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This study investigates the impact of geopolitical conflict, specifical-
ly the Iran–Israel tension, on the volatility and extreme risk of stock 
markets in six indirectly involved countries: China, Russia, Turkey, the 
United States, the United Kingdom, and Germany. Using daily log re-
turns from June 2023 to July 2025, the analysis begins with modelling 
the conditional mean using ARMA, followed by volatility modelling 
via the MS-GARCH(1,1) framework to capture regime changes be-
tween calm and turbulent market conditions. The presence of heavy 
tails and volatility clustering justifies the application of the Extreme 
Value Theory (EVT) using the Peaks Over Threshold (POT) method 
to estimate tail-related risks. The results reveal that stock markets in 
Iran-aligned countries (China, Russia, Turkey) generally remained 
in the calm regime, while Israel-aligned countries (USA, UK, Ger-
many) exhibited more frequent transitions to high-volatility regimes. 
EVT parameters confirm the existence of substantial tail risks, espe-
cially in high quantiles. Value-at-Risk (VaR) estimation using the MS-
GARCH–EVT(POT) model shows strong performance in capturing 
extreme losses. Backtesting using Kupiec’s tests validates the model’s 
accuracy in both frequency and timing of violations, with only minor 
exceptions. Overall, the combined MS-GARCH–EVT(POT) model 
proves to be an effective and statistically robust approach for quan-
tifying extreme market risks during geopolitical uncertainty. These 
findings offer valuable insights for risk managers and policymakers in 
navigating financial markets under external shock scenarios.
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1. INTRODUCTION 
Geopolitical tensions in the Middle East, particularly the conflict between Iran and Israel and 
their respective allies, have become a critical factor influencing global economic and finan-
cial stability. This conflict not only threatens regional security but also impacts international 
financial markets, as it involves major world powers such as the United States, China, Russia, 
Turkey, the United Kingdom, and Germany (Pandey, 2024; Zhang et al., 2023). As the conflict 
escalates, it raises the risk of widespread uncertainty and volatility in global capital markets 
(Dugbartey, 2025; Factset.Insight, 2025; Fava et al., 2024; Niu et al., 2023; Segnon et al., 2024; 
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Borisov Stoyanov, 2025). In response to rising geopolitical risks, investors often adjust their strat-
egies by engaging in hedging, reallocating their portfolios, and shifting their investments from 
high-risk assets like equities to safer options such as government bonds, foreign currencies, or 
gold (Segnon et al., 2024; Zhang et al., 2023; Paidi, Sirojuzilam, Lubis, & Purwoko, 2025). 
These shifts can lead to sudden and unpredictable changes in asset prices due to large-scale 
capital movements (Sohag et al., 2022).
Furthermore, this shift in investment patterns may trigger more extreme stock price fluctuations 
than usual across various countries, including those not directly involved in the conflict, thereby 
increasing overall market volatility (Baker et al., 2019; Li et al., 2022). In other words, stock 
closing price movements are no longer stationary or linear, but instead exhibit regime-switch-
ing behaviour, characterized by random yet systematic transitions between calm periods (low 
volatility) and crisis periods (high volatility) (Valenti et al., 2018).
The phenomenon of stock price movements that are dynamic, extreme, highly volatile, and 
time-varying indicates that financial markets cannot be accurately modelled using linear ap-
proaches. Therefore, a more adaptive and precise risk measurement method is required (Bui 
Quang et al., 2018; Darmanto, Darti, Astutik, Nurjannah, et al., 2025). In finance, Value at Risk 
(VaR) is one of the most widely used methods to measure potential extreme losses in financial 
markets by estimating the maximum possible loss of a portfolio at a certain confidence level 
and time horizon (Bali & Cakici, 2004; Duffie & Pan, 1997; Linsmeier & Pearson, 2000). When 
conflict escalates, investor risk expectations also increase, which is reflected in surging stock 
price volatility. Under such extreme conditions, researchers and practitioners have found that 
financial market data tend to follow non-normal distributions, characterized by asymmetry, 
leptokurtosis, and fat tails (H. Chen et al., 2019; Gui & Zhu, 2020). This suggests the potential 
for very large losses within a short period of time (Qammar, 2019).
Similar conditions can also arise during extreme events such as natural disasters, global pan-
demics, or major macroeconomic policy changes (Gechev, 2025). As a result, methods for 
estimating and forecasting VaR continue to evolve using statistical and mathematical approach-
es. One such advancement is the Markov-Switching GARCH (MS-GARCH) model, which is 
designed to estimate VaR by capturing financial market dynamics across two or more market 
regimes (Alemohammad et al., 2020; Ardia, 2008; Ardia et al., 2017; Darmanto, Darti, Astutik, 
& Nurjannah, 2025; Faruq et al., 2025; Haas et al., 2004; Sajjad et al., 2008). This model allows 
for the probabilistic identification of regime shifts and is capable of detecting volatility spikes 
that occur suddenly due to external shocks such as wars or natural disasters (Maciel, 2020).
However, although the MS-GARCH model can capture short-term volatility dynamics and re-
gime transitions, it is less accurate in estimating the probability of extreme events that rare-
ly occur but have significant economic impacts. Therefore, an additional approach is needed, 
such as Extreme Value Theory (EVT), which is designed to analyse the extreme tail of a data 
distribution, events that cannot be explained by standard distribution models. EVT, particular-
ly through the Peaks Over Threshold (POT) method and the Generalized Pareto Distribution 
(GPD), enables the analysis of the frequency and severity of extreme events such as stock mar-
ket crashes, which are highly relevant during armed conflicts like the Iran–Israel situation (Bal-
maceda et al., 2022; X. Chen et al., 2023; Echaust & Just, 2020). By combining MS-GARCH 
with EVT, referred to as the MS-GARCH-EVT(POT) approach, VaR analysis can be conducted 
more accurately and become more relevant to highly volatile and uncertain market conditions.
The MS-GARCH-EVT(POT) approach is particularly important when markets face major 
events originating outside the economic system, such as geopolitical tensions or natural disas-
ters. The Iran–Israel conflict, supported by various strategic allies such as the United States, 
China, Russia, Turkey, the United Kingdom, and Germany, creates a highly complex network 
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of risk exposure (Pandey, 2024; Umar, Bossman, et al., 2022; Zhang et al., 2023). Countries that 
maintain trade, political, or military relationships with Iran and Israel are likely to be affected, 
directly or indirectly, by the escalation of this conflict (Bossman & Gubareva, 2023; Umar, 
Polat, et al., 2022). Given that global financial markets are now highly integrated, any systemic 
shock can generate spillover effects across multiple countries, especially developing nations 
whose financial systems are more vulnerable to shifts in international capital flows (Hossain et 
al., 2024). Therefore, investors in countries such as Indonesia, Malaysia, and India cannot over-
look the risks arising from geopolitical conflicts in the Middle East. As market volatility rises, 
portfolio risk also increases, making investment decisions more complex. For this reason, it is 
essential for market participants and regulators to understand how geopolitical conflicts such as 
the Iran–Israel crisis can significantly affect financial markets and stock investment risks. Thus, 
calculating VaR using the MS-GARCH-EVT(POT) approach is not only academically relevant, 
but also practically valuable for market participants and policymakers, particularly in countries 
directly or indirectly exposed to the Iran–Israel conflict and its allied powers.
Building on this context, it becomes clear that a more comprehensive risk measurement frame-
work is needed, one that not only models volatility clustering and regime switching but also 
accurately captures the behaviour of extreme losses during turbulent periods. While previous 
studies have largely examined volatility modelling (using GARCH or MS-GARCH) and tail risk 
modelling (using EVT) separately, few have integrated these approaches to address the unique 
challenges posed by systemic shocks such as the Iran–Israel conflict. This study seeks to fill that 
gap by assessing whether the MS-GARCH-EVT(POT) framework provides more accurate and 
theoretically consistent VaR estimates compared to conventional models, particularly during 
periods of heightened geopolitical uncertainty. More specifically, it aims to determine (i) wheth-
er combining EVT with MS-GARCH mitigates under- and over-coverage of VaR, (ii) wheth-
er emerging and transition markets demonstrate longer high-volatility regime persistence and 
heavier tails relative to developed markets, and (iii) whether the integrated model delivers more 
reliable risk signals for portfolio managers and regulators navigating global contagion effects.

2. DATA AND METHODS
The data used in this study consist of the natural logarithm (ln) closing prices of stock indices 
from several major countries that are allies of either Iran or Israel. Russia, China, and Turkey 
are considered allies of Iran (i.e. Bloc A), while the United States of America (USA), United 
Kingdom (UK), and Germany are considered allies of Israel (i.e. Bloc B). The transformation 
into natural logarithm (ln) is applied to stabilize the variance, make returns additive over time 
for easier aggregate analysis and interpretation of relative price changes, and to reduce distor-
tions from dividend payments, as stock prices typically drop by the dividend amount on the 
ex-dividend date (Brooks, 2019; Campbell et al., 2012; Tsay, 2010). The data were collected 
from Investing.com for the period from June 1, 2023, to July 11, 2025, and were extracted using 
the R Studio. Detailed information on the data is presented in Table 1.

Table 1. Detail Information of Stock Data for Several Countries
Group Country Index Num. of Obs.

Iran-Aligned Bloc 
(Bloc A)

China Shanghai Composite 512
Russia MOEX Russia Index 539
Turkey BIST 100 528

Iran-Aligned Bloc 
(Bloc B)

Germany DAX 538
UK FTSE 100 536

USA Nasdaq Composite 529

Source: Author’s calculation



Darmanto D. et al. / Economics - Innovative and Economics Research Journal, doi: 10.2478/eoik-2026-0015

300

Let Pt and Pt-1 denote the closing prices of a stock index at time t and t-1, respectively, then the 
return (rt) is calculated and transformed into natural logarithmic form as follows,

					      				  
(1)

In analysing return behaviour, the first step is to construct a mean model to capture time depen-
dence. The mean model used in this study is the Autoregressive Moving Average (ARMA)(p,q) 
model, as it effectively captures short-term dynamics in return data.  The model is expressed as 
follows (Grillenzoni, 1993; Khan & Alghulaiakh, 2020; Y. Wang & Guo, 2020),

		   		
(2)

In this context, B is the backshift (or lag) operator, define such that . The term εt rep-
resents a white noise process, meaning that the value of εt are uncorrelated overtime, have a mean 
of zero and a constant variance σ2 (i.e., εt ~ WΝ(0,σ2)). The ARMA (p, q)model is considered sta-
tionary when the condition φ(B)rt = 0 is satisfied.

2. 1. THE GARCH AND MARKOV-SWITCHING GARCH (MS-GARCH) MODEL

Volatility in financial time series data is not analysed directly from the return values, but rather 
through the residuals generated by a mean model such as ARMA (p, q). This is because vola-
tility reflects the uncertainty or variation in the error term relative to its expected value, not the 
direct observation itself (Bollerslev, 1986; Engle, 1982). In other words, volatility indicates the 
degree to which actual values deviate from model-based expectations. Therefore, the common 
approach to modelling volatility focuses on the conditional variance of the residuals, which can 
change over time (i.e., is heteroskedastic). To address this, (Engle, 1982) introduced the ARCH 
model, which was later extended by (Bollerslev, 1986) into the more flexible and efficient 
GARCH (Generalized ARCH) model for capturing the dynamic nature of market volatility. 
In general, the GARCH(P,Q) model states that the current residual variance is influenced by 
squared past errors (the ARCH component) and past variances (the GARCH component).
Let εt represent the error term at time t and ψt-1 be the information set up to time t - 1 . The gen-
eral form of the GARCH (P,Q) model is,

				    					     (3)

			   				  
(4)

Here,  is the conditional variance of the error term, ω is a constant, αi (for i = 1, 2, ..., Q) are 
the ARCH parameters representing the influence of past squared errors, and βj (for j = 1, 2, ..., 
P) are the GARCH parameters representing the effect of past variances.
The GARCH(1,1) model is the most widely used specification in empirical studies for mod-
elling financial volatility. Analytically, it provides a balance between structural simplicity and 
estimation efficiency, incorporating only one lag of past squared residuals and one lag of past 
conditional variance, yet it is sufficiently flexible to capture key features such as volatility 
clustering and high persistence commonly observed in financial time series (Bollerslev, 1986; 
Engle & Bollerslev, 1986; Medeiros & Veiga, 2009). The form of the GARCH(1,1) is derived 
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from Eq.(4) as follows

					     σ2
t = ω + α1ε

2
t-1 + β1σ

2
t-1			   (5)

The parameters are constrained such that ω > 0, α1 ≥ 0, and β1 ≥ 0. Empirically, numerous 
studies have found that GARCH(1,1) yields stable and consistent results across a wide range of 
markets and data frequencies, including equities, bonds, and currencies. Even when compared 
with higher-order GARCH models, the GARCH(1,1) specification often delivers comparable 
or superior forecasting performance by avoiding the risk of overfitting (Bollerslev, 1986; Gok-
can, 2000; Molnár, 2016; Y. Wang et al., 2021; Thangaraju & Palani, 2025). In line with this 
practice, the present study also employs the GARCH(1,1) model to analyse volatility dynamics 
in the stock indices of countries allied with Iran and Israel.
While standard GARCH is effective in capturing volatility clustering and leverage effects, 
it assumes that financial markets operate under a single, stable regime over time. However, 
empirical evidence shows that financial markets often experience regime shifts, triggered by 
events such as economic crises, political instability, monetary policy changes, or geopolitical 
shocks. These structural changes cause abrupt transitions between low and high volatility peri-
ods, which cannot be adequately modelled by conventional GARCH approaches.
To address this limitation, the MS-GARCH model was introduced (Haas et al., 2004; Hamilton 
& Susmel, 1994). This framework integrates GARCH dynamics with a hidden Markov process, 
allowing the model parameters to change according to an unobservable regime variable St​. This 
latent variable represents the market state at time t and typically takes discrete values St  {1, 
2, ... , K}, where K is the total number of regimes. Each regime may reflect a distinct volatility 
condition, such as tranquil versus turbulent market states.
The MS-GARCH (P,Q) model specifies that the conditional variance at time t, denoted ​ , 
depends not only on past squared shocks up to lag Q and past variances up to lag P, but also on 
the current regime ​St. The general form of the model is given by

			   		   	
(6)

Here, each parameter ω, αi, βj ​ is regime-specific, meaning they take different values depending 
on the prevailing market state St​, which is typically modelled as a first-order Markov process. 
Given that this study adopts a GARCH(1,1) framework for modelling conditional volatility, the 
MS-GARCH(1,1) specification is applied. The model is thus simplified as follows:

			         			   (7)

This form allows volatility dynamics to shift across two regimes, typically interpreted as 
low-volatility and high-volatility states, capturing asymmetric market behaviours during differ-
ent periods of financial stress and stability.
For instance, in a high-volatility regime, the parameters may reflect a stronger response to past 
shocks than in a low-volatility regime. Transitions between regimes follow a first-order Markov 
chain, governed by a transition probability matrix:

				     				  
(8)

where pij = Pr (St = j|St-1 = i) denotes the probability of moving from regime i at time t - 1 to 
regime j at time t. The sum of each row must equal 1, ensuring that all possible transitions are 
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accounted for. This regime-switching mechanism allows the MS-GARCH model to better cap-
ture nonlinear shifts in volatility dynamics, offering a more flexible representation of financial 
markets that are sensitive to extreme events and structural changes. 

Parameter estimation in MS-GARCH models is commonly conducted using the Quasi-Maxi-
mum Likelihood (QML) method (Ardia et al., 2019; Augustyniak, 2014; Xie, 2005). Although 
this model typically assume conditional normality, QML remains consistent and asymptotically 
normal even when the true distribution deviates from normality (Francq & Zakoïan, 2010; Lee 
& Hansen, 1994; Lumsdaine, 1996; Okafor & Onyeka-Ubaka, 2023). Estimation is carried out 
by maximizing the log-likelihood function constructed through the Hamilton filter, enabling 
efficient inference of volatility parameters and regime-switching dynamics (Ardia et al., 2019; 
Hamilton & Susmel, 1994).

2. 2. THE EXTREME VALUE THEORY (EVT)

Extreme Value Theory (EVT) is a statistical approach that focuses on modelling the behaviour 
of extreme observations, such as very large losses or gains in financial markets. The foundation 
of EVT was established by (Fisher & Tippett, 1928), and later formalized by (Gnedenko, 1943), 
who demonstrated that the distribution of extreme values from independent and identically 
distributed (i.i.d.) variables converges to one of three forms: Gumbel, Fréchet, or Weibull. In 
finance, EVT is widely used to estimate the probability and impact of rare and extreme market 
events that cannot be adequately captured by the normal distribution. Traditional risk models 
often underestimate the likelihood of large losses, particularly during periods of financial stress. 
(Longin, 2000) and (Embrechts et al., 1997) highlighted the importance of EVT in modelling 
financial tail risk, offering a more reliable framework for extreme market behavior.
There are two major approaches in EVT: the Bloc Maxima (BM) method and the Peak Over 
Threshold (POT) method. The Bloc Maxima method uses the maximum value from fixed time 
intervals (e.g., monthly or yearly maxima), modelled using the GEV distribution. In contrast, 
the POT method uses all data points that exceed a high threshold, modelled with the General-
ized Pareto Distribution (GPD). The POT approach is considered more efficient because it uti-
lizes more extreme observations (Bücher & Zhou, 2021; Q. J. Wang, 1991; Zheng et al., 2014).
Let X is a random variable with observations x1, x2, ..., xt. In the Peak Over Threshold (POT) 
method, a fixed threshold  is selected over the observed period. The exceedances over this 
threshold are defined as the excess values Y = X - u, where X > u. The cumulative distribution 
function (CDF) of these excess values, denoted by FY(y), is referred to as the conditional excess 
distribution function. As the threshold u , the conditional distribution of Y converges to 
the Generalized Pareto Distribution (GPD), which is given by (Balkema & Haan, 1974; Gilli & 
Këllezi, 2006; Pickands III, 1975; Singh et al., 2013):

		   		

(8)

where ξ is the shape parameter, β is the scale parameter, and y > 0. Parameter estimation for the 
GPD is typically carried out using the Maximum Likelihood Estimation (MLE) method, which is 
known for its efficiency and consistency in large samples. MLE estimates the shape (ξ) and scale 
(β) parameters by maximizing the likelihood function based on the excesses over a predefined 
threshold. Under standard regularity conditions, the MLE estimators are asymptotically unbiased, 
consistent, and asymptotically normal (Castillo & Serra, 2015; Davison & Smith, 1990).
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2. 3. THE VALUE AT RISK AND BACKTESTING

Value at Risk (VaR) is a widely used risk measure in financial risk management that quantifies 
the maximum expected loss of a portfolio over a specified time horizon at a given confidence 
level. VaR answers the question: “What is the worst expected loss over a given period under 
normal market conditions at a certain confidence level?” Mathematically, for a confidence level 
α, the VaR at time t over horizon h is defined as the quantile of the return distribution:

		  	   
(9)

where ​Rt denotes the portfolio return. VaR does not indicate how much the loss could exceed 
this threshold, but it provides a benchmark for capital allocation and regulatory compliance 
(Acharya et al., 2017; Bernard et al., 2017; Choudhry, 2013; Jorion, 2007).
Backtesting VaR is essential to evaluate the accuracy of the VaR model by comparing the pre-
dicted number of violations (actual losses exceeding VaR) with the observed ones. Two popular 
approaches are the Kupiec Proportion of Failures (POF) test and the Time Until First Failure 
(TUFF) test (Kupiec, 1995). The Kupiec test checks whether the observed violation rate match-
es the expected rate under the null hypothesis of correct coverage. If N denotes the total number 
of observations and x is the number of VaR violations, then using the Likelihood Ratio (LR) 
statistic, the POF test can be expressed as

	 		

(10)

Meanwhile, the TUFF test defines V as the number of observations until the first VaR violation 
occurs, and its LR statistic is given as follows,

	 	

(11)

3. 3.EMPIRICAL RESULTS AND DISCUSSION

3. 1. DESCRIPTIVE ANALYSIS OF CLOSING PRICES AND LOG RETURNS OF 
STOCK INDICES

The Figure 1 shows the closing prices of stock indices from six countries, divided into two 
geopolitical blocs: Iran’s allies (China, Russia, Turkey) and Israel’s allies (the United States, 
the United Kingdom, Germany), covering the period before and during the Iran–Israel conflict.
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Before the war, stock indices of the Israel-aligned bloc, especially the U.S. and the U.K. showed 
relatively stable trends with moderate fluctuations. However, volatility increased significantly 
once the conflict began. In contrast, the indices of the Iran-aligned bloc, particularly Russia and 
Turkey, exhibited more frequent and sharper price swings. These patterns suggest the presence 
of volatility clustering, where periods of high volatility are followed by more high volatility, 
and calm periods are followed by more stability. This is a common market response under 
geopolitical uncertainty. The difference in price behaviour between the two blocs indicates that 
Iran’s allies were more exposed to market shocks, while the Israel-aligned bloc appeared more 
resilient early on but were still affected as tensions rose. Overall, the conflict had a clear impact 
on global equity markets, marked by increased volatility and the emergence of clustered price 
movements, especially in countries directly or indirectly involved.
Figure 2 illustrates the log returns of stock indices from two geopolitical blocs, during the 
period before and during the Iran–Israel conflict. Using log returns in market analysis offers 
advantages over raw price analysis, as it produces a symmetric and continuous scale of change, 
allows for the observation of relative percentage changes over time, and facilitates the detection 
of shocks and volatility that may be obscured in standard price charts. Compared to Figure 1, 
which displays closing prices, Figure 2 provides a more sensitive view of short-term market dy-
namics. In Figure 1, price fluctuations appear smoother and are dominated by long-term trends, 
making daily variability harder to identify visually. In contrast, the log return plot in Figure 2 
shows clear spikes, both positive and negative, that are especially noticeable before and during 
the conflict. These patterns indicate the presence of volatility shocks, or sharp market reactions 
to escalating geopolitical tensions.
Visually, countries in the Iran-aligned bloc, particularly Russia and Turkey, exhibit more fre-
quent and irregular log return fluctuations, suggesting higher risk exposure and greater market 
vulnerability to external shocks. Meanwhile, countries in the Israel-aligned bloc, such as the 
United States and Germany, tend to show more stable log return patterns, although volatility 
also increased during the conflict. China and the United Kingdom display relatively moderate 
return movements. The most striking difference between Figures 1 and 2 lies in the presence 
of volatility clustering. In Figure 1, such patterns are difficult to detect due to the slow accu-
mulation of prices and the dominance of long-term trends. However, in Figure 2, clustering 
becomes clearly visible, especially in Russia and Turkey, where extreme log returns occur in 
close succession, reflecting persistent market instability. In contrast, Israel-aligned countries 
also experience volatility clustering, but with shorter durations and a quicker return to stability, 
suggesting stronger market adjustment capacities.
Overall, Figure 2 not only reveals hidden risk dynamics and fluctuations not captured in Fig-
ure 1 but also highlights the differing market responses between the two geopolitical blocs. 
This log-return-based visualization provides an important foundation for applying economet-
ric models, specifically MS-GARCH combined with EVT to more accurately capture extreme 
risks and the dynamics of market volatility.
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Figure 1. The Movement of Closing Prices of Stock Indices in Two Geopolitical Blocs

Source: Author’s Graphs

Figure 2. The Movement of Stock Index Log Returns of Two Geopolitical Blocs During the Iran–Israel Conflict

Source: Author’s Graphs



Darmanto D. et al. / Economics - Innovative and Economics Research Journal, doi: 10.2478/eoik-2026-0015

306

3. 2. THE ARMA (p,q) MEAN MODEL AND RESIDUAL DIAGNOSTICS

The ARMA(p,q) model was used to estimate the mean component of the log return for each 
stock index before modelling volatility. The results (see Table 2) show that the mean structure 
differs across countries: China and Turkey follow an ARMA(2,2); the United Kingdom fits an 
ARMA(3,1) model; Germany fits an ARMA(2,0); the United States (USA) shows ARMA(0,0); 
while Russia follows ARMA(0,1). The ARMA(0,0) model in the USA indicates that its return 
series behaves like white noise, with no linear dependence over time, unlike indices such as 
Russia and Turkey, which display significant autocorrelation in either the AR or MA terms.

Table 2. ARMA Model and Residual Diagnostics for Stock Index Log Returns

Group Iran-Aligned Bloc Israel-Aligned Bloc
Country China Russia Turkey Germany UK USA

Index
Shanghai 

Composite
MOEX Russia 

Index
BIST 100 DAX FTSE 100 Nasdaq 

Composite
ARMA(p,q) ARMA(2,2) ARMA(0,1) ARMA(2,2) ARMA(2,0) ARMA(3,1) ARMA(0,0)

Skewness -0,392 0,674 -0,552 -0,391 -0,985 0,488
Kurtosis 17,507 8,329 6,052 6,535 11,113 14,562

Error Nor-
mality Test

Lilliefors 0.10
(0)

0.08
(0)

0.04
(0.05)

0.06
(0)

0.06
(0)

0.09
(0)

AD 10.83
(0)

6.84
(0)

1.41
(0)

2.75
(0)

4.8
(0)

6.6
(0)

Ljung-Box 
Non-Auto-
correlation 

Test

Lag 1 0.057
(0.811)

0.001
(0.969)

0.297
(0.586)

0.012
(0.914)

0.021
(0.883)

1.916
(0.166)

Lag 2 0.682
(0.711)

0.08
(0.961)

1.304
(0.521)

0.012
(0.994)

0.059
(0.971)

4.694
(0.096)

Lag 3 0.688
(0.876)

0.962
(0.81)

1.7
(0.637)

1.761
(0.623)

0.111
(0.99)

10.136
(0.017)

Lag 4 1.457
(0.834)

1.197
(0.879)

1.7
(0.791)

1.812
(0.77)

0.223
(0.994)

11.045
(0.026)

Lag 5 3.643
(0.602)

1.218
(0.943)

6.315
(0.277)

2.559
(0.768)

0.315
(0.997)

11.198
(0.048)

ARCH 
LM-Test

Lag 1 27.593
(0)

3.165
(0.075)

0.647
(0.421)

160.109
(0)

193.692
(0)

18.526
(0)

Lag 2 103.776
(0)

5.194
(0.075)

47.681
(0)

231.594
(0)

274.269
(0)

18.687
(0)

Lag 3 108.515
(0)

7.378
(0.061)

47.811
(0)

291.277
(0)

306.283
(0)

42.359
(0)

Lag 4 123.4
(0)

11.758
(0.019)

49.874
(0)

347.818
(0)

315.115
(0)

78.004
(0)

Lag 5 124.14
(0)

12.479
(0.029)

49.975
(0)

363.457
(0)

315.205
(0)

83.754
(0)

Source: Author’s Calculation

After estimating the mean model, residual diagnostic tests were conducted to evaluate three 
aspects: normality, autocorrelation, and heteroskedasticity. The normality tests, based on skew-
ness, kurtosis, and formal tests (Lilliefors and Anderson–Darling), indicate that the residuals 
are not normally distributed. For example, China shows skewness of –0.39 and a very high 
kurtosis of 17.50, while the USA has skewness of –0.61 and similarly high kurtosis. These 
heavy tails suggest a high probability of extreme return values (outliers). All normality tests are 
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statistically significant (p < 0.01), rejecting the assumption of normal distribution in all series. 
This justifies the use of non-Gaussian approaches such as the EVT to better capture tail risks.
The Ljung–Box test confirms that the ARMA model has effectively removed autocorrelation 
from the residuals. This is shown by high p-values at multiple lags, for instance, China (lag-
1: 0.811; lag-5: 0.925), Russia (lag-1: 0.969; lag-5: 0.974), and the USA (lag-1: 0.708; lag-5: 
0.925), indicating that no significant autocorrelation remains in the residuals. However, the 
ARCH-LM test reveals strong evidence of heteroskedasticity in most indices. For example, 
China shows an ARCH-LM statistic of 124.14 (p = 0.000) at lag 5, Germany 363.63 (p = 
0.000), and the UK 265.43 (p = 0.000). Even Russia, though with a smaller value, shows sig-
nificance at lag 5 (p = 0.029). These results imply that volatility is not constant over time and 
that conditional heteroskedasticity exists.
Overall, the residual diagnostics suggest that while the ARMA models effectively remove auto-
correlation from the mean process, the residuals remain non-normal and show significant het-
eroskedasticity. These statistical findings are also visually supported by Figure 2, where volatil-
ity clustering and extreme movements are clearly visible, especially in indices such as Russia, 
China, and Turkey. The visual patterns reinforce the diagnostic results, including heavy-tailed 
distributions and strong ARCH effects. Therefore, more advanced volatility models such as the 
MS-GARCH are appropriate to capture regime-switching behaviour and market responses to 
new information. Combining these with EVT can provide a more accurate analysis of extreme 
risks and volatility clustering in stock return data under geopolitical uncertainty.

Parameter Estimation of ARMA-GARCH(1,1) Models
The mean model is used to capture the average dynamics of log returns for each stock index. The 
estimation results presented in Table 3 show that the ARMA structure varies across countries. 
For instance, the Chinese stock index follows an ARMA(2,2) model, indicated by two significant 
AR parameters  and two MA parameters  
, all statistically significant at the 1% level. This suggests a strong linear dependence on past 
returns, indicating that China’s market tends to have a deeper historical memory in forming 
current return patterns. A similar structure is found in the UK and Turkey indices, reflecting the 
complexity of their mean models and the markets’ sensitivity to past shocks.
On the other hand, markets like Russia are adequately represented by a single MA component 

, implying a simpler dynamic while still exhibiting sensitivity to past innovations. 
Meanwhile, the U.S. stock index shows no significant AR or MA parameters. This confirms the 
previous ARMA(0,0) result, suggesting that U.S. market returns follow a random walk without a 
prominent linear pattern, possibly reflecting higher market efficiency in processing information.
To model volatility dynamics, a GARCH specification is applied, focusing on two main pa-
rameters: α (shock effect) and β (volatility persistence). Each index shows unique characteris-
tics. The Chinese index, for example, has  and , both significant. The sum 

 indicates a moderate degree of volatility persistence, with sizeable shock effects 
that do not last too long. In contrast, Russia’s index shows  and , resulting 
in , close to one. This reflects highly persistent volatility, meaning that market 
shocks during the geopolitical conflict have long-term effects on market fluctuations.
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Table 3. Parameter Estimates of ARMA–GARCH(1,1) Models for Each Stock Index
Parameter Esti-

mates
Iran-Aligned Bloc Israel-Aligned Bloc

China Russia Turkey Germany UK USA
Mean Model – ARMA(p,q)

-0.000
[SE: 0.000]

0.000
[SE: 0.000]

0.001*
[SE: 0.001]

0.001**
[SE: 0.000]

0.000***
[SE: 0.000]

0.001*
[SE: 0.000]

-0.457***
[SE: 0.028]

1.902***
[SE: 0.007]

0.028
[SE: 0.048]

1.029***
[SE: 0.019]

-0.938***
[SE: 0.017]

-0.969***
[SE: 0.006]

0.049
[SE: 0.046]

0.029**
[SE: 0.011]
-0.110***

[SE: 0.028]
0.490***

[SE: 0.019]
0.139**

[SE: 0.046]
-1.926***

[SE: 0.001]
-1.000***

[SE: 0.000]
0.978***

[SE: 0.011]
0.988***

[SE: 0.001]
Error Model – GARCH(1,1)

0.000***
[SE: 0.000]

0.000
[SE: 0.000]

0.000
[SE: 0.000]

0.000***
[SE: 0.000]

0.000***
[SE: 0.000]

0.000***
[SE: 0.000]

0.168**
[SE: 0.054]

0.105**
[SE: 0.040]

0.125**
[SE: 0.046]

0.170***
[SE: 0.025]

0.259***
[SE: 0.062]

0.103***
[SE: 0.013]

0.483***
[SE: 0.131]

0.894***
[SE: 0.039]

0.636**
[SE: 0.239]

0.712***
[SE: 0.030]

0.167
[SE: 0.131]

0.851***
[SE: 0.018]

Goodness of Fit Model
Number of Obs. 512 539 528 538 536 529

AIC -6.47 -6.15 -5.34 -6.73 -7.27 -6.00
RMSE 0.01 0.013 0.017 0.009 0.007 0.013
MAE 0.007 0.009 0.013 0.007 0.005 0.009

Source: Author’s Calculation

The U.S. market also exhibits high volatility persistence, with , even though its 
mean model is random. This suggests that past volatility and new shocks continue to influence 
the market, highlighting global contagion effects during the conflict. Meanwhile, the UK in-
dex has  and , yielding , a much lower value than other 
markets. This implies that the UK market tends to react quickly to new information with high 
intensity, but the effects fade rapidly and do not persist.
The variance constant  is very small across all indices, which is consistent with the GARCH 
assumption that most of the variation in returns is driven by shocks and persistence rather than a 
constant variance. This supports the notion of time-varying volatility during the conflict period.
From a statistical perspective, the GARCH models exhibit a good fit, as shown by low Akaike 
Information Criterion (AIC) values in several indices, such as the UK (–7.27), Germany (–6.73), 
and China (–6.47). Lower AIC values indicate better model performance while penalizing for 
complexity. These findings confirm the relevance of the GARCH framework for analysing 
stock market volatility during geopolitical crises and provide a solid foundation for further ap-
proaches like MS-GARCH and its integration with EVT to assess extreme market risks.

3. 3. ANALYSIS OF MS-GARCH(1,1)

Generally, the results in Table 4 indicate that the bloc aligned with Iran exhibits relatively stable 
dynamics with a strong tendency to remain in the calm regime. China’s stock market shows sig-
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nificance only in the  parameter in Regime 1, suggesting highly persistent volatility 
under stable conditions. The absence of significant parameters in Regime 2, along with transition 
probabilities  and , indicates that transitions into the turbulent re-
gime are extremely rare. This reinforces the notion that the Chinese government’s interventions 
are effective in containing uncertainty from external shocks, including geopolitical conflict.

Table 4. MS-GARCH(1,1) Parameter Estimates and Regime Transition Probabilities

Parameter 
Estimates

Iran-Aligned Bloc Israel-Aligned Bloc
China Russia Turkey Germany UK USA

Regime 1
0.000+

[SE: 0.000]
0.000*

[SE: 0.000]
0.000*

[SE: 0.000]
0.000*

[SE: 0.000]
0.000

[SE: 0.000]
0.000**

[SE: 0.000]
0.011

[SE: 0.015]
0.096*

[SE: 0.054]
0.110

[SE: 0.108]
0.064

[SE: 0.058]
0.000

[SE: 0.002]
0.020

[SE: 0.017]

0.945***
[SE: 0.030]

0.879***
[SE: 0.015]

0.642***
[SE: 0.144]

0.795***
[SE: 0.069]

0.544
[SE: 11.261]

0.901***
[SE: 0.031]

Regime 2
0.000

[SE: 0.000]
0.000

[SE: 0.004]
0.001

[SE: 0.016]
0.000

[SE: 0.000]
0.000+

[SE: 0.000]
0.000

[SE: 0.000]
0.150

[SE: 0.384]
0.001

[SE: 0.015]
0.000

[SE: 0.007]
0.419

[SE: 0.366]
0.952*

[SE: 0.493]
0.145

[SE: 1.353]
0.588

[SE: 0.544]
0.240

[SE: 6.337]
0.606

[SE: 8.494]
0.275

[SE: 0.306]
0.004

[SE: 0.079]
0.854***

[SE: 0.010]

Transition Matrix
0.988***

[SE: 0.132]
0.968***

[SE: 0.139]
0.986***

[SE: 0.224]
0.996***

[SE: 0.056]
0.985***

[SE: 0.192]
0.993***

[SE: 0.050]

0.187***
[SE: 0.012]

0.346***
[SE: 0.040]

0.460***
[SE: 0.018]

0.044***
[SE: 0.005]

0.244***
[SE: 0.013]

0.060***
[SE: 0.006]

Goodness of Fit Model
Num.Obs. 512 539 528 538 536 529

AIC -3415.90 -3334.19 -2837.90 -3620.62 -3895.70 -3182.72
Source: Author’s Calculation

Russia exhibits more active dynamics. In Regime 1, both  = 0.096 and  = 0.879 are sta-
tistically significant, implying that the market responds to new shocks and maintains elevated 
volatility over time. However, similar to China, no significant parameters are found in Regime 
2. Transition probabilities of = 0.959 and = 0.041 indicate that while regime 
switching is possible, the market tends to remain stable. This stability may reflect domestic 
policy responses and control mechanisms, particularly in the context of sanctions and Russia’s 
involvement in global conflicts.
Turkey also displays dominance in the calm regime, with only   = 0.642 being significant. 
This indicates some degree of volatility memory, but overall, the market appears relatively un-
responsive to major geopolitical shocks. Transition probabilities of = 0.955 and 
= 0.045 further support the tendency to remain in the calm regime. The lack of other significant 
parameters may suggest that domestic economic factors exert a greater influence on Turkey’s 
market than international conflict.
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In contrast, markets within the Israel-aligned bloc show more varied regime dynamics and ap-
pear more sensitive to external pressures. Germany only has a significant  = 0.795 in Regime 
1. Transition probabilities = 0.961 and = 0.039 suggest that while the market 
predominantly operates in the calm regime, a transition into turbulence may occur under inten-
sified external pressure. The UK stands out by showing a significant 2 = 0.952 in Regime 2, 
implying a strong market reaction to new information during periods of turbulence. This is sup-
ported by relatively active transition probabilities ( = 0.956, = 0.044) indicating 
that the UK market is more flexible and responsive to shifts in global conditions.
The United States, as a global financial hub, displays a more balanced two-regime dynamic. 
Significant β parameters in both regimes (  = 0.901 and  = 0.854) suggest that volatility, 
both low and high, is persistent. Transition probabilities ( = 0.958, = 0.042) in-
dicate a general market stability, though regime shifts are still possible in the face of major 
shocks. These findings highlight that, while the US market is efficient, it remains highly respon-
sive to international geopolitical developments, including armed conflict in the Middle East.
Overall, the high  values observed across all countries (> 0.95) indicate that stock mar-
kets tend to remain in the calm regime, and transitions into high-volatility states are not random 
but require substantial triggers. The resistance to regime switching reflects the effectiveness of 
macroeconomic policy, the credibility of financial authorities, and market expectations con-
cerning the impact of geopolitical conflict. In this regard, the MS-GARCH model successfully 
captures structural dynamics that conventional GARCH models fail to identify.
The visualization of regime states based on the MS- GARCH model, as presented in Figure 3, 
illustrates the dynamic shifts in stock market volatility conditions across countries during the 
observation period. Each panel depicts the regime classification at each point in time, distin-
guishing between two primary market states: the calm regime (low volatility) and the turbulent 
regime (high volatility). This regime distribution provides a more tangible representation of 
market sensitivity to geopolitical pressures, particularly in the context of the Iran–Israel conflict.

Figure 3. Regime State Plot Based on MS-GARCH(1,1) Estimation

Source: Author’s Graphs
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In the bloc of countries aligned with Iran, namely China, Russia, and Turkey, the markets appear 
relatively stable, predominantly operating under the calm regime. For instance, China remains 
almost entirely in the calm regime throughout the sample period, reflecting effective market con-
trol policies and limited direct exposure to external tensions. Russia shows slightly more dynamic 
behaviour, with a few episodes of transition into the turbulent regime, although it generally re-
mains stable. This suggests that shocks affecting the Russian market may be more closely linked 
to sanctions or foreign policy developments rather than the Iran–Israel conflict itself. Turkey also 
demonstrates a strong dominance of the calm regime with very limited transitions, indicating that 
market sentiment is likely more influenced by domestic factors than by geopolitical tensions.
In contrast, countries in the bloc aligned with Israel are Germany, the United Kingdom, and the 
United States, exhibit more volatile and fluctuating patterns. The German stock market experi-
ences several shifts into the turbulent regime, pointing to its sensitivity to external shocks such 
as energy price fluctuations or regional conflicts. The UK market shows a higher frequency of 
regime transitions, reflecting its openness and high responsiveness to global news. The United 
States displays a more balanced pattern between the two regimes, with numerous periods in 
the turbulent regime, underscoring the central role of the U.S. market in responding to global 
uncertainty, including armed conflicts in the Middle East.
Overall, the regime patterns illustrated in Figure 3 align with the previously estimated parame-
ters and transition probabilities. Countries in the Israel-aligned bloc appear more prone to shift-
ing into high-volatility regimes, while those aligned with Iran demonstrate greater resilience to 
external shocks. This highlights fundamental differences in market structures, domestic policy 
effectiveness, and each country’s sensitivity to international geopolitical dynamics.
From a model fit perspective (see Table 4), the presence of the Akaike Information Criteri-
on (AIC) in the estimation results provides an additional statistical foundation for assessing 
the adequacy of the MS-GARCH model. Although AIC values cannot be directly compared 
across countries due to differences in data structure and market variability, relatively low AIC 
values suggest that the model effectively captures the dynamics of volatility. For instance, the 
model for the United States stock market yields the lowest AIC value at -5.68, indicating that 
it provides the best fit among the countries analysed. This finding aligns with the significance 
of parameters in both regimes and the relatively active transition probabilities, confirming the 
statistical relevance of the two-regime structure in the U.S. market.
In contrast, markets such as Turkey and China, although demonstrating stability within a sin-
gle regime, show higher AIC values (-4.62 and -4.48, respectively), implying that the model 
may be less effective in capturing the variations in volatility structures. This could indicate that 
volatility dynamics in these countries are more complex or insufficiently reflected in the daily 
frequency data used, thus opening avenues for future model development, whether through the 
inclusion of exogenous variables or the use of higher-resolution data.
Therefore, the inclusion of AIC values strengthens the justification for employing MS-GARCH 
as a primary analytical tool. Not only does it allow for the separation of distinct market regimes, 
but it also provides efficient and reliable estimates that can be further utilized in extreme risk 
assessments, including VaR analysis and approaches based on EVT.

3. 4. EXTREME RISK ANALYSIS USING THE POT APPROACH OF EVT

The estimation results of the EVT parameters using the POT approach, as presented in Table 
5, provide deeper insights into the extreme distribution characteristics of stock market returns 
across countries. The two key parameters analysed are the scale parameter (β) and the shape 
parameter (ξ), each estimated at three extreme quantile levels: 1%, 2.5%, and 5%. The scale 
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parameter reflects the dispersion of the tail distribution; larger values indicate a greater potential 
for extreme deviations in returns. Meanwhile, the shape parameter describes the nature of tail 
risk: positive values imply a heavy-tailed distribution (indicating potential for unbounded ex-
treme losses), values close to zero suggest a Gumbel-type light-tailed distribution, and negative 
values imply a bounded tail (with limited extreme loss potential).
In the bloc aligned with Iran, China’s market exhibits relatively low scale values across all 
quantiles, such as 0.568 at the 1% quantile, indicating market stability and the effectiveness 
of domestic interventions in mitigating volatility. Interestingly, the shape parameter for China 
remains consistently positive across all quantiles (e.g.,  = 1.021 at the 1% level), implying 
that while the market is stable, extreme tail risk still exists and warrants attention. The Russian 
market displays moderate scale values (e.g., 0.615 at 1%) and a negative shape parameter at the 
lowest quantile (  = -0.301), suggesting that although the market can be volatile, extreme loss-
es are likely to be capped, possibly due to strong government control over financial dynamics. 
Turkey stands out with a highly irregular pattern, showing a very large-scale value at the 1% 
quantile (3.223) and a much smaller value at 2.5% (0.355), reflecting the potential for rare but 
sharp spikes in volatility. The consistently negative shape parameters further imply that the tail 
of the distribution is bounded, limiting the scope of extreme losses.

Table 5. Estimated Scale  and  Shape  Parameters of Tail Return Distribution Across Extreme 
Quantiles

Bloc Iran-Aligned Bloc Israel-Aligned Bloc
Country China Russia Turkey Germany UK USA

Scale 
q = 1% 0.568 0.615 3.223 1.807 2.68 0.851

q = 2.5% 0.551 0.635 0.355 1.362 0.405 0.643
q = 5% 0.503 0.497 0.481 0.627 0.497 0.731

Shape 
q = 1% 1.021 -1.046 -1.036 -0.571 -0.426 0

q = 2.5% 0.644 -0.631 0.836 -0.193 0.866 0.154
q = 5% 0.459 -0.251 0.413 0.277 0.466 0.035

Source: Author’s Calculation

In contrast, countries aligned with Israel exhibit heavier-tailed and more volatile return distri-
butions. Germany and the UK display relatively large-scale values at the lower quantiles (e.g., 
1.807 for Germany and 1.191 for the UK at 1%), indicating exposure to substantial return de-
viations. Germany’s shape parameter remains mildly positive (e.g., 0.277 at 5%), suggesting 
that tail risk, though present, is moderately controlled. The UK shows a similar pattern but with 
greater variability in shape values. The United States presents a more consistent profile of ex-
treme risk: high scale values (e.g., 1.203 at 1%) and strongly positive shape parameters across 
all quantiles (e.g.,  = 0.698 at 1%), indicating that even a highly efficient market like the U.S. 
remains susceptible to extreme events under global geopolitical uncertainty.
Overall, the EVT parameter estimates reinforce earlier findings that countries in the Isra-
el-aligned bloc are more exposed to extreme risk and rapid market condition shifts, while those 
in the Iran-aligned bloc tend to exhibit more stable markets with better-contained risk struc-
tures. Nevertheless, the presence of positive shape parameters in countries like China suggests 
that tail risk should not be overlooked and must be accounted for in long-term risk mitigation 
and financial planning strategies.
Figure 4 visually illustrates the tail behaviour of stock market return distributions for each 
country using the Peaks Over Threshold (POT) approach of the Extreme Value Theory (EVT). 
The figure displays fitted Generalized Pareto Distributions (GPD) across different quantiles, 
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capturing the characteristics of extreme market movements. These plots reinforce the quantita-
tive estimates previously presented in Table 5, particularly the scale (β) and shape (ξ) parame-
ters of the GPD for each country.
In countries aligned with Iran, such as China, Russia, and Turkey, the plots confirm the rela-
tively thinner tails of return distributions. This observation is consistent with the lower scale 
( ) values reported in Table 5, indicating smaller magnitudes of extreme losses. Moreover, 
the shape parameters ( ) for these countries are generally negative or close to zero, implying 
a bounded or short-tailed distribution. This means that while market shocks exist, they are not 
expected to escalate into highly extreme or unbounded risk, reinforcing the earlier finding that 
these markets are relatively resilient and less reactive to geopolitical escalations like the Iran–
Israel conflict.
In contrast, the countries aligned with Israel exhibit heavier tails in the distribution plots, espe-
cially for the lower quantiles. These patterns support the higher σ values and notably positive 

  values shown in Table 5, which suggest a higher probability of extreme losses and a ten-
dency toward fat-tailed distributions. For instance, the U.S. market demonstrates a distinctly 
heavy left tail, aligning with the estimated shape parameter ξ > 0, indicating a high potential 
for rare but severe market downturns. This tail behavior reflects heightened market sensitivity 
to geopolitical uncertainty and confirms the structural risk exposed in previous GARCH and 
MS-GARCH estimations.

Figure 4. Tail Distribution Visualization of Extreme Stock Market Returns Using EVT (POT) Approach

Source: Author’s Graphs

Thus, the visual representation in Figure 4 complements the numerical evidence in Table 5, high-
lighting that countries within the pro-Israel bloc face more pronounced extreme risk exposure. In 
contrast, the markets within the Iran-aligned bloc are characterized by more moderate tail risks, 
likely due to stronger regulatory insulation or lesser integration with global financial networks. 
Together, both pieces of evidence support the validity of the EVT-POT approach in capturing 
asymmetric extreme risk behaviour across geopolitically distinct market environments.
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3. 5. MODEL VALIDATION OF VAR THROUGH POF AND TUFF 
BACKTESTING TESTS

The accuracy of the VaR model was evaluated using two main statistical approaches: Kupiec’s 
POF Test and the TUFF Test. These methods assess whether the model’s estimation of extreme 
risk aligns with the actual occurrences of violations during the observation period.
Based on Table 6, generally, the results of Kupiec’s POF test indicate that most VaR models 
across different countries and quantile levels passed the statistical validation. This is evidenced 
by p-values greater than the 5% significance level, suggesting that the number of observed vio-
lations is not significantly different from the expected number. For example, in the United States 
and United Kingdom at the 1% quantile level, no significant violations occurred, indicating that 
the EVT-based approach provides realistic and well-calibrated thresholds for extreme risk.
Meanwhile, the TUFF test offers additional insights into the timing accuracy of the first viola-
tion. If a model anticipates the first violation either too early or too late, it will be reflected in 
the TUFF test statistics and p-values. In most cases, the TUFF test also produced favourable 
results, with no significant deviations, indicating that the models are not only accurate in terms 
of violation frequency but also reliable in predicting the timing of extreme risk events. For in-
stance, in Turkey and USA, high p-values from the TUFF test suggest that the first violations 
occurred within the expected probabilistic timeframe, reinforcing the model’s temporal validity.
Interestingly, the Kupiec POF test results show that none of the countries had a p-value below 
0.05, suggesting that the VaR model based on the MS-GARCH–EVT(POT) framework gen-
erally passes the statistical validity test even in certain quantile, 1%, China failed to pass the 
TUFF test. This reinforces the model’s suitability and effectiveness in capturing extreme risk 
dynamics in the stock markets of the respective countries.

Table 6. Backtesting Results of VaR Using Kupiec’s POF and TUFF Tests
Group Iran-Aligned Bloc Israel-Aligned Bloc

Country China Russia Turkey Germany UK USA
POF

Num. of 
Violation(s)

q = 1% 4 1 2 1 1 4
q = 2.5% 9 9 5 9 6 9
q = 5% 14 19 9 13 13 15

Statistic 
(p-value)

q = 1% 0.769
(0.62)

1.176
(0.722)

0.108
(0.258)

1.176
(0.722)

1.176
(0.722)

0.769
(0.62)

q = 2.5% 1.095
(0.705)

1.095
(0.705)

0.275
(0.4)

1.095
(0.705)

0.01
(0.081)

1.095
(0.705)

q = 5% 0.183
(0.331)

3.091
(0.921)

1.138
(0.714)

0.021
(0.115)

0.021
(0.115)

0.496
(0.519)

TUFF

First  
Violation

q = 1% 97 12 250 16 184 9
q = 2.5% 16 12 7 15 14 4
q = 5% 16 12 7 15 13 4

Statistic 
(p-value)

q = 1% 0.001
(0.024)

2.547
(0.89)

1.176
(0.722)

2.031
(0.846)

0.464
(0.504)

3.092
(0.921)

q = 2.5% 0.656
(0.582)

1.051
(0.695)

1.94
(0.836)

0.739
(0.61)

0.831
(0.638)

3.031
(0.918)

q = 5% 0.049
(0.175)

0.236
(0.373)

0.865
(0.648)

0.08
(0.222)

0.172
(0.321)

1.801
(0.82)

Source: Author’s Calculation
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In conclusion, the backtesting results provide strong justification for the use of the MS-GARCH–
EVT(POT)-based VaR model as a risk analysis tool. Its success in both frequency and timing 
validation tests demonstrates that the model is not only statistically sound but also practically 
applicable in real-world risk management, particularly under high uncertainty conditions such 
as the ongoing geopolitical tensions between Iran and Israel.

4. CONCLUSION
An analysis of the stock index log return data from six countries indirectly involved in the 
Iran–Israel conflict reveals that all return series exhibit non-normal distributions, character-
ized by significant skewness and heavy tails. An ARMA model was employed to capture the 
mean dynamics, and diagnostic tests on the residuals indicated no evidence of autocorrelation, 
but the presence of heteroskedasticity in the squared residuals. This finding underscores the 
need for an advanced modelling approach to better capture the volatility dynamics. The MS-
GARCH model successfully identified two distinct volatility regimes (calm and turbulent), with 
regime distributions aligning with the geopolitical exposure of each country: the Iran-aligned 
bloc demonstrated relative stability, while the Israel-aligned bloc exhibited higher volatility and 
more frequent regime shifts.
The EVT(POT) approach was applied to capture extreme risk in the return distributions. Param-
eter estimates indicated substantial tail risk, particularly in markets with heavy-tailed and large-
scale distributions at extreme quantiles. The validity of the combined MS-GARCH–EVT(POT) 
framework in estimating VaR was assessed through backtesting using Kupiec’s tests. All coun-
tries passed the POF test across various quantile levels, confirming the model’s accuracy in 
forecasting the frequency of extreme risk events. However, some violations of the TUFF test, 
such as China at the 1% quantile, suggest room for improvement in the model’s timing accuracy 
for predicting initial violations. Thus, the MS-GARCH-EVT(POT) proved to be statistically 
robust and effective in measuring and managing extreme market risks amid global geopolitical 
tensions.
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