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1. Introduction

The oil rich countries, Bahrain, Kuwait, Oman, Qatar, Saudi Arabia and UAE, are heavily
petroleum-dependent economies that are underpinned by huge foreign assets and powered by
foreign labour. More specifically, oil accounted for 42.6% of the nominal GDP in Saudi Arabia,
34.3% in UAE, 62.9% in Kuwait, more than 51% in Qatar, and more than 56% in Oman in 2014.!
Bahrain stands out among those oil rich countries, because oil accounts for only 24% of its GDP
due to the depletion of its oil reserves over the years. The oil dominance in these countries
underscores that a marked change in either the level or the volatility of oil prices will significantly
affect all the sectors of their economies and may exacerbate existing financial systemic risks,
thereby harming the stability and the functioning of their financial sectors. In turn, this could have
further consequences on the cyclical sectors.

Notably, these countries attempt to coordinate their policies to achieve their common goal of
realizing full economic integration through the Gulf Cooperation Council (GCC), an international
organization of which they are all members. Furthermore, the financial institutions in those GCC
countries are highly connected and characterized by economies of scale. Furthermore, they carry
the systemic risks usually associated with large financial firms (Al-Jarrah et al., 2016). Within
such a business environment of heavy oil dependence, high financial interconnectedness and
strong propagation of risk, the examination of the risk tolerance of GCC financial institutions to
oil price movements and volatility presents itself as an interesting case study, particularly in the
wake of recent global financial crisis and the recent reoccurrence of collapses in oil prices. For this

reason, this paper attempts to address two major questions related to the financial sectors of those

"'IMF (2016), Economic diversification of oil exporting Arab countries, Annual meeting of Arab Ministries of
Finance, Manama, Bahrain, April.



petroleum-based economies, which possess large foreign assets but are still vulnerable to oil risk.
First, do oil shocks cause stress to petroleum-based financial institutions?” Second, and more
relevant, what is the impact of the movement of the level of oil prices on the systemic risk
indicators for those financial institutions?

We may postulate that the empirical evidence should indicate a relevant impact of oil price
movements on the (systemic) financial risk of GCC countries. Despite this reasonable and
expected result, this study is the first that attempts to deal with such important questions by
focusing on a large panel of GCC financial institutions. Furthermore, our approach is innovative,
because it accounts for the impact of oil price variations on financial risk over different horizons,
using a heterogeneous structure as in Corsi (2009) and introducing it into one of the most common
systemic risk measures which is the change in the Conditional Value-at-Risk (or ACoVaR) of
Adrian and Brunnermeier (2016). The introduction of a direct impact of oil on the evaluation of
systemic risk in GCC financial institutions will facilitate the detection of the presence of the oil
impact, and, thus, evaluating the potential effect of oil price swings on the GCC financial sector.

The interest on our analyses is not limited to GCC financial institutions and GCC regulators.
Indeed, the study provides relevant insights into the systemic risk in financial institutions at the
global level. In fact, we cannot exclude the possibility that a very high risk in a major financial
institution could cascade further risks in the highly vulnerable GCC economies, with grave
consequences for the global economy. Thus, our findings will be of interest to global financial
institutions and market regulators, as they will provide an approach to monitoring the impact of
oil price variations on systemic risk measures. To investigate the impact of oil price variations on

a GCC financial institution’s systemic risk, we collect data on stock prices and balance sheets for

2 We use either petroleum-rich economies or GCC countries for the selected market.
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financial companies as well as on national market indexes for the GCC area for the period from
March 2006 to October 2014.

Building on these data, we address the first question and attempt to detect if oil shocks cause
a stress on petroleum-based financial institutions. Following the approach of Jeong et al. (2012),
we initially run a quantile causality test from oil returns and oil volatility to financial institutions’
returns. This sheds light on the possible impact of oil movements on the quantiles, as proxies of
risk measures, of the financial institutions. As well as can be expected, the findings show that both
oil returns and oil volatility have a significant and diffused impact on the quantiles of GCC
financial institutions’ stocks returns.

Then, we proceed to the estimation of the systemic risk measure proposed by Adrian and
Brunnermeier (2016), which is the change in the Conditional Value-at-Risk or simply the
ACoVaR. The main idea behind the ACoVaR risk measure is that the risk of a financial system
depends on the financial health of individual institutions. When a financial institution faces stress,
this will change the distribution of asset values within the system. Therefore, by measuring the
relationship between a financial company and the financial market index, we can infer the systemic
impact of a single financial institution. The ACoVaR measure monitors the changes in the asset
values of the financial system conditioning on the stress situation in a single financial company,
and contrasting the obtained values with those observed in a normal state of the same company.
This measure provides insights that help answer the second research question related to the
potential impact of changes in oil price on the systemic risk indicators for those financial
institutions. As a first step, we set our benchmark by ignoring oil as a potential systemic risk factor,

and hence excluding it from ACoVaR its estimation. The results show that elevated increases in



the ACoVaR levels correspond to the subprime crisis, which is an exogenous shock to the financial
sectors of these petroleum-based GCC economies.

Then, we proceed and evaluate the changes in systemic risk measurement obtained by
introducing oil returns as a potential risk driver. Inspired by the work of Corsi (2009), we deviate
from the Adrian and Brunnermeier (2016) approach and introduce the cumulated lagged oil returns
in the CoVaR equations to capture both the short-term (one week) impact of oil price movements
and the more pronounced movements that can be detected over longer periods (one month). This
is coherent with the recent contribution of Khalifa et al (2017), who find that in a different
framework that oil price movements may influence the oil production process up to a quarterly
delay. The empirical results suggest that the impact of oil price movements on extreme quantiles
of the financial companies’ returns is relevant and is associated with both a weekly and a monthly
impact. In this regard, we show that there is an improvement in the systemic risk measurement
through CoVaR with the inclusion of oil by means of the dynamic quantile test proposed by Engle
and Manganelli (2004).

Interestingly, the difference between the CoVaR with and without oil returns seems to correlate
with the occurrence of the shocks that stroke oil prices in correspondence with the global financial
crisis but with a longer time length. Indeed, we show using a Markov switching model that the
stress regime of the difference between CoVaR with and without oil returns for the GCC area is
longer than the stress regime of oil returns. This implies that the recent financial crisis has a real
effect on oil prices. In turn, this leads to a further worsening of the financial institutions’ risk levels,
and increasing the time needed to recover from the effects of financial crises. From a policy
maker’s or a regulator’s perspective, the results of our study suggest that the conditioning on real

control variables is fundamental to capturing the interactions between financial crises, their real



effects and possible feedbacks on the real economy. In the case of the GCC markets, the role of
oil, as expected, is crucial and allows for a more proper estimation of the systemic impact of
financial companies, in addition to potentially facilitating the determination of the financial impact
of shocks hitting oil prices.

The remainder of the paper proceeds as follows. Section 2 provides a review of the literature
while Section 3 discusses the empirical strategy by presenting the data, the methodology and the

results. Section 4 provides the conclusions and recommendations.

2. Literature review

The present paper relates to two strands of the financial economics literature. The first focuses
on the estimation of systemic risk for financial institutions, while the second deals with the
consequences of oil price variations on financial markets.

Within the first strand, literature has proposed several Systemic Risk Measures (SRMs) by
defining and modelling systemic events using different approaches. Acharya et al. (2017) present
an economic model of systemic risk and show that the Marginal Expected Shortfall (MES) can
measure each financial institution’s contribution to the systemic risk and the Systemic Expected
Shortfall (SES) as the amount of the equity of bank falls below its required level. Brownlees and
Engle (2016) propose SRISK, a systemic risk measure that is a function of a firm’s size, leverage,
volatility, and dependence on the market. The SRISK measures the capital shortfall of a financial
institution, conditional on a severe market decline. Billio et al. (2012) propose Granger-causality
tests to measure the interconnectedness among financial institutions such as hedge funds, banks,

brokers, and insurances. Their findings show that interconnectedness represents a reliable indicator



of the identification of financial distress periods and exhibits a predictive power on financial
institutions’ losses.

Adrian and Brunnermeier (2016) follow a different approach, addressing two relevant
questions: What is the size of the Value-at-Risk (VaR) of the financial system if a particular
institution is under financial stress? How does the VaR of the system change when a particular
institution enters a stressful state? While the answer to the first question corresponds to the size of
the Conditional Value-at-Risk (CoVaR) measure, the authors answer the second by contrasting the
CoVaR in two specific situations associated with both normal and distressed states for a given
financial institution. This leads to the ACoVaR. The structural features of the CoVaR, particularly
the possibility of introducing conditioning covariates, makes this measure the most appropriate for
the following analyses. Then, different studies have questioned the validity of these measures.

Doring and Wewel (2016) propose a criteria-based framework to assess the viability of
SRMs as a monitoring tool for banking supervision and for investigating which banks’
characteristics determine the systemic risk of the banking system level. Comparing the three
prominent SRMs (MES, SRISK, and CoVaR), they find that these measures possess substantial
forecasting power for distress in the banking system and potential spillovers to the real sectors.
However, the SRMs vary in their predictive accuracy in general. In addition, the introduction of
covariates in the CoVaR measurement might have a relevant impact on the risk measures’
appropriateness and predictive accuracy. By considering a set of measures, Giglio et al. (2016)
show that systemic risks have an impact on the real economy (i.e. industrial production and other
macroeconomic variables) in the US and Europe area. Bernal et al. (2016) analyse the impact of

economic policy uncertainty on risk spillovers in the Euro area using the ACoVaR. They show that



distress in countries' sovereign spreads in both core and peripheral area may affect the entire
European market.

We then move to the literature dealing with the impact of oil price movements on financial and
economic activities. The pioneering study by Hamilton (1983) is one of the first of such studies
that examine the impact of oil price volatility on economic activity. With reference to the oil-
sensitive economies, Mork (1994) shows a negative correlation between oil prices and aggregate
measures of output and employment for a group of oil-importing countries. Cifarelli and Paladino
(2010) show that speculation affects oil price dynamics and find evidence showing that shifts in
oil price negatively correlate with changes in stock price and exchange rate movements.

Reboredo (2015) uses the copula approach to examine systemic risk and dependence structure
between oil and renewable energy markets. The author finds evidence that shows a time-varying
dependence between these energy markets both on average and in the symmetric tail distribution.
He also argues that oil price dynamics contribute approximately 30% to the downside and upside
risks of the renewable energy companies. Reboredo and Ugolini (2016) analyse the US, the UK,
the EMU and the BRICS, showing that oil and stock prices dependence significantly increased
after the global financial crisis, while before its occurrence the dependence was weak. Mensi et al.
(2017) analyse the dependence structure between crude oil prices and major regional developed
stock markets under different market conditions and investment horizons. Their results show the
existence of tail dependence between oil and all stock markets and a strong evidence of bi-
directional asymmetric risk spillovers from oil to stock markets in the short-and long run horizons.
Finally, a part of the literature has investigated the relationship among oil and GCC markets.
Arouri and Rault (2012) show that oil prices and GCC stock markets are cointegrated and that oil

price increases have a positive impact on stock prices except for Saudi Arabia. Awartani and



Maghyereh (2013) analyse the return and volatility spillover effects between the oil market and
the GCC markets by using the spillover index proposed by Diebold and Yilmaz (2009). Their
findings show that there is a transmission channel from oil returns and volatilities to the GCC stock
markets, while the opposite is marginal. Nusair (2016) examines the effects of shocks in oil price
on the GDP of the GCC area using nonlinear cointegration and shows that increases in oil prices
lead to increases in real GDP, while negative oil price changes have an impact only on Kuwait and
Qatar. More general, their findings show that the positive oil price changes have a larger impact
on GDP than the negative changes. Khandelwal at al. (2016) provide evidence of a linkage among
oil and business and financial indicators in the GCC countries, and that oil prices and the economy
have an impact on the bank asset quality.

None of the previous studies has dealt with either the systemic risk in the financial institutions of
the GCC countries or with the interactions between oil prices and systemic risk. Our approach

attempts to fill this gap in the literature.

3. Empirical strategy

3.1 Data Description

We have collected data for 306 financial institutions based in the petroleum-based
economies belonging to the Gulf Cooperation Council (the GCC countries) over the sample period
from March 30, 2004 to October 23, 2014. We have recovered all the data at a daily frequency
from Bloomberg. We have collected the financial institutions’ stock returns, the institutions’
leverage and the institutions’ reference financial market returns. The market indices under
consideration are the Saudi Arabian Tadawul All-Share Index (hereafter, Saudi Arabia-TASI), the

Kuwait Stock Exchange Index, (Kuwait-SE), the Dubai General Index (Dubai-DFM), the Abu



Dhabi General Index (Abu Dhabi-ADX), the Qatar Doha Securities Market (Qatar-QD), and the
Oman MSM 30 Index (Oman-MSM30)

We perform a preliminary scan of the available data. At this stage, we find out that a
relevant fraction of the selected financial companies’ shows by the presence of numerous zeros in
the sequence of the company stock returns. In some cases, the fraction goes up to 90% of the data
points available. Such evidence could have serious impacts on the estimation of the systemic risk
measures, especially for those indicators that are based on the estimation of the quantile models,
like the CoVaR, thereby making the measures constant for some periods and thus uninformative,
as they will be equal to zero. To avoid such problems in the evaluation of the systemic risk
measures, we have decided to aggregate the equity market data from a daily to a weekly frequency,
leading to time series with a maximum of 552 observations. It is also worth noting that the
pioneering Adrian and Brunnermeier (2016) used the weekly frequency in their empirical
evaluations of systemic risk measures.

As a second filter, we have decided to remove the most illiquid institutions, for which zero
returns represented more than 80% of the sample size (we read a long sequence of constant prices
as evidence of illiquidity in the market for those stocks). Consequently, the database is reduced to
260 companies (we have lost 46 companies), classified on a country basis, as follows: 27
(previously 35) for Abu Dhabi, 15 (previously 26) for Bahrain, 20 (previously 29) for Dubai, 93
(previously 101) for Kuwait, 25 (previously 34) for Oman, 22 for Qatar, and 58 (previously 59)
for Saudi Arabia. The industry group for the financial institution are banks, insurance, real estate
and investment companies as well as diversified financial services. We report the list of companies

and the information about the industry groups in the Appendix A.
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In addition to the selected financial institutions, and given the purpose of our study, we
have downloaded the OPEC oil basket price, which is measured in US$/Bbl as a proxy for the oil
price which affects the markets and the petroleum-based economies of the GCC countries, as

explained earlier.

3.2 Impact of oil on financial institutions’ risks

A key research objective of the paper is to evaluate the potential impact of oil returns and
oil volatility on the systemic risk measures discussed earlier. As a preliminary statistical analysis,
we determine if there is a potential impact of either oil returns or oil volatility on the equity risk of
either GCC markets or GCC financial institutions. In this regard, we consider the non-parametric
quantile causality test of Jeong et al. (2012) to ascertain the impact of oil on the tail of the GCC

financial institutions.

Let us define {y;};er as the company/system returns and {x;};cr as the oil price or oil
volatility, and denote the lagged Y;_; = ()’t—p ...,yt_p), Xi1 = (xt_l, ...,xt_p) and Z;,_; =
(yt_l,...,yt_p,xt_l,...,xt_p), respectively, with lags p and g being greater than one. The
distributions of y; conditional on Z;_; and X, are defined as F, z_, (¥:|Z;-1) and
Ey x4 (y¢|X;—1), respectively. For T € (0,1), the 7-th quantile of y; conditional on Z;_; or Y;_,
is Q;(Zi—1) = Q:(¥¢|Z;~1) and Q;(Yi—1) = Q. (¥¢|Y:—1), respectively. Following Jeong et al.
(2012), we can say that x; does not cause y; (oil returns/volatility do/does not cause

company/system) in its -th quantile if Q;(Z;_1) = Q;(Y;_1).
Therefore, the system of hypotheses that is to be tested is

{Ho:P[szt_i(Qf(Yt_l)th_l) =1 =1,
Hy:P[Fy, 1z, (Q: (Yoo )| Ze—y) = 7] < 1.
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The test statistic proposed by Jeong et al. (2012) is equal to

Jr = mi}{(#> s ©)

t=1 s#t

where m = p + q and K(-) is the kernel function with bandwidth h and & = 14, <5_(v,_)1 -

It is worth noting that the test statistic depends on the choice of the lags introduced in the
conditional quantile. In our analysis, we select one lag since the evidences of causality we detected
in preliminary analyses are not sensibly varying by increasing the number of lags. The test statistic
is asymptotically normally distributed, with a known expression for the variance; see Jeong et al.

(2012).

In our framework, we test for the impact of lagged oil returns (one single lag) and
(contemporaneous) conditional variance of oil [as estimated from an APARCH model; see Ding
etal., (1993)] on the returns (in a given quantile) of the GCC financial institutions. We have chosen
the APARCH model because it is one of the most flexible univariate GARCH specifications. We
use the contemporaneous variance since it depends on the information available within the #-/
information set. We perform the test by focusing on the 5% conditional quantile of the institutions’
returns and detect the significance at the 5% level. Table 1 reports the frequency of the significant

causality impact in the cross section of the GCC financial institutions.

Our findings show that the lagged oil return (the contemporaneous conditional volatility)
in the 66.67% (62.96%) of the cases® influences the financial institution returns are at the 5%

quantile. The percentages show strong evidence of the presence of quantile causality across the

3 We stress that we compute these percentages over the cross-section of the companies included in the analysis.
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259 financial institutions in the GCC countries. We find that Qatar has the highest value of oil
impact in causing the low quantiles of financial institutions, 69.60% for the lagged return and
66.67% for the contemporaneous conditional volatility, which indicates that the stress state for a
Qatar’s financial institution occurs when oil shows large negative returns, and high volatility.
Qatar’s sovereign wealth fund supports the country’s financial markets during periods of oil stress,
which is not the case in most GCC markets. The lowest corresponding values are for Abu Dhabi
(53.33% for both the lagged return and the conditional volatility). This emirate follows a rational
and conservative spending policy to reduce it sensitivity to oil price changes and its sovereign

wealth fund does not deal with domestic financial markets.

Table 1. Non-parametric quantile causality test of Jeong et al. (2012).

Country N

Toil Opil
AbuDhabi 35  4571% 34,29%
Bahrain 19 53%  26,32%
Dubai 27 5926% 37,04%
Kuwait 94  5638% 37,23%
Oman 33 69,70% 57,58%
Qatar 23 47.83% 30,43%
i‘;ﬂ;a 58 50,00% 18,97%
GCC 289 54,67% 34,26%

Notes: Percentage of the significant (oil) causality impact for each country. The test focuses on the 5% conditional
quantile of the institutions’ returns and detects significance at the 5% level. We highlight the impact of lagged oil
returns (one single lag) and (contemporaneous) conditional variance of oil (as estimated from an APARCH model) on
the returns (in a given quantile) of the GCC financial institutions.

Overall, the results are in line with expectations, as GCC countries are major oil exporters

and their economies are heavily petroleum-dependent. Thus, the quantile causality tests suggest
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that oil price returns and oil volatility potentially affect a large fraction of the GCC financial
institutions’ quantiles of returns, (i.e., influencing the risk of those institutions). Therefore,
measures based on (conditional) quantiles such as the CoVaR, and the ACoVaR represent a proper

approach to quantify oil as a potential driver of systemic risk.*

3.3 Measuring systemic risk with ACoVaR

Adrian and Brunnermeier (2016) introduced the Conditional Value-at-Risk to capture a
financial institution’s contribution to systemic risk, based on the market data and the value-at-risk
(VaR) methodology. The CoVaR considers the Value at Risk (VaR) as the reference measure of
the financial risk, which includes two main elements. The first is the evaluation of the systemic
risk, as measured by the VaR of the financial system (or a subset of it) conditioning on state
variables, where one of the state variables is a financial institution’s stock return sequence. This
prompts the use of “conditional” in the name of the risk measure. The second is the estimation of
the CoVaR parameters by means of quantile regression methods, and the use of the estimated
parameters to evaluate the risk measures, conditional on some event affecting at least one of the
conditioning variables. Building on the CoVaR parameter estimates, the authors suggest
monitoring the change in CoVaR, or ACoVaR, contrasting the system’s CoVaR when the
conditioning financial institution enters a state of financial stress, with respect to the reference case

of that financial institution being in a normal (median) state.

4 To have a more complete view, we focus on the mean of financial institutions and analyse the impact of oil
movements by means of the Granger causality test (Granger, 1980). As in Billio et al. (2012), we analyse the linkages
between the institutions and the oil price movements. We report the results in the Complementary Material (Section
A).
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We now briefly introduce the notation and review the CoVaR and ACoVaR construction.
The first ingredient for deriving the two risk measures is the VaR, the largest that an institution
can suffer with a probability equal to 1-q%. For a given random variable X, we can define the
q% VaR (also denoted as VaRy) as the g-quantile of the X distribution, thus satisfying
P(X < VaRq) = q. As we are thinking about the distress of financial institutions, variable X
should be a function of the change in the market value of an institution’s assets. When we either
account for interdependence across the financial institutions, or focus on the impact of one
institution on the market, or, in general, allow state variables to impact the VaR, we move from
VaR to CoVaR. Following Adrian and Brunnermeier (2016), we focus on the VaR of the financial

system when a specific financial institution represents a state/control variable. We define the risk

sys|i

measure as CoVaR4 ™", which stands for the VaR of a financial system (sys), conditional on some

event C(X)! affecting institution i. The CoVaRqSysli is still a quantile, but now conditional on a

specific event:

P(xs < CoVaR, ™" c(Xh) = q. (1)

We can link the event C(X)' to a stress state for institution i, with the VaR being an obvious

and ideal choice. Therefore, we set

P(X%¥ < CoVaR,”*!"|X' = VaR}) = q, (2)

where CoVaRqSysli gives us the conditional quantile for the system when institution i is at its g-
quantile, VaRiq. Therefore, CoVaR provides us with a boundary on large losses for a specific

institution or a market, conditional on a particular institution being stressed up to a certain degree.
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To measure the change in the VaR of the financial system due to a specific institution entering into
a stress state, we can compare two different CoVaR measures. The first focuses on a normal state,
where the conditioning institution 7 is in a normal state, which we associate with the median. The
second is the CoVaR associated with a stressed situation for the ith financial institution. The
differential between the two CoVaRs, or ACoVaR, represents the contribution of the considered

financial institution to the systemic risk. The ACoVaR equals

ACoVaR¥l! = CoVaR¥"'(X' = vaR!) — CovaR,¥*!l(X = VaR}y), (3)

where within the parentheses, we highlight the different conditioning in the evaluation of the two
CoVaR measures, namely, a lower quantile ¢ and the median (where ¢=0.5), on the conditioning
financial institution’s returns.

Adrian and Brunnermeier (2016) propose estimating the conditional VaR by using the
quantile regression, which corresponds to the estimation of conditional quantiles of the dependent

variable starting from the following linear specifications:

Xt =al+ y,;'Mt_k + &, 4)
xSl = oSt gl 4y, 4 2, 5)
where ]/qs ¥t is the coefficient for the impact of M,_j, a vector of lagged state variables, and ﬁ;y sl

is the coefficient for the impact of the i-th institution on the system risk. Adrian and Brunnermeier
(2016) specify different state variables based on the bond market (i.e., change in three-month
Treasury bond, change in the slope of the yield curve, short term spread, and change in credit
spread) plus S&P500 market returns, real estate sector returns, and change in market volatility.

Note that the two equations allow for the presence of conditioning variables, both at the financial

16



institution’s level and at the level of the entire financial system. Moreover, we may easily allow
for different conditioning variables entering the two equations.

If we estimate the two equations by the quantile regression method [see Koenker (2005),
for a detailed discussion on the quantile regression], and focus on quantile g, we obtain a set of g-
specific coefficients (as highlighted by the subscript in the coefficients appearing in Equations (4)
and (5)). By means of the coefficients estimated through the quantile regression, we can recover

the VaR of the i-th financial institution and the CoVaR of the financial system, as follows,

VaR, = ab +yiM,_y, (6)
CovaR?* " (xf =varl,) = " + p71'VaRl , + v "M, .
Note that the two risk measures depend on the state variables and that the parameters depend on

sys|1

the chosen quantile. Consequently, the ACoVaR, ;"™ for each financial institution is computed as
ACoVaR”" = CovaRP"(X{ = VaR!,) — CoVaRy} (Xf = VaRlys), (8)

- ,gsys"(Vaqu — VaRlk,s),

sys|1

(“q + Vth k= Qs — V(i).th—k),

where it clearly emerges that evaluating the ACoVaR necessitates running three quantile

regressions, two at the financial institution’s level and one at the system level.
We perform the empirical evaluation of CoVaRqSysli and ACoVaRfi;Sli on the GCC

financial institutions. We estimate the systemic risk measures with a rolling window approach to

account for possible structural changes in either the series dynamics or the systemic risk levels
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and/or in the interdependence between the conditioning variables and the dependent variables. We
fix the rolling window size at 104 observations (approximatively two years), and for each window,
we focus on the entire set of the GCC financial institutions, with the data available in full within
the windows. By design, we first estimate the CoVaR without including oil as a systemic risk
factor. This measure represents the benchmark that will be used in comparison with respect to the

CoVaR including oil to monitor the relevance of oil as a risk driver for GCC institutions.
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Figure 1. Cross-sectional sample size of the GCC CoVaR estimates over time.

Additionally, the lack of availability in terms of time span and frequency for the countries
in the GCC area makes other state variables such as bond and real estate indices unusable.
Nevertheless, even if these state variables may condition the mean and volatility of the risk
measure, Espinoza et al. (2011) show that there is a regional integration in the area and, thus, these
variables affect the whole GCC area in the same manner. Therefore, we consider this effect as

being negligible when investigating the role of oil as a potential driver of systemic risks.
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Figure 2. The 95% high density region (grey area) and the cross-section median (solid blue line) of ACoVaR for
the GCC over time.
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Figure 3. The OPEC oil basket price in US$/Bbl over time.

In the same manner, we do not consider foreign exchange variables since the GCC area
does not bear the risk that gains in oil prices lead to overvalued real exchange rates as in the
traditional Dutch-disease issues (Callen et al., 2014). Figure 1 reports the evolution over time of
the number of companies included in the estimation windows. The cross-sectional dimension
changes, depending on the availability of the data for the financial institutions.

Figure 2 reports the cross-sectional median and the 95% coverage range over time for the
ACoVaR, both at the aggregate level and on a country basis. We can note some similarities
between the countries, particularly during and since 2008. The increase in the ACoVaR levels
appears to coincide with the subprime crisis, a major exogenous shock for the oil-rich countries.
In the last decade, these countries’ stock markets went through another financial crisis, occurring
in 2006, which was mostly endogenous and confined to the petroleum-rich economies. The 2006
crisis is most visible in Saudi Arabia (Panel h) and Dubai (Panel d). Put differently, the 2008 crisis
clearly appears to have had the most significant impact on most of the selected economies. We
note a flatter pattern only for Bahrain and Kuwait (Panels ¢ and e); even during the two crises,
these two GCC countries experienced an increase in the ACoVaR average level.

Bahrain is a small country, which is the weakest link in the GCC region as it receives a

steady financial assistance from Saudi Arabia but is more open to international investors than are
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the other GCC countries. To our knowledge, there is also no cross-listing on the Kuwait stock
exchange of shares from the highly volatile GCC markets, such as that of Dubai.

To ensure the completeness and robustness of the discussion of the results, we report the
CoVaR and the Marginal Expected Shortfall (MES) systemic risk measure, proposed by Acharya
etal. (2017), in Complementary Material, Section B, and the SRISK, developed by Brownlees and
Engle (2016), in Section C. The findings for those risk measures are similar to those of the
ACoVaR, where we observe an increase before the start of the subprime crisis and notice further
subsequent peaks during the crisis. Therefore, the patterns of Figures 2 are not associated
exclusively with either the ACoVaR methodology or the estimation approach we have adopted.
Given the dependence of the GCC countries on oil, the oil sector is dominant on the real side of
the economy; however, it can also have relevant impacts on the financial side. In fact, the
fluctuations in the oil price may cause spikes of uncertainty and surges in risk that spills from the
real to the financial sides. A preliminary graphical comparison may suggest that ACoVaR should
move similarly to oil prices, as shown in Figure 3. During increases in oil price volatility (i.e.,
during the spike of the prices at the beginning of 2008 and the subsequent collapse), the systemic
risk measures increase (they tend to be more negative). This prompts the following analyses on

the possible relationship between GCC systemic risk and oil price movements.

3.4 Introducing oil in the systemic risk measurement

Building on the previous evidence, we reconsider the CoVaR risk measure by introducing
the oil price within the set of control/state variables to detect if there is an improvement in the
systemic risk measurement. The oil movements may not show an immediate impact on the
financial institutions and the financial system, as confirmed by the causality-in-quantile test.

Moreover, changes in oil prices may not instantly lead to changes in oil production (through
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drilling rigs), because of lags. For example, policy makers set their oil investment decisions in
advance, and it is hard for oil rich countries to withdraw from investment projects. At the macro
level, the government budget is set based on a price with a 12-month lag. In a recent study, (Khalifa
et al., 2017) provide evidence of three-month lags between investment in the petroleum industry
(based on the rig counts indicator) and oil returns. Consequently, we might postulate a similar

impact on the companies’ performance in the stock markets.

Therefore, we mimic the Heterogeneous Auto-Regressive structure (HAR), proposed by
Corsi (2009), to detect the contribution of oil returns to the financial institutions’ risk measure,
CoVaR, over different periods. The HAR structure is particularly useful in this case, as it allows
one to measure the contribution of oil over different time scales (in the original contribution of
Corsi (2009), this author focuses on daily, weekly, and monthly horizons). Here, we use a slightly
different structure, as we are considering data at a weekly frequency. Therefore, we focus on
weekly and monthly (four week) horizons, thereby adding two elements to both the financial

institution and financial system equations.

In the quantile regression estimation, we modify the standard CoVaR equations as follows:>

4
. A 1 .
Xt =a' +y"0ile_y +y,™ ZZ Oil,_, + &, (18)
r=1
1 4
xSl = gsvsli 4 ﬁ;ys'lVaqu + y;”'“WOilt_1 + y;ys""" ZZ Oily_y + &1 (19)
r=1

> Coherently with the approach of Corsi (2009), we introduce the average of oil price return over the last four weeks.
We might have also used the sum, but this would not lead to differences with respect to the results we report apart
from a scaling on the estimated coefficients.
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In the same manner as previously presented, having estimated the quantile regression parameters,

the values of the VaR and the CoVaR are

4
. S 1
VaRl, = al +y*0il,_ + y;mzz oil,_,, (20)

4
. . 1
CovaR>* (X} = VaRl,) = " + gV 'VaRl , + yi¥ 0il,_y + qu42 oil,_,. (21)

r=1

Hence, the AC oVaR{l,q for each financial institution is calculated as,
ACoVaR;Y"' = CoVaR>"(Xi = VaRi,) — CoVaRy) (Xi = VaRl,s),

= B (VaR}, — VaRis),
1% 1%
= ﬁsysll (azi; + Vé'WOiltq + Vé'mzz Oily_r — abs — V(ﬁfg/Oiltﬂ - V&?ZZ Oilt—r> . (22)
r=1 r=1
where the coefficients monitor the impact of either a financial institution or the oil price on the

CoVaR of the financial system (see Adrian and Brunnermeier, 2016).

The oil-related HAR terms may appear both in the single institution equation (directly
influencing the VaR and indirectly influencing the CoVaR) and in the system equation (directly
influencing the CoVaR). Thus, in the empirical application we consider the following variants: 1)
a variant with No OIL as a state variable; ii) a variant with OIL and with an HAR structure in the
financial institution; iii) a variant with OIL and with an HAR structure in the financial system's
equation; and iv) a variant with Oil in both equations. Our aim is to evaluate the significance of
the oil-related coefficients on the median and the left quantiles to measure the impact of oil as a

possible source of systemic fluctuations within the GCC area’s financial institutions.
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We perform the analysis on two specific samples, including the 2006 GCC endogenous
crisis and the 2008 global financial crisis, respectively. In performing the estimation, we use two
years’ worth of weekly observations to be consistent with the estimation of the ACoVaR measure.

Table 2 reports the total significance of the HAR structure in the four specifications we consider.

As expected, the role of the individual financial institution, as measured by ﬁ;y Sli, is highly

significant for both crises’ samples, either including or excluding oil (Columns 1/6 and 7/14), with
the percentages either closer to or higher than 90% for most of the GCC countries and equal to
100% for Bahrain, Dubai and Qatar. Therefore, the financial companies have a statistically

significant systemic impact. The size of the impact depends both on the size of the coefficient

sys|i

q  and the risk level of the financial companies.

Interestingly, there are relevant differences in the oil quantile coefficients if we compare
the quantile regression results at the median and at the 5% quantiles for the financial institutions.
Oil has, in general, no impact in the median quantile (Columns 2-3/10-11) in both 2006 and 2009;
an exception is Dubai in 2009. This indicates that the oil price returns do not have a significant
impact, at either a weekly or a monthly lag, on the mean return of the financial companies.
Therefore, if the financial companies’ stock prices show limited movements, i.e., they are in the

tranquil period, then oil prices are irrelevant and do not have any impact on those institutions.
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Table 2. Total significance of the estimated quantile coefficients for the financial institutions in October 2006 and January 2009.

i il iii iv
Sys median quantile Sys Sys median quantile Sys Sys
;ySII V;’W }’é’m yt;',w | yt;',m ;ySIL ;ySIL yqsySIL.w qu}/SIL.m V;’W yt;',m y;‘,w ‘ yt;',m ;ySIL qsysll.w | qu}/SIL.m

October 2006 # Inst
GCC 76% 0% 2% 22% 31% 76% 76% 15% 45% 0% 2% 22% 31% 76% 15% 45% 110
Abu Dhabi 53% 0% 6% 18% 29% 53% 53% 29% 71% 0% 6% 18% 29% 53% 29% 71% 17
Barhain 67% 0% 0% 11% 44% 67% 56% 44% 56% 0% 0% 11% 44% 56% 44% 56% 9
Dubai 50% 0% 10% 30% 40% 50% 50% 0% 20% 0% 10% 30% 40% 50% 0% 20% 10
Kuwait 87% 0% 0% 16% 13% 84% 87% 8% 45% 0% 0% 16% 13% 87% 8% 45% 38
Oman 69% 0% 0% 19% 19% 75% 75% 0% 50% 0% 0% 19% 19% 75% 0% 50% 16
Qatar 100% 0% 0% 50% 50% 100% 100% 0% 0% 0% 0% 50% 50% 100% 0% 0% 6
Saudi 100% 0% 0% 36% 71% 100% 100% 29% 36% 0% 0% 36% 71% 100% 29% 36% 14

January 2009 # Inst
GCC 82% 6% 6% 39% 52% 82% 77% 44% 70% 6% 6% 39% 52% 77% 44% 70% 181
Abu Dhabi 56% 4% 0% 44% 52% 52% 56% 81% 70% 4% 0% 44% 52% 56% 81% 70% 27
Barhain 71% 0% 0% 24% 35% 71% 65% 12% 94% 0% 0% 24% 35% 65% 12% 94% 17
Dubai 75% 8% 0% 33% 58% 75% 67% 58% 67% 8% 0% 33% 58% 67% 58% 67% 12
Kuwait 88% 5% 15% 41% 64% 89% 83% 33% 89% 5% 15% 41% 64% 83% 33% 89% 66
Oman 85% 0% 4% 41% 48% 85% 74% 67% 59% 0% 4% 41% 48% 74% 67% 59% 27
Qatar 93% 7% 0% 13% 67% 93% 93% 13% 27% 7% 0% 13% 67% 93% 13% 27% 15
Saudi 100% 29% 0% 65% 18% 100% 100% 41% 29% 29% 0% 65% 18% 100% 41% 29% 17

Notes: The ACoVaR estimation includes four variants: i) the No OIL in the state variables; ii) the OIL with an HAR structure in the financial institutions; iii) the
OIL with an HAR structure in the financial system's equation; and iv) the oil in both equations. The aim is to evaluate the significance of the oil-related coefficients
of the median and the left quantiles to measure the impact of oil as a source of systemic risk. We report the financial system equation (sys)’s quantile regression
on the median (no stress state) and the quantile regression at 5% (VaRi_s%). The last column reports the number of institutions present in the considered sample.
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The most interesting finding comes from the results associated with the estimation of the
financial institutions’ 5% Value-at-Risk. We still focus on the role of oil and its impact on the
estimation of the risk measure. In Table 2, Columns 4-5/12-13 show the fraction of cases where
the weekly and monthly oil-related HAR components are statistically significant. In both periods,
the significance of the monthly components is higher with respect to the weekly counterpart,
supporting the argument that the oil factor may not show an immediate impact on the financial
institutions. The GCC governments pursue economic stabilization policies by using fiscal policy
as a buffer against fluctuations in oil revenues, which may underscore the significance of lags in

responses to the oil factor. The same results apply for the significance of the quantile regression at

the 5% level for the system risk, COVaRfff'i, reported in Columns 8-9/15-16.

Interestingly, the percentage of significance for the weekly and monthly components is
more relevant in the U.S. subprime financial crisis, highlighting the possibility that oil may have
played a different role in the two crises. Oil prices were surging in 2007, but they collapsed in
summer 2008. The 2007 subprime crisis affected the real estate sector in the U.S., while the 2008—
2009 crisis began in the banking sector of the U.S. and then engulfed the entire world. Overall, our
results indicate that oil becomes a relevant risk driver when the financial companies’ returns take

extreme values, i.e., in the tails of the returns’ distribution.

In this regard, we analyse the impact of oil price movements on the financial instructions

by investigating the mean of the significant estimated coefficients reported in Table 3. The impact
of financial institutions on the market risk, as measured by ﬁ;y Sli, is positive for both the 2006 and

2009 samples, with the inclusion and exclusion of oil (Columns 1/6 and 7/14). The magnitude of

the coefficients for the entire GCC area is approximatively 0.30 (Columns 1 and 6) and 0.31
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(Columns 7 and 14) in 2006. However, the mean of the quantile coefficients is higher, at 0.43
(Columns 1 and 6) and 0.36 (Columns 7 and 14) in 2009. The impact of the weekly component of
oil, as monitored by yé'w, is almost entirely positive for the countries in 2006, except for Bahrain
and Kuwait, but is almost entirely negative for the GCC area in 2009 except for Bahrain and Saudi.
Habibi (2009) asserts that the GCC financial institutions and real estate developers are among the
largest publicly listed companies that both were negatively affected by the 2008-2009 global
financial crisis. Given that the magnitude of the coefficient, yé‘w, capturing the impact of the
weekly oil returns on the Value-at-Risk levels, this finding may simply indicate a contribution to
the reversion towards the equilibrium value. yqi’m, the monthly oil component, which has a high
magnitude and plays a different role for both the institution and the system in the considered
periods, is more interesting. In the whole GCC area, the mean of the coefficients in the system
equation is negative in 2006. The endogenous financial crisis occurred in 2006. The Saudi TASI
started to fall dramatically at the end of February 2006 and quickly lost about 13,000 points. Within
the first three weeks following November 25, 2006, this index fell from 20,634.86 to 15,000,

decreasing by 27 %.°

6 Alkhaldi, B.A. (2016). The Saudi Capital Market: the Crash of 2006 and lessons to be learned. International Journal
of Business, Economics and Law, Vol. 8, 135-146. See also Ramady, M. A. Saudi Stock Market 2006: A Turbulent
Year. Arab News, November 5, 2017.
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Table 3. Mean of the significant estimated parameters for the financial institutions in October 2006 and January 2009.

ii

iii

iv

median

Sys quantile Sys Sys median quantile Sys Sys
7 I 7 N i I I sl el e
October 2006
GCC 0.27 -0.80 043 -1.51 0.28 0.27 0.24 -0.60 -0.80 043 -1.51 0.27 0.24 -0.60
Abu Dhabi  0.32 -0.72 -047 -1.65 032 0.27 0.47 -1.00 -0.72  -047 -1.65 027 0.47 -1.00
Barhain 0.16 024 -059 016 0.23 0.17 -0.36 024 -0.59 0.23 0.17 -0.36
Dubai 0.29 -0.87 0.69 -145 029 033 -0.80 -0.87 0.69 -145 0.33 -0.80
Kuwait 0.21 -045  -1.13 023  0.25 0.23 -0.54 -0.45  -1.13  0.25 0.23 -0.54
Oman 0.24 043 -056 027 0.24 -0.39 043 -0.56 0.24 -0.39
Qatar 0.59 0.62 -157 059 055 0.62 -1.57 0.55
Saudi 0.58 045 -2.17 0.58 0.64 0.10 -1.54 045 -2.17 0.64 0.10 -1.54
January 2009

GCC 0.42 0.29 0.71 0.30 1.35 043 031 0.20 0.75 0.29 0.71 0.30 1.35  0.31 0.20 0.75
Abu Dhabi  0.47 0.29 0.57 143 048 035 0.49 0.74 0.29 0.57 1.43  0.35 0.49 0.74
Barhain 0.28 0.26 1.21 028  0.14 0.11 0.37 0.26 1.21 0.14 0.11 0.37
Dubai 0.61 0.35 0.67 2.09  0.61 0.54 0.57 1.49 0.35 0.67 2.09 0.54 0.57 1.49
Kuwait 0.32  -0.34 0.72  -0.31 146 032 0.24 -0.11 0.78 -0.34 0.72  -0.31 146 024 -0.11 0.78
Oman 0.47 0.67 0.35 1.04 047 031 0.19 1.02 0.67 0.35 1.04  0.31 0.19 1.02
Qatar 0.64 0.29 0.38 149 0.69 0.61 0.32 1.07 0.29 0.38 1.49  0.61 0.32 1.07
Saudi 0.65 0.47 0.72 1.16 0.65 0.64 0.41 0.58 0.47 0.72 1.16  0.64 0.41 0.58

Notes. The ACoVaR estimation includes four variants: i) the No OIL in the state variables; ii) the OIL with an HAR structure in the financial institution; iii) the
OIL with an HAR structure in the system's equation; and iv) the Oil in both equations. The aim is to evaluate the significance of the oil-related coefficients in the
median and left quantiles to measure the impact of oil as a source of systemic risk. We report the system equation (sys)’s quantile regression in the median (no
stress state) and the quantile regression at the 5% level (VaRit'q). Note: The symbol ‘-’ indicates that there are non-significant coefficients in all the estimates as
reported in Table 2.
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In the subprime financial crisis, the role of oil is positive as expected and is consistent with
the findings of other studies (see, among others, Mohanty et al., 2011). The magnitude of the

coefficients for the VaRi, equation (Column 5/13) is 0.75 for the oil-related HAR monthly

component, i.e., the coefficient )/(;"m. This result suggests that the highest impact is observed for
Dubai (1.36), followed by the value for its sister Abu Dhabi (1.04). Dubai is well recognized as a
risk transmitter, because of the cross-share listing on its stock market and aggressive borrowing
policy. Similarly, the estimate of the monthly coefficients of the system equation (Columns 9/16),

sys|i,m

Yq , 1s positive and equal to 0.36 for the GCC countries. This coefficient suggests that the

highest value is for Dubai (0.61), followed by the value for Abu Dhabi (0.56).

As a further comparison in Figures 4 to 6, we report the fraction of the statistically
significant estimated coefficients for the HAR, separately reporting the weekly (black line) and
monthly (blue line) components. Moreover, we separate the coefficients monitoring the impact of
oil on the financial institutions’ median equation from those on the financial institution quantile
equation and from those of the financial system equation. In all cases, the estimates are obtained
by using the rolling window approach, with a bandwidth of 104 observations (two years).”
Interestingly, the fraction of the statistically significant estimated coefficients (over the total
estimated coefficients), when considering the oil component in the financial institutions’ median
equation (Figure 4) remains lower and flat for all the considered period, with a mean in the period

around zero for both the weekly and monthly components.

"In our analyses, we estimate the various CoVaR specifications for all companies and with a rolling approach. At
each point in time, we have a number of estimates, which is varying according to Figure 2 (excluding the first 104
points in the figure). Overall, we have a huge number of estimates; roughly, we estimate each model, on average, more
than 50,000 times. It is thus natural to summarize such a huge amount of information with plots reporting the frequency
of cases in which we do find statistically significant coefficients.
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Figure 4. Fraction of the significant estimated coefficients for the HAR weekly (black line) and

monthly (blue line), considering the oil component in the financial institution median equation.
Notes: Estimates are obtained using the rolling window approach, with a bandwidth of 104 observations (two years).
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Figure 5. Fraction of the significant estimated coefficients for the HAR weekly (black line) and

monthly (blue line), considering the oil component in the financial institution quantile equation.
Notes: Estimates are obtained using the rolling window approach, with a bandwidth of 104 observations (two years).

However, the fraction of statistically significant coefficients for the oil component in the financial
institution quantile equation at the 5% level (Figure 5) shows that the mean in the period is around
21% (weekly) and 28% (monthly). Moreover, the fraction of the components increases during
2008, with a peak of 32% (weekly) and 60% (monthly) of the significant estimated coefficient at
the beginning of 2009. Similarly, the fraction for the oil component in the system equation (Figure
6) shows patterns that have increased during 2008, with peaks of 30% for the weekly component

and of 61% for the monthly component, at the beginning of 2009. The three figures show no
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evidence of high peaks during the 2006 crisis, which once again confirms the endogenous nature

of the crisis.
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Figure 6. Fraction of the significant estimated coefficients for the HAR weekly (black line) and

monthly (blue line), considering the oil component in the system equation.
Notes: Estimates are obtained using the rolling window approach, with a bandwidth of 104 observations (two years).

3.4 Testing the appropriateness of the CoVaR Models

Finally, we test if there is an improvement in the CoVaR calculation with the inclusion of
oil, using the HAR structure by means of the Engle-Manganelli Dynamic Quantile (DQ) test
(2004). As stated by those authors, the probability of exceeding the VaR should not be dependent
on the past information in each period. Consequently, the VaR estimate should be a filtered signal

from potentially correlated and heteroskedastic time series to an independent sequence of indicator

functions denoted by Hit,” SI" and defined as
Hit?”"" = I(r, < CoVar>") —q, (23)

where 71y is the return at time t of a given institution, while g is the probability for the selected

. . . ., Sys|i .
quantile. Under the correct model’s specification, H ltty " has a zero-mean and is uncorrelated
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sys|i

tq - Iherefore, we collect those explanatory variables

with its own lags and with those of CoVaR

as the covariates (X;) and check if Hit,” sIt s orthogonal to X;.

The Dynamic Quantile (DQ) test statistic is

Hit"¥Sl x (x' x)~1x Hit™>!

2
Tad—q) X (rank(X)), (24)

which is distributed as a y2, with degrees of freedom equal to the rank of X.

Table 4. Fraction of cases where the null hypothesis is accepted for the Dynamic Quantile test by Engle
and Manganelli (2004).

OIL HAR Covariates
i ii iii v
Sample N. Inst not present Inst. Syst. Inst.+Syst
2006 107 67.29%  6542%  65.42% 64.49%
2007 151 62.25% 64.24%  58.28% 57.62%
2008 177 31.07%  37.85%  32.77% 37.29%
2009 192 67.71%  72.40%  52.60% 46.88%
2010 224 89.29%  89.29%  84.38% 84.38%
2011 242 65.29%  65.29%  64.05% 61.98%
2012 249 53.82%  51.81%  53.41% 54.62%
2013 261 4598% 47.89%  44.06% 42.91%
2014 266 26.69%  28.95%  31.58% 30.45%
2015 268 54.85% 58.96%  46.64% 44.78%
2016 274 61.31% 63.87%  54.01% 50.00%
2017 279 5341% 58.78%  51.97% 51.97%
2018 284 45.42%  45.07%  39.08% 39.79%
All Sample 284 19.72%  22.89% 18.66% 17.96%

Notes. The test is performed on the four variants for ACoVaR: i) the No OIL in the state variables; ii) the OIL with a
HAR structure in financial institution; iii) the OIL with a HAR structure in system's equation; and iv) the Oil in both
equations.

Table 4 reports the fraction of cases in which we accept the null hypothesis of the DQ test
developed by Engle and Manganelli (2004), including the four variants for ACoVaR. The results

show that, for all the considered sample, the specification of the CoVaR using oil with the HAR
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structure in the individual financial institution provides the highest ratio of acceptance (27.34%)
for the null hypothesis of the correct specification (Column ii). Looking at the sample in each year,
Model ii has the highest ratio in four out of the ten years (i.e., 2007, 2010, 2013, and 2014), while
in 2012, Model i and Model ii provide an equal ratio. In 2008, Model iv provides the highest ratio
which confirms the role of oil as a systemic risk driver. Conversely, in the 2009, Model i provides
the best estimates, which indicates that oil is not (anymore) one of the main drivers. This can be
interpreted as a worsening of the global financial crisis in 2009, which affected many global sectors

and commodities.

3.5 Impact of oil on the CoVaR

To highlight the impact of oil on the CoVaR estimates, we report in Figure 7 the median
spread between the CoVaR without oil as a risk driver (Equation (21)) and the CoVaR with oil
(Equation (7)).® For sake of exposition, we call the latter quantity the CoVaR spread; positive
values on the CoVaR spread implies a higher level of risk measured by the CoVaR with oil. Note
that, in the absence of any effect of oil on the CoVaR, the graphs in Figure 7 would take values
around zero. However, for both the entire GCC area and for each given country, there is a
remarkable change in the risk dynamic measured by the two CoVaR models. This is particularly
evident during the subprime financial crisis, i.e. in the period ranging from the second half of 2008
to the beginning of 2010. The CoVaR spread is close to 4 percentage points in the acute phase.
Dubai (Panel d) shows the highest difference, approximately 7%, while Bahrain (Panel c¢) shows

the smallest difference about 1.8%. Clearly, the observed differences during the Global Financial

8 The results show the same dynamics between the ACoVaR without oil versus the ACoVaR using oil with the HAR
structure in financial institutions.
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crisis imply that the local financial systems respond differently to systemic shocks. Furthermore,
on one side the only structural difference between the two compared CoVaR models is the
inclusion of oil as a systemic risk driver. On the other side, the CoVaR with oil is statistically
better than the CoVaR without oil (see the previous subsection). These elements further confirm
the relevance of the oil for the GCC economies, not only from an economic point of view but also
from a financial point of view. To check the robustness of our interpretation, we test that the spread
is, on average, statistically different from zero in the considered period for the GCC area and for
all countries. The results show that we strongly reject the null of zero CoVaR spread in almost all
cases (Dubai is the only exception), at a 5% significance level.’

By comparing Figures 7 and 8, we note that the CoVaR spreads start deviating from zero
at the onset of the financial crisis, and in the same period, we do observe an increase in the oil
price volatility. However, the oil volatility seems to decrease to a pre-crisis level well before the
convergence to zero of the CoVaR spread. Therefore, it seems that the absorption time of the shock
occurred in 2008 is shorter for oil than for the CoVaR spread. We provide an explanation of this
evidence by taking into account two distinct elements.

The first one is the occurrence of the global financial crises and its real and financial
consequences. The crisis leads to drop in financial prices at a global level and had effects on the
real economy, leading to a contraction of oil demand and a consequent strong decline in oil prices.
Therefore, the shock on oil is a direct consequence of the negative expectations of the world
economic growth (Taylor, 2009). The oil market reacted to the change in future expectations and,
after a period of increased volatility, the oil price risk was declining to pre-crisis values. However,

the decline in oil had a further negative impact on the GCC markets, which are petroleum-based

9 Other cases, such as the ACoVaR using oil with the HAR structure in the system's equation, and the ACoVaR using
oil in both equations, show almost equivalent results. Detailed results on the test statistics are available upon request.
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economies. The GCC markets were first hit by the global financial crisis, thereby affecting their
financial systems and increasing the systemic risk of the GCC financial markets. Later, the real
economic effects of the decrease in oil prices further sustained the increase in the systemic risk
level. Consequently, the 2008 shock was producing effects on the GCC financial markets for a
time span longer than the one observed on the oil returns.

The second element refers to the methodology for risk measurement. We consider two
models for the CoVaR estimation. In the first case, the model is based only on financial markets
data, without any macroeconomic driver. In the second case, the model accounts for the most
relevant macroeconomic driver for the GCC area, the oil. We test that the CoVaR with oil provides
a better measurement, from a statistical viewpoint, than the CoVaR without oil, see Subsection
3.4. Moreover, the previous argument support the introduction of oil as a way to account for the
impact of the oil price drop on the financial risk in the GCC area. Consequently, when focusing at
the CoVaR spread, we are looking at the financial effects of the oil price drop, a crucial element
for these petroleum-based economies. When the effects of the oil on the GCC financial markets
are negligible or vanishing, the CoVaR spread is going to assume values around zero, as the
CoVaR drivers will be only financials. This is what we observe in Figure 7 before 2008 and from
2011, the CoVaR spreads are almost flat. Therefore, the CoVaR spreads include the information
on the duration of the global financial crisis impact on the GCC financial markets.

By combining the two previous elements, we claim that the introduction of oil in the
CoVaR measurement produces risk measures that are more appropriate than CoVaR measures
based only on financial markets data. Moreover, the deviation of these measures lasts in the GCC
markets for a period much longer than the duration of the financial crisis shock observed in the oil

market.
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Figure 7. Difference between the CoVaR with no oil and the CoVaR with oil in the institution and system for the
GCC area.
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Figure 8. OPEC oil basket returns in U$/Bbl.

In order to support our claim of a longer effect of the financial crisis shocks on the GCC
markets than on the oil returns, we consider a simple two-regime Markov-Switching
autoregressive model of the first order (MS-AR(1)). We fit the model to the CoVaR spreads and

the oil returns, using the following specification

CoVaR?"™** = pg + g, CoVaRPy*? + &,
where S = 1,2 is a latent indicator variable associated with the two unknown regimes, and &;
follows a distribution with zero mean and variance afk.lo In the model, the constant ug, , the
. . . . 2
persistence, as described by the autoregressive component, ¢, , and the variance og, , all depend

on the regime variable Sy.
To identify the two regimes’ occurrence, we perform the estimation over the full sample
and identify the regimes according to the volatility level, with the normal (stress) regime being the

regime with lower (higher) volatility. The estimation of a MS model allows monitoring the

10 We adopt a Gaussian distribution for the errors. The results are not significantly affected by replacing the Normal
with more flexible densities such as T-Student distribution.
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occurrence and the expected duration of the normal and stress states, analysing, at the same time,
the differences in terms of volatility and persistence across the regimes.

Table 5 reports the expected duration of each regime defined as 1/(1 — p) where p is the
estimated transition probability for each regime. The results indicate that the Normal state has a
higher expected duration than the Stress state in all the considered cases. Moreover, the expected
duration is higher for all the GCC area with respect to oil. Notably, the durations of the regimes
for Bahrain are the closest to the durations for oil. This is in line with the evidence that the Bahrain
economy is less dependent on oil compared to the other GCC countries. The expected duration

thus confirms our claim.

Tabella 5. Expected duration for the Normal state and Stress state for oil and the CoVaR with no oil and the CoVaR
with oil spread for the GCC countries. The regimes are estimated by using an Markov-Switching AR(1).

Oil Abu Dhabi Bahrain Dubai Kuwait Oman Qatar Saudi GCC
Normal 593 532 490 515 572 469 496 384 481
Stress 78 139 181 156 99 202 175 287 190

We now focus our attention on the Global financial crisis phase, as this allows measuring
the occurrence of the two regimes for the GCC countries and oil from the January 2008 to
December 2010. Table 6 reports the frequency of occurrence of normal and crisis regimes for oil
and for the CoVaR spread. The occurrence of the stress regime is higher for the CoVaR spread in
the GCC area (84 weeks) with respect to the oil (23 weeks). Rows 5 and 6 of the table reports the
volatilities, which identify the two regimes. As expected, findings show that the persistence (AR
coefficient) is higher in the stress regime than in the normal one for all the GCC area and countries
except for Qatar (rows 3-4). Therefore, the results confirm that the crisis regimes for the CoVaR
spread are more persistent than the crisis regime for oil. We read this result as a confirmation that

oil represents a fundamental systemic factor for the GCC markets.
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Table 6. Markov Switching model estimates

Oil  Abu Dhabi Bahrain Dubai Kuwait Oman  Qatar  Saudi  GCC

Normal (weeks) | g7 41 33 39 39 28 28 15 34

Stress (weeks) 30 56 64 58 58 69 69 82 63

AR(Dnormat 0.03 0.35 0.43 0.48 0.54 0.36 0.38 0.70 0.55

AR(D)stress -0.17 -0.04 0.29 0.07 0.41 0.42 0.04 0.12 0.23
Onormal 0.0108  0.0003  0.0001 0.0008 0.0002 0.0002 0.0003 0.0003 0.0001
Ostress 0.0660  0.0182  0.0019 0.0272 0.0043 0.0094 0.0108 0.0101 0.0055

Notes: Frequency in weeks (first row) of the Normal state and Stress states for Oil (first column) and the CoVaR
spreads for the GCC countries (columns 2-9), during the period January 2008 — December 2010. The regimes are
estimated by using an Markov-Switching AR(1). The coefficients and the volatility for each regime are reported in
rows 3-4 and 5-6, respectively.

4. Conclusion

The Gulf Cooperation Council (GCC) countries have economics that are largely dependent
on oil and oil-related activities. This economic structure has expected impacts on the financial
markets and financial companies located in those countries. We analyse these impacts from a
systemic risk perspective and examine the role of oil price returns and oil price volatility in the
measurement of the systemic risk contribution of the GCC-based financial institutions. Our
analyses are based on a large panel of financial institutions that are part of the GCC countries and
should provide relevant information for market regulators and policy makers in the Gulf area.

Even though the impact of oil movements on GCC financial risk is expected, this paper is
the first to measure in a quantitative way the relevance of this impact. We show that oil price
returns influence the GCC financial companies’ stock returns mostly in the extreme by using non-
parametric causality tests by Jeong et al. (2012). Then, we show that the introduction of oil as a

state variable in the estimation of the systemic risk measure proposed by Adrian and Brunnermeier
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(2016) provides two relevant insights. First, the oil returns play a relevant role in driving the stress
of the financial institutions in the GCC area, and consequently their inclusion improves the
measurement of systemic risk. Second, the difference between the CoVaR with and without oil
returns’ impacts is related to the occurrence of the shocks hitting oil prices in correspondence to
the global financial crisis but with a longer length. This indicates that the shock in oil prices has a
longer effect on risk and requires more time to be discounted by the financial institutions.

From a policy perspective, our study indicates that oil price movements must clearly be
considered when focusing on systemic risk measurement, monitoring and management in
petroleum-based economies. Neglecting the oil price in the set of state variables and excluding its
long-lasting impact at least up to one month, will lead to an incorrect measurement of the systemic
risk impact for financial companies and hence on their financial stability. Our findings provide
new evidence about the impact of oil shocks on the GCC financial system and have a clear
implication in terms of risk management on the protection strategies in the portfolios based on this
market. Thus, it will be crucial to consider the role of oil, thereby facilitating the detection of the

financial impact of oil turmoil on the financial companies’ stock returns.
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Appendix A: List of Companies

We report in Table A1 the number of financial companies according to the industry group for

each country and then the list of financial companies considered in the sample.

Banks Diversified Insurance Real Estate Investment  Total

Abu Dhabi 12 2 17 4 0 35
Barhain 9 2 4 3 1 19
Dubai 5 3 10 5 4 27
Kuwait 11 17 7 39 20 94
Oman 8 12 6 2 5 33
Qatar 9 2 5 4 3 23
Saudi 12 0 33 8 5 58
GCC 66 38 82 65 38 289

Table A1l. Number of financial institutions according to the industry group for each country and the GCC area.
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List of the considered financial companies
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