.8 
(w0,.948,(77,o,Ao) 1,000 1,000 19.8 19.6 21.8 
(uj0,.94S,an0,\0) 1,000 1,500 24.4 25.4 26.7 
(o;o,-948,t77,o,Ao) 4,000 2,000 41.6 42.1 45.3 
(uj0,.948,av0,\o) 4,000 4,000 49.8 57.0 63.0 
(a;0,.948,<T7,o,Ao) 4,000 6,000 60.0 67 ,2 70.9 
(wo,-952,a-,,o,Ao) 1,000 500 28.0 26.5 27.8 
(w0,-952,cr„o,Ao) 1,000 1,000 22.5 24.2 26.8 
(uo,.952,ano,\0) 1,000 1,500 25.6 26.5 29.1 
(uj0,.952,aT)0,\0) 4,000 2,000 40.2 42.6 48.4 
(u;0,.952,(T^o,Ao) 4,000 4,000 55.1 55.8 65.3 
(ai0,-952,<Tr)0,Ao) 4,000 6,000 66.7 70.2 73.7 

Table 4.4: Rejection frequencies of JSS*, PSP and P test-statistics for the 
ASARMAV(1,0) model with sample parameters 0O = (LO0, J0, av0, A0) = 
(-.368, .95, .26, -.6) and an EGARCH(1, l)-t score generator (R = 500). 

These were a priori thought to be interesting alternatives. The results are 
summarized in Tables 4.1 to 4.10. 

Some experimentation showed that 0 2̂ with 6Tl plugged in as a consistent esti
mator 0Tl, adjusted rather smoothly to the alternative parameter settings. Only for 
the case Tx = 1000 and T2 = 500 in Table 4.5 and to a lesser extent for the same 
sample and post-sample sizes, in Tables 4.3, 4.7, and 4.9, we find that 0^ reacts 
quite heavily to a contrast in the post-sample parameters. Other estimators such as 
0f2 showed this sort of behaviour under several other scenarios. Therefore in the 
Monte Carlo study we focused on 0^. The Monte Carlo results indicate that for 
all sample sizes, except the above mentioned case, the properties of 0 2̂ are quite 
good. The parameter av is downward biased for 7\ = 1000, but this is the case 
for many estimation techniques of stochastic volatility models, see e.g. Andersen 
et al (1999) and Section 3.4 of this thesis. The updates do adjust in the right di
rection but not at the right pace. For example, for A = - .8 in the post-sample and 
T2 = Tx = 4,000, we find from Table 4.5 that on average Â 2̂ = -.734 instead 
of about - . 7 as we would expect, as this is halfway - .6 and - . 8 . As a further ex
ample, for an = .28 in the post-sample and T2 = 7\ = 4000, we find from Table 
4.7 that on average 5^"2 = .265 instead of about .27 as we would expect, as this is 
halfway .26 and .28. 

For the computationally attractive tests we find the following properties. From 
Table 4.2 we observe that the level of the modified LR-test, P(0» ) is quite close to 
5%,with the exception of Tj = 1000, T2 = 500. The level of the modified Hansen 
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Post-sample 
parameters 

T i T2 S% % 
—11 
a1T2 

în 
AT2 

(uJo,-yo,aVQ,-A) 1,000 500 -.348 (.960) .956 (.203) .176(1.29) -1.08(11.3) 
[20,428] [21,439] [-21,459] [21,461] 

(wo,7o,C7,o,--4) 1,000 1,000 -.394 (.098) .947 (.013) .244 (.035) -.536(.171) 
[-1.0,5.2] [-1,5.3] [.3,3.2] [.2,3.2] 

(wo, 7O,0T,O, --4) 1,000 1,500 -.387 (.089) .948 (.012) .247 (.032) -.520(153) 
[-•8,4.2] [ -7 ,4 .1] [-1,3.1] [.2,3.6] 

(WO,7O,ö-^O,--4) 4,000 2,000 -.376 (.051) .949 (.007) .253 (.019) -.555(.165) 
[-•2,2.8] [-.2,2.8] [-.2,2.8] [.3,2.9] 

(w0,7o,o-r,o,--4) 4,000 4,000 -.374 (.045) .949 (.006) .254 (.017) -.531(.142) 
[-.2,3.0] [-.2,3.0] [-.2,2.8] [-1,2.9] 

(w0,7o,o-»)0,--4) 4,000 6,000 - .373 (.043) .949 (.006) .255 (.015) -,513(.124) 
[-.3,3.0] [-•2,3.0] [-.2,2.8] [3,3.0] 

( W O , 7 O , 0 T , O , - - 8 ) 1,000 500 -.422 (.325) .943 (.041) .247 (.051) -.692(.174) 
[-13,207] [-12, 184] [-3.9,55] [-4.5,66] 

(wo ,70 ,0 -770 , - -8 ) 1,000 1,000 -.391 (.088) .947 (.012) .251 (.032) -,723(.115) 
[-.9,5.3] [-.8,5.1] [.4,3.9] [1.5,8.8] 

(<^o, 7o , c-qo, - - 8 ) 1,000 1,500 -.380 (.071) .949 (.010) .253 (.027) -.737(.093) 
[ -5 ,4 .1] [ -5 ,4 .0] [.0,2.9] [2.1,16] 

(wo ,70 ,0 -7 )0 , - -8 ) 4,000 2,000 -.382 (.048) .948 (.006) .258 (.017) -.717(.095) 
[ -2 ,3 .1] [-.2,3.1] [ -1 ,3 .1] [.5,3.1] 

(w 0 , 70,07,0, - - 8 ) 4,000 4,000 -.376 (.039) .949 (.005) .259 (.014) -.734(.075) 
[ -1 ,2 .9] [-.1,2.9] [.0,3.4] [.4,3.3] 

(^0,70,0-r jo , _ - 8 ) 4,000 6,000 -.374 (.036) .949 (.005) .260 (.013) -.744(.064) 
[-.3,3.0] [-.3,3.0] [.0,3.2] [.3,2.8] 

Table 4.5: Each entry displays the mean of one-step EMM estimator with RMSE 
between brackets and skewness and kurtosis between square brackets for the 
ASARMAV(1,0) model with sample parameters 60 = ( a ^ l o ^ o , A0) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator (R = 500). 

%Rejections %Rejections %Rejections 
Post-sample Î 1 T2 at 5% level at 5% level at 5% level 
parameters JSS*(ö£,)test PSP test P* (fittest 

(wo, 70,^7)0, - - 4 ) 1,000 500 19.4 17.1 18.1 
(wo,70,0-7,0, - - 4 ) 1,000 1,000 12.9 12.7 12.5 
(wo, 7o , 0-7,0, - - 4 ) 1,000 1,500 17.7 16.6 18.1 

(wo,70,0-7,0, - - 4 ) 4,000 2,000 23.0 22.1 24.0 
(wo, 7o,o-,,o, - . 4 ) 4,000 4,000 34.4 37.0 40.2 
( ^ o , 7o , 0 7 , o , - - 4 ) 4,000 6,000 43.7 48.4 52.8 
(wo ,7o ,0" r )O , - -8 ) 1,000 500 26.1 24.5 27.3 
(wo, 7o,07,o , —-8) 1,000 1,000 22.6 20.7 23.9 
(wo, 7o,07,o, —-8) 1,000 1,500 21.5 16.7 23.9 
( w 0 , 7 o , 0 7 , o , - - 8 ) 4,000 2,000 63.1 63.3 70.1 

(u)0,7o,07,o, - - 8 ) 4,000 4,000 68.9 69.2 78.7 
(wo, 7o,07,o, - - 8 ) 4,000 6,000 74.5 74.8 83.4 

Table 4.6: Rejection frequencies of JSS*, PSP and P test-statistics for the 
ASARMAV(1,0) model with sample parameters 60 = (OJ0,JO,^VO,^O) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator (R = 500). 
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Post-sample 
parameters 

Tx T2 zi % aVT2 
ÄT2 

(w0,7o,-24,A0) 1,000 500 -.400 (.121) .946 (.016) .234 (.040) -.608(.155) 
[-2.0, 15] [-1.5,9.6] [2.1,20.9] [-6.7, 105] 

(wo, 7o, -24, A0) 1,000 1,000 -.385 (.089) .948 (.012) .235 (.031) -.602(.090) 
[-•8,4.1] [-.7,3.8] [.3, 3.5] [.5,3.8] 

(u;0,7o,-24, A0) 1,000 1,500 -.377 (.078) .949 (.011) .236 (.028) -.601(.080) 
[-.6,4.0] [-.6,3.8] [1,3.1] [.9,6.4] 

(w0,7o,-24,A0) 4,000 2,000 -.375 (.050) .949 (.007) .247 (.018) -.599(.051) 
[-.2,3.0] [-.2,3.0] [-.2, 3.0] [.5,3.1] 

(wo, 7o,-24, A0) 4,000 4,000 -.370 (.043) .950 (.006) .245 (.015) -.598(.045) 
[-.2, 3.0] [-.2, 3.0] [-•1,2.8] [.5,3.2] 

(wo,7o,-24,A0) 4,000 6,000 -.368 (.040) .950 (.006) .244 (.014) -.598(.041) 
[-.3,3.0] [-.3,3.0] [ -1 ,2 .7] [-4,3.2] 

(wo,7o,-28, A0) 1,000 500 -.368 (.011) .946 (.015) .247 (.049) -.609(.lll) 
[-.9,4.6] [-.9, 4.6] [.1,3.3] [.6,3.9] 

(w0,7o,-28,A0) 1,000 1,000 -.391 (.090) .947 (.012) .255 (.040) -.604(.089) 
[-.8,3.9] [-.7,3.7] [.3,3.5] [.6,4.5] 

(w0,7o,-28,A0) 1,000 1,500 -.384 (.080) .948 (.011) .258 (.036) -.601(.081) 
[-.6,4.0] [-.6,3.8] [-1,3.2] [1.3, 10] 

(w0,7o,-28, A0) 4,000 2,000 - .373 (.049) .949 (.007) .261 (.026) -.601(.050) 
[-•2, 2.9] [-.2,2.9] [-.2,3.0] [-4,3.0] 

(w0,7o,-28, A0) 4,000 4,000 -.372 (.042) .950 (.006) .265 (.021) -.599(.045) 
[-.2, 3.0] [-.2,3.0] [-.2,2.9] [.5,3.2] 

(w0,7o,-28,Ao) 4,000 6,000 -.370 (.040) .950 (.005) .268 (.019) -.599(.040) 
[-.2,3.0] [-.2,3.0] [-•2,2.9] [.5,3.3] 

Table 4.7: Each entry displays the mean of one-step EMM estimator with RMSE 
between brackets and skewness and kurtosis between square brackets for the 
ASARMAV(1,0) model with sample parameters 9Q = {uJo,Jo,crvo, A0) = 
(-.368, .95, .26, -.6) and an EGARCH(1, l)-t score generator (R = 500). 

Post-sample 
%Rejections %Rejections %Rejections 

Post-sample 
Ti T2 at 5% level at 5% level at 5% level 

parameters JSS*(ö£,)test PSP test P(S£,)test 
(w0,7o,-24, A0) 1,000 500 19.4 17.0 16.1 
(wo,7o,-24,A0) 1,000 1,000 9.91 8.41 7.11 
(w0,7o,-24,A0) 1,000 1,500 11.0 7.97 7.33 
(wo, 7o,-24, A0) 4,000 2,000 16.3 15.1 15.3 
(w0,7o,-24, A0) 4,000 4,000 14.0 11.2 10.0 
(wo,7o,-24, A0) 4,000 6,000 14.4 11.4 10.0 
(w0,7o,-28, A0) 1,000 500 16.5 13.9 13.4 
(w0,7o,-28, A0) 1,000 1,000 9.48 8.84 8.84 
(w0,7o,-28, A0) 1,000 1,500 11.9 10.1 11.0 
(wo,7o,.28,A0) 4,000 2,000 8.60 9.30 6.98 
(w0,7o,.28,A0) 4,000 4,000 13.5 10.7 9.77 
(wo,7o,-28,A0) 4,000 6,000 16.3 14.9 14.4 

Table 4.8: Rejection frequencies of JSS*, PSP and P-test-statistics for the 
ASARMAV(1,0) model with sample parameters 90 = (wo,7o, cfy), A0) = 
(-.368, .95, .26, -.6) and an EGARCH(1, l)-t score generator (R = 500). 
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Post-sample 
parameters l i T2 % 

—n 
aVT2 

Î11 
AT2 

(- .348,70,07,0, A0) 1,000 500 -.400 (.202) .945 (.025) .245 (.051) -.616(.135) 
[-11, 179] [-10, 152] [3.9,40] [-2.7,31] 

(-.348,7o, o-̂ o, A0) 1,000 1,000 -.373 (.094) .948 (.013) .247 (.035) -.604(.093) 
[-.9,4.9] [-8,4.5] [•2, 3.5] [.7,5.1] 

( —.348,7o,<7,,o, Ao) 1,000 1,500 -.358 (.084) .948 (.013) .247 (.031) -.599(.085) 
[-7,4.4] [-.8,4.5] [.1,3.0] [1.0,7.0] 

(-.348,7o, 0^0, A0) 4,000 2,000 -.373 (.056) .948 (.007) .257 (.018) -.606(.051) 
[-.3,3.0] [-.3,3.0] [—2,2.9] [•4,3.1] 

(-.348,7o,0,o,Ao) 4,000 4,000 -.358 (.044) .950 (.006) .257 (.016) -,601(.046) 
[-.2,2.9] [-•1,2.9] [-.2,2.8] [.4,3.2] 

(-.348,7o,0,o, A0) 4,000 6,000 -.346 (.039) .951 (.006) .256 (.015) -.598(.042) 
[-2,3.0] [-.2,3.0] [-1,2.8] [.4,3.3] 

(-.388,7o, 07,o, Ao) 1,000 500 -.407 (.114) .946 (.016) .240 (.043) -.606(.116) 
[-8,4.2] [-8,4.1] [•1,3.2] [.6,3.7] 

(-.388,7o,07,o, Ao) 1,000 1,000 -.400 (.097) .947 (.013) .247 (.034) -.605(.091) 
[-.8,4.0] [-7,4.0] [.3,3.6] [.5,4.0] 

(-.388,7o,07,o, Ao) 1,000 1,500 -.391 (.088) .948 (.012) .250 (.030) -,603(.078) 
[-.7,4.3] [-•7,4.2] [.2,3.5] [-6,4.5] 

(-.388,7o,07,o, Ao) 4,000 2,000 -.389 (.052) .948 (.007) .255 (.018) -.604(.053) 

[-•2,3.0] [-.2,3.0] [.2,3.1] [-3,2.9] 
(-.388,7o,07,o, Ao) 4,000 4,000 -.382 (.046) .949 (.006) .257 (.015) -,601(,046) 

[-.3, 3.3] [-.3,3.2] [-.1,2.8] [.4,3.0] 
(-.388,7o,07,o, Ao) 4,000 6,000 -.375 (.045) .951 (.006) .257 (.014) -.599(.042) 

[-.3,3.2] [-.3,3.2] [-.2,2.8] [.4,3.1] 

Table 4.9: Each entry displays the mean of one-step EMM estimator with RMSE 
between brackets and skewness and kurtosis between square brackets for the 
ASARMAV(1,0) model with sample parameters 60 = ( u ^ T o ^ o , A0) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator (R = 500). 
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Post-sample 
2i T2 

%Rejections 
at 5% level 

%Rejections 
at 5% level 

%Rejections 
at 5% level 

parameters JSS*(0^)test PSP test Potest 
(-.348,7o,(Tr,o,Ao) 1,000 500 33.4 33.6 33.2 
(-.348,7o,(T^o, A0) 1,000 1,000 33.0 33.2 36.0 
(-.348,7o, (7^o, A0) 1,000 1,500 38.4 39.4 44.0 
(-.348,7o,(7^o, A0) 4,000 2,000 65.1 67.9 73.0 
(-.348,7o,(7^o, A0) 4,000 4,000 84.0 87.2 89.3 
(-.348,7o,(77)0, A0) 4,000 6,000 90.9 93.0 94.7 
(—.388,70,(7^0, Ao) 1,000 500 34.6 34.2 37.7 
(-.388,7o,(7^o, Ao) 1,000 1,000 32.6 33.3 36.1 
(—.388,7o, (7^o, Ao) 1,000 1,500 35.3 37.7 41.2 
(—.388,7o, <7̂ o, Ao) 4,000 2,000 66.5 67.9 73.7 
(—.388,7o,(7^o, Ao) 4,000 4,000 82.8 84.7 87.4 
(—.388,7o, c-,,0, Ao) 4,000 6,000 91.9 94.0 95.6 

Table 4.10: Rejection frequencies of JSS*, PSP and P test-statistics for the 
ASARMAV(1,0) model with sample parameters 90 = (u0,jQ,av0,X0) = 
(-.368, .95, .26, - .6) and an EGARCH(1, l)-t score generator (R = 500). 

J-test, JSS*(6j.2) is close to 10% and this does not seem to get closer to 5% as 
7\ and T2 get larger. The PSP-test rejection frequencies that are right between 
P(ÔT2) and JSS*(6r2). For the power properties we observe from the Tables 4.4 
to 4.10 that the power properties depend very much on the size of the change in pa
rameters. Both tests have rather good power properties for detecting small changes 
in 7 (Table 4.4). In this case the P(9f2)-test is superior to JSS*(9j.2) in terms of 
power. As displayed in Table 4.6, both tests seem to have rather good power prop
erties for detecting rather large changes in A. Again, for a shift in the A parameter, 
P(ßr2) is dominating JSS*(6^2) in terms of power. From Table 4.8 we find that 
both tests can hardly detect the change in the av parameter. Further Monte Carlo 
study is needed to asses how large the variation in av should be in order to obtain 
better power. It should be noted that in this case JSS*(0j-2) dominates P{0^2) in 
terms of power. In Table 4.10 the results are displayed for a shift in the UJ param
eter. In this case the power properties are again quite encouraging. Here P(öy ) 
dominates JSS*(ßj<2) in terms of power. In all cases the PSP-test has level and 
power properties that are between P(0^2)- and JSS*(9j-2)-tests. 

For detection of violation of the moment conditions we have conducted an
other Monte Carlo experiment. The results of this experiment are displayed in Ta
ble 4.11 and 4.12. The results in Table 4.11 are from an experiment in which we 
estimated an ASARMAV(1,0) model where the DGP is a ASARMAV(1, 0)-t for 
both sample and post-sample with sample parameters 0O = (CJ0, 7o, ̂ o , A0, i/0) = 
(—.368, .95, .26, —.6,10), .and we simulated alternatives that have no variation of 
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the parameters but different moment violation in sample and post-sample. Each 
entry in the table displays observed power of tests for the AS ARMAV( 1,0) model 
where the DGP is a ASARMAV(1,0)-t for both sample and post-sample with sam
ple parameters 60 = (w0,7o,^0, A0,^o) = (-.368, .95, .26,-.6,10). We ob
serve that clearly the J-test rejects the model as it should, the same holds for the 
JSS*(#r2)-test. The PSP-test does not have much power in the case of a mis-
specified model. The P(ßr2) behaves better than the PSP-test but worse than the 
JSS*(0^2)-test. The latter is easily explained by the fact that the P(0?2)-tests are 
designed to detect parameter variation. The results in Table 4.12 are from an ex
periment in which we estimated an ASARMAV(1, 0) where under null the DGP 
is an ASARMAV(1,0) so no variation in parameters and no moment violation in 
both sample and post-sample is present. Under the alternative the DGP was an 
ASARMAV(1,0) for the sample and an ASARMAV(1,0)-t for the post-sample 
with no variation in parameters and moment violation in post-sample only. In this 
case the rejection frequencies of the J-test correspond to its level. The JS'S* ( ö l 
test clearly outperforms the other tests. The PSP-test is also outperformed by the 
P(0*2)-test. 

The conclusions of the experiments are: (i) In this set-up the tests and first-
order linearized estimators seem to have encouraging properties, except for the 
case 7\ = 1000, T2 = 500 where, due to small sample distortions, the first order 
linearized estimator react quite heavily on a contrast in the parameter values, and 
the level of the test is not 5%, but much larger, (ii) In this set-up the PSP-test is in 
terms of performance always between P{6^2) and JSS*(0?2), so one can always 
do better than the PSP-test while still having a readily available computationally 
attractive test statistic. This only holds for detecting parameter variation. For de
tection of violation of the moment conditions we find that the JSS*(9j-2) clearly 
outperforms the other two tests, (iii) Detection of a change in the volatility-of-
volatility parameter crn is more difficult than it is for the other parameters. 

We have not dealt with the issue of how power is affected by the choice of the 
breakpoint. In particular, in the EMM framework it may increase the power of a 
test to use as many as possible post-sample data. This is because ßT2 is used in the 
test and more data points will increase the efficiency of the estimates. Monte Carlo 
studies which address this issue will be needed. 

4.4.2 Application to Exchange Rates 

This application is from van der Sluis (1997b). The application was done before 
the Monte Carlo results of Section 3.4. Therefore we followed the BIC criterion 
here, instead of picking the EGARCH-t score generator. The data set under in
vestigation are daily spot prices in Canadian dollar of the British pound. It is dis-
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Figure 4.1: Daily spot returns in Canadian dollar of the British pound. Sample 
ranges from September 1988 to Black Monday 1992. Post-sample ranges from 
Black Monday 1992 to August 1996. 

played in Figure 4.1. The data are taken from the Pacific Exchange Rate Server4. 
The available daily data ranges from January 1971 to August 1996. The interest
ing breakpoint lies at what is known as Black Wednesday5 when Britain left the 
European Monetary System (EMS) and its Exchange Rate Mechanism (ERM). 
The price-movement series are analysed in compounded return format. The post-
sample range is set to start at Black Wednesday, consequently the post-sample con
sists of 1019 daily observations. We decided to perform the P5P-test with sample 
and post-sample of equal size. Therefore the sample is started at the beginning of 
September 1988. Salient features of this data set can be found in Table 4.13. We 
observe that both skewness and kurtosis are slightly higher in the post-sample than 
they are in the sample. 

It is reported that exchange rates at a daily rate often do not show autocorre
lation in the mean. There is some correlation between lags present in the sample 
and post-sample, we filtered this out. 

The class of auxiliary models that we employ in this application is the SNP 
class of models with an EGARCH leading term. We specified a model using BIC, 
AIC and HQC. We tried the EGARCH(1,1)-H(/G,0), EGARCH( 1,2)-H(ifz,0), 

4This is a real goldmine of exchange rates. Many historical exchange rate series are freely avail
able from h t t p : / / p a c i f i c . c o m m e r c e . u b c . c a / . 

5 September 16th 1992 

http://pacific.commerce.ubc.ca/
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sample post-sample 
Mean -.005 .003 
Std.Dv. .695 .664 
Skewness .269 .316 
Excess Kurtosis 1.81 2.49 
Minimum -2.61 -2.83 
Maximum 3.12 3.04 
Normality x2 85.7 137 

Table 4.13: Salient features of daily spot prices in Canadian dollar of the British 
pound. Sample ranges from September 1988 to Black Monday 1992. Post-sample 
ranges from Black Monday 1992 to August 1996. 

parameters t-values 

S -.088 -8.72 
ai -.550 -2.50 
a2 .157 .635 
a3 .827 2.95 
Pi .883 77.6 
Kj .042 1.90 
« 2 .158 4.29 

«10 -.015 -.949 
«20 .006 -.414 
«30 .018 1.09 
«40 .089 5.64 

Table 4.14: Sample estimates for the parameters of the EGARCH(1, 3)-H(4,0) 
model. 
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parameters t-values 

£ -.010 -6.82 
a i -.568 -7.70 
a2 .409 5.35 
a3 -.272 3.45 
Pi 1.00 1012 
« i -.050 -2.98 
« 2 .102 6.85 
aio -.016 -.977 
«20 .101 6.30 
Û30 .007 .457 
a40 .126 8.15 

Table 4.15: Post-sample estimates for the parameters of the EGARCH(1,3)-
H(4,0) model. 

SARMAV(1,0) 
J-test 

X 13.4 
df 8 

Pr(X > x2) .100 

t -.846 
ai .397 
a2 -.754 
a3 -2.28 
Pi -.271 
K-l -1.79 
« 2 .030 

«10 .951 
«20 -1.71 
O30 -1.17 
a40 -1.84 

Table 4.16: Individual i-values of the elements of the J-test. 
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SARMAV(1,0) 
PSP-test 

X 48.0 
df 11 

Pr(X > x2) .000 

£ 2.54 
a i 1.90 
a2 1.72 
a3 1.72 

P\ -2.86 
Ki 3.40 
K-2 3.08 

aw 1.02 
Û20 1.85 
»30 -.568 
Ü40 -1.53 

Table 4.17: Individual t-values of the elements of the PSP-test. 

EGARCH(1,3)-H(tfz,0) and EGARCH(l,l)-K(Kz,l) auxiliary models, respec
tively. Other models where estimated such as the EGARCH(2,1)-H(/C,0) and the 
EGARCH(1,4)-H(A"Z,0) but they showed no increase in log likelihood that justifies 
their use by any standards. For the EGARCH(2,1)-H(i£r2,0) it was also observed 
that it is hard to discern between the two AR parameters p\ and p2. For the sample 
we find the EGARCH(1,3)-H(4,0) model to be a winner, according to BIC. The 
sample and post-sample estimates for the EGARCH(1,3)-H(4,0) model can be 
found in Tables 4.14 and 4.15. 

We focused on the SARMAV(1,0) model. Using the EGARCH(1,3)-H(4,0) 
model we obtain the following estimates for the structural SARMAV(1,0) model: 

Ut = o-tet 

In of = -.103 -I- .894 lna2 ,+ .270 r}t 
l-i om C34.91 (17.41 ( -4 .20) (34.9) (17.4) 

(4.45) 

(4.46) 

Table 4.16 provides the Hansen J-test for overidentifying restrictions and its indi
vidual t-values. The J-test has a value of 13.4 with 8 degrees of freedom, we have 
a P-value of .100 which permits acceptance of this model at a .05 level. Quasi t-
ratios for the elements of the score indicate that the elements that belong to a^,KI , 
a2o and ai0 are somewhat big. This indicates for the a3 and /ci that improvement 
of the structural model can be made by including more lagged terms in the specifi-
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cation and by introducing some asymmetry in the model. The parameters a2o and 
040 indicate that there is something more to be found in the data. Further reasearch 
on the SNP density is needed to address this issue. For the PSP-test, results 
are provided in Table 4.17. The PSP-test for the SARMAV(1,0) (7\ = 1019, 
T2 = 1019) has a value of 48.0 which means that on basis of this PST-test we 
reject the null hypothesis of structural stability at any reasonable level. Inspection 
of the f-values of the individual components of the PSP-test reveals that the el
ements of the leading term are causing the rejection, not the elements of the SNP 
density. We may conclude that the asymmetry which became more prominent in 
the post-sample than it was in the sample is one of the causes of the rejection. 

4.4.3 Application to Daily Returns of S&P500 1981-1993 

The data under investigation are raw daily end-of-day quotes of the S&P500 index. 
The breakpoint is set at two weeks after Black Monday at October 19th 1987. This 
is done because inspection of the data reveals that in the aftermath of Black Mon
day the market was still very volatile. Taking Black Monday as a breakpoint for 
structural stability tests may be interesting for various reasons. The awareness that 
a crash of this size can occur may change the animal spirits of the investors. Less 
hypothetically: the Black Monday crash induced a change in the institutions of 
the trading mechanisms and a revision of many computer programs for automatic 
trading. Using the implied volatility from S&P500 options Rubinstein (1994) finds 
"market crash-o-phobia" after October 19th 1987. 

Data were available up to December 1993. Our post-sample thus consists of 
T2 = 1,322 data points with starting date the beginning of November 1987, and 
end date, the end of December 1993. The sample was chosen to be of the same size 
as the post-sample, 7\ = T2, ranging from early September 1981 to two weeks 
after Black Monday 1987. Both data sets were first differenced in lOOxlog(data) 
format. The series are plotted in Figure 4.2. Some preliminary data analysis is 
provided in Table 4.18. The skewness and kurtosis are both much higher for the 
sample than they are for the post-sample. This is very much due to Black Monday 
and its aftermath. The mean was subtracted from raw returns. The mean can be 
interpreted as the daily rate of return on the S&P500. Small autocorrelations that 
were present in the raw returns were filtered out. 

The first structural model that was considered is the ASARMAV(1,0) model. 
With TV = 2 x 50,000 EMM estimation using an EGARCH(l,l)-£ score genera
tor yields the results displayed in Table 4.19. We consider the Hansen J-test for 
overidentifying restrictions, the PSP-test, JSS*(9^) and P(9$). As motivated by 
the Monte Carlo study we only consider 0% in this application. The Hansen J-test 
rejects the model. Inspection of the individual ^-values of the J-test shows that the 
moment condition corresponding to the Student-* distribution in the EGARCH-* 
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sample post-sample 
7\ = 1,322 T2 = 1,322 

Mean .068 .042 
Std.Dv. 1.19 .934 
Skewness -5.36 -.652 
Kurtosis 111 8.50 
Minimum -22.9 -7.01 
Maximum 8.71 3.66 
Normality \2 1894 453 

Table 4.18: Some descriptive statistics of the raw sample and post-sample daily 
returns of the S&P 500 index, September 1981- December 1993. 

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 

ytoiV[^4^ 
B 

•̂ »»»v 

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 

Figure 4.2: Raw sample and post-sample daily returns of the S&P500 index. Sam
ple ranges from September 1981 to November 1987. Post-sample ranges from 
November 1987 to December 1993. 
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ASARMAV(1,0) ASARMAV(1 0)-* 

Q - .002 - .001 
(-.007) (-.002) 

7 .992 .991 
(5.97) (4.91) 

5vi .075 .091 
7 (2.48) (2.75) 

Â - .175 - .289 
(53.3) (77.1) 

1/V — .125 
(5.79) 

J 8.67 [.013] .047 [.838] 

JSS*{6^2) 27.3 [.001] 4.73 [.693] 

* ( % ) 6.13 [.190] 4.23 [.517] 

PSP 18.9 [.004] 5.17 [.522] 

Table 4.19: Sample parameter estimates and test statistics for ASARMAV(1,0) and 
ASARMAV(1,0H model using an EGARCH(l,l)-i score generator. Below the 
parameter estimates are i-values between brackets. P-values of the test statistics 
are given in square brackets. 

score-generator, is the source of rejection. The PSP-test and the JSS*(9^) both 
reject the stability hypothesis, whilst the P(ö^)-test accepts the stability hypoth
esis. This inconsistency can be explained as follows: like the J-test, the PSP-
and JSS*(§T)-tests detect violation of moment conditions, whilst the P{9j) de
tects parameter variation. Since the moment condition from the Student-i distri
bution in the EGARCH-t score-generator is violated in both the sample and post-
sample, the PSP- and J S S* (6^)-test reject. The Wald-type tests have no power 
in this direction of violation of moment conditions, so they fail to detect this source 
of mis-specification. The source of mis-specification is that the ASARMAV(1, 0) 
cannot capture all the fat-tailedness that is present in the data as reflected in the 
^-distribution of the EGARCH-t score-generator. Therefore we next considered 
the ASARMAV(1,0)-t model. With the same settings as above, EMM estima
tion yields the results displayed in Table 4.19. For this model the Hansen J-test 
for overidentifying restrictions accepts. An LP-test for nested hypotheses to test 
model ASARMAV(1, 0)-t against the ASARMAV(1, 0) model is derived from the 
difference in values of the J-test; see (3.26). As noted in Section 3.1.2 the alterna
tive l/v = 0 is on the boundary of the admissible parameter space, and the distri
bution of the test statistic will be more concentrated towards the origin than a \\ 
distribution. In this case however, the evidence is overwhelmingly in favour of the 
ASARMAV(1,0)-< model. For this model the PSP-test, JSS*(Ô$) and P ( ^ ) all 
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accept the stability hypothesis, so the volatility regime seems to be rather stable 
for the period September 1981-December 1993. 

4.5 Conclusion 

This chapter describes testing for structural stability with known breakpoint of 
some stochastic volatility models with the EMM technique of Gallant and Tauchen 
(1996b). Mechanical generalization of the GMM tests for structural stability to 
EMM yields structural stability tests that require computationally intensive EMM 
estimates of the structural parameters for the sample, post-sample and the combi
nation. However, in a real-life situation where option traders are every minute or 
even second confronted with the arrival of new data a quick assessment of the ques
tion whether to update or not to update the parameters in option pricing models is 
desirable. 

The PSP-test, which by definition does not require computationally intensive 
estimators for the post-sample data, was derived and applied to stochastic volatility 
models. Other tests for structural stability are by nature computationally unattrac
tive. Building on work of Ahn (1995) on GMM testing, we propose modifications 
to keep the same optimality procedures whilst avoiding computationally intensive 
estimators for the post-sample data. Root-T consistent first order approximations 
of the EMM estimators were derived and used in the test statistics. 

A small Monte Carlo study in the context of stochastic volatility models reveals 
that in this set-up 

(i) The computationally attractive tests and first order linearized es
timators seem to have encouraging properties, except for very small 
sample and post-samples where the first order linearized estimators re
act quite heavily on a contrast in the parameter values, and the level of 
the test is not 5%, but much larger. 

(ii) The PSP-test is in terms of performance always between P{ßr2) 
and JSS*(ßr2), so there are better tests than the PSP-test which do 
not require estimates of the structural model for the post-sample and 
combination of sample and post-sample and are thus computation
ally attractive test statistics. This only holds for detecting parame
ter variation. For detection of violation of the moment conditions 
we find that the JSS*(0g2)-test outperforms the P ( ^ 2 ) - and P S P -
test. The following specification strategy may therefore be used: first 
test whether the sample is mis-specified using the J-test, then test 
moment-violation in the post-sample using the JSS*(dj-2)-test and a 
parameter variation using the P(#^2)-test. 
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(iii) Detecting of a change in the volatility-of-volatility parameter is 
more difficult than it is for the other parameters. 

Further Monte Carlo studies are needed to pass judgement on the small sample 
properties of the tests. In particular, in the EMM framework it may increase the 
power of a test to use as many as possible post-sample data. This is because ßTi is 
used in the test and more data points will increase the efficiency of the estimates. 

A decomposition of the non-centrality parameters for this particular model may 
be interesting: structural stability tests may have low power for other directions of 
mis-specification, such as UJ and 7 on the line w/(l - 7), where the unconditional 
variance is equal for the sample and post-sample but the u and 7 are different in 
the sample and post-sample. The same could be done for the av parameter as mo
tivated by the Monte Carlo study. 

For the daily exchange-rate movements of the British Pound versus the Cana
dian Dollar 1988-1996 where the breakpoint was set to Black Wednesday, when 
Britain left the ERM, we find that the stability hypothesis is rejected. Possibly due 
to mis-specification of the SVARMA(1,0) model. From the application to stochas
tic volatility models for daily returns of the S&P 500 index over the period Septem
ber 1981-December 1993, we learn that according to several criteria the asymmet
ric stochastic volatility model with terrors seems to give an adequate description 
for the data over this period. Moreover, the model for the sample is retained for the 
post-sample. There seems to be no parameter variation and violation of the EMM 
moment conditions before and after Black Monday 1987. 



4. A. APPENDIX: PROOF OF THEOREM 4.1 

4.A Appendix: Proof of Theorem 4.1 

This appendix contains a proof of Theorem 4.1 
Consider the efficient combined estimator 
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9C
T = ^gmm[Y/Tlm'(0,ßl)Ir

1m(9,ßl)} (4.A.1) 

we linearize this problem around the EMM estimators 9Tl and 9Tl and consider 

Oir = aigmm{Y/Ti{m,(9Ti,ßl) + M(6Tl,ßl)(ö-oTi)}'l-1- (4.A.2) 
1 = 1 

Note that we are back to the well-known case of pooling GLS estimators and there
fore 

ßrp = 
M(9Jl,ß1) 

[M(9T2,ß2) 

M{9Tl,ßi, 

nil o 
0 T2I2 

-\ - 1 

[M{9Tl,ß2) 

I i 0 
i - l r 

M(6T2J2) J [ 0 I2 \ -T2m(6T2,ß2) + T2M(6T2,ß2)0T2 

(4.A.3) 

and thus 

2i ÔT = E W ^ ) ] " 1 ET4H(ör,)ör, - M'^ß^I^m^ßi)] (4.A4) 
t = i t = i 

By Standard arguments on Taylor series expansions we have 6\ is asymptotically 
equivalent with Ox- The remainder of the proof follows the previous except a Tay
lor series expansion is taken around 9Tl, around 9Tl and 9T2, and around 9T2 • 




