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ABSTRACT

This paper explores the relationship between two US stock market indices, namely, Dow Jones and NASDAQ, and
ten stock indices of the Middle East and North Africa (MENA). Discrete wavelet transform is applied to a daily
original data set, covering the period from June 29, 2001 to May 5, 2009, to obtain less noisy data. Autocorrelation
function (ACF) is then used to determine the differences in obtain less noisy series between the original and
approximation returns data to select the best data to explore the aforementioned relationship. Cointegration test and
vector error correction (VEC) model are applied to the selected data set, to explore the relationship between the
stock markets aforementioned. The unit root test shows that the original and approximation data are non-stationary,
but the details are stationary. A comparison between the results using ACF indicates that the approximation return
data is better than the original return data in terms of having less noisy data. Cointegration test confirms the
existence of cointegration between the studied series, and showed a long run relationship between the US and
MENA stock markets, while the VEC model shows a short run relationship between the US and MENA stock
markets. However, the relationship between Dow Jones and MENA stock markets is stronger than the relationship
between NASDAQ and MENA stock markets. In addition, the Egyptian stock market has the greatest effect on
MENA stock markets compared to the other countries in this study, whereas the Moroccan stock market is most
affected by these stock markets.
KEYWORDS: MENA stock markets, Wavelet transform, Autocorrelation Function, Cointegration test, VEC

model.

1. INTRODUCTION

The increasing economic integration of the global economy has led investors and scholars to focus on the
relationship among the stock markets around the world. The equity index is an important economic indicator, in
which the rise and fall of the economy of a country is based on the fluctuation of its stock market. Local, regional,
and global events influence the movements of stock markets in developing or developed countries.

However, very little research has been conducted regarding the stock markets of the Middle Eastern and North
African (MENA) countries, although these markets have recorded high returns and fast growth. Some of them have
recorded outstanding performances in recent years. For example, the market capitalization in Gulf Cooperation
Council (GCC) increased by 161% from USD 163.3 billion to USD 427.2 billion from September 2002 to
September 2004, and the Saudi Arabian stock exchange had a market capitalization larger than that of South Korea
in 2004 to 2005 [5].In addition, the MENA region posted significant oil windfalls up to the middle of 2008, and
many companies in the region have performed well and improved. The Fortune Global 500 report in 2006 noted that
Koc Holdings of Turkey, with over USD 18 billion in income in 2006, ranked 358th in the Fortune Global 500 list,
while Saudi Basic Industries Corporation (SABIC) which posted revenue of USD 20.9 billion and equity worth USD
16.6 billion, ranked 331st in the Fortune Global 500 list. In addition, the SABIC annual report ranked as 6th among
international chemical producers. Between 2001 and 2009, these stock markets experienced rapid increase in
population growth and substantial variations in the underlying population. For example, the IMF World Economic
Outlook reported that the populations of Egypt increased by 12 million and Morocco by three million.

These stock markets developments have been realized when the MENA region experienced major political and
security instabilities, deteriorating relations with the West and turmoil in world oil markets. Consequently, more
research on the MENA stock markets is necessary, the most major world recession since the Second World War
followed either oil price shocks or political instability in or from MENA countries [12].

Studies that investigate the relationship among stock markets predominantly apply simple correlation and
multivariate analysis techniques such as cointegration tests and models such as VAR and GARCH. For example, [2]
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investigated the relationship between US(S&P500) and Turkish (ISE100) from 1987 to 2004 based on the VAR
model using daily data. The results suggested that the US stock market is not affected by the Turkish stock market,
but the Turkish stock market is affected by US stock market. [13] used the VECM model to examine the long and
short-run relationships between GCC equity index and three global factors, namely Brent oil price, S&P500 and US
T-bill rate. The results showed that UST-bill directly affected some GCC stock index whereas S&P500 and Brent oil
price did not. [3] explored the dynamics and contemporaneous interaction of the GCC markets and the developed
equity markets such as US and UK using daily data based on the VAR model. A Granger test revealed    the low
correlation between GCC and developed markets.

[27]used the daily data of the European, Asian, Latin America, Eastern European and Middle Eastern regions
to study the long and short- run relationships among the stock markets during the pre-Asian crisis and the Asian
crisis periods. Their study was based on cointegration tests, VEC and VAR models. No long-run relationship existed
among the stock markets before the pre-Asian crisis. However, they observed one significant cointegration among
the countries during this crisis. [30] used the daily data from 1999 to 2005 to investigate the linkages and spillover
effects between the eight stock markets in the MENA region and major stock indices namely US, UK, and France
based on cointegration tests and VEC and GARCH models. They found a long- run relationship between some of
the MENA markets and US equity market, while the US stock market had a strong Granger causality with most of
the non-GCC countries in the short term.

[1] investigated the global and regional effects, and used tri-variat VAR-GARCH in mean model on 41
emerging market economies (EMEs) in Asia, Latin America, Europe and seven countries in the MENA region. They
found that spillovers from regional and global markets are present in the vast majority of EMEs. Spillovers in mean
return dominate emerging Asian and Latin American markets. However, spillovers in variance dominate in
emerging Europe. The relative effect of global and regional spillovers also varies, with global spillovers, which
dominate Asia, and regional spillovers are prominent in Latin America and the Middle East.

Most of these studies investigated the relationship of stock returns by apply the simple correlation and
multivariate analysis techniques, such as co-integration tests and VAR and GARCH models. However, which cannot
be used for non-stationary data and are also not constant over time. However, the relationship and co-movement
analyses should also consider the distinction between short-and long-term investors. [31] argued that, from the point
of view of portfolio diversification, short-term investors are more interested in the co- movements of stock returns at
higher frequencies, whereas long-term investors focus on lower frequency co-movements. Hence, one has to resort
to a time frequency domain analysis to gain an insight on co-movements at the particular time frequency level.
Therefore, wavelet analysis is a useful analytical tool, which is a new and powerful mathematical tool for signal
processing, because of its ability to decompose macroeconomic time series, and data into their time scale
components.  More recently, [19] applied several applications of wavelet analysis in economics and finance for the
relationship and the international co-movement, and used Haar function of discrete wavelet transform (DWT) and
regression to investigate international stock market spillover effects. He applied this technique to the daily returns of
US, Germany, Japan (developed markets), and two emerging markets in the MENA region, namely, Egypt and
Turkey. The results reported that spillover effects exist from major developed stock markets to the emerging markets
in MENA, but not vice versa. [7] used multi-scale correlations on a  scale-by-scale basis through the application of
symmlities8 function of maximal overlap discrete wavelet transform (MODWT) to analyze the co-movements of
stock market returns among five countries in the MENA region, namely, Jordan, Morocco, Israel, Egypt, and
Turkey. The results showed that the wavelet correlations coefficients exceed substantially and unconditionally at the
longest wavelet scales. The smallest numbers of significant co-movement of MENA stock market returns were
observed in high frequency, and the magnitude of the co-movements increased as the wavelet time scale increased.
[10] applied the coherency of continuous wavelet analysis to examine the co-movement of US stock index and 22
emerging stock market returns ( Brazil, Chile, China, Colombia, Czech Republic, Egypt, Hungary, India, Indonesia,
Israel, Korea, Malaysia, Mexico, Morocco, Peru, Philippines, Poland, Russia, South Africa, Taiwan, Thailand, and
Turkey). They reported that the strength of co-movements differed from country to country. For example, the co-
movements between the US and Brazil and Mexico and Korea were high, but co-movement among US, Egypt, and
Morocco was low. [18] examined the dynamic causal relationship between US and national stock markets of East
Asian countries by applying the Symmetric8 of DWT and VAR. The results revealed that the causal relationship is
stronger at finer time scales, but lower at longer time horizons. These markets were integrated after the East Asian
financial crisis period.

The main purpose of this study is to investigate whether the MENA markets are integrated globally with major
developed markets, such as the US using a new testing method based on wavelet analysis. The present work differs
from previous works because it compare return original and return generated data that have been decomposed by
DWT to explore the dynamic relationship between two stock markets of US and selected MENA stock markets.
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Also determines whether Dow Jones or NASDAQ has a greater effect on MENA stock market indices using wavelet
analysis and VEC model. And extend the data sample to other countries in the MENA region to explore the effect of
the US market on most of MENA stock markets.

2. METHODOLOGY
2.1Wavelets

Wavelet analysis is suitable for the analysis of localized variations of power within a time series. The wavelet
transform differs from the Fourier transform in one crucial respect. Fourier analysis is the basic tool for
understanding the frequency structure of stationary data. However, several applications such as economic and
financial time series are non-stationary, and the frequency behavior changes over time. Wavelet transform is needed
to solve the problems associated with the Fourier transform when dealing with the frequency domain properties of
non-stationary series [8],[25].Wavelets are defined in finite domain, whereas the Fourier analysis ranges over ±
infinity. Finally, wavelet transform has an important advantage over the Fourier transform. This methodology can
retrieve information about time localization and frequency (or scale) from the original series. Wavelet

representations have finite energy over the entire real line, and hence, are defined within
2 ( )L R . Wavelets have two

types, namely, father wavelet [29] and mother wavelet. Father wavelet  integrates to one and mother wavelet 
integrates to zero [15].

( )   1t dt  And ( )   0t dt 
Mother wavelets are useful to describe detail and high-frequency components, while father wavelets are good at
representing the smooth and low-frequency parts of signal.
Wavelets are derived using a special two-scale dilation equation. Father wavelet ( )t and mother ( )t are defined

as follows:

( ) 2 (2 )t lk t k   (1)

( ) 2 (2 )t hk t k   (2)

where kl and kh are defined in Equations (3) and (4), respectively; kl and kh are low-pass and high-pass filter

coefficients used to pass the original signal [16] .

1
( ) (2 )

2
kl t t k dt   (3)

1
( ) (2 )

2
kh t t k dt   (4)

The wavelet series approximation to a signal ( )X t in
2 ( )L R is defined by

, , , , 1, 1, 1, 1,( ) ( ) ( ) ( ) . . . ( )J k J k J k J k J k J k k k
k k k k

X t S t d t d t d t            (5)

where k ranges from 1 to the number of coefficients in the specified components (or crystals) and J is the number of
multi-resolution levels or scales. The coefficients , , 1, 1,, , ,...,J k J k J k kS d d d are wavelet transform coefficients given by

the following projections:

, , ( ) ( ) ( )J k J kS t X t d t  (6)

, , ( ) ( ) ( ), 1,2,...,j k j kd t X t d t j J  (7)

The magnitude of these coefficients gives a measure of the contribution of the corresponding wavelet function to the
total signal. The basic functions ,j k and , , 1,2,...,j k j J  are the approximating wavelet functions generated as

scaled and translated versions of  and with scale factor 2 j and translation parameter 2 j k respectively ,j k and

,j k are defined as follows:

2 2
,

2
2 (2 ) 2

2

j j j
j

j k j

t k
t k  

 
  

    
 

(8)
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2 2
,

2
( ) 2 (2 ) 2 , 1, 2,...,

2

j j j
j

j k j

t k
t t k j J  

 
  

    
 

(9)

The translation parameter 2 j k is matched to the scale parameter- 2 j
- that as the functions ,j k and ,j k become

wider, their translation steps are correspondingly larger.

2.1.1 Discrete Wavelet Transform
DWT aims to decompose the discrete time signal to basic functions called the wavelets to provide good

analytic view of the analyzed signal. DWT is used to calculate the coefficients of approximation in Equation (5) for
a discrete signal of final extent 1 2, ,..., nf f f . DWT maps the vector 1 2( , ,..., )nf f f f to a vector of n wavelet

coefficients 1 2( , ,..., )n   ω that contains both the smooth coefficient ,J kS and the detail coefficients

, , 1,2,...,j kd j J . ,J kS represents the underlying smooth behavior of the signal at the coarse scale 2 j . On the other

hand, ,j kd describes the coarse scale deviations, and 1, 1,,...,J k kd d provide progressively finer-scale deviations. When

length of the signal n length is divisible by 2 j , the
2

n
coefficients 1,kd exist at the first scale 12 2 . The next finest

scale 22 4 has
4

n
2,kd coefficients. Similarly, the coarsest scale, has

2 j

n
,j kd and

2J

n
,J kS coefficients.

Altogether, the scale has a total of n coefficients:

1
...

2 2 2 2J J

n n n n
N     

The number of coefficients at a given scale is related to the width of the wavelet function. At scale 2, the translation

steps are 2k , thus
2

n
terms are needed for the functions 1, ( )k t to cover the interval 1 t n  . By similar

reasoning, a summation involving , ( )j k t requires
2J

n
terms; the summation involving , ( )J k t requires only the

2J

n
terms. The string of coefficients can be ordered from coarse scales to fine scales as follows:

1

1

.

.

J

J

J

s

d

d

d



 
 
 
 
  
 
 
 
  

ω (10)

where Jd and JS are the column vectors of the detailed coefficients ,( )j kd and the smooth coefficients ,( )J ks ,

respectively.
For multi-resolution decomposition (MRD), the decomposed signals are defined as follows:

, ,( ) ( )J k J k J kS t s t  (11)

, ,( ) ( )    For 1, 2,..,J k j k J kD t d t j J   (12)
These signals are called the smooth and detail signals, and constitute a decomposition of a signal into orthogonal
components at different scales. Thus, a signal ( )X t can be expressed in terms of the following signals:

1 1( ) ( ) ( ) ( ) ( )J J JX t S t D t D t D t   
(13)

Each term in Equation (13) represents the decomposition of signal ( )X t into orthogonal signal components at

different scales, and these terms are the components of the signal at different resolutions. Hence, the terms are called
a multi-resolution decomposition (MRD).
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To analyze the macroeconomic and financial variables, such as extraction of relationship among equity
markets, we concentrate on the long run equilibrium relationship. In terms of wavelet decompositions, we focus our
attention on the low-frequency content of the data series and ignore the high frequency fluctuations, which might
distort the series. The low-frequency (approximation) of the signal provides the identity of signal without losing the
basic characteristics of the original series, such as the ability to capture the correct long run dynamic relationship
among the financial times series [21].

2.2 Unit Root Test
All random processes consist of random variables, each of which has its own vary point in time. Hence,

such processes have all the properties of random variables, such as correlation, variances, and mean. Thus, testing
whether these statistical properties hold true for the entire random process is important in time series financial
analysis. To facilitate this test, the concept of stationary processes has been ordered. The random process is
stationary when all its statistical properties do not change over time. However, processes are non-stationary when its
statistical properties vary with time. Moreover; financial data are often displayed as non-stationary data or have time
varying means, variances, and covariance. Therefore, unit root test is used to test for stationarity to avoid spurious
regression. The two types of unit root tests, namely, the Augmented Dickey Fuller (ADF) [6] and Phillips Perron
(PP) [26], are used in this paper. These tests are defined as follows:

1( 1)t t ty P y     (14)

t t ty y      (15)

2.3 Autocorrelation Function (ACF)
ACF is a mathematical tool that is usually used for analyzing functions or series of values, for example

time series signals and to measure the correlation between the signals. ACF is a correlation coefficient.
Nevertheless, instead of correlating between two different variables, the correlation is between two values of the
same variable at times iy and t ky  . ACF is defined as:

 
 2 2

0

( )( ) Cov( , )
, 0,1, 2,...

Var( )( ) ( )

t t k t t k k
k

tt t k

E y y y y
p k

yE y E y

  
 

 



 
   

 
(16)

Note that by definition 0 1p  .

ACF is used to detect stationary or non-stationary data and observe the behavior of the autocorrelation function. A
strong and slowly dying ACF suggest deviations from stationarity. ACF is persistent because of the cutting off or
tailing off after a few lags, implying that ACF decays very slowly and exhibits sample autocorrelations that remain
rather large even at long lags. This behavior is characteristic of non-stationary time series. However, an ACF value
approaching 1indicatesthat the series is near stationary and less noisy [22]. From a time series of finite length, the
autocorrelation function is estimated as:

1

2

1

( )( )
, 0,1, 2,...,

( )

T k

t t k
t

k T k

t
t

y y y y
r k K

y y










 
 






(17)

2.4 Cointegration Test and VEC Model
Usually, when two or more time series data  are non-stationary in levels but stationary in log, the first

differences of those series are said to be cointegrated to order one, I(1). Therefore, the non-stationary time series
cointegrates if a linear combination of these variables is stationary. The stationary linear combinations are known as
equations, and are explored as long run equilibrium relationships among the variables. In summary, the
cointegration among the variables implies that common forces exist to co-move the variables over time. [16]
cointegration is implemented in this paper based on the vector auto regression model of [9], which produces more
robust results when the variables are more than two and the number of observations is greater than 100 [14].
The Johansen approach considers a vector of n variables, formally:

1 1 2 2 1 1...t t t k t k t k t tX X X X X D                   (18)

Where 1 2 ...i il       for 1,2,.... 1i k  (19)

And 1 2 ... kl      (20)
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where l is an indent matrix. i matrix incorporates the short-run adjustment parameters and  matrix contains the

long-run relationship in the data and can be expressed as
' .  and

' are n r matrices ( r is the number

of cointegration vectors), where  represents the speed of adjustment to disequilibrium and
' matrix contains r

cointegration vectors. The vector of constant  signals the possibility of deterministic drift in the series. Dummy

variables in tD account for the short-run (shocks) and affect the entire system, whereas k is the maximum number of

lag length. Johansen developed two different likelihood ratio tests, namely, the trace and maximum eigenvalue tests to
determine the number of cointegration vectors. The Johansen tests are sensitive to lag length selection. Therefore, the
lag length of k was chosen for this study based on the modified likelihood-ratio (LR) test, final prediction error (FPE),
Akaike information criterion (AIC), Schwarz information criterion (SIC), and Hannan-Quinn information
criterion(HQ). We select the optimal length based on the most common lag result obtained from those criteria.
[11] suggested that if the series is cointegrated, the causality tests might reach incorrect conclusions if they fail to
include an error correction term. The short-term causal relations between the variables should be examined within
the framework of the bivariate VEC model as follows:

, , 1 , ,
1 1

k k

t x x i t i x i T x x t i x t
i i

X X Y ECT      
 

        

, , 1 , ,
1 1

k k

t y y i t i y i T y y t i y t
i i

Y Y X ECT      
 

         (21)

where x and y are the parameters of the error correction term (ECT) derived from the long-run cointegration

relationship.
3. EMPIRICAL RESULTS AND DISCUSSION

Data Analysis and Discussion
The data in the present study consist of the daily price of stock market indices for ten markets of the MENA

region, namely, Egypt, Istanbul, Jordan, Kuwait, Qatar, Morocco, Oman, Saudi Arabia, Tunisia, United Arab
Emirates (UAE), and two stock markets of the US, namely, NASDAQ and Dow Jones, which are the largest global
stock markets. The countries in the MENA region were selected, because they are rarely studied despite their high
returns and fast growth in the past years. Stock price data were taken from DataStream and cover June29, 2001 to
May 5, 2009. This period was selected, because it covers the financial crisis on September 11, 2001 and the global.

3.1 Wavelet Decomposition
The stock market indices were decomposed using Daubechies (db2) basic function based on DWT. The

level of wavelet decomposition was decided to filter short-term fluctuation from respective series and obtain smooth
component of the series without losing their underlying characteristics. The approximation series that corresponds to
a level-5 decomposition of each stock market index results in reasonable smoothing and provides a signal that
identifies its identity without losing the basic characteristics of the original series. Level-1 to level-5 detail series
show that the short-term fluctuation are stationary and do not contain any deterministic information about the series.
The wavelet decompositions are illustrated in Figure 1-12.

Fig1: Decomposition of Egyptian Stock Index by DWT (db2)
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Fig 2: Decomposition of Istanbul Stock Index by DWT (db2)

Fig 3: Decomposition of Tunisian Stock Index by DWT (db2)

Fig 4: Decomposition of Qatar Stock Index by DWT (db2)

Fig 5: Decomposition of Oman Stock Index by DWT (db2)

Fig 6: Decomposition of Saudi Arabia Stock Index by DWT (db2)

Fig 7: Decomposition of Morocco Stock Index by DWT (db2)
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Fig 8: Decomposition of United Arab Emirates Stock Index by DWT (db2)

Fig 9: Decomposition of Kuwait Stock Index by DWT (db2)

Fig 10: Decomposition of NASDAQ Index by DWT (db2)

Fig 11: Decomposition of Dow Jones Index by DWT (db2)

Fig 12: Decomposition of Jordan Stock Index by DWT (db2)

The above figures illustrate that the behavior of most stock markets is quite similar. For example, the prices
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stock market of Istanbul, Saudi Arabia, and UAE are very low as shown in Figures 2, 6, and 8 respectively. By
contrast, the prices in the stock market of Tunisia and Oman are only slightly low as shown in Figures 3 and5,
respectively. Thus, the stock indices of Istanbul, Saudi Arabia, and UAE were affected by the stock market of the
US more than the stock markets of Tunisia and Oman. However, the September 11 attack had a minor effect on the
MENA region compared with the effect on developed stock markets. Moreover, [24] reported thatthe response of
international markets to events differs according to the degree of the integration of a region with international
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markets. The prices have started to increase at the end of 2002 and hit a peak at the end of 2007. The prices have
started to decline in 2008 and reached a low point at the beginning of 2009 because the global financial crisis of
2008 to 2009or the Lehman shock in the US. The financial stress in MENA countries has increased by tow-third
after the Lehman shock. This slight rise in financial stress indicated a direct or indirect relationship of financial crisis
in developed economies [23].
.
3.2 Stationarity Tests

Stationarity tests were performed on the original series, level-5 approximation series and details series to
test whether the data have a unit root. Table 1 illustrates the results of the stationarity tests of the original series.

Table 1: Results of Unit Root Tests of Original Series of Stock Market Indices
Country Augmented Dickey Fuller Test (ADF) Phillips-Perron Test (PP)

p-value at level p-value at first difference p-value at level p-value at first difference
Dow Jones 0.6724 0.000* 0.6264 0.0001*
Egypt 0.7519 0.000* 0.7467 0.000*
Istanbul 0.6051 0.000* 0.5851 0.000*
Jordan 0.6225 0.000* 0.6295 0.000*
Kuwait 0.6317 0.000* 0.6282 0.000*
Morocco 0.8413 0.000* 0.8522 0.000*
NASDAQ 0.3699 0.000* 0.3307 0.0001*
Oman 0.6980 0.000* 0.7031 0.000*
Qatar 0.4986 0.000* 0.5073 0.000*
Saudi Arabia 0.5860 0.000* 0.6030 0.000*
Tunisia 0.9865 0.000* 0.9887 0.000*
UAE 0.5682 0.0001* 0.5818 0.0001*

*denotes statistical significance at 5% level

Table 1 illustrates that the original series is non-stationary time series processes, which was stationary at the
first difference, and the order of integration is at I (1).

Table 2 illustrates the results of the unit root test of the level-5 approximation series of stock market indices.
The results indicate a P-value >0.05. Thus, the level-5 approximation series of all stock market indices are non-
stationary time series processes. The first difference series is stationary and the order of integration is at I (1).

Table 2: Results of Unit Root Test of Level-5 Approximation Series of Stock Market Indices
Country Augmented Dickey Fuller Test (ADF) Phillips-Perron Test (PP)

p-value at level p-value at first difference p-value at level p-value at first difference
Dow Jones 0.5446 0.0000* 0.7627 0.0000*
Egypt 0.6113 0.0000* 0.7489 0.0000*
Istanbul 0.4720 0.0000* 0.6434 0.0000*
Jordan 0.5292 0.0000* 0.6336 0.0000*
Kuwait 0.5338 0.0000* 0.6289 0.0000*
Morocco 0.7891 0.0000* 0.8552 0.0000*
NASDAQ 0.2297 0.0000* 0.3846 0.0000*
Oman 0.4608 0.0001* 0.6818 0.0000*
Qatar 0.3894 0.0000* 0.5114 0.0000*
SaudiArabia 0.4898 0.0000* 0.6157 0.0000*
Tunisia 0.9757 0.0000* 0.9860 0.0000*
UAE 0.3932 0.0000* 0.5631 0.0000*

*denotes statistical significance at 5% level

Table 3 shows that the  results of the unit root test of the details series of stock market indices indicate a P-
value <0.05 Thus, the  respective detail series from 1 to 5 of stock indices is stationary time series processes and the
order of integration is at I (0). Therefore, the content part of the approximation series of the data is I (1), while the
detail content part of the data is I (0). In addition, the original series has the same order of integration as the level-5
approximation series. The high-frequency component of the data can be filtered and the low-frequency component
can be retained without losing the basic characteristics and maintaining the same order of integration of the original
series with wavelet decomposition. The low-frequency component is the long-term component of the data and
represents the smooth components of the series.
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Table 3: Results of Unit Root Test of Detail Series of Stock Market Indices
Country Augmented Dickey Fuller Test (ADF) Phillips-Perron Test (PP)

D1 D2 D3 D4 D5 D1 D2 D3 D4 D5
Dow Jones 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Egypt 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Istanbul 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Jordan 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Kuwait 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Morocco 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
NASDAQ 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Oman 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Qatar 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
SaudiArabai 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
Tunisia 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.000* 0.000* 0.000* 0.000*
UAE 0.000* 0.000* 0.000* 0.000* 0.000* 0.0001* 0.0001* 0.000* 0.000* 0.000*
*denotes statistical significance at 5% level

Therefore, the overall results of unit root test indicate that the approximation is more related to the original
series than the detail series. Thus, level-5 approximation provides useful information about the series without losing
the basic characteristics of the original series better than the detail series does. However, deciding which of the
return original series or return level-5 approximation series is more stable based on unit root test is difficult. Thus,
ACF was applied to compare the stability of the return original series and return level-5 approximation series for all
stock markets.

3.3 Autocorrelation
ACF is the best method for analyzing the fluctuation in data to compare the return original data and return

approximation series for stability, If the autocorrelation values are high, the data are less noisy; however, low ACF
values indicate that the data carry high noise and fluctuation [4].Table 4 shows that the autocorrelation values for the
return original data, and Table 5 illustrates the autocorrelation values for the return approximation series of db2
based on DWT until lag 20.

Table 4: ACF for Return Original Data
lag Dow

Jones
NASDAQ Egypt Istanbul Jordan Kuwait Morocco Oman Qatar Saudi

Arabia
Tunisia UAE

0 1 1 1 1 1 1 1 1 1 1 1 1
1 -0.09929 -0.084 -0.084 0.135387 0.032157 0.1117 -0.0866 0.1845 0.1753 0.2849 0.0581 0.1193
2 -0.0758 -0.0563 -0.0563 -0.01119 0.011034 0.0006 0.0041 0.0539 -0.0296 0.038 -0.0355 0.0822
3 0.073915 0.0101 0.0101 0.070175 0.004501 0.0209 0.0388 0.0146 0.0113 -0.0082 0.0393 0.0112
4 -0.01771 -0.0123 -0.0123 0.036306 0.020966 -0.0019 0.0073 0.0131 -0.0626 -0.0388 0.0755 0.0285
5 -0.03494 -0.007 -0.007 0.014231 0.016503 0.0296 0.023 -0.0013 -0.0154 -0.0034 -0.0219 -0.0036
6 -0.01669 -0.0085 -0.0085 0.005582 -0.05081 0.0186 0.016 -0.059 0.0058 -0.0032 -0.0504 -0.0496
7 -0.02448 0.0341 0.0341 -0.03097 -0.02915 0.005 -0.0227 -0.0087 -0.034 -0.0208 0.0191 -0.0187
8 0.067307 0.0089 0.0089 -0.01657 0.027 -0.0383 0.0427 0.0249 0.01 0.0362 0.0372 0.0493
9 -0.02272 0.0352 0.0352 -0.00991 0.012146 -0.0147 0.0138 -0.0135 -0.0048 0.0287 -0.0033 0.0031

10 0.011041 -0.0304 -0.0304 0.039583 0.066103 -0.009 0.0109 -0.014 0.0048 0.0424 -0.0083 0.0288
11 0.014592 -0.0176 -0.0176 0.027123 -0.07358 0.0174 0.0284 0.0325 0.007 0.0412 0.0044 0.0358
12 -0.01621 0.014 0.014 -0.01785 0.010856 0.0324 0.0415 0.0384 -0.0104 0.0714 0.0244 0.0423
13 0.026973 0.0088 0.0088 0.061011 0.028119 0.044 0.0419 0.0093 0.0293 0.0159 0.0929 0.0161
14 -0.02462 0 0 0.042649 0.022067 0.0363 0.0385 -0.0329 0.1132 0.0537 0.0322 0.0385
15 -0.03593 -0.00162 -0.0162 0.007859 0.018383 0.0137 0.053 -0.0061 0.0348 -0.0314 -0.0307 0.036
16 0.04638 0.0742 0.0724 0.035358 0.043879 -0.0376 0.0342 0.004 0.0906 0.0378 0.036 0.0101
17 0.030207 0.0297 0.0297 0.01347 -0.00947 0.026 -0.0047 0.0221 -0.0024 -0.0219 0.0143 0.0233
18 -0.06541 -0.0601 -0.0601 0.013524 0.014192 0.0232 -0.0115 0.0047 -0.0036 -0.0275 -0.0464 0.0152
19 -0.00799 -0.0185 -0.0185 0.017638 -0.00056 0.042 -0.0099 0.0253 0.0415 0.0469 0.005 0.0275
20 0.009523 -0.0037 -0.0037 0.007705 0.025012 0.0035 -0.0297 -0.0006 0.0232 0.0405 0.0437 -0.0128

Table 5: ACF for Return Approximation a5
lag Dow

Jones
NASDAQ Egypt Istanbul Jordan Kuwait Morocco Oman Qatar Saudi

Arabia
Tunisia UAE

0 1 1 1 1 1 1 1 1 1 1 1 1
1 0.723997 0.7341 0.734106 0.769871 0.714345 0.7821 0.7678 0.7521 0.8061 0.7587 0.7387 0.738
2 0.559054 0.5762 0.576248 0. 633237 0.546162 0.6519 0.6299 0.6037 0.6902 0.6147 0.5836 0.5808
3 0.504586 0.5242 0.5242 0.587668 0.491619 0.6086 0.5845 0.5547 0.6516 0.5669 0.5327 0.5288
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4 0.395954 0.42041 0.420415 0.497646 0.382501 0.5223 0.4935 0.4568 0.5742 0.4717 0.4311 0.4247
5 0.394659 0.4206 0.420559 0.497297 0.382701 0.5222 0.4942 0.4557 0.5752 0.4715 0.4307 0.4238
6 0.380447 0.4077 0.407746 0.485608 0.369727 0.5114 0.4833 0.4431 0.566 0.4593 0.418 0.4103
7 0.310968 0.3439 0.343891 0.430531 0.302129 0.4577 0.4278 0.3803 0.5194 0.4005 0.3545 0.3436
8 0.226211 0.2667 0.266727 0.364063 0.219418 0.393 0.3609 0.304 0.4641 0.3297 0.2771 0.2627
9 0.258152 0.2937 0.293699 0.386346 0.251178 0.4149 0.3839 0.3321 0.4809 0.3534 0.3054 0.292

10 0.265052 0.2980 0.29806 0.389505 0.258433 0.418 0.3873 0.338 0.4816 0.3566 0.3112 0.2974
11 0.255264 0.2889 0.28898 0.381363 0.24945 0.4099 0.3796 0.3286 0.4748 0.3478 0.3023 0.2876
12 0.261809 0.2958 0.295893 0.386785 0.25712 0.4151 0.3862 0.334 0.4804 0.3536 0.3087 0.2937
13 0.220409 0.2530 0.253045 0.350064 0.215451 0.3784 0.3475 0.2957 0.4443 0.3137 0.2691 0.2515
14 0.193255 0.2256 0.225638 0.326657 0.188187 0.3547 0.3231 0.27 0.4221 0.2882 0.2432 0.2238
15 0.156838 0.1851 0.185127 0.291762 0.150569 0.321 0.2862 0.2374 0.386 0.2506 0.2077 0.1865
16 0.102098 0.12173 0.121734 0.23772 0.091358 0.2689 0.228 0.1884 0.3293 0.1925 0.1532 0.1305
17 0.126445 0.15899 0.158995 0.269009 0.122872 0.2995 0.2649 0.2113 0.3684 0.2263 0.1816 0.1582
18 0.136332 0.17748 0.177482 0.283874 0.138514 0.3142 0.2835 0.2208 0.3885 0.2424 0.1946 0.17
19 0.127035 0.174 0.174 0.280397 0.133001 0.3105 0.2818 0.2126 0.3891 0.2385 0.1881 0.1619
20 0.123156 0.1798 0.179803 0.284378 0.135502 0.3139 0.2888 0.2093 0.3992 0.2427 0.1881 0.1598

The comparison of figures in Tables 4 and Table 5showed that the ACF values of the return original series for
all stock markets are lower than those of the return approximation a5 for different lags of the data. For example,, the
ACF values of return approximation a5in Dow Jones stock markets are higher than those of the return original
series. However, , a t-test was used to determine which of the two datasets is better to be used for obtaining less
noisy data, because the difference between the ACF is small. We define the H0 and H1 as follows:

H0: µ return approximation a5 series = µ return original series
H1: µ return approximation a5 series > µ return original series

The result of the t-test has P value < 0.05 for all stock markets. Thus, the return original data and return
approximation a5 data are different. Table 6 illustrates, that the mean of ACF for return approximation data is higher
than that of ACF for return original series. For example, the mean of ACF for return original data in the case of the
Egypt stock index is 0.068624, whereas that for the return approximation is 0.434948. Consequently, the results for
other stock markets indicate that the return approximation a5 data are less noisy series.

Table 6: Mean Values
Name of Stock index Type of data N Mean of ACF

Dow Jones Return original  data 21 0.039914
Return approximation a5 21 0.320090

NASDAQ Return original  data 21 0.042790
Return approximation a5 21 0.349819

Egypt Return original  data 21 0.068624
Return approximation a5 21 0.434948

Istanbul Return original  data 21 0.056638
Return approximation a5 21 0.314295

Jordan Return original  data 21 0.063019
Return approximation a5 21 0.460390

Kuwait Return original  data 21 0.058524
Return approximation a5 21 0.432510

Morocco Return original  data 21 0.061486
Return approximation a5 21 0.387076

Oman Return original  data 21 0.065905
Return approximation a5 21 0.518638

Qatar Return original  data 21 0.075352
Return approximation a5 21 0.403776

Saudi Arabia Return original  data 21 0.061219
Return approximation a5 21 0.362838

Tunisia Return original  data 21 0.070595
Return approximation a5 21 0.348838

United Arab Emirates
(UAE)

Return original  data 21 0.052614
Return approximation a5 21 0.452190

In summary, return approximation is better than return original data for econometric analysis because the
former is less noisy and the data are more reliable and stable, hence predict future stock prices well and provide
useful information to investors.
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Level-5 approximation series, which represent the smooth components and produces less noisy data and
deterministic information about the respective series, was analyzed in the next phase of the study.

3.4 Cointegration Test and VEC Model
The long –term relationship among variables can be investigated through a cointegration test. If a set of m

series has r cointegration vectors, then ( m r ) common stochastic trends exist, because the Johansen’s tests is
sensitive to the lag selection. The optimal lag length is selected based on the most common lags results from the
criterion LR, FPE, AIC, and HQ. The results revealed that the optimal lag order for the sample in this study is six.
The number of significant cointegration vectors was tested by maximum likelihood method, because the
approximation series was integrated in the order of one. Trace statistic and Max-Eigen statistic tests were used to
test the presence of r cointegration vectors. Allare ( m r ) of smallest Eigen-values in the Trace statistic test, and
thus this test, tends to be more powerful than the Max-Eigen statistic test [17, 28]. The use of Trace statistic test in
cases where two statistic tests have a conflict emphasized [16]. The results of the cointegration test for US markets
and MENA markets are illustrated in Table 7.

Table 7: Results of Johansen –Juselius Cointegration Test
Dow Jones and MENA

No. of
cointegration

vector

Eigenvalue Trace Max-Eigen
Statistic 5% Critical

Value
Prob Statistic 5% Critical

Value
Prob

None 0.043850 370.5139 285.1425 0.0000* 91.52045 70.53513 0.0002*
At most 1 0.040153 278.9935 239.2354 0.0002* 83.64381 64.50472 0.0003*
At most 2 0.024067 195.3496 197.3709 0.0627 49.72155 58.43354 0.2761

NASDAQ and MENA

None 0.043684 375.2191 285.1425 0.0000* 91.16465 70.53513 0.0002*
At most 1 0.038500 284.0544 239.2354 0.0001* 80.13071 64.50472 0.0009*
At most 2 0.023880 203.9237 197.3709 0.0227* 49.33143 58.43354 0.2938
At most 3 0.020758 154.5923 159.5297 0.0899 42.81342 52.36261 0.3341

* denotes rejection of the hypothesis at the 0.05 level.

Table 7 illustrates that, Dow Jones and MENA stock markets have two cointegration vectors based on Trace
and Max-Eigen at 5% level of significance, which indicates that the stock indices have a long-term relationship.
NASDAQ and MENA markets have three cointegration vectors based on the results of Trace statistic test, whereas
the same markets have two cointegration vectors based on Max-Eigen statistic test. Thus, three forces move or bind
these variables together in the long-run. These forces include the growth of the world economy, changes in oil
inventories, and political events such as the events on September11, 2001 and the global financial crisis of2008 to
2009.Therefore, the stock markets of the US and MENA region have long-term relationship partly because of the
financial liberalization of MENA stock markets.

The cointegration test investigates the existence of long-term relationship among variables, but it fails to
address the short-term dynamics among them. Therefore, the Granger causality test was used within the VEC model
to analyze the short-term dynamics relationship among stock markets.

The estimation results for the Granger causality test and VEC model of Dow Jones are presented in Table 8(a).
The error correction term of cointegration equation 1 (ECT1) coefficients of Dow Jones, Saudi Arabia, and Tunisia
is significant at 5%, and that of Jordan is significant at 10%. The ECT1 of the four countries have negative signs,
and thus the series cannot drift too far apart and convergence is achieved in the long-term. More specifically, the
ECT coefficient indicates that the deviation from the long-term equilibrium value in one period is corrected in the
next period by the size of that coefficient. For example, if the estimated coefficient of the ECT1 has a negative
value, that is -0.21,the Saudi Arabian stock index adjusts approximately 21% of the short-term deviation toward the
long-term equilibrium per day at 5% significance level, whereas Jordan adjusts approximately 4%. However, the
ECT1 coefficients of Egypt, Istanbul, Morocco and UAE are significant at 5%, and that of Oman is significant at
10%, but the ECT1 of these countries has positive signs. Each positive value of ECT suggests that the adjustment
from short-term deviation toward long-term equilibrium is corrected by independent variables. The ECT2 is small
coefficients, and thus the long-term equilibrium lacks a rapid adjustment mechanism. The significant ECT2
coefficients with negative sign show that Dow Jones, Egypt, Istanbul, Qatar, Tunisia, and Oman play a role in
adjusting from deviation to long-term equilibrium. Most short-term movements of stock markets can be explained
by their national factors as represented by the past performance of their indices from lag 1 to lag 5.Bilateral causal
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relationships are limited among stock markets, such as, between Dow Jones and Morocco at 5% significance level
and between Istanbul and Saudi Arabia at 5% significance level. Table 8 (a) shows unidirectional causal
relationships among stock markets. For example, Dow Jones is negatively affected by Istanbul at 10% significance
level but is positively affected by Saudi Arabia at 5%. The stock index of Egypt positively affects the stock index of
Istanbul, whereas the stock index of Morocco is negatively affected by the stock index of Egypt and Istanbul at 5%
significance level and by Qatar at 10% significance level. The stock index of UAE positively affects Morocco at
10% significance level, while the stock index of UAE is negatively affected by the stock markets of Dow Jones,
Egypt, and Istanbul at 10% significance level. The paper observed a short-term relationship between Dow Jones and
four stock markets in the MENA region, namely, Istanbul, Morocco, UAE, and Saudi Arabia.

The estimation results for Granger causality test and VEC model of NASDAQ are presented in Table 8 (b).
The ECT1 coefficients show that Egypt, Istanbul, Morocco, Qatar, Tunisia, and UAE are significant, but the signs
are positive. Hence, the adjustment from short-term deviation toward long-term equilibrium is corrected by
independent variables except for NASDAQ, which has a negative sign. ECT2 coefficients suggested that NASDAQ
and Egypt are significant at 5% and have negative signs. However, Kuwait, Morocco, Saudi Arabia, Tunisia, and
UAE have positive signs. The ECT3 coefficients of Egypt, Istanbul, Morocco, Qatar, Tunisia, and UAE are
significant at 5%. Moreover, all of them have negative signs, and thus the series cannot drift too far apart and the
convergence is achieved in the long-term. For example, the estimated coefficient of ECT3 has a negative value-0.22;
indicating that the stock index of Istanbul adjusts approximately 22% of the short-term deviation toward long-term
equilibrium per day at 5% significance level. Table 8 (b) shows that most short-term movements of stock markets
can be explained by their national factors as represented by the past performance of their indices from lag 1 to lag 5.
The relationships include bilateral causality. These relationships are negative between NASDAQ and Morocco,
Egypt, and UAE, but positive between Morocco and UAE, as well as Tunisia and Saudi Arabia. However, the
results for relationships that include unidirectional causality revealed that the relationship between Tunisia and Qatar
is significant at 5% and that between UAE and NASDAQ is significant at 10%. In addition, NASDAQ is negatively
affected by Istanbul at 5% significance level. However, Istanbul is positively affected by Egypt at 5% significance
level and Qatar at 10% significance level. By contrast, Istanbul positively affects Tunisia and Morocco at
5%significance level .Saudi Arabia negatively affects Jordan at 10% significance level,  but it is negatively affected
by Egypt at 10% and positively affected by UAE at 10% significance level,. The stock index of Morocco is
negatively affected by Qatar and Tunisia at 10% and Egypt at 5%. NASDAQ and the three markets of the MENA
region, namely, Istanbul, Morocco, and UAE, have a short-term relationship.

Therefore, the relationship between Dow Jones and MENA stock markets is stronger than that between
NASDAQ and MENA stock markets. In addition, the stock market of Egypt has the greatest effect on four stock
markets in the MENA region, namely, UAE, Istanbul, Morocco, and Saudi Arabia. The stock market of Morocco is
affected by most stock markets, because the stock markets of Morocco and Egypt are the only ones that offer
unrestricted access to foreign investors and Saudi Arabia, Istanbul and UAE have the largest market capitalization
within the MENA region. Thus, the US naturally hasa strong causal relationship with Istanbul, Morocco, UAE, and
Saudi Arabia.

TABLE 8(a) :VEC Model for Dow Jones and MENA Stock Markets
Model Independent  variables

Dow Jones EGYPT ISTANBUL JORDAN KUWAIT MOROCC
O

OMAN QATAR SAUDI
ARABIA

TUNISIA UAE

ECT1 -0.120062* 0.025241* 0.196067* -0.039787+ 0.018584 0.074680* 0.027641+ -0.033687 -0.214152* -0.047187* 0.066964*
ECT2 -0.022164* -0.044660* -0.070030* -0.002833 0.010462* 0.013222* -0.005392+ -0.025899* 0.005549 -0.008276* 0.021990*
Dow Jones(-1) -0.179876* -0.020101 -0.147786+ 0.030850 -0.011407 -0.054127+ -0.018966 0.020584 0.159012* 0.036151 -0.045368
Dow Jones(-2) -0.241387* -0.016473 -0.130022 0.026729 -0.010023 -0.047095 -0.016450 0.020246 0.142879* 0.032657 -0.040766
Dow Jones(-3) -0.024745 -0.014666 -0.103312 0.021577 -0.007279 -0.036804 -0.012388 0.012576 0.109879+ 0.025306 -0.029160
Dow Jones(-4) -0.208482* -0.011013 -0.099838 0.018714 -0.005552 -0.031578 -0.012378 0.014714 0.108685+ 0.024796 -0.030384
Dow Jones(-5) -0.032203 -0.010038 -0.069312 0.013641 -0.004148 -0.022803 -0.007752 0.006975 0.071144 0.016389 -0.017839
Egypt(-1) 0.016582 -0.239025* 0.049609 0.001432 -0.008286 -0.010669 0.004422 0.019186 -0.005725 0.005779 -0.015014
Egypt(-2) 0.014991 -0.292978* 0.045386 0.001066 -0.007317 -0.009468 0.002968 0.017687 -0.004052 0.005214 -0.013954
Egypt(-3) 0.011613 -0.066291* 0.032927 0.000869 -0.005896 -0.007855 0.003214 0.013356 -0.003815 0.003845 -0.009700
Egypt(-4) 0.011524 -0.248104* 0.034670 -0.000863 -0.007105 -0.007026 -0.001660 0.013021 -0.004197 0.004133 -0.012839
Egypt(-5) 0.007714 -0.059302* 0.020318 0.000232 -0.004283 -0.005329 0.001241 0.008630 -0.002463 0.002512 -0.006494
Istanbul(-1) -0.015636 0.034251+ -0.183845* -0.007749 -0.002064 0.009097 0.010042 0.008817 -0.056460* -0.006444 0.001523
Istanbul(-2) -0.014374 0.029888+ -0.243234* -0.006915 -0.002156 0.007772 0.008823 0.007136 -0.050463* -0.006257 0.001708
Istanbul(-3) -0.010875 0.023205 -0.029272 -0.005104 -0.001120 0.006158 0.006833 0.006228 -0.038788+ -0.004537 0.000918
Istanbul(-4) -0.012332 0.020544 -0.210790* -0.005538 -0.002749 0.004799 0.006795 0.003456 -0.038104+ -0.005746 0.001935
Istanbul(-5) -0.007317 0.014439 -0.035661 -0.003149 -0.000670 0.003825 0.004497 0.003766 -0.024860 -0.003116 0.000820
Jordan(-1) 0.011870 0.000920 -0.012963 -0.266386* -0.001759 -0.007502 -0.000458 0.005508 0.021665 0.004503 -0.006380
Jordan(-2) 0.011467 0.002243 -0.010808 -0.318770* -0.003173 -0.007788 -0.000919 0.005971 0.015998 0.004183 -0.006829
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Jordan(-3) 0.008482 0.000726 -0.010204 -0.084307* -0.001471 -0.005643 8.23E-05 0.004271 0.016851 0.003177 -0.004141
Jordan(-4) 0.010361 0.002329 -0.012619 -0.268483* -0.005692 -0.007111 -0.001691 0.005113 0.002488 0.003256 -0.009261
Jordan(-5) 0.006188 0.000843 -0.008100 -0.070715* -0.002017 -0.004341 -4.45E-05 0.003109 0.009573 0.002210 -0.003786
Kuwait(-1) -0.026439 -0.033809 -0.042646 -0.004462 -0.265349* 0.013214 -0.004444 -0.023816 -0.014614 -0.010503 0.019501
Kuwait(-2) -0.023514 -0.030643 -0.037096 -0.003247 -0.317785* 0.011659 -0.003747 -0.020757 -0.011318 -0.009529 0.017566
Kuwait(-3) -0.018766 -0.023676 -0.030099 -0.003002 -0.084920* 0.008309 -0.003913 -0.016660 -0.012075 -0.007737 0.012770
Kuwait(-4) -0.019059 -0.025761 -0.027613 0.000463 -0.269757* 0.009687 -0.001246 -0.017556 -0.009102 -0.006900 0.011804
Kuwait(-5) -0.012640 -0.015788 -0.019332 -0.001148 -0.072158* 0.005326 -0.002364 -0.011144 -0.008868 -0.005098 0.007720
Morocco(-1) -0.050904* -0.098458* -0.158438* -0.006812 0.024040 -0.238251* -0.011586 -0.055527+ 0.013535 -0.018800 0.050966+
Morocco(-2) -0.045659* -0.088438* -0.139396* -0.005694 0.022856 -0.293348* -0.010320 -0.052298 0.010573 -0.016872 0.044769
Morocco(-3) -0.035587+ -0.067537+ -0.111291+ -0.004788 0.017233 -0.064408* -0.007644 -0.037670 0.010924 -0.012899 0.036094
Morocco(-4) -0.033981+ -0.070621+ -0.104819+ -0.002383 0.020173 -0.248032* -0.010601 -0.045186 0.006066 -0.014047 0.031189
Morocco(-5) -0.023359 -0.044664 -0.073454 -0.002868 0.012253 -0.057383* -0.005516 -0.025514 0.007467 -0.008789 0.023354
Oman(-1) -0.004583 0.049135 0.106363 -0.005042 -0.007512 0.002403 -0.257775* 0.015213 -0.047841 -0.001792 -0.012543
Oman(-2) -0.005057 0.042901 0.094948 -0.006317 -0.005476 0.001694 -0.312085* 0.012450 -0.046334 -0.002518 -0.008480
Oman(-3) -0.004122 0.032721 0.071876 -0.003411 -0.005033 0.002250 -0.078208* 0.008729 -0.031975 -0.001293 -0.010062
Oman(-4) -0.008786 0.027105 0.060341 -0.010004 -0.000481 -0.002572 -0.265725* 0.002837 -0.042897 -0.006632 0.000293
Oman(-5) -0.004531 0.018955 0.043616 -0.003694 -0.002285 0.001013 -0.067558* 0.003042 -0.022643 -0.002041 -0.005681
Qatar(-1) 0.018729 0.033400 0.051300 0.003112 -0.009525 -0.012046 0.003704 -0.249564* -0.003477 0.006853 -0.018326
Qatar(-2) 0.017221 0.031007 0.048753 0.001775 -0.008590 -0.010193 0.003417 -0.303277* -0.003515 0.005756 -0.017709
Qatar(-3) 0.013067 0.023086 0.036100 0.002224 -0.007099 -0.008614 0.002543 -0.072689* -0.003369 0.004666 -0.013142
Qatar(-4) 0.013370 0.022783 0.039146 -0.001337 -0.006337 -0.006132 0.003140 -0.256878* -0.004968 0.003046 -0.015565
Qatar(-5) 0.008651 0.015027 0.024816 0.000810 -0.004873 -0.005367 0.001813 -0.063272* -0.003413 0.002683 -0.009379
Saudi Arabia (-1) 0.002985 -0.035958+ -0.081550* 0.003380 0.004801 -0.002773 -0.008795 -0.013394 -0.236885* 0.001263 0.004100
Saudi Arabia(-2) 0.003162 -0.031622+ -0.071526* 0.003950 0.004222 -0.002483 -0.007594 -0.011574 -0.290377* 0.001597 0.003254
Saudi Arabia(-3) 0.002149 -0.024512 -0.056088+ 0.001995 0.003327 -0.002181 -0.006279 -0.009084 -0.064932* 0.000840 0.002564
Saudi Arabia(-4) 0.003511 -0.023509 -0.051210 0.004765 0.003246 -0.002750 -0.005366 -0.007761 -0.244154* 0.001889 0.000833
Saudi Arabia(-5) 0.001764 -0.015461 -0.035367 0.001480 0.002202 -0.001851 -0.004081 -0.005373 -0.057868* 0.000668 0.001260
Tunisia(-1) 0.014773 0.034734 0.061426 -0.000387 -0.009037 -0.006549 0.002406 0.019838 -0.007732 -0.262723* -0.018529
Tunisia(-2) 0.013028 0.034157 0.062343 0.001158 -0.005694 -0.004993 0.005138 0.021149 -0.009409 -0.316058* -0.015174
Tunisia(-3) 0.010645 0.025000 0.045729 -0.000737 -0.006733 -0.003750 0.000943 0.013952 -0.006226 -0.081304* -0.014737
Tunisia(-4) 0.012850 0.036265 0.073407 0.005419 0.002197 -0.001755 0.010736 0.032887 -0.003109 -0.262715* -0.008007
Tunisia(-5) 0.007616 0.019656 0.038529 0.000191 -0.003172 -0.001610 0.001995 0.013372 -0.003981 -0.067970* -0.009772
UAE(-1) -0.032120+ -0.056314+ -0.085204+ -0.005068 0.014194 0.019028 -0.005029 -0.031533 -0.004679 -0.011407 -0.239406*
UAE(-2) -0.028514+ -0.051115+ -0.076562 -0.004413 0.013278 0.017425 -0.004680 -0.028176 0.000113 -0.009672 -0.294124*
UAE(-3) -0.022412 -0.039481 -0.061368 -0.003365 0.010381 0.013199 -0.002919 -0.021188 -0.003858 -0.007503 -0.065027*
UAE(-4) -0.021019 -0.042392 -0.059881 -0.005405 0.007441 0.013123 -0.006281 -0.018728 0.006164 -0.006871 -0.251310*
UAE(-5) -0.014532 -0.027065 -0.042365 -0.002476 0.006500 0.008534 -0.002201 -0.013024 -0.001068 -0.004533 -0.058247*

*significance at 5%, + significance at 10%

TABLE 8(b): VEC MODEL FOR NASDAQ AND MENA STOCK MARKETS
Model Independent  variables

NASDAQ EGYPT ISTANBUL JORDAN KUWAIT MOROCCO OMAN QATAR SAUDI TUNISIA UAE

ECT1 -0.035937+ 0.045796* 0.282356* -0.007371 0.003903 0.051810* 0.008563 0.057168* 0.012249 0.020228* 0.053586*
ECT2 -0.033062* -0.043008* 0.002848 -0.004484 0.013370* 0.021528* -0.005014 0.001245 0.053780* 0.005682 0.048567*
ECT3 0.008879 -0.061010* -0.226877* 0.003178 0.004139 -0.027868* -0.009772 -0.048144* 0.012298 -0.015040* -0.017188*

NASDAQ(-1) -0.248565* -0.034448 -0.215248* 0.005705 -0.004407 -0.040226+ -0.006507 -0.044178 -0.009544 -0.015638 -0.039061
NASDAQ(-2) -0.300486* -0.029388 -0.191254* 0.003912 -0.003764 -0.034897+ -0.006042 -0.039246 -0.007437 -0.014185 -0.035319
NASDAQ(-3) -0.073105* -0.024170 -0.150657* 0.003828 -0.003776 -0.028656 -0.004599 -0.031255 -0.006150 -0.011119 -0.026326
NASDAQ(-4) -0.254958* -0.019449 -0.149041* -0.000663 -0.003548 -0.024543 -0.006480 -0.030981 -0.002783 -0.012127 -0.027871
NASDAQ(-5) -0.064091* -0.015832 -0.100395+ 0.001419 -0.003060 -0.018781 -0.003642 -0.021189 -0.002958 -0.007833 -0.017060

Egypt(-1) 0.025422 -0.240108* -0.003804 0.002570 -0.010517 -0.017142 0.004277 -0.000602 -0.040650 -0.004387 -0.034046+
Egypt(-2) 0.021624 -0.293737* -0.001470 0.001884 -0.009226 -0.015139 0.002863 0.000381 -0.034491 -0.003727 -0.030675
Egypt(-3) 0.017734 -0.066980* -0.003404 0.001546 -0.007448 -0.012520 0.003214 -5.60E-05 -0.027341 -0.003068 -0.022363
Egypt(-4) 0.014010 -0.248364* 0.000153 -0.000801 -0.008512 -0.011093 -0.001925 0.000534 -0.025233 -0.002407 -0.024838
Egypt(-5) 0.011050 -0.059663* -0.002287 0.000436 -0.005268 -0.008400 0.001264 0.000363 -0.016676 -0.001796 -0.014126

Istanbul(-1) -0.007724 0.043685* -0.108730* -0.002051 -0.001904 0.020960+ 0.007228 0.035452+ -0.009254 0.011189 0.012773
Istanbul(-2) -0.006917 0.038063+ -0.176649* -0.001610 -0.002046 0.018130 0.006482 0.031004+ -0.008749 0.009526 0.011778
Istanbul(-3) -0.005626 0.029694 0.022896 -0.001094 -0.000659 0.014681 0.005050 0.024578 -0.006287 0.007796 0.008834
Istanbul(-4) -0.005018 0.025992 -0.160401* -0.000713 -0.002114 0.012364 0.005746 0.021484 -0.008070 0.006396 0.009815
Istanbul(-5) -0.003651 0.018569 -0.001849 -0.000301 -8.46E-05 0.009453 0.003624 0.015640 -0.004346 0.004986 0.006038
Jordan(-1) -0.002538 0.003939 -0.028542 -0.270478* -0.003316 0.005769 0.001291 -0.023493 -0.063936+ -0.016406 -0.020335
Jordan(-2) -0.001855 0.004754 -0.025022 -0.322283* -0.004564 0.003844 0.000686 -0.019974 -0.060480+ -0.014454 -0.019218
Jordan(-3) -0.001455 0.002865 -0.021428 -0.087179* -0.002451 0.003589 0.001350 -0.016052 -0.043233 -0.011483 -0.014090
Jordan(-4) -0.001731 0.003920 -0.021663 -0.270606* -0.006596 0.001095 -0.000236 -0.013340 -0.053157 -0.010007 -0.017909
Jordan(-5) -0.000761 0.002260 -0.015250 -0.072462* -0.002545 0.001585 0.000897 -0.010013 -0.029572 -0.007245 -0.010244
Kuwait(-1) -0.008688 -0.034633 -0.076199 0.000171 -0.269006* -0.003046 -0.006879 -0.019163 0.011505 -0.005084 0.006944
Kuwait(-2) -0.006783 -0.031284 -0.066549 0.000934 -0.321045* -0.002739 -0.005895 -0.016176 0.012608 -0.004464 0.006412
MODEL NASDAQ EGYPT ISTANBUL JORDAN KUWAIT MOROCCO OMAN QATAR SAUDI TUNISIA UAE

Kuwait(-3) -0.006013 -0.024330 -0.053142 0.000372 -0.087376* -0.002899 -0.005600 -0.013255 0.007011 -0.003649 0.004311
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Kuwait(-4) -0.003143 -0.026214 -0.048619 0.003694 -0.271857* -0.000428 -0.002788 -0.013824 0.009402 -0.002779 0.003846
Kuwait(-5) -0.003419 -0.016285 -0.034025 0.001148 -0.073643* -0.001773 -0.003444 -0.008750 0.004207 -0.002190 0.002460

Morocco(-1) -0.078424* -0.104212* -0.139090* -0.010495 0.020677 -0.214921* -0.014926 -0.071143+ -0.043551 -0.033386+ 0.051418+
Morocco(-2) -0.071201* -0.093361* -0.122544+ -0.009260 0.019903 -0.272401* -0.013412 -0.066618+ -0.040554 -0.030122+ 0.044939
Morocco(-3) -0.054366+ -0.071547+ -0.098412 -0.007447 0.014561 -0.048375* -0.010098 -0.048811 -0.029397 -0.023369 0.036201
Morocco(-4) -0.056341+ -0.073772+ -0.095900 -0.006006 0.017555 -0.233003* -0.013438 -0.056650 -0.031308 -0.024531 0.030507
Morocco(-5) -0.036057 -0.047262 -0.066172 -0.004885 0.010237 -0.047184* -0.007335 -0.033176 -0.019018 -0.015947 0.023095

Oman(-1) 0.006720 0.051256 0.088769 0.000825 -0.011431 0.008143 -0.262114* 0.004031 -0.070740 -0.005539 -0.031713
Oman(-2) 0.005161 0.044592 0.078765 -0.000969 -0.009049 0.006898 -0.315964* 0.002113 -0.067812 -0.006076 -0.025765
Oman(-3) 0.003433 0.034065 0.058973 0.000727 -0.007757 0.006692 -0.081312* 0.000309 -0.049517 -0.004261 -0.023904
Oman(-4) -0.001655 0.028012 0.049325 -0.005701 -0.002982 0.001381 -0.268349* -0.004751 -0.059620 -0.009206 -0.012211
Oman(-5) 0.000185 0.019674 0.034527 -0.000844 -0.004081 0.004172 -0.069603* -0.002976 -0.035530 -0.004266 -0.015138
Qatar(-1) 0.025256 0.029614 0.039769 0.003877 -0.006832 -0.018526 0.004345 -0.245549* 0.021507 0.011993 -0.013192
Qatar(-2) 0.022697 0.027746 0.038335 0.002415 -0.006224 -0.015732 0.003968 -0.299786* 0.018303 0.010238 -0.013392
Qatar(-3) 0.017593 0.020350 0.027530 0.002810 -0.005246 -0.012887 0.002984 -0.070426* 0.013111 0.008044 -0.009688
Qatar(-4) 0.016464 0.020480 0.030555 -0.000919 -0.004564 -0.009808 0.003401 -0.254675* 0.010674 0.006207 -0.012832
Qatar(-5) 0.011311 0.013161 0.018529 0.001223 -0.003716 -0.007875 0.002023 -0.062281* 0.006479 0.004675 -0.007417

Saudi Arabia(-1) 0.001158 -0.033956+ -0.037452 4.99E-05 0.009927 -0.013262 -0.004385 0.017152 -0.168167* 0.018151+ 0.031257+
Saudi Arabia(-2) 0.001217 -0.029855 -0.032516 0.001049 0.008762 -0.011792 -0.003655 0.015556 -0.229490* 0.016601+ 0.027276+
Saudi Arabia(-3) 0.001026 -0.023178 -0.025767 -0.000280 0.006945 -0.009425 -0.003192 0.011986 -0.017332 0.012564 0.021393
Saudi Arabia(-4) 0.001873 -0.022320 -0.023208 0.002877 0.006615 -0.009360 -0.002472 0.011771 -0.200423* 0.012792 0.018034
Saudi Arabia(-5) 0.001040 -0.014637 -0.016209 9.90E-05 0.004566 -0.006424 -0.002071 0.007991 -0.027634 0.008166 0.013237

Tunisia(-1) 0.049283 0.049489 0.188065* 0.004768 0.000660 -0.033010 0.007482 0.111955* 0.211131* -0.202876* 0.035926
Tunisia(-2) 0.043161 0.047237 0.175267+ 0.006024 0.002897 -0.028517 0.009849 0.103956+ 0.185971* -0.262376* 0.033280
Tunisia(-3) 0.035922 0.034882 0.133386 0.003123 0.000511 -0.021649 0.004677 0.077640 0.146339* -0.039328+ 0.023577
Tunisia(-4) 0.038202 0.045142 0.156221+ 0.010295 0.009353 -0.018057 0.014665 0.093676+ 0.139304* -0.222658* 0.027242
Tunisia(-5) 0.025237 0.025700 0.094505 0.003219 0.001879 -0.012666 0.004591 0.054330 0.094483+ -0.040509+ 0.014992
UAE(-1) -0.044797+ -0.057600+ -0.045628 -0.006347 0.013647 0.029148+ -0.006830 -0.021540 0.005431 -0.008269 -0.228059*
UAE(-2) -0.040269+ -0.052388+ -0.041589 -0.005671 0.012860 0.026289 -0.006328 -0.019601 0.009107 -0.007017 -0.283822*
UAE(-3) -0.031493 -0.040336 -0.033646 -0.004421 0.009900 0.019918 -0.004220 -0.013879 0.003625 -0.005356 -0.057078*
UAE(-4) -0.031235 -0.043256 -0.035007 -0.006797 0.006805 0.019110 -0.007577 -0.012917 0.011983 -0.005473 -0.243791*
UAE(-5) -0.020895 -0.027560 -0.024074 -0.003398 0.006122 0.012557 -0.003051 -0.008076 0.004156 -0.003211 -0.052883*

*significance at 5%, +significance at 10%

4. CONCLUSION

Interactions among stock markets as a result of globalization motivate economists to assess whether any
relationship exists. For example, the relationship between developed stock markets, such as the US and MENA
region, is important for the financial decisions of international investors. Dabuchies2 (db2) based on discreet
wavelet transform (DWT) was used in the present study to separate low-frequency signal and high-frequency noise
in selected US and MENA indices series to provide  less noisy data. The return original and return level-5
approximation series of all stock indices were compared to determine which data should be used to examine the
relationship between the stock markets of the US and MENA region. The results of the autocorrelation test revealed
that the return level-5 approximation data is less noisy than return original data for all stock markets. Thus, the
return level-5 approximation data are better data to use in econometric tools. Moreover, the short-and long-term
relationships between US stock markets, namely, NASDAQ and Dow Jones and ten stock markets of the MENA
region, namely, Egypt, Istanbul, Jordan, Kuwait, Oman, Morocco, Qatar, Saudi Arabia, Tunisia, and UAE, for
29June 2001–5 May 2009 were investigated. The cointegration test revealed a long-term relationship between the
stick markets of the US and MENA region. One of the possible reasons is the increase in globalization. Granger
causality test was used to determine the short-term relationship among stock markets, and it revealed bilateral,
negative causal relationships between the US and Morocco ,between Istanbul and Saudi Arabia at 5% significance
level, and Egypt and UA Eat 10% significance level. However, a positive relationship was found between Morocco
and UAE, as well as Tunisia and Saudi Arabia. In addition, unidirectional causal relationships were found among
the stock markets of the US and MENA region, as well as among some stock markets in the MENA region. For
example, the stock market of Egypt has the greatest effect on the stock market of the MENA region. The stock
market of Morocco is affected by most stock markets, because the stock markets of Morocco and Egypt are the only
ones that offer unrestricted access to foreign investors. Finally, the relationship between the stock markets of Dow
Jones and MENA region is stronger than that between the stock markets of NASDAQ and MENA region. In
summary, the results of the present study, revealed the importance and influence of US stock markets in the
determining stock returns and volatility in the stock markets in the MENA region.
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