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Abstract

This article investigates the interdependence of stock-forex markets in MENA (Middle 
East and North Africa) countries for the February 26, 1999 to June 30, 2014 period. The 
analysis has been performed through three competing models: the VAR-CCC-GARCH 
model of Bollerslev [1990]; the VAR-BEKK-GARCH model of Engle and Kroner [1995]; 
and the VAR-DCC-GARCH model of Engle [2002]. Our findings confirm that both 
markets are interdependent and corroborate the stock and flow oriented approaches. We 
also find that, comparing to optimal weights, hedge ratios are typically low, denoting that 
hedging efficiency is quite good. Our estimation of hedging efficiency suggests that incor-
porating foreign exchange in a full stock, unhedged portfolio increases the risk-adjusted 
return while reducing its variance. (We note here that the forex market is overweighted 
for both portfolio allocations and hedging strategies.) Moreover, this conclusion holds 
for all countries in all three models.
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Introduction

The current framework of liberalized capital flows, financial integration and sustained 
international diversification has led stocks and foreign exchange (forex) markets to become 
increasingly interdependent. For instance, stocks from a given country are bought in the 
local currency of that country, which fluctuates in value based on supply and demand. 
When the outlook for a particular stock market is highly positive, international funds 
flow in. When that stock market struggles, international investors seek alternative markets 
and withdraw their funds. Accordingly, a stronger stock market may cause local currency 
to rise in value, and a weak stock market may have the opposite effect. Consequently, strong 
stock markets strengthen and weak stock markets weaken local currency.

The forex market can also influence equity market. A weak national currency renders 
domestic exporters more competitive, which helps stimulate export growth. When the 
earnings (of listed companies) are growing, equity markets are likely to do well. Of course, 
this situation is most apparent in equity markets backed by major global currencies, such 
as the USD, EUR, JPY, GBP, etc. Forex markets have truly become a global market, larger 
than any security market. So, when thinking about the association between stock and 
forex markets, we actually have to think globally.

The aim of this article is to shed light on the interdependence mechanisms between 
stock and forex markets. We focus on linkages in return and volatility, to fashion a global 
analysis. We focus on global forex, as opposed to other financial, real or commodity 
markets because forex markets offer investors unique opportunities not found elsewhere. 
In particular, forex is always open, and offers long or short positions, low trading costs, 
unmatched liquidity, availability of leverage, international exposure, etc. We link forex 
to a set of emerging MENA stock markets (namely, Bahrain, Egypt, Kuwait, Morocco, the 
Kingdom of Saudi Arabia, Oman, Qatar and the United Arab Emirates) that have growing 
economic sectors with sustainable trade activities, technology transfer, and regional – as 
well as international – cooperation. Accordingly, the selected markets represent a wide 
range of economic sectors and emerging financial systems.

The econometric methodology used for the analysis is the VAR-GARCH approach of 
Ling and McAleer [2003]. We perform that analysis using three competing specifications: 
VAR-CCC-GARCH of Bollerslev [1990]; VAR-DCC-GARCH of Engle [2002]; and VAR-
BEKK-GARCH of Engle and Kroner [1995]. A key advantage of these specifications is 
to permit the investigation of inter-markets return dynamics and conditional volatility 
spillovers. Additionally, the model meaningfully estimates the unknown parameters, 
which speak to innovations and shock transmission effects. It also allows us to detect 
forex market event outcomes on stock market returns, foreign market exchange returns, 
and forex-stock cross-market. On the whole, we pose, and answer, two questions: (1) are 
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forex and stock markets interdependent in MENA countries? and (2) what lessons does 
this interdependency offer to international portfolio management?

Our three VAR-GARCH models investigate inter-markets correlations. We studied 
conditional correlations to obtain optimal weights, hedging ratios, and hedging efficiency 
for portfolio management purposes. The three models confirm the interdependence 
between stock and forex markets for mean and variance equations and support both, 
the stock-oriented approach of Branson et al. [1977] and the flow-oriented approach of 
Dornbusch and Fisher [1980].

For portfolio management, we find hedge ratios are relatively low, denoting that 
hedging efficiency is quite good. Our estimation of hedging effectiveness suggests that 
the incorporation of forex in a full stock portfolio increases risk-adjusted performance, 
while reducing variance. (We note here that the forex market is overweighed either for 
portfolio allocations or for hedging strategies.) Moreover, this conclusion holds for all 
countries in all three models.

This article differs from other studies in several aspects. First, a number of previous 
studies on interactions between these two markets’ returns used co-integration and the 
Granger causality tests and, in some cases, incorporated the effect of exogenous economic 
and financial variables. Other recent studies on market interdependencies focus on both 
return and volatility spillover channels, using a simple VAR-GARCH specification model. 
We confirm that the cross-markets correlation of conditional shocks were absent insofar 
as the CCC for returns across markets was very weak and not statistically significant. At 
the same time, we find that the DCC model estimates are significant for examined periods, 
which does not empirically support the assumption of constant conditional correlations. 
This highlights the dynamic conditional correlations between the selected markets.

We run three competitive specifications to confirm our findings. We investigate 
MENA emerging markets that contribute to global economic growth. These economies 
are exporters (e.g., oil, manufactured products, minerals...) as well as importers (e.g., 
machinery, technology), meet international labor standards and have regular international 
money transfers. Oil exporting countries enjoy huge surpluses on trade balances, current 
accounts, and national incomes and have supportive fiscal policies. Furthermore, these 
countries are actively reforming and modernizing their economic and financial systems. We 
take an international investor perspective and run an implicit test of financial integration 
using Eurodollar parity as a proxy for the foreign exchange market, and do not account 
for local currency against a major global currency. Currency is often included as an asset 
in international diversified portfolios. So, the accurate variability of a given portfolio 
requires a successful estimate of the correlation between stock prices and exchange rates. 
Understanding the link between currency rates and other assets in a diversified portfolio 
is therefore fundamental. We therefore assess the managerial usefulness of our findings 
through an assessment of their effect on portfolio allocations and hedging efficiency. 
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Finally, the study allows stock and forex markets to be compared for managerial and 
governmental executive purposes.

The rest of the paper is organized as follows. Next section presents a brief literature 
review. The following sections outline the empirical methodology employed and describe the 
data and their statistical properties, and then discuss empirical results. Final sections pres-
ent the implications of these results for portfolio management, and conclude the study.

Theory and Literature Review

According to empirical literature, international markets are interdependent through 
two channels, corporate cash-flows and the stock prices of listed companies. Classic eco-
nomic theory likewise assumes that stock prices and foreign exchange rates can interact. 
This supports the following two approaches.

The first approach is the flow-oriented model [Dornbusch and Fisher, 1980], which 
suggests that movements in exchange rates cause movements in stock prices. In terms 
of causality terminology, it is uni-directional Granger causality. From a macroeconomic 
perspective, stock prices correspond to the present value of expected future cash flows. So, 
under the hypothesis of market efficiency, stock prices reflect any phenomenon affecting 
a firm’s cash flow that is associated with changes in the value of the exchange rate. We note 
here that the growing use of hedging instruments, such as derivatives, is likely to shrink 
the shock of currency movements on firm earnings.

The second approach is the stock oriented or portfolio balance approach [Branson et al., 
1977], which assumes that stock prices may affect exchange rates. In Granger terminology, 
stock price movements Granger-cause exchange rates behavior through capital account 
transactions. Consequently, stock and forex markets are bi-directionally interacting; but 
note that various factors- such as market liquidity, integration-segmentation level, market 
imperfection, and international trade are likely to boost or lessen this effect. Therefore, 
empirical analyses of the extent, depth and direction of interdependence between stock 
and forex markets suggest that the relationship should exist.

Studies by Aggarwal [1981], Soenen and Hennigar [1988] have adduced evidence 
in support of the flow model. Later studies show that market interdependence exists and 
is conducted through both return series and volatility innovations. For example, Eun and 
Shim [1989] showed that about26 percent of the error variance of stock returns could be 
explained by innovations in other stock markets. They reported that the US market was the 
most influential stock market. King and Wadhwani [1990] demonstrated the transmission 
of information across markets through volatility innovations, which resulted in a contagion 
effect. Chiang et al. [2000] suggested that national Asian stock market returns were pos-
itively associated with the value of the national currency. Likewise, Sabri [2004] focused 
on the increasing volatility and instability of emerging markets, and pointed out that stock 
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trading volume and currency exchange rates were most positively correlated with emerging 
stock price changes. Kanas [2000] examined the interdependence of stock returns and 
exchange rate changes within the national economy in six developed countries (the USA, 
UK, Japan, Germany, France and Canada) and confirmed the existence of co-integration 
between stock and exchange markets. The author observed the evidence of spillover from 
stock returns to exchange rate changes for all countries except Germany, but not volatility 
spillovers from exchange rate changes to stock returns for all the countries. Conversely, 
Bodart and Reding [2001] examined the effect of exchange rates on expected industry 
returns and volatility, and showed that the effect of forex spillovers on stock markets existed 
but was quite small, and affirmed that exchange rate changes are influenced by the exchange 
rate regime, as well as the direction and magnitude of exchange market shocks. Nieh and 
Lee [2001],using both Engel-Granger and Johansen’s co-integration tests, found no sig-
nificant long-run relationship between stock prices and exchange rates in G7 countries. 
Bhattacharya and Mukherjee [2003] studied the causal relationship between exchange 
rates and the stock index in India, which indicated the absence of a causal relationship 
between that stock market index and exchange rates. More recently, Ramasamy and Yeung 
[2005], stipulated that the reason for the divergent empirical results is that the nature of 
the interaction between stock and currency markets is sensitive to business cycles and 
wider economic factors, as well as market and economic structures.

Pan et al. [2007], examined the relationship for seven East Asian countries for the 1988 
to 1998 period, finding bidirectional causality for Hong Kong before the 1997 Asian crisis 
and a unidirectional causal relation from exchange markets to stock markets for Japan, 
Malaysia, and Thailand, but from stock markets to exchange markets for South Korea and 
Singapore. During the Asian crisis, only a causal relation from the exchange market to the 
stock market was observed for all countries, except Malaysia. At the same time Erbaykal 
and Okuyan [2007] focused on 13 developing economies using different time periods, and 
found a causality relationship for eight economies; that is, being unidirectional from stock 
markets to exchange markets in five cases, and bidirectional for the remaining three cases. 
Dilrukshan et al. [2009], demonstrated evidence of a positive co-integrating relationship 
in the Australian context, which corroborates the stock oriented approach; that is, stock 
market movements’ caused forex market changes. At the same, Agrawal et al. [2010], 
found a negative correlation between fifty stock market returns and exchange rates, and 
highlighted a unidirectional Granger Causality relationship running from the former 
towards the latter, supporting the stock oriented approach. Other studies, finding more 
recently an absence of co-integration between stock prices and exchange rates include; 
Zubair [2013], Okpara and Odionye [2012], Zia and Rahman [2011] etc.

Overall, even though the theoretical explanation may seem understandable at times, 
empirical results have been mixed and the existing literature is inconclusive on the precise 
features of this interdependence. While empirical tests are plausible, they examine either 
the interdependence between return dynamics using return series, or the interdependence 
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between volatility effects using conditional variances. We simultaneously run a VAR-
GARCH model in three specifications to join the first and the second conditional moments 
and provide meaningful estimates of the unknown parameters.

The Methodology

We define interdependence as the evidence of movements of information flows 
between markets which get their delivery from correlation in second moments (volatility 
spillovers) rather than through correlation in the first moment (return dynamics). The 
better proxy for information is conditional volatility [Clark, 1973; Tauchen and Pitts, 1983; 
Ross 1983]. However, in our analytical framework, we test the interdependence between 
stocks and forex markets, and focus on the possible feedback. Accordingly, we consider 
a heteroscedastic, autoregressive specification appropriate for this research.

We make use of the VAR-GARCH model, of Ling and McAleer [2003] which has been 
applied by Chan et al. [2005, 2011] and Hammoudeh et al. [2009], Arouri et al. [2012], 
Mensi et al. [2014] for miscellaneous economic topics, to explore the interdependence 
between various markets. The conditional mean equation and the conditional variance 
equation in the multivariate framework are presented separately. The former describes 
the return channel spillover, while the latter is considered for the variance spillover with 
three competitive models: the CCC-, the DCC- and the BEKK-GARCH(1,1).

The Conditional Mean Equation
The return dynamics is represented by a var (1) model as follows:

	 Υ t = c+ΦΥ t−1 + ε t 	 (Eq. 1)

Where,

–– Υ t = rt
S ,rt

FX( )′ . rtS and rt
FX are the logarithmic returns on stock market return indices 

and returns on foreign exchange indices at time t, respectively. Foreign exchange 
indices are the Eurodollar parity;

–– Φ is (2 x 2) matrix of coefficients to be estimated of the form Φ=
Φ11 Φ21

Φ12 Φ22

⎛

⎝
⎜

⎞

⎠
⎟ ;

–– the coefficients ϕ11 and ϕ22 provide the measure of own-mean spillovers, while the 
coefficients ϕ21 and ϕ12 measure the cross-mean spillovers.

–– ε t = ε t
S ,ε t

FX( )′, ε t
S and ε t

FX  are, respectively, the residuals of the mean equations for 
stock and forex returns. They are assumed to be serially uncorrelated but with non-
nul covariances (E(ε t

Sε t
FX )≠ 0) .
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The Conditional Variance Equation
The dynamics of conditional volatility is modeled by three MV-GARCH class models. 

The first model includes the multivariate CCC-GARCH developed by Bollerslev [1990] 
which allows estimations and conclusions about conditional volatility and conditional 
correlation. The second specification is the DCC-GARCH model introduced by Engle 
[2002], as a generalization of the CCC model, which permits different perspectives of 
correlation to be obtained through modeling wide variance-covariance matrices and 
time-varying cross-market co-movements.

The third specification is the full BEKK-GARCH model of Engle and Kroner [1995], 
which considers volatility persistence within each market and volatility spillover between 
markets. The residuals of the mean equation are defined as follows:

	 ε t = ht ηt ~Ν(0,ht ) 	 (Eq. 2)

	 ht = c+αε t−1
2 +βht−1 	 (Eq. 3)

–– ηt = ηt
S ,ηt

FX( )′ refers to (2 x 1) vector iid random vectors;

–– ht = diag ht
S , ht

FX( ) , with ht
S  and ht

FX  are the conditional variances of rt
S and 

rt
FX respectively, which are given by Eq. (4) and Eq. (5):

	 ht
S = cS +αS(ε t−1

S )2 +βS ht−1
S +αFX(ε t−1

FX )2 +βFX ht−1
FX 	 (Eq. 4)

	 ht
FX = cFX +αFX(ε t−1

FX )2 +βFX ht−1
FX +αS(ε t−1

S )2 +βS ht−1
S 	 (Eq. 5)

In matrix, the representation will be:

	
ht
S

ht
FX

⎛

⎝⎜
⎞

⎠⎟
=

cS
cFX

⎛
⎝⎜

⎞
⎠⎟
+

αS1 αS2

αFX2 αFX1

⎛

⎝
⎜

⎞

⎠
⎟ ×

(ε t−1
S )2

(ε t−1
FX )2

⎛

⎝⎜
⎞

⎠⎟
+

βS1 βS2

βFX2 βFX1

⎛

⎝
⎜⎜

⎞

⎠
⎟⎟
×

ht−1
S

ht−1
FX

⎛

⎝⎜
⎞

⎠⎟
	 (Eq. 6)

Eqs. (4) and (5) show how volatility is transmitted through time and across stock-fo-
rex market return indices. The cross value of the error terms ( ε t−1

S )2 and ( ε t−1
FX )2 represents 

return innovations on the corresponding market at time (t−1) and represents short run 
persistence (the ARCH effect of past shocks), which captures the impact of the direct 
effects of shock transmission. The presence of ( ht−1

S ) and ( ht−1
FX ) captures volatility spill-

overs between stock markets and forex markets. It accounts for long-run persistence 
(the GARCH effects of past volatilities). We note here that the reciprocal effect allows 
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the volatility of one market to be affected by its own past shock and volatility, and also by 
past shocks and the volatility of other markets.

The conditional covariance between stock and forex returns may be derived as follows:

	 Ht =DtRtDt ; Dt = diag ht
SS , ht

FXFX( ) 	 (Eq. 7)

Where, R t =ρt
S,FX  is the (2 x 2) matrix containing the conditional constant correlations 

(CCC). We note that the CCC is a restrictive assumption insofar as the conditional 
correlation is assumed to be constant while the conditional variances are time-varying. 
Apparently, this assumption is not feasible for real financial time series.

The conditional variances and covariances are given by:

	
ht
S =CS +αS(ε t−1

S )2 +βSht−1
S

ht
FX =CFX +αFX(ε t−1

FX )2 +βFXht−1
FX

ht
S,FX =ρ ht

Sht
FX

⎧

⎨
⎪⎪

⎩
⎪
⎪

	 (Eq. 8)

The positiveness of the arch and garch coefficients is not required to get a positive 
definite matrix [Bollerslev, 1990]. This process is covariance stationary when the roots of 
det(I2 −λA−λB)= 0 are outside the unit circle of the complex plan, where I2 is (2 x 2) 

identity matrix and A =
αS 0
0 αFX

⎛

⎝
⎜

⎞

⎠
⎟  and B=

βS 0
0 βFX

⎛

⎝
⎜⎜

⎞

⎠
⎟⎟

.

The DCC-GARCH(1,1) of Engle [2002] overcomes the restrictive assumption of the 
CCC by allowing the conditional correlation matrix to be time varying. Consequently, Rt 
is the matrix of time-varying conditional correlations given by:

	 R t = (ρt
S,FX )= diag(Qt )[ ]−

1
2 ×Qt × diag(Qt )[ ]−

1
2 	 (Eq. 9)

Rt is the (2 × 2) symmetric positive-definite matrix, which depends on squared standard-
ized residuals ( ηt / ε t = ht ×ηt ), their unconditional variance-covariance matrix (Q ) 
and its own lagged value as represented in the following manner:

	 Qt = (1−α−β)Q+αηt−1 ′ηt−1 +βQt−1 	 (Eq. 10)

Where, α and β are non-negative scalars as it isα+β〈1 .
Subsequently, the conditional variance-covariance matrix of the DCC-GARCH(1,1) 

specification (Eq. 7) will be:
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Ht =DtRtDt =
ht
SS ht

SFX

ht
FXS ht

FXFX

⎛

⎝
⎜
⎜

⎞

⎠
⎟
⎟
=

ht
SS ρt

S,FX ht
SFX ×ht

FXS

ρt
S,FX ht

FXS ×ht
SFX ht

FXFX

⎛

⎝

⎜
⎜

⎞

⎠

⎟
⎟

	 (Eq. 11)

We then make use of another class of GARCH processes that model the conditional 
covariance matrix Ht rather than conditional correlations. The BEKK-GARCH class model 
defines the conditional variance-covariance matrix (Ht) as follows:

	 Ht =C ′C +Aε t−1 ′ε t−1 ′A +BHt−1 ′B 	 (Eq. 12)

The element C is a (2 × 2) upper triangular matrix of constants for the pair of markets; 
A is a (2×2) matrix of coefficients that capture the effects of own market and cross-market 
shocks; and B is a (2 × 2) matrix of coefficients that capture the own market volatility 
persistence and the volatility transmissions between stock and forex markets.

In view of that, the conditional variance and covariance processes take the following 
forms:

	
ht
S =CS +αS

2(ε t−1
S )2 +βS

2ht−1
S

ht
FX =CFX +αFX

2 (ε t−1
FX )2 +βFX

2 ht−1
FX

ht
SFX =CSFX +αSαFXε t−1

S ε t−1
FX +βSβFXht−1

SFX

⎧

⎨
⎪

⎩
⎪

	 (Eq. 13)

Where, ht
S and ht

FX are the conditional variances of rt
S and rt

FX. Eq. (13) thus shows that 
direct volatility transmission between stock and forex markets is not possible since the 
conditional volatility of each market depends only on its own shocks and its long-run 
persistence. This volatility model is covariance stationary whenαS

2 +βS
2 〈1 , αFX

2 +βFX
2 〈1  

and αSαFX +βSβFX 〈1 .
The estimation of the conditional variances and covariances allows computation of 

optimal weights of a stock-forex diversified portfolio, as well as optimal hedge ratios. We 
note that because normality condition is often rejected for economic and financial series, 
we follow Ling and McAleer [2003], and use the quasi-maximum likelihood estimation 
(QMLE) method to estimate the parameters of the model.

Descriptive Statistics and Empirical Results

Sources of Data and Descriptive Statistics
Our sample data are monthly return indices for eight national MENA stock markets 

(namely, Bahrain, Egypt, Kuwait, Morocco, the Kingdom of Saudi Arabia, Oman, Qatar 
and the United Arab Emirates) and the Eurodollar exchange rate series. The sample period 
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is February 26, 1999 to June 30, 2014. Stock market data were sourced from MSCI, and 
Eurodollar data from the European Central Bank, ECB, website.

We use monthly data for several reasons. First, monthly data allows a focus on strategic 
long term dealing, while weekly and daily data are best suited for short-term/medium 
tactical dealing. Second, potential biases arising from the bid-ask bounce, non-synchronous 
trading days, days of the week, weekend effects, and 5 or 7 days a week are avoided with 
monthly data. Third, the chosen sample period encompasses global recessions and special 
events, several sub-periods of economic growth and, of course, the recent global financial 
crisis, which marks an observable separate dynamic pattern since 2007. Stock and forex 
returns are computed by taking the natural logarithm of the ratio of two consecutive prices.

Table 1 reports the descriptive statistics of monthly returns. We note that they are sim-
ilar to the findings of previous studies. First, market returns show a significant departure 
from the normality hypothesis according to the Jarque – Bera test. Second, the analysis 
of stationarity, using the adf unit root test, shows clearly that the distribution of market 
returns is stationary at the 1% level, since the calculated ADF values are strictly below 
the critical threshold. The correlation structure of our monthly return series is examined 
using the Ljung – Box autocorrelation test of lags orders between 6 and 12. Results sug-
gest that stock returns are relatively not auto correlated. Finally, the Engle’s [1982] test for 
conditional heteroscedasticity rejects the null hypothesis of no ARCH effects for monthly 
returns, which lends support to use of the GARCH specification.

Stock Markets and Forex in MENA Countries
MENA markets share some common characteristics that are useful to explore. They 

have made progress in liberalizing trade, opening financial systems, and adopting mar-
ket-based financial systems. Indeed, capital markets of this region are focused on estab-
lishing financial centers and diversifying financial instruments in their respective markets. 
However, some heterogeneity deserves to be noted – such as age and size of some markets 
relative to others, the level of retail investment and the domination of a few sectors. Table 
2, displays some of these keys features.

Return Dynamics and Volatility Transmissions: Results and Discussion
The empirical analysis is conducted on eight return indices and seven bivariate VAR-

GARCH models (systems). Each system consists of stock versus forex market return 
indices. We then present and discuss the results.

The interdependencies and volatility spillovers between pairs of markets are summarized 
in tables 3 to 5 for the three VAR-GARCH class models. The computed CCC between 
stock and forex markets are low and significantly positive, except for Kuwait and Saudi 
Arabia. It ranges between 30.23% for Morocco and 15.74% for Egypt. The low correlations 
suggest factual and mutual interdependence between markets but allow for diversification 
benefits as well as hedging strategies. We remember here that since Grubel [1968], Levy 
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and Sarnat [1970] diversification benefits and Solnik [1974] international diversification 
benefits are sourced from low correlations between assets composing a given portfolio.

From the mean equation, we observe that stock returns depend on their own one 
period lagged return, with the exception for Bahrain, Saudi Arabia, Qatar and UAE. By 
contrast, forex market return indices are independent from their own past except for 
KSA. Notably, one lagged stock market return significantly affects all current forex mar-
ket returns, except for Morocco, Qatar and UAE. This result supports the stock oriented 
approach of Branson et al. [1977]. In the opposite direction, only Kuwait’s lagged forex 
market did not affect current stock market returns, contrary to the flow oriented model 
of Dornbusch and Fisher [1980]. This suggests about the evidence of short-term predicta-
bility. These findings corroborate recent studies [Shambora and Rossiter, 2007; Elder and 
Serletis, 2008; Arouri et al., 2011b].

On the subject of the conditional variance equation, common patterns are observed 
for both stock and forex markets. In fact, arch and garch coefficients are significant for 
a number of cases. The current conditional volatility of stock markets is significantly 
affected by both the own market past volatility and the one lagged volatility of forex mar-
kets of Morocco and only stock market conditional variance of Oman. However, the forex 
market does significantly help predict current conditional volatility, especially in the case 
of KSA, Kuwait, Oman, Qatar and the UAE.

ARCH terms exhibit relatively more suitable patterns and prove that current con-
ditional volatility depends on own past market shocks, except for Bahrain and Kuwait. 
We state that past own market impulses and bidirectional shocks are leading volatility 
spillovers between stock and forex markets, and help predict future pricing behaviors. 
Compared to GARCH terms, arch coefficients are relatively small, which allows the 
inference that conditional volatility does not react simultaneously to impulses on own 
market and bidirectional shocks. They are instead more likely to progress steadily over 
time regarding the substantial effects of past volatility, as indicated by the large values of 
GARCH terms. We state that the current findings seem plausible, and corroborate recent 
empirical investigations focusing on various interdependences such as oil versus stock 
sectors, and stock versus commodities markets. We cite, inter alia, Arouri et al. [2011ab, 
2012], Chang et al. [2011], Mensi et al. [2013, 2014].

Results of diagnostic tests based on standardized residuals are shown in each esti-
mation table. We find that departures from normality and autocorrelation are reduced 
to a greater extent than those presented in Table 1 (statistical properties of return series). 
More prominently, standardized residuals do not exhibit remaining arch effects. Therefore, 
the bivariate VAR(1)–GARCH(1,1) model better captures the bidirectional dynamics 
between stock and forex markets.

For the DCC model, interpretation of the conditional mean equation makes it pos-
sible to confirm the results obtained from the CCC specification model with slightly 
superior effect regarding significant coefficient values. Indeed, return dynamics of forex 
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significantly affect stock market returns, except for Kuwait, and corroborate the flow ori-
ented approach. This may be explained by the exchange rate regime of the Kuwaiti Dinar 
(kwd), compared to the other cases. Reciprocally, stock market return indices have an 
effect on forex markets, except for Morocco, Qatar and the UAE.

On the subject of the conditional variance equation, we observe that in contrast to the 
CCC, the DCC specification shows a significant effect of past forex volatility on current 
stock market volatility, especially for Oman. The effect of stock market conditional vol-
atility is persistent on the Bahraini, Saudi and Qatari stock markets, while for the forex 
market is persistent only in GCC countries. The results seem to be plausible insofar as 
GCC countries are providers of oil denominated in US dollars, constitute a large portion 
of overall international trade, and accumulate official foreign exchange reserves in such 
major global currencies as dollars, Euros, Pounds, and Yen. Looking at the total volume 
of public financial assets (including official reserves in addition to assets held by public 
investment vehicles), the GCC states presently hold an estimated USD 1.8 tr, of which 
Saudi Arabia and the United Arab Emirates hold together almost 75 percent. These assets 
amount to USD 45,000 per inhabitant, which, according to OPEC, IMF, OECD, exceeds 
for example, the per capita public wealth of China by a factor of 15.

Looking at the mean equations on the estimates of the VAR-BEKK-GARCH class 
models (Table 5), we observe that current stock returns depend significantly on own 
market one month lagged return in Kuwait, KSA, Morocco and Qatar, and on one period 
lagged forex returns for all countries. This result evidences the short-term predictability 
in some stock price changes over time. Regarding cross-markets mean interdependencies, 
the results were mixed, confirm the weak-form of informational efficiency, but help predict 
the trend of stock market pricing behavior. This observation corroborates the observations 
Mensi et al. [2014] using the DCC-GARCH and BEKK-GARCH class model for dynamic 
spillovers between international commodities markets.

Regarding the conditional variance equation, the current conditional volatility of 
the stock and forex markets is closely associated with own market past shocks (a11 and 
a22) for all countries and past conditional volatility (b11 and b22) for all countries except 
Kuwait. For spillover mechanisms, cross-markets shock effects (a12, a21) are found for stock 
markets that significantly affect forex in Egypt, Morocco, and Oman (a12) and for foreign 
exchange market shocks that affect stock market current pricing on Morocco, Oman and 
Qatar (a21). Stock-forex shocks are therefore perfectly interdependent in Egypt, Morocco 
and Oman. Morocco has a unique pattern regarding the own market and bilateral effects 
between stock and forex shocks. The conditional volatility of Kuwaiti, Moroccan, and the 
Qatari forex markets affect current stock market pricing volatility (b21). Reciprocally, stock 
market conditional volatility does not affect forex markets except for Saudi and Omani 
forex markets (b12).
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At the same, own market conditional variances are still influencing both stock and 
forex markets in Bahrain, Egypt, Saudi Arabia, Qatar, and the UAE (b11) and for Morocco, 
Saudi Arabia, Oman, Qatar and the UAE (b22).

Figure 1 displays the dynamics of conditional correlations obtained from the DCC-
GARCH and BEKK-GARCH class models. The conditional correlations are time-varying 
and marked by common blips. Significant fluctuations reached their highest level during 
the recent global financial crisis, peaking in, 2010 Q2 and 2011 Q3. Dips were also observed 
in 2003 Q2 (Iraq war) Q3, 2008 Q4 (Subprime crisis), and 2012 Q2 (the recent global 
recession). At the same, the BEKK-GARCH specification exhibit a continuous evolving 
over time with rising and falling periods.

The observed irregularity in some relationships can be explained by the special features 
of a number of markets, their microstructure, efficiency, and – especially – their exchange 
rate regimes, as well as the baskets of currencies that they are pegged to. For comparison, 
although both the DCC and BEKK estimates evolve similarly, the magnitude of the DCC 
dynamics is slightly different than observed from the BEKK specification. This finding 
confirms those obtained by recent empirical studies, such as Schmidbauer and Rösch 
[2012] and Mensi et al. [2014], which analyzed the effect of opec news announcements 
on energy-market volatility and dynamic spillovers.

Implications for Portfolio Management: Asset Allocation and Hedging
The estimation results have managerial implications for international investors. We 

compute optimal portfolio weights and hedge ratios and seek to appraise a diversification 
strategy using hedging efficiency statistics.

Optimal Portfolio Weights
According to Kroner and Ng [1998], the optimal weights of holding stock market 

indices and the forex are given by:

	 w t
forex ,stock = ht

stock −ht
forex ,stock

ht
forex − 2ht

forex ,stock +ht
stock 	 (Eq. 14)

	 wt
forex ,stock =

0 if wt
forex ,stock 〈 0

wt
forex ,stock if 0≤wt

forex ,stock ≤1
1 if wt

forex ,stock 〉1

⎧

⎨
⎪

⎩
⎪

	 (Eq. 15)

Where, w t
forex ,stock denotes the weight of the forex market index in the one-dollar portfolio 

of two assets at time t.  ht
stock and ht

forex refer to conditional variances of stock market return 
indices and the forex return index respectively. The term ht

forex ,stock is the conditional covar-
iance between the stock and forex markets at time t. The weight of the stock market in the 
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considered portfolio is obtained by computing the (1−wt
forex ,stock ). Statistics for portfolio 

weights are computed from fitting the cited three VAR(1)–GARCH(1,1) class models.

Hedging Strategy
Portfolio design might be likened to an early hedging strategy against adverse progress 

of asset prices. A timely strategy is also available for investors to the extent that they can 
decide on optimal portfolio hedge ratios. In that framework, the hedging question con-
sists of identifying how much a one dollar long position (buy) in a stock market should 
be hedged by a short position (sell) in βt dollar in a forex market. We follow Kroner and 
Sultan [1993] and use the hedge ratio that takes the following form:

	 βt =
ht

forex ,stock

ht
stock 	 (Eq. 16)

Table 6 summarizes the statistics of portfolio designs for three competing specifica-
tions of the VAR-GARCH class model. As shown in table 6, hedge ratios are typically low, 
which suggests that hedging efficiency involving stock and forex markets is quite good, 
and that incorporating foreign exchange in a diversified portfolio of stocks increases 
risk-adjusted performance.

Optimal weights in hedged portfolios vary substantially across stock and forex, but 
differ slightly across the used class models. These results corroborate those obtained by 
recent empirical studies, such as Arouri et al. [2011b]. The values of wt range between 
0,85 for the UAE in VAR-BEKK-GARCH model, and 0,98 for Egypt in the VAR-DCC-
GARCH class model.

On the whole, we observe that to maximize the risk-adjusted return of the same 
one-dollar stock-forex portfolio, international investors should hold, on average, fewer 
financial assets (i.e., stock) with a mean value of wt = 91%. When hedging with a forex 
market, he should overweight financial assets on the Moroccan market (wt = 94%) but 
underweight on the Omani market (wt = 88%). This finding suggests that forex provides 
a substantial alternative way to attain higher benefits, as well as hedging one’s position. 
For the the three class models we obtained equivalent findings, with relatively smaller 
values for BEKK specification. These results confirm those obtained by major recent 
investigations, such as that of Arouri et al. [2011b].

As for hedge ratios, we find that they vary between markets, but only slightly between 
the three competing class models. Average values ranged between 0.01 for Kuwait using 
VAR-CCC-GARCH, and 0.14 for Morocco using VAR-DCC-GARCH model. The great-
est values of βt were found for Morocco (ranging between 12.46% and 13.63%), and the 
smallest values were observed for Kuwait (ranging between 1% and 8.62%).

These results make it possible to deduce that the forex market is overweighted for 
either portfolio design or hedging strategies. The VAR-DCC-GARCH class models 
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overweighted forex assets to build or hedge positions on the international portfolio. 
We assume that the current findings offer several insights for short hedgers. Low ratios 
suggest that portfolio investment risk can be hedged by taking a short position on stock 
markets. For instance, the largest ratio, 0.1363, is for Morocco from the DCC-GARCH 
model, meaning that one-dollar long (buy) in the forex market index should be shorted 
(sell) by 13.63 cents of stock index.

Diversification and Hedging Efficiency
As previously stated, we draw on estimated optimal parameters (weights and hedg-

ing ratios) to manage and to simulate global portfolio diversification and to learn about 
hedging efficiency. We use the estimates of three VAR-GARCH class models to conceive 
three portfolios: a t full-stocks portfolio (PF1); a stock-forex weighted portfolio (PF2); 
and a full-forex portfolio (PF3). We then test the contribution of a weighted stock-forex 
portfolio to the unhedged stock portfolios (PF1 and PF3).

As a decision rule, we controlled for the efficiency of the diversification strategy by 
comparing the realized risk and return characteristics of the considered portfolios. We 
made use of the realized hedging errors of (Ku et al., 2007) which is presented as follows:

	 HE = varunhedg− varhedg

varunhedg
	 (Eq. 17)

Where, varunhedg and varhedg denotes the variances of the unhedged and hedged portfolios, 
respectively. A higher value of HE ratio represents a better hedging efficiency in terms of 
the portfolio’s variance reduction, and the associated investment method is then consid-
ered a successful hedging strategy.

Table 7 presents summary statistics of the diversification strategy of weighted portfolios, 
as well as values of the hedging efficiency ratio. We consider the non-diversified portfo-
lios and incorporate forex assets to implement the diversification strategy and assess the 
reward-to-risk and the hedging efficiency for each portfolio. The results show that adding 
forex assets to the diversified portfolios lessens its variance and improves the risk-adjusted 
return ratio. More importantly, this holds for all countries under all considered models.

From the perspective of return, the full stocks unhedged portfolio provides the best 
risk-adjusted return ratios in five out of eight pairs of stock-forex portfolios. From the 
perspective of variance, our findings show that hedging strategies involving stock and 
forex markets reduce portfolio variance. Variance reduction ranges from 67.1 percent 
(Kuwait in the BEKK specification) to 93.8 percent (Qatar in the BEKK specification). 
The variance reduction is significantly different between countries, but remains rela-
tively stable across the three VAR-GARCH class models. Portfolio variance is reduced, 
or hedging efficiency is greater, when the BEKK-GARCH and DCC-GARCH models 
are used. However, we state that the BEKK-GARCH is the best one. Chang et al. [2011], 
Arouri et al. [2011] reach the same finding regarding the superior ability of bivariate 
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diagonal BEKK-GARCH over the DCC-GARCH and CCC-GARCH when examining 
optimal hedging efficiency between crude oil spot and futures markets and between oil 
prices and stock sector returns, respectively. We observe here that the current findings 
are plausible, economically interpretable, and useful for portfolio management, as well 
as for governmental policy making.

Conclusion

The relationship between stock and forex markets is of fundamental importance for 
various investment or managerial decisions. Currency is often built-in as an asset in an 
internationally diversified portfolio. In the framework of the Mean-Variance approach, 
the variance of a diversified portfolio is determined by the correlation between the incor-
porated assets.

The aim of this article was to study the interdependence between stock and forex using 
the recent VAR-GARCH approach of McAleer [2003] and reveal interesting in portfolio 
management implications. We studied the conditional correlations between markets 
and were able to reach conclusions about portfolio designs and hedging efficiency. Our 
estimates from three specifications; namely the VAR-CCC-GARCH model of Bollerslev 
[1990], the VAR-BEKK-GARCH model of Engle and Kroner [1995], and the VAR-DCC-
GARCH model of Engle [2002] confirm the bidirectional interdependence between stock 
and forex markets and support both the stock oriented approach of Branson et al. [1977] 
and flow oriented approach of Dornbusch and Fisher [1980] in observing that the effect of 
stock market’s volatility is persistent on all markets, while forex market volatility is solely 
persistent in gcc countries. We note that the forex market is overweighted for either port-
folio designs or for hedging strategies. This positions forex markets as a mean to improve 
risk-adjusted performance and hedging efficiency. More importantly, this observation 
holds for all countries under our analysis and considered models.

An optimally hedged stock-forex portfolio outperforms full stock and full forex non-di-
versified portfolios and, additionally, the VAR-BEKK-GARCH specification is superior, 
followed by the VAR-DCC-GARCH specification. These findings align with recent, similar 
studies and has practical utility for portfolio managers and governmental policy makers.



Mongi Arfaoui,  Aymen Ben Rejeb88
TA

BL
E 

1.
 S

ta
tis

tic
al

 p
ro

pe
rt

ie
s f

or
 m

on
th

ly
 re

tu
rn

 se
ri

es

M
ea

n
St

d.
 D

ev
.

Sk
ew

ne
ss

Ku
rt

os
is

Ja
rq

ue
-B

er
a

A
D

F 
St

at
ist

ic
s

Q
(6

) 
Q

(1
2)

 
A

RC
H

(6
) 

A
RC

H
(1

2)
 

FO
RE

X
0.

11
1

2.
60

4
0.

00
1

2.
93

8
0.

02
2

–1
0.

10
1++

+
15

.6
00

++
19

.4
07

+
2.

93
2++

+
1.

74
8+

Ba
hr

ai
n

–0
.0

96
6.

43
9

–0
.9

63
6.

49
4

96
.2

24
++

+
–5

.1
63

++
+

48
.6

39
++

+
51

.8
52

++
+

3.
81

9++
+

2.
14

1++

Eg
yp

t
0.

56
0

9.
29

8
–0

.4
11

5.
49

8
41

.8
12

++
+

–1
0.

32
6++

+
26

.6
25

++
+

27
.6

45
++

+
0.

31
3

0.
58

1

K
in

gd
om

 o
f 

Sa
ud

i A
ra

bi
a

0.
82

7
8.

48
6

–1
.0

15
5.

28
7

56
.5

23
++

+
–9

.6
78

++
+

10
.7

78
+

16
.3

36
9.

93
6++

+
4.

69
3++

+

Ku
w

ai
t

0.
36

2
6.

28
9

–0
.7

27
4.

67
5

29
.7

64
++

+
–8

.0
69

++
+

29
.3

32
++

+
34

.0
69

++
+

2.
71

6++
2.

05
9++

M
or

oc
co

0.
39

7
5.

84
3

–0
.0

53
4.

06
1

6.
86

9++
–1

3.
17

5++
+

7.
53

6
11

.2
35

2.
79

2++
1.

63
5+

O
m

an
0.

58
4

5.
99

2
–1

.6
58

11
.7

97
53

4.
11

++
+

–5
.3

82
++

+
43

.3
65

++
+

71
.1

64
++

+
2.

32
3++

1.
11

0

Q
at

ar
1.

06
0

9.
80

6
0.

02
3

6.
61

6
79

.0
12

++
+

–9
.6

74
++

+
5.

56
7

10
.7

61
6.

07
0++

+
3.

14
9++

+

U
ni

te
d 

A
ra

b 
Em

ira
te

s
0.

38
1

6.
11

8
–0

.3
92

5.
21

8
33

.4
71

++
+

–1
0.

37
5++

+
35

.9
92

++
+

42
.1

70
++

+
4.

31
9++

+
2.

47
7++

+

N
ot

es
: Th

e t
ab

le
 p

re
se

nt
s b

as
ic

 st
at

ist
ic

s o
f m

on
th

ly
 re

tu
rn

s. 
C

ol
um

ns
 1

 to
 5

 ar
e r

es
er

ve
d 

to
 th

e m
ea

n 
(%

), 
th

e s
ta

nd
ar

d 
de

vi
at

io
n 

(%
), 

th
e s

ke
w

ne
ss

, t
he

 k
ur

to
sis

 an
d 

th
e J

ar
qu

e 
an

d 
Be

ra
 n

or
m

al
ity

 te
st

 st
at

ist
ic

s. 
Q

 (6
) a

nd
 Q

 (1
2)

 a
re

 st
at

ist
ic

s o
f t

he
 L

ju
ng

-B
ox

 a
ut

oc
or

re
la

tio
n 

te
st

 a
pp

lie
d 

to
 re

tu
rn

s w
ith

 la
gs

 b
et

w
ee

n 
6 

an
d 

12
. A

RC
H

 (6
) a

nd
 A

RC
H

 
(1

2)
 a

re
 th

e 
st

at
ist

ic
s o

f t
he

 c
on

di
tio

na
l h

et
er

os
ke

da
st

ic
ity

 te
st

 p
ro

po
se

d 
by

 E
ng

le
 (1

98
2)

, u
sin

g 
th

e 
re

sid
ua

ls 
of

 th
e 

A
R 

(1
) m

od
el

. A
D

F 
is 

th
e 

st
at

ist
ic

s o
f t

he
 A

D
F 

un
it 

ro
ot

 
te

st
 p

ro
po

se
d 

by
 D

ic
ke

y 
an

d 
Fu

lle
r (

19
81

). 
Th

e A
D

F 
te

st
 is

 co
nd

uc
te

d 
w

ith
ou

t t
im

e t
re

nd
 o

r c
on

st
an

t. 
+ , ++

 an
d 

++
+  d

en
ot

e t
ha

t t
he

 n
ul

l h
yp

ot
he

sis
 o

f t
es

ts
 (n

o-
au

to
co

rr
el

at
io

n,
 

no
rm

al
ity

, n
o-

st
at

io
na

rit
y 

an
d 

ho
m

og
en

ei
ty

) a
re

 re
je

ct
ed

 at
, r

es
pe

ct
iv

el
y, 

5%
 a

nd
 1

%
 le

ve
ls.

S
o

u
rc

e:
 o

w
n 

el
ab

or
at

io
n.



Return Dynamics and Volatility Spillovers Between FOREX and Stock Markets... 89
TA

BL
E 

2.
 M

EN
A

 st
oc

k 
ex

ch
an

ge
s a

nd
 fo

re
x 

m
ar

ke
ts

Ba
hr

ai
n

Eg
yp

t
Ku

w
ai

t
M

or
oc

co
O

m
an

Q
at

ar
K

SA
U

A
E

Pa
ne

l A
. S

to
ck

 m
ar

ke
ts

M
ar

ke
t c

ap
. (

U
SD

 b
n)

 
21

,5
22

73
,1

67
10

9,
50

0
55

,7
14

38
,7

46
19

7,
10

0
60

2,
50

0
22

0,
20

0
# 

lis
te

d 
co

m
pa

ni
es

47
23

6
21

6
75

13
1

43
16

8
12

2
M

ar
ke

t c
ap

. o
ve

r G
D

P
66

%
21

%
57

%
61

%
27

%
72

%
59

%
26

%
Sh

ar
e 

tu
rn

ov
er

 v
el

oc
ity

1,
5%

19
%

4,
8%

1.
7%

4,
1%

11
%

33
,7

%
15

,9
%

W
ei

gh
t i

n 
A

M
F 

in
de

x
1.

01
4.

64
8.

71
4.

11
2.

27
15

.0
5

42
.7

7
17

.5
6

O
w

ne
rs

hi
p 

st
ru

ct
ur

e
St

at
e-

ow
ne

d
Pu

bl
ic

 
in

st
itu

tio
n

St
at

e 
ow

ne
d

M
ut

ua
li-

se
d

St
at

e 
ow

ne
d

St
at

e 
ow

ne
d

St
at

e 
ow

ne
d

St
at

e 
ow

ne
d

Ex
ch

an
ge

 ra
te

 p
er

 U
SD

0.
37

7
7.

15
2

0.
28

2
8.

19
3

0.
38

5
3.

64
1

3.
75

0
3.

67
3

Pa
ne

l B
. F

or
ex

 A
rr

an
ge

m
en

ts
Ba

hr
ai

n
Pe

g 
to

 th
e 

U
S 

do
lla

r s
in

ce
 O

ct
ob

er
 1

96
5.

Eg
yp

t
D

e 
fa

ct
o 

cr
aw

lin
g 

ba
nd

 (±
5%

) a
ro

un
d 

U
S 

do
lla

r/
M

ul
tip

le
 ra

te
s u

nt
il 

O
ct

ob
er

 8
, 1

99
1,

 a
nd

 D
e 

fa
ct

o 
m

ov
in

g 
pe

g 
to

 U
S 

do
lla

r/
M

ul
tip

le
 ra

te
s.

Ku
w

ai
t

O
ffi

ci
al

 p
eg

 to
 th

e 
U

S 
do

lla
r w

ith
 o

ffi
ci

al
 b

an
d 

±3
.5

%
 -d

e 
fa

ct
o 

±–
1%

 u
nt

il 
M

ay
 1

9,
 2

00
7.

 D
e 

fa
ct

o 
pe

g 
to

 U
S 

do
lla

r, 
O

ffi
ci

al
ly

 
pe

gg
ed

 to
 a

n 
un

di
sc

lo
se

d 
ba

sk
et

 o
f c

ur
re

nc
ie

s.
M

or
oc

co
M

ov
in

g 
ba

nd
 a

ro
un

d 
eu

ro
 (±

2%
 b

an
d.

 o
ffi

ci
al

ly
 p

eg
ge

d 
to

 a
 b

as
ke

t o
f c

ur
re

nc
ie

s)
 u

nt
il 

O
ct

ob
er

 2
00

0 
an

d 
th

en
 D

e 
fa

ct
o 

cr
aw

lin
g 

pe
g 

to
 e

ur
o.

O
m

an
O

ffi
ci

al
 p

eg
 to

 th
e 

U
S 

do
lla

r s
in

ce
 Ja

nu
ar

y 
20

02
.

Q
at

ar
U

nt
il 

m
ar

ch
 1

97
5,

 Q
ua

ta
r R

iy
al

 re
pl

ac
es

 Q
ua

ta
r/

D
ub

ai
 R

iy
al

. A
nd

 th
en

 o
ffi

ci
al

ly
 p

eg
ge

d 
to

 th
e 

IM
F’

s S
D

R.
S.

 A
ra

bi
a

D
e 

fa
ct

o 
pe

g 
to

 th
e 

U
S 

do
lla

r.
U

. A
. E

m
ira

te
s

Si
nc

e 
Ja

nu
ar

y 
19

90
, o

ffi
ci

al
ly

 P
eg

 to
 U

S 
do

lla
r.

S
o

u
rc

e:
 I

nf
or

m
at

io
n 

so
ur

ce
d 

fr
om

 th
e 

A
ra

b 
M

on
et

ar
y 

Fu
nd

 (A
M

F)
 a

nd
 W

or
ld

 F
ed

er
at

io
n 

of
 E

xc
ha

ng
es

 (W
FE

). 
D

ec
em

be
r 2

01
4.



Mongi Arfaoui,  Aymen Ben Rejeb90
TA

BL
E 

3.
 E

st
im

at
io

n 
of

 V
A

R-
C

C
C

-G
A

RC
H

 m
od

el

Ba
hr

ai
n

Eg
yp

t
Ku

w
ai

t
K

SA
M

or
oc

co
O

m
an

Q
at

ar
U

A
E

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

Pa
ne

l A
: C

on
di

tio
na

l m
ea

n 
Eq

ua
tio

n

C
on

st
an

t
0.

01
63

(0
.9

50
5)

 

–0
.0

35
1

(0
.9

62
6)

 

0.
11

94

(0
.5

25
8)

 

0.
71

16

(0
.3

09
5)

 

–0
.0

05
5

(0
.9

83
9)

 

0.
02

37

(0
.9

69
9)

 

0.
04

66

(0
.7

95
3)

 

0.
03

56

(0
.9

41
5)

 

0.
10

89

(0
.5

10
3)

 

–0
.2

31
1

(0
.5

72
7)

 

0.
06

65

(0
.7

36
4)

 

0.
79

22

(0
.1

62
0)

 

0.
00

04

(0
.9

98
4)

 

0.
03

64

(0
.9

25
0)

 

0.
03

89

(0
.8

29
4)

 

0.
03

89

(0
.9

19
2)

 

St
oc

k 
{1

} 
0.

01
46

(0
.7

13
3)

 

0.
25

96
*

(0
.0

89
7)

 

0.
03

58
*

(0
.0

75
7)

 

0.
28

01
**

*

(0
.0

00
0)

 

0.
11

04
**

*

(0
.0

00
7)

 

0.
23

98
*

(0
.0

84
0)

 

–0
.0

06
1

(0
.7

41
7)

 

0.
27

06
**

*

(0
.0

02
8)

 

0.
10

28
**

*

(0
.0

00
5)

 

–0
.0

46
4

(0
.6

14
2)

 

0.
09

08
**

*

(0
.0

05
3)

 

0.
29

83
**

*

(0
.0

06
9)

 

0.
01

14

(0
.5

40
6)

 

–0
.0

13
7

(0
.9

14
3)

 

0.
00

50

(0
.8

67
9)

 

0.
15

23

(0
.2

09
1)

 

Fo
re

x 
{1

} 
0.

28
65

**

(0
.0

45
5)

 

0.
10

26

(0
.7

05
5)

 

0.
24

63
**

*

(0
.0

02
7)

 

–0
.1

21
3

(0
.6

30
1)

 

0.
12

09

(0
.3

09
8)

 

0.
00

31

(0
.9

90
9)

 

0.
25

62
**

*

(0
.0

01
8)

 

0.
59

95
**

(0
.0

19
7)

 

0.
19

68
**

*

(0
.0

08
0)

 

0.
13

25

(0
.4

75
6)

 

0.
18

78
*

(0
.0

96
2)

 

–0
.1

83
6

(0
.4

83
8)

 

0.
10

65
*

(0
.0

85
0)

 

0.
03

01

(0
.8

81
7)

 

0.
27

12
**

*

(0
.0

00
4)

 

0.
03

72

(0
.8

26
5)

 

Pa
ne

l B
: C

on
di

tio
na

l v
ar

ia
nc

e 
eq

ua
tio

n

co
ns

ta
nt

2.
32

16

(0
.4

60
1)

 

17
.0

63
4

(0
.2

69
1)

 

1.
80

39

(0
.6

43
2)

 

26
.5

63
7*

**

(0
.0

00
0)

 

2.
83

81

(0
.2

71
2)

 

8.
40

02

(0
.3

64
6)

 

2.
11

56

(0
.2

17
5)

 

0.
65

28

(0
.9

23
6)

 

2.
29

06

(0
.3

05
6)

 

31
.0

98
1*

**

(0
.0

00
0)

 

1.
22

04

(0
.5

55
6)

 

5.
80

88
**

*

(0
.0

00
0)

 

5.
03

88

(0
.3

76
2)

 

1.
27

19

(0
.8

54
0)

 

2.
50

63

(0
.1

95
5)

 

3.
14

96

(0
.6

21
6)

 

ε
−

(
)

t
1

sto
ck

2
–0

.0
22

3

(0
.3

75
6)

 

0.
10

57

(0
.2

37
4)

 

0.
02

57

(0
.8

04
7)

 

0.
01

91

(0
.5

88
8)

 

0.
02

81

(0
.1

34
8)

 

0.
05

70

(0
.2

37
1)

 

–0
.0

30
7*

(0
.0

54
2)

 

0.
05

40
*

(0
.0

80
1)

 

–0
.0

06
4

(0
.8

96
7)

 

0.
06

57
**

(0
.0

38
8)

 

0.
00

48

(0
.9

53
1)

 

0.
04

25

(0
.3

14
9)

 

–0
.1

29
**

*

(0
.0

00
0)

 

0.
04

06
*

(0
.0

89
5)

 

–0
.0

13
2

(0
.7

27
7)

 

0.
09

28

(0
.1

64
6)

 

ε
−

(
)

t
1

fo
re

x
2

–0
.1

76
9

(0
.7

44
9)

 

0.
29

80

(0
.3

07
4)

 

0.
65

23
**

*

(0
.0

00
1)

 

–0
.0

18
2

(0
.7

75
9)

 

–0
.0

41
0

(0
.9

28
7)

 

0.
25

21

(0
.1

01
9)

 

0.
06

37

(0
.8

81
1)

 

0.
33

89
*

(0
.0

56
4)

 

0.
38

68

(0
.1

57
8)

 

0.
19

59
*

(0
.0

70
9)

 

–0
.8

17
**

*

(0
.0

00
0)

 

0.
35

25
**

*

(0
.0

01
4)

 

0.
33

34

(0
.4

78
8)

 

0.
83

01
**

*

(0
.0

05
9)

 

–0
.0

66
5*

(0
.8

34
2)

 

0.
23

25
**

(0
.0

44
6)

 

−
h t

1
sto

ck
0.

59
53

(0
.3

19
4)

 

–0
.1

09
0

(0
.9

32
7)

 

0.
63

44

(0
.7

09
9)

 

–0
.0

49
3

(0
.9

77
1)

 

0.
37

53

(0
.5

69
8)

 

–0
.0

06
5

(0
.9

98
8)

 

0.
58

29

(0
.1

40
1)

 

0.
04

51

(0
.9

61
4)

 

1.
08

67
**

*

(0
.0

00
1)

 

–0
.8

12
3

(0
.3

50
9)

 

0.
78

49
*

(0
.0

64
6)

 

–0
.1

17
2

(0
.7

42
0)

 

0.
90

57

(0
.2

03
3)

 

0.
05

05

(0
.8

23
8)

 

0.
50

05

(0
.1

91
9)

 

0.
02

14

(0
.9

78
2)

 

−
h t

1
fo

re
x

–0
.0

03
4

(0
.9

99
7)

 

0.
24

01

(0
.7

23
4)

 

–0
.0

05
9

(0
.9

99
8)

 

0.
64

65

(0
.5

93
5)

 

0.
00

11

(0
.9

99
9)

 

0.
52

72
*

(0
.0

86
9)

 

0.
03

24

(0
.9

98
6)

 

0.
06

95
6*

**

(0
.0

00
6)

 

–4
.3

11
**

*

(0
.0

06
0)

 

0.
24

57

(0
.2

51
3)

 

–0
.0

44
4

(0
.9

88
5)

 

0.
56

64
**

(0
.0

15
3)

 

–0
.0

33
7

(0
.9

96
0)

 

0.
48

11
**

*

(0
.0

09
7)

 

–0
.0

20
8

(0
.9

97
2)

 

0.
67

76
**

*

(0
.0

05
8)

 

C
C

C
0.

22
18

**
* (

0.
00

00
) 

0.
15

74
**

 (0
.0

32
8)

 
0.

02
42

 (0
.7

85
2)

 
0.

04
95

 (0
.5

09
9)

 
0.

30
23

**
* (

0.
00

00
) 

0.
17

07
* (

0.
05

15
) 

0.
16

00
* (

0.
06

29
)

–8
14

.6
01

9

11
.5

50
0

0.
17

51
**

 (0
.0

21
3)

–9
63

.0
64

3

10
.6

52
8

Lo
g-

lik
el

ih
oo

d
–7

62
.7

68
6

–1
06

1.
67

15
–7

62
.8

35
9

–7
98

.2
06

9)
 

(–
96

5.
69

61
) 

–7
55

.9
71

3

A
IC

10
.8

30
1

11
.7

24
7

10
.8

58
8

11
.3

22
3

10
.6

81
5

10
.7

35
7

LB
1 Q

 (1
2)

LB
2 Q

 (1
2)

 

9.
20

75
 (0

.6
85

1)

16
.5

62
9 

(0
.1

66
8)

 

7.
29

22
 (0

.8
37

7)

12
.9

91
1 

(0
.3

69
7)

 

12
.5

79
8 

(0
.4

00
3)

9.
22

54
 (0

.6
83

6)
 

10
.5

47
6 

(0
.5

68
0)

2.
90

89
 (0

.9
96

2)
 

11
.6

43
4 

(0
.4

74
7)

14
.5

19
4 

(0
.2

68
8)

 

10
.7

71
6 

(0
.5

48
6)

21
.2

94
0 

(0
.0

46
2)

 

10
.9

00
7 

(0
.5

37
4)

7.
89

54
 (0

.7
93

3)
 

5.
46

90
 (0

.8
40

5)

18
.1

45
1 

(0
.1

11
4)

 

M
cL

eo
d-

Li
1 (1

2)

M
cL

eo
d-

Li
2 (1

2)
 

30
.3

48
6 

(0
.0

02
5)

11
.8

22
6 

(0
.4

60
0)

 

14
.9

06
3 

(0
.2

46
6)

10
.1

51
6 

(0
.6

02
7)

 

22
.0

95
4 

(0
.0

36
5)

2.
71

62
 (0

.9
97

2)
 

23
.7

31
7 

(0
.0

22
1)

4.
86

68
 (0

.9
62

3)
 

11
.5

59
4 

(0
.4

81
7)

5.
65

00
 (0

.9
32

7)
 

28
.1

15
3 

(0
.0

05
3)

4.
54

35
 (0

.9
71

5)
 

24
.8

76
2 

(0
.0

15
4)

11
.6

74
3 

(0
.4

72
2)

 

18
.1

82
7 

(0
.1

10
3)

8.
91

37
 (0

.7
10

3)
 

M
cL

eo
d-

Li
12  (1

2)

M
cL

eo
d-

Li
22  (1

2)
 

18
.4

65
7 

(0
.1

02
3)

4.
92

62
 (0

.9
60

4)
 

13
.4

21
4 

(0
.3

39
2)

5.
44

57
 (0

.9
41

4)
 

16
.3

46
6 

(0
.1

75
9)

1.
52

99
 (0

.9
99

9)
 

21
.0

45
6 

(0
.0

49
7)

4.
51

08
 (0

.9
72

4)
 

5.
37

21
 (0

.9
44

4)

1.
12

97
 (0

.9
99

9)
 

11
.9

34
7 

(0
.4

50
9)

1.
75

55
 (0

.9
99

7)
 

18
.9

36
2 

(0
.0

90
1)

5.
40

30
 (0

.9
43

1)
 

15
.0

06
6 

(0
.2

41
1)

11
.9

88
1 

(0
.4

46
6)

 

U
sa

bl
e 

O
bs

.
14

4
18

4
14

4
14

4
18

4
14

4
14

4
14

4

S
o

u
rc

e:
 o

w
n 

el
ab

or
at

io
n.



Return Dynamics and Volatility Spillovers Between FOREX and Stock Markets... 91
TA

BL
E 

4.
 E

st
im

at
io

n 
of

 V
A

R-
D

C
C

-G
A

RC
H

 m
od

el

Ba
hr

ai
n

Eg
yp

t
Ku

w
ai

t
K

SA
M

or
oc

co
O

m
an

Q
at

ar
U

A
E

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

St
oc

k
Fo

re
x

Pa
ne

l A
: C

on
di

tio
na

l m
ea

n 
eq

ua
tio

n

C
on

st
an

t
0.

06
58

(0
.7

60
4)

 

0.
15

84

(0
.7

72
0)

 

0.
04

46

(0
.8

04
3)

 

0.
31

48

(0
.6

54
6)

 

–0
.0

42
7

(0
.8

40
1)

 

–0
.0

08
5

(0
.9

85
7)

 

0.
00

25

(0
.9

89
5)

 

0.
04

04

(0
.9

38
4)

 

0.
14

00

(0
.3

79
8)

 

0.
03

71

(0
.9

28
1)

 

0.
11

18

(0
.5

45
7)

 

0.
25

61

(0
.5

68
5)

 

0.
04

89

(0
.8

76
) 

0.
06

29

(0
.9

68
9)

 

0.
02

81

(0
.8

96
) 

–0
.0

28
5

(0
.9

59
8)

 

St
oc

k 
{1

} 
0.

02
00

(0
.6

14
2)

 

0.
32

6*
**

(0
.0

09
9)

 

0.
04

04
**

(0
.0

48
9)

 

0.
19

8*
**

(0
.0

06
9)

 

0.
11

8*
**

(0
.0

01
3)

 

0.
22

97
**

(0
.0

44
8)

 

–0
.0

17
7

(0
.2

64
3)

 

0.
23

54
**

(0
.0

23
5)

 

0.
08

3*
**

(0
.0

00
6)

 

–0
.0

71
6

(0
.3

48
8)

 

0.
07

5*
**

(0
.0

09
7)

 

0.
21

66
**

(0
.0

44
2)

 

0.
00

92

(0
.6

68
) 

0.
05

54

(0
.6

79
9)

 

–0
.0

17

(0
.6

76

0.
07

92

(0
.6

41
2)

 

Fo
re

x 
{1

} 
0.

27
5*

**

(0
.0

07
7)

 

0.
02

10

(0
.9

25
9)

 

0.
26

6*
**

(0
.0

00
5)

 

0.
10

11

(0
.6

85
2)

 

0.
15

41

(0
.1

65
8)

 

–0
.0

11
6

(0
.9

61
2)

 

0.
24

0*
**

(0
.0

02
8)

 

0.
41

57
**

(0
.0

51
1)

 

0.
28

7*
**

(0
.0

00
1)

 

0.
22

15

(0
.1

95
3)

 

0.
25

7*
**

(0
.0

00
0)

 

0.
24

90

(0
.2

23
9)

 

0.
31

**

(0
.0

31
) 

0.
09

60

(0
.7

68
9)

 

0.
21

**

(0
.0

21
) 

0.
05

39

(0
.8

07
8)

 

Pa
ne

l B
: C

on
di

tio
na

l v
ar

ia
nc

e 
eq

ua
tio

n

C
on

st
an

t
2.

46
13

*

(0
.0

75
1)

 

12
.9

42
4

(0
.2

69
8)

 

5.
72

08
*

(0
.0

51
5)

 

63
.2

91
3*

(0
.0

51
6)

 

1.
95

14

(0
.3

91
3)

 

2.
37

47

(0
.6

54
6)

 

2.
21

9*
**

(0
.0

00
8)

 

1.
72

39

(0
.5

59
6)

 

4.
02

87

(0
.1

16
7)

 

29
.0

8*
**

(0
.0

00
2)

 

7.
77

3*
**

(0
.0

00
0)

 

17
.6

7*
**

(0
.0

00
1)

 

2.
21

94

(0
.1

06
) 

1.
30

48

(0
.5

69
) 

3.
65

48

(0
.3

07
) 

3.
78

65

(0
.2

27
4)

 

ε
−

(
)

t
1

sto
ck

2
–0

.0
45

1

(0
.5

86
9)

 

0.
09

08

(0
.3

16
5)

 

–0
.0

71
7

(0
.3

21
4)

 

–0
.0

07
5

(0
.7

56
7)

 

–0
.0

47
6

(0
.5

76
3)

 

0.
03

66

(0
.6

37
7)

 

0.
01

45

(0
.8

25
1)

 

0.
06

9*
**

(0
.0

02
0)

 

–0
.0

36
8

(0
.6

13
5)

 

–0
.0

16
6

(0
.6

75
4)

 

–0
.0

87
2

(0
.3

29
6)

 

–0
.0

18
5

(0
.2

78
2)

 

–0
.0

13

(0
.9

05
) 

0.
06

**
*

(0
.0

00
0)

 

–0
.0

16

(0
.6

97
) 

0.
09

39

(0
.1

54
1)

 

ε
−

(
)

t
1

fo
re

x
2

–0
.0

26
6

(0
.9

44
5)

 

0.
20

28

(0
.2

45
4)

 

0.
76

56
*

(0
.0

74
5)

 

0.
13

51

(0
.1

96
2)

 

0.
07

83

(0
.8

49
5)

 

0.
17

32

(0
.1

28
9)

 

0.
04

36

(0
.9

48
9)

 

0.
40

18
*

(0
.0

65
1)

 

0.
56

36
*

(0
.0

76
5)

 

0.
14

60

(0
.2

87
7)

 

0.
53

96
*

(0
.0

65
9

0.
11

69

(0
.2

78
7)

 

–0
.0

15

(0
.9

79
) 

0.
66

3*
*

(0
.0

34
9)

 

0.
01

91

(0
.9

62
) 

0.
27

8*
*

(0
.0

49
9)

 

−
h t

1
sto

ck
0.

38
9*

**

(0
.0

00
6)

 

0.
20

23

(0
.7

48
3)

 

–0
.2

72
6

(0
.6

70
1)

 

0.
26

92

(0
.2

15
2)

 

0.
56

56

(0
.4

36
7)

 

0.
08

94

(0
.8

69
5)

 

0.
56

5*
**

(0
.0

01
0)

 

–0
.0

27
9

(0
.7

13
0)

 

–0
.5

84
5

(0
.1

22
5)

 

1.
12

44
*

(0
.0

72
9)

 

–0
.6

01
8

(0
.1

95
6)

 

0.
26

39

(0
.6

03
1)

 

0.
60

**

(0
.0

37
) 

–0
.0

34
3

(0
.6

68
1)

 

0.
26

71

(0
.7

62
) 

0.
01

86

(0
.9

71
8)

 

−
h t

1
fo

re
x

–0
.0

16
9

(0
.9

94
4)

 

0.
40

25

(0
.4

54
8)

 

3.
00

53

(0
.1

73
4)

 

–0
.1

61
6

(0
.7

35
7)

 

0.
37

06

(0
.9

03
0)

 

0.
73

2*
**

(0
.0

00
3)

 

0.
02

57

(0
.9

87
8)

 

0.
64

9*
**

(0
.0

00
0)

 

–2
.0

51
4

(0
.2

38
9)

 

0.
07

67

(0
.8

01
7)

 

–7
.4

6*
**

(0
.0

00
0)

 

0.
59

3*
**

(0
.0

00
0)

 

–0
.0

13

(0
.9

94
) 

0.
58

**
*

(0
.0

00
2)

 

0.
03

06

(0
.9

89
) 

0.
62

**
*

(0
.0

04
6)

 

D
C

C

k 1 k 2

0.
09

91
 (0

.5
39

3)

0.
18

03
 (0

.8
35

6)
 

0.
19

97
**

 (0
.0

36
2)

0.
46

67
 (0

.0
66

5)
 

0.
14

45
 (0

.2
88

3)

0.
00

52
 (0

.9
81

3)
 

0.
42

77
**

* (
0.

00
11

)

(0
.0

05
0 

(0
.9

74
5)

 

0.
05

67
 (0

.1
45

9)

0.
88

89
 (0

.0
00

0)
 

0.
14

93
**

* (
0.

00
32

)

0.
06

15
 (0

.7
99

7)
 

0.
20

31
 (0

.2
12

1)

0.
26

93
 (0

.7
33

9)
 

0.
13

02
 (0

.3
74

2)

0.
11

65
 (0

.8
14

1)
 

Lo
g-

lik
el

ih
oo

d
–7

65
.1

25
3

–1
06

0.
46

83
–7

62
.2

77
5

–7
93

.3
35

8
–9

62
.2

34
3

–7
49

.8
80

0
–8

09
.8

96
5

–9
61

.8
31

2

A
IC

10
.8

76
7

11
.7

22
5

10
.8

37
2

11
.2

68
5

10
.6

54
7

10
.6

65
0

11
.4

98
5

10
.6

50
3

LB
1 Q

 (1
2)

LB
2 Q

 (1
2)

 

8.
76

87
 (0

.7
22

6)

15
.8

28
6 

(0
.1

99
2)

 

7.
37

49
 (0

.8
31

9)

11
.7

28
4 

(0
.4

67
7)

 

12
.1

14
2 

(0
.4

36
6)

9.
62

58
 (0

.6
48

7)
 

11
.6

20
8 

(0
.4

76
6)

3.
25

59
 (0

.9
93

5)
 

9.
09

80
 (0

.6
94

5

14
.0

35
8 

(0
.2

98
4)

 

12
.6

05
6 

(0
.3

98
3)

18
.6

26
8 

(0
.0

97
9)

 

7.
59

44
 (0

.8
16

0)

6.
77

56
 (0

.8
72

1)
 

6.
76

28
 (0

.8
72

9)

20
.4

91
1 

(0
.0

58
3)

 

M
cL

eo
d-

Li
1 (1

2)

M
cL

eo
d-

Li
2 (1

2)
 

27
.5

90
8 

(0
.0

06
3)

9.
34

95
 (0

.6
72

8)
 

16
.2

68
4 

(0
.1

79
3)

11
.7

21
8 

(0
.4

68
3)

 

24
.0

83
8 

(0
.0

19
8)

3.
28

29
 (0

.9
93

2)
 

22
.6

66
1 

(0
.0

30
7)

4.
63

39
 (0

.9
69

1)
 

11
.2

82
6 

(0
.5

04
9)

6.
83

78
 (0

.8
68

1)
 

26
.2

04
2 

(0
.0

10
0)

7.
97

47
 (0

.7
87

1)
 

32
.1

19
3 

(0
.0

01
3)

8.
12

91
 (0

.7
75

0)
 

18
.4

06
1 

(0
.1

03
9)

8.
39

75
 (0

.7
53

3)
 

M
cL

eo
d-

Li
12  (1

2)

M
cL

eo
d-

Li
22  (1

2)
 

16
.2

82
5 

(0
.1

78
6)

4.
20

24
 (0

.9
79

5)
 

14
.5

81
1 

(0
.2

65
1)

6.
35

60
 (0

.8
97

1)
 

17
.2

96
3 

(0
.1

38
8)

6.
50

65
 (0

.8
88

4)
 

19
.1

92
9 

(0
.0

84
0)

4.
03

12
 (0

.9
82

9)
 

8.
86

13
 (0

.7
14

7

1.
84

58
 (0

.9
99

6)
 

20
.5

17
6 

(0
.0

57
9)

3.
06

38
 (0

.9
95

1)
 

22
.2

64
1 

(0
.0

34
7)

2.
24

62
 (0

.9
98

9)
 

16
.3

64
7 

(0
.1

75
1)

13
.3

08
6 

(0
.3

47
0)

 

U
sa

bl
e 

O
bs

.
14

4
18

4
14

4
14

4
18

4
14

4
14

4
14

4

S
o

u
rc

e:
 o

w
n 

el
ab

or
at

io
n.



Mongi Arfaoui,  Aymen Ben Rejeb92
TA

BL
E 

5.
 E

st
im

at
io

n 
of

 V
A

R-
BE

K
K

-G
A

RC
H

 m
od

el

Ba
hr

ai
n

Eg
yp

t
Ku

w
ai

t
K

SA
M

or
oc

co
O

m
an

Q
at

ar
U

A
E

Pa
ne

l A
: C

on
di

tio
na

l m
ea

n 
eq

ua
tio

n

C
on

st
an

t
0.

34
86

 (0
.1

17
5)

 
0.

09
75

 (0
.5

87
8)

 
0.

13
44

 (0
.4

95
4)

 
0.

22
22

 (0
.2

78
4)

 
0.

18
12

 (0
.2

63
1)

 
0.

23
53

 (0
.2

31
7)

 
0.

23
27

 (0
.2

27
1)

 
0.

14
51

 (0
.4

35
4)

 

St
oc

k 
{1

} 
0.

01
41

 (0
.7

02
1)

 
0.

03
26

 (0
.1

25
4)

 
0.

09
70

**
* (

0.
00

30
) 

0.
41

46
* (

0.
08

80
) 

0.
14

21
**

* (
0.

00
05

) 
0.

03
03

 (0
.4

62
9)

 
0.

00
72

* (
0.

07
87

) 
0.

03
38

 (0
.2

90
2)

 

Fo
re

x 
{1

} 
0.

18
74

* (
0.

09
85

) 
0.

25
99

**
* (

0.
00

16
) 

0.
22

81
**

 (0
.0

18
5)

 
0.

22
95

**
 (0

.0
17

7)
 

0.
25

22
**

* (
0.

00
25

) 
0.

21
67

**
 (0

.0
14

5)
 

0.
28

97
**

* (
0.

00
42

) 
0.

24
10

**
* (

0.
00

62
) 

C
on

st
an

t
0.

95
24

* (
0.

05
87

) 
0.

57
95

 (0
.4

09
0)

 
0.

75
68

* (
0.

09
46

) 
1.

56
24

**
 (0

.0
03

7)
 

0.
18

85
**

 (0
.0

12
5)

 
0.

41
99

 (0
.4

14
6)

 
1.

02
97

**
 (0

.0
49

1)
 

0.
08

32
 (0

.9
83

4)
 

St
oc

k 
{1

} 
0.

26
57

* (
0.

05
10

) 
0.

20
93

**
 (0

.0
11

7)
 

0.
15

89
* (

0.
07

95
) 

0.
14

47
 (0

.1
09

1)
 

0.
02

27
 (0

.7
45

8)
 

0.
16

65
* (

0.
09

51
) 

0.
00

93
* (

0.
09

30
) 

0.
20

53
**

 (0
.0

48
4)

 

Fo
re

x 
{1

} 
–0

.0
50

7 
(0

.7
98

2)
 

0.
12

91
 (0

.6
64

2)
 

–0
.1

35
1 

(0
.5

81
4)

 
0.

28
97

 (0
.2

58
5)

 
0.

12
70

 (0
.5

28
4)

 
0.

18
74

 (0
.4

78
7)

 
0.

31
05

 (0
.1

52
5)

 
0.

26
52

 (0
.1

03
1)

 

Pa
ne

l B
: C

on
di

tio
na

l v
ar

ia
nc

e 
eq

ua
tio

n

C
 (1

,1
) 

1.
08

33
 (0

.1
44

5)
 

0.
63

27
 (0

.7
63

3)
 

1.
24

79
 (0

.1
32

8)
 

1.
79

36
**

* (
0.

00
01

) 
0.

90
41

 (0
.3

69
4)

 
1.

93
34

**
* (

0.
00

00
) 

0.
54

74
 (0

.2
44

7)
 

1.
23

82
 (0

.1
89

4)
 

C
 (2

,1
) 

2.
02

71
 (0

.6
56

8)
 

5.
18

75
 (0

.1
97

4)
 

–1
.9

58
5 

(0
.6

56
9)

 
0.

68
82

 (0
.5

77
5)

 
–3

.1
14

0 
(0

.6
29

0)
 

0.
44

27
 (0

.6
79

6)
 

0.
55

63
 (0

.4
43

9)
 

1.
18

02
 (0

.1
47

7)
 

C
 (2

,2
) 

3.
37

58
 (0

.3
32

1)
 

0.
16

42
**

 (0
.0

21
5)

 
–0

.0
16

1*
* (

0.
03

96
) 

0.
27

11
**

 (0
.0

23
1)

 
0.

40
28

**
 (0

.0
19

4)
 

0.
08

63
 (0

.1
68

4)
 

–0
.3

93
0*

 (0
.0

74
2)

 
0.

04
94

* (
0.

08
40

) 

A
 (1

,1
) 

0.
25

65
* (

0.
09

92
) 

0.
19

68
 (0

.1
61

7)
 

0.
09

24
 (0

.6
60

3)
 

0.
27

23
* (

0.
06

24
) 

0.
46

90
**

* (
0.

00
01

) 
–0

.1
32

7 
(0

.5
06

2)
 

0.
18

13
* (

0.
05

69
) 

0.
20

35
* (

0.
05

57
) 

A
 (1

,2
) 

–0
.0

40
0 

(0
.9

01
3)

 
1.

09
21

* (
0.

04
60

) 
0.

32
11

 (0
.3

54
4)

 
0.

65
05

 (0
.1

29
8)

 
0.

97
41

**
* (

0.
00

02
) 

1.
13

05
**

* (
0.

00
01

) 
–0

.2
68

5 
(0

.2
01

4)
 

0.
18

54
 (0

.3
80

3)
 

A
 (2

,1
) 

0.
03

09
 (0

.5
94

3)
 

0.
04

80
 (0

.1
34

9)
 

0.
06

73
 (0

.1
90

3)
 

0.
03

11
 (0

.3
17

6)
 

–0
.2

61
0 

(0
.0

00
0)

 
0.

19
09

**
 (0

.0
11

6)
 

0.
03

77
**

 (0
.0

19
9)

 
0.

04
31

 (0
.3

01
8)

 

A
 (2

,2
) 

0.
68

41
**

* (
0.

00
00

) 
0.

33
24

**
 (0

.0
10

6)
 

0.
53

71
**

* (
0.

00
02

) 
0.

55
57

**
* (

0.
00

00
) 

–0
.0

50
0 

(0
.5

99
5)

 
0.

28
62

**
* (

0.
00

29
) 

0.
56

85
**

* (
0.

00
00

) 
0.

40
03

**
* (

0.
00

08
) 

B 
(1

,1
) 

0.
82

30
**

* (
0.

00
04

) 
0.

93
31

**
* (

0.
00

21
) 

0.
41

98
 (0

.2
24

7)
 

–0
.4

15
9 

(0
.3

20
0)

 
–0

.1
64

9 
(0

.6
04

5)
 

–0
.2

03
1 

(0
.4

76
5)

 
0.

94
34

**
* (

0.
00

00
) 

0.
81

62
**

* (
0.

00
38

) 

B 
(1

,2
) 

–0
.3

63
1 

(0
.7

74
3)

 
–0

.5
02

7 
(0

.8
36

2)
 

2.
04

24
 (0

.2
12

7)
 

–1
.2

89
4*

**
 (0

.0
01

7)
 

0.
51

78
 (0

.4
90

1)
 

–1
.3

84
1*

**
 (0

.0
03

4)
 

–0
.1

07
7 

(0
.2

42
1)

 
–0

.3
32

6 
(0

.2
68

5)
 

B 
(2

,1
) 

0.
01

58
 (0

.8
65

7)
 

–0
.0

42
1 

(0
.5

09
8)

 
–0

.2
66

7*
 (0

.0
54

4)
 

–0
.0

86
6 

(0
.1

39
9)

 
0.

29
31

**
 (0

.0
11

4)
 

–0
.0

58
5 

(0
.5

36
2)

 
–0

.0
71

0*
 (0

.0
57

5)
 

–0
.0

13
1 

(0
.7

20
3)

 

B 
(2

,2
) 

0.
38

20
 (0

.2
10

1)
 

0.
66

83
 (0

.1
51

9)
 

0.
04

92
 (0

.8
32

3)
 

0.
76

04
**

* (
0.

00
00

) 
0.

62
91

* (
0.

05
46

) 
0.

69
24

**
* (

0.
00

05
) 

0.
87

22
**

* (
0.

00
00

) 
0.

89
16

**
* (

0.
00

00
) 

Lo
g-

lik
el

ih
oo

d
–7

67
.9

28
2

–1
06

1.
73

00
–7

63
.3

98
2

–7
97

.6
44

6
–9

63
.3

51
6

–7
56

.8
65

7
–8

09
.0

37
3

–9
65

.6
21

7

A
IC

10
.9

01
8

11
.7

25
3

10
.8

38
8

11
.3

14
5

10
.6

56
0

10
.7

48
1

11
.4

72
7

10
.6

80
6

LB
1 

Q
 (1

2)

LB
2 

Q
 (1

2)
 

12
.1

75
6 

(0
.4

31
7)

16
.5

94
3 

(0
.1

65
5)

 

7.
26

59
 (0

.8
39

5)

10
.2

24
9 

(0
.5

96
2)

 

9.
45

68
 (0

.6
63

5)

10
.2

09
7 

(0
.5

97
6)

 

11
.8

64
4 

(0
.4

56
6)

5.
16

07
 (0

.9
52

4)
 

8.
13

19
 (0

.7
74

7)

11
.0

30
9 

(0
.5

26
3)

 

12
..0

35
8 

(0
.4

42
8)

27
.7

19
5 

(0
.0

06
1)

 

9.
22

16
 (0

.6
83

9)

8.
54

81
 (0

.7
41

0)
 

7.
11

82
 (0

.8
49

7)

17
.0

55
8 

(0
.1

47
5)

 

M
cL

eo
d-

Li
1 (

12
)

M
cL

eo
d-

Li
2 (

12
) 

20
.0

62
1 

(0
.0

65
9)

11
.5

90
7 

(0
.4

79
1)

 

15
.8

44
0 

(0
.1

98
5)

13
.1

08
6 

(0
.3

61
2)

 

22
.6

78
0 

(0
.0

30
6)

5.
25

98
 (0

.9
48

7)
 

24
.6

05
1 

(0
.0

16
8)

4.
89

05
 (0

.9
61

5)
 

5.
19

07
 (0

.9
51

3)

11
.7

38
8 

(0
.4

66
9)

 

27
.0

98
1 

(0
.0

07
5)

21
.3

67
6 

(0
.0

45
2)

 

26
.5

41
8 

(0
.0

09
0)

9.
67

69
 (0

.6
44

3)
 

18
.6

81
2 

(0
.0

96
5)

7.
06

76
 (0

.8
53

1)
 

M
cL

eo
d-

Li
12

 (1
2)

M
cL

eo
d-

Li
22

 (1
2)

 

10
.1

74
7 

(0
.6

00
6)

5.
80

07
 (0

.9
25

8)
 

15
.3

47
4 

(0
.2

23
0)

8.
59

89
 (0

.7
36

7)
 

17
.1

08
7 

(0
.1

45
6)

3.
33

31
 (0

.9
92

7)
 

13
.4

15
2 

(0
.3

39
6)

2.
47

99
 (0

.9
98

2)
 

6.
39

85
 (0

.8
94

7)

4.
13

67
 (0

.9
80

8)
 

23
.6

48
2 

(0
.0

22
7)

9.
58

55
 (0

.6
52

3)
 

15
.5

24
8 

(0
.2

13
1)

4.
90

06
 (0

.9
61

2)
 

17
.2

41
5 

(0
.1

40
7)

 

5.
10

44
 (0

.9
54

4)
 

U
sa

bl
e 

O
bs

.
14

4
18

4
14

4
14

4
18

4
14

4
14

4
14

4

S
o

u
rc

e:
 o

w
n 

el
ab

or
at

io
n.



Return Dynamics and Volatility Spillovers Between FOREX and Stock Markets... 93

TABLE 6.  Summary statistics for optimal weights and hedge ratios

Portfolio Weights & hedge 
ratios VAR-CCC-GARCH VAR-DCC-GARCH VAR-BEKK-GARCH

Bahrain/forex
ωt 0.9167 0.9332 0.8977
βt 0.0906 0.1074 0.0778

Egypt/forex
ωt 0.9662 0.9753 0.9651
βt 0.0797 0.0582 0.0420

Kuwait/forex
ωt 0.8706 0.9238 0.8619
βt 0.0095 0.0862 0.0370

Morocco/forex
ωt 0.9444 0.9308 0.9409
βt 0.1246 0.1363 0.1291

KSA/forex
ωt 0.8873 0.9099 0.9093
βt 0.0176 0.0548 0.0621

Oman/forex
ωt 0.8672 0.8881 0.8749
βt 0.0627 0.1051 0.0607

Qatar/forex
ωt 0.8959 0.9118 0.8865
βt 0.0583 0.0823 0.0737

UAE/forex
ωt 0.8627 0.8912 0.8473
βt 0.0818 0.1098 0.0618

Notes: The data are summary statistics for the average values of optimal weights (wt) and hedge ratios (βt) for a stock-forex 
portfolio using conditional variance and covariance estimated from three competitive volatility spillover models for a bivariate 
specification.
S o u r c e :  own elaboration.

TABLE 7.  Diversification and hedging efficiency

Mean Std. 
Dev.

Risk-
adjusted 
return 
(x100) 

HE Mean Std. 
Dev.

Risk-
adjusted 
return
(x100) 

HE

Bahrain/Forex Morocco/Forex
PF1. –0.0968 6.4392 –1.5033 – 0.3970 5.8430 6.7945 –
PF2. VAR-CCC-GARCH 0.0937 2.5600 3.6591 0.8419 0.1269 2.5761 4.9261 0.806
PF2. VAR-DCC-GARCH 0.0971 2.5094 3.8701 0.8481 0.1308 2.4798 5.2742 0.820
PF2. VAR-BEKK-GARCH 0.0114 1.9758 0.5747 0.9058 0.1279 2.9742 4.3003 0.741
PF3. 0.1110 2.6040 4.2627 – 0.1110 2.6040 4.2627 –

Egypt/Forex Oman/Forex
PF1. 0.5600 9.2980 6.0228 – 0.5850 5.9930 9.7614 –
PF2. VAR-CCC-GARCH 0.1262 2.5842 4.8827 0.9228 0.1739 2.5192 6.9048 0.823
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PF2. VAR-DCC-GARCH 0.1221 2.5953 4.7043 0.9221 0.1640 2.5022 6.5559 0.826
PF2. VAR-BEKK-GARCH 0.1267 2.5168 5.0330 0.9267 0.1743 4.2850 3.9743 0.489
PF3. 0.1110 2.6040 4.2627 – 0.1110 2.6040 4.2627 –

Kuwait/Forex Qatar/Forex
PF1. 0.3630 6.2890 5.7720 – 1.0603 9.8066 10.8121 –
PF2. VAR-CCC-GARCH 0.1436 2.4271 5.9168 0.851 0.2098 2.6920 7.7942 0.925
PF2. VAR-DCC-GARCH 0.1302 2.5198 5.1671 0.839 0.1947 2.6870 7.2471 0.925
PF2. VAR-BEKK-GARCH 0.1458 3.6092 4.0397 0.671 0.2187 2.4409 8.9617 0.938
PF3. 0.1110 2.6040 4.2627 – 0.1110 2.6040 4.2627 –

KSA/Forex UAE/Forex
PF1. 0.8280 8.4864 9.7568 – 0.3810 6.1180 6.2275 –
PF2. VAR-CCC-GARCH 0.1918 4.3047 4.4557 0.743 0.1481 2.5324 5.8471 0.829
PF2. VAR-DCC-GARCH 0.1756 4.5199 3.8851 0.716 0.1404 2.4962 5.6236 0.834
PF2. VAR-BEKK-GARCH 0.1760 3.2413 5.4309 0.854 0.1502 2.0331 7.4875 0.890
PF3. 0.1110 2.6040 4.2627 – 0.1110 2.6040 4.2627 –

S o u r c e :  own elaboration.

FIGURE 1. � Correlation between FOREX and MENA stock markets with different 
estimated models
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Correlation between FOREX AND MOROCCO (VAR-DCC-GARCH)
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Correlation between FOREX AND KSA (VAR-DCC-GARCH)
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Correlation between FOREX AND KUWAIT(VAR-DCC-GARCH)
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Correlation between FOREX AND QATAR (VAR-DCC-GARCH)
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S o u r c e :  own elaboration.

Notes
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