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Commonality in Volatility: Doesit Exist in Amman Stock Exchange?

Dima Waleed Hanna Alrabadi 1, Hanna Waleed Hanna Alrabadi 2

ABSTRACT

This study aims to investigate whether individual stock volatility co-moves with the overall market volatility in

emerging markets. Our data set consisted of the daily observations of 105 companies listed in Amman Stock

Exchange (ASE) over the period 2006-2015. Time series GARCH (1, 1) regressions were estimated for each stock

individually. The results indicated a strong evidence of commonality in volatility in ASE. Thus, 76%- 89% of the

firms investigated showed a statistically significant positive co-movement of their volatilities with the overall

market volatility. However, when sectoral volatility was added to the models, the evidence of co-movement with

market volatility became less important in the financial and industrial sectors. The firms in these two sectors

showed a stronger co-movement of their volatilities with sectoral volatility if compared to their co-movement with

market volatility. Moreover, our results exhibited no size effect in the commonality in volatility. No significant

differences were found between the portfolios of different sized stocks. Our findings are vital to investors, portfolio

managers, researchers and all parties who are interested in stock exchanges. To the best of authors’ knowledge,

this study is the first in Jordan that tackles commonality in volatility.

Keywords: Commonality, Volatility, Market, Size effect, Sectorial commonality, Amman stock exchange.

INTRODUCTION

Stock price volatility is one of the well-researched
phenomena in financial markets worldwide. It is a key
element of the investment decisions and portfolio
creations. Thus, both investors and portfolio managers
consider volatility a main indicator of investment risk.
Volatility is vital in pricing derivatives as well because
knowing the price volatility of the underlying asset at

which the derivative contract is made plays a key role in
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pricing that contract. Mainly, volatility is important for
determining the rate of return and cost of capital and
assessing investment and leverage decisions in addition to
its essential part in risk management, hedging strategies
and asset pricing.

Volatility is inherently unobservable and thus
measuring it is crucial in financial research. Traditional
GARCH models are the most well-known models that
forecast return and volatility based on lagged returns and
innovations. The ARCH class models do not make use of
sample standard deviation but formulate conditional
variance of returns via maximum likelihood procedure
(Engle, 1982). Other measures of volatility include
historical volatility models which are based on the sample
standard deviation of returns. These models include
random walk, historical averages of squared return, time
series models based on historical volatility using moving

averages, exponential weights and autoregressive models
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(see for example Brown, 1990; Engle, 1993; Aydemir,
1998; Tylor, 2004). Some researchers utilized option
implied standard deviation based on the black-scholes
(1973) model while others depended on stochastic
volatility models forecasts (for more detailed discussion
see Ghysels, et al, 1996). More sophisticated volatility
forecasting models are based on neural networks (see for
1999)
programming such as that used in Zumbach et al.(2002).

example Hu and Tsoukalas, and genetic
Researchers have proposed a set of different

explanations of wvolatility in financial markets.
Pryymachinco (2003) has divided these explanations into
two categories, those attempting to relate the stock price
volatility to the changes in the fundamentals such as those
changes in the macroeconomic factors or changes in
investment profits (Chen, et al., 1986; Harvey, 1995;
Yom, 2000) and those based on the non-fundamental
factors such as bubbles and fads, irrationality of agents
and information asymmetry (West, 1988; Timmerman,
1993; Sarno and Taylor, 1999). The latter seems to be
more vital in the emerging stock exchanges. Nelson
(1996) listed several factors associated with market
volatility changes. These factors include positive serial
correlation in volatility, which means that large changes
tend to be followed by large changes of either sign,
whereas small changes tend to be followed by small
changes, a phenomenon called volatility clustering.
Trading and non-trading days also affect volatility. Thus,
volatility is found to be higher on Mondays comparing to
other days of the week. Moreover, volatility tends to be
higher during recession and financial crises. Daly (2011)
argued that trading volume, contrarian trade, and the
introduction of futures and options influence volatility
over the short-term, while corporate leverage and nominal
interest rates have long term effects.

Recent research found that correlation among
volatility is stronger than that among returns and both
tend to increase during bear markets and financial crises.

Bekaert et al. (2012) found co-movements in average
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idiosyncratic volatility across countries. Their sample
included 23 developed equity markets. Barigozzi et al.
(2014) showed a common secular trend in realized
volatilities. Engle and Figlewski (2015) documented a
common factor in option-implied volatilities of 28 stocks
of the Dow Jones Industrial Average. Veredas and
Luciani (2015) examined the factor structure in realized
volatilities and introduced an approximate dynamic factor
model for modeling and forecasting large panels of
realized volatilities. Their model captures co-movements
and clustering. However, the commonality in volatility
was unexplored until Sharma et al. (2014) whose
introduced significant evidence of co-movement between
individual stock volatility and market volatility in NYSE.
Their study provided the first evidence of commonality in
volatility in the developed markets. Sharma et al. (2014)
used the volatility spillover theory and the contagion
theory to explain the possible relationship between firm
volatility and market volatility. Specifically, they argued
that volatility spillover takes place when volatility
originates from the market and spills over to the firm. This
happens because financial markets are characterized by
information processing, advances in computer technology
and liberalized capital movements (Kim and Rogers,
1995; Wongswan, 2006). In addition, Sharma et al.
(2014) utilized what

contagion” to explain the possible commonality in

they called “market-to-firm

volatility phenomenon. They argued that if the market and
the firms comprising it are moderately correlated during
periods of stability, then a shock to the market has ripple
effects and leads to a significant increase in firm level co-
movement, which in turn would constitute contagion.
Motivated by their findings and to the best of authors’
knowledge, this study is the first in Jordan that tackles the
same issue. We investigate the effect of market volatility
on individual stock volatility in Amman Stock Exchange
(ASE) over the period 2006-2015. Moreover, we examine
the co-movement between individual stock and sectoral

volatility and inspect whether the commonality is related
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to firm size. Examining this topic in emerging markets
seems to be more vital than investigating it in developed
markets. Emerging markets are characterized by high
volatility, volatility clustering, information asymmetry,
investors’ irrationality, smaller market capitalization and
less number of firms than developed markets. The
motivation underlying this study is well-known. Joint
movements in volatility influence the distribution of
portfolio returns, and thus play an important role in risk
management, portfolio selection, and derivative pricing.
Co-movements in volatility could also help to expand our
understanding of financial markets and to shed light on
issues such as contagion and the transmission of shocks
through the

understanding the mechanism in which financial crises

financial system. Moreover, it helps
happen. The remaining of this study is organized as
follows: Section 2 reviews the literature, section 3
describes data and methodology, section 4 explains the

results of analysis and section 5 concludes this study.

2. Literature Review

Sharma et al. (2014) are the first researchers to
explore commonality in volatility in financial markets.
Using time series GARCH (1, 1) model and a sample of
560 firms listed in NYSE over the period 1998-2008.
They found that market volatility has a statistically
significant effect on firm volatility for at least 50% of
firms investigated and for 12 out of 14 sectors. Moreover,
their results showed a significant size effect; thus,
commonality is apparent for large firms and weak in small
firms. Sharma et al. (2014) also found that market
volatility predicts firm volatility for firms belonging to 5
out of 14 sectors. Recently, Herskovic et al. (2016) found
a common factor in idiosyncratic volatility that is priced
in the cross section of US stock returns. Wlodarczyk and
Otola (2016) investigated whether the strength of firm-
market volatility relationship has changed after subprime
crisis on the Polish Capital Market. Their sample

consisted of selected companies listed on the Warsaw
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Stock Exchange (WSE) from the construction and IT
sectors during 2004-2011. For each
ARFIMAX-FIGARCH model with additional exogenous
variables, which represented market volatility, were

company,

estimated in the stable and the turbulent period. Their
results showed no significant increase in the fraction of
firms from a given sector of Polish Capital Market whose
volatility is strongly and positively related to market
volatility in the pre-crisis period compared with the post-
crisis period.

In the Jordanian context, Rousan and AL-Khouri
(2005) modeled the market volatility in ASE. The study
investigated the behavior of stock prices and return
volatility using daily data of the general index over the
period 1992-2004. The results demonstrated that returns
exhibit a significant level of serial correlation which is
related to conditional heteroskedasticity due to time
varying volatility. ARCH and GARCH models can
the

characteristics of ASE. The empirical analysis supports

provide good approximation for capturing
the hypothesis of symmetric volatility; hence, both good
and bad news of the same magnitude have the same
impact on the volatility level. Moreover, the volatility
persists in the market for a long period of time. Al-Rjoub
(2011) examined the impact of different crises, namely,
the Mexico's Tequila crises of 1994, the Asian /Russian
crises in 1997-1998, the attack of 9/11 on the United
States in 2001, the war on Iraq in 2004, the financial crisis
in November 2005 and the global financial crisis of 2008-
2009, on the behavior of stock returns and volatility
during these crises. He found that imported crises cause
volatility to decrease or increase based on the general
public expectations. The local stock market crash during
2005 and the global financial crises of 2008 had no impact
on volatility. Stock returns were found to be reliably
negative during the above financial crises except during
the war on Iraq in 2004. In another study, Al-Rjoub and
Azzam (2012) examined the behavior of stock returns and

volatility in ASE during global, regional and local events,
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mainly during the 2008-2009 crisis. Their data covered
the period 1992-2009. They defined stock market crash as
a 20 percent decline in the stock market and also used a
35 percent or more fall in emerging stock market from its
historical maximum as a definition of stock market crash.
Their results showed that crises in general have negative
impact on stock returns for all sectors, with the banking
sector being the most affected. The effect of the 2008-
2009 crash is the most severe, with the largest drop in
stock prices and high volatilities. Al-Rjoub and Azzam
(2012) provided evidence of high persistence in volatility
and strong reverse relationship between stock return and
its volatility before and after the crises.

Overall, volatility is an important phenomenon in
finance and it is more vital in emerging markets if
compared to developed stock exchanges as the former are
characterized by higher average sample returns. That is,
their returns are more predictable and their stock prices
are highly volatile. To the best of authors’ knowledge, this
is the first study that investigates commonality in
volatility in ASE.

3. Data and M ethodology
Our data set consisted of the daily observations of 105
firms listed in ASE over the period 2006-2015. The firms

were selected according to the following criteria:

i.  Firms should be established before 2011.
ii. Firms should not have been involved in attainments,
mergers, splits or any structural changes during the
study period.

iii. Firms that are thinly traded were excluded in order to
avoid range-based volatility estimator for the opening
jumps in the Geometric Brownian Motion. Thus, the
Geometric Brownian Motion is a continuous-time
stochastic process in which the logarithm of the
randomly varying quantity follows a Brownian
motion (also called a Wiener process) with drift (Ross,

2014).
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We used three volatility proxies and thus we estimated
three models each using a specific proxy each time. The
first measure of volatility (VOL1) that was utilized was
proposed by Parkinson (1980), who constructed this
volatility proxy assuming a geometric Brownian motion
with no drift in the stock prices. It is given in the following
formula:

VOLI = 0.361[In (HP / LP)]?

Where: HP denotes the highest price during the day,
LP denotes the lowest price during the day.

The second volatility measure (VOL2) that we used
was introduced by German and Klass (1980) and is given

in the following equation:

VOL 2 = 0.5[In( HP) — In( LP)]> —[2 In 2 —1][In( CP) —
In (OP)]2

Where: CP is the closing price, OP is the opening price.

The third volatility measure (VOL3) that we utilized
was proposed by Rogers and Satchel (1991) and Rogers
et al. (1994) and it is given in the following equation:

VOL3 = [In(HP) — In(OP)][In(HP) — In(CP)] +[In(LP)—
In(OP)][In(LP) — In(CP)]............ ..(3)

To investigate the commonality in volatility, the
following time series GARCH (1,1) model was estimated
(Sharma, et al., 2014):

VOL[ = ﬁo + ﬁlVOLmkt,t + ﬂZVOLmkt,t—l + ﬁ3VOLmkt,t+l +
BiRue + Bs Rikt,t +8
Where VOL, represents the individual stock volatility

onday t.VOL,,, represents the overall market volatility

computed by averaging the individual volatilities of all
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stocks except the underlying stock for which the model is
estimated. VOL myt -1 and VOL ¢ +1 are the lag and lead
values of market volatility, respectively. Rmq: denotes
market return on day t. Rm¢?; denotes squared market
return on day t. The last two variables were added as
control variables to the model. This model was estimated
three times for each individual stock using a certain

volatility measure each time.

To investigate sectoral commonality in volatility, we
estimated the following time series GARCH (1,1) model
(Sharma, et al., 2014):

VOL, =a, +aVOL
aVOL y + aVOL | +aVOL ) + Ry +

+a,VOL

sec,t—1

+ c{3V()Lsec,t+1 +

Where: VOL . is the sectoral volatility which is
estimated by averaging individual volatilities for all
stocks in that sector except the underlying stock for which
the model is estimated. The firms in ASE were classified
into three main sectors, the financial sector, the services
sector and the industrial sector. VOL st -1 and VOL gect +1
are the lag and lead values of sectoral volatility,
respectively. Once again, this model was estimated three
times for each stock using a specific volatility measure

each time.

The size effect of commonality was investigated by
dividing the sample stocks into ten portfolios according
their

capitalization. The 105 sample stocks were sorted

to size, which was measured by market

according to their market capitalization each year, the
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smallest company in the sample was the Specialized
with
capitalization of JD 2,681, 250 and the largest company

Jordanian Investment an average market
was the Arab Bank with an average market capitalization
of JD 4,127,820,000 over the study period. Thereafter,
sample stocks were divided into ten portfolios each

consisting of 10 or 11 stocks.

Portfolio 1 represents the portfolio of smallest stocks
while Portfolio 10 represents the portfolio of largest
The portfolios
Afterward, we estimated equation (4) for the ten

stocks. were rebalanced annually.
portfolios. The market capitalization of portfolio 1 over
the study period is on average JD 29,887,101 while the
market capitalization of portfolio 10 over the study period

is on average JD 16,663,237,023.

The LM test was used to test for ARCH effects and
the results showed statistically significant ARCH effects
in the sample stocks, (results are available upon request).
The Augmented Dicky Fuller test was applied to check
the stationarity of time series.

4. Results of Analysis

Table 1 reports the descriptive statistics of the three
daily volatility proxies. The results are comparable. The
mean values are 0.0003, 0.0009 and 0.0003 of VOLI,
VOL2 and VOL3, respectively. The minimum values are
zeros of the three measures while the maximum values
range from 2.28% to 5%. Figure 1 displays the behavior
of the three daily volatility proxies over the study period.
It shows that returns are highly volatile in ASE. Stock
prices show high levels of volatility and volatility
clustering. Moreover, volatility seems to persist for

relatively long periods of time over the study period.
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Table 1: Descriptive statistics of volatility measures of ASE over the period 2006-2015

VOLI VOL2 VOL3

Mean 0.0003 0.0009 0.0003
Median 0.0001 0.0003 0.0000
Maximum 0.0228 0.0499 0.0332
Minimum 0.0000 0.0000 0.0000
Std. Dev. 0.0006 0.0019 0.0009

Mean, median, maximum, minimum and standard
deviation values of volatility proxies in ASE over the
period 2006-2015 were reported. "VOL 1" denotes the
volatility proxy introduced by Parkinson (1980), "VOL 2"

denotes the volatility proxy introduced by German and
Klass (1980) and "VOL 3" denotes the volatility proxy
introduced by Rogers and Satchel (1991) and Rogers et
al. (1994).

002

0024
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'] nli“

| — VOL1—VQL2

—voL3 |

Figure 1. Volatility measuresin ASE over the period (2006-2015)

Table 2 reports the estimation results of the
commonality in volatility for each of the three models. It
is clear that each model is related to a certain volatility
measure. The results indicated a clear evidence of
commonality in volatility in the three estimated models.
The percentage of firms that have positive and statistically
significant coefficients of co-movement between
individual stock volatility and market volatility ranged
from 67% in model 3 to 89% in model 2. The lead and lag
effects were less important than the co-movement at the

concurrent level. Only few firms exhibited a statistically
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negative co-movement between their volatilities and
market volatility. Their percentage ranged from zero in
model 2 to 4.5% in model 3. The coefficient of co-
movement averaged 0.6013 in model 1, 0.6004 in model
2 and 0.5795 in model 3 for all sample stocks. The
adjusted R squared ranged from 11% to 14% for the three
GARCH models.

Our results are consistent with those of Sharma et al.
(2014), who discovered evidence of commonality in
volatility in NYSE over the period 1998-2008. Thus, we

provide evidence that this phenomenon exists not only in
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developed markets but also in emerging markets.
Moreover, the percentages of firms that have positive and
statistically significant coefficient of co-movement
between individual stock volatility and market volatility
are higher in ASE compared to those in NYSE. In other
words, the evidence of commonality in volatility seems to
be stronger in emerging markets compared to developed
markets. This could be explained by the nature of these

markets which are characterized by smaller market
capitalization, fewer numbers of investors, asymmetric
information, lower levels of efficiency, higher levels of
volatility and volatility clustering. Figures 2 and 3 show
the volatilities of some companies that co-move with the
market volatility and the volatilities of some companies
that do not co-move with the market volatility,

respectively.

Table 2. Commonality in volatility in ASE over the period 2006-2015

Daily values of volatility measure for each stock was regressed on the concurrent, lead and lag values of market volatility measured
as an average of the volatilities of all sample stocks except the underlying stock. Time series GARCH (1, 1) regressions were
estimated. Volatility was measured by three proxies, model 1 uses the volatility proxy introduced by Parkinson (1980), model 2 uses
the volatility proxy introduced by German and Klass (1980) and model 3 uses the volatility proxy introduced by Rogers and Satchel
(1991) and Rogers €t al. (1994). Market return and squared return were added as control variables to the model. Cross-sectional
averages of time series slope coefficients were reported. "Concurrent”, "Lag" and "Lead" refer, respectively, to the same, previous,
and next trading day observations of market volatility. "% + Sig" denotes the percentage of stocks with significant positive slope
coefficients of market volatility. "% - Sig" denotes the percentage of stocks with significant negative slope coefficients of market
volatility. "Adjusted R*2" denotes the cross-sectional average of the adjusted R”2 of the sample stocks.

000

(0000 RN

Model 1 Model 2 Model 3
Concurrent 0.6013 0.6004 0.5795
% + Sig 0.7727 0.8939 0.6667
% - Sig 0.0152 0.0000 0.0455
Lag 0.0335 0.0134 0.0323
% + Sig 0.1667 0.1970 0.1515
% - Sig 0.0758 0.0606 0.1212
Lead 0.0639 0.0490 0.0575
% + Sig 0.2424 0.2273 0.3333
% - Sig 0.0606 0.0758 0.0606
Adjusted R"2 0.12 0.14 0.11
0024
(0020
0016
0012
0008 -

4 |
AL

—— Volatility of company 1
——— Volatility of company 2
—— Volatility of company 3
— Market Volatility

Figure 2: Volatilities of some companies that show market commonality in ASE over the period 2006-2015
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Figure 3: Volatilities of some companiesthat do not show market commonality in
ASE over the period 2006-2015

Table 2 reports the results of commonality in volatility co-movement between their specific volatilities and
according to different sectors. The evidence is apparent in market volatility ranged from 81.8% to 93.9% in the
the three sectors of ASE. The percentage of firms that services sector, from 57.1% to 85.7% in the industrial
have a positive and statistically significant coefficient of sector and from 41. 6% to 66.7% in the financial sector.

Table 3. Commonality in volatility according to sectors

Daily values of volatility measure for each stock were regressed on the concurrent, lead and lag values of market volatility
(measured as an average of the volatilities of all sample stocks except the underlying stock). Time series GARCH (1, 1)
regressions were estimated. Volatility was measured by three proxies, "Model 1" uses the volatility proxy introduced by
Parkinson (1980), "Model 2" uses the volatility proxy introduced by German and Klass (1980) and "Model 3" uses the volatility
proxy introduced by Rogers and Satchel (1991) and Rogers et al. (1994). Market return and squared return were added as control
variables to the model. "% + Sig" denotes the percentage of stocks in a certain sector with significant positive slope coefficients
of concurrent market volatility. "% - Sig" denotes the percentage of stocks in a certain sector with significant negative slope
coefficients of concurrent market volatility. "Financial" denotes the results of the stocks in the financial sector. "Services" denotes
the results of the stocks in the service sector. "Industrial" denotes the results of the stocks in the industrial sector.

Model 1 Model 2 Model 3

Financial
% + Sig 0.6667 0.8333 0.4167
% - Sig 0.0000 0.0000 0.1667

Services
% + Sig 0.9394 0.9394 0.8182
% - Sig 0.0000 0.0000 0.0303

Industrial
% + Sig 0.5714 0.8571 0.5714
% - Sig 0.0476 0.0000 0.0000

204-
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Table 3 reports the estimation results of regressing the
individual stock volatility on the concurrent, lag and lead
values of both market and sectoral volatility. The results
indicated a stronger evidence of sectoral commonality in
volatility than that of market commonality. Indeed, after
controlling for the market volatility, a strong evidence of
co-movement with sectoral volatility was found. The
evidence of co-movement with market volatility becomes
less important when the sectoral volatility is added to the
models. The percentages of firms whose specific
volatilities co-move with market volatility have
decreased. On the other hand, the percentage of firms that
have positive and statistically significant coefficient of
co-movement between specific volatility and sectoral

volatility ranged from 91.7% to 100% in the financial

sector, from 90.5% to 100% in the industrial sector and
from 18.2% The
coefficients of co-movement with sectoral volatility were

to 33.3% in the services sector.

also larger than those with market volatility. The
coefficient of sectoral volatility ranged from 0.3876 to
0.6782 in the financial sector, from 0.4670 to 0.5614 in
the services sector and from 0.7219 to 0.7829 in the
industrial sector. The evidence of sectoral commonality
was more apparent in the financial and industrial sectors.
The firms in the service sector showed comparable
evidence of commonality at both the sectoral and market
levels. These results are consistent with the spillover
theory, which indicates that volatility spills over from the

sector and the market levels to the firm level.

Table 4. Sectoral commonality in volatility in ASE over the period 2006-2015

Daily values of volatility measure for each stock were regressed on the concurrent, lead and lag values of market volatility
(measured as an average of the volatilities of all sample stocks except the underlying stock) and on the concurrent, lead and lag
values of sectoral volatility (measured as an average of the volatilities of all sample stocks in that sector except the underlying
stock). Time series GARCH (1, 1) regressions were estimated. Volatility was measured by three proxies, "Model 1" uses the
volatility proxy introduced by Parkinson (1980), "Model 2" uses the volatility proxy introduced by German and Klass (1980) and
"Model 3" uses the volatility proxy introduced by Rogers and Satchel (1991) and Rogers et al. (1994). Market return and squared
return were added as control variables to the model. Cross-sectional averages of time series slope coefficients were reported.
"Concurrent", "Lag" and "Lead" refer, respectively, to the same, previous, and next trading day observations of market or sectoral
volatility. "% + Sig" denotes the percentage of stocks with significant positive slope coefficients. "% - Sig" denotes the percentage
of stocks with significant negative slope coefficients. "MKT" denotes the market volatility while "Sector" denotes sectoral
volatility. "Adjusted R"2" denotes the cross-sectional average of the adjusted R"2 values.

Model 1 Model 2 Model 3

MKT Sector MKT Sector MKT Sector
Financial
Concurrent 0.0314 0.6172 0.0256 0.6782 0.0099 0.3876
% + Sig 0.4167 0.9167 0.2500 1.0000 0.2500 0.9167
% - Sig 0.1667 0.0000 0.0000 0.0000 0.2500 0.0000
Lag -0.0125 0.0242 -0.0201 0.0113 -0.0006 -0.0568
% + Sig 0.1667 0.0000 0.2500 0.1667 0.2500 0.1667
% - Sig 0.2500 0.0833 0.4167 0.0833 0.2500 0.4167
Lead -0.0103 0.2238 -0.0100 0.2285 0.0063 0.3355
% + Sig 0.2500 0.7500 0.2500 0.5000 0.1667 0.9167
% - Sig 0.1667 0.0833 0.0833 0.2500 0.2500 0.0000
Adjusted R™2 0.13 0.16 0.12
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Services

Concurrent 0.2499 0.5044
% + Sig 0.3939 0.2121
% - Sig 0.0303 0.0606
Lag 0.1017 -0.0302
% + Sig 0.1515 0.0606
% - Sig 0.0606 0.2121
Lead 0.0687 0.0093
% + Sig 0.1818 0.0303
% - Sig 0.0909 0.1515
Adjusted R"2 0.17

Industrial

Concurrent 0.0288 0.7219
% + Sig 0.0952 1.0000
% - Sig 0.0476 0.0000
Lag 0.0482 -0.0337
% + Sig 0.1429 0.1905
% - Sig 0.0476 0.1429
Lead 0.0589 0.0176
% + Sig 0.1429 0.2381
% - Sig 0.0476 0.1429
Adjusted R"2 0.12

0.2381 0.4670 0.1736 0.5614
0.3030 0.3333 0.2727 0.1818
0.0606 0.1212 0.0606 0.0606
0.1421 -0.0821 0.0840 -0.0125
0.0909 0.0909 0.3030 0.0303
0.0606 0.1515 0.0303 0.1818
0.0136 0.0291 0.1199 -0.0326
0.1212 0.1212 0.2424 0.0909
0.0606 0.1212 0.0303 0.1818
0.18 0.16
0.0190 0.7829 0.0248 0.7727
0.1905 0.9048 0.2381 0.9048
0.0000 0.0000 0.0952 0.0000
0.0007 -0.0297 0.0294 -0.0545
0.0476 0.1429 0.1429 0.0476
0.0952 0.0952 0.0476 0.1429
0.0508 0.0734 -0.0028 0.0478
0.1905 0.2857 0.1429 0.2381
0.0000 0.0000 0.0952 0.0952
0.13 0.13

The studies in developed markets showed size effect
in the commonality in volatility. Sharma et al. (2014)
found that the evidence of commonality is weak for small
sized firms. Thus, the large firms were found to exhibit
more apparent evidence of commonality than small firms.
The results of size effect in Table 5 contrasted with those
of previous studies. We divided the sample firms into ten
portfolios according to their size. Portfolio 1 consisted of

the smallest stocks while Portfolio 10 represented the
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largest stocks. The results exhibited no evidence of size
effect. In fact, no obvious differences were found between
the estimation results of the three models of commonality
in volatility of Portfolios 1 and 10. The results of the two
portfolios were comparable. These results demonstrated
that the commonality in volatility in ASE is not a size-
related phenomenon; it exists regardless of the size of the
firm.
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Table5. Size effect of commonality in volatility in ASE over the period 2006-2015

Daily values of volatility measure for each portfolio were regressed on the concurrent, lead and lag values of market volatility
measured as an average of the volatilities of all sample stocks except the underlying stocks in the portfolio. Time series GARCH
(1, 1) regressions were estimated. Sample stocks were divided into ten portfolios according to their size. "Port1" denotes Portfolio
1 which consisted of the smallest sample stocks while "Port10" denotes Portfolio 10 which represented the largest sample stocks.
Volatility was measured by three proxies, model 1 uses the volatility proxy introduced by Parkinson (1980), model 2 uses the
volatility proxy introduced by German and Klass (1980) and model 3 uses the volatility proxy introduced by Rogers and Satchel
(1991) and Rogers et al. (1994). Market return and squared return were added as control variables to the model. "Concurrent",
"Lag" and "Lead" refer, respectively, to the same, previous, and next trading day observations of market volatility. "MKT"
denotes market return while MKT”2 denotes squared market return. "C" denotes intercept.

Portl Port10

Modell Modell
Variable Coefficient z-Stat Prob. Variable Coefficient z-Stat Prob.
C 0.0001 7.7384 0.0000 C 0.0000 0.7195 0.4718
Concurrent  0.1350 3.3722 0.0002 Concurrent  0.1890 3.7701 0.0002
Lag -0.1033 -1.2519 0.2106 Lag 0.0012 0.0249 0.9801
Lead -0.0479 -0.5947 0.5521 Lead -0.0489 -1.1091 0.2674
MKT -0.0017 -1.1893 0.2343 MKT 0.0011 1.8849 0.0594
MKT"2 0.0336 0.3102 0.7564 MKT"2 0.7303 15.3549 0.0000

Model2 Model2
Variable Coefficient z-Stat Prob. Variable Coefficient z-Stat Prob.
C -0.0004 -5.7856 0.0000 C -0.0001 -2.5626 0.0104
Concurrent  0.2797 6.6460 0.0000 Concurrent  0.1729 4.7878 0.0000
Lag 0.1392 3.1051 0.0019 Lag 0.0939 2.5249 0.0116
Lead 0.5820 10.2497 0.0000 Lead 0.0091 0.2635 0.7921
MKT -0.0080 -3.0321 0.0024 MKT 0.0021 1.6786 0.0932
MKT"2 0.4488 1.6567 0.0976 MKT"2 2.3268 20.5267 0.0000

Model3 Model3
Variable Coefficient z-Stat Prob. Variable Coefficient z-Stat Prob.
C 0.0002 6.1522 0.0000 C 0.0001 15.4201 0.0000
Concurrent  0.1265 2.2234 0.0262 Concurrent  -0.0509 -5.2250 0.0000
Lag -0.1123 -1.6969 0.0897 Lag -0.0399 -2.0939 0.0363
Lead -0.1167 -1.7134 0.0866 Lead -0.0270 -2.0112 0.0443
MKT -0.0003 -0.1772 0.8594 MKT -0.0011 -2.5947 0.0095
MKT*2 0.1754 1.3526 0.1762 MKT"2 0.3217 10.9480 0.0000
The commonality of volatility analysis is repeated on 2007), during the global financial crises (2008-2009) and

three sub-periods before the global financial crises (2006- after it (2010-2015). Table 5 shows the results of analysis.
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The evidence of commonality in volatility exists in the
three sub-periods; however, it increased in the global
financial crises period. The percentage of firms whose
volatilities positively co-move with the overall market
volatility has increased to 82%-90% during the global

financial crises. These results are consistent with the
contagion theory, which indicates that a shock to the
market increases the volatility effects and leads to a

significant increase in firm-market co-movement.

Table 6. Commonality in volatility in ASE over sub periods

Daily values of volatility measure for each stock were regressed on the concurrent, lead and lag values of market volatility
(measured as an average of the volatilities of all sample stocks except the underlying stock). Time series GARCH (1, 1)
regressions were estimated. Volatility was measured by three proxies, "Model 1" uses the volatility proxy introduced by
Parkinson (1980), "Model 2" uses the volatility proxy introduced by German and Klass (1980) and "Model 3" uses the volatility
proxy introduced by Rogers and Satchel (1991) and Rogers et al. (1994). Market return and squared return were added as control
variables to the model. Cross-sectional averages of time series slope coefficients of concurrent market volatility were reported.
"% + Sig" denotes the percentage of sample stocks with significant positive slope coefficients of concurrent market volatility.
"% - Sig" denotes the percentage of sample stocks with significant negative slope coefficients of concurrent market volatility.

Concurrent Modell
(2006-2007) 0.5631
% + Sig 0.6391
% - Sig 0.0467
(2008-2009) 0.7854
% + Sig 0.8391
% - Sig 0.1082
(2010-2015) 0.6439
% + Sig 0.6854
% - Sig 0.0335

Model2 Model3
0.5491 0.5651
0.6732 0.6851
0.03681 0.0119
0.7916 0.7431
0.8951 0.8172
0.0762 0.1130
0.6693 0.6508
0.7012 0.6902
0.0134 0.0323

5. Conclusion

The financial literature offers much research on stock
market volatility over time and linkages that exist among
world markets. However, Sharma et al. (2014) have
pioneered the investigation of commonality in volatility
in stock exchanges. They introduced the first evidence of
this phenomenon worldwide. Few comparable research
studies were done on the emerging markets despite the
fact that these markets are characterized by high volatility
and volatility clustering. This study has provided

evidence of market and sectoral commonality in volatility
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in ASE using daily data over the period 2006-2015. The
evidence introduced in this study is stronger than that
provided by Sharma et al. (2014) for NYSE. Moreover,
the study found that the co-movement of firms’
volatilities with sectoral volatility is larger than that with
the overall market volatility for two out of three sectors in
ASE. The commonality does not differ between portfolios
of different sized stocks. Our findings are important to
practitioners and academicians as well. They give insights
that explain stock price changes in bull and bear markets

and more importantly in times of financial crises.
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