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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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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 -20207?

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
1s 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);

re= Ut &

2 _ 2 2
o = w+ a1+ Pr1of
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1, IS defined asthe real returns in Time t and u 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):

r,= pu+Co? +&

Cis 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):
— 1 d

I(L) =1 ,B(L)(l DY, o0<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):

o; =exp (w+ yzeq + a(|ze_q| — Elze—q ) + BIn(of ) oo (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):

0; = w+ affy +ydeqelq + POy (7)
Where d;_,is a dummy variable, i.e.
4 = { 1, ifer—4 <0, badnews
=170, ife,., =0, goodnews
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Coefficient y represents the effect of the financial leverage. The model decreases to
GARCH model when y = 0. Contrarily, when the shock is positive (good news), the
effect on the fluctuation isa;. But, if the shock is negative (bad news), the effect on the
fluctuation isa; + y. Moreover, when y is big and positive, the negative shock would
have a bigger effect on ¢ 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):
0f = 0+ (@+yl_)efy + Bofy e (8)

I= {1 ifern;i <0

t-1 0 ife;.; =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
din the modeling. Thus, the equation is written as such (Wiphatthanananthakul &
Sriboonchitta, 2010, p. 144):

p q
o = w+ z @i (lpte—q| = vitte—1)° + Z Bial - (9)
i=1 j=1

§>0,lyil <1fori=12,-7r
yi=0fori>r, r<p

If y #0, the model captures the dissimilar effects. PGARCH decreases to GARCH when
d=2andy; = 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

Re=n ()
c= s

calculated as such:

Where:

R;: Index return in time t,

S;: Index value in t,

S;_1: Index value in time t-1.
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Table 1. Statistical analyses of DJIM returns during study period

00

M Series: DJIM

800 4 Sample 1 2702

700 =1 Observations 2702

600 Mean 0.000256

o0 Median 0.000579
T Maximum 0.079159

400 - Minimum -0.096386

S1d. Dev 0.009225
SO0 Skewness -0.919022

200 Kurtosis 17.59371
s Jarque-Bera 24357 93
o Probability 0.000000

L | L o I LI N B L e
-0.100 -0.075 -0.050 -0.025 0.000 0.025 0.050 0.075

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:

Figl1.Normal distribution of the daily return series of DJIM index

Density Distributien
0.05 1

50
000

005

. -0.10
L L 1 1 I Il L 1 I Il
01 0075 005 0025 0 0.025 005 0075 01 0075 005 -0.025 0 0.025 005 0075

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.

415



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

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
hypothesisHyand accept the alternative hypothesisH; about the non-null autocorrelation
coefficients, andhence, the index returns are not independent from each other.

Fig3. testing the significance of autocorrelation test coefficients

Date: 05/18/20 Time: 01:12
Sample: 12702
Included observations: 2702

Autocorrelation Partial Correlation AC PAC Q-Stat Prob

0.037 0.037 3.6577 0.056
0.083 0.082 22468 0.000
-0.020 -0.026 23.555 0.000
-0.043 -0.049 28.662 0.000
-0.002 0.005 28.677 0.000
-0.085 -0.079 48.425 0.000
0.095 0.100 73.005 0.000
-0.091 -0.089 95530 0.000
0.061 0.051 10564 0.000
10 -0.019 -0.014 106.65 0.000
11 0.006 0.005 106.77 0.000
12 0.026 0.016 108.54 0.000
13 -0.053 -0.038 116.20 0.000
14 0.051 0.030 123.38 0.000
15 -0.035 -0.006 126.76 0.000
16 0.009 -0.016 127.00 0.000

VONOIOMHEWN S

Source:EViews 10 output.
4.2.2Static and stabilitytests:Results of ADF 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 | With Intercept With Intercept
and trend and without trend and trend
At level 5% -1.9409 -2.8624 -3.4114
T calculated -19.4862 -19.5430 -19.5401
PP
Theory t Without Intercept | With Intercept With Intercept
and trend and without trend 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

Dependent Variable: DJIM

Method: ARMA Maximum Likelihood (OPG - BHHH)

Date: 05/18/20 Time: 01:30

Sample: 1 2702

Included observations: 2702

Convergence achieved after 65 iterations

Coefficient covariance computed using outer product of gradients

Variable Coefficient Std. Error t-Statistic Prob.
C 0.000256 0.000218 1.175171 0.2400
AR(1) 0.461808 0.109300 4.225152 0.0000
MA(1) -0.411387 0.112064 -3.670997 0.0002
SIGMASQ 8.48E-05 8.90E-07 95.31641 0.0000
R-squared 0.003224 Mean dependentvar 0.000256
Adjusted R-squared 0.002115 S.D. dependentvar 0.009225
S.E. of regression 0.009216 Akaike info criterion -6.534367
Sum squared resid 0.229132 Schwarz criterion -6.525630
Log likelihood 8831.930 Hannan-Quinn criter. -6.531207
F-statistic 2.908595 Durbin-Watson stat 2.033535

Prob(F-statistic) 0.033356

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 H,ythat says that the parameters are
not significant, and accept the alternative hypothesis H, that 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

Heteroskedasticity Test ARCH

F-statstic 401.1402 Prob. F(1,2699) 0.0000
Obs*"R-squared 349.4938 Prob. Chi-Square(1) 0.0000

Test Equation

Dependent Variable: RESID""2

Method: Least Squares

Date: 05/18/20 Time: 01:32

Sample (adjusted). 2 2702

Included observations: 2701 after adjustments

Variable Coefficient Sta. Error t-Statistic Prob
C 5. 43E-05 6.43E-06 8.453331 0.0000
RESIDMN2(¢-1) 0.359712 0.017960 20.02848 0.0000
R-squarea 0.129394 Mean dependent var 8. 48E-05
Adjusted R-squared 0.129072 S.D. dependent var 0.000248
S E. ofregression 0.000324 Akaike info criterion -13.22817
Sum squared resia 0.000284 Schwarz criterion -13.22380
Log likelihooa 17866.65 Hannan-Quinn criter -13.22659
F-statistic 401.1402 Durbin-Watson stat 2.304745
Prob(F-statistic) 0.000000

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 H,is refused
and the alternative hypothesis H,, 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%.
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Table 5. Estimation of GARCH model (1,1)

Dependent wvariakble : DJIM

Mean Egquation : ARMA (1, ©O) model.

No regressor in the conditional mean

Variance Equation : GARCH (1, 1) model.

No regressor in the conditional variance

Student discribution, with S5.12967 degrees oOof freedom.

Strong convergence using numerical derivactives
Log—likelihood = 9564.92
Please wait : Computing the Std Exxoxrs ...

Robust Standard Errors (Sandwich formula)
Coefficient Std.Exrror t-value t-prob

Csc (M) 0.00075494 0.000120049 6.282 0.0000
AR () 0.107910 0.018840 S.728 0.0000
Cst (V) x 106 1.4947S9 0.3804S 3.929 0.0001
ARCH (Alphal) 0.148507 0.021213 7.001 0.0000
GARCH (Betal) 0.843534 o.o18884 449 .67 0.0000
Student (DF) S.129671 0.51007 10.06 0.0000
No. Obsexvations = 2702 No. Parameters B 6
Mean (Y) z 0.00026 Variance (Y) H 0.00009

Skewvness (Y) H -0.91902 KXurcosis (Y) H 17.59371
Log Likelihood s 9564.218 Alpha(il]+Beta[l]: 0.99204

Source:OxMetrics6 output.

From the table, we see that GARCH model (1,1) is statistically accepted at
significance level ofl1%. The significance value of the coefficienta, (ARCH effect)
indicates the existence of shock effects on the conditional fluctuations of DJIM
indexreturns, 1.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

L
.......

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)

Dependent wariable : DJIM
Mean Egquation : ARMA (1, 0) model.
No regressor in the conditional mean
Variance Equation : GARCH (1, 1) model.
An-—mean
Mo regressor in the conditional wariance
Student distribution, with 5.10994 degrees of freedom.

Strong convergence usSing numerical derivatives

Log—likelihood = 9566.62
Please wait : Computing the Std Errors ...
Robust Standard Errors (Sandwich formula)
Coefficient Std.Error t—walue t—prob
C=t (M) 0.000555 0.00016332 3.398 0©.0007
AR (1) 0O.106647 0D.018886 5.6497 0.0000
Cst (V) = 1076 1.492623 o.37202 3.921 o0©.0001
ARCH (Alphal) 0.14947863 0.0Z20815 T.104%9 0.0000
GRRCH (Setal) o.244101 0.018338 46.03% ©.0000
Student (DF) S5.10%944 0.50571 10.10 o©.0000
BARCH-in-mean (vazx) 4.909209 2.8215 1.=24 o0O.0682
No. Cbhbservations : 2702 No. Parametexrs B bl
Mean (¥) B 0.00026 Variance (¥} B 0.0000%
Skewness (¥} : —0.21902 Hurtosis (¥) : 17 .5937T1
Log Likelihood B S566.623 ARlphalll+Betall]: o.2919s5

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)

** G@RCH( 1) SPECIFICATIONS =*~»

Dependent variable : DJIM

Mean Equation : ARMA (1, 0) model.

No regressor in the conditional mean

Variance Equation : EGARCH (1, 1) model.

No regressor in the conditional variance

Student distribution, with 4.79722 degrees of freedom.

Weak convergence (no improvement in line search) using numerical derivatives
Log=likelihood = 9579.5
Please wait : Computing the Std Errors ...

Robust Standard Errors (Sandwich formula)
Coefficient Std.Error t-value t-prob

Cst (M) 0.000442 0.00011660 3.790 0.0002
AR (1) 0.110061 0.01773s 6.206 0.0000
Cst (V) x 1076 0.039548 0.38800 0.12019 0.9188
ARCH (Alphal) 0.173379 0.17941 0.9664 0.3339
GARCH (Betal) 0.936842 0.0082993 112.9 0.0000
-0.203070 0.036751 -5.526 0.0000
0.274591 0.026817 6.510 0.0000
Student (DF) 4.797218 0.41364 11.60 0.0000
No. Observations : 2702 No. Parameters H 8
Mean (YY) H 0.00026 Variance (Y) H 0.00009
Skewness (Y) H -0.91902 Kurtosis (Y) H 17.59371
Log Likelihood H 9579.500

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 y(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 effecty 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 GJIR-GARCH model (1.1)

e R R R R R R R R R R R R R R R R R R R R
== GERCH( 3) SPECIFICATIONS ==
R R R R R R R R R R R e R R

Dependent variable : DJIM

Mean Equation : ARMA (1, 0) model.

No regressor in the conditional mean

Variance Eguation : GJR (1, 1) model.

No regressor in the conditional wariance

Student distribution, with 5.524%8 degrees of freedom.

Strong convergence using numerical derivatives

Log-likelihood = 9616.14
Please wait : Computing the Std Errors
Robust Standard Errors (Sandwich formuala)

Coefficient Std.Error t-wvalue t-prob
Cst (M) 0.000521 0.00011904 4.380 ©.0000
RR (1) 0.105750 0.018416 5.742 ©0.0000
Cst (V) = 1076 1.835887 0.36234 5.03% 0.0000
ARCH (Alphal) —0.016768 o.012998 —-1.280 ©.1971
GRRCH (Betal) 0.856614 0.016992 50.41 ©.0000
GJR (Gammal) 0.268649 0.039536 6.795 ©0.0000
Student (DF) 5.524277 0.59489 @.287 ©0.0000
MNo. Cbservacions : 2702 HNo. Parameters : 7
Mean (¥) : 0.00026 Variance (¥) B 0.00009
Skewness (Y) : —0.21%02 Kurtosis (Y) : 17.59371
Log Likelihood : S6l6.14%

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 §power. The following table
shows the results:
Table 9. Estimation of PGARCH model (1.1)

Dependent Variable: DJiMm

Method: ML ARCH - Students t distribution (BFGS / Marquardt steps)

Date: OS/18/20 Time: 01:34

Sample (agjusted) 2 2702

INncluded observations: 2701 anter adjustments

Fallure to iMprove Hkelinood (NON-Zero gradients) aner 122 terations

Coefficient covariance computed using outer product of gradients

Presample variance: backcast (parameter = 0.7)

ERSQRT(GARCH)"C(7) = C(I3) » CA)"(ABS(RESIONT)) - CS)"RESIOC
=IINC(T) »~ B @SQRT(GARCH(-1))AC(7)

Variable CoemMmcient Sta. Error z-Statistic Proo
= 0.000449 0.000118 3. 790255 0. 0002
AR(1) O 108421 0.019220 S5 640990 0.0000

Variance Equation

(3 0.000564 0.000301 1872265 00612

<4y 0.111220 0008171 13. 61164 0.0000

() 0.999928 2. 1E-104 4. 8E+103 0.0000

(s 0. 89%417 0.009793 e1.02672 0.0000

<7 0830993 0. 104575 B.o220657 0.0000

T-DIST. DOF 6. 008090 0.723967 8 298842 0.0000

R-squarea -0.004129 Meoan dependent var 0. 00025%

Adjusted R-squarea -0.004501 5.0 dependent var 0.009227

S E. ofregression 0. 009248 Akalke Info criterion “7. 125541

Sum squared resid 0.230817 Schwarz criterion ~7.108062

Log likelthooo 9G31.043 Hannan-Quinn criter 7. 119220
Durnin-Watson stat 2158993

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)

Dependent Variable: DJIM

Method: ML ARCH - Student's t distribution (BFGS / Marquardt steps)

Date: 05/18/20 Time: 01:39

Sample (adjusted): 2 2702

Included observations: 2701 after adjustments

Convergence achieved after 38 iterations

Coefficient covariance computed using outer product of gradients

Presample variance: backcast (parameter = 0.7)

GARCH = C(3) + C(4)"RESID(-1)"2 + C(S)"RESID(-1)"2"(RESID(-1)=<0) +
C(8)*"GARCHC(-1)

Variable Coefficient Std. Error z-Statistic Prob
C 0.000522 0.000122 4274034 0.0000
AR(T) 0.105945 0.019684 5.382217 0.0000

Variance Equation

C 1.86E-06 2.89E-07 6.450918 0.0000
RESID(-1)"2 -0.016193 0.012747 -1.270398 0.2039
RESIDG-1)"2*(RESID(-1)=<0) 0.269708 0.030065 8.970982 0.0000
GARCH(-1) 0.855128 0.014314 59.74178 0.0000
T-DIST. DOF 5570750 0.655527 8.498128 0.0000
R-squared -0.004100 Mean dependentvar 0.000255
Adjusted R-squared -0.004472 S.D. dependent var 0.009227
S.E. of regression 0.009248 Akxaike info criterion -7.111761
Sum squared resid 0.230811 Schwarz criterion -7.096466
Log likelihood 9611.433 Hannan-Quinn criter -7.106230
Durbin-Watson stat 2.153057
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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 g?of the positive shock because the value of the coefficient yis 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- |EGARCH | GJR- PGARCH | TGARCH
M GARCH
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:

v  There is an increase in the mean of DJIMindex returns followed by
highfluctuations which reflect the degree of risks in this index.

v 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.

v" Series of DJIM index returns are characterized with independence and absence
of unity root which indicates that returns are not random; thus, we refuse the second
hypothesis.

v" Series of DJIM index returns were characterized with changing variance which
consolidates the use of the conditional asymmetric models.

v' 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.

v" 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 3™ hypothesis.

v 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.

v" 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.

v 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.

v' 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:

v Taking into consideration the statistical characteristics of the Islamic equity
indexes through using the models that have mostof these characteristics.

v’ Paying more attention to the predictive econometric study of the Islamicequity

indexes.
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v The possibility of studying the dynamic conditional correlation between the
fluctuations of the Islamicequity indexes and the conventional.
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