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Abstract: This study contributes to the ongoing debate on the size effect and size-based investment
styles by investigating the return and volatility spillovers and time-varying conditional correlations
among Saudi large-, mid-, and small-cap indices. To this end, we utilize the weekly returns on the
MSCI Saudi large-, mid-, and small-cap indices over a long sample period, spanning several crises.
The econometric approach that we use is a VAR-asymmetric BEKK-GARCH model which accounts
for structural breaks. On the basis of the VAR-asymmetric BEKK-GARCH model estimation results,
we calculate portfolio weights and hedge ratios, and discuss their risk management implications. The
empirical results confirm the presence of unilateral return spillovers running from mid- to small-cap
stocks, while multilateral volatility spillovers are documented, albeit substantially weakened when
accounting for structural breaks. The time-varying conditional correlations display clear spikes
around crises, which translate to higher hedge ratios, increasing the cost of hedging during turbulent
times. The optimal portfolio weights suggest that investors generally overweight large caps in their
portfolios during uncertain times to minimize risk without lowering expected returns. The main
takeaway from our results is that passively confining fund managers to a particular size category
regardless of the prevailing market conditions may lead to suboptimal performance.

Keywords: return-risk spillovers; time-varying correlations; hedging; portfolio diversification; size-
based investment styles; crises; emerging markets; Saudi Arabia; COVID-19; Russo-Ukrainian war

1. Introduction

The size effect documented by Banz (1981), who shows that small-capitalization stocks
outperform their larger-capitalization counterparts on a risk-adjusted basis over a long
period of time, has attracted the attention of finance academics and professionals alike. In
their seminal work, Fama and French (1993, 2015) introduced the size factor as an integral
component of their well-known three- and five-factor asset pricing models. This discovery
motivated the finance industry to develop factor investing styles and construct factor-based
stock market indices, particularly size-based indices that are used as benchmarks by an
entire category of small-cap mutual funds (Keim 1999; Reinganum 1983). While several
studies scrutinized and challenged the size effect, and some showed that it vanished in the
early 1980s (Hirshleifer 2001; for example, Chan et al. 2000; Eleswarapu and Reinganum
1993), Reinganum (1999) noted that “far from being dead, market capitalization matters very
much”. van Dijk (2011) documented that the size premium in the US has been meaningfully
present in recent years and called for more empirical work addressing the size effect not
only in the US but also in other stock markets that operate in advanced and emerging
economies. De Moor and Sercu (2013) documented a persistent size effect using a sample
of stock markets in 39 countries across several geographic regions. Recently, Asness et al.
(2018) demonstrated that the size effect is strongly evident when taking the quality of firms
into consideration.
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The prominence of the size effect is clearly manifested in the cross-equity price dy-
namics among different-sized portfolios. Lo and MacKinlay (1990a, 1990b) documented an
asymmetric positive cross-serial correlation running from the return of large stock port-
folios to their small-sized counterparts. Conrad et al. (1991) argued that, because stock
price volatility is driven by the rate at which information flows to the market, as suggested
by Ross (1989), a close investigation of the differential predictability of the conditional
variances of large compared to small firms’ returns is warranted to understand how in-
formation is incorporated across different-sized firms. Conrad et al. (1991) confirmed the
asymmetric (unidirectional) spillovers of returns from large to small stocks and found that
the same asymmetry also applies to volatility spillovers. Subsequent studies, however,
arrived at mixed results regarding the spillover direction. Chelley-Steeley and Steeley (1996)
and Harris and Pisedtasalasai (2006) confirmed the asymmetric transmission of return and
volatility from large to small stocks in the UK, while Harris and Pisedtasalasai (2006) found
limited feedback from the portfolios of smaller stocks to the portfolios of larger stocks
but only in subsamples. Similarly, Koulakiotis et al. (2016) found mild asymmetry in the
cross-correlations of returns and residuals, while volatility spillovers exhibited a feedback
effect among large, medium, and small stocks, especially during the postcrisis period in
the Greek stock market. While Reyes (2001) and Ewing and Malik (2005) showed that
there is no causality between large and small stock returns in either direction, they found
asymmetric volatility spillovers running from the large to the small stock portfolio in the
Japanese and US stock markets, respectively. Ewing and Malik (2005), however, showed
that these spillover effects are eliminated when structural breaks are taken into considera-
tion. Constructing two portfolios on the basis of the size of firms in the Spanish market,
Marcelo et al. (2008) found a bilateral volatility spillover that also vanishes when breaks
are accounted for. Karmakar (2010) and Jena et al. (2021) documented bilateral spillovers
among large, medium, and small firms’ returns and volatility in the Indian market.

Against this background, awareness of the return and volatility linkages among size-
based portfolios and a clear understanding of their nature and sources is of immense
importance. This is because these linkages carry significant implications for asset alloca-
tion and risk management decisions. In this context, Reinganum (1999) argued that fund
managers can improve their performance by dynamically revising allocations to different
capitalization stocks and cautions against restricting fund managers to a narrow capitaliza-
tion range. Notwithstanding the well-documented size effect, Wang et al. (2014) maintained
that the performance of different capitalization categories varies over time, leading each
size category to alternate in and out of favor. From the perspective of international portfolio
diversification, Huang (2007) showed that small caps exhibit lower correlation with both
large and small caps across different developed countries, which implies that potential
diversification gains may be achieved through international investment in small-cap stocks.

While several studies have examined the return and volatility linkages among the
stocks of large, medium, and small firms listed within the same stock market, only a few
focused on emerging markets (Marshall and Walker (2002) for the Chilean Stock market
and Karmakar (2010) and Jena et al. (2021) for the Indian stock market). Moreover, most
papers did not quantify the ramifications of the dynamics of these linkages on portfolio
management. Indeed, Ewing and Malik (2005) conducted the only study that explicitly
investigated portfolio allocation implications across stocks with different capitalizations;
however, they neglected how portfolio allocation changes over time. Given the scarcity of
studies in this realm, particularly those based on emerging stock markets, we believe that
the Saudi stock market constitutes an appropriate setting to expand our understanding of
the dynamic linkages among different-sized portfolios and their associated portfolio and
risk management implications for the below-described reasons.
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First, the Saudi stock exchange has achieved remarkable progress in recent years,
becoming the eighth largest stock market in the world and the third largest among its
emerging market counterparts after relaxing the restrictions imposed on foreign investors
to access the Saudi market. Second, the inception of a parallel market (NOMU) with
less stringent listing requirements now offers small and medium-sized enterprises (SMEs)
access to equity finance and reduces their debt reliance. By assuming that role, NOMU
serves as a feeder to the main market. In fact, most companies that were initially listed in the
parallel market have successfully transitioned their shares to the main market (Al-Nassar
and Makram 2022). The continuation of NOMU in performing that role will increase the
number of companies that fall within the small-cap category in the main market, thereby
boosting their representation in stock market indices, which will ultimately be tracked
by mutual and exchange traded funds. Third, Katiyar and Dabake (2019) reported that
Saudi small-cap stocks underperformed compared to their large- and mid-cap counterparts
from November 2016 to April 2019, leading to a drag on the performance of several factor
strategies. Moreover, they suggested that underweighting the allocation to small-cap stocks
would have improved the performance of factor-based strategies, which is inconsistent with
the conventional wisdom that small-cap stocks outperform their large-cap counterparts
on average. Fourth, there has been an increase in studies on the spillover’s effects of oil
prices on the Saudi stock market, and on the linkages between the Saudi market and other
global and emerging markets. However, as far as we know, no study has addressed how
the documented oil, global, and regional shocks assimilate intra-market among different-
sized portfolios and whether different-sized portfolio possess hedging and diversification
abilities in time of market stress.

Therefore, the aim of this study is to contribute to the literature by providing fresh
evidence on the returns and volatility spillovers among large-, mid-, and small-cap indices
in Saudi Arabia and their portfolio and risk management implications over a long sample
period. While Al-Nassar and Makram (2022) examined the spillovers between the Saudi
main and parallel markets, the spillovers among different-sized portfolios within the main
market has not previously been addressed. By doing so, we extend prior studies in several
ways. First, we use an extended sample period that covers the latest developments in the
Saudi stock market, spanning major financial/economic crises, including the bursting of
the Saudi stock market bubble in 2006, the global financial crisis (GFC), the 2014–2016 crude
oil price plunge, the COVID-19 pandemic, and the Russo-Ukrainian war, allowing careful
consideration of their impact on spillovers. Second, rather than constructing portfolios,
we utilize large-, mid-, and small-cap MSCI indices that are widely tracked by many
investment funds. Third, we employ the widely used Baba–Engle–Kraft–Kroner (BEKK)
multivariate GARCH parametrization proposed by Engle and Kroner (1995). The versatility
of this modeling approach enables us to account for the stochastic properties of the data,
test several hypotheses regarding return and volatility spillovers, and provide estimates
of conditional variances and covariances that are used as inputs to derive the dynamic
optimal portfolio weights and risk minimum variance hedge ratios and track their behavior
over time.

The remaining sections are as follows: Section 2 provides a background on the Saudi
stock market and reviews prior related studies; Section 3 describes the dataset and sets out
the econometric methodology; Section 4 presents the empirical results; Section 5 analyzes
the portfolio design and risk management implications; Section 6 contains a robustness
check based on Dieobold and Yilmaz approach for spillover measurement; Section 7
concludes the paper with a brief discussion of key findings.

2. Institutional Background and Review of Related Literature
2.1. Institutional Background

The Saudi government launched an official stock exchange in 1984 with the partial
intention to avoid catastrophic stock market crises such as the Al-Manakh market crash that
occurred in neighboring Kuwait (Butler and Malaikah 1992). Prior to the introduction of
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the official exchange mechanism, the trading in Saudi public companies was facilitated by
unregulated brokerage offices. However, under the official exchange mechanism, rights to
provide brokerage services was granted exclusively to the 12 commercial banks operating
in Saudi back then (Butler and Malaikah 1992). These 12 banks constituted the Saudi share
registration company (SSRC) that centrally coordinates trading orders and functions as a
central clearing system. The SSRC was required to timestamp executed trades and report
them daily to the share control administration department of the Saudi Arabian Monetary
Agency (SAMA), the stock market regulatory body at that time. Indeed, the Saudi stock
market witnessed several landmark events and developments before becoming one of the
largest stock markets in the world and the largest in the MENA region.

One of the most remarkable events, in this context, is the Saudi stock market boom in
the early 2000s that ended with the infamous crash of 2006 (see, Lerner et al. 2017). This
dramatic stock price rally was fueled by several circumstances: the Petro-dollar inflows
from the rising oil prices, the retirement of government debt, and the capital inflows
arising from the withdrawal of Saudi investments from the US amid fears of possible
sanctions after the 9/11 terrorist attacks (Al-Rodhan 2005). The Saudi commercial banks
amplified the impact of the increased liquidity by providing margin loans that constituted
a staggering 95% of the trading volume in Saudi stock market back then (Rahman et al.
2015). In addition, Rahman et al. (2015) suggested that the immediate settlement rule
(T+0), which was in place at that time, is conducive for noise trading. Moreover, the lack of
transparency and governance precluded the prevention of the manipulation of the price
of small companies which further compounded the existing problems (AlKhaldi 2015, as
cited in Lerner et al. 2017). During this critical time, the regulatory oversight of the market
was passed from SAMA to the newly established Capital Market Authority (CMA) in
2004. While CMA took serious actions against traders who manipulated stock prices and
implemented rules to foster transparency, it could not prevent the inevitable market crash
(Lerner et al. 2017). Since then, the CMA has continuously implemented reforms that have
contributed significantly to the success of the Saudi market to attract foreign investors and
more listings.

The 2006 stock market crash and other critical global crises coincided with different
stages of the development of the Saudi exchange. These events offer a rare opportunity to
examine the spillover transmission mechanism among companies with different market
capitalization to assess their susceptibility to such events and derive practical portfolio and
risk management implication.

2.2. Review of Related Literature

The study of interconnectedness among financial markets is one of the mainstays of
the empirical finance literature. The accumulated body of knowledge on this topic is huge
and rapidly expanding. We, therefore, pragmatically limit our coverage to the studies
that address the interdependencies among the MENA region and GCC member countries
and other financial markets; for studies that investigated spillovers among developed and
emerging markets (other than those in the MENA and GCC region), the reader may refer
to Boubaker and Jouini (2014), Boubaker et al. (2016), and El Khoury et al. (2023), among
others. In addition, we review the studies that focused on the size effect in other advanced
and emerging markets.

2.2.1. Interdependencies among the MENA and GCC Regions and Other Financial Markets

The bulk of studies in this stream of literature fall into two sub-streams according
to their main research objective. Studies in the first sub-stream focus on the relation-
ship between the stock markets in this region and oil prices or/and oil price uncertainty
(Abakah et al. 2023; Arouri et al. 2011; Abuzayed and Al-Fayoumi 2021; Awartani and
Maghyereh 2013; Bani-Khalaf and Taspinar 2022; Basher et al. 2018; Bouri et al. 2023;
Elsayed et al. 2023; Hamdi et al. 2019; Mohanty et al. 2011). The econometric methods used
in these studies are diverse, and the conclusions they derived are detailed. However, we can
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safely say that these studies concur on the presence of a meaningful connection between oil
prices and the GCC stock markets, although the strength of this link varies across different
countries, stock sectors, and sample periods. On the other hand, the main focus of studies
in the second sub-stream slightly drifts away from the exclusive focus on crude oil to the
spillover effects within the region/country in addition to the exposure of these markets to
regional and global factors that often include oil. Some of these studies go the extra mile
to assess the potential of obtaining portfolio diversification benefits from portfolio config-
urations that combine the GCC/MENA region markets with other global markets (and
various asset classes). Some of the relevant work in this context includes Hammoudeh et al.
(2009), Balli et al. (2013), Balcılar et al. (2015), Neaime (2016), Mensi et al. (2016), Alotaibi
and Mishra (2017), Charfeddine and Al Refai (2019), Al-Yahyaee et al. (2019), Hassan et al.
(2021), Al-Nassar et al. (2022), and Balcilar et al. (2023). While the conclusions of these
studies are multifaceted and varied, they point toward the segmentation of the GCC mar-
kets from world markets and underscore the consequent diversification benefits that may
accrue from including these markets in global portfolios.

Indeed, it is hardly surprising that the oil–stock market nexus is the most attended to in
this context of the GCC region, given the status of the GCC countries as large oil exporters
and influential members of the Organization of the Petroleum Exporting Countries (OPEC).
In addition, the integration of the GCC markets regionally and internationally is also exam-
ined extensively. However, no study has attempted to investigate how the documented
oil, global, and regional shocks assimilate intra-market among different-sized portfolios
and whether different-sized portfolio possess hedging and diversification abilities in time
of market stress. We, thus, extend the extant literature in this direction by analyzing the
spillover among large-, mid-, and small-cap portfolios in the Saudi market over a long
sample period spanning several crisis episodes. The subsequent section discusses the state
of the knowledge regarding the interdependencies among different-sized portfolios.

2.2.2. Interdependencies among Size-Based Portfolios in Other Advanced and
Emerging Markets

The literature on intra-market cross-equity price dynamics between large- and small-
cap stock portfolios is extensive. Classic work on this topic can be traced to Lo and
MacKinlay (1990a, 1990b). On the basis of weekly US data, they found a unidirectional
positive cross-correlation running from the lagged return on large-cap stocks portfolios to
the return on small-cap stocks portfolio. Because of this perplexing outcome, they called
for further research to understand the information transmission mechanism that led to
this asymmetric lead–lag relation. A subsequent extension to their seminal work was
presented by Conrad et al. (1991), who investigated whether the documented asymmetric
lead–lag relation in the returns between large- and small-cap stocks portfolios transcends
to volatility. Their motivation stemmed from the argument put forward by Ross (1989),
who posited that stock price volatility can gauge the rate at which information flows to the
market. The results obtained by Conrad et al. (1991) confirmed the asymmetric lead–lag
relation in the returns of different-sized portfolios, and they also discovered that the same
asymmetry also applies to the transmission of volatility. That is to say, volatility shocks
to large stocks predict the future volatility of small stocks, but the inverse is not true.
This anomalous pattern attracted considerable attention not only from academics seeking
plausible explanations for its persistence but also from regulators and finance professionals
due to the practical implications it carries for portfolio and risk management.

Boudoukh et al. (1994) divided the justifications for the asymmetric lead–lag relation
among portfolios of different market capitalizations into three schools of thought: “loy-
alists”, “revisionists”, and “heretics”. Loyalists argue that market frictions, revisionists
indicate that time-varying risk premiums, and heretics hold that fads, bubbles, etc. explain
the documented asymmetric spillovers between portfolios of different market capitaliza-
tion. Badrinath et al. (1995) showed that return on stocks with a high level of institutional
ownership leads those with lower institutional ownership even after controlling for firms
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size. McQueen et al. (1996) indicated that the cross-serial correlation documented by
Lo and MacKinlay (1990b) is driven by the slow contemporaneous and lagged response of
small stocks to good but not bad news. While early studies corroborated the asymmetric
lead–lag relation among different-sized portfolios, more recent follow-up studies based on
US stock market and other advanced and emerging markets around the world arrived at
mixed results. The findings of these studies range from as drastic as the disappearance of
the asymmetric lead–lag effect to providing evidence that validates its presence in other
advanced and emerging markets.

Using Hamao et al.’s (1990) two-stage procedure based on a univariate ARMA-GARCH
model, Hasan and Francis (1998) refuted the asymmetric lead–lag effect of prior studies
(Mech 1993; Conrad et al. 1991), as they showed a feedback in conditional variance between
large- and small-cap stocks in the US that persists despite controlling for state variables
in the variance equation. However, Chelley-Steeley and Steeley (1996) applied the same
econometric methodology to UK stock market data and found evidence supportive of
the asymmetric lead–lag effect in both returns and volatilities of different-sized portfolios.
Henry and Sharma (1999) used a bivariate VAR-BEKK GARCH model and found no
causality between large and small firm returns in either direction, while the variance
covariance matrix of returns was time-varying and asymmetric in the Australian stock
market. Similarly, Reyes (2001) employed a bivariate AR-EGARCH model and supported
the absence of causality in the returns, as well as confirmed that the asymmetric lead–lag
effect in volatility from large- to small-cap portfolios holds in the Japanese stock market.
Mills and Jordanov (2001) estimated a VAR model for a system of 10 size-sorted portfolios
from stocks in the UK stock market and analyzed the generalized impulse responses and
variance decomposition. Their findings showed that system-wide shocks were assimilated
more rapidly by large firms than small firms despite all effects being completed within
three months. Portfolio-specific shocks have pronounced ‘ripple’ effects, affecting firms of
similar size more than firms of much different size.

More recent research attempted to meticulously model the stochastic properties of
stock returns series. Using a bivariate BEKK-GARCH, Ewing and Malik (2005) validated
the asymmetry in volatility transmission from large- to small-cap stocks in the US market.
However, they showed that, when volatility regime shifts are modeled on the basis of
endogenously determined breaks, the volatility transmissions are greatly reduced. This had
a substantial impact on the asset allocation and hedging decisions. Utilizing a nonlinear
causality test to scrutinize the results obtained using a widely used linear test, Francis et al.
(2010) documented a feedback causality between the returns of large- and small-cap stocks
in the US, which was pervasive across both linear and nonlinear tests and after accounting
for structural breaks, information flow (using a GARCH model), and infrequent trading.
The researchers posited that the growing importance of small firms in the US economy
justifies their findings.

Empirical evidence from non-US stock markets is also inconclusive. Using a multivariate
AR-GJR GARCH-M model, Harris and Pisedtasalasai (2006) obtained results pertaining to the
UK market that were largely consistent with the findings of Chelley-Steeley and Steeley (1996)
in confirming the asymmetric lead–lag effect in both returns and volatilities from large- to
small-cap stocks, except for some isolated feedback effect in particular subsamples. Like
Ewing and Malik (2005), Marcelo et al. (2008) used a bivariate BEKK-GARCH model and
found volatility spillover feedback that vanishes when breaks are taken into consideration
in the Spanish market. Using a similar GARCH modeling approach, Karmakar (2010) also
found return and volatility spillover feedback among small, medium, and large stock in
the Indian stock market. On the basis of three market cap indices (small, medium, and
large), Jena et al. (2021) reexamined the lead–lag effect in the Indian market using the
Dieobold and Yilmaz (2012) and Baruník and Křehlík (2018) spillover approaches. Their
results revealed a high level of total connectedness among the three indices (60%) that
declined moving from the short-to-medium to the long term. Bidirectional spillovers were
documented between each pair that combined two of the three indices. The mid-cap index
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was the major contributor to volatility, followed by the small-cap index. Constructing five
size-based portfolios from stocks in the Athens stock exchange, Drakos (2016) confirmed an
asymmetric lead–lag effect in the returns reported by early studies in the US and UK in the
short and long run. However, Koulakiotis et al. (2016), on the basis of three FTSE size-based
indices for the Athens stock exchange, found, using VAR-EGARCH models, moderate
asymmetry in the returns spillover while volatilities showed a feedback effect, especially
during the post-GFC period. Using a VEC-BEKK-MGARCH model and the Dieobold and
Yilmaz (2012) spillover approach, Apostolakis et al. (2021) found return spillover feedback
based on the VEC-BEKK-MGARCH between large- and mid-cap indices. The Dieobold
and Yilmaz (2012) approach indicated a total connectedness of (43%), whereby large caps
transmit marginally more volatility to mid-caps than the opposite way. Dynamic volatility
spillovers showed that mid-caps emerged as a net transmitter of volatility during most
crisis episodes including the GFC, ESDC, and the COVID-19 pandemic.

Indeed, the diverse and mixed findings regarding the spillovers among different-sized
portfolios combined with the limited number of stock markets investigated warrant out-of-
sample evidence on this relation. The Saudi market is conducive to such a study because
of the availability of a long sample that spans several crises and market reforms, whereby
new insights can be attained on the return and volatility spillover transmission mechanism
among different-sized stocks and how it evolves over time.

3. Data and Methodology
3.1. Data and Preliminary Analysis

The dataset that we use in this study consists of the daily closing prices of three MSCI
size indices, namely, the MSCI Saudi Arabia domestic large-, mid-, and small-cap price
indices (expressed in USD). The sample begins at the inception of these indices at the
beginning of June 2002 and runs until the end of July 2022, encompassing 20 years of
trading in the Saudi stock market. The three series representing the MSCI size indices were
obtained from Refinitiv Datastream. In the Spirit of Hassan et al. (2021), we construct
weekly Tuesday-close continuously compounded returns from daily price data. We rely on
weekly rather than daily returns to alleviate microstructural biases and daily seasonality.
The weekly Tuesday-close prices and returns of the three indices are depicted in Figure 1.

A visual inspection of Figure 1 clearly reveals the market bubble and spectacular
market crash of 2006. Other notable events, such as the GFC, the 2014–2016 crude oil
price plunge, the COVID-19 pandemic, and the Russo-Ukrainian war, are also evident. To
focus on the relative performance of the size indices, we calculate the annual return spread
between large- and mid-cap (ML), large- and small-cap (LS), and mid- and small-cap (MS)
indices. According to the above definition of the annual return spread, a positive spread
means that mid- and small-cap indices underperform their large-cap counterparts, while
the opposite is true in the case of a negative spread. The obtained spreads, as depicted
in Figure 2, reveal a few peaks and troughs over the sample period, although the trough
around the 2006 market crash is the most pronounced. Before the bursting of the Saudi
stock market bubble in 2006, small-cap stocks dramatically outperformed their large-cap
counterparts by a considerable margin.

After the bursting of the 2006 bubble, the relative performance of large caps, as mea-
sured by the spread, seems to alternate dynamically between over- and underperformance
relative to mid- and small caps, behavior that is largely in accordance with that documented
by Jena et al. (2021) in the Indian market. Another inspection of Figure 2 reveals the ex-
tended period of large caps’ overperformance relative to small caps documented in the
Saudi market by Katiyar and Dabake (2019) between 2016 and 2019.

The stochastic properties of the data were examined by means of descriptive statistics
and preliminary tests that are reported in Table 1, which revealed that the mean of weekly
returns for the large-cap index is the highest, followed by mid- and small-cap indices.
The median, however, paints a different story, substantially exceeding the corresponding
mean in all cases, suggesting a different order in terms of the magnitude of weekly returns,
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whereby the small-cap median return is higher than that of both mid- and large-cap indices,
which is reflected by the negative skewness of the return distribution. The small-cap
index exhibits the widest range and the highest standard deviation, reflecting the inherent
volatility of small-cap companies. The mid- and large-cap indices, on the other hand,
exhibit a narrower range and a lower standard deviation. Student’s t-statistics indicate that
the mean of all indices is not significantly different from zero.
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Figure 1. Time-series plots of weekly index levels and weekly returns of large-, mid-, and small-cap 
indices. Notes: The return series are expressed in percentages. 

A visual inspection of Figure 1 clearly reveals the market bubble and spectacular 
market crash of 2006. Other notable events, such as the GFC, the 2014–2016 crude oil price 
plunge, the COVID-19 pandemic, and the Russo-Ukrainian war, are also evident. To focus 
on the relative performance of the size indices, we calculate the annual return spread be-
tween large- and mid-cap (ML), large- and small-cap (LS), and mid- and small-cap (MS) 
indices. According to the above definition of the annual return spread, a positive spread 
means that mid- and small-cap indices underperform their large-cap counterparts, while 
the opposite is true in the case of a negative spread. The obtained spreads, as depicted in 
Figure 2, reveal a few peaks and troughs over the sample period, although the trough 
around the 2006 market crash is the most pronounced. Before the bursting of the Saudi 
stock market bubble in 2006, small-cap stocks dramatically outperformed their large-cap 
counterparts by a considerable margin. 

Figure 1. Time-series plots of weekly index levels and weekly returns of large-, mid-, and small-cap
indices. Notes: The return series are expressed in percentages.
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Figure 2. The annual return spread between large- and mid-cap (ML), large- and small-cap (LS), and
mid- and small-cap (LS) indices. Source: computed by the author from the dataset of large-, mid-,
and small-cap indices used in this study. Notes: The spread series are expressed in percentages.

Table 1. Descriptive statistics.

Large Mid Small

Mean 0.14 0.13 0.10
Median 0.40 0.41 0.47

Max 15.79 21.29 23.39
Min −26.12 −31.36 −43.13

Std. Dev. 3.85 3.90 4.71
Skewness −1.30 −1.31 −1.92
Kurtosis 10.56 12.87 17.91
Student t 1.17 1.06 0.72

Obs. 1051 1051 1051
J-B 2798.92 *** 4562.39 *** 10383.45 ***

ADF −32.03 *** −11.65 *** −15.54 ***
PP −32.06 *** −31.93 *** −29.37 ***

Q(4) 3.33 22.66 *** 40.72 ***
ARCH–LM(4) 108.43 *** 233.38 *** 135.15 ***

Notes: Student t = single-sample t test of the mean against a hypothesized value of zero; J–B = Jarque and Bera
(1980) test for normality; ADF = augmented Dickey and Fuller (1981); PP = Phillips and Perron (1988); Q(4) = the
Ljung–Box Q-statistics up to lag 4; ARCH (4) = the Engle (1982) Lagrange multiplier tests for autoregressive
conditional heteroskedasticity in the residuals up to lag 4. *** denotes significance at the 1% level.

The excess kurtosis statistics are high, especially for the small-cap index, and the
normality of the distribution of all the indices’ returns is rejected by the Jarque and Bera
(1980) test for normality. Both the ADF (Dickey and Fuller 1981) and the PP (Phillips and
Perron 1988) unit root tests reject the null hypothesis of a unit root for all indices, indicating
that all return series that we consider are stationary. The Ljung–Box Q(4) test for (up to)
fourth-order serial correlation shows that the returns of small- and mid-cap indices are
serially correlated, while the returns of the large-cap index seem to be free from serial
dependence. The Engle (1982) LM test’s null hypothesis of no ARCH effect up to order four
is rejected for all indices, confirming the presence of conditional heteroscedasticity effects
in all cases.
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A salient feature of asset prices is the more pronounced impact of bad news on
volatility compared to good news, which is referred to in the literature as the “leverage
effect”. Engle and Ng (1993) proposed a diagnostic test for the presence of the leverage
effect. The Engle–Ng sign bias test is conducted using the regression equation of the form

s2
t = α0 + α1dt−1 + α2dt−2 + α3dt−3 + et (1)

where st is calculated from the residuals of a GARCH-type model1 as st = ε̂t/ĥ1/2
t , while

dt−1 is a dummy variable that is equal to 1 if ε̂t−1 < 0 and is equal to zero if ε̂t−1 ≥ 0, and
et is a regression residual. This test is used to ascertain whether the estimated squared
residuals can be predicted using the dt−1, dt−2 and dt−3 series. If the null hypothesis that
H0 : α1 = 0 is rejected, then we can conclude that the sign of the current period shock is
useful in predicting conditional volatility. To determine whether the magnitude of positive
and negative shocks has an impact on their ability to predict conditional volatility, a more
general form of the test is given by

s2
t = β0 + β1dt−1 + β2dt−1st−1 + β3(1− dt−1)st−1 + et (2)

where dt−1st−1 and (1− dt−1)st−1 indicate whether the effects of positive and negative
shocks also depend on their size. A joint F-statistic is used to test the null hypothesis
H0 : α1 = α2 = α3 = 0 and/or H0 : β1 = β2 = β3 = 0. If the joint test is rejected, we
can conclude that there is a leverage effect. The results of the Engle–Ng sign bias test are
reported in Table 2.

Table 2. The Engle–Ng sign bias test.

Large Mid Small

Panel A : s2
t = α0 + α1dt−1 + α2dt−2 + α3dt−3 + et

α1 0.32 ** (2.41) 0.19 (1.42) 0.54 *** (5.43)
α2 −0.10 (−0.73) −0.14 (−1.02) −0.09 (−0.54)
α3 0.08 (0.61) −0.12 (−0.86) −0.03 (−0.18)

Joint test F(3, 1044) = 2.18 * F(3, 1044) = 1.26 F(3, 1044) = 3.61 **
Panel B : s2

t = β0 + β1dt−1 + β2dt−1st−1 + β3(1− dt−1)st−1 + et
β1 0.19 (0.95) −0.11 (−0.56) 0.57 ** (2.40)
β2 −0.04 (−0.33) −0.03 (−0.25) 0.13 (0.95)
β3 −0.14 (−0.82) −0.44 ** (−2.34) −0.10 (−0.46)

Joint test F(3, 1046) = 2.12 * F(3, 1046) = 2.49 * F(3, 1046) = 3.86 ***
Notes: ***, **, and * denote significance at the 1%, 5% and 10% levels, respectively.

Panel A of Table 2 reports the results of the Engle–Ng sign bias test based on the
first test specification. The estimates of coefficient α1 pertaining to the large- and small-
cap indices are of the expected sign and are statistically significant at the 10% and 5%
levels, respectively, while the coefficient pertaining to the mid-cap index is found to be
insignificant. The positive sign on the coefficient α1 indicates that negative values of st−1
are associated with large values of s2

t . The joint test results show that the null hypothesis
H0 : α1 = α2 = α3 = 0 is rejected for large- and small-cap indices at the 10% and
5% levels, respectively, which indicates that the leverage effect is present in large- and
small-cap indices but not in mid-cap stocks. The results in Panel B based on the general
form of the bias test, which considers the magnitude of shocks in addition to their sign,
yield stronger evidence in favor of the leverage effect. The joint test results show that null
hypothesis H0 : β1 = β2 = β3 = 0 is rejected for all sized indices at least at the 10% level.

Moving to bivariate analysis, we examine unconditional correlations among the three
different-sized portfolios as a precursor to multivariate GARCH modeling. The correlation
matrix, as presented in Table 3, shows that the unconditional correlation coefficients be-
tween the three index sizes are large and positive. This implies that there is a strong link
among large-, mid-, and small-cap indices and that they move in the same direction, on
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average. We also see that the lowest correlation coefficient is between large- and small-cap
indices, reaching 0.71, while the correlations between large- and mid-caps, on the one
hand, and between mid- and small-cap indices, on the other hand, are relatively high,
reaching 0.84 and 0.85, respectively. While these findings indicate that small caps offer
more diversification potential for large-cap portfolios, they should be interpreted with
caution. The reason is that the Pearson correlation is linear and, thus, fails to account for
potential nonlinear relations and time-varying linkages among these indices.

Table 3. Correlation matrix.

Large Mid Small

Large 1.00
Mid 0.84 1.00

Small 0.71 0.85 1.00

3.2. Methodology

The results emerging from the preceding section motivate the adoption of a GARCH-
family model to explore the potential time-varying conditional correlation and volatility
spillovers that may arise among large-, mid-, and small-cap indices. Bauwens et al. (2006)
suggested that “the most obvious application of MGARCH (multivariate GARCH) models
is the study of the relations between the volatilities and covolatilities of several markets”.
Other applications of MGARCH models include the calculation of time-varying mini-
mum variance hedge ratios and optimal portfolio weights (for example, Ahmad 2017;
Akhtaruzzaman et al. 2021b; Klein et al. 2018).

While there are many MGARCH parametrizations, we decided to employ the Baba–
Engle–Kraft–Kroner (BEKK) parametrization proposed by Engle and Kroner (1995) to
examine the time-varying conditional correlation and volatility spillovers among large-,
mid-, and small-cap indices. Our decision was based on the following reasoning: first,
the BEKK parametrization avails itself of a broad range of interactions among the mod-
eled series while ensuring positive definiteness of the conditional covariance matrix by
construction; second, while it is true that the constant conditional correlation (CCC) pro-
posed by Bollerslev (1990) is more parsimonious than the BEKK, “empirical studies have
suggested that the assumption of constant conditional correlations may be too restrictive”
(Silvennoinen and Teräsvirta 2009); third, Caporin and McAleer (2012) showed that the
BEKK yields consistent estimates of dynamic conditional correlations and is preferred to the
dynamic conditional correlation (DCC) proposed by Engle (2002) on theoretical grounds.
On the basis of this argument, Boldanov et al. (2016) used BEKK and suggested that it may
be better than DCC.

Given the above, we use an econometric specification that consists of two components,
whereby a vector autoregression (VAR) is used to model the returns, while an asymmetric
BEKK-GARCH model is used to model the time-varying variances and covariances. The
VAR model accommodates autocorrelations and cross-autocorrelations in the returns’ series.
The typical mathematical expression of a p-th order VAR model is written as

Rt = M + Φ1Rt−1 + Φ2Rt−2 + · · ·+ ΦpRt−p + ut (3)

where Rt is a 3× 1 vector containing the returns series of the three size-based stock portfolios
in the VAR, M is a 3× 1 vector of constant terms, Φi is a 3× 3 matrix for each lag p, and ut
is a 3× 1 vector of residuals. On the basis of Table A2 (in the Appendix A), we opted to
proceed with a VAR model of order 1, denoted as VAR (1) and given by

Rt = M + Φ1Rt−1 ++ut (4)



Int. J. Financial Stud. 2023, 11, 113 12 of 30

with

Rt =

 rl,t
rm,t
rs,t

, M =

µ1
µ2
µ3

, Φ1 =

φ11 φ12 φ13
φ21 φ22 φ23
φ31 φ32 φ33

, ut =

 ul,t
um,t
us,t

 (5)

where the diagonal elements of matrix Φ1, namely, φ11, φ22, and φ33, represent the first-order
autoregressive coefficients, while the off-diagonal elements capture the mean spillovers
among the three portfolios. Here, the residuals ut are normally distributed, given the
information available at time t− 1 denoted as It−1, as (ut|It−1) ∼ N(0, Ht) with a zero
mean and a conditional variance–covariance matrix modeled using a BEKK-GARCH (1, 1)
specification as follows:

Ht = CĆ + Áutút A + B́HtB (6)

where C is a lower triangular matrix of the constant term, and A and B are general 3× 3
matrices. On the basis of the results of the Engle–Ng sign bias test in Section 2.1, we add
asymmetry to the BEKK model such that the model is rewritten as

Ht = CĆ + Áutút A + B́HtB + D́vtv́tD (7)

The dimensions of matrix D are the same as the matrices of A and B, and vt is the
adjustment for asymmetry that is defined as vt = ut if ut < 0 (i.e., negative shock) and
vt = 0 otherwise.

With

Ht =

 h11,t h12,t h13,t
h21,t h22,t h23,t
h31,t h32,t h33,t

, C =

 c11 0 0
c21 c22 0
c31 c32 c33

, A =

 a11 a12 a13
a21 a22 a23
a31 a32 a33

,

B =

 b11 b12 b13
b21 b22 b23
b31 b32 b33

, D =

 d11 d12 d13
d21 d22 d23
d31 d32 d33

, vt =

 vl,t
vm,t
vs,t


where h11,t, h22,t, h33,t within the conditional variance–covariance matrix, Ht, are the condi-
tional variances of the large, mid, and small portfolios, respectively, while hij,t ∀ i 6= j are the
conditional covariance of each pair of size-based portfolios i and j. Matrix A contains the
ARCH coefficients, whereby the diagonal elements a11, a22, a33 represent the own ARCH
effect of the fluctuations of the three portfolios, representing the short-run persistence
of shocks, whereas the off-diagonal elements represent the cross-shock spillover among
the three portfolios. Matrix B contains the GARCH coefficients of the model, where the
diagonal elements b11, b22, b33 are the own GARCH effect of the three portfolios, repre-
senting the long-run persistence of volatilities in each portfolio, while the off-diagonal
elements represent the volatility spillover effects among the three portfolios. D is a matrix
of coefficients that capture asymmetric responses to shocks where the diagonal elements
d11, d22, d33 represent the own-asymmetric shock spillovers, whereas off-diagonal elements
represent the cross-asymmetric shock spillovers.

Indeed, GARCH-family models assume that the modeled series is generated by a
single GARCH process over the entire sample period. However, several studies have
shown that structural breaks are prevalent in financial time series (for example, Andreou
and Ghysels 2002; James Chu 1995; Dieobold 1986). Lastrapes (1989) and Lamoureux
and Lastrapes (1990) suggested that the presence of structural shifts may undermine the
volatility models’ estimation of persistence, displaying higher persistence in volatility
than what is, in fact, the case. Ewing and Malik (2005) found that ignoring structural
shifts can potentially lead to an overestimation of the degree of volatility spillovers among
the modeled series, while Halunga and Savva (2019) indicated that ignoring these shifts
can ultimately confound portfolio and risk management decisions. To guard against this
problem, we use the Nyblom (1989) stability test. If the null of a stable model is rejected,
we include shift dummies in the variance equation.
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4. Empirical Results
4.1. Regression Estimation Results and Their Interpretation

This section reports and discusses the estimation results of the asymmetric VAR-BEKK-
GARCH (1,1) model. The model is estimated by quasi maximum likelihood estimation
(QMLE), where the simplex algorithm is used to obtain the initial conditions by running
several iterations. Subsequently, the final estimate of the variance–covariance matrix is
obtained by means of the BFGS algorithm. The t-distribution and robust standard errors
are used2. The VAR-BEKK-GARCH (1,1) model’s parameter estimates and diagnostic tests
are reported in Tables 4 and 5, respectively. Before we interpret the parameter estimates,
an examination of the diagnostic tests is warranted. On the basis of Table 5, we find that,
while the tests for the standardized residuals and standardized residuals squared show no
evidence of serial correlation at the 5% significance level, Nyblom’s joint test is rejected at
the same level of significance. The rejection of Nyblom’s joint test indicates that there is
sufficient evidence to conclude that the VAR-BEKK-GARCH (1,1) model’s parameters are
jointly not stable. Therefore, we include shift dummies in the variance equation to control
for the potential shifts in the variance, and the results are reported in Tables 4 and 5 next to
those of VAR-BEKK-GARCH (1,1)3. The results pertaining to the BEKK model with shift
dummies in Table 5 demonstrate that there is no sufficient evidence to reject Nyblom’s joint
test, which indicates that the parameters of the VAR-BEKK-GARCH (1,1) model with shift
dummies are jointly stable.

Table 4. Parameter estimates for the multivariate GARCH models.

BEKK BEKK with Shift Dummies

Coeff t-Stat p-Value Coeff t-Stat p-Value

Mean
µ1 0.29 4.57 0.00 0.30 4.72 0.00
φ11 0.02 0.44 0.66 0.01 0.31 0.76
φ12 0.04 0.84 0.40 0.05 1.04 0.30
φ13 −0.03 −1.08 0.28 −0.04 −1.17 0.24
µ2 0.34 5.64 0.00 0.34 5.62 0.00
φ21 0.04 1.07 0.29 0.04 1.10 0.27
φ22 0.05 1.10 0.27 0.05 1.11 0.27
φ23 −0.03 −1.02 0.31 −0.04 −1.15 0.25
µ3 0.27 4.49 0.00 0.28 4.48 0.00
φ31 0.00 −0.03 0.98 0.00 −0.04 0.96
φ32 0.12 2.86 0.00 0.12 2.60 0.01
φ33 0.01 0.15 0.88 0.00 0.01 1.00

Variance
c11 0.65 5.90 0.00 0.69 5.99 0.00
c21 0.79 7.61 0.00 0.69 4.92 0.00
c22 0.22 2.14 0.03 0.37 2.89 0.00
c31 0.52 5.09 0.00 0.49 4.46 0.00
c32 0.36 3.29 0.00 0.34 3.70 0.00
c33 0.18 0.79 0.43 0.27 2.63 0.01
a11 0.18 2.81 0.00 0.25 2.46 0.01
a12 −0.03 −0.65 0.52 −0.01 −0.07 0.94
a13 −0.06 −1.28 0.20 −0.05 −0.66 0.51
a21 0.22 5.39 0.00 0.12 0.91 0.36
a22 0.33 9.33 0.00 0.29 2.64 0.01
a23 0.06 1.09 0.28 0.05 0.54 0.59
a31 0.01 0.13 0.89 0.02 0.46 0.65
a32 0.12 2.89 0.00 0.12 2.62 0.01
a33 0.45 10.48 0.00 0.45 8.54 0.00
b11 0.97 74.75 0.00 0.94 24.20 0.00
b12 0.01 2.96 0.00 0.01 0.11 0.92
b13 0.03 2.61 0.01 0.04 0.93 0.35
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Table 4. Cont.

BEKK BEKK with Shift Dummies

Coeff t-Stat p-Value Coeff t-Stat p-Value

b21 −0.14 −9.95 0.00 −0.11 −1.64 0.10
b22 0.84 40.15 0.00 0.84 11.89 0.00
b23 −0.11 −4.22 0.00 −0.11 −1.72 0.09
b31 0.03 2.73 0.01 0.02 0.67 0.50
b32 −0.01 −0.47 0.64 −0.01 −0.31 0.76
b33 0.92 51.13 0.00 0.91 26.18 0.00
d11 0.59 8.70 0.00 0.62 5.78 0.00
d12 0.61 8.66 0.00 0.67 5.84 0.00
d13 0.41 5.84 0.00 0.47 4.18 0.00
d21 −0.23 −4.06 0.00 −0.37 −1.61 0.11
d22 −0.10 −1.64 0.10 −0.25 −0.94 0.35
d23 0.14 2.76 0.01 0.01 0.03 0.98
d31 −0.32 −5.39 0.00 −0.27 −2.36 0.02
d32 −0.41 −6.74 0.00 −0.39 −3.32 0.00
d33 −0.41 −4.96 0.00 −0.41 −3.69 0.00

Shape (t degrees) 4.83 12.88 0.00 4.97 13.20 0.00
Log L −6601.23 −6591.54
AIC 12.66 12.67
SC 12.88 12.94
HQ 12.66 12.67

Notes: Log L is the log likelihood, AIC is the Akaike information criterion, SC is the Schwarz information criterion,
and HQ is the Hannan–Quinn information criterion.

Table 5. Diagnostic tests for the multivariate GARCH models.

BEKK BEKK with Shift Dummies

Large Mid Small Large Mid Small

Panel A:
Q(4) rstd 9.21 7.24 2.45 7.07 1.83 4.42

p-value 0.06 0.12 0.65 0.13 0.77 0.35
Q(4) rstd2 1.07 1.59 8.98 1.28 1.00 31.14

p-value 0.90 0.81 0.06 0.86 0.91 0.00
Panel B:

Nyblom’s test
Joint test Test Stat = 9.50 p-value = 0.04 Test Stat = 10.12 p-value = 0.33

Notes: Q(4) rstd = Ljung–Box Q-statistics up to lag 4 applied to standardized residuals; Q(4) rstd2 = Ljung–Box
Q-statistics up to lag 4 applied to standardized residuals squared.

Now, we proceed to the interpretation of the parameter estimates in Table 4. We start
with the VAR (1) model for returns. The most conspicuous finding is that the returns
of small-cap stocks are positively affected by the first lagged returns of their mid-cap
counterparts. The estimated parameter of the mid-cap index in the small-cap equation
(φ32) is positive and significant at the 1% level for both models, confirming the presence of
significant unilateral mean spillovers from mid- to small-cap stocks. Because we include
more than two series in our models, the use of the joint Wald test is more convincing, as it
accounts for the effect of indirect shocks. For example, shocks to the first series can possibly
affect the third series indirectly via the second series if a shock to the first affects the second
series directly. The results of the block exclusion tests for the first and second models are
reported in Tables 6 and 7, respectively. The results pertaining to the mean equation in
Table 6 show that the null hypothesis of exogeneity is rejected at the 5% level, confirming
the presence of spillovers/causality among the three different-sized portfolios, which is
also supported by the second model in Table 7, albeit only at the marginal 10% level. To
dig deeper into the direction of spillovers/causality, the null hypothesis of exogeneity is
also tested with respect to each size portfolio. Remarkably, evidence in favor of rejecting
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the null of exogeneity is only found for the small-cap portfolio at the 5% level across both
models, which means that there is unilateral causality running from larger caps (mainly
from mid-caps) to the small-cap portfolio, which is largely consistent with the findings
of early studies, for example, Lo and MacKinlay (1990b) and Chelley-Steeley and Steeley
(1996), in addition to more recent studies including Marshall and Walker (2002) and Drakos
(2016), in confirming the presence asymmetric lead–lag relation in returns. The stronger
linkages between small- and mid-caps, in particular, are in accordance with the evidence
obtained by Mills and Jordanov (2001), who showed that portfolio-specific shocks affect
firms of similar size more than firms of substantially different size. This spillover effect,
indeed, casts doubt on the pricing efficiency of small caps.

Table 6. Joint Wald test for the BEKK model.

The Portfolio of Interest Mean Equation Variance Equation

All portfolios

The null hypothesis of exogeneity
H0 : φij = 0 ∀ i 6= j,

Test statistic: F(6, ∗) = 2.17 **
Result: Reject H0

The null hypothesis of diagonal BEKK
H0 : aij = bij = 0 ∀ i 6= j,

Test statistic: F(12, ∗) = 5.45 ***
Result: Reject H0

Large

The null hypothesis of exogeneity
H0 : φ12 = φ13 = 0

Test statistic: F(2, ∗) = 0.53
Result: Accept H0

The null hypothesis that shocks to the mid- and
small portfolios do not affect the variance of interest:

H0 : a21 = a31 = b21 = b31 = 0
Test statistic: F(4, ∗) = 6.03 ***

Result: Reject H0

Mid

The null hypothesis of exogeneity
H0 : φ21 = φ23 = 0,

Test statistic: F(2, ∗) = 0.81
Result: Accept H0

The null hypothesis that shocks to the large and
small portfolios do not affect the variance of interest:

H0 : a12 = a32 = b12 = b32 = 0
Test statistic: F(4, ∗) = 2.38 **

Result: Reject H0

Small

The null hypothesis of exogeneity
H0 : φ31 = φ32 = 0,

Test statistic: F(2, ∗) = 4.30 **
Result: Reject H0

The null hypothesis that shocks to the large and
mid-portfolios do not affect the variance of interest:

H0 : a13 = a23 = b13 = b23 = 0
Test statistic: F(4, ∗) = 2.30 *

Result: Reject H0

All portfolios

The null of symmetric behavior in variance
H0 : dij = 0 ∀ i & j,

Test statistic: F(9, ∗) = 10.12 ***
Result: Reject H0

Notes: ***, **, and * denote significance at the 1%, 5% and 10% levels, respectively.

Table 7. Joint Wald test for the BEKK model with shift dummies.

The Portfolio of Interest Mean Equation Variance Equation

All portfolios

The null hypothesis of exogeneity
H0 : φij = 0 ∀ i 6= j,

Test statistic: F(6, ∗) = 1.97 *
Result: Reject H0

The null hypothesis of diagonal BEKK
H0 : aij = bij = 0 ∀ i 6= j,

Test statistic: F(12, ∗) = 2.80 ***
Result: Reject H0

Large

The null hypothesis of exogeneity
H0 : φ12 = φ13 = 0

Test statistic: F(2, ∗) = 0.80
Result: Accept H0

The null hypothesis that shocks to the mid- and
small portfolios do not affect the variance of interest:

H0 : a21 = a31 = b21 = b31 = 0
Test statistic: F(4, ∗) = 1.

Result: Accept H0

Mid

The null hypothesis of exogeneity
H0 : φ21 = φ23 = 0,

Test statistic: F(2, ∗) = 1.05
Result: Accept H0

The null hypothesis that shocks to the large and
small portfolios do not affect the variance of interest:

H0 : a12 = a32 = b12 = b32 = 0
Test statistic: F(4, ∗) = 2.25 *

Result: Reject H0
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Table 7. Cont.

The Portfolio of Interest Mean Equation Variance Equation

Small

The null hypothesis of exogeneity
H0 : φ31 = φ32 = 0,

Test statistic: F(2, ∗) = 4.37 **
Result: Reject H0

The null hypothesis that shocks to the large and
mid-portfolios do not affect the variance of interest:

H0 : a13 = a23 = b13 = b23 = 0
Test statistic: F(4, ∗) = 1.03

Result: Accept H0

All portfolios

The null of symmetric behavior in variance
H0 : dij = 0 ∀ i & j,

Test statistic: F(9, ∗) = 10.09 ***
Result: Reject H0

Notes: ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively.

Next, we turn to the parameter estimates of the ARCH and GARCH terms in Table 4.
The estimates of the diagonal elements of matrix A, i.e., a11, a22, and a33 (ARCH effects),
measure the short-term persistence of the own past shocks, whereas those of matrix B,
i.e., b11, b22, and b33 (GARCH effects), measure the long-term persistence of own volatility.
We can clearly see that own ARCH effects (a11, a22, and a33) are of similar magnitude
across both models, showing significance at the 1% level, which implies that each of the
three different-sized portfolios is impacted by its own past shocks. A similar pattern is
observed for the own GARCH effects (b11, b22 and b33), which are also found to be of similar
magnitude, displaying significance at the 1% level across both models, which means that
each size portfolio is influenced by its own volatility. For each of the portfolios, the values of
the estimated own ARCH parameters a11, a22, and a33 are smaller than their corresponding
GARCH counterparts, namely, b11, b22, and b33. That is, past volatilities are more important
than shocks in predicting future volatility, which is in line with results reported elsewhere.

Notwithstanding the significance of the own ARCH and GARCH effects in predicting
future volatility, shock and volatility spillovers among the three portfolios are also crucial.
Therefore, we consider the parameter estimates of the off-diagonal elements of matrix
A i.e., aij ∀ i 6= j, and matrix B, i.e., bij ∀ i 6= j, which capture the linkages among the
three portfolios in the form of shock and volatility spillovers between these portfolios,
respectively. While the results pertaining to the own ARCH and GARCH effects are
consistent across the two models, several disparities are evident when considering the
spillover effects. As we move to the BEKK model with the shift dummies, the spillover
effects become weaker.

On the basis of the results pertaining to the ARCH spillover effects, only in one instance
are the two models consistent in documenting a significant spillover parameter (a32) that
is of the same magnitude and shows significance at the 1% level. The interpretation of
this parameter is that short-term shocks originating in the small-cap portfolio increase the
volatility of the mid-cap portfolio in the short run, but the opposite effect does not hold, as
a23 is not significant. The remaining parameter estimates of the off-diagonal elements of
matrix A are consistent across the two models and are statistically insignificant, except for
a21, which is strongly significant at the 1% level when considering the first model only but
loses significance when the second model is used.

The results pertaining to GARCH spillover effects as represented by the parameter
estimates of the off-diagonal elements of matrix B paint a similar picture. Three of the six
GARCH spillover parameters, namely, b12, b13, and b31 (which are significant at the 1% level
when the first model is used), lose their significance when the second model is considered.
Two of the remaining three parameters, namely, b21 and b23 (which are significant at the 1%
level when the first model is used), become marginally significant at the 10% level according
to the second model. The parameter b32 that is found to be statistically insignificant is the
only GARCH spillover parameter showing consistency across the two models. A word on
the interpretation of the parameters b21 and b23 is warranted. The negative sign on b21 and
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b23 indicates that long-term volatility originating in the mid-cap portfolio has a calming
effect on the volatility of the large- and small-cap portfolios.

We move on to the bottom of Table 4 to consider the asymmetric volatility spillover
effects measured by the parameter estimates of the elements of matrix D. The diagonal
elements of matrix D, i.e., d11, d22 and d33, which measure the asymmetric own shocks to
returns, are mixed across the three portfolios. The estimates of d11 (d33) are consistently
positive (negative) and significant at the 1% level for both models, which means that bad
news (i.e., negative shocks) amplifies (diminishes) the volatility of the large-cap (small-cap)
portfolio to a greater extent than good news does. The estimates of d22 are, however,
marginally significant at the 10% level and lose significance when we consider the second
model, which is indicative of the weakness of the asymmetric own shocks’ effect on the
mid-cap portfolio’s volatility.

Regarding the estimates of the off-diagonal elements of matrix D, i.e., dij = 0 ∀ i & j,
we also find significant asymmetric volatility spillover effects among the three portfolios.
When considering large and small caps, the effects are largely consistent across the two
models in terms of the sign, magnitude, and significance at the 1% level (except for d31 in
the second model), although these portfolios display the opposite sign. The positive sign of
the estimates of parameters d12 and d13 means that bad news from the large-cap portfolio
increases the variability of mid- and small-cap returns. In contrast, the parameter estimates
of d31 and d32 have a negative sign, implying that bad news from the small-cap portfolio
decreases the variability of large- and mid-cap returns. Lastly, the parameter estimates
pertaining to the mid-cap portfolio, d21 and d23, become statistically insignificant when
using the second model, implying diminished evidence for asymmetric volatility spillover
from the mid-cap portfolio when the second model is considered.

Now, we move to the joint Wald test results pertaining to the variance equation in
Tables 6 and 7 to examine whether any form of variance spillover is present. The block
exclusion test applied to the off-diagonal elements of matrices A and B strongly rejects
the null of diagonality at the 1% level. To tease out the nature of the variance spillovers
among the three size portfolios, the null of diagonality is also tested for each portfolio.
Tables 6 and 7 clearly show that the results obtained using the first model, as presented
in Table 6, support the presence of multilateral spillovers across the three different-sized
portfolios, at least at the 10% level. However, on the basis of Table 7, spillovers are generally
weakened when we consider the second model. Only in the case of mid-caps did the
spillovers from large and small caps remain significant, albeit at the marginal level of 10%,
which is in line with the findings of Ewing and Malik (2005) and Marcelo et al. (2008).
This outcome emphasizes the importance of accounting for market crises which affect
the volatility transmission mechanism. Lastly, the null of symmetric behavior is strongly
rejected across the two models, reinforcing the importance of accounting for asymmetry.

4.2. Time-Varying Conditional Correlation

The time-varying conditional correlation among large-, mid-, and small-cap portfolios’
return volatility can be calculated using the estimated conditional variance–covariance
matrix, Ht, of the two VAR-BEKK-GARCH (1,1) models as follows:

ρij,t =
hij,t√

hii,t

√
hjj,t

(8)

Figure 3 presents the time-varying conditional correlations4. An important realiza-
tion gleaned from Figure 3 is that the time-varying conditional correlations can depart
significantly from the estimated unconditional correlations in Table 3, which emphasizes
the inadequacy of unconditional correlations in capturing the correlation dynamics. We
observe that large, mid, and small caps have a strong positive correlation with one another,
although it fluctuates over a wide range. Remarkably, correlations between large- and
small-cap indices range from as low as 0.17 to as high as 0.96. However, the range within
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which correlations fluctuate narrowed after the GFC as the Saudi stock market became
more mature. In all cases, we observe that correlation peaks during the periods of market
turmoil that coincide with major events, including the bursting of the Saudi stock market
bubble in 2006, the GFC, the collapse of oil prices in 2014, the COVID-19 outbreak, and the
Russo-Ukrainian war. Thus, we are led to believe that calculations based on unconditional
correlation would have led to erroneous hedging and portfolio allocation decisions.
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Figure 3. Time-varying conditional correlations from the BEKK model with shift dummies.
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5. Portfolio and Risk Management Implications

The estimated conditional variance–covariance matrix obtained in the preceding
sections is used to extract valuable insights that guide two of the most essential tasks
performed by finance professionals: allocation of funds to potential investments, and
hedging strategies that are employed to mitigate market risk associated with investing in
volatile assets.

5.1. Fund Allocation

The documented volatility spillovers among the three different-sized portfolios war-
rant a careful analysis of fund allocation decisions over the period of our study. Such
an exercise may shed light on the impact of several crises (including the 2006 bubble,
GFC, 2014–2016 crude oil price plunge, COVID-19, and the Russo-Ukrainian war) on
investors’ asset allocation decisions, thereby conveying our econometric results to practi-
tioners’ intuition.

This can be achieved by means of the widely used Kroner and Ng (1998) approach that
constructs a portfolio by calculating the weights allocated to the portfolio constituents such
that the portfolio’s risk is minimized without reducing its expected returns. The inputs
required to compute the optimal weights are obtained from the estimated conditional
variance–covariance matrix, Ht, for our two VAR-BEKK-GARCH (1,1) models. The optimal
weight of the first size-based index i in a one-dollar portfolio that consists of two different-
sized indices i and j at time t is given by

wij,t =
hjj,t − hij,t

hii,t − 2hij,t + hjj,t
(9)

A routine assumption that is usually made in this context is

wij,t =


0 i f wij,t < 0

wij,t i f 0 ≤ wij,t ≤ 1
1 i f wij,t > 1

(10)

where wij,t is the weight of the first size-based index i in a one-dollar portfolio of the two
different-sized indices i and j at time t, the term hjj,t is the conditional variance of index j at
time t, hij,t is the conditional covariance between the two different-sized indices i and j at
time t, and hii,t is the conditional variance of index i at time t. By definition, the weight of
index j in this portfolio is 1− wij,t.

Table 8 reports the optimal weight results. From Panel A of Table 8, which pertains to
the first model, we see that portfolio L/M, which combines the large- and mid-cap stocks,
has a mean weight of 0.46. This implies that for a USD 1 portfolio, 46 cents should be
allocated to large caps, while the remaining funds, i.e., 54 cents, should be used to invest
in mid-caps. The mean weight for portfolio L/S, which includes the large- and small-cap
stocks, is 0.51, which means that the funds allocated to large caps exceed those allocated
to small caps by only 1 cent. The mean of portfolio M/S, which includes the mid- and
small-cap stocks, confirms that mid-caps acquire the lion’s share of fund allocation when
either combined with large or small caps; in this case, 57 cents are invested in mid-caps,
and the remaining 43 cents go to small caps. To complete our understanding, we examine
the standard deviations of the weights, which are quite large, reaching 0.29, 0.33, and 0.32
for the L/M, L/S, and M/S portfolios, respectively. Additionally, according to the min
and max results for all portfolios, we see that in some instances, the fund allocation to any
of the three portfolio constituents ranges from as high as 100% of the funds to as low as
0%. Interestingly, the results obtained from the second model, as presented in Panel B of
Table 8, are nearly identical to those of the first model. Because of the high dispersion of
the estimated weights, we plot the dynamic weights in Figure 4 to depict how portfolio
allocation changes over time5.
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Figure 4. Time-varying portfolio pairwise weights computed from the BEKK model with shift dummies.
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Table 8. Portfolio weights.

Mean Std. Dev. Min Max

Panel A: BEKK
L/M 0.46 0.29 0.00 1.00
L/S 0.51 0.33 0.00 1.00
M/S 0.57 0.32 0.00 1.00

Panel B: BEKK with shift dummies
L/M 0.46 0.29 0.00 1.00
L/S 0.51 0.33 0.00 1.00
M/S 0.58 0.33 0.00 1.00

Figure 4 clearly reveals, in all cases, that the portfolio weights are not stable, indicating
that investors dynamically change their allocations to different capitalizations over time.
Considering portfolio L/M, we see that more weight is allocated to large caps during
turbulent time periods, with the entire portfolio being solely invested in large caps (i.e.,
wLM,t = 1) in many instances. The same is true and even more pronounced for portfolios
L/S and L/M, indicating a flight to quality from smaller to larger capitalizations. Indeed,
one clear exception is that allocation to large against mid-caps reached zero (i.e., wLM,t = 0)
for extended time periods during the GFC. This can be explained by the fact that the large-
cap index is dominated by the banking and petrochemical sectors that were more exposed
to the ramifications of the GFC.

5.2. Hedge Ratios

As for the optimal weight in the preceding section, hedging decisions in this study
are based on the estimated conditional variance–covariance matrix. To determine the size
of our hedging positions, we rely on the widely used Kroner and Sultan (1993) approach,
which specifies the size of the hedging position by means of the optimal hedge ratio. To
derive the optimal hedge ratio, Kroner and Sultan (1993) consider a portfolio comprising
two assets and postulate that the risk of this portfolio is minimized when the long position
of one dollar in the first asset is hedged by shorting βt dollars of the second asset. The
optimal hedge ratio between any two size-based indices is given by

βij,t =
hij,t

hjj,t
(11)

Here, a long position of one dollar in the first size-based index i is hedged by a short
position of size βij,t dollars in the second size-based index j to minimize the portfolio risk.

Table 9 reports the optimal hedge ratio results. Panel A of Table 9, which pertains to
the first model, shows that the mean value of the hedge ratio between large and mid-caps
(L/M) is 0.79, while the mean value of the hedge ratio between large and small caps (L/S)
is slightly lower at 0.75. The highest hedge ratio is recorded between mid- and small caps
(M/S), reaching a mean value of 0.85. These results mean that a long position of USD 1 in
large caps can be hedged with a short position of 79 (75) cents in mid- (small) caps. On the
other hand, a USD 1 long position in mid-caps can be hedged by opening a short position
of 85 cents in small caps. Indeed, the standard deviation of the hedge ratios indicates that
optimal hedging positions fluctuate considerably, as can also be seen considering the min
and max values. In accordance with the findings pertaining to portfolio weights, the results
presented in Panel B of Table 9, which were generated on the basis of the second model,
bear a strong resemblance to those of the first model.
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Table 9. Hedge ratios.

Mean Std. Dev. Min Max

Panel A: BEKK
L/M 0.79 0.16 0.37 1.23
L/S 0.75 0.24 0.14 1.53
M/S 0.85 0.21 0.36 1.62

Panel B: BEKK with shift dummies
L/M 0.78 0.16 0.35 1.28
L/S 0.74 0.24 0.13 1.50
M/S 0.85 0.21 0.34 1.54

Because of the high dispersion of the estimated hedge ratios, we plot the dynamic
hedge ratios, as presented in Figure 5, to examine how hedging positions change over time6.
From Figure 5, we see that the hedge ratios vary over time, exhibiting values greater than
one during turbulent periods. This means that a hedger faces higher hedging costs due to
the need to take a larger position to short the corresponding capitalization index during
uncertain times which align with findings of previous studies, for example, Akhtaruzzaman
et al. (2021a) and Mensi et al. (2021).
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Figure 5. Time-varying hedge ratios computed from the BEKK model with shift dummies.

6. Robustness Check

As an alternative approach, we employ the Dieobold and Yilmaz approach for spillover
measurement7. This approach enables us to gauge static and time-varying volatility con-
nectedness among the different-sized portfolios. The results of the static volatility con-
nectedness are reported in Table 10. A look at the lower right corner of Table 10 reveals
that about half (50.96%) of the volatility of the forecast error variance in all three portfolios
originates from spillovers. Our estimate falls between those reported in Apostolakis et al.
(2021) (42.80%) for the Greek market and Jena et al. (2021) (59.93%) for the Indian market.

Table 10. Static volatility connectedness table.

From

To Large Mid Small Contribution from Others

Large 49.52 27.57 22.91 50.48

Mid 26.92 46.91 26.17 53.09

Small 21.94 27.39 50.67 49.33

Contribution to others 48.86 54.96 49.08 152.89

Contribution including own 98.37 101.87 99.75 Total connectedness index

Net volatility connectedness −1.63 1.87 −0.25 50.96

Notes: The underlying variance decomposition is based upon a weekly VAR of order 2. The (I, j)-th value is the
estimated contribution to the variance of 10-weeks-ahead weekly volatility forecast error of portfolio i coming
from innovations to weekly volatility of portfolio j.

Interestingly, the mid-cap portfolio transmits more volatility than it receives from
large- and small size portfolios, emerging as a net contributor of volatility to the system
which is consistent with Jena et al. (2021). On the other hand, large- and small-sized
portfolios turn out to be net receivers of volatility spillovers.

Notwithstanding the valuable insights that we obtained from static analysis of spillover;
it is merely an average description of the system. A more detailed look at the evolution
of spillovers dynamics over the sample period can be achieved by the means of a rolling-
sample total connectedness plot constructed on the basis of a 52-week rolling widow. The
results are depicted in Figure 6. From Figure 6, we can clearly see spikes in total connect-
edness corresponding to the major financial/economic crises, including the bursting of
the Saudi stock market bubble in 2006, GFC, the 2014–2016 crude oil price plunge, the
COVID-19 pandemic, and the Russo-Ukrainian war. Indeed, the Russo-Ukrainian war
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induced volatility connectedness is mild compared to the other crises. These findings are
concurrent with those of the BEKK-GARCH model.
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To obtain a refined insight on the bilateral volatility connectedness, we estimate the
net pairwise connectedness on the basis of a 52-week rolling widow and present the results
in Figure 7.
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Figure 7 shows that all three portfolios oscillate between net receivers and net trans-
mitters of volatility shocks. A remarkable observation is the sharp downward spike in the
midst of the 2006 Saudi stock market crash. The net pairwise connectedness, presented by
the NET L/S and NET M/S graphs, within Figure 7 clearly shows that small caps emerge
as net transmitter of volatility shocks to their large- and mid-cap counterparts. This finding
highlights the role that small caps assume as sources of volatility during that period. This
can be explained by the excessive speculation on the small caps that inflated their prices
which later reverted back to closer to their fundamental values. This finding is in sync
with the results obtained from portfolio analysis, which indicates that investors drastically
underweighted small caps in their portfolios.

7. Discussion and Conclusions

The size effect is one of the mainstays of the finance literature. This effect transcended
academic circles to the finance industry, manifesting itself via size-based stock market
indices and investment styles. Despite the controversies raised by its critics, the size
effect apparently stood the test of time. A careful examination of the linkages among
small- and large-cap portfolios and their associated portfolio management implications
is a natural extension to this literature. We take a step in this direction to gain fresh
insight by examining the return and volatility spillovers and time-varying conditional
correlations among large-, mid-, and small-cap indices and their portfolio allocation and
risk management implications in the context of the Saudi market, the leading market in
the Middle East. To do so, we estimate a VAR-asymmetric BEKK-GARCH model while
accounting for structural breaks using a long sample period spanning the most substantial
market crises in the past two decades.

The empirical results show, on the one hand, that there exist unilateral return spillovers
running from mid- to small-cap stocks, implying that mid-cap portfolio returns can predict
future small-cap returns, but not vice versa, which casts doubts on the pricing efficiency
of small caps and corroborates the traditional asymmetric lead–lag relation. On the other
hand, multilateral volatility spillover effects are documented among the three different-
sized portfolios. However, when structural breaks are carefully modeled, the spillovers are
substantially weakened, remaining evident, particularly among mid- and small caps. This
spillover pattern potentially drives the transfer of information via rebalancing portfolios
that comprise mid- and small caps rather that large-cap portfolios that are more likely to
be passively managed. The time-varying conditional correlations intensify around crisis
periods, leading to higher hedge ratios, which makes hedging during turbulent times more
expensive. However, the intensity of the jumps in conditional correlations vary across
different crises with the Russo-Ukraine war having a lower effect relative to previous crises.
This is in line with the findings of Boubaker et al. (2022) who showed that the Middle
Eastern stock markets reacted positively to the war news. The optimal portfolio weights
suggest that investors generally overweight larger caps in their portfolios during uncertain
times to minimize the risk of their portfolios without reducing their corresponding expected
returns. However, the impact of the GFC on asset allocation differs from that of other crises.
A plausible explanation is perhaps that the large-cap index is dominated by the banking
and petrochemical sectors that were more exposed to the ramifications of the GFC.

The main takeaway from our results is that passively confining fund managers to
a particular size category regardless of the prevailing market conditions may lead to
suboptimal performance. Our findings are relevant for fund managers who are exposed
to the Saudi market. We believe that extending this research to different investment
styles other than market capitalization by using alternative statistical techniques, such
as correlation networks (see, for example, Giudici and Polinesi 2021), is a promising
research avenue.
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Appendix A

Table A1. The parameters of the univariate GARCH model.

ω α β α + β Half Life LL

Large 0.74 0.27 0.71 0.977 30.12 −2652.441
[0.00] [0.00] [0.00]

Mid 0.86 0.33 0.65 0.983 39.46 −2610.8265
[0.00] [0.00] [0.00]

Small 0.66 0.28 0.72 1.00 −2668.8324
[0.00] [0.00] [0.00]

Notes: The mean and variance equations are specified as rt = µ + εt and ht = ω + αε2
t−1 + βht−1, respectively.

For the small-cap index, we estimate an IGARCH model; p-values are presented in square brackets.

Table A2. Lag order selection criteria.

Lag Order AIC SC HQ

0 14.51531 14.52950 * 14.52069
1 14.48388 14.54065 14.50541 *
2 14.49634 14.59570 14.53402
3 14.45710 * 14.59904 14.51092
4 14.46312 14.64764 14.53309

Notes: AIC is the Akaike information criterion, SC is the Schwarz information criterion, and HQ is the Hannan–
Quinn information criterion. * indicates lag order selected by the criterion.

Notes
1 The estimation results of the GARCH model used to obtain the residuals on the basis of which the s2

t is calculated are relegated to
the Appendix A (Table A1) to conserve space.

2 The student distribution is used because the return series for small mid- and large caps do not follow the normal distribution (see
Fiorentini et al. 2003).

3 On the basis of Nyblom’s individual test statistics, the endogenously determined shift dummies coincide with bursting of the
Saudi stock market bubble in 2006, the GFC, and the 2014–2016 crude oil price plunge. The first dummy spans the period from
21 February 2006 to 18 August 2009, while the second dummy falls between 17 June 2014 and 29 December 2015.

4 The time-varying conditional correlations are based on the BEKK model with shift dummies. The time-varying conditional
correlation values for the first model are not reported for the sake of brevity, but the corresponding author will make them
available upon reasonable request.

5 The dynamic weights are based on the BEKK model with shift dummies. The dynamic weights for the first model are not reported
for the sake of brevity, but the corresponding author will make them available upon reasonable request.

6 The dynamic hedge ratios are based on the BEKK model with shift dummies. The dynamic hedge ratios for the first model are
not reported for the sake of brevity, but the corresponding author will make them available upon reasonable request.

7 To conserve space, we did not include a self-contained description of the model. For a comprehensive description of this
methodology, see Dieobold and Yilmaz (2012).
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