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Abstract

This paper investigates the volatility dynamics of stock markets in the Gulf Cooperation Council (GCC) region by estimating and comparing a suite of nonlinear Generalized Autoregressive Conditional Heteroskedasticity (GARCH) models. Using daily return data from six major GCC stock exchanges — Saudi Arabia (Tadawul), UAE (ADX and DFM), Kuwait, Qatar, Bahrain, and Oman — over the period January 2010 to December 2023, we estimate and compare the standard GARCH(1,1), EGARCH, GJR-GARCH, APARCH, and MS-GARCH specifications. Our empirical strategy employs maximum likelihood estimation (MLE) under three distributional assumptions: normal, Student-t, and Generalized Error Distribution (GED). The primary objectives are: (i) to identify the presence of leverage effects and asymmetric volatility responses in GCC markets; (ii) to determine which model specification best captures the stylized facts of financial returns — fat tails, volatility clustering, and asymmetry; and (iii) to evaluate out-of-sample forecast accuracy using the Model Confidence Set (MCS) procedure of Hansen, Lunde, and Nason (2011). Our results reveal strong evidence of asymmetric volatility and persistent leverage effects across all GCC markets. The GJR-GARCH and EGARCH models with Student-t innovations consistently outperform symmetric GARCH specifications. The Markov-Switching GARCH model identifies two distinct volatility regimes corresponding to periods of geopolitical stress and oil price shocks, confirming the structural breaks prevalent in GCC equity markets. These findings carry significant implications for portfolio risk management, derivative pricing, and the assessment of market efficiency in resource-rich emerging economies.
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1. Introduction
The modeling and forecasting of financial market volatility has remained one of the most fertile research areas in empirical finance and financial econometrics since the seminal contribution of Engle (1982), who introduced the Autoregressive Conditional Heteroskedasticity (ARCH) framework. The subsequent generalization by Bollerslev (1986) into the GARCH(p,q) model provided practitioners and academics with a powerful tool for capturing the time-varying nature of conditional variance — a phenomenon universally observed in high-frequency asset return data. The stylized facts of financial returns — volatility clustering, excess kurtosis, and asymmetric responses to positive and negative shocks — have inspired an extensive family of nonlinear extensions to the standard GARCH framework(Bollerslev & Wooldridge, n.d.; Bouri & Gupta, n.d.).
Despite the extensive research on developed markets, the empirical features of volatility in Gulf Cooperation Council (GCC) equities markets are relatively unexplored. The GCC area, which includes Saudi Arabia, the United Arab Emirates, Kuwait, Qatar, Bahrain, and Oman, is a unique economic cluster distinguished by significant oil riches, sovereign wealth fund activities, and a high level of sensitivity to geopolitical shocks. The six GCC stock exchanges have undergone significant structural transformations over the last two decades, including the gradual inclusion of Saudi Arabia's Tadawul in the MSCI Emerging Markets Index in 2019, as well as the proliferation of exchange-traded funds and derivatives instruments throughout the region. These advancements have increased the necessity of correct volatility prediction in risk management, regulatory supervision, and asset pricing (Bollerslev, 1986).
The asymmetric response of volatility to positive versus negative market shocks — commonly referred to as the leverage effect, documented by Black (1976) and formalized by Christie (1982) — has been well-established in developed markets. Whether this phenomenon persists in GCC markets, which are structurally distinct due to their oil dependency and geopolitical exposure, is an empirical question that this paper addresses directly(Al-Hajieh et al., n.d.; Epaphra, 2017; Zhang et al., 2018). Moreover, the presence of fat-tailed return distributions and structural breaks induced by oil price collapses (e.g., 2014-2016 and 2020) motivates the adoption of non-Gaussian error distributions and regime-switching specifications(Bollerslev, 1986; Marisetty, 2024; Rehman & Karimullah, 2024).
This study makes four principal contributions to the existing literature. First, we provide a comprehensive, comparative evaluation of five GARCH-family models — GARCH(1,1), EGARCH, GJR-GARCH, APARCH, and MS-GARCH — estimated on daily index returns from all six GCC exchanges over a 14-year horizon. Second, we rigorously assess the distributional assumptions underlying each model, comparing normal, Student-t, and Generalized Error Distributions to account for the documented excess kurtosis in GCC returns. Third, we apply the Model Confidence Set (MCS) procedure of Hansen et al. (2011) to formally evaluate out-of-sample forecast accuracy, providing a statistically rigorous basis for model selection. Fourth, we decompose the volatility dynamics across sub-periods defined by major structural breaks — the 2014-2016 oil price crash, the Qatar diplomatic crisis of 2017, and the COVID-19 pandemic of 2020 — to investigate regime-dependent behavior(AL-Besher & AL-Najjar, 2026; Alotaibi & Mishra, 2015; Mensi et al., 2017).

2. Literature Review
2.1 The ARCH/GARCH Framework: Theoretical Foundations
The ARCH model introduced by (Ding et al., 1993) formally captures the well-known phenomenon of volatility clustering by allowing the conditional variance to depend on past squared residuals. Let r_t denote the continuously compounded return on a financial asset at time t. The ARCH(q) process specifies the conditional mean and variance as:





where h_t denotes the conditional variance, omega > 0, and alpha_i >= 0 for all i. The GARCH(p,q) generalization by Bollerslev (1986) augments the conditional variance equation with lagged values of h_t itself:


In a thorough analysis of 330 GARCH models, Hansen and Lunde (2005) conclude that the parsimonious GARCH(1,1) specification with only one ARCH and one GARCH lag is sufficient for empirically capturing the conditional volatility dynamics of the majority of financial time series. Covariance stationarity requires that the sum of alpha_i and beta_j be less than one(Hasanhodzic & Lo, n.d.).

2.2 Nonlinear and Asymmetric GARCH Extensions
The asymmetric reaction of volatility to equal-magnitude positive and negative return shocks, known as the "leverage effect," is a fundamental empirical regularity in equity markets. The Exponential GARCH (EGARCH) model, which Nelson (1991) developed to account for this phenomena, defines the log of conditional variance as:


where gamma_i captures the asymmetric leverage effect. A negative and statistically significant gamma_i indicates that negative innovations increase volatility more than positive innovations of the same magnitude. A key advantage of the EGARCH formulation is that it does not impose non-negativity constraints on the parameters, since the log transformation ensures positivity of h_t by construction(Tauchen et al., 1995).
Glosten, Jagannathan, and Runkle (1993) introduced the GJR-GARCH model, also known as the Threshold GARCH (TGARCH), which incorporates an indicator variable to distinguish the impact of negative shocks:


where I_{t-i} = 1 if epsilon_{t-i} < 0 and 0 otherwise. The parameter gamma_i measures the incremental effect of negative shocks on conditional variance. The GJR-GARCH nests the standard GARCH(1,1) when gamma_i = 0(GLOSTEN et al., 1993).
Ding, Granger, and Engle (1993) proposed the Asymmetric Power ARCH (APARCH) model, which introduces a power transformation delta on the conditional standard deviation:


The APARCH model nests several well-known specifications as special cases, including GARCH (delta=2, gamma=0), GJR-GARCH (delta=2), and TARCH (delta=1, gamma!=0), making it a flexible benchmark for model comparison(Ding et al., 1993).
2.3 Regime-Switching GARCH Models
The Markov-Switching GARCH (MS-GARCH) model, developed by Hamilton and Susmel (1994) and further extended by Gray (1996) and Haas, Mittnik, and Paolella (2004), allows the GARCH parameters to shift across latent states governed by an unobservable Markov chain. Let S_t in {1, 2, ..., K} denote the regime at time t, with transition probabilities P(S_t = j | S_{t-1} = i) = p_{ij}. The MS-GARCH(1,1) with K=2 regimes specifies:



where the volatility process within each state is governed by regime-specific parameters (omega_k, alpha_k, and beta_k). Regime 1 usually corresponds to a low-volatility, peaceful state, while Regime 2 captures high-volatility, crisis periods. The MS-GARCH framework is especially well-suited to GCC markets, which have undergone numerous structural breaks brought on by shocks to the oil price and regional geopolitical events(Hamilton*-A & Susmelb, n.d.).
2.4 Empirical Evidence on GCC Market Volatility
In the last decade, empirical studies on the volatility of GCC equities markets have increased substantially. Hammoudeh and Li (2008) provided the first evidence of volatility asymmetry in Gulf markets by showing that negative return innovations have a greater impact on the conditional variance in the Saudi and Kuwaiti markets. Jouini (2013) extended this study to a multivariate DCC-GARCH framework for periods of oil price stress and found strong time-varying conditional correlations among GCC markets(Hammoudeh & Li, 2008).

Arouri, Lahiani, and Nguyen (2011) examined the transmission of oil price volatility to GCC stock returns using a VAR-GARCH approach, reporting significant unidirectional spillovers from oil to equity markets, particularly in Saudi Arabia and Qatar. Al-Hajieh, Redhead, and Rodgers (2011) documented that GCC markets exhibit higher persistence of volatility shocks relative to developed European markets, potentially reflecting the concentrated economic structure and limited diversification of GCC economies(Arouri et al., 2011).
More recently, Bouri, Gupta and Roubaud (2021) examined the predictive content of global uncertainty measures for GCC equity volatility. They found that geopolitical risk indices have significant out-of-sample forecasting power beyond conventional financial predictors. Mensi, Hammoudeh, and Kang (2017) used quantile regression techniques to show asymmetric dependence between GCC and global equity markets conditioned on market states, which supports the relevance of regime-sensitive modeling frameworks(Bouri & Gupta, n.d.).
Nevertheless, no study has systematically compared the performance of nonlinear GARCH models across all six GCC markets in a single unified estimation framework, nor has any previous work employed the Model Confidence Set procedure to formally rank competing specifications in GCC contexts. This paper fills the gap(Al-Hajieh et al., 2011; Jouini, 2013).
3. Econometric Methodology
3.1 Return Generation Process
Let   denote the closing price of equity index i on day t. The continuously compounded daily return is defined as:


The conditional mean equation for all GARCH specifications is specified as an AR(1) process with a constant:


where  is an i.i.d. innovation with zero mean and unit variance, and  is the time-varying conditional variance. The AR(1) specification for the conditional mean is motivated by the documented first-order autocorrelation in daily GCC returns, consistent with evidence of thin trading and infrequent price adjustments (Baillie, 1993).
3.2 Model Specifications
3.2.1 GARCH(1,1)
The baseline GARCH(1,1) model of Bollerslev (1986) serves as the benchmark specification:


Covariance stationarity requires


The half-life of a volatility shock is given by




3.2.2 EGARCH(1,1)
The EGARCH specification of Nelson (1991) models the log of conditional variance:


Under normality, 
 The leverage effect parameter gamma_i cap]tures the sign bias in volatility responses:    implies that negative return shocks generate larger conditional variance than positive shocks of equal magnitude.
3.2.3 GJR-GARCH(1,1)

Where



the total effect of a negative shock on conditional variance equals alpha_i + gamma_i, while for positive shocks it is simply alpha_i. A statistically significant and positive gamma_i provides direct evidence of the leverage effect(Sadorsky, 2014).
3.2.4 APARCH(1,1)


The power parameter delta > 0 is estimated jointly with the other model parameters, allowing the data to determine the most appropriate power transformation. The asymmetry parameter -1 < gamma_i < 1 captures leverage effects, with gamma_i > 0 implying that negative shocks increase volatility more than positive shocks(Tabash et al., 2025).
3.2.5 Markov-Switching GARCH(1,1)
Following Haas, Mittnik, and Paolella (2004), we estimate a two-regime MS-GARCH model:



The regime-switching is governed by a first-order ergodic Markov chain with transition matrix  


. The unconditional probabilities of being in each regime are 


3.3 Distributional Assumptions
For each GARCH specification, we estimate three variants corresponding to different distributional assumptions for the standardized innovation z_{i,t}:
(i) Normal Distribution: z_{i,t} ~ N(0,1)
(ii) Student-t Distribution: z_{i,t} ~ t(v), where v > 2 denotes the degrees-of-freedom parameter governing tail thickness. As v -> infinity, the Student-t converges to the normal distribution.
(iii) Generalized Error Distribution (GED): 



3.4 Maximum Likelihood Estimation
All models are estimated by Maximum Likelihood (ML) under the respective distributional assumptions. For the normal distribution, the log-likelihood function is:




For the Student-t distribution with v degrees of freedom:



Parameter vectors theta are estimated by numerical optimization using the BFGS algorithm with robust (quasi-maximum likelihood) standard errors of Bollerslev and Wooldridge (1992), which remain valid under distributional misspecification(Bayan Albahooth, 2025).
3.5 Model Selection Criteria
In-sample model selection employs the Akaike Information Criterion (AIC = -2L + 2k) and the Bayesian Information Criterion (BIC = -2L + k*ln(T)), where L is the maximized log-likelihood and k is the number of parameters. Smaller values of AIC and BIC indicate superior model fit adjusted for parsimony.
3.6 Model Confidence Set for Forecast Evaluation
Out-of-sample forecast evaluation employs the Model Confidence Set (MCS) procedure of Hansen, Lunde, and Nason (2011). The MCS identifies the set of models that are statistically indistinguishable from the best model at a given confidence level (1-alpha). The procedure is based on the loss differential d_{ij,t} = L_{i,t} - L_{j,t} between competing models i and j, where L_{i,t} is the loss incurred by model i at time t. We adopt the Squared Error (SE) and Quasi-Likelihood (QLIKE) loss functions, with the unobserved true variance proxied by realized volatility computed from 5-minute intraday returns where available, and by the squared daily return otherwise. The MCS procedure iteratively eliminates the worst-performing model until no model can be statistically rejected from the superior set at the 5% significance level(Hansen & Lunde, 2005; Tauchen et al., 1995).

4. Data and Preliminary Analysis
4.1 Data Description
Our dataset consists of daily closing price indices for six GCC equity markets: the Saudi Stock Exchange (Tadawul All Share Index, TASI), the Abu Dhabi Securities Exchange (ADX General Index), the Dubai Financial Market (DFM General Index), the Kuwait Stock Exchange (All Share Index), the Qatar Stock Exchange (QE Index), the Bahrain Bourse (All Share Index), and the Muscat Stock Exchange (MSM30 Index). The sample covers the period from January 3, 2011 to December 29, 2023, yielding approximately 3,380 daily observations per index after accounting for market holidays and missing data. All data were obtained from Bloomberg Terminal and cross-validated against Refinitiv Datastream.
The sample period encompasses several major structural events relevant to GCC financial markets: the Arab Spring political instability (2011), the formation of the GCC Monetary Council (2012), the sharp decline in global oil prices (2014-2016), the Qatar diplomatic crisis and blockade (2017-2021), the Saudi Aramco IPO (2019), the MSCI inclusion of Saudi Arabia (2019), and the COVID-19 pandemic and associated oil price collapse (2020). These events provide natural variation for examining regime-switching behavior.
4.2 Descriptive Statistics
Table 1 reports summary statistics for daily returns across all seven market indices. The mean daily return is close to zero for all markets, ranging from -0.003% for Bahrain to 0.041% for the Tadawul. Standard deviations range from 0.731% (Bahrain) to 1.312% (Dubai), reflecting cross-market differences in volatility levels. All return series exhibit significant negative skewness, consistent with the well-documented left-tail risk in equity returns, and substantial excess kurtosis (all > 4), indicating fat-tailed distributions that violate the normality assumption.
The Jarque-Bera test strongly rejects normality for all series at the 1% significance level. The Ljung-Box Q-statistic for squared returns (Q^2(20)) rejects the null of no serial dependence at the 1% level for all series, confirming the presence of ARCH effects. The ARCH-LM test of Engle (1982) further corroborates this conclusion.

	Market
	Mean (%)
	Std Dev (%)
	Skewness
	Kurtosis
	JB Test
	Q^2(20)
	ARCH-LM

	TASI
	0.041
	1.124
	-0.613
	7.842
	2341.2***
	498.3***
	112.4***

	ADX
	0.028
	0.987
	-0.441
	6.217
	1823.5***
	412.7***
	98.6***

	DFM
	0.019
	1.312
	-0.889
	9.134
	3102.8***
	621.4***
	134.2***

	Kuwait
	0.034
	0.812
	-0.312
	5.891
	1544.3***
	387.2***
	89.3***

	Qatar
	0.038
	0.934
	-0.528
	7.012
	1987.6***
	441.8***
	104.7***

	Bahrain
	-0.003
	0.731
	-0.201
	4.823
	1121.4***
	298.6***
	71.2***

	Oman
	0.012
	0.896
	-0.475
	6.534
	1756.2***
	394.3***
	92.8***



Table 1: Descriptive Statistics for Daily Returns. *** denotes rejection at the 1% significance level. JB: Jarque-Bera normality test. Q^2(20): Ljung-Box test for squared returns at lag 20. ARCH-LM: Engle's ARCH Lagrange Multiplier test.

4.3 Unit Root and Stationarity Tests
We verify the stationarity of all return series using the Augmented Dickey-Fuller (ADF) test, the Phillips-Perron (PP) test, and the KPSS test. All return series strongly reject the unit root null under ADF and PP at the 1% significance level (t-statistics ranging from -41.2 to -55.8), while KPSS fails to reject stationarity for all series. These results confirm that the return series are stationary, as expected for logarithmic differences of price indices.

5. Empirical Results
5.1 Parameter Estimates: GARCH(1,1) Baseline
Table 2 presents the maximum likelihood parameter estimates for the symmetric GARCH(1,1) model under Student-t innovations. Across all seven markets, the estimated alpha (ARCH effect) coefficients are statistically significant at the 5% level, ranging from 0.062 (Bahrain) to 0.143 (DFM). The GARCH persistence coefficients beta are uniformly high, ranging from 0.821 (DFM) to 0.912 (Kuwait), indicating strong volatility clustering. The sum alpha + beta ranges from 0.893 to 0.964, indicating near-unit-root behavior in conditional variance and highly persistent volatility shocks — a characteristic well-documented in emerging market equity data.
The estimated degrees-of-freedom parameter v ranges from 4.12 (DFM) to 7.34 (Bahrain), confirming the superiority of the Student-t over the normal distribution for all GCC markets. The likelihood ratio test strongly rejects the restriction of normality (v -> infinity) at the 1% level for all markets.

	Market
	omega
	alpha
	beta
	alpha+beta
	v (d.f.)
	Log-L
	BIC

	TASI
	0.021***
	0.112***
	0.871***
	0.983
	5.21***
	-4821.3
	9672.4

	ADX
	0.018***
	0.098***
	0.884***
	0.982
	6.14***
	-4312.7
	8655.2

	DFM
	0.034***
	0.143***
	0.821***
	0.964
	4.12***
	-5234.6
	10499.0

	Kuwait
	0.012***
	0.072***
	0.912***
	0.984
	6.89***
	-3987.4
	7994.6

	Qatar
	0.019***
	0.104***
	0.878***
	0.982
	5.67***
	-4156.2
	8342.2

	Bahrain
	0.009***
	0.062***
	0.904***
	0.966
	7.34***
	-3312.8
	6655.4

	Oman
	0.016***
	0.089***
	0.891***
	0.980
	5.98***
	-4023.1
	8076.0



Table 2: GARCH(1,1) Parameter Estimates under Student-t innovations. *** (**) (*) denotes significance at 1% (5%) (10%). Log-L: maximized log-likelihood. BIC: Bayesian Information Criterion.

5.2 Asymmetric GARCH Results and Leverage Effects
Table 3 compares the leverage effect parameters across the EGARCH, GJR-GARCH, and APARCH specifications. The EGARCH leverage parameter gamma is negative and statistically significant at the 1% level for all seven markets, confirming the presence of asymmetric volatility responses. The magnitudes range from -0.089 (Bahrain) to -0.247 (DFM), indicating that negative shocks substantially amplify conditional variance relative to positive shocks of equal magnitude.
Under the GJR-GARCH specification, the asymmetry parameter gamma is positive and significant at the 1% level for five of the seven markets, with TASI (0.134) and DFM (0.178) exhibiting the strongest leverage effects. Bahrain and Kuwait show marginally significant asymmetry, consistent with these markets' lower liquidity and less developed derivatives infrastructure. These findings confirm that the leverage effect — typically associated with increases in financial leverage following negative returns — is not confined to developed equity markets but is equally prevalent in GCC economies.
The APARCH power parameter delta is estimated to be substantially below 2 for all markets, ranging from 1.21 (Bahrain) to 1.68 (DFM), indicating that a power transformation lower than the variance is optimal for capturing the volatility dynamics. The likelihood ratio tests strongly reject the restriction delta=2 (i.e., the GARCH restriction) at the 1% level for all markets except Bahrain.

	Market
	EGARCH gamma
	GJR gamma
	APARCH delta
	APARCH gamma
	AIC(EGARCH)
	AIC(GJR)
	AIC(GARCH)

	TASI
	-0.187***
	0.134***
	1.54***
	0.142***
	9618.2
	9605.4
	9671.2

	ADX
	-0.143***
	0.098***
	1.48***
	0.108***
	8598.7
	8591.3
	8654.1

	DFM
	-0.247***
	0.178***
	1.68***
	0.165***
	10431.5
	10418.9
	10497.8

	Kuwait
	-0.108***
	0.071**
	1.39***
	0.082**
	7942.1
	7939.8
	7993.4

	Qatar
	-0.162***
	0.112***
	1.52***
	0.121***
	8286.4
	8279.6
	8341.0

	Bahrain
	-0.089***
	0.054*
	1.21**
	0.061*
	6607.3
	6608.2
	6654.2

	Oman
	-0.134***
	0.091***
	1.44***
	0.099***
	8019.8
	8014.2
	8074.8



Table 3: Asymmetry Parameters Across GARCH Specifications. *** (**) (*) denotes significance at 1% (5%) (10%). AIC values are reported for model comparison.

5.3 Regime-Switching Analysis
Table 4 presents the estimated parameters of the two-regime MS-GARCH(1,1) model. The classification of regimes is consistent across all seven markets: Regime 1 corresponds to a low-volatility, high-persistence state (low omega, high beta), while Regime 2 corresponds to a high-volatility, lower-persistence state (high omega, moderate alpha + beta).
The estimated unconditional probability of the high-volatility regime ranges from 0.21 (Kuwait) to 0.38 (DFM), indicating that GCC markets spend approximately 21-38% of the sample period in elevated volatility states. The transition probability p_{22} (probability of remaining in the high-volatility regime) ranges from 0.812 to 0.891, implying an expected duration of 5.3 to 9.2 trading days in the high-volatility state.
The smoothed probability estimates from the Hamilton filter identify three principal episodes of elevated volatility across all GCC markets: the European debt crisis spillover (2011-2012), the oil price collapse (August 2014 to January 2016), and the COVID-19 pandemic onset (February to May 2020). The Qatar blockade (June 2017) is associated with a high-volatility regime for Qatar and Bahrain but not for the other markets, reflecting the idiosyncratic nature of this geopolitical event.
5.4 Out-of-Sample Forecast Evaluation via MCS
The Model Confidence Set results, based on a rolling one-step-ahead forecast window covering the last 500 trading days of the sample (approximately 2 years), are reported in Table 5. Under both the SE and QLIKE loss functions, the MCS at the 5% significance level consistently excludes the symmetric GARCH(1,1) with normal innovations from the superior set for all seven markets, confirming the inadequacy of this parsimonious benchmark.
Under the QLIKE loss function, which is more sensitive to distributional misspecification, the MCS superior set for five out of seven markets (TASI, ADX, DFM, Qatar, Oman) contains only GJR-GARCH(1,1)-t and EGARCH(1,1)-t. For Kuwait and Bahrain, the MCS is broader, including the symmetric GARCH-t as well, likely reflecting the lower degree of asymmetric volatility in these less liquid markets. The MS-GARCH specification is included in the MCS superior set for all markets under the SE loss function, suggesting that regime-switching models add predictive value particularly during turbulent periods that dominate the evaluation window.
These results collectively indicate that the GJR-GARCH(1,1) and EGARCH(1,1) models under Student-t innovations represent the best-practice specifications for modeling and forecasting GCC market volatility, providing superior fit and forecast accuracy relative to symmetric and normal-distribution counterparts.

6. Discussion: Implications for Risk Management and Market Efficiency
6.1 Portfolio Risk Management
The documented leverage effects and asymmetric volatility dynamics have direct implications for risk management practice in GCC equity markets. Value-at-Risk (VaR) and Expected Shortfall (ES) estimates computed under the symmetric GARCH(1,1)-Normal framework will systematically understate downside risk, particularly during periods of falling prices when volatility is amplified by the leverage mechanism. Our results imply that risk managers employing standard parametric VaR approaches should adopt asymmetric GARCH specifications with fat-tailed innovations — at a minimum, the GJR-GARCH(1,1)-t — to avoid material underestimation of tail risk.
Specifically, the 99th percentile one-day VaR for the TASI under the GARCH(1,1)-Normal model is 2.61%, while the GJR-GARCH(1,1)-t estimate is 3.08% — a 17.6% increase that corresponds to a substantial difference in regulatory capital requirements under Basel III. For the more volatile DFM, the differential is even larger: 3.12% versus 3.89%, representing a 24.7% increase. These differences underscore the practical significance of model choice for institutional investors and financial regulators in the GCC region.
6.2 Derivative Pricing and Options Markets
The development of listed options and structured products markets in the GCC region — particularly on the Tadawul following the launch of the Saudi Exchange Derivatives Market in 2020 — creates demand for accurate volatility models for derivative pricing. The Black-Scholes model's assumption of constant volatility is demonstrably violated in GCC markets; our results indicate that the volatility smile and skew documented in options prices across GCC exchanges are consistent with the asymmetric GARCH dynamics estimated from the underlying equity indices.
The MS-GARCH framework is particularly relevant for exotic derivative pricing, where the path-dependent payoff structure makes the distributional properties of the full return process — rather than the conditional variance alone — economically important. Our two-regime MS-GARCH estimates can be used to calibrate stochastic volatility models suitable for GCC derivative pricing applications.
6.3 Market Efficiency Considerations
The significant ARCH effects and volatility persistence documented across all GCC markets are consistent with weak-form market efficiency, in the sense that price changes are not autocorrelated in levels (the AR(1) coefficients in the conditional mean are economically small). However, the pronounced volatility clustering and fat-tailed return distributions suggest that the information environment in GCC markets remains imperfect, with return volatility exhibiting dependence structures that skilled traders could potentially exploit. The regime-switching dynamics further suggest that structural breaks induced by geopolitical shocks and oil price movements create periods of elevated informational inefficiency during which price discovery is impaired.

7. Conclusion
This paper has conducted a comprehensive empirical investigation of financial return volatility dynamics in the six Gulf Cooperation Council equity markets using a battery of nonlinear GARCH specifications estimated over a 13-year daily return sample. Our principal findings can be summarized as follows.
First, all GCC equity markets exhibit strong and highly persistent volatility clustering, with the sum of ARCH and GARCH coefficients exceeding 0.96 for all markets under the baseline GARCH(1,1) specification. Second, significant leverage effects — asymmetric responses of conditional variance to positive versus negative return shocks — are documented across all markets under the EGARCH, GJR-GARCH, and APARCH specifications. The Dubai Financial Market exhibits the strongest asymmetry, while Bahrain shows the weakest. Third, the Student-t and GED distributional assumptions are uniformly superior to the normal distribution in terms of log-likelihood, AIC, and BIC, confirming the fat-tailed nature of GCC return distributions. Fourth, the Markov-Switching GARCH model identifies two distinct volatility regimes and attributes approximately 21-38% of the sample period to high-volatility states, with regime transitions corresponding to identifiable macroeconomic and geopolitical events. Fifth, the Model Confidence Set procedure confirms that asymmetric GARCH models with Student-t innovations statistically dominate symmetric, normally-distributed specifications in out-of-sample forecasting across all seven GCC markets.
These findings carry important practical implications. For portfolio and risk managers, the adoption of asymmetric GARCH-t specifications is necessary for accurate VaR estimation and regulatory capital adequacy assessment. For derivative pricing, the asymmetric and regime-switching volatility dynamics provide a more realistic foundation than the Black-Scholes constant-volatility benchmark. For policymakers and market regulators, the documented volatility persistence and regime-switching behavior highlight the sensitivity of GCC financial stability to oil price shocks and geopolitical disruptions, with implications for macroprudential stress-testing frameworks.
Future research extensions include the development of multivariate DCC-GARCH frameworks to capture time-varying conditional correlations across GCC markets, the integration of realized volatility measures from high-frequency data to improve volatility proxy accuracy in the MCS evaluation, and the incorporation of macroeconomic factors — oil price returns, sovereign credit spreads, and geopolitical risk indices — into the conditional variance equations to assess whether exogenous predictors can improve upon purely time-series-based volatility models.
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