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ABSTRACT. Transparency to all parties involved in the investment process is believed
to be of utmost importance in Islamic banking and finance. Hence, the trading volume
and returns volatility relationship is assumed to be weaker for shari ah-compliant
banks compared to the conventional counterparts. This study aims at investigating this
relationship for the banking sector in Saudi Arabia. The Granger causality tests,
GARCH and EGARCH models were utilized to examine the relationship between the
daily stock returns volatility and trading volume over the period of January 2015 to
April 2020. The findings of the paper support the mixture of distributions hypothesis.
Future research could look into applying different types of GARCH models to examine
stock returns volatility of Islamic and conventional banks for other countries in the
GCC region.
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1. Introduction

The fundamental difference between conventional
and Islamic banking is the prohibition of Ribaa and
the emphasis on the compliance with the Sharia rules
and ethical aspects in all financial transactions. De-
spite the slower observed growth in the Islamic fi-
nance industry in recent years, the Islamic banking
sectors remains the main driver behind the industry’s
growth. In terms of assets size, Saudi Arabia is the
largest Islamic banking market in the GCC region
worth US$ 409 billion, a market in which conven-
tional and Islamic banks function together shoulder to
shoulder (IRTI, 2020). This duality has called for an
examination of whether or not Islamic banks stock
returns are more transparent and informative com-
pared to conventional banks (e.g. Alam & Rizvi,
2016, and Uddin et al., 2018). High volatility tends to
negatively impact the functioning of the banking
sector and hence their economic performance. This
paper aims at investigating the link between trading
volume and stock returns volatility of Islamic and
convectional daily returns in the Saudi dual banking
industry over the period Jan 2015 to Apr 2020 with a
total of 5361 daily observations.

2. Literature Review

Economists have long been investigating the relation-
ship between trading volume and stock returns vola-
tility. Ying (1966) was among the first researchers to
look at the volume and price as joint components of a
single market dynamics in which low trading volume
tends to correlate with a drop in prices and vice versa.
In addition, he claimed that a substantial increase in
volume often precedes a major decrease or increase
in prices. Subsequent studies in this field identified
two alternative routes of explanation as to the price-
volume link. The Mixture of Distributions Hypothesis
(MDH) (Clark, 1973, Epps & Epps, 1976, Tauchen
and Pitts, 1983 and Lamoureux & Lastrapes, 1990)
was the one of the main theoretical rationalisations to
suggest that returns volatility and trading volume are
both driven by the flow of new information to the
market, which justifies the contemporaneous positive
correction between the two variables. A later contri-
bution of Copeland (1976) and Jennings et al., (1981)
brought another explanation for the linkage. The Se-
quential Flow of Information Hypothesis (SIAH)
assumes that traders are not informed simultaneously

about the new arriving information; rather, they tend
to respond to new information in a sequential manner
before reaching the final new equilibrium. According
to Boubaker & Makram (2011), this will cause a
gradual increase in both trading volume and price
movements. Hence, there is a room for the predicta-
bility of price volatility given the lagged nature to
knowledge of trading volume in the process.

Recently, De Medeiros & Van Doornik (2008)
investigated the link between daily return volatility
and trading volume for a portfolio of 57 firms in the
Brazilian stock market over the period of Jan 2000 to
Dec 2005. Using unit-root tests, regression analysis,
VAR and GARCH models as well as the Granger
causality tests, they concluded that a significant con-
temporaneous relationship exists between return
volatility and trading volume. Also, the dynamic na-
ture of this relationship allowed for the predictability
of one variable given knowledge of the other. Their
results supported a strong mutual causality in both
directions.

Ureche-Rangau & de Rorthays (2009) investigat-
ed the Chinese stock return volatility and trading
volume relationship using 1305 daily observations of
36 stocks from the 9th Jul 2002 to 9th Jul 2007. The
Bivariate Mixture Model BMM and GARCH (1,1)
results showed the consistency of their findings with
the (MDH) hypothesis in that the variables had the
same multifractal behaviour despite the observed
negative correlation which contradicted the direction
of the relationship in the hypothesis.

Tripathy (2010) analysed the relationship be-
tween the daily trading volume and stock returns
volatility in the Indian stock Market during the period
from Jan 2005 to Jan 2010. Using various ARCH and
GARCH models the author tested the variability in
volatility and found that trading volume volatility to
be more significant with recent news as opposed to
past news where no significance was found. Hence,
the improvement of stock returns predictability was
present given the impact of new information.

Boubaker & Makram (2011) empirical work also
supported the MDH hypothesis. They applied the
ARCH and GARCH models to test the interlink be-
tween daily stock returns volatility and trading volume
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for the Tunisian stock market with the main 20 listed
stocks from the 1% Jan 2008 to the 15" Feb 2010. The
results showed that volatility persistence disappeared
when trading volume is included as an explanatory
variable. They also found that both measures of trad-
ing activity, intra-day volatility, and overnight indica-
tors were good proxies when testing conditional vola-
tility.

Kalu & Chinwe (2014) employed GARCH (1,1)
and GARCH-X (1,1) models with All-Share Index
daily returns and closing trading volume of the Nige-
rian stock market for the period from the 3rd Jan
2000 to 21st Jun 2011. Trading volume was used as
the variable that measured new information arrival to
the market. They also concluded that the variability
of stock returns increased significantly with the num-
ber of information events.

The relationship between trading volume and
stock returns volatility has also been studied in more
mature markets. Miloudi et al., (2016) studied 128
French firms over the period from Apr 1996 to Oct
2014 with monthly observations for trading volumes
and stock returns. They employed the GMM estima-
tion, vector autoregression (VAR) with impulse re-
sponse functions (IRF) analysis and Granger causali-
ty tests. Their results showed the existence of a
positive and significant relation between market
turnover and stock market returns but a statistically
insignificant link between stock returns and market
turnover, which implied that the lagged stock returns
can be used to predict current market turnover, but
not the other way around.

Al-Ajmi (2017) investigated the impact of the
trading volume on the persistence of returns volatility
of the Kuwait Stock Exchange using 7 sectoral indi-
ces and 20 individual listed companies. The study
utilized the GARCH (1,1) model with daily observa-
tions from the 2™ Jan 2001 until the 16™ Apr 2009.
With the information flow proxied by the contempo-
raneous trading volume, the results of investigation
concluded that the volume and returns are correlated
with high persistence of volatility at both the sectoral
and individual companies’ level with a strong support
for MDH hypothesis.

Naik et al., (2018) conducted a study using daily
stock trading volume and returns volatility of South
Africa over the period of 6th Jul 2006 to 31st Aug
2016. They used the EGARCH and Granger causali-
ty models to test the relationship. They found the
speed to which the stock market responded to nega-
tive shocks was different compared to positive shocks
with the first been more significant. Also, their find-
ings support the MDH hypothesis in that the contem-
poraneous trading volume had a positive significant
impact on stock return variability which allows for its
potential predictability.

Miseman et al., (2019) utilized the Granger cau-
sality tests and the GARCH (1,1) process to model
the volatility of returns and the trading volumes for
Malaysia, Indonesia and Singapore from Jan 2000
until Dec 2014 with 3600 daily observation for each
country. The cross-market Granger causality results
indicated that the variation of stock returns is signifi-
cantly explained by the trading volumes of Malaysia
and Singapore only. The Singapore market returns
were also found to be related uni-directionally to the
Indonesian market returns. A bi-directional causality
was concluded for the relationship between the trad-
ing volumes and returns within the individual mar-
kets of Malaysian and Singapore. As for the GARCH
(1,1) model, a significant positive contemporaneous
relationship was found between trading volumes and
stock returns in the three selected countries.

Given the current literature review, the investiga-
tions of the link between trading volume and stock
returns volatility have reported a mixture of results,
mostly supporting the Mixture of Distributions Hy-
pothesis (MDH). No study has attempted examining
the relationship between stock trading volume and
returns volatility at the sectoral level for the Saudi
stock market. This study aims at filing this gap by
examining the Mixture of Distributions Hypothesis
(MDH) in the Saudi banking sector.

3. Data and Methodology

There are currently twelve local banks operating in
the Saudi banking sector four of which are fully Sha-
ria compliant as per the table below.
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Table (1). Saudi Banks, Type, Establishment, Branches and No of ATMs.

No. Saudi Banks Establishment Branches ATMs
Islamic Banks
1 Al-Rajhi Bank* 1957 551 5,006
2 Bank Al-Jazira* 1975 79 618
3 Al-Bilad Bank* 2004 111 863
4 Alinma Bank* 2006 90 1,488
Conventional Banks
5 Riyad Bank* 1957 321 2,588
6 Saudi Investment Bank 1976 48 500
7 Banque Saudi Fransi 1977 86 550
8 Saudi British Bank* 1978 75 925
9 Arab National Bank 1979 151 1,266
10 Samba Financial Group* 1980 72 520
11 The National Commercial Bank* 1953 401 3,729
12 Alawwal Bank 2008 65 560

Source: * IRTI (2020) & SAMA (2018)

The sample of data used in this this study comprises
of closing stock prices Pt and trading volumes of the
12 Saudi banks split into Islamic and conventional
clusters. The sample period selected for this study is
from Jan 2015 to 5 Apr 2020 with a daily frequency.
From the values of the closing prices, the daily re-
turns were calculated as 100 *[In(Pt) — In(Pt—1)]. The
number of shares traded are used to measure the trad-
ing volume. The variables are defined as follows:

Rt, returns of the conventional banks.

Rt_ISL, returns of the Islamic banks.

TV, The number of conventional shares traded.
TV_ISL, the number of Islamic shares traded.

As it can be seen from the above figure that if the
variance for one observation is high, it is likely that
the variance of the next observation is also high and
vice versa. These results suggest that the ARCH
model can be applied to this data (Almarashi &
Khan, 2019).
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Figure 1. Saudi banks stock returns and trading volume from Jan 2015 to Arp 2020
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Figure 2. Descriptive Statistics of Saudi banks stock returns and trading volume from Jan 2015 to Arp 2020
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The descriptive statistics from Figure 2 indicate
that the variables are not normally distributed as
the null hypothesis of normality at 1% level is re-
jected. The means are positive and standard devia-
tions of the Islamic Banks’s returns are lower than
their conventional counterparts. Also, the variance
appears to be smaller for some periods and larger
for others which suggests that the variance changes
auto-regressively and depends on the variance of
the previous period.

Author’s own

3.1. Testing for Stationary

The time series data were tested for stationarity. The
Augmented Dickey Fuller (ADF) and Phillips Per-
ron(PP) Unit Root tests were used. The ADF Null
hypothesis HO: ADF statistic> MacKinnon Critical
Value (there is a unit root), and H1: ADF statistic <
MacKinnon Critical Value (no root unit) (Tsay,
2005). The lag length being automatically selected
based on Schwarz Information Criteria (SIC) with a
maximum lag length of 32. Both the ADF and Phil-
lips-Peron (PP) unit root tests (1988) included an
intercept with no trend.

Table (2). Testing for the Stationarity of the variables.

Variable Unit Root Test | ADF Test Statistics Phillips-Perron
Critical Value Test Statistic
Rt -2.861884 -66.93431* -66.97825*
Rt_ISL -2.861884 -39.24619* -68.99831*
TV -2.861886 -5.997029* -66.06274*
TV_ISL -2.861886 -4.468563* -23.43269*

*Denotes the rejection of the null hypothesis of a unit root at 5% level.

Source: Author’s own

3.2. Granger Causality Tests

Following Naik et al., (2018), Miseman et al., (2019)
and Hasbullah et al., (2020), the Granger causality
tests were used to investigate the direction of causali-
ty among the variables. There are several approaches
to modelling causality in temporal systems. The orig-
inal model by Granger (1969) was chosen for this
study not only because it is a comprehensive frame-

work for investigating the issue of the returns and
trading volume, but also because the presence of
causal ordering in the Granger's sense suggests pre-
dictability of variables (Murinde & Eng, 1994). The
tests involve the estimation of the following lag dis-
tributed regressions for both Islamic and convention-
al data as follows:
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Xt= X+ Xty K Xeq + Xty Bi Y1+ & €Y)
Ye= Yot XiZ1ViXe—1 + Xie10i Yeo1 + Mt 2)

where, <, and y, are the intercepts, and «;, B;, v;,
6; are the parameters to be estimated, and &; and 7,

are the white noise error terms. Table 3 shows the
results of testing Granger causality the relationship
between the returns and trading volume for Islamic
and conventional banks in KSA.

Table (3). Granger Causality testing results.

Null Hypothesis:

Obs  F-Statistic Prob.

RT _ISL does not Granger Cause TV_ISL 5360 4.20761 0.040*

TV_ISL does not Granger Cause RT_ISL

5.56656  0.010**

RT does not Granger Cause TV

9.50272  0.002**

TV does not Granger Cause RT

14.5651  0.000**

*Denotes the rejection of the null hypothesis at 5% level.
**Denotes the rejection of the null hypothesis at 1% level.

Source: Author’s own

The results show that the P-values are less than 0.05,
hence, the null hypothesis of no causality is rejected
indicating the existence of a bilateral causality be-
tween trading volumes and returns at the 5% level of
significance (Gujarati, 1998 and Murinde & Eng,
1994). It is worth noting that the causality between
Islamic banks returns and volume is the weakest
though still significant at the 5% level. It is concluded
that the volume has an effect on predicting the returns
of both Islamic and conventional banks in KSA. The
same results were reported by Miseman et al., (2019)
for both Malaysia and Singapore.

3.3. ARCH LM Test Heteroscedasticity Test

For high frequency data it is well established in the
literature that Engle (1982) suggested the usage of
autoregressive, conditionally heteroscedastic, or
ARCH model. Engle (1982) who pioneered volatility
modelling, suggested that for the GARCH- family
models to be valid, there is a need for checking
whether or not the series is characterized by the
ARCH effect. The residuals are examined with the
ARCH LM test to see if the variation appears to
change. This tests whether the current variance of the
disturbance term, o, is conditional on recent values
of the squares of the observed disturbances (eZ_, ).

of = 8o+ S1efq + Syel, + -+ Spel, + & (3)

Table (4). Heteroskedasticity tests.
Heteroskedasticity Test: ARCH

RT

F-statistic 451.4546
Obs*R-squared 416.5214
RT_ISL

F-statistic 344.2481
Obs*R-squared 323.5828

Prob. F(1,5357)
Prob. Chi-Square(1)

Prob. F(1,5357)
Prob. Chi-Square(1)

Source: Author's own

The chi-squared and F-tests of Hy: 6, =3, =..= , =
0 are carried out. If the hypothesis is true, the vari-
ance is a constant and there are no ARCH effects. In
table 4 above the chi-squared and F statistics are large

with a small probability hence, the null hypothesis is
rejected and the variance is not constant so the
ARCH effect is present since the variance changes.
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3.4 The GARCH(L,1) Model

Bollerslev (1986) extended the ARCH model to the
GARCH version which is considered the most used
model for volatility testing in finance, and in many
cases, the only model estimated and reported in em-
pirical work. The standard GARCH model allows the
conditional variance to be dependent upon its previ-
ous own lags. The model is typically of the following
form:

0 =w+ fof, +x e, 4

Where the variance o? of the time series today is
equal to a constant ®, plus some amount o of the

lagged residual €2, plus some amount B of its own
lags. According to Namugaya et al., (2014) the
GARCH (1,1) outperformed the other GARCH mod-
els when it comes to modelling the volatility of the
returns. This was also confirmed by Abdullah et al.,
(2017).

The model consists of the two equations:
The Mean equations:

Rt = CT + aiRt_l + b]TVt + Elf (5)
Ris, = Cx + ¢Rgp,, + djTVISLt + &3¢ (6)

Table (5). GARCH(1,1) model for RT.
Dependent Variable: RT

Method: ML ARCH - Normal distribution (Marquardt / EViews legacy)
Included observations: 5360 after adjustments

Variable Coefficient  Std. Error z-Statistic Prob.
C 0.024333 0.023340 1.042529 0.2972
RT(-1) 0.085606 0.014926 5.735493 0.0000
TV 0.000130 2.35E-05 5.515568 0.0000
Variance Equation
C 0.177785 0.012640 14.06477 0.0000
RESID(-1)"2 0.181293 0.008857 20.46970 0.0000
GARCH(-1) 0.771249 0.009759 79.03065 0.0000
Source: Author’s own

The above mean equation indicates that the contem-
poraneous trading volume is positive and highly
statistically significant at 1%, level. The variance
equation for Rt is:

var = 0.177785+ 0.181293 e(-1)? +0.771249 var(-1)
(0.000)  (0.0000) (0.0000)

Here the ARCH and GARCH terms are both positive
and significant which is consistent with Attari et al.,
(2012) and Al-Ajmi (2017). Jena (2016) stated that
according to Lamoureux and Lastrapes (1990) and
Najand and Yung (1991), the more the sum of the
coefficients, o and 3 approaches one, the further the
volatility shocks endure into the future. Hence, the
effect of a shock on volatility is more persistent over
time as the total of the parameters of o and B ap-

proaches one, while with a small value of o and 3,
such a shock has little effect.

The estimates of o and 3 in table 5 are 0.181293
and 0.771249 and their sum is 0.952542 which is
close to 1, showing that the estimated model is stable
indicating high level of volatility persistence. Since
only the squared residuals are considered in the equa-
tion the sign of the residuals or shocks have no ef-
fects. However, large changes in the conditional vari-
ance on previous or past information are typically
followed by large changes which tends to be driven
by bad news and small changes are also followed by
small changes usually associated with positive
shocks. In both cases the future volatility in the mar-
ket is impacted.
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Table (6). GARCH(1,1) model for RT_ISL.

Dependent Variable: RT_ISL

Method: ML ARCH - Normal distribution (Marquardt / EViews legacy)
Included observations: 5360 after adjustments

Variable Coefficient  Std. Error z-Statistic Prob.
C 0.047269 0.020350 2.322880 0.0202
RT_ISL(-1) 0.061289 0.014575 4.205170 0.0000
TV_ISL 0.000203 2.82E-05 5.312132 0.0000
Variance Equation
C 0.236272 0.013566 17.41607 0.0000
RESID(-1)"2 0.212623 0.010339 20.56588 0.0000
GARCH(-1) 0.721408 0.010528 68.52428 0.0000
Source: Author’s own

The variance equation for Rt_ISL is:
var = 0.236272+ 0.212623 e(-1)2 +0.721408 var(-1)
(0.000) (0.0000) (0.0000)

In table 6 above the ARCH and GARCH terms are
also both significant. The estimates of o and 3 are
0.212623 and 0.721408 so that their sum is 0.934031
which shows a high level of volatility persistence that
is slightly less than the one present for the conven-
tional banks. Also, the estimated model is stable and
good enough to be used to model the returns volatility.

The results indicate that the degree of persistence
of volatility as measured by the sum of the parame-
ters o and 3 is high for both conventional and Islamic
banks’ returns with the persistence being over 0.90.
Kalu O & Chinwe (2014) as well as Al-Ajmi (2017)

49

reported the same level of persistence for the Nigeri-
an Stock Exchange (NSE) All-Share Index and for
the sample of sectors and companies listed on the
Kuwait stock exchange respectively.

3.5. GARCH Model Diagnostics

For the GARCH (1,1) model to be valid the ARCH
test for Heteroskedasticity as well as the standardized
ACF/PACF squared residual Corelogram plots are
used to see whether there are serial correlations or not
in the residuals. The LM tests for ARCH effects in
the standardised residuals. This tests whether the
GARCH model has removed the original ARCH
effects. The null hypothesis is that the variance of the
standardised residuals is constant. The test with 12
lags gives:
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Table (7). Heteroskedasticity test of the GARCH(1,1) model.
Heteroskedasticity Test ARCH

RT

F-statistic 0.019475
Obs*R-squared 0.019482
RT_ISL

F-statistic 0.022107
Obs*R-squared 0.022115

Prob. F(1,5357) 0.8890
Prob. Chi-Square(1) 0.8890
Prob. F(1,5357) 0.8818
Prob. Chi-Square(1) 0.8818

Source: Author’s own

The above high probabilities show that the GARCH (1,1) model has resulted in the variance being constant.

Figure 3: AC, PAC & Q-statistics with 12 lags
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From Figure 3 it can be seen that AC and PAC are
not significant, which is shown by the probability
value of the Ljung-Box statistic that is greater than
the confidence level of 0.05 hence, it can be con-
cluded that the standardised residuals are random so
the GARCH (1,1) model is valid.

3.6. The EGARCH Model

According to McAleer & Hafner (2014), despite the
fact that the ARCH and GARCH models are the
most widely used to investigate volatility with a

Ino? = w+ Bln(cl,) +y

€—1

symmetry that implies a similar effect of equal
magnitude of stocks on volatility, the Exponential
GARCH (EGARCH) model is better able to account
for to the asymmetric effect on volatility caused by
negative and positive shocks. The model also allows
unrestricted estimation of the parameters (Nelson,
1991). The logarithm of the conditional variance is
explained as follows:

2
Ot—q

& 2
.. |t21|_f -
\/Ut—1 n
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The parameter 8 represents the persistence in condi-
tional volatility. The a captures the symmetric ef-
fect of the model, which is the GARCH effect. The
v parameter measures the asymmetry or the leverage

effect. If y = 0, then the model is symmetric. When
v < 0, then positive shocks generate less volatility
than negative shocks. If y > 0, then positive shocks
are more destabilizing than the negative ones.

Table (8). EGARCH(1,1) model for RT.

Dependent Variable: RT

Method: ML ARCH - Normal distribution (Marquardt / EViews legacy)

Included observations: 5360 after adjustments

Convergence achieved after 22 iterations

Presample variance; backcast (parameter = 0.7)

LOG(GARCH) = C(4) + C(5)*ABS(RESID(-1)/@SQRT(GARCH(-1))) + C(6)
*RESID(-1)/@SQRT(GARCHY(-1)) + C(7)*LOG(GARCH(-1))

Variable Coefficient  Std. Error z-Statistic Prob.
C -0.021217 0.022746 -0.932777 0.3509
RT(-1) 0.090759 0.014210 6.387160 0.0000
TV 0.000132 2.27E-05 5.793007 0.0000
Variance Equation

C(4) -0.171977 0.007084 -24.27791 0.0000
C(5) 0.331176 0.011907 27.81455 0.0000
C(6) 0.016365 0.007997 2.046239 0.0027
C(7) 0.924825 0.005062 182.6852 0.0000

Source: author’s own

Table (9). EGARCH (1,1) model for RT_ISL.

Dependent Variable: RT_ISL

Method: ML ARCH - Normal distribution (Marquardt / EViews legacy)

Sample (adjusted): 2 5361

Included observations: 5360 after adjustments

Convergence achieved after 21 iterations

Presample variance: backcast (parameter = 0.7)

LOG(GARCH) = C(4) + C(5)*ABS(RESID(-1)/ @SQRT(GARCH(-1))) + C(6)
*RESID(-1)/@SQRT(GARCHY(-1)) + C(7)*LOG(GARCH(-1))

Variable Coefficient  Std. Error z-Statistic Prob.

C 0.072435 0.017975 4.029846 0.0001

RT _ISL(-1) 0.059883 0.013815 4.334727 0.0000

TV_ISL 2.73E-05 1.27E-05 2.146288 0.0218

Variance Equation

C(4) -0.175406 0.007678 -22.84479 0.0000
C(5) 0.342718 0.012420 27.59411 0.0000
C(6) 0.023098 0.008129 2.841311 0.0045
C(7) 0.915618 0.005209 175.7890 0.0000

Source: Author’s own
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In table 8 the coefficient C(6) which measures the
asymmetry of the variable shows a positive value,
which suggests that good news are more destabilizing
than bad news for the Saudi conventional banks. The
coefficient C(5) that estimates ARCH effects is statis-
tically significant which this confirms the appro-
priateness the GARCH model estimated above. The
same is observed with the GARCH coefficient C(7).

Very similar findings were recorded for the Saudi
Islamic banks with the estimation of the EGARCH
model. The measure of asymmetry is positive and
significant. Both the ARCH and GARCH effects are
also significant confirming the validity of the esti-
mated GARCH model.

Table (10). Heteroskedasticity test of the EGARCH (1,1) model.

Heteroskedasticity Test: ARCH

RT
F-statistic 1.037416
Obs*R-squared 12.45027
RT_ISL
F-statistic 1.266718
Obs*R-squared 15.19436
Source

The above probability values are high, hence, the
null hypothesis of no ARCH effect is accepted vali-
dating the results of the EGARCH model for both
the Islamic and conventional banks. Overall, the
same pattern of asymmetry is observed cross the
board in the banking sector of Saudi Arabia, regard-
less of the dual nature of this sector.

4. Summary and Conclusions

This paper empirically examined and compared the
stock returns volatility for the Saudi listed Islamic
and conventional banks. Using a sample of 5361
daily observation from Jan 2015 to Apr 2020, the
Granger causality tests were used. It was found that
a bilateral causality between trading volumes and
returns exists at the 5% level of significance indicat-
ing that rising market returns go with rising volumes
and vice versa for both Islamic and conventional
banks. No differences were observed between the
behaviour of Islamic and conventional banks returns.

Prob. F(12,5335) 0.4105
Prob. Chi-Square(12) 0.4102
Prob. F(12,5334) 0.2310
Prob. Chi-Square(12) 0.2310

: author’s own

The results also confirmed that the contem-
poraneous trading volume is an important variable in
explaining the volatility dynamics of the returns
which supports the mixture of distributions hypothesis.
The findings suggest that one of the factors causing
high serial dependence in stock returns is the existence
of conditional heteroscedasticity or volatility in stock
returns which also showed that GARCH (1,1) is an
appropriate representation of conditional variance
suggesting that volatility helps to explain the returns.
The EGARCH model confirmed the results of the
GARCH model and suggested that positive shocks
are more destabilizing than negative shocks for both
the Islamic and conventional banks returns. The find-
ing of positive contemporaneous relationships sup-
ports similar previous investigations (e.g. Ureche-
Rangau & de Rorthays, 2009, Tripathy, 2010, Al-
Ajmi, 2017 and Miseman et al., 2019). Finally, future
research could look into applying different types of
GARCH models to examine stock return volatility of
Islamic and conventional banks for other countries in
the GCC region.
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