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Abstract

In this paper, we consider the models that provide evidence of volatility transmission between oil and equity markets.
Our aim is to complement previous research by addressing the dynamics of volatility transmission by using the
multivariate dynamic conditional correlation-GARCH (DCC-GARCH) model of Engle (2002). This model helps
detect eventual volatility spillovers, which are typically observed in stock markets and oil prices. Our sample consists
of monthly frequency stock indexes and oil prices covering 10 OECD countries for the January 1990-December 2012
period. We show that oil price shocks in periods of world turmoil and political events have an important impact on the

relationship between oil and stock market prices.
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1. Introduction

The study of the volatility spillover between th# @nd stock markets is crucial for energy
policy planning, portfolio diversification, and egg risk management (Awartani and Maghyereh
2013). Furthermore, the volatility transmission hmatsm delivers important insights for the
design of accurate models of stock valuation askipremiums.

In this paper, we consider the models that proemdence of volatility transmission between
oil and equity markets. Our objective is to compmamprevious research by addressing the
dynamics of volatility transmission by using the ltivariate dynamic conditional correlation—
GARCH (DCC-GARCH) model of Engle (2002), which cdetect the dynamic correlations of
volatility spillover transmissions. This multivargaframework is more suitable than a bivariate
framework because it accounts for the dynamic &at@wns between all the variables included in
the system. Several MGARCH models have been desedlojp capture the conditional
heteroskedasticity of financial return series. Egka® of the most commonly used models
include the constant conditional correlation—-GAREHCC-GARCH) model of Bollerslev
(1990), the full parameterized BEKK-GARCH modeltfgle and Kroner (1995), and the DCC-
GARCH model of Engle (2002). It is commonly acceptbat the CCC-GARCH allows for
considerable reduction in the number of parametetse estimated compared with the BEKK-
GARCH, but a major drawback of this model is thaalso imposes constancy of conditional
correlations between innovations, as compared tigh DCC-GARCH. Thus, we decided to
adopt the multivariate DCC-GARCH model to gauge time variations of the variance—
covariance matrix and conditional correlations. Sghelasses of models are distinguished by their
simplicity and efficacy when estimating a large ditional covariance matrix because each
return series is allowed to follow a univariate GAIR specification.

Although previous empirical studies have addresiisdtopic, only a few articles (Credi al.,
2013; Filiset al., 2011) have examined it in a multivariate framegwdRecent literature on
volatility transmission and measurement has indudedels that link oil and stock markets by
taking into account their comovements. Hammouetell. (2004) investigate spillover effects,
day effects, and dynamic relationships among figdydS&P oil sector stock indices and five
daily oil prices for the U.S. oil markets using ibatointegration techniques and ARCH-type
models. They show evidence of volatility spillovénem the oil futures market and stock returns
of some oil sectors. Chiou and Lee (2009) exantiveasymmetric effects of WTI daily oil prices
on S&P 500 stock returns. Using the Autoregressiemditional Jump Intensity model with
expected, unexpected, and negative unexpected rimé fluctuations, they find that high
fluctuations in oil prices have asymmetric unexpdaffects on stock returns. Malik and Ewing
(2009) examine bivariate GARCH models to estimaguolatility transmission between weekly
WTI oil prices and equity sector returns and finddence of spillover mechanisms. Choi and
Hammoudeh (2010) extend the time-varying correfatianalysis by considering commodity
prices of Brent oil, WTI oil, copper, gold and @ty and the S&P 500 index. They show that
commodity correlations have increased since 200®img hedging substitutability in portfolios.
More recently, Arouriet al. (2010) examine the relationship between oil priaad 12 stock
sectors in European countries. They show that ¢aetion of sector returns to changes in oil
prices differs considerably across sectors andtti@inclusion of oil assets into a portfolio of
sector stocks helps improve the portfolio’s riskure characteristics.
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Awartani and Maghyereh (2013) investigate returd wolatility spillover effects between
the oil market and the Gulf Cooperation Countri€CC) stock markets by using indices
proposed by Diebold and Yilmaz (2009, 2012), remgdransmission in both directions between
2004 and 2012. They find that the information fli}am oil returns and volatilities to the GCC
stock exchanges is important while the flow in tpgosite direction is marginal. Moreover, the
oil market gives other markets more than it recgiveterms of returns and volatilities. These
trends were more pronounced in the aftermath ofjtblkal financial crisis in 2008, and the net
contribution of oil has intensified after a bursiricig the crisis. The empirical evidence from the
sample is consistent with a case in which oil plélys dominant role in the information
transmission mechanism between oil and equitidsarGCC countries.

To examine the volatility spillover effects amongma than two assets and measure
volatility spillover between oil and stock marketgsearch has employed the multivariate
generalized autoregressive conditional heteroskiedgs (MGARCH) methodology but has
found increased problems in the parameter estimatiee to the increased complexity (Fan and
Zhang 2003). Thus, model estimation methods for @&RCH family models have been
developed. Bollerslewt al. (1988) propose the VECH-GARCH model, which siriggi the
multivariate model but cannot ensure that the damthl variance matrix is a positive definite
matrix. The constant conditional correlation (CCBRCH) process of Bollerslev (1990) has
succeeded in reducing the number of the parametehe model but cannot describe the time-
varying correlation. The full parameterized BEKK-E&H model of Engle and Kroner (1995)
ensures that the conditional variance matrix issitive definite matrix but cannot be reasonably
explained by economic theories.

After developing the CCC model, Engle (2002) depetb the Dynamic Conditional
Correlation (DCC) model, which can describe theetwarying correlations and be explained
reasonably by economic theories. The major innowain DCC is the use of a two-step
estimation method to overcome the computation cerifyl involved in the parameter estimation
of multivariate GARCH models, in addition to allowg for a consistent estimation of the time-
varying correlation matrix (Engle 2002). Furthermoin DCC-GARCH, any type of GARCH
family models with stationary covariance and notyndistributed errors can be used to model
the volatility of the return rate of a certain de@sset. Thus, DCC is more flexible in modeling
the volatility of asset return rates and can h@lea the most accurate model to describe the
volatilities.

First, we test whether there is shift-contagioreetffof the financial crisis on OECD stock
markets or whether there are only interdependen8esond, we implement this empirical
approach on an updated data set covering the @&QD stock markets.

The paper is organized as follows: The second@edkescribes the methodology employed.
In the third section, we present the data and taperempirical results. We conclude in the last
section.

2. Methodology

To illustrate the dynamic conditional correlatioroael for our purposes, let; e an (11x11)
vector (10 OECD countries and oil price) containthg return, volume, and implied volatility
series in a conditional mean equation as follows:
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X =l + Hrllz‘gt
H,= DthDtv
R =(diag(0,)) "0, (diag(Q,)™ ' (1)

D, =diag (\/hll,r J h22,t o hll,llf)

where x =(X,, X, ,X,) IS the vector of the past observatiopss (u,,, 1,0 ,1,,) IS the vector
of the conditional returng,=(¢,,&,/ ,&,) is the vector of the standardized residuslss an
(11x11) symmetric dynamic correlations matrix, amds a diagonal matrix of conditional
standard deviations for each of the return sewéb, b, =w +a,2,_, + gh, ., - In addition,Q, is

an (11x11) variance—covariance matrix of standadtiiesidualsy :g/\/ﬁ), which we define as
follows :

Q=@a-4 _/ul)é"'/]l (7 47) +/uth—1, 2

where we calculate the covariance matgx, as a weighted average of, the unconditional
covariance of the standardized residuajsy,, is a lagged function of the standardized
residuals; and,_, is the past realization of the conditional covacenn the DCC specification,

only the first lagged realization of the covarianok the standardized residuals and the
conditional covariance are used. This requiree#t@nation of two additional parametexsand

.
For a pair of markets and j , the conditional correlation at time can be written as follows:

@- 61 - Hz)qij + Hlui,t—luj,t—l + HZqij,l—l

ol 3)

Pij = n n
[(1_ 91 - gz)qii + 6?1ui2,t—1 + 92qii,t—1]2 [(1_ 91 - 6’2)qjj + 91“ j2,t—1 + gijj,t—l]z

whereq; is the element on thé” line andi™ column of the matrixQ, . We employ the QMLE

method, introduced by Bollerslev and Wooldridge94p to estimate the vector of unknown
parametersq).

3. Data and Empirical Results

3.1 Data description

The data set includes monthly stock market indioed0 OECD countries and the Brent crude
oil index from January 1, 1990 to December 1, 2018ited States (NASDAQ 100), Canada
(TSX), France (CAC 40), Germany (DAX 30), Italy (&h MIB), Spain (Madrid General Index,
MGI), Denmark (KFX Copenhagen), United Kingdom (FEET$00), Australia (All Ordinaries
Index, AOI), and Japan (Nikkei 225). Our data sehes from Datastream and Morgan Stanley
Capital International.
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3.2. Estimation of dynamic correlation

Table 1 shows the estimation of the multivariateXGARCH model. The coefficients in the
table are significant and positive; they clearlgiaate that the GARCH model captures volatility.
All the estimated parameters are statistically ificant at the 5% level. The GARCH error
parametern. (whena is relatively large, for example, above 0.1, viitstis sensitive to market
events) measures the reaction of conditional Jitjato market shocks. In our case,s above
0.1 for most countries, except for the United $tat€anada, and Italy. The GARCH lag
paramete} (when§p is relatively large, for example, above 0.9, utitgttakes a long time to
diminish after a crisis in the market) measurespisistence of conditional volatility, regardless
of anything happening in the market. In our cgisfyr all the countries is equivalent or close to
0.9, except for Japan.

Figure 1 identifies a first group of countries (W Kingdom, Australia, Japan, New Zealand,
and the United States): all stock markets showgaifstant decrease in correlation coefficients
between 1991 and 1992. This period is dominatedhanges in the precautionary demand for
crude oil because of the Iraq War (see Filisle2011). In addition, during the Asian financial
crisis of 1997-1998, correlations of the United ¢gdom, Australia, Japan, New Zealand, and the
United States with oil exhibited a low positive ardependence between oil prices and stock
markets considered. Our results are consistent thidke of Forbes and Rigobon (2002), who
stress that the increased correlation during tiofegises is due to increased volatility in global
stock markets. Similarly, Longin and Solnik (19@shphasize the instability of the relationship
of correlations between international stock marketsl observe that the volatility and
correlations of stock markets rose significantl{eathe 1987 stock market crash. Kiagal.
(1994), Ramchand and Susmel (1998), and Morandeahrhtti (2002) also confirm the positive
relationship between volatility and correlations.

Nevertheless, in the 1990-2004 period, we obsemwealt in correlation coefficients around the
2000 and 2001 for the majority of countries. Thghhpositive correlation between oil and stock
market prices occurred because of the high demanaif due to the rapid increase in the
housing market and construction industry, whictsarsom decreasing interest rates worldwide.

The next sub-period is between 2006 and 2008. dhelation coefficient showed an increasing
and positive pattern for Australia, Japan, New @ed) France, the United States, and Canada.
This increase is explained by rising demand, maloyyChina. This aggregate demand-side oil
price shock was expected to have a positive efiacstock markets (both in oil-importing and
oil-exporting countries) because it signaled arrdase in world trade (mainly dominated by
China). This result is in line with the findings Kiflian and Park (2009) and Filet al. (2011),
who suggest that aggregate demand-side oil prioekshoriginated by world economic growth
have a positive impact on stock prices.

During the 2008-2010 sub-period, the coefficierftzarelation were generally positive. The
main event during this phase was the global firelraisis due to the export of U.S. mortgages
to the rest of the world, such as asset-backediesuStiglitz 2009), which can be considered
an aggregate demand-side oil shock (Internatiomedrdy Agency 2009). Filigt al. (2011)
explain that the positive correlation between oitgs and stock markets is due to the financial
crisis, which caused both the entry of bearishkstoarkets into territories and the sharp drop in
oil prices.
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For Spain, Germany, and France, the Asian financisis produced a negative aggregate
demand-side oil price shock, driving oil priceddwer levels (see Filist al. 2011). The majority

of stock markets in that period also experiencesinall decline in or a stable performance. A
peak in correlation coefficient is observed aro@006 for Spain, Germany, and France. Again,
this high positive correlation between oil and &tatarket prices was caused by the high demand
for oil due to the rapid increase in the housingk®gaand construction industry. Hamilton
(2009a), Kilian and Park (2009), and Fi#isal. (2011) explain that the 2006—-2008 sub-period
was characterized by an increase in oil pricestduising demand from world economic growth.
This aggregate demand-side oil price shock was at@feto have a positive effect on oil-
importing countries.

Thus, two main conclusions can be drawn from ouestigation. Oil price shocks in periods of
world turmoil and political events have importantpacts on the relationship between oil and
stock market prices. Regarding the sign of thigetation, we find two trends: a negative one,
similar to Filiset al. (2011), Hamilton (2009b), and Kilian and Park (200vho argue that the
first and second wars in Iraq and the terrorisackton the United States caused a negative
correlation between oil and stock markets, and sitipe one, when aggregate demand-side oll
price shocks (e.g., Asian crisis, Chinese econagnievth, the global financial crisis) cause a
significant, positive correlation between stock keiprices and oil prices.

4, Conclusion

Empirical studies have documented that high oitggican have a significant impact on stock
market returns. In the same vein, we examined ni@act of crude oil price fluctuations on
OECD stock market returns. Using monthly data o€lstmarkets and oil prices from 10 OECD
countries and the Brent crude oil index duringdaeuary 1, 1990-December 1, 2012 period, we
employed Engle’s (2002) multivariate GARCH-DCC tmgltaneously estimate the conditional
correlations between oil prices fluctuations aratlstmarket returns. Our analysis shows that if
the shock originates from demand, oil prices amgtkstmarkets tend to move together with
varying degrees of strength in OECD countries, ddjmg on the origin of the shock.

References

Agnolucci, P. (2009), Volatility in crude oil futes: A comparison of the predictive ability of GARCH
and implied volatility models, Energy Economics(31316-321.

Arouri, M. E. H., & Nguyen, D. K. (2010), Oil prise stock markets and portfolio investment:
evidence from sector analysis in Europe over teedacadeznergy Policy, 38, 45284539.

Awartani, B. and Maghyereh, A. (2013), Dynamic lspiérs between oil and stock markets in the Gulf
Cooperation Council Countrienergy Economics, 36 (1), 28—-42.

Bollerslev,T. and Wooldridge, J.M. (1992), Quasiximum likelihood estimation and inference in
dynamic models with time-varying covariancEspnometric Reviews,1, 143-173.

Bollerslev, T., Engle, R., Wooldridge, J.M., (1988) capital asset pricing model with time varying
covariancesjournal of Political Economy, 96, 116-131.

Bollerslev, T. (1990), Modelling the Coherence mo&-run Nominal Exchange Rates: A Multivariate
Generalized ARCH ModeThe Review of Economics and Satistics, MIT Press, 72(3): 498-505.

Chiou, J.S., Lee, Y.H. (2009), Jump dynamics ardtiiby: Oil and the stock market&nergy, 34(6),
788-796.

Choi, K., Hammoudeh, S. (2010), Volatility behavidroil, industrial commodity and stock markets in
a regime-switching environmetiEnergy Policy, 38(8), 4388-4399.

515



Economics Bulletin, 2014, Vol. 34 No. 1 pp. 510-519

Diebold, F-X. and Yilmaz, K. (2009), Measuring Fit#l Asset Return and Volatility Spillovers, with
Application to Global Equity Market&conomic Journal, 119(534):158-171.

Diebold, F-X.and Yilmaz, K. (2012), Better to gitl&n to receive: Predictive directional measurement
of volatility spillovers,International Journal of Forecasting, 28 (1): 57 — 66.

Engle, R. (2002), Dynamic Conditional Correlatioh: Simple Class of Multivariate Generalized
Autoregressive Conditional Heteroskedasticity Med#ournal of Business & Satistics,20 (3), 339-350.

Engle, R. and Kroner, K. (1995), Multivariate sitameous GARCHEconometric Theory, 11, 122-
150.

Edwards, S. and Susmel, R. (2001), Volatility defssmce and contagion in emerging equity markets,
Journal of Devel opment Economics, 66 (2), 505-532.

Fan, J. and Zhang, C. (2003), A Reexamination &fiBion Estimators with Applications to Financial
Model Validation,Journal of the American Statistical Association, 98, 118-134.

Filis, G., Degiannakis, S., Floros, C. (2011), Dyacorrelation between stock market and oil prices
The case of oil-importing and oil-exporting coues;ilnternational Review of Financial Analysis, 20(3),
152-164.

Forbes, K. and Rigobon, R. (2002), No Contagiofy tmterdependence: Measuring Stock Market Co-
movementsJournal of Finance, 57(5), 2223-2261.

Hassan, S.A. and Malik, F. (2007), Multivariate G&IR modeling of sector volatility transmission,
The Quarterly Review of Economics and Finance, 47 (3), 470-480.

Hamao, Y.R., Masulis R.W. and Ng V.K (1990), Caatiglns in Price Changes and Volatility Across
International Stock MarketsReview of Financial Studies, 3, 281-307.

Hamilton, D.J. (2009 a), Understanding crude aitgs, The Energy Journal, 30(2), 179-206.

Hamilton, D.J. (2009 b). Causes and consequencéweddil shock of 2007-08Brooking papers on
Economic Activity, spring, 215-261.

Hammoudeh, S., Dibooglu, S. & Aleisa, E. (2004))aRenships among U.S. oil prices and oil
industry equity indicednternational Review of Economics and Finance 13(4), 427-453.

Jones, C.M. and Kaul, G. (1996)il and the Stock Marketdpurnal of Finance, 51 (2): 463-491.

Kang, S.H., Kang, S.M., Yoon, S.M., (2009), Fordicas volatility of crude oil markets. Energy
Economics 31, 119-125.

Kilian, L. & Park, C. (2009), The impact of oil pg shocks on the U.S markenternational
Economic Review, 50, 1267-1287.

King, M.A., Sentana, E., and Wadhwani, S. (1994pla¥ility and links between national stock
markets Econometrica, 62, 901-933.

King, M.A. and Wadhwani, S. (1990), Transmissionvofatility between stock marketReview of
Financial Sudies, 3, 5-33.

Lee, S.B. and Kim, K.J. (1993), Does the Octobe3718rash strengthen the co-movements among
national stocks marketsReview of Financial Economics, 3, 89-102

Longin, F. and Solnik, B. (1995), Is the correlatin international equity returns constant: 1960—
19907 Journal of International Money and Finance, 14, 3—-26.

Malik, F. and Ewing, B.T. (2009), Volatility transssion between oil prices and equity sector returns
International Review of Financial Analysis, 18, 95-100.

Morana, C.and Beltratti, A. (2002), The Effectstbé introduction of the euro on the volatility of
European stock marketiurnal of Banking and Finance, 26(10), 20472064.

Ramchand, L. and Susmel, R. (1998), Volatility amdss correlation across major stock markets,
Journal of Empirical Finance, 5(4), 397-416.

Stiglitz, J. (2009), The current economic crisigl d@ssons for economics theoBastern Economic
Journal, 35, 281-296.

Al-Janabi, H.J.A., Irandoust, H. (2010), Modelingmg-Varying Volatility and Expected Returns:
Evidence from GCC and MENA Regions, Emerging MasKatide and Finance, 46(5), 39-47.

Arouri, M. E. H., & Nguyen, D. K. (2010), Oil prisestock markets and portfolio investment:
evidence from sector analysis in Europe over teedacade, Energy Policy, 38, 4528-4539.

516



Economics Bulletin, 2014, Vol. 34 No. 1 pp. 510-519

Awartani, B. and Maghyereh, A. (2013), Dynamic lspiérs between oil and stock markets in the Gulf
Cooperation Council Countries, Energy Economicg13628-42.

Bollerslev, T. and Wooldridge, J.M. (1992), Quasiximum likelihood estimation and inference in
dynamic models with time-varying covariancespnometric Reviews,1, 143-173.

Bordo, M. D., and Murshid, 2001, A. P, Are Finamhdirises Becoming Increasingly More Conta-
gious? What Is the Historical Evidence on Contagjan S. Claessens and K. J. Forbes, Interna-Itiona
Financial Contagion, Boston: Kluwer Academic, cleagdt4, pp. 367-403.

Chiou, J.S., Lee, Y.H. (2009), Jump dynamics ardtifity: Oil and the stock markets, Energy, 34(6),
788-796.

Choi, K., Hammoudeh, S. (2010), Volatility behavidroil, industrial commodity and stock markets in
a regime-switching environment, Energy Policy 384888-4399.

Corsetti, G., Pericoli, M., Sbracia, M., 2005. '@ contagion, some interdependence: Morepitfalls in
tests of financial contagion." Journal of Internatil Money and Finance, 24, 1177-1199.

Diebold, F.X. and Yilmaz, K. (2009), "Measuring &ircial Asset Return and Volatility Spillovers,
With Application to Global Equity MarketsEconomic Journal, 119, 158-171.

Engle, R. (2002), Dynamic Conditional Correlation@imple Class of Multivariate Generalized
Autoregressive Conditional Heteroskedasticity Med#ournal of Business & Satistics,20 (3), 339-350.

Edwards, S. and Susmel, R. (2001), Volatility defssmce and contagion in emerging equity markets,
Journal of Development Economics, 66 (2), 505-532.

Filis, G., Degiannakis, S., Floros, C. (2011), Dymacorrelation between stock market and oil prices
The case of oil-importing and oil-exporting coues;ilnternational Review of Financial Analysis, 20(3),
152-164.

Forbes, K. and Rigobon, R. (2002), No Contagiofy tmterdependence: Measuring Stock Market Co-
movementsJournal of Finance, 57(5), 2223-2261.

Froot, K.A., O’'Connell, P.G.J., Seasholes, M.SQR0The portfolio flows of international investors.
Journal of Financial Economics 59, 151-194.

Guesmi, K., Kaabia, O., Kazi .A., (2013). DoesfB@iontagion Exist Between OECD Stock Markets
During The Financial Crisis, Journal of Applied Bwess Research, vol. 29, n°2, pp. 469-484, 2013.

Hamao, Y.R., Masulis R.W. and Ng V.K (1990), Caatiglns in Price Changes and Volatility Across
International Stock MarketsReview of Financial Studies, 3, 281-307.

Hamilton, D.J. (2009). Understanding crude oil esidhe Energy Journal, 30(2), 179-206.

Hammoudeh, S., Dibooglu, S. & Aleisa, E. (2004))aRenships among U.S. oil prices and oil
industry equity indicednternational Review of Economics and Finance 13(4), 427-453.

Kilian, L. & Park, C. (2009), The impact of oil pe shocks on the U.S markenternational
Economic Review, 50, 1267-1287.

King, M.A. and Wadhwani, S. (1990), Transmissionvofatility between stock marketReview of
Financial Sudies, 3, 5-33.

Jones, C.M., and Kaul, G. (1996), Oil and the Stdekkets, The Journalf Finance, 1996, 51 (2), pp.
463-491.

Lee, S.B. and Kim, K.J. (1993), Does the Octobe3716rash strengthen the co-movements among
national stocks marketsReview of Financial Economics, 3, 89-102.

Malik, F. and Ewing, B.T. (2009), Volatility transssion between oil prices and equity sector returns
International Review of Financial Analysis, 18, 95-100.

Park, J. and Ratti, R.A. (2008), Oil price shocksl &tock markets in the U.S. and 13 European
countries. Energy Economics, 30, 2587-2608.

Sadorsky, P. (1999), Oil price shocks and stocketaactivity, Energy Economics 2, 449-469.

517



Economics Bulletin, 2014, Vol. 34 No. 1 pp. 510-519

Table 1. Estimation Resultsfor DCC-GARCH

Constant a p
USA (US) 0.015* 0.054* 0.941*
(0.003) (0.006) (0.007)
CANADA (CAN) 0.012* 0.088* 0.902*
(0.003) (0.010) (0.012)
AUSTRALIA (AUS) 0.008* 0.105* 0.888*
(0.002) (0.009) (0.010)
GERMANY(DEU) 0.021* 0.098* 0.894*
(0.004) (0.010) (0.010)
DENMARK (DNK) 0.024* 0.132* 0.861*
(0.003) (0.012) (0.011)
SPAIN (ESP) 0.019* 0.117* 0.871*
(0.003) (0.011) (0.012)
FRANCE (FRA) 0.017* 0.099* 0.893*
(0.004) (0.010) (0.010)
UNITED KINGDOM (UK) 0.009* 0.109* 0.887*
(0.002) (0.011) (0.010)
ITALY (ITA) 0.012* 0.088* 0.905*
(0.002) (0.008) (0.009)
JAPAN (JPN) 2.845* 0.255* 0.527*
(0.077) (0.025) (0.014)
(0.010) (0.013) (0.014)
oil 0.014* 0.095* 0.871*
(0.003) (0.012) (0.017)

Notes: This table presents the estimation results of GARC, 1). The numbers in parentheses representiasso
standard errors. * Indicate that the coefficiaarts significant at the 5% level.
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Figurel. Dynamic conditional correationswith Oil
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