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Abstract 

Financials have been concerned constantly with factors that have impact on both taking and 
assessing various financial decisions in firms. Hence modelling volatility in financial markets 
is one of the factors that have direct role and effect on pricing, risk and portfolio management. 
Therefore, this study aims to examine the volatility characteristics on Jordan’s capital market 
that include; clustering volatility, leptokurtosis, and leverage effect. This objective can be 
accomplished by selecting symmetric and asymmetric models from GARCH family models. 
This study applies; ARCH, GARCH, and EGARCH to investigate the behavior of stock 
return volatility for Amman Stock Exchange (ASE) covering the period from Jan. 1 2005 
through Dec.31 2014. The main findings suggest that the symmetric ARCH /GARCH models 
can capture characteristics of ASE, and provide more evidence for both volatility clustering 
and leptokurtic, whereas EGARCH output reveals no support for the existence of leverage 
effect in the stock returns at Amman Stock Exchange. 

Keywords:- Times Series, GARCH models, Modelling Volatility, leverage effect, Emerging 
Markets, Jordan. 

  



 Asian Journal of Finance & Accounting 
ISSN 1946-052X 

2016, Vol. 8, No. 1 

ajfa.macrothink.org 
 

153

1. Introduction 

Financial markets are considered to have a keen role in economic conditions for countries 
worldwide. In this regard one of the major aspects of the financial markets is to model and 
estimate financial market volatility caused by its importance as an indicator for the dynamic 
fluctuations in stock prices (Raja and Selvam, 2011). Thus volatility is considered to be a 
measure of uncertainty for changes in asset prices, and it was used earlier by Markowitz 
(1952) as a measure of risk. 

During the last three decades there were continuous need to find out accurate measurement of 
volatility due to its vital role in pricing assets, risk and portfolio management (Goudarzi, 
2011; Ezzat, 2012; Gokbulut and Pekkaya, 2014).  

Consequently, modelling volatility will improve the usefulness of stock prices as an 
appropriate signal for intrinsic value of securities; thereby better modelling gives us better 
prediction that in the end will provide practitioners and academics with more accurate pricing 
models for financial assets. That all in return will make it easier for different interested 
parties such as investors, managers, and policy makers to take various financial decisions 
such as raising capital, and investment decisions in financial markets (Emenike, 2010).  

Moreover, early studies by Mandelbrot (1963), Fama (1965), and Black (1976), side by side 
with the recent numerous studies such as Poterba and Summer (1986), Tse (1991), McMillan 
et.al (2000), Najand (2002), Lee(2009), Emenike (2010), and Ezzat(2012); all have 
documented evidence showing that financial time series does exhibit both volatility clustering 
and leptokurtosis.  

Regarding the occurrence of volatility clustering it is when large changes in stock prices are 
followed by large changes in price of both signs, and vice versa, i.e. the small price changes 
are followed by periods of small changes in prices. On the other hand, the case of non-normal 
distribution of financial return which tends to be fat tailed is called leptokurtosis. Furthermore, 
studies such as Kosapattarapim et.al (2011), Rousan and AL Khouri (2005), Liu and Huang 
(2010), Freedi et.al (2012), and Gokbulut and Pekkaya (2014); observed new insights 
encountered in time series studies that is leverage effect (Asymmetric) that was first detected 
by Black (1976). It occurs when stock return tends to have a negative correlation with 
changes in volatility, i.e. volatility is expected to rise in response to bad news and fall in 
response to good news.   

In accordance to the aforementioned, all those characteristics accompanied with financial 
time series especially the part related to the estimation of volatility drives us away from linear 
models into searching for more appropriate statistical models. Thus, a study by Engle (1982) 
proposed to model time varying conditional variance through applying Auto Regressive 
Conditional Heteroscedasticity process (ARCH), which is expected to capture mainly the 
dynamic behavior of conditional variance using lagged disturbance. 

In the same vein, study by Bollerselev (1986) suggested one step forward to overcome the 
problem related to the ARCH model regarding the number of parameters, by applying 
Generalized Auto Regressive Conditional Heteroscedasticity (GARCH) model; in this way 
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instead of having infinite parameters using ARCH models, we can reduce the number into 
only two parameters in GARCH model. 

Accordingly, both ARCH and GARCH models that were proposed by Engle (1982) and 
Bollerslev (1986) respectively, can capture simultaneously volatility clustering and 
leptokurtosis. So in return they have been widely employed in financial markets analysis 
studies. But on the other hand, they both fail to capture the leverage effect. Hence, Nelson 
(1991) proposed one of the extended ARCH models by using Exponential Generalized Auto 
Regressive Conditional Heteroscedasticity well known as (EGARCH) model, in order to 
track the asymmetric shocks of the conditional variance (Gokcan, 2000; Su, 2010; Abd AL 
Aal, 2011; Ezzat, 2012; Freedi et. al, 2012). 

In regards to this study it aims to contribute to the available literature in that it adds new 
updated daily return gathered from one of the emerging economies which is Jordan; to 
investigate the behavior of stock return volatility for Amman Stock Exchange General Index 
(ASEI) during the period from 2005-2014 which covers the period of both recent financial 
crisis that affected all economies worldwide, also Arab spring revolutions in the middle east 
region. In addition this paper adopts GARCH model to capture the nature of volatility and 
employs Exponential GARCH (EGARCH) for capturing asymmetry in volatility clustering 
and the leverage effect in Jordan’s capital market for the period of 2005- 2014. 

The remainder of this paper is organized as follows; section 2 Literature review, section 3 
methodology, section 4 analytical analysis and empirical results, and section 5 concluding 
remarks. 

2. Literature Review 

The main early highlight studies to mention volatility clustering. Leptokurtosis, and leverage 
effect of stock return in financial market was provided by the following three studies of; 
Mandelbrot (1963), Fama (1965), and Black (1976). 

Measuring and estimating the stock prices volatility is an important concept in finance in 
general, and in investment decisions in specific, due to its dynamic behavior. That led 
researchers to propose multiple mathematical and statistical models to capture volatility of 
stock return in financial markets worldwide. The pioneering studies in this field are referred 
to Engle (1982), and Bollerslev (1986) who proposed the use of both ARCH and GARCH 
models respectively. This section will provide brief review for the main empirical findings 
provided by researchers from both developed and emerging markets. 

Many researchers found that conventional time series models that operates under the main 
assumption of constant variance was not actually accurate in estimating stock return 
movements. Thus, Engle (1982) study proposed the use of ARCH models that allows the 
conditional variance to change over time as a function of past errors leaving the unconditional 
variance constant. 
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Applying the ARCH model shade light on some limitations regarding this model, hence to 
overcome them Bollerslev (1986) proposed a modified form through Generalized ARCH 
(GARCH) to allow a longer memory and a more flexible lag structure. Not only does 
GARCH shares with the ARCH model in the main assumption regarding conditional variance 
is specified as a linear function of past sample variance, but also it allows lagged conditional 
variances to enter in the model too. 

More extended forms of the ARCH model were provided by many researchers such as; Engle 
et al. (1987) in which they introduced the GARCH –M, that allows the conditional variance 
to be determinant of the mean. In addition their empirical findings supports that risk premium 
are not time invariant; rather they vary systematically. 

Moreover, to break the rigidness of the GARCH specifications, Nelson (1991) contributed a 
new model through Exponential GARCH (EGARCH) which supported that variance of 
return was affected differently by positive and negative excess returns. Also the empirical 
findings support the negative correlation between both excess returns and stock market 
variance. 

Furthermore, depending on the previously mentioned GARCH-M model, Glosten et al. (1993) 
study modified the model by proposing GJR GARCH, in which their model is based on the 
fact that there is asymmetric response of volatility depending on the positive and negative 
shocks. 

Since then successive studies came out with new proposed members to the GARCH models 
family to overcome drawbacks of each model, such as for example studies by; Ding et. al 
(1993) proposed Asymmetric Power GARCH (APGARCH), then Zokoian (1994) applied 
threshold GARCH (TGARCH), in the study of Caporin and McAleer (2006) their employed 
models were Dynamic Asymmetric (DAGARCH), Conditional Auto Regressive Range 
(CARR), and Quadratic GARCH (QGARCH) model, and so on with more models to be 
applied and tested by different researchers worldwide.  

Concerning the effectiveness of the ARCH/GARCH, many empirical findings such as Hsieh 
(1989), Taylor (1994), Bekaert and Harvey (1997), Aggarwal et. al (1999), Brook and Burke 
(2003), Frimpong and Oteng (2006), and Olowe (2009); found similar conclusion that is; the 
best model to describe the data and measure the volatility is the GARCH (1,1). Also, they all 
confirm the ability of asymmetric GARCH models in capturing asymmetry in stock return 
volatility. 

Regarding the studies of Gokan (2000), Awartani and Corradi (2005), Yalami and Sevil 
(2008), Miron and Tudor (2010), and Su (2010); their methodologies depended on comparing 
between various asymmetric models proposed previously such as TGARCH, PGARCH, 
EGARCH, and GARCH-M; their main findings supported that asymmetric GARCH models 
plays a vital role in volatility prediction for daily stock return in different countries, also they 
found that EGARCH model exhibit more fitness accuracy in estimation of volatility in 
comparison to other types in the asymmetric GARCH family models. 
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Recently, there is a growing empirical researches in which their methodologies depends on 
applying ARCH/ GARCH models on emerging stock markets to estimate and predict 
volatility such as; the studies of Aydin (2002), Akgül and Sayyan (2005) and Gokbulut and 
Pekkaya (2014) in turkey, Rashid and Ahmad (2008) in Pakistan, Goudarzi and 
Ramanarayanan (2011) in India. Their main findings were the occurrence of non-normality, 
volatility clusters, negative skewness, leptokurtosis for data gathered from emerging 
economies; in addition, the best fit model for the data is GARCH (1, 1). Also, Gokbulut and 
Pekkaya (2014) supported that the CGARCH and TGARCH appear to be superior in 
modelling volatility. 

Consequently, many researchers in emerging countries are interested in applying and 
comparing between various ARCH/GARCH family models on selected data gathered from 
emerging economies, so at the end each empirical study may figure out the best fit models in 
their countries such as; Floros (2008), and Emenike (2010) in Nigeria Su (2010) in china, 
Angabini and Wasiuzzaman (2011) in Malaysia, Abd el Aal (2011), and Ezzat (2012) in 
Egypt, and Freedi et al. (2012) in Saudi Arabia. They all applied one or more from these 
models; GARCH, EGARCH, and GJR GARCH, and their main findings shows that 
EGARCH and GJR GARCH are the best models for measuring volatility, detecting clustering 
effect, leptokurtosis, also the leverage effect. 

Although there are many studies around the world that tested the ARCH/GARCH family 
models in their capital markets, few studies were found in Jordan concerning this issue. 
Rousan and Al Khouri (2005) study investigated the volatility for Amman Stock Exchange 
(ASE) for the period during (1992-2004), depending on daily observations for the general 
index of the exchange; and their results support that ARCH/GARCH models can provide 
good approximation for capturing the characteristics of ASE. In addition the study applied 
multiple asymmetric models to track the leverage effect and found that the exchange is 
symmetric; hence, good and bad news has the same magnitude. For Rimony and Nader (2012) 
study, it measured the volatility and the effect of macroeconomics on it by applying 
ARCH/GARCH, and their findings were that the ARCH was found statistically significant. 
On the other hand, GARCH was found statistically insignificant during the period 
(1991-2010). 

Consequently, our study will aim to update the data that were used in previous studies 
regarding measuring volatility and testing leverage effect for Amman Stock Exchange Index 
(ASEI100). Also, the period of the study will cover important events that affected the 
economic conditions regionally and worldwide such as recent financial crisis. Such kind of 
events is expected to stimulate the importance of estimating and forecasting stock market 
volatility so that it will ease taking various economic and investment decisions in firms. 

3. Methodology 

The estimation of both risk and return has been considered to be one of the main concerns of 
financial experts, academics and policy makers especially measuring risk. Thus, financials 
compete to find satisfactory mathematical models to estimate volatility that is an indicator of 
risk. During the last three decades lots of studies adopted modeling conditional volatility to 
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capture fluctuations of return in financial markets in particular especially in developed 
countries. The pioneer study in this field is credited to the study of Engle (1982) who offered 
modeling conditional volatility by using Autoregressive Conditional Heteroscedasticity 
(ARCH) process; which is in simple words a function of lagged squared residuals, and the 
general form of the model is: 

  = + ∑                          (1) 

Where α0 is mean, αi is conditional volatility and εt-i is white noise representing residuals of 
time series. 

However, to overcome the weaknesses that were found while applying ARCH models, 
especially the one related to the inability to exhibit volatility clustering. Another proposal was 
introduced by Bollerslev (1986) study to modify the version of ARCH models, which is 
symmetric Generalized Autoregressive Conditional Heteroscedasticity (GARCH) model; that 
synchronized both lagged squared residuals and lagged variances. In this way GARCH model 
is allowed to be dependent on both recent variance of itself side by side with past shocks, so 
at the end it will provide us with volatility clustering. In general the GARCH (p, q) model is 
presented in the following formula: = + ∑ + ∑                    (2) 

Where i=0,1,2,3,… p, conditional volatility, , ,   are non-negative constants with +   < 1 it should be near to unity for an accurate model, εt-j is residuals and it is lagged 
conditional volatility. And the last part of the formula is the main difference in applying both 
ARCH and GARCH models. Hence, αj and εt-j

2 are ARCH components and βj and  are 
GARCH components. In addition, both ARCH and GARCH models depend on a major 
assumption that is; all of the shock effects on volatility have a symmetric distribution. 

However, the empirical results of studies applying ARCH/GARCH model in different 
countries found that this assumption does not hold true for many stock markets in the world 
due to the special characteristics for each market. Hence, even though GARCH model did 
capture many important issues connected to the financial time series, but on the other hand 
failed to detect other volatility properties for example leverage effect and heavy tailedness 
too. Thus, modified models were presented by multiple researchers depending on nonlinear 
distribution so that it can take advantage from the well-known fact which states that; negative 
shocks have stronger effect on increasing volatility materially in comparison to the effect of 
positive shocks on volatility in the same magnitude. That all in return led to build asymmetric 
GARCH models that can capture the extent of  availability for asymmetric distribution, 
parameter restrictions and leverage effect of stock return. The issue of asymmetric condition 
was firstly proposed by Black (1976), then across time there have been many empirical 
studies that provided supporting evidence for Black proposal such as Exponential GARCH 
(EGARCH) by Nelson (1991), GJR GARCH by Glosten et al. (1993), Threshold GARCH by 
Zakoian (1994), and many other models were added to GARCH models family to estimate 
volatility more efficiently. 
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In accordance to the aforementioned, this study adopts in particular employing EGARCH 
model due to the ability of this model to show greater impact of volatility by large shocks, 
also this will be side by side with the classical models of ARCH/GARCH as well, to test and 
measure both asymmetric and symmetric distribution respectively and to find out the main 
characteristics of stock return at Amman Stock Exchange general Index (ASEI100). The 
formula of EGARCH can be expressed as following: 

( ) = + ( ) + − 2 −                                     (3) 

Regarding the EGARCH formula it is easy to figure out its added advantages, in that; firstly, 
the parameters are guaranteed to be positive since the model uses the log of the variances. 
And secondly, no restrictions on the parameters included in the formula which are , β , γ. 
Moreover, to make sure that the stationery assumption still holds β must be positive and less 
than 1, in addition, the value of gamma (γ) is the indicator of leverage effect (asymmetric) 
and must be both negative and significant.  

Consequently, to accomplish the objective of this study our methodology depends mainly on 
applying the most widely used nonlinear models for specifying volatility; which are 
ARCH/GARCH models to stylized facts about volatility of stock return in Amman Stock 
Exchange (ASE). Also to investigate different properties in Jordan’s capital market regarding 
the availability of volatility clustering, long memory, leptokurtosis, and finally leverage effect 
through EGARCH model. 

Therefore, the first stage in the analysis process is to investigate the presence of ARCH effect 
in the data by generating regression residuals through applying least square method. 
Afterwards, next step is to test the availability of volatility clustering by using GARCH. After 
making sure of the ARCH/GARCH effect existence there will be a necessity to run different 
statistical analysis to give a clearer image of the relation between volatility and stock return 
such as Jarque- bera test and Augmented Dickey-Fuller test (ADF) and many other test that 
will be discussed in details in the next section. The final step is to run EGARCH model to test 
leverage effect. 

4. Analytical Analysis and Empirical Results 

4.1 Data 

This study employ’s data including; 2469daily closing observations of Amman Stock 
Exchange general index (ASEI100) for the period from Jan. 1. 2005 till Dec. 31. 2014. The 
ASEI100 stock return is calculated through: 

                 Rt= Log (pt/pt-1)                               (4) 

By using primarily visual inspection of the plot sketching for daily series of ASEI100 during 
the period of the study, it proves to be satisfactory. In other words, the return fluctuates 
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around mean value that is close to zero. Also the observations show consistent fluctuations 
that are considered to be high for certain periods and low for others.  

4.2 Empirical Results 

Table 1 reports the statistical description for daily observations of Amman Stock Exchange 
General Index (ASEI) during the period of 2005-2014 that contains; mean, median, max, min, 
skewness, kurtosis and Jarque and Bera results. 

Table 1. Descriptive Statistics 
 Statistical Indicators Amount Statistical Indicators Amount 

Mean -4.76E-05 Kurtosis 6.686370 
Median 7.86E-05 Jarque-Bera 1440.862 

 
Std. Dev. 

0.004284  
Probability 

0.000000 

Maximum 0.020350 Sum -0.117410 

Minimum -0.019654 Sum Sq. Dev. 0.045302 

Skewness -0.322735 Observations 2469 

The average daily observations of ASEI is -4.67e-5, which indicates that there were losses 
across the period of the study, also the standard deviation is .004. There is a substantial gap 
between the max (.020) and min (-.019) which gives support to the high variability of price 
changes. In a normally distributed series skewness must be 0 and kurtosis is around 3, 
regarding our results the skewness is      -.322 negatively skewed which implies that the 
distribution has a long left tail and a deviation from normality. In addition, the ASEI returns 
are leptokurtic caused by large kurtosis statistics of 6.68 that exceeds normal value of 3 
indicating that the return is fat tailed. Regarding Jarque and Bera test for normality, it is 
consistent with the outcome provided by both statistics of kurtosis and skewness, since the JB 
test is significant at 1% level, that means to reject null and accept the hypothesis which states 
that; returns are not normally distributed. Consequently, all the pre mentioned statistical 
analysis gives more support to the suitability of applying ARCH/GARCH model for our data 
gathered from Amman Stock Exchange, since the selected observations can be described as 
leptokurtic, fat tailed and not normally distributed. 
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Figure1. Log Return Distribution 

 

Moreover, by visual inspection for ASEI returns during 2005-2014 represented by Figure 1, it 
can be observed that volatility changes over time tends to cluster financial return, which is an 
indicator for long memory too. In other words large changes tend to be followed by large 
changes and vice versa the small changes are followed by small changes as well. 

Table 2. Augmented Dickey-Fuller test 

   t-Statistic   Prob.* 

Augmented Dickey-Fuller test statistic -33.98253  0.0000 
Test critical values: 1% level  -3.432807  

 5% level  -2.862511  
 10% level  -2.567332  

*MacKinnon (1996) one-sided p-values.  

Table 2 represents the Augmented Dickey Fuller (ADF) test to examine the unit roots in 
return series. The main result based on this test is that; ADF is statistically significant at 1% 
level. This indicates to reject null hypothesis and accept that the returns are stationery; hence, 
it is mean reverting. That all confirms the non-existence of autocorrelation. 

However, since the series are stationery, the next step is to determine the best fitting mean 
equation through applying Auto Regressive Moving Average (ARMA) to choose the best 
process in modelling the conditional mean, and it can expressed as following: 
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       = + +                          (5) 

Table 3. ARCH/GARCH Model Output 

Dependent Variable: Market return volatility
Method: ML – ARCH
Included observations: 2468 
GARCH = C(3) + C(4)*RESID(-1)^2 + C(5)*GARCH(-1)

Variable Coefficient Std. Error z-Statistic Prob.  

α0 2.77E-05 5.30E-05 0.522034 0.6016
α1 0.149274 0.019509 7.651440 0.0000

 Variance Equation    

C 1.80E-07 2.35E-08 7.632834 0.0000
α1 0.117966 0.009882 11.93752 0.0000
Β 0.871524 0.008743 99.67907 0.0000

R-squared 0.041913    Mean dependent var. -5.13E-05

Adjusted R-squared 0.041524    S.D. dependent var.   0.004281

S.E. of  regression 0.004191     Akaike info criterion -8.649857

Sum squared residual 0.043321     Schwarz criterion -8.638084

Log likelihood 10678.92        
Hannan-Quinn 

criterion. -8.645580

Durbin-Watson stat 1.839387

After building the ARMA model for estimating mean, the volatility will be modeled using 
both ARCH/GARCH model. According to Table 3 the ARCH model is significant at 1% 
level, implying to reject null hypothesis and accept that there is an ARCH effect in the return 
of ASEI, also it indicates that there is a direct effect between news that enters the market and 
the level of volatility in the ASE. The appropriate model is ARCH (1). 

As the return exhibits an ARCH effect, it is followed by applying GARCH model that is 
sufficient to cope with the changing variance. The study applies the GARCH (1, 1) consistent 
with many previous studies such as Franses and Van Dijk (1996), Gokcan (2000). However, 
the parameters of GARCH model for ASEI returns is positively significant at 1% level, 
which implies to reject null hypothesis and accept the existence of volatility clustering in 
return series. In other words volatility from the previous periods has a power of explaining 
the current volatility condition. Thus, the sum of coefficients α and β in GARCH model is a 
measure of the persistence in the volatility shocks, if the result is close to unity (i.e. one) then 
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the more persistent is the stock to conditional variance. However, it appears from the 
analytical output that the (α + β) is around (0.99) which means that the ASEI return series 
have both attributes; volatility clustering and persistent. Hence, all previously mentioned tests 
indicate that the variance equation is well characterized and specified. 

Table 4. EGARCH Model Output 

Dependent Variable: Market Return Volatility   
Method: ML – ARCH   
Included observations: 2468   
LOG(GARCH) = C(3) + C(4)*ABS(RESID(-1)/@SQRT(GARCH(-1))) + C(5) 
                             *RESID(-1)/@SQRT(GARCH(-1)) + 
C(6)*LOG(GARCH(-1)) 

Variable Coefficient Std. Error z-Statistic Prob.  

α0 2.10E-05 4.98E-05 0.421103 0.6737
α1 0.144455 0.019069 7.575441 0.0000

 Variance Equation  

C -0.463614 0.046386 -9.994775 0.0000
α1 0.243625 0.016511 14.75535 0.0000
Β -0.016854 0.009284 -1.815490 0.0694
γ 0.975853 0.003336 292.4830 0.0000

R-squared 0.041296     Mean dependent var. -5.13E-05 
Adjusted R-squared 0.040907     S.D. dependent var. 0.004281 
S.E. of regression 0.004193     Akaike info criterion -8.650504 
Sum squared residual 0.043349     Schwarz criterion -8.636376 
Log likelihood 10680.72     Hannan-Quinn criterion -8.645371 
Durbin-Watson stat. 1.830550    

In order to capture the availability of asymmetric behavior and the existence of leverage 
effect in the financial return of ASEI, the study applies EGARCH model in order to detect the 
leverage effect (asymmetric). It is expected that the sign of gamma (γ) in EGARCH model 
must be negative and significant. Table 4 represents EGARCH output. All estimated 
parameters are statistically significant at 1% level except for β at 10% level of significance. 
Regarding the gamma parameter which is the indicator for asymmetric volatility, it is positive 
and significant at 1% level; this result implies that shocks including good and bad news that 
may impact Amman Stock Exchange will affect volatility for a quite time in the future, and it 
is not expected to be forgotten with a short period of time, this result is consistent with the 
empirical findings of Cohary and Rad (1994), and Rousan and Al Khouri (2005).  
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5. Main Conclusions 

Measuring and modelling volatility is vital in determining cost of capital for financial 
securities, also in assessing leverage and investment decisions that will affect the firm 
performance and its continuity especially in emerging economies where essential number of 
investors is described to be risk averters. 

Thus, this study attempts to model the volatility of stock market return in Jordan’s capital 
market. To achieve this goal the empirical analysis depends on running both ARCH/ GARCH 
models, so that to investigate the major volatility characteristics accompanied with Amman 
Stock Exchange General Index (ASEI) through the period from January 1. 2005 to December 
31. 2014; which includes volatility clustering. Leptokurtic distribution, and leverage effect.  

To capture the symmetry effect in Amman Stock exchange data, both ARCH and GARCH (1, 
1) model is employed. The primary empirical findings of the stock return data is far from 
normality, whereas it showed existence of conditional Heteroscedasticity; in other words 
volatility clustering. Moreover, the statistical output reveals evidence for leptokurtosis, long 
memory, skewed to left (fat tailed), and persistence of volatility. All these results are 
consistent with many previous studies such as; Cohary and Rad (1994), Rousan and AL 
Khouri (2005), Emenike (2010), Goudarzi (2011), Ezzat (2012) and so on.  

In regards to detecting the asymmetric effect in the data, the study applied EGARCH (1, 1) 
model, so that it can investigate if there is a various effect of good and bad news on the future 
volatility in Amman Stock Exchange (ASE). Therefore the expected outcome for the 
existence of asymmetric effect in the data is related to having negative significant gamma (γ), 
and since the results in our study is positively significant this indicates that; there is no 
support to the existence of leverage effect in Amman Stock Exchange. Thus, the stock return 
is considered to be volatile. Hence, whether the shocks are positive (good news) or negative 
(bad news) of the same magnitude, they will have the same impact on the future volatility. 
This part of the results in particular is consistent with few studies such as Cohary and Rad 
(1994), and Rousan and AL Khouri (2005). In addition, the unavailability of leverage effect 
at ASE can be due to many reasons such as; Jordan is an emerging country with limited 
resources that were affected by successive hard political and economic circumstances on both 
levels regionally and internationally, that all in return affected the economic conditions in 
Jordan in general, and capital market in specific; such as Iraq war in 2003, financial crisis of 
2007-2011, and Arab spring revolutions, that all have had its material impact directly and 
indirectly on stock market (Amman Stock Exchange). 

Overall results of this study provide more evidence for both volatility clustering and 
leptokurtic, whereas no support for the existence of leverage effect in the stock returns at 
Amman Stock Exchange. 
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