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Abstract

The paper considers the problem of volatility co-movement, namely as to whether
two financial returns have perfectly correlated common volatility process, in the
framework of multivariate stochastic volatility models and proposes a test which
checks the volatility co-movement. The proposed test is a stochastic volatility ver-
sion of the co-movement test proposed by Engle and Susmel (1993), who investi-
gated whether international equity markets have volatility co-movement using the
framework of the ARCH model.

In empirical analysis we found that volatility co-movement exists among closely-
linked stock markets and that volatility co-movement of the exchange rate markets
tends to be found when the overall volatility level is low, which is contrasting to the
often-cited finding in the financial contagion literature that financial returns have

co-movement in the level during the financial crisis.

Keywords: Lagrange multiplier test; Volatility co-movement, Stock markets, Exchange
rate Markets; Financial crisis

JEL Classification: C12, C58, G01, G11



1 Introduction

This paper considers the problem as to whether financial returns have volatility co-movement
using the framework of multivariate stochastic volatility models that were suggested by Harvey
et al. (1994). We propose a stochastic volatility version of the ARCH test proposed by Engle
and Kozicki (1993) and Engle and Susmel (1993), who investigated volatility co-movement,
namely whether international equity markets have a common volatility process, using the multi-
variate ARCH model framework, and found groups of countries that had a similar time-varying
volatility. Fleming et al. (1998) used the multivariate stochastic volatility model to estimate
volatility linkages across stock, bond, and money markets, and found strong correlation between
markets. Fleming et al. (1998) also tested perfectly correlated volatility processes, extending
the model of Tauchen and Pitts. (1983). Their definition of volatility linkage is stronger than
the mere presence of a common factor in volatility processes in that they have no idiosyncratic
volatility factor. They also conducted a Wald-type test, using the GMM framework, and re-
jected the null hypothesis of perfectly correlated volatility and concluded that cross-market
hedging is imperfect.

However, the use of the Wald and likelihood ratio tests in the classical hypothesis testing
framework, which use the estimator of the volatility correlation parameter, is inappropriate for
the null hypothesis of perfectly correlated volatility, as the asymptotic distribution of the Wald
test statistics is different from the conventional chi-squared distribution, as shown, for example,
in Chernoff (1954), since, as the correlation estimator cannot be greater than or equal to one
in absolute value, the distribution of the estimator of the constrained parameter is asymmetric,
and hence non-normal, when the true correlation coefficient is unity under the null hypothesis.

The paper proposes a new Lagrange multiplier (LM) test for volatility co-movement, namely
the hypothesis that the volatility processes of bivariate series have a perfectly correlated com-
mon volatility factor. We use the framework of multivariate stochastic volatility model proposed
by Harvey et al. (1994), where the log volatility follows vector autoregressive (VAR) process
of order one with diagonal autoregressive coefficient matrix.

The Lagrange multiplier test principle is the only alternative for this problem in deriving
the test statistics because it estimates only the null model and does not estimate the parameter

on the boundary of the parameter space. Then the test statistic can follow the conventional



chi-squared asymptotic distribution under the null hypothesis.

To the best of our knowledge, the Lagrange multiplier test statistic for the perfectly corre-

lated volatility processes has not been proposed in the literature, except Chiba and Kobayashi

(2013), who employed the unconventional assumption that the log of squared returns is nor-
mally distributed in deriving the test statistic. It is not without reason why the LM test has
not been proposed; the conventional method to obtain a score function is unworkable in this
problem, because the derivative of the transition density is intractable under the null hypoth-
esis, as the transition disturbance has zero variance. We here derive the score function using
the ingenious method devised by Chesher (1984), which is the main technical breakthrough in
tackling this problem.

Our test can be regarded as a test for the number of stochastic volatility factors, in line with
the definition of Harvey et al. (1994) and Cipollini and Kapetanios (2008), when the number
of factors is one under the null hypothesis. Cipollini and Kapetanios (2008) used a linearized
model for the log of squared returns, and used the principal component methodology of Stock
and Watson (2002) in deciding the number of factors. Their method has the advantage in that
it is applicable when the number of variables is large, though it is not a statistical test. The
new test developed in the paper is the only existent statistical test for the hypothesis.

We employed the quadrature in evaluating the likelihood function proposed by Watanabe
(1999) and Kitagawa (1987) and the method proposed by Hamilton (1989) in evaluating the
score function.

The remainder of the paper is organized as follows. Section 2 presents the model, Section
3 develops the LM test statistic, Section 4 presents Monte Carlo experiments, and Section 5
illustrates two empirical analyses, and concluding remarks are given in Section 6. Appendices

illustrate the pre-orthogonalization of data and the derivation of the score functions.

2 Model

We here consider the unconstrained bivariate stochastic volatility model. Under the alternative

hypothesis, the observation vector y; = (y1s, y2:)' is expressed as follows:



(Model under the Alternative Hypothesis):
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where the log volatility (hy¢, hoy)" follows a stationary bivariate autoregressive process of order
one, and disturbance term is normally distributed contemporaneously and serially independent
with zero mean unit variance.

The null hypothesis to be tested is
(Null Hypothesis): A=0,9 =p,w=o0. (4)

Under the nullhypothesis the joint distribution of the state variable (hy, ho) is degenerate,
since the disturbance term of the transition equation (2) is (ouy, wuy + \/Xu%)’ : then the

measurement equations have a single common volatility, which is expressed as

Yit €1¢

(Null Model): = exp(hit/2) , (5)
Yot €2t

hiy = phig1+oewy, hoy=hy, t=1,---,T. (6)

The multivariate stochastic volatility model was originally suggested by Harvey et al. (1994)
and was examined in detail in Danielsson (1998) and Asai et al. (2006). The null model of our
paper is the stochastic volatility factor model discussed in Harvey et al. (1994) and Cipollini
and Kapetanios (2008) in the simple case when the number of factors is one.

A remark may be in order here on the assumption that the disturbance term of the mea-
surement equation (1), namely (e, ey)’, is contemporaneously uncorrelated. We can justify
the use of this simple assumption by showing in Appendices that the data can be transformed

so as to satisfy the assumption of the model under the null hypothesis.
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3 LM test statistic

3.1 Notation

We propose the LM test for the null hypothesis (4) for the observation series y;; and yo;. Define
the unconstrained parameter vector as ¢, = (¢, ¥, w, p, o), and the constrained parameter vector
as 0y = (0,9, w, ¥, w) .

First, we obtain the maximum likelihood estimator of the constrained parameter, 6y, of

!/

the state space system (1) and (2). Denote y; = (y11, %12, -, %171) s Yo = (Y21, Y22, - - -, Yor)
hy = (h11, hao, - - ,th)/, and hy = (hay, hoo, . . ., hgT)/. The likelihood is expressed as

F(31y2) = / / F(h1, ha, vy o) dhydhy = / / F(y1, [0, ha) f(hofhy) £ () dhy,

where the explicit form of f(y,|h1), f(y5|y;, hi, ha), f(ha|hy), and f(h;) are given in Appen-
dices. We perform this integration numerically by the quadrature suggested by Kitagawa
(1987) and Watanabe (1999) in evaluating the likelihood function.

Second, we derive the score function under the alternative hypothesis and evaluate it under

the null hypothesis. Denote

/

Yr = (yn,yu, < YT, Y21, Y22, - ,sz) = (Y17Y2)

and the score function as

dlog f(y,) <8logf(yt) dlog f(y,) 0Olog f(y,) 0Olog f(y;) 810gf(yt))
0, \' ox ' oW ' ow ' 0p = 00 )

Noting that log f(y,|y;—1) = log f(y;) — log f(y,_,), conditional score function is expressed as

_ Olog f(yly,—n) _ Olog f(y:) — 9log f(y, 1)
o, o0, o0,

Q:

Then the estimated Fisher information matrix is
T
. . . 1 /
(Fisher Information Matrix): Z(0) = T Z Q.Q,,
=1

and the score vector is

1 0log f(yr)

T
1
(Score Vector): U(0) = T tz:; Q= T o,



3.2 Test statistic

The LM test statistic is defined by
(LM Test Statistic): LM =T x U (0y)Z(0o)*U(6y), (8)

where éo is the maximum likelihood estimator of 6y under the null hypothesis. Then, under the
regularity condition that the parameters to be estimated lie in the interior of the parameter
space and the estimated information matrix converges to a nonsingular matrix, and hence the

estimators are normally distributed asymptotically, we have
(Asymptotic Distribution): LM N X*(3),

when T is sufficiently large, as shown by Davidson and MacKinnon (1993, p. 91), with three
degrees of freedom of the asymptotic y2-distribution corresponding to the three restrictions of
the null hypothesis (4).

The score function (7) cannot be evaluated by the conventional method; the derivative

0f(yi 0f(hy/h
fa()}\,) :/f(Y17YQ|h17h2)%f(hl)dhldh2 (9)

diverges as A — 0, because f(hy|h;) is a normal density with variance A and hence its derivative,

as well as the score function, with respect A under the null hypothesis cannot be evaluated
directly. We have circumvented this difficulty using the ingenious method proposed in Chesher
(1984). The algebraic details for the derivation of (10) are found Appendices.

We here give only the final formula of the score functions as follows:

(Score Functions)

m%{(”mo - étTEhﬂy( — 2% VyYsexp(—h)Lixr + Lrer Vi
+ VyYyexp(—hy) eXp(—hll)YQ — 2V¢Y2Hf1> ,
al%i(},)mo = %thV:/QquEhly[hl] — %tr [YQV;/QZU,Ehﬂy[hl exp(—hll)]] " (10)
PO L1y By ]+ (20 ¥2) By exp(—h) o ],
-1
—alogg(“/) b1, = ——alogi(Y) o~ 7 _%2 - %thr (%Ehﬂy (hlh’l)> ,
s VLI L (5 ()



where o denotes the operator of the element-by-element multiplication (the Hadamard product),

exp(—hy) = (exp(—hi1), ..., exp(—hi7)), (11)
Yy = diag(y; o y,), (12)
H, = diag(exp(h11), ..., exp(hir)), (13)

and Vy, is the covariance matrix of hy, whose square root le/ 2 is defined by the Cholesky
decomposition.

The algebraic details of the derivation of (10) are found in Appendices.

4 Monte Carlo experiments

In order to confirm that the proposed statistic is asymptotically distributed as x?(3) under
the null, and whether it has power to reject a false hypothesis, we conduct two Monte Carlo
experiments. The number of iterations is 1000 for the experiment under the null model and
100 for the experiment under the alternative hypothesis. The number of iterations of the
latter is not large, but this limitation is unavoidable because the convergence of the maximum
likelihood estimation is slow and hence the calculation of the test statistics require considerable
computational time when the data is generated from the alternative hypothesis.

It took two minutes on the average to calculate one iteration for the data for Tables 1 and
2 when the sample size is 500 with the parallel computing tool of MATLAB (8 threads) using
a PC with Intel’s Core 17 -3770K . The codes are available from the authors on request.

4.1 Size of Test and Null Distribution

First, we generate artificial samples drawn from the null hypothesis, calculate the test statistic,
and obtain the empirical distribution of the test statistic under the null hypothesis. Second,
we estimate the empirical power by the ratio of the test statistic that exceeds the theoretical
critical value. We also obtain the empirical distribution of the test statistic under the null and
alternative hypotheses by using kernel estimation and histogram to show that it follows the
x%(3) distribution with sufficient precision.

The rejection rates for some critical values and sample sizes are shown in Table 1, when

the data is generated under the null hypothesis, where 6y = (A = 0,9, w, p = ¥, 0 = w). Table
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1 shows that, as the sample size T increases, the rejection rate approaches to the theoretical
significance level. The empirical size of the test is sufficiently close to the theoretical value when
the sample size is 500, which suggests that we should use data with at least 500 observations in
practice. The empirical null distribution of the test statistic when 7" = 500 is shown in Figures

1-3.

Table 1: Rejection Rates of the Null under the Null Hypothesis

Parameter Values in H Rejection rates
T=100 T=200 T=500
5% 1% 5% 1% 5% 1%
0.7 1 0.7 1 102% 43% 83% 2.7% 71% 1.3%
0.9 1 0.9 1 21.0% 9.5% 13.1% 48% 6.3% 1.7%

0 095 045 0.95 0.45 225% 102% 14.7% 5.6% 7.4% 1.6%
Note: The number of iterations is 1000.

A Y w p o

o O

Figure 1: Histogram of LM Test Statistic at ¢=0.7
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Figure 2: Histogram of LM Test Statistic at ¥=0.9
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Figure 3: Histogram of LM Test Statistic at 1»=0.95
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4.2 Power of test

We generate artificial data under the alternative hypothesis, and calculate the rejection rate to

show that the proposed statistic has sufficient power. The Monte Carlo results are shown in
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Table 2, where the parameter value deviates from that of the null hypothesis. For example, the
value of \ is set at 0.32 and 0.45 in the first and second rows under the alternative hypothesis,

whereas it should be A = 0 under the null hypothesis.

Table 2: Rejection Rates of the Null under the Alternative Hypothesis

Parameter Values in H; Rejection Rates
T'=500

5% 1%
0.32 0.7 0.7 0.32 0.32 28% 13%
0.45 0.7 0.7 032 0.32 72% 43%
0 05 07 032 032 14% ™%
0 09 07 032 032 8% 2%
0 07 07 025 032 24% ™%

0 07 07 019 032 51% 28%
Note: Null hypothesis is A = 0,19 = p,w = . The number of iterations is 100.

A voop w o

11



5 Empirical analysis

Using the proposed statistical test, we first examine the volatility co-movement between stock
markets to find a group of countries with common volatility factor and show that our method
can be applied to more than two markets. We next investigate the effect of overall volatility
level on the co-movement of exchange rates by comparing the financial crisis period and low
volatility period.

The value of the test statistic depends upon the the order of the variables in the pair and
hence the empirical result is sometime inconsistent when the order is changed, because the
pre-orthogonalization of data illustrated in Appendices is asymmetric with respect to the order
of the variables. The null distribution of the test statistic is unaffected with respect to the
order of variable when the the volatility co-movement exits under the null hypothesis by its
construction; then, the the probability of type I error is correct after the pre-orthogonalization.
Under the alternative hypothesis, however, the pre-orthogonalization can contaminate the joint
distribution of the volatilities, and hence undermine the power of the test statistic.

We believe that we can solve this asymmetry problem in future by estimating the correlation
parameter of the measurement equation in (1) simultaneously, by means of improvement in the

accuracy and speed of the computation .

5.1 Stock markets

First, we checks whether there exists a group of stock markets that shows volatility co-movement
consistently in different times. The data is the adjusted-close prices downloaded from Yahoo
finance for the stock market indexes listed below:

We divided daily data from January, 2011 to December, 2014 into two periods to check the
volatility co-movement in different periods. We excluded observations whenever at least one
market is closed. The test is performed for the 28 pairs, and we have 56 values in Tables 4 and
5, since the value of the test statistic depends upon the order of the variables asymmetrically,
on account of the data pre-orthogonalization process in Appendices.

We see that U.K., Singapore, and Australia can share the same volatility factor consistently
even in different periods, where the null hypothesis is accepted, even if calculated in the different

order, for every possible pairs in the group. China and Japan have volatility factor independent
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Table 3: Stock Market Indexes

Stock Market Symbol Country/Region
Dow Jones Industrial Average DOW U.S.
FTSE Index FTSE U.K.
DAX Index DAX Germany
Shanghai Composite Index SSCI China
Nikkei 225 Stock Average Index NIKKEI Japan
Hang Seng Index HSI Hong Kong
Straits Times Index STI Singapore
All Ordinaries Index AORD Australia

Table 4: Test Statistic for Volatility Co-movement of Stock Markets for 2011-2012

Y2

U1 U.S. U.K. Germany China Japan Hong Kong Singapore Australia
U.S. 9.1* 9.19* 21.48%*%  24.22%% 5.00 10.44%* 4.07
U.K. 5.14 1.39 20.33**  25.33%* 3.66 3.74 1.07
Germany 5.96 8.7* 17.84*%*  30.19** 2.52 6.22 6.82
China 21.07**  7.63 15.72%* 18.07** 4.7 7.92% 8.46%*
Japan 22.15%*%  8.88*  29.5%F  15.23%* 2.34 10.23* 5.22
Hong Kong 4.9 2.73 5.88 4.14  40.52** 2.87 4.69
Singapore 7.69 2.99 7.03 3.17  34.31%* 18.12%* 1.98
Australia 2.46 5.56  12.88%* 5.19  69.35%* 15.88%* 2.68

Note: * denotes significance at five percent, ** denotes significance at one percent.

mutually and of the other countries or regions in 2011 and 2012, where the null hypothesis is
rejected with, at least, one of the two test statistic values. In 2013 and 2014, the number of

groups that possibly share the same volatility factor is increased to three, namely

13



Table 5: Test Statistic for Volatility Co-movement of Stock Markets for 2013-2014

Y2
i U.S. U.K. Germany China Japan Hong Kong Singapore Australia
U.S. 0.39 8.05% 11.83**  15.43** 9.24* 4.97 5.21
U.K. 15.79%* 9.9%* 2.28 4.76 4.17 1.92 2.68
Germany 4.34 7.52 10.64%  21.47%* 3.31 7.83* 10.22%
China 11.53%*  2.14 10.72% 3.39 12.84%* 3.79 6.11
Japan 15.05%* 568  25.2%* 2.58 9.92%* 9.78%* 9.88%
Hong Kong  7.88%  1.54 7.13 747  12.39%* 19.45%* 2.58
Singapore  11.42** 191  23.23** 7.08 7.13 8.32% 1.63
Australia 6.11 0.8 8.03* 2.31 5.71 3.99 4.13

Note: * denotes significance at five percent, ** denotes significance at one percent.

Group 1 : U.K., China, Japan
Group 2 : U.K., Hong Kong, Australia

Group 3 : U.K., Singapore, Australia
Then U.K., Singapore and Australia share the same volatility factor consistently in the two

period, probably because of their close economic ties.
We cannot suggest, at this stage, why the number of groups with possibly the same volatility
factors increased. It is suspected that a determinant is the overall level of volatility and we will

consider this hypothesis in the next subsection using the exchange rate data.

5.2 Exchange rate markets

We here investigate the volatility processes of the foreign exchange rates in the global financial
crisis and the low volatility period.

First, we define two time periods representing the financial crisis and the low volatility period
using the Chicago Board Options Exchange (CBOE) Volatility Index (VIX) as an indicator of
high volatility. Figures 4 and 5 show that volatility deviated drastically from the historical

14



trend in the financial crisis. We choose Period 1: Oct/1/2008 - Oct/31/2008 as the global
financial crisis, and Period 2: Oct/1/2012 - Oct/31/2012 as low volatility period.

Figure 4: VIX during the Global Financial Crisis (2008-2009)
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Figure 5: VIX during the Low Volatility Period (2012-2013)
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Second, we analyze 6 major currency pairs, namely Euro (EUR), the United States Dollar

(USD), Japanese Yen (JPY), British Pound (GBP), Australian Dollar (AUD), Swiss Franc

(CHF), Canadian Dollar (CAD), using roughly 500 hourly observations for a month, and the

results of the proposed test of volatility co-movement are shown in Tables 6 and 7.

Table 6: Test Statistic for Volatility Co-movement of Exchange Rates in High Volatility Period

Y2

U1 EUR/USD USD/JPY GBP/USD AUD/USD USD/CHF USD/CAD
EUR/USD 23.73%* 12.06** 34.09** 10.43* 17.89%*
USD/JPY 35.45%%* 17.28%* 15.62%* 28.23%* 54.5%*
GBP/USD 14.49** 14.34%* 53.78%* 18.74%* 22.03%*
AUD/USD  37.32** 33.16%* 30.01°%* 25.47%%* 28.3%%
USD/CHF 24.47%% 33.96** 43.9%* 39.49%* 23.63%*
USD/CAD  18.31%** 37.44%* 15.14%** 19.02%* 14.64%**

Note: * denotes significance at five percent, ** denotes significance at one percent. The ex-

change rate was downloaded from FXDD’s historical database.

Table 7: Test Statistic for Volatility Co-movement of Exchange Rates in Low Volatility Period

Y2
U1 EUR/USD USD/JPY GBP/USD AUD/USD USD/CHF USD/CAD
EUR/USD 11.27* 5.17 7.56 6.61 25.69**
USD/JPY 15.88%* 28.67** 12.97%* 16.73%* 14.86%*
GBP/USD 2.15 23.74%* 20.35%* 5.39 8.38%*
AUD/USD  28.07** 18.32%* 26.51** 14.97** 22.86**
USD/CHF 3.22 9.53* 4.64 6.9 17.66**
USD/CAD 5.5 6.47 4.83 5.82 4.41
Note: * denote significance at five percent, ** denotes significance at one percent. The exchange

rates data was downloaded from FXDD’s historical database.
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During the financial crisis, when volatility is large, the null hypothesis of volatility co-
movement was rejected in every case in Table 6. On the other hand, several currency pairs are
suggested to share the same volatility factor during the low volatility period; the accepted rate
of the null hypothesis is 43.3%, namely 13 pairs of 30 pairs, in Table 7. Then we can suggest
that the volatility co-movement tends to be found during the low volatility period. This result
is interesting and contrasting to the often-cited finding in the financial contagion literature that
financial returns have co-movement in the level during the financial crisis, which is discussed
critically by Forbes and Rigobon (2002) . It is suspected that, when the overall volatility level
is low, the idiosyncratic volatility factor can be small, or often negligible, in comparison with
the common volatility factor, whereas, when the overall volatility level is high in the financial

crisis, the idiosyncratic volatility factor dominates the common volatility factor.

6 Conclusion

In this paper, we have proposed a Lagrange multiplier test statistic for the null hypothesis
that the volatility processes of a bivariate series are perfectly correlated in the framework of
the multivariate stochastic volatility model. The considered model is the simplest case of a
multiple stochastic volatility model. The extension to a multiple factor model is left for further
research, as it is a challenging problem computationally and theoretically. In order to improve
the efficiency of the numerical calculation we are planning to use the particle filter method
proposed by Kitagawa (1996) and the fast Gauss transform method proposed by Greengard
and Strain (1991).

In the empirical analysis of stock markets, we found that the United Kingdom, Singapore
and Australia share a common time-varying volatility factor consistently. It is also suspected
that the common volatility factor in the global currency market was dominated by the idiosyn-
cratic volatility factors during high volatility periods. A clear-cut conclusion cannot be obtained
because of the asymmetry of the test statistic with respect to the order of the variables, which

is left to the further research.
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Appendices

A Derivation of likelihood and score functions

A.1 Likelihood

In order to express the transition equation (2) in matrix form, we express the log volatilities

and disturbance terms used in (1) and (2) in vector form, as follows:

Then the transition equation (2) is

hl = (hlh ..

u; = (Un, -

€ = (6117 ‘e

h; = VY/2(ouy), hy = V1/2

p

i) h1t>/7 h2 - <h217 ..
. 7U1T)/, Ug = (U21, .-

.y elT)', €y — (621, ..

. 7h2t)/7
. 7u2T)/7

- €2T)/~

(wu; + \/Xug) = V}/Q(V;I/thw/a + \/Xu2),

(14)

where V, and V, are the covariance matrices of the autoregressive processes of order one, h;

and hy, respectively, and Vll)/ 2 and V}/ ? are defined by their Cholesky decomposition as follows:

where

12
V/ll] —

V= (V/(V,2), vy =

1//1— 4?2 0
Y/ 1 =92 1
/1 =2 (0

Y AVAIE

o o O

18

(V2

1/y/1—p? 0
p/\1—p° 1
PIN1=p*  p

PrNT =0 Pt

o o O

)
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1o 1o
Their inverses are decomposed as V,,~! = (V,2)V,2, V, ' =(V,?)V,?, where:

V1=v? 0 0 0 1—p%2 0

—p 1 ... 0 0 —p 1

_1 0 - 0 0 _1 0 —
V¢2: ¥ , V2 = P
0 0 0 0 0 0

0 0o ... =y 1 0 0

(16)

Then the density functions of the transition and measurement equations of the model is

_ 1/2 e 1
fhy) = (2 T ‘V ‘exp( SohV, hl),
1 _1/2 ( 1 )
hyh;)) = —— |V exp [ —=ujuy |,
f(halhy) en s N Y 5 a2
1 _ 1,
f(yi)h) = (277')% H, 1/2 exp (—§y1H yl),
1 _ 1.,
f(yalh2) = (QW)% H, 1/2 exp (—§Y2H2 1Y2)a

where

uy = (thg _ V,?hl%) IV,

H, = diag(exp(hi1),...,exp(hir)), Hy = diag(exp(ha1), ..., exp(har)).

Then, we can rewrite the likelihood function as

(Likelihood): f(y,,y,) = / / £(y3[02) £ (y3 1) £ (hy [y ) £ (hy )yl

where

1 1
f(uglhy) = (2#)% exp <—§u2u2)

in terms of uy, instead of hy, by the variable transformation (21).

A.2 Score function with respect to A

We obtain the score function with respect to A as

//8f y2|u27h1 <y1‘hl)f(uQ|h1)f(h1)du2dh17
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(17)
(18)
(19)

(20)

(21)

(22)

(23)

(24)

(25)



because the variance parameter A appears only in

—~1/2 1.,
H, / ‘exp (—53’2H2 1Y2

f(yalhy,up) =

1
(m*
through hy in Hy = diag(exp(hs)), since we have

hy =V, (x/Xu2 + V;§§h1> (26)

from (14).
Then we obtain the derivative of f(y,|hi,us,) with respect to A as follows. First, noting

(26), we define
f(ys|hi,us) = KF, 27)
where
1
K = ’H2|_1/2 = exp <—§11xTh2)
1 _1
= exp (__1IXTV11/1/2 <\/Xu2 +Vy” Ehl)) 7
2 g
1,
F =exp _§y2H2 Yo
1 '
= exp —§(exp(—h2)) (y20¥2)

and, for notational convenience, we define

/

exp(—hy) = (exp(—ha1),...,exp(—har)), Y20 ¥y = (31, Ysor - - -+ Yor)

and hy denotes a function of uy as the abbreviation of equation (26).

Then, defining

M, = My = ——— (29)

we have

B = lim o1 (y)

A—0  OA
: K OF
= }\gr(l)/(other terms) (Fa + Km) duydhy (30)

i VA [(other terms)(F M, + K My)dusdh,
= lim
A—0 A
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from (25). We then have that

0K 1 1 1/2

1 1/2

a = —§K mlleVw Uy = —mK 11><va Uo,

OF 1.0 1

= —5F —*exp(—h, —FG 31
G = u,V/ Hy (v, 0 7)
since
6h2 1 1/2 anp(—hg) 1 1 1/2
o o = AV

Note that the denominators of the derivatives (31) and (29) contain A, which converges
to zero, and hence is intractable by conventional method. We will use the ingenious method
proposed by Chesher (1984) to solve this singularity. First, applying L’Hopital’s rule with

respect to A , we obtain
B =3B +lim VAL [(otherterms)(F My + K My)duydh,. (32)
—

Comparing the both sides of equation (32), we have

F K M M
—211m\/_/ other terms) (8 M, a—l\/Ig—i-F(9 l—i-Ka 2>du2dh1

oA O\ oA O\
33
oM, OM, (33)

o Ko

=2 }\in% VA (other terms) (21\/[1 M, +F ) duydh;.
—

Defining Yo = diag(y, 0y,), the terms in the integrand are

1 1 i
MM, = —K 117 Vi uy x F w,V/? Yy exp(—hy),
oM 10K 1
a)\l = 4 I\ 11><TV UQ = mK tT'(].TXTV u2u2V1/2 )
OM, 10F , 1._0G 1 2, 1p0G
= - G+4+-F— = —_FG*+-F—
O\ 4 0\ 470N 16V 4 oM’
N —h 1 / ,
g_(j — W,V YfeX%(A 2) _ A (V}f Y2H21V}/2u2u2) ,

G? = u/szlp/2 YzeXP(—h2)eXP(_hlz)Y2V11/2u2

= tr (V:/Q Y exp(—hy) exp(—h;)YgV;ﬂuQu;) :
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Then, we have

1. 1
B = tim [ (/)

(27)

KF

T
{—Qtr (1leV11/2u2u/2V11/2,Y2 exp(—hQ))

+tr <1TxTV}/ *upu,Vy/ 2/) (34)
+tr (V}/ 2y, exp(—hy) exp(—hy) Y, VY 2uzu’2>

— 2tr <V71#/2 Y2H2_1V11/QUQ11/2)} f(uz|hy) f(hy)duydhy.

We can perform the integration with respect to uy in (34) analytically. As uy|h; follows the

T-dimensitonal standard normal distribution, we have that

/u2u/2f(u2|h1)du2 = IT. (35)

Under the null hypothesis hy = h; and ¢ = p, equation (34) is

1
B = —/f yi|h

oo

+ tr (L VYRV

KF [—Qtr (11@\7;/2\@1/2'3(2 exp(—h1)>

+ tr (VY5 exp(—hy) exp(—h;) Y2 V)

— oty (Vg/z’Yzﬂflv}/?)] f(hy)dh. (36)

Noting that V, = Vfl/ 2VF1,/ 2 and applying the cyclic property of the trace operator to
simplify the equation (36), we have

. ) / tr3 f(y, hy)dh, (37)
O\ Ho
where
1
J= §< -9 (1leVpY2 exp(—hy)) + 1rxrV,
(38)

+V, Y exp(—hy) exp(—h;)Y, — QVPYQH;1> :

Since we have

o1 .19 1
Og)]f(Y) . _ A{%m% = /tr.]mf(hl,y)d}h = tTEhl\y(J) (39)

from f(hi|y) = f(hi,y)/f(y), we have only to evaluate Ey, |y [exp(—h;)] and Ey, )y [exp(—h;) exp(—hy)']

to obtain the score function. These expected values have no analytic expressions so that they

should be evaluated numerically.
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A.3 Score function with respect to ¥

In the log-likelihood function, ¢ appears only in f(y;|h;,us) = KF in (27). The partial
derivative of the likelihood with respect to v is

f(y) _ / (aKK 1, aFFl) f(y,uz, hy)duydhy

o T "
aKK 8FF h,)dh
/<0¢ +5"¢J )f(Y7 1)dhy,

since, as will be seen later, u, can be integrated out in (%—IJK_l + g—gF_1>. Then we have

) ) - ) )
. /(WK e )f(hliymhl—Ehl.y(WK OO ) (41)

dlog f(y)
oY

noting that

f(baly) = f(hy,y)/f(¥)-

First, using (28) and the formula

1/2
8V¢

=-v,’z,V}/*, 42
90 " (42)
where o
ov,"
v = a¢ ’
we have that
0K 1 3V1/2 W
% = _§K11><T aw <\/X112 =+ Vp —h1>

1 1/2 1/2 -z W
- = 211<11><;V1/J Zwvw <\/XUQ + Vp O'hl) ) (43)
P —§F a0 [(y2 0 y2) exp(—hy)]
1 _1
= —F (y20 3, H, V)7,V (Vaus + v, §h1> ,
as we have
_ /2 —3W
hg = Vl/J <\/X112 + Vp O'hl) s (44)
and hence
P 8V1/2 s
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Evaluating these terms under the null hypothesis A = 0 and o = w, we have

0K

@|H° - 1K1,,7V)/*Z,hy, (46)
OF ,
Gyl =4 i [YVaV i Zuhyesp(-i)) (47)

using the identity

’

(y20y,)H " = exp(—h;)Y,.

Then, from (41), we have

1 1 1 ,
a%j(” = élleV},prEhl‘y[hl]—étr YQV})/QZthl‘y[hlexp(—hl)]]. (48)
Ho

Note that the matrix YQVIIJ/ 2Zp is lower triangular, and we have only to calculate the upper

triangular part of the matrix Ey,|y[hy exp(—h})] in evaluating the score function (48).

A.4 Score function with respect to w

First, note that, in the log-likelihood function, w appears only in f(y,|h;, us) = KF, through
_ V2 —3W
hg = Vw (\/XUQ + Vp ;h1> N (49)

as shown in (27). Then, we have the formula

dlog f(y) _ OK. . _, OF
Bl - EuQ,hﬂy Ow K + awF ) (50)
using
0 0 h,,
[ ) PR ) s
B oK ___, OF__,
as we have
(9f(y2|h1,u2) . 0K OF . 0K 1 OF 1
From (28) their partial derivatives of K and F are
ORIl kit
Ow |y, 2 o (53)
OF 1.9 , 1 1
% gy =—3F o5 [(y2 0 y2) exp(—hy)] _ ¥ tr {()’b °Y,) Hz;hl} _
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noting that, under the null hypothesis, we have p =1, h; = hy, and V, =V, and

0
% exp(—hy) = —H,'w/o.

Then we have

dlog f(y) 1 1 )
a—w|Ho = _%thEhﬂy [hy] + %W’ (V20 ¥2) Enyly [exp(—=hy) o hy]] . (54)

A.5 Score function with respect to p

In the log-likelihood function, p appears only in f(y1|h;, us) = KF and f(h;) in (17) and (27).

Then we have the derivative using the formula

dlog f(y)
dp

oK oF 0f(hy) _
— By (oK Spt T g
H, hily (8p + ap + o f(hy) ) (55)

analogously to that of (41). Noting (28) and (17) and defining

~1/2
2,- "2 - (56)
the derivatives of K and F are
%_I; = —%KthV}/szghl, (57)
g—i = %F (y20 YQ)/Hflvllp/Zzp;hlv (58)
%ﬂhl) — f(hy) [—1 _pp2 - %a%r (agfjlhlh;)] . (59)

We have used (9/0p) ‘V}/Q‘ = 1/4/1 — p? in deriving the first term of equation (59). Noting
that exp(—h;")Ys = (y, o y,)’H; ! under the null hypothesis, we have

0K 1 w 0K
8_p|HO = _§K |:11><TV2)/2Zp;h1:| = _@|Hov (60)
gy = —5F YaVI2Z, 2y exp(-hy)| = ~ gl (61)
The score function with respect to p is
Olog fy), _ _dlog f(y) p_ 1, (OV,] :
oy =~ = 5o (T By (m)) ). (62
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A.6 Score Function with respect to o

In the likelihood, o appears only in K, F in (28) and f(h;). Then we can derive the score
function with respect to ¢ using the formula analogous to that of p given in (55), with p
replaced by 0. We can easily show from (28) that, under the null hypothesis w = o, the
derivatives of K and F with respect to ¢ are equal to the negative of the derivations with

respect to w , namely

0K 0K

8_0_‘H0 = _a_w|H07 (63)
OF OF
a_O_‘Ho = _a_w|H07 (64)

so that no additional calculations are necessary. From (17), the derivative of f(h;) is

Of(hy) _ oL, (v
Using the formula
dlog f(y)| oK ., OF__, 0f(h) -
R A U - A & )

whose derivation is analogous to that of (55), and comparing the formua (50), we have

dlog f(y), _  Olog f(y) t 1 1 :
Sy =~y — — 4 st (V) By (b)) ) (67)

B Pre-orthogonalization of data

B.1 Purpose

Before estimating the model using actual data the observed return variables should be or-
thogonalized so that the error terms (e, €2;) in the measurement equation (5) are distributed
contemporaneously independently with unit variance according to the assumption in (5), since
the actual financial returns are contemporaneously correlated.

We cannot estimate the model under the assumption that (e, e;)’ have non-zero correla-
tion and non-unit variances, because the increased number of the parameters to be estimated
increases the computational time of the maximum likelihood estimation considerably. This
problem is especially serious when the volatility series has high autocorrelation. We believe

that this difficulty can be removed in future by improved algorithm. At present, however, this
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assumption is unavoidable to perform Monte Carlo experiments reported in Section 4 with
sufficient number of iterations

We here show that, if the null hypothesis is true, namely hy; = ho;, we can orthogonalize
the observed series so as to satisfy the assumption of uncorrelatedness in (5).

This pre-orthogonalization is not without cost. The most serious demerit is that the result
of the test depends upon the order of variables; we have a different value of the test statistic by
exchanging the order of the variables, because the second variable is redefined by the Cholesky
decomposition.

This asymmetry could be removed by including the correlation parameter in the measure-
ment equation in (5) explicitly and then by estimating it simultaneously by the maximum
likelihood method. However, we cannot use this method because the computational time is
prohibitively large if the correlation parameter is included, so that we are obliged to drop
the correlation parameter from (5) and to orthogonalize data before executing the test in the

empirical analysis in Section 6.

B.2 Algebraic details

We assume that under the null hypothesis hy; = ho; for any ¢ and that the actual data, say

(T1t, Yot), is written as

U h e a; 0
(Unorthogonalized Model): o exp (—”)A ! , A= ' , (68)

~ 2

Yot €ot a3 Q9

in practice, namely when the disturbance term of the measurement equation has non-zero
correlation and non-unit variance, instead of (5). This assumption is justifiable because the
proposed Lagrange multiplier test statistic uses only the estimation of the null model.
We here estimate A™!, which is the desired orthogonalization matrix. First, note that the
product moment of (714, §ar) is
Ute  Jub
A =FE = F(exp(hy))AA' (69)
Uudar Vs
We can estimate A consistently using the sample moment of (¢, G1¢a¢, U5;). Then we have

only to estimate E(exp(hy;)) in order to obtain A using the formula
A = (Blexp(hy)))T2AY2 AT = (B(exp(hi))) A2, (70)
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where A'/2 denotes the Cholesky decomposition of A defined in (69).

Defining
A U : (71)
Yo Yo

Yne

we have that

ZU1 _ _ ?Jl _ €1

M) = AT EBEm)) | 1| = (Bepu) e | ]

Yot Yot €2t
and hence

log jji; = — log(E(exp(huy))) + hae + log el
Then, since we have E(log(e?,)) = —1.27 as shown by Harvey et al. (1994) and E(hy;) = 0
from the stationarity of hq;, we have that

1 } .
= > _logiity & Ellog i) = — log(B(exp(hy))) — 1.27

and hence we can estimate E(exp(hy)) in (70) by

E(exp(hy)) =~ exp (—(l/T) Z log i/, + 1.27) .

Then we can have the orthogonalized data in (5) by

y]_t _ A—l glt :
Yot Yo
where
AT =exp [- (/7)Y togih +1.27) 2] A%, (72)
~2 ~ ~
A = % 223/1:: > ylfth . (73)
Do Uuba Y ygt
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