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Abstract:  
 The purpose of this study is modeling and analysis the volatility of  Dow Jones Islamic indices 

though an application of both symmetric and asymmetric Generalized Autoregressive Conditional 

Heteroscedastic models and daily data of the Dow Jones Islamic Market index returns during the study 

period. The results show that Dow Jones Islamic Market index returns have the same commonly 

observed stylized facts of financial time series. Moreover, the best model for volatility modeling is the 

PGARCH model. 
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 :الملخص
تهدف الدراسةةةةةةن ذلة وتحلن  تقلبا تملشر  تو ةةةةةةر دا  ل وت امسةةةةةةكتنم تسةةةةةةتردتن ان حلل وترح  ا وقدار الحاتن الت ت  
الت ةةةةةةةةةةةةةةر ت ش ةد تلةروظ التشةربا التتوةر،رو  كبر التتوةر،روم  حلةل شةرميتتةرد يلة الشبةروةر  الب تبةن ل  ا ةد تو ةةةةةةةةةةةةةةر دا  ل وت 

. أ ةةةرر  الوتر ن أا ي ا د تو ةةةر دا  ل وت 05/15/2020ذلة    04/01/2010سةةةن التتتدو تا امسةةةكتن ركا اترو الدرا
امسةةةةةكتن لهر وحظ القمر م الوتتبن الت ل دو ان السةةةةةكسةةةةةا التتوبن الترلبنم ئتر أ،هر  الوتر ن أا أا ةةةةةا وت ح  لوتحلن 

 .PGARCH التملشر  ه  وت ح 
  .GARCH نماذج؛ راا ن؛:  رب ن؛ تصحبن؛ أثر الكلمات المفتاحية
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1. INTRODUCTION 

Islamic finance provides investment opportunities in the financial markets 

respecting the Islamic principles (Chiadmi & Ghaiti , 2014)through inventing products 

and financial tools that serve individuals and organizations in getting a financial 

portfolio that goes with their religious principles (EL Khamlichi, 2012). In 1999, many 

international financial markets launched Islamic equity indexes that reflect the prices 

movement of traded Islamic products after filtering them from shares that oppose the 

Islamic principles(Besseba & Benchiha, 2019). 

Recently, many studies have focused on the series of the Islamic equity indexes 

and their characteristics. (Chiadmi & Ghaiti , 2014) indicate that the Islamic equity 

indexes have been significantly impacted by the financial crisis, but to a lesser degree 

than the traditional ones. (Rejeb & Arfaoui, 2019) indicate that the risks degree in the 

Islamic equity indexes is bigger than the traditional ones. In another study, (Chiadmi, 

2015) found that Islamic equity indexes have almost all the statistical characteristics 

noticed in financial markets. These characteristics are known in many studies as stylized 

facts. 

 Due to the existence of these characteristics in time series, (Bollerslev, 1986) 

found a generalized model from ARCH models named GARCH. However, the latter is 

based only on the characteristic of similar effect of shocks. In the same context, many 

practical studies showed the need for other models that take into consideration the 

dissimilar effects of the changing variance resulting from shocks. Other studies showed 

that asymmetric GARCH models are the best for modeling the indexes fluctuations such 

as the study of (Sahnoune & Benlaib, 2019) that showed that asymmetric GARCH 

models outperform the symmetric ones. Moreover, the study of (Ben Nasr & Ajmi, 2014) 

found that FITVGARCH models work better than FIGARCH models in estimating and 

modeling the conditional fluctuations of the index returns. Thus, the problematic of the 

paper can be stated as follows: 

 What is the best model among GARCH models for modeling the volatility of 

DJIM index returns during the period of 2010 -2020? 

Before arriving to answer this problematic, we hypothesize that: 

1. Daily returns of DJIM index are characterized with negative skewness and high 

kurtosis during the study period. 

2. DJIM index returns are not independent from each other during this period. 

3. GARCH models are suitable to estimate the fluctuations of the DJIM index during 

the period of the study. 

4. Negative shocks have a bigger impact on fluctuations of the DJIM index returns 

compared to the positive shocks. 

➢Aims of the study: 

This study aims at: 

- Trying to suggest a standard model for modeling volatility of the DJIM index returns 

using GARCH models and all what may help in making the necessary decisions. 
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- Trying to know the statistical characteristics of the Islamic equity indexes. 

- Measuring the relation between the return and risk in the DJIM index during 2010-

2020. 

➢Importance of the study: 

The study draws its importance from the fact that it helps investors, operators, and 

financial managers in managing estimations of the Islamic equity indexes and setting 

trading strategies based on fluctuations and, thus, better manage risks. Moreover, the 

importance of the study lies within the fact that it aims at defining the behavior of the 

returns of DJIM index that are important for Muslim and non-Muslim investors. 

2. Theoretical background of the Islamic equity indexes and methodology of 

building them: 

Islamic equity indexes have drawn the interest of many Muslim and non-Muslim 

investors with conservative beliefs because these indexes suit their ethical principles. 

Muslim Muftis allowed Muslims to invest in the financial assets that meet specific 

principles that aim at reducing the incompatible activities. This led the fund managers 

to set selection criteria whose characteristics do not convene with Islamic principles 

(Majidi, 2016). Consequently, Islamic equity indexes are built on the standard criteria 

after the following series of filters: 

2.1 Qualitative filtering: This criterion filters the institutions qualitatively on the level 

of their activities (Majidi, 2016, p. 145). The Islamic rules prohibit investment in the 

sectors whose products represent a danger for the human health and whose consumption 

is not allowed in Islam. This encompasses all what is called “illegal activities” (EL 

Khamlichi, 2012, p. 88). Islamic rules prohibit investment in sectors such as weapons, 

alcohol, tobacco, drugs, pigs’ meat, pornography, gambling, and investments in 

financial, conventional, and insurance institutions that give loans or borrow. Moreover, 

the official committee publishes the list of the sectors that do not go with the investment 

principles in Islamic finance (EL Khamlichi & Viallefont, 2015, p. 6). 

2.2Quantitative filtering: At this stage, we apply the standards of the financial ratios 

allowed in the institutions indebtedness that had been chosen at the first phase. It 

measures 3 types of ratios concerning the financial structure of the institution (Chiadmi, 

2015, p. 70). These financial ratios differ from one index to another and are not agreed 

upon by the official committees. They are no more than extreme limits that are allowed 

(EL Khamlichi, 2012, p. 91) because they are mentioned in Quran or Sunna (Majidi, 

2016, p. 145). 

2.2.1 Debts ratio: This ratio is the total debt / total assets or average value of market 

capitalization during the year. It allows excluding all the institutions with high 

indebtedness and is one of the basic principles that characterize the Islamic finance from 

the traditional through prohibiting the interest-rate transactions. Therefore, the debts 

levels are taken into consideration as there is a consensus that 33.33% is the maximum 

level of debts (Majidi, 2016, p. 146)  .  
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It is noteworthy indicating that all ratios use the total debt in the numerator. 

However, the denominator expresses two orientations: indexes using the market value 

(DJIM and S&P) and indexes using the total assets (MSCI and FTSE) The official 

committee differentiates between the total market value and the total assets and takes 

the one whose value is higher as a denominator for the index (EL Khamlichi, 2012, p. 

93). 

2.2.2Filtering receivables: It is calculated through the residual of dividing total debtors 

on the market value of the last 12 months. This ratio must be less than 33% from the 

market value and, thus, if the size of the debtor in every institution is more than 33% 

from the market value, it will not be accepted in the portfolio that goes with Islam. On 

the other hand, if a big part of the institution’s assets is debtor, the trade assets of the 

institutions are dominated by cash flows, with the risk of not collecting receivables 

(Chiadmi, 2015, p. 70). 

2.2.3 Filtering the liquidity generating profit: This ratio is calculated by dividing 

liquidity plus the securities generating profits by the market value of the last 12 

months(Chiadmi, 2015, p. 70). It is based on a basic principle of prohibiting interests 

from Islamic finance. As a result, finance alternatives have been established far from the 

conventional ones. When institutions deposit the surplus of liquidity in conventional 

banks in the countries that do not have Islamic banks, the official committees intervene 

to determine the maximum limit that the institutions must maintain. This filter is 

different on the side of the allowed limit as a liquidity that can be deposited in banks; it 

is from 33% for Islamic indexes such as Dow Jones, P&P, and Stoxx to 70% for MSCI 

index. This difference explains that liquidity deposit is allowed as long as it respects the 

limits that do not generate revenues in the form of interests (EL Khamlichi, 2012, p. 93). 

3. Method and tools: 

3.1 Study variables: Data of the practical study are made up of daily time series of 

DJIM index returns -closing prices- for the period of 04/01/2010 to 15/05/2020. This 

period has been chosen due to the frequency of financial crises and uncertainty from one 

side, and the availability of data during the study period from another side. Moreover, 

this index is one of the main effective indexes in the Islamic financial markets. Data of 

the series were from: quotes.wsj.com. 

3.2 Theoretical background of the used models: 

3.2.1 Symmetric GARCH models: Symmetric models consider that the conditional 

variance depends on the size of the shock and not on its sign (Namugaya, Weke, & 

Charles, 2014, p. 5175).  Among these models, we find: 

- GARCH model  :Bollerslev (1986) suggested GARCH model to reduce the number of 

the power coefficients, from the infinite number of coefficients, into a small number. 

Thus, he could exclude ARCH model (Soualili & Belghait , 2018, p. 3). Among the 

simplest characteristics of this model is GARCH (1, 1) (Namugaya, Weke, & Charles, 

2014, p. 5175); 

𝒓𝒕 =  𝜇 +  𝜀𝑡 

𝝈𝒕
𝟐 =  𝜔 + 𝛼1𝜀𝑡−1

2 +  𝛽1𝜎𝑡−1
2  
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𝑟𝑡  is defined asthe real returns in Time t and 𝜇 is the average expected returns. The 

conditional variance must be positive. 

-GARCH-M model: Engle and Robins (1987) suggested GARCH-M model so that the 

conditional variance be a variable that explains the conditional mean. Thus, it becomes 

ready to describe the effect of the speed of the fluctuations on the return of the financial 

assets. The formulation of the model is written as such (Namugaya, Weke, & Charles, 

2014, p. 5175): 

𝒓𝒕 =  𝜇 + ∁𝜎𝑡
2 + 𝜀𝑡 

is the coefficient of risk premiums. If it is positive, it indicates that the returns are 

correlated to their fluctuations in a positive way i.e. the increase in the return mean is 

the outcome of the increase in the conditional variance as an alternative for the 

increasing risks. 

- FIGARTH model: Baillie, Bollerslev, and Mikkelsen (1996) suggested FIGARTH 

that models only the case where the decrease of the correlation coefficients takes the 

form of hyperbola and is written as such (Chikhi, Bebdob, & Bendob, 2017, p. 261): 

𝝑(𝑳) = 1 −
1

𝛽(𝐿)
(1 − 𝐿)𝑑    , 0 ≤ 𝑑 ≤ 1 

However, it isthe only that is characterized with a fast decrease in the lapse factor, and 

this is what we can call the long memory. 

3.2.2 Asymmetric GARCH models: They appeared because of the criticism faced by 

symmetric GARCH models because they were based on the symmetric effect of the 

shock. Among these models, we find: 

- EGARCH model:It was presented by Nelson (1991). The function of the conditional 

variance is exponential and nonlinear contrary to what Bollerslev sees in GARCH model 

(Chikhi, Bebdob, & Bendob, 2017, p. 258).The fluctuation increases after the negative 

shocks more than after the positive shocks at the same level; it is called the leverage 

effect. It ensures that conditional variance is always positive even if the values of the 

parameters are negative (Namugaya, Weke, & Charles, 2014, p. 5176).  This model is 

characterized withnot requiring constraints toguarantee the non-negative conditional 

variance through giving a formality in the exponential form. The equation of the model 

is written as such (Nelson, 1991, p. 352): 

𝝈𝒕
𝟐 = exp ( 𝜔 +  𝛾𝑧𝑡−1 +  𝛼(|𝑧𝑡−1| − 𝐸|𝑧𝑡−1|) +  𝛽 ln(𝜎𝑡−1

2 )) ⋯ ⋯ ⋯ (6) 

-TGARCH model: Jaganathan & Runkle (1993) and Glosten & Zakoian (1994) 

suggested TGARCH model to express the leverage effect in the quadratic form contrary 

to EGARCH model that is expressed in its exponential form (Matei, 2009, p. 53) The 

equation of the model is as such (Namugaya, Weke, & Charles, 2014, p. 5176): 

𝝈𝒕
𝟐 =  𝜔 +  𝛼1𝛽𝑡−1

2 + 𝛾𝑑𝑡−1𝜀𝑡−1
2 +  𝛽𝜎𝑡−1

2 ⋯ ⋯ ⋯ (7) 

Where 𝑑𝑡−1is a dummy variable, i.e. 

𝑑𝑡−1 = {
 1, 𝑖𝑓𝜀𝑡−1 < 0,    𝑏𝑎𝑑𝑛𝑒𝑤𝑠
0, 𝑖𝑓𝜀𝑡−1 ≥ 0,   𝑔𝑜𝑜𝑑𝑛𝑒𝑤𝑠
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Coefficient 𝛾 represents the effect of the financial leverage. The model decreases to 

GARCH model when 𝛾 = 0. Contrarily, when the shock is positive (good news), the 

effect on the fluctuation is𝛼1. But, if the shock is negative (bad news), the effect on the 

fluctuation is𝛼1 + 𝛾. Moreover, when 𝛾 is big and positive, the negative shock would 

have a bigger effect on 𝜎𝑡
2 than the positive shock. 

-GJR-GARCH: It was developed by Glosten, Jagannathan, and Runkle (1993). They 

studied the relation between the expected value and the fluctuations of the excessive 

nominal returns. It was noted that the effect of the positive shocks is different than the 

effect of the negative shocks. Thus, they provided a suggestion of adding a dummy 

variable to the variance equation to test the positive and negative effect of the shock (Al- 

Ahmad & Kusai Salman, 2019, p. 533). The following equation illustrates that 

(Sahnoune & Benlaib, 2019, p. 533): 

𝝈𝒕
𝟐 =  𝜔 + (𝛼 + 𝛾𝐼𝑡−1)𝜀𝑡−1

2 + 𝛽𝜎𝑡−1
2 ⋯ ⋯ ⋯ (8) 

𝐼𝑡−1 =  {
1 𝑖𝑓𝜀𝑡−𝑖 < 0
0  𝑖𝑓𝜀𝑡−𝑖 ≥ 0

 

- The Power GARCH model: It was developed by Schwert (1989) and Taylor (1986). 

The conditional standard deviation was used as a measure for the fluctuations instead of 

the conditional symmetry. After that, it was generalized by Dind, Granger, and Engel 

(1993) to focus on the characteristic of asymmetry through adding the power coefficient 

𝛿 in the modeling. Thus, the equation is written as such (Wiphatthanananthakul & 

Sriboonchitta, 2010, p. 144): 

𝛔𝐭
𝛅 =  𝜔 + ∑ 𝛼𝑖(|𝜇𝑡−1| − 𝛾𝑖𝜇𝑡−1)𝛿

𝑝

𝑖=1

+ ∑ 𝛽𝑗𝜎𝑡−𝑗
𝛿 ⋯ ⋯ ⋯ (9)

𝑞

𝑗=1

 

𝛿 > 0, |𝛾𝑖| ≤ 1 𝑓𝑜𝑟𝑖 = 1,2, ⋯ 𝑟 

𝛾𝑖 = 0 𝑓𝑜𝑟𝑖 > 𝑟,    𝑟 ≤ 𝑝 

If 𝛾 ≠0, the model captures the dissimilar effects. PGARCH decreases to GARCH when 

𝛿 = 2 and 𝛾𝑖 = 0. 

4. RESULTS AND DISCUSSION: 

4.1 Study of the statistical characteristics of the return series of the DJIM index: 

A descriptive study has been carried out on the DJIM index returns using the 

descriptive statistics by central tendency and dispersion measures. But, before studying 

the statistical characteristics and modeling DJIM index, the return of the index has been 

calculated as such: 

𝑅𝑡 = ln (
𝑆𝑡

𝑆𝑡−1

) 

Where: 

𝑅𝑡: Index return in time t, 

𝑆𝑡: Index value in t, 

𝑆𝑡−1: Index value in time t-1 . 
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Table 1. Statistical analyses of DJIM returns during study period 

 

 

 

 

 

 
 

 

Source: EViews 10 output. 
Results of the statistical returns of DJIM index in table (01) show that the index 

achieved a return mean of 0.0002. Furthermore, the table shows a low value of the 

standard deviation, but, higher than return mean. This indicates that investment in this 

index is subject to big risks. 

Results of Skewness coefficient show that the returns are characterized with a 

negative skewness and are centered to the left. This indicates theexistence of a big 

probability that the returns are negative. Besides, the returns during the study period are 

characterized with high kurtosis which justifies the problem of fat tails as kurtosis 

coefficient exceeded the value of the three that face the normal distribution. This means 

the deviation of thereturns series from the normal distribution through concentration of 

the distribution more around the mean. This is confirmed by the results of Jarque-Bera 

test that indicate that returns of the DJIM index did not follow the normal distribution 

during the study period. The following figure illustrates that: 

Fig1.Normal distribution of the daily return series of DJIM index 
 

 

 

 

 

 

 

Source: OxMetrics 6 output. 

We see from figure (2) the existence of remarkable fluctuation ofDJIM index 

returns and a concentration of the sharp volatilities and an increase in the number of 

peaks either negatively or positively that reflect the effect of the numerous shocks on 

the index. 
Fig2. Movement of the daily returns of DJIM during 2010-2020 

 

 

 

 

 
 

Source: OxMetrics 6 output. 
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4.2 Analysis of the autocorrelation and tests of unityrooton the returns series of 

DJIM index: 

4.2.1 Significance of autocorrelation test coefficients: 

Figure (3) shows that Q (k) statistic calculated for the last value in column Q-Statof 

DJIM index returns is bigger than the scheduler statisticofchi-squared distribution at a 

freedom degree of 16 at the level of significance 5%. Thus, we refuse the null 

hypothesisH0and accept the alternative hypothesisH1about the non-null autocorrelation 

coefficients, andhence, the index returns are not independent from each other. 

Fig3. testing the significance of autocorrelation test coefficients 

 

 

 

 

 

 

 

 

 

 
 

 

 
Source:EViews 10 output. 

4.2.2Static and stabilitytests:Results ofADF and PP tests in table (2) show the absence 

of unit rootin daily data series of DJIM index returns. Results show that all the calculated 

values were lower than the tabulated value at a significance level of 5%; thus, 

confirming the stabilityof the series. 

Table 2. Results of stability test of DJIM index returns 

ADF 

Theory t Without Intercept 

and trend 

With Intercept 

and without trend 

With Intercept 

and trend 

At level 5% -1.9409 -2.8624 -3.4114 

T calculated 19.4862-  19.5430-  19.5401-  

PP 

Theory t Without Intercept 

and trend 

With Intercept 

and without trend 

With Intercept 

and trend 

At level 5% 1.9409-  2.8624-  3.4114-  

T calculated 50.0402-  50.0540-  50.0449-  

Source:EViews 10 output. 
4.3Estimation of the fluctuations of the index returns using symmetric and 

asymmetric GARCH models: 

After the independence and stability study had shown that DJIM index can predict 

its future returns relying on the series of the previous returns, we can continue predicting 

through GARCH model. 
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4.3.1 Estimation of ARMA model and ARCH effect: The following table shows the 

results of applying ARMA model on the returns of DJIM index. 
Table 3. Estimation of ARMA (1.1) model 

 

 

 

 

 

 

 
 

 
Source:EViews 10 output. 

We notice from results of table (3) that the model is statisticallyaccepted due to the 

significance of thelinear regression and the moving average. The value of prob is less 

than 0.05 and, thus, we refuse the null hypothesis H0that says that the parameters are 

not significant, and accept the alternative hypothesis H1that says that the parameters of 

the model have a statistical significance at the significance levelof 5%. 

Using the results above, we test the condition of inconstancy of errors variance in 

the studied series. We relied onLM-ARCH test. Results are shown in the following table: 

Table 4. Results of ARCH effect test on the daily returns of DJIM index 

 

 

 

 

 

 
 

 

Source:EViews 10 output. 

 From table (4), it seems that there is an ARCH-effect in the series of the residuals 

at significance level 1% during the study period. Thus, the nullhypothesis H0is refused 

and the alternative hypothesis H1, that sates that there is an ARCH effect, is accepted. 

Therefore, the variance in the returnseries is not constant through time and we can apply 

GARCH model to solve this problem. 

4.3.2 Estimation of GARCH model: From table (5), we see results of GARCH model 

(1,1) estimation of DJIM index returns during the study period under the hypothesis of 

student distribution of errors that is considered statistically accepted at significance level 

of 5%. 

 

 



 

I. Bouhafs        Modelling and analysis the volatility of Dow Jones Islamic Indices Returns 

Using ARCH Models  
 

418 

 

Table 5. Estimation of GARCH model (1,1) 

 

 

 

 

 

 

 

 
 

Source:OxMetrics6 output. 

From the table, we see that GARCH model (1,1) is statistically accepted at 

significance level of1%. The significance value of the coefficient𝑎1 (ARCH effect) 

indicates the existence of shock effects on the conditional fluctuations of DJIM 

indexreturns, i.e. the fluctuations are too sensitive to any incident in the financial 

market.GARCH effect indicates that the variance resulting from the high value of the 

returns will be followed by a high variance in the later period. Total of ARCH and 

GARCH coefficients is almost 1 and this indicates the continuity of fluctuations 

shocks.This value confirms the cluster characteristic of the variance as the high variance 

will be followed by another high variance in a later period. Thus, the shock goes to 

infinity. Figure (4) illustrates the clear increase in the conditional variance of the returns 

of the index under study in the last period that was characterized with high fluctuations 

due to COVID-19 repercussions on the world economy. 
Fig.3. Conditional Variance of DJIM index returns 

 

 

 

 
 
 

 

Source:OxMetrics6 output. 

4.3.3 GARCH-M model estimation:  

This model is used to measure the relationbetween the return and the risk. It 

includes the equationof the conditional variance in the mean equation. 
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Table 6. Estimation of GARCH-M model (1.1) 

 
 

 

 

 

 

 

 

 

 

 

 

Source: OxMetrics 6 output. 

The results of the return equation through GARCH-M of the index under study 

show the existence of a high statistical significance of the parameters. The meanequation 

shows the existence of a positive sign for the parameter ofARCH which indicates that 

there is a direct relationship between the return and the risk when investing in the index 

of shares prices of DJIM. 

4.3.4Estimation of TGARCH, PGARCH, GJR-GARCH, and EGARCH models: 

These models show whether the good and bad news have the same effect on the 

fluctuations, and thus, measure the financial leverage effect. 

- Estimation of EGARCH model: table (7) shows EGARCH model (1.1) which shows 

the characteristic of dissimilarity of effects of the shocks (leverage effect) on DJIM 

index returns. 

Table 7. Estimation of EGARCH model (1.1) 

 

 

 

 

 

 

 

 
 

 
Source:OxMetrics6 output. 

From results of the table, we find that EGARCH models are statistically accepted 

and show that powers are accepted and significant at levels 1% and 5 %, and the 

parameter (leverage coefficient) got a negative value what makes us infer the existence 

of the leverage effect, i.e. fluctuations of DJIM index returns increase after the negative 

shocks -bad news- more than after the positive shocks -good news- from the same level. 

- Estimation of GJR-GARCH model: Estimation results shown in table (8) indicate 

that GJR- model is statistically accepted and that the coefficient of leverage effect is 
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positive. Thus, this result confirms EGARCH models, i.e. negative shocks have a higher 

effect on the conditional variance than the positive shocks of the same size. 

Table 8.Estimation of GJR-GARCH model (1.1) 

 

 

 

 

 

 

 

 
 

 
Source:OxMetrics6 output. 

- Estimation of PGARCH model:This model provides a confirmation of the existence 

of the dissimilar shocks in DJIM index returns through the usage of the standard 

deviation for modeling rather than the variance to estimate 𝛿power. The following table 

shows the results: 

Table 9. Estimation of PGARCH model (1.1) 

 

 

 

 

 

 
 
 

Source: EViews 10 output. 

- Estimation of TGARCH model: It is different than GJR-GARCH model in its 

modeling of the conditional standard deviation instead of the conditional variance. Table 

(10) shows its outcomes on DJIM index returns. 

Table 10. Estimation of TGARCH model (1.1) 
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Source:EViews 10 output. 

From the table, we see that TGARCH model is statistically accepted as the powers 

are accepted and guaranteed at level of 5%. Furthermore, we see that the negative shock 

has a big effect on 𝜎𝑡
2of the positive shock because the value of the coefficient 𝛾is big 

and positive. 

-Estimation of FIGARCH model:One of themodels used in testing the long memory 

in DJIM index returns is FIGARCH (1, d, 1). Its estimation results on the DJIM index 

returns indicate that it is statistically accepted and that the parameters are significant and 

that the fractional calculusparameter d ranges between values 0 and 10. This proves the 

existence of a long memory in the fluctuations of DJIM indexreturns with a continuity 

of shocks in it. 
Table 11. Estimation of FIGARCH model (1.d.2) 

 

 

 

 

 

 

 

 
 

 
Source:OxMetrics6 output. 

4.3.5 Choosing the best model for the estimation of the index returns:In this phase, 

we shall choose the best model for modeling the fluctuation of DJIMindexreturns series. 

To do so, we relied on information standards AIC, SIC, HQC. Table (12) shows the 

values of the estimated models according to the random error distribution of the models. 

Table 12. Choosing the best model for the estimation of DJIM indexreturns fluctuations  
GARCH GARCH-

M 

EGARCH GJR-

GARCH 

PGARCH TGARCH 

AIC -7.0754 -7.0759 -7.0847 -7.1126 -7.1255 -7.1117 

SIC -7.0623 -7.0606 -7.0672 -7.0973 -7.1080 -7.0964 

HQC -7.0707 -7.0704 -7.0784 -7.1070 -7.1192 -7.1062 

Source: EViews 10 output. 
From table (12), we see that the estimation of PGARCH (1,1) model according to 

the distribution T-student’s was thebest due to the lowest values for AIC, SIC, HQC. 

5. CONCLUSION  

This study tried to find the best model for modeling the fluctuations of DJIMindex 

returns relying on the symmetric and asymmetric GARCH models.The study used the 
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daily data of closing prices of DJIMindex returns during the period 2010-2020.  Findings 

show that: 

✓ There is an increase in the mean of DJIMindex returns followed by 

highfluctuations which reflect the degree of risks in this index. 

✓ DJIMindex returns are characterized with kurtosis and skewness towards the 

left, and thus, returns do not follow the normal distributionduring the study period. This 

is a problem related to the behavior of the investors; thus, we accept the first 

hypothesis. 

✓ Series ofDJIM index returns are characterized with independence and absence 

of unity root which indicates that returns are not random; thus, we refuse the second 

hypothesis. 

✓ Series of DJIM index returns were characterized with changing variance which 

consolidates the use of the conditional asymmetric models. 

✓ Symmetric GARCH models are statistically accepted and could cope with 

DJIMindex returns fluctuations. We found that the fluctuations are very sensitive to any 

financial market incident and that any strong shock in the fluctuations currently would 

have a long effect on the expected future values of the fluctuation. 

✓ GARCH models helped in the analysis of the characteristic of clusterfluctuation 

in the time series of DJIMindex, i.e.these models could analyze the characteristic of 

fluctuation; thus, we accept the 3rd hypothesis. 

✓ GARCH-M model is statistically accepted at significance level 5%. This result 

indicates the existence of a direct relation between the returns and the risks when 

investing in the Islamic shares. The higher the risk level is for the investor, the higher 

the return level asked in return ofthis investment is. 

✓ Asymmetric GARCH models proved that DJIMindex returns are characterized 

withincreasing conditional variance. When there is a negative shock, the fluctuation size 

is big compared to the level of change in the fluctuation after the positive shocks. The 

investor takes rapid decisions thatcan impact the supply and demand in the market to 

avoid any other potential losses and risks. Moreover, the investor may not take decisions 

that have that effect after positive shocks; thus, these models could analyze the 

characteristic of leverage effect. Therefore, we accept the 4th hypothesis. 

✓ PGARCH model (1,1) is the best among the estimated models in measuring 

DJIM index returns fluctuations. This, implicitly, means that these models have the 

ability to include the different effects resulting from the sudden negative shocks from 

the urgent political and economic news. 

✓ There is a statistical significance of a long memory in the fluctuations of DJIM 

index returns. This indicates the strong effect of shocks on the market fluctuations. 

Based on what has been said, we suggest: 

✓ Taking into consideration the statistical characteristics of the Islamic equity 

indexes through using the models that have mostof these characteristics. 

✓ Paying more attention to the predictive econometric study of the Islamicequity 

indexes. 
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✓ The possibility of studying the dynamic conditional correlation between the 

fluctuations of the Islamicequity indexes and the conventional. 
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