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ABSTRACT
The aim of this paper is to assess whether the availability of high-frequency data enhan-
ces the accuracy of extreme market risk estimation in comparison to low-frequency data
by using Value-at-risk (VaR) and Expected shortfall (ES). The sample data used for ana-
lysis comprised the daily closing stock prices and 5-minute intraday stock prices of DJIA,
FTSE100, BOVESPA, and MERVAL Index from 2014 to 2022. The data analysis was done
to compare the performance of two-stages hybrid methods called conditional EVT that
combined the GARCH, RV and HAR specification models with the EVT approach. To
assess the accuracy of the VaR forecasts, out-of-sample VaR forecast was backtested by
using unconditional coverage (UC) and conditional coverage (CC) tests. The VaR back-
testing procedure also incorporated the utilization loss function which are the regula-
tory loss function (RLF) and the firm’s loss function (FLF). The accuracy of the forecasted
ES was backtested by using the generalized breach indicator (GBI) method. The findings
of this research emphasized that high-frequency conditional EVT, incorporating the HAR
specification outperformed the low-frequency conditional EVT in predicting market risk
during periods characterized by extreme returns. Based on the VaR and ES measure, the
HAR-EVT typed models are the best performance model compared to the GARCH-EVT
and RV-EVT typed models during both crisis and non-crisis periods. This research study
contributes to the current literature on the forecasting ability of risk models by concen-
trating on the hybrid model of long-memory models (FIEGARCH, RV-FIEGARCH and
HAR-FIEGARCH) for with the EVT approach.

IMPACT STATEMENT
The analysis compares the performance of two-stages hybrid methods called condi-
tional EVT that combined the GARCH, RV and HAR specification models with the EVT
approach during non-crisis and crisis COVID-19 pandemic. Based on the VaR and
ES measure, the HAR-EVT typed models are the best performance model compared
to the GARCH-EVT and RV-EVT typed models. The findings of this research study are
also beneficial to market participants, especially those who engage in high-frequency
trading to utilize the RV and HAR models as well the application of the EVT model
to measure the potential risks and detect any vulnerabilities in financial systems
especially during a sudden market crash.
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1. Introduction

The degree of stock market volatility should raise significant concerns among different stakeholders,

including investors, regulators, and financial institutions, to prevent potential economic challenges in the

future. Historical records indicate that fluctuations in stock prices during periods of market turbulence

can exert a considerable influence on financial downturns, as evidenced by events like the catastrophic

Black Monday in October 1987 and Black Friday in October 1989. These unexpected and rare historical

occurrences instilled concerns about economic recession and had repercussions on numerous countries

across the globe. Another notable extreme event that caused a devastating financial crisis was the Asian
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financial crisis of 1997. This crisis has impacted financial markets in terms of extreme price movements
which lead to the depreciation in currency and a crash in the stock market globally. This crisis had
heightened volatility not only in Asian counties as well as other nations which hesitate foreign investors
to invest in the Asian market. Due to that, most of the banks and financial institutions are collapsed
which gives severe losses for creditors and investors. Further to that, the global financial crises 2007–
2008 crisis stands as the most terrifying crisis. This crisis derived from a subprime mortgage lending cri-
sis in 2007 and quickly accelerated into a worldwide banking crisis with the collapse of Lehman Brothers
investment bank in September 2008. Regardless of substantial efforts to sustain the fallout, the damage
proved uncontrollable, plunging the global economy into a deep recession. On December 31, 2019, the
emergence of the coronavirus (COVID-19) began in China and subsequently spread to 220 countries and
territories worldwide. On March 11, 2020, the World Health Organization (WHO) officially declared it a glo-
bal pandemic (Kickbusch et al., 2020). The emergence of COVID-19 cases had a profound impact on the
financial market. The rapid spread of the virus and the subsequent global lockdown measures imple-
mented to contain it led to significant disruptions in economic activities and investor sentiment. The
uncertainty surrounding the duration and severity of the pandemic caused widespread volatility and
instability in financial markets as reported by Ullah (2022). The global stock markets experienced sharp
declines as investors reacted to the escalating health crisis and its potential economic implications. The
concerns regarding a worldwide economic downturn, diminished consumer expenditure, and disrupted
supply chains led to significant selloffs and declines in the financial markets. There are recent studies by
(Basuony et al., 2022; Hui & Chan, 2022; Rakshit & Neog, 2022) that found the impact of COVID-19 in glo-
bal stock price by exhibited large volatility and risk uncertainty. The impact of financial crises on the stock
markets as discussed above gives motivation to this study to include the recent COVID-19 period as the
sample data for analysis. This choice is due to the absence of prior research regarding the efficiency of the
high-frequency conditional EVT in forecasting the stock market risk during the COVID-19 period.

The analysis of this study includes the application of the heterogeneous market hypothesis (HMH) intro-
duced by Dacorogna et al. (2001). According to HMH, investors follow the nonlinear trading behaviours of
heterogeneous market participants where it is impossible for one price to reflect everyone’s information
even when each investor receives similar information as claimed by the efficient market hypothesis (EMH)
introduced by Fama (1965). Due to the heterogeneity perspective, there are various trading strategies
which produce uncertainty of risk or volatility cascade and created the long memory property in the finan-
cial markets as mentioned by Cheong et al. (2016). Based on the HMH framework, the stock market returns
were analyzed by considering how the market participants react to past information or news at different
time horizons (daily, weekly and monthly). This paper considers the recent model introduced by research-
ers that incorporates the HMH framework called the heterogeneous autoregressive (HAR) model. The HAR
model is an extension of the autoregressive conditional heteroskedasticity (ARCH) model that considers
the long memory property observed in financial time series. The HAR model also aligns with the HMH the-
ory because it considers the varying responses of different investor groups by incorporating lagged volatil-
ity measures at different time scales (short-term, medium-term, and long-term).

Based on previous research done in the risk forecasting field, the efficacy of risk estimation models
selected are impacted by various elements, such as the type of risk model used, the type of data used
(daily or intraday data) and the specific economics conditions under examination. Therefore, these two ele-
ments will be included in this study to see the efficiency of the low-frequency and high-frequency models
in forecasting the stock market risk. With the rise of high-frequency data, the stock market now offers more
information to investors. In today’s context, data can be gathered within seconds, such as 1-second intraday
stock prices, contrasting with the past when data was collected at the close of the trading day. As the data
undergoes frequent updates, it provides more recent and accurate information on market movements,
thereby offering an advanced depiction of the current market conditions. During a financial crisis period,
the quickest and most updated information is important so that investors can respond to any market vola-
tility and uncertainty in the fastest way. The advantages of this new high-frequency data give motivation to
this study to apply the high-frequency data (intraday data) to see whether it outperformed the low-fre-
quency data (daily data) in forecasting the stock market risk especially during the financial crisis.

Previous literature has established the effectiveness of using the GARCH model in forecasting stock mar-
ket risk based on low-frequency data (daily returns) in financial time series analysis. The GARCH model,
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with its ability to capture volatility clustering and persistence, has been widely employed and found to be
suitable for modeling and forecasting volatility in various financial markets. At present, the accessibility of
high-frequency data has spurred researchers to delve into alternative risk forecasting models, moving
beyond the conventional GARCH model. Given that researchers have had sustained attention with the
existence of long memory in daily returns, it is also imperative to examine the presence of long memory in
intraday returns, especially regarding the RV and HAR specifications which give another motivation of this
study. It is known that during periods of market turbulence, the financial stock market is vulnerable to
extreme fluctuations, making the measurement of market risk a paramount concern for risk-averse invest-
ors. In this research, the utilization of high-frequency models based on the RV and HAR specifications are
applied with the EVT approach. By employing the hybrid approach of high-frequency models with EVT, it
assumed to improve the estimation of tail risk by more accurately capturing extreme market events. While
the HAR model focuses on the volatility cascade across different investment horizons, the statistical frame-
work of EVT facilitates the modeling and analysis by focusing on the extreme returns of tail distributions.

The hybrid method that combining any low-frequency or high frequency models with the EVT approach
is generally called the conditional EVT model. Previous research on the conditional EVT model has been pro-
ven to enhance the ability to forecast and assess risk during turbulent market conditions, however mostly
the research used daily returns as the volatility proxy. Due to the emergence of high-frequency data,
researchers have started to explore how the intraday returns based on the RV specification help to improve
the risk forecast. Further to the introduction of the HMH theory researchers try to combine the HAR model
with the EVT approach. The finding by Louzis et al. (2007) found that the combined HAR-GARCH-EVT model,
which incorporates the conditional heteroscedasticity of the HAR errors, demonstrates superior performance
overall and produces precise estimates of VaR that effectively minimize Basel II regulatory capital require-
ments. The model’s accuracy is evident in both the full out-of-sample period and the specific crisis period of
2007–2009. Further research has been done on the accuracy of the HAR-EVT models in forecasting the stock
market risk. The availability of high-frequency data gives another area of research on the efficiency of the
low-frequency conditional EVT models compared to the high-frequency conditional EVT models.
Researchers found that mostly, by comparing the high-frequency data, the conditional EVT performed better.
The adoption of realized volatility as the volatility estimator of high-frequency data shows better prediction
than the daily returns. Numerous studies have been conducted to substantiate the benefits of incorporating
the RV specification as a hybrid model alongside the EVT approach. The current research also employs the RV
specification derived from the HAR model in the context of the conditional EVT model; however, this area of
study remains relatively unexplored. This study aims to contribute to the current literature on the forecasting
ability of risk models by concentrating on the long-memory models of FIEGARCH, RV-FIEGARCH and HAR-
FIEGARCH models with the EVT approach which has not been explored yet. The findings of the study will
contribute to the grasp of how different type of data frequencies can influence stock market risk forecasting
and provide accurate models to be used in any risk management practices and investment strategies.

Despite the advantage of high-frequency data researchers argue on whether it’s worth it to use high-
frequency data due to its higher cost such as a study done by Ly�ocsa et al. (2021). Instead of the higher
cost, it also requires more time to analyze compared to the low-frequency data. For investors and traders
with large capital, the advantages of using this high-frequency data may outweigh the costs. The ability of
this high-frequency data to quickly respond to market fluctuations will benefit them in increasing the cap-
ital invested and minimizing the potential loss. However, for other small investors and traders, the
expenses associated with acquiring and analyzing high-frequency data will be the main barrier. In such
instances, the low-frequency data, which is generally more affordable and accessible will be chosen. Some
researchers which rely on low-frequency data will miss opportunities offered by high-frequency data espe-
cially in the current big data era where the growth of big data application database solutions and analytics
is anticipated to expand by $12 billion in 2027 (Djuraskovic, 2023). The decision to utilize high-frequency
data should be based on a detail evaluation of the potential advantages and disadvantages, as well as an
understanding of how the data will be employed and what specific trading strategies or investment objec-
tives it will support. The cost issue gives additional motivation of this study to explore whether the poten-
tial benefits of employing high-frequency data in data-rich markets outweigh or hold value when
contrasted with low-frequency data. The question that lingers is whether this cost will ultimately yield sub-
stantial value in the context of modeling and forecasting financial markets.
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2. Literature review

Volatility forecasting through the application of EVT has gained considerable attention among researchers.
EVT provides a framework for analyzing extreme events and tail behavior in financial markets. By focusing
on extreme observations, EVT enables the estimation of tail probabilities and extreme quantiles, which are
crucial for volatility forecasting. EVT stands out as the optimal choice for analyzing the tail distribution
characterized by extreme events. Extensive studies have been done to study the accuracy of the EVT
approach compares other alternatives models in forecasting the stock market risk. A study done by Mcneil
and Frey (2000) found that the hybrid model GARCH-EVT is effective to deals with asymmetric tail distribu-
tions on the S&P Index. A further research study by Paul and Sharma (2018) found that EVT is reliable in
estimating the VaR and ES compared to other models that are not combined with EVT. A study done by
Soltane et al. (2012) supports that the combination of the GARCH model and EVT outperforms the conven-
tional standalone EVT model in predicting stock market volatility during extreme events. Another research
conducted by Altun and Tatlidil (2015) which analyzed the ISE-100, S&P-500, and Nikkei-225 indexes, found
that the GARCH-EVT model outperforms compared to standalone GARCH model. Additionally, research
done by Youssef et al. (2015) found that the FIAPARCH-EVT model performs better in predicting one-day-
ahead VaR compared to FIGARCH-EVT and HYGARCH-EVT. Another research done by Tabasi et al. (2019)
shown the superiority of the GARCH-EVT model over the simple skewed-t GARCH model in estimating
stock market risk during the capital depression period of the Tehran Stock Exchange. A study done by
Omari et al. (2020) found that the GARCH-EVT model significantly improved VaR forecasting on the daily
returns data of twelve major international stock indices. Further research done by Roy (2022) found that
the GARCH-EVT models outperformed other models in forecasting intraday VaR during the COVID-19 pan-
demic. Additionally, study done by Jin et al. (2022) found that the GARCH-EVT-copula approach is the best
to measure the VaR and ES before and during the COVID-19 pandemic. Recent study by Zhao et al. (2023)
found that the GARCH-EVT-Copula-CoVaR model is accurate in forecasting the spillover risk impact of glo-
bal oil prices on Chinese sectoral stock markets.

The new revolution of high-frequency data has encouraged researchers to use high frequency data
that is based on intraday data to forecast the stock market risk. The realized volatility becomes new
latent volatility used to estimate the VaR and ES instead of the daily returns’ volatility. New recent
research used the combination realized volatility models and the EVT approach and the result shown
that it has more advantages and reliable estimates compared to low-frequency models that used daily
returns series. A study done by Watanabe (2012) examines the efficacy of the realized GARCH model in
the US equity market. Subsequently, (Paul & Sharma, 2018) extend the analysis of Watanabe (2012) and
conclude that the realized-GARCH EVT models demonstrate superior forecasting performance in estimat-
ing VaR and ES Another research done by Zhang and Zhang (2016) showed that the EGARCH model
combined with the EVT approach does very well in predicting a critical loss for precious metal markets.
According to Tabasi et al. (2019) the GARCH-EVT model enables a correct VaR estimation also in this
market and outperforms the simple GARCH model with Student’s t and normal distributions for resid-
uals. As discussed earlier, the HAR model, which captures the heterogeneity of market participants’ trad-
ing behaviors, has shown promise in capturing volatility dynamics at different time scales. The finding
by Huang et al. (2016) demonstrates that the HAR-GARCH specification more effectively captures the
persistent memory patterns in volatility when contrasted with the conventional GARCH model. Another
research done by Tao et al. (2018) discovered that the HAR-RV models surpasses its conventional coun-
terparts in VaR performance. The finding by Zahid et al. (2022) shows that the HAR-GARCH model exhib-
ited superior forecasting precision for Bitcoin volatility when contrasted with alternative realized
volatility models. Recent study by Maaz et al. (2023) show that the GARCH-EVT is superior in predicting
the risk of high-frequency returns data at 15-minute intervals in the metal market.

As discussed in the Introduction section, the HAR model can capture the heterogeneity of market partici-
pants’ trading behaviors and creates a volatility cascade throughout the short to long-term investment
period. By combining the HAR model with EVT, it assumes to add prediction of rare and extreme market
events at different levels of market volatilities including short-term, medium-term, and long-term. Previously
research by Louzis et al. (2007) found that the asymmetric HAR-EVT model is the best model to forecast the
VaR. Another finding by Sojka (2015) shows that HAR-RV, HAR-RV-J and ARFIMA are accurate to forecast the
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daily and intraday returns with comparable results where the daily returns scored the minimum value of RLF
while the intraday returns scored the minimum value of FLF. Furthermore, Bee et al. (2016) forecast the intra-
day returns including the HAR-J and EVT approach but the result found that the GARCH-EVT based on the
daily returns is better than the high-frequency based filter. Next, Liu et al. (2022) forecast the out-of-sample
VaR of the CSI300 index by combining the HARQ model and EVT and found that the HARQ-EVT models out-
perform several conventional HAR-type models in predicting the VaR of the Chinese stock market. A recent
finding by James and Leung (2023) shows the capabilities of the generalized quantile random forests (GQRF)
model to other risk models, including the GARCH-EVT and HAR-EVT models. Their findings indicated that the
GQRF risk model consistently provides dependable VaR and ES forecasts.

3. Materials and methods

3.1. Sample data

The dataset of this study includes daily returns (low-frequency data) and 5-min intraday returns (high-
frequency data) spanning from January 2014 to April 2022 for four selected global stock markets namely
DJIA Index and FTSE Index (developed markets) and BVSP Index and MERVAL Index (emerging markets).
To examine the effectiveness of risk models in both regular and extreme situations, the period of the
COVID-19 pandemic was specifically selected. The analysis was then carried out on two distinct sub-sam-
ple periods: the normal period spanning from January 2014 to December 2019, and the crisis period
covering January 2020 to April 2022. The data analysis is divided into preliminary analysis, in-sample
empirical analysis and out-of sample for VaR and ES forecast evaluation. Given Pt is the closing stock pri-
ces, the logarithmic daily returns of the chosen stock markets were computed by measuring the dispar-
ity between the logarithmic price levels on two consecutive days using the following formula:

rtf gTt−1 ¼ log
Pt
Pt−1

� �
: (1)

The 5-minute logarithmic realized variance, log RVt was calculated based on two steps. Firstly, the 5-
min stock prices were transformed into one-day trading returns by using the R-programming code
based on Equation (1). Given m is the total 5-min stock prices with i¼ 2,3,4,5, 6,…m. Next, the one-day
trading returns was transformed into RVt by using the formula:

RVd
t ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm
i¼2

Rt, ij j2
s

, (2)

where t¼ 1,2, 3… n and where n represents the total number of observations. The RVt was then trans-
formed into log RVt: The reason of choosing log RVt compared to raw RVt is due to the facts that the
distribution of log RVt is closer to a normal distribution and the conditional heteroskedasticity is signifi-
cantly lowered in log-RV as mentioned in a study done by Jafry et al. (2020). The log-returns of rt
was used in the in-sample empirical analysis by using the GARCH, EGARCH and FIEGARCH models
(low-frequency models) while the log-realized variance, log RV was used in the RV and HAR models
(high-frequency models). The residuals series generated from each low and high-frequency models will
be used in the second stage of data analysis that combined with the EVT approach. These two stages
combination method is called the conditional EVT method.

3.2. The conditional EVT model

In this study, the conditional EVT method introduced by Mcneil and Frey (2000) has been applied where
the combination of GARCH, RV and HAR specifications with the EVT approach has been tested. The first
stage of the analysis involved the filtering process of the original data series by using GARCH, EGARCH
and FIEGARCH models (low-frequency data) along with the filtering process by using the RV and HAR
types of models (for high-frequency data). This streaming process aimed to generate standardized resid-
uals (innovations) that resemble iid distribution which is the requirement for the EVT approach where
the filtered return series are assumed to be free from series correlation and heteroscedasticity effects.
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After the streaming process, the filtered return series obtained from the streaming process was utilized
to calculate the EVT parameters. This study utilized the peak-over-threshold (POT) method where
extreme value observations surpassing a specified threshold are considered, irrespective of the clustering
tendencies of the time series. The thresholds generated from the POT method will be used in estimating
the Generalized Pareto Distribution (GPD) distributions. By using the GPD parameters, the VaR and ES
quantiles are calculated which next will be used in the estimation of the one-day VaR and ES forecast.

3.3. The Peak-Over-threshold (POT) method

Generally, there are two methods in EVT used to model the extreme returns which are the Block
Maxima (BM) method use a generalized extreme value (GEV) distribution and the POT method that
based on the GPD distribution. In this analysis the Block Maxima (BM) method will not be tested
because it is not suitable for analyzing time series data due to the presence of volatility clustering,
which results in extreme values being clustered together. Consequently, this study utilized the POT
method, where extreme value observations that surpass a specified threshold are considered, irrespect-
ive of the clustering tendencies of the time series. In the POT method, given the logarithmic return ser-
ies of a stock index, denoted as ¼ x1, x2, ::::, xtf g: The possible values of x represent the exceedance
generated form extreme values that surpasses a specified threshold u. The cumulative probability func-
tion of y, expressed as Fu yð Þ is given by:

Fu yð Þ ¼ Pr X − u � y X > uj Þ:ð (3)

The conditional probability in Equation (10) can be simplified into:

Fu yð Þ ¼ F xð Þ − F uð Þ
1 − F uð Þ , (4)

where y ¼ x − u is the magnitude of exceedance and x ¼ y þ u is the exceedance.

3.4. The GPD distribution

One of the distributions used in EVT is called the GPD distribution. According to Balkema and Haan
(1974) and Pickands (1975) the cumulative probability function Fu yð Þ happens when a threshold u is suf-
ficiently high. This function will converge to GPD distribution defined as:

Gnw yð Þ ¼ 1 − 1þ ny
w

� �−1
n
, if n 6¼ 0,

1 − e−
y
w, if n ¼ 0,

8<
: (5)

The GPD parameters w (scale parameter) and n (shape parameter) were estimated by using the max-
imum likelihood method. Since Fu yð Þ � Gnw yð Þ introduced by Embrechts et al. (2013) at a sufficiently
high threshold u, Equation (3) and (4) are combined to be:

FðxÞ ¼ 1 − FðuÞð ÞGnw yð Þ þ F uð Þ: (6)

Assumed F uð Þ ¼ n−k
n , the function F xð Þ can be simplified as:

F xð Þ ¼ 1 −
k
n

� �
1þ n

x − u
w

� �−1
n

, (7)

where n denotes the total number of observations and k represents the number of exceedances.

3.5. The VaR and ES quantiles

When considering the cumulative distribution function Fð:Þ, at a specific probability q, the estimation of
VaR can be expressed as:

VaRq ¼ F−1 1 − qð Þ, (8)
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where F−1 (.) is the inverse function of Fð:Þ: By inverting Equation (8), the VaRq is given by:

VaRq ¼ xq ¼ uþ w
n

1 − q
k=n

� �−n
− 1

" #
: (9)

Since VaR solely focuses on the distribution quantile and neglecting extreme losses beyond the VaR
level, valuable information regarding the tails of the underlying distributions may be disregarded. To
address this limitation, suggested the adoption of expected shortfall (ES) denoted as:

ESq ¼ E X X > VaRq
		 


:
�

(10)

Based on (Mcneil & Frey, 2000), the value of ES can be estimated as:

ESq ¼ VaRq
1 − n

þ w − nu
1 − n

: (11)

3.6. The forecasted VaR

The 1-ahead forecasted of conditional mean l̂tþ1 and conditional variance r̂tþ1 are forecasted by
using the GARCH and HAR specifications. The 1-ahead conditional mean l̂tþ1 is given by:

l̂tþ1 ¼ â0 þ
Xp

i¼1
â1rt−iþ1 þ

Xq

j¼1
b̂jet−jþ1 , (12)

while conditional variance r̂tþ1 is forecasted by using the GARCH (1,1), EGARCH (1,1), FIEGARCH (1,1)
and HAR models. The 1-ahead VaR and ES is calculated by the POT method into the standardized resid-
uals series Zt by using the formula in Equation (9) and (11). The 1-ahead conditional VaR based on the
conditional EVT, VaRtþ1

q is given by:

VaRtþ1
q ¼ ltþ1 þ rtþ1VaRq, (13)

while the one-step-ahead forecasted ES, Estþ1
q is given by:

EStþ1
q ¼ ltþ1 þ rtþ1ESq: (14)

3.7. Backtesting procedure

To assess the VaR performance of each model, a two-stage backtesting procedure is presented. In the
initial stage of backtesting, statistical tests are applied, including the unconditional coverage test devel-
oped by Kupiec (1995) and conditional coverage tests introduced by Christoffersen (1998). The Kupiec
likelihood-ratio (LR) test evaluates the VaR models based on the violation ratio (VR), which is defined as
follows:

VR ¼ N
pH

, (15)

where N ¼ PTþH
t¼Tþ1 Irðrt < VaR1−ptjt−1Þ and pH are the theoretical and the actual number of violations. A vio-

lation is said to be violated if the realized return value lies lower than the estimated VaRðrt < VaR1−ptjt−1Þ:
The LR test statistic is given as:

LR ¼ 2ln
f̂
N
1 − f̂ð ÞH−N

pN 1 − pð ÞH−N : (16)

The unconditional coverage test which also known as the Kupiec POF test is used to check whether
the violations’ proportion obtained, p̂ is significantly different from the expected proportion, p: Given
that the probability of exceedance is constant, the number of VaR violations, T1 ¼

PT
t¼1 It follows a

binomial distribution where T is the total number of observations. The VaR (p) measure is said to be
accurate if the unconditional coverage p̂ ¼ T1

T is equal to p% and the null hypothesis, H0 is given by
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H0 ¼ p̂ ¼ p: The likelihood ratio statistics used to perform Kupiec POF test is given by:

LRUC ¼ 2 log ðp̂T1 1 − p̂ð ÞT−T1Þ − log ðpT1ð1 − pÞT−T1ÞÞ:
�

(17)

This study also utilized the conditional coverage test to backtest the VaR by examining the joint
evaluation of unconditional coverage and serial independence. The test statistics combine the sum of
the individual test statistics for unconditional coverage and serial independence, denoted as LRCC ¼
LRUC þ LRIND: The LRIND assesses whether exceptions are statistically independent of one another. The
conditional coverage joint test, LRCC ¼ LRUC þ LRIND mainly examine the percentage of exception
whether it is statistically equal to the actual proportion, p and whether the exceptions are statistically
independent of based on the independence’s indicator. Therefore, the null hypothesis of the actual pro-
portion, p and statistically independence is given by H0 : p01 ¼ p11 ¼ p: The test statistics of the condi-
tional coverage test is given by:

LRCC ¼ 2 log ðp̂T01
01 1 − p̂01ð ÞT00 p̂T11

11 1 − p̂11ð ÞT10Þ − log ðpT01þT11ð1 − pÞT00þT10Þ
� �

: (18)

In addition, the models that passed the UC and CC test will be tested again by using the Regulatory
Loss Function (RLF) and the Firm’s Loss Function (FLF). The RLF function, as proposed in the work of
Lopez (1998), quantifies the disparity between the predicted VaR and the actual returns, while consider-
ing a collection of regulatory restrictions defined by:

RLF ¼ 1þ VaRt − rtð Þ2 if rt < VaRt ,
0 if rt � VaRt:

(
(19)

The loss function proposed by Sarma et al. (2003), known as the FLF (Firm Loss Function), imposes a
penalty on regular days by considering the potential cost linked to the capital allocated by the company
for the purpose of risk management, as expressed by:

FLF ¼ VaRt − rtð Þ2 if rt < VaRt ,
-bVaRt if rt � VaRt:

(
(20)

To validate the ES through backtesting, the utilization of a traffic light approach was implemented, as
introduced by the Basel Committee on Banking Supervision (1996). This study applied the same
approach to backtest the ES introduced by Costanzino and Curran (2015) to evaluate the adequacy of
the ES by measuring the number of breaches of the ES threshold over a given investment period. In this
method, a breach occurs when the actual loss exceeds the ES estimate, and the method measures the
severity of the breach by considering the difference between the actual loss and the ES estimate.
The larger value of conditional indicates more severe breaches. A condition of zero indicates no
breaches, while a positive generalized breach (GB) value indicates that the ES estimate was exceeded on
average. The null hypothesis, H0 stated that the ES estimate model is accurate if the expected losses
calculated from the ES estimate are consistent with the actual losses incurred. If the actual losses exceed
the expected losses by a significant amount, then the H0 is rejected, indicating that the ES estimate is
inaccurate and needs to be revised.

4. Results

4.1. Preliminary analysis

The skewness coefficients in Tables 1 and 2 indicate negative values for daily returns and positive values
for intraday returns. The Jarque–Bera statistics indicate that the data deviates from normality for all stock
market indices. The value of kurtosis greater than three shows that the daily returns for all stock market
series have heavier tails compared to a normal distribution. In Table 2, the log RVt for all stock
markets also exhibit the excess value of kurtosis. However, the kurtosis value for daily returns, rt is
higher compared to the log RVt which mean the tail of low-frequency data is fatter than the tails of
high-frequency data.
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In terms of the graphical illustration, the QQ plot depicted in Figure 1 shows that there is an exist-
ence of heavy-tailed in the data series. The depiction of daily log-returns denoted as rt reveals an asym-
metrical perspective of tail distribution, with notably greater deviations observed in the realm of
extreme negative returns compared to the expectations of a Gaussian distribution. In contrast, for the
log RVt , the Q-Q plot exhibits a right-skewed curve, implying that the predominance of extremes pri-
marily lies within the right tail. The clear concavity in both daily and intraday returns is the strong signal
of the heavy tailed presence in all data series, even though the intraday series displays stronger volatility
periodicity patterns compared to the daily return series.

4.2. Empirical analysis

In specific applications of EVT such as modeling exceptional occurrences in finance, the assumption of
independence and identical distribution (iid) is appropriate. Because the EVT assumes iid observations, the
original return series cannot be applied directly but must be filtered to make sure it follows an iid distribu-
tion. In this study, the standardized residuals filtered from GARCH, EGARCH and HAR model were tested
by using the ARCH-LM, Q and Q2 statistics to make sure that it follows iid observations. The findings are
displayed in Tables 3 and 4 which indicate that the ARCH-LM, Q, and Q2 tests yield insignificant results.
This implies that the filtered standardized residuals series does not demonstrate serial dependence, in
other words, free from serial correlation and conditional heteroskedasticity. Therefore, these filtered stand-
ardized residuals series are now assumed to be iid, making them suitable to be used in the EVT analysis.
The filtered standardized residual series were estimated from January 1, 2014, to December 31, 2019, rep-
resenting the non-crisis period, as well as the crisis years from January 1, 2020, to April 30, 2022.

In the second phase of data analysis utilizing EVT, the POT method was employed. This involved
using the GPD distribution to estimate the tails of the data series. The in-sample filtered standardized
residual series were estimated using conditional EVT models from January 1, 2014, to December 31,
2019, representing the non-crisis period, as well as the crisis years from January 1, 2020, to April 30,
2022. The threshold, u for each residual was determined by utilizing the following mean excess function
(MEF) given by:

MEF uð Þ ¼
Pn

i¼1 Xi − uð ÞPn
i¼1 IðXi>uÞ

, (21)

where n represents the total number of in-sample observations. The selection of each threshold u occurs
when the MEF plot reaches a satisfactory level of linearity. The range of possible values for all chosen u

Table 1. Summary statistics of daily log-returns, rt:
Statistics DJIA FTSE100 BVSP MERVAL

Mean 0.0003 0.0001 0.0004 0.0014
Standard Deviation 0.0113 0.0103 0.1302 0.0262
Skewness −1.055 −0.8968 −0.9807 −3.3124
Kurtosis 25.27 13.35 13.54 56.31
Min −0.1384 −0.1151 −0.1599 −0.4769
Max 0.1076 0.0867 0.0165 0.0977
Jarque–Bera 56023 15919 15996 270840�� �� �� ��
The � and �� represent the significant value of p at 5% and 1% level, respectively.

Table 2. Summary statistics of intraday returns, log RVt:
Statistics DJIA FTSE100 BVSP MERVAL

Mean −5.09 −4.446 −4.654 −3.913
Standard Deviation 6.95E-01 0.35228 0.31955 0.34047
Skewness 1.3135 1.1183 0.36919 0.72201
Kurtosis 6.5186 3.522 2.4186 2.3665
Min −6.8668 −5.3509 −5.8959 −4.7731
Max 1.2606 −2.1967 −2.6653 −1.2614
Jarque–Bera 4330.2 1521.7 544.37 612.28�� �� �� ��
The � and �� represent the significant value of p at 5% and 1% level, respectively.
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in this study were analyzed by using the R-programming code. The GPD parameters, n and w, were esti-
mated for each selected u by using the maximum likelihood method. The resulting u, the number of
exceedances (k), and the estimated parameters n and w are presented in Tables 5 and 6. The uncondi-
tional VaRq and ESq are calculated by using the formula given in Equations (9) and (11) at 95% and 99%
confidence level.

4.3. Backtesting VaR

The assessment of various volatility models for daily and intraday returns, in both normal and crisis
times, has relied on the utilization of the violation ratio (VR) as an evaluative measure. According to the
guidelines provided by Danielsson (2011), a VR value within the range of [0.8,1.2] indicates a good fore-
cast. However, the VR values outside this range suggest an imprecise or not good model. Nevertheless,
the VR within [0.5,0.8] or [1.2,1.5] is still acceptable. Based on the results presented in Table 7, most of
the HAR-type models combined with EVT are precise and acceptable to be used in the VaR forecast.
Next, Tables 8 and 9 reveal the VaR backtesting results by using UC and CC test. Based on the result,
during normal and crisis period, all high-frequency HAR models accepted the null hypothesis at a 5%
significance level which implies that the corresponding high-frequency VaR models have adequate

Figure 1. Q-Q Plot of daily returns, rt and intraday returns, log RVt:
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forecasting ability. The low-frequency models of GARCH-EVT and EGARCH-EVT reject the null hypothesis
at 5% significance level which means the low-frequency models combined with EVT are not suitable to
forecast the VaR during both normal and crisis period.

Table 3. The heteroskedasticity and serial correlation test during the non-crisis period.
Stock Index Model ARCH-LM Q Q2

DJIA GARCH 0.137 [0.891] 6.899 [ 0.735] 9.89 [0.45]
EGARCH 0.090 [0.928] 6.271 [0.792] 6.99 [0.73]
FIEGARCH 0.087 [0.951] 6.130 [0.799] 6.00 [0.75]
RV- G 0.109 [0.913] 36.511 [0.00]�� 0.13 [1.00]
RV-EG 0.125 [0.901] 28.365 [0.00]�� 0.103 [1.00]
RV-FIE 0.132 [0.882] 29.213 [0.00]�� 0.11 [1.00]
HAR 0.036 [0.972] 8.595 [0.571] 23.4 [0.01]��
HAR-G 1.277 [0.208] 7.671 [0.661] 17.98 [0.06]
HAR-EG 0.085 [0.933] 8.362 [0.594] 10.793 [0.37]
HAR-FIE 0.078 [0.987] 8.024 [0.678] 9.85 [0.47]

FTSE100 GARCH 0.868 [0.386] 8.049 [0.624] 6.037 [0.812]
EGARCH 0.424 [0.671] 10.374 [0.408] 1.847 [0.997]
FIEGARCH 0.575 [0.502] 9.582 [0.495] 3.257 [0.7521]
RV-G 0.453 [0.651] 289.83 [0.00]�� 21.47 [0.02]�
RV-EG 0.298 [0.766] 283.31 [0.00]�� 21.34 [0.02]�
RV-FIE 0.127 [0.785] 2793.2 [0.00]�� 21.21 [0.00]�
HAR 1.166 [0.249] 17.676 [0.061] 2.901 [0.984]
HAR-G 1.860 [0.069] 20.597 [0.024]� 7.965 [0.632]
HAR-EG 0.286 [0.776] 25.947 [0.00]�� 4.416 [0.927]
HAR-FIE 0.252 [0.786] 24.154 [0.00]�� 3.566 [0.982]

BVSP GARCH 0.666 [0.506] 3.403 [0.970] 3.983 [0.948]
EGARCH 0.671 [0.502] 4.274 [0.934] 4.273 [0.934]
FIEGARCH 0.684 [0.522] 4.551 [0.956] 4.524 [0.954]
RV- G 1.563 [0.146] 12.226 [0.270] 13.88 [0.179]
RV-EG 1.562 [0.146] 12.199 [0.272] 13.885 [0.178]
RV-FIE 1.552 [0.141] 12.058 [0.275] 13.888 [0.177]
HAR 1.223 [0.299] 7.113 [0.715] 16.31 [0.091]
HAR-G 1.298 [0.257] 7.150 [0.711] 17.45 [0.065]
HAR-EG 1.183 [0.325] 6.965 [0.729] 15.154 [0.127]
HAR-FIE 1.152 [0.381] 6.825 [0.735] 15.112 [0.129]

MERVAL GARCH 0.996 [0.319] 10.887 [0.366] 6.022 [0.813]
EGARCH 0.873 [0.383] 10.642 [0.386] 8.931 [0.539]
FIEGARCH 0.789 [0.254] 10.588 [0.389] 8.526 [0.556]
RV-G 1.018 [0.309] 212.5 [0.00]�� 17.225 [0.070]
RV-EG 0.876 [0.382] 202.4 [0.00]�� 15.937 [0.101]
RV-FIE 0.855 [0.389] 201.2 [0.00]�� 15.248 [0.125]
HAR 1.614 [0.112] 11.09 [0.35] 21.02 [0.021]�
HAR-G 0.545 [0.589] 12.30 [0.27] 18.45 [0.048]�
HAR-EG 1.067 [0.291] 12.44 [0.26] 3.9127 [0.951]
HAR-FIE 1.099 [0.282] 12.687 [0.26] 3.8251 [0.988]

Table 4. The heteroskedasticity and serial correlation test during the crisis period.
Model Stock Index ARCH-LM Q Q2 Stock Index ARCH-LM Q Q2

GARCH DJIA 1.190 [0.235] 13.328 [0.206] 3.627 [0.963] BVSP 0.615 [0.539] 14.580 [0.148] 6.107 [0.806]
EGARCH 0.233 [0.816] 12.853 [0.232] 3.869 [0.953] 0.844 [0.399] 12.164 [0.274] 7.796 [0.649]
FIEGARCH 0.263 [0.805] 12.921 [0.204] 3.799 [0.968] 0.754 [0.421] 11.258 [0.280] 6.847 [0.795]
RV- G 1.515 [0.131] 69.817 [0.00]�� 41.6 [0.00]�� 0.188 [0.851] 21.415 [0.018]� 19.36 [0.04]�
RV-EG 1.529 [0.127] 46.851 [0.00]�� 30.4 [0.00]�� 0.238 [0.812] 21.984 [0.015]� 17.77 [0.059]
RV-FIE 1.623 [0.118] 45.267 [0.00]�� 29.3 [0.00]�� 0.197 [0.857] 20.256 [0.014]� 17.22 [0.051]
HAR 0.773 [0.452] 28.387 [0.00]�� 16.2 [0.093] 0.413 [0.685] 12.223 [0.270] 9.252 [0.508]
HAR-G 0.400 [0.701] 26.597 [0.00]�� 16.84 [0.078] 0.072 [0.944] 26.177 [0.00]�� 6.107 [0.806]
HAR-EG 0.093 [0.929] 30.008 [0.00]�� 10.62 [0.388] 0.102 [0.921] 14.982 [0.133] 6.632 [0.760]
HAR-FIE 0.088 [0.935] 29.877 [0.00]�� 9.985 [0.392] 0.098 [0.935] 12.257 [0.087] 6.524 [0.779]
GARCH FTSE100 0.542 [0.588] 19.503 [0.03]� 29.7 [0.00]�� MERVAL 0.345 [0.730] 6.014 [0.814] 15.88 [0.103]
EGARCH 1.293 [0.197] 18.888 [0.042]� 12.64 [0.245] 0.322 [0.747] 5.397 [0.863] 13.81 [0.182]
FIEGARCH 1.358 [0.188] 17.584 [0.052] 11.78 [0.251] 0.304 [0.758] 5.186 [0.875] 13.01 [0.199]
RV- G 4.07 [0.00]�� 62.88 [0.00]�� 34.0 [0.00]�� 4.07 [0.00]�� 62.88 [0.000]�� 34.0 [0.00]��
RV-EG 1.982 [0.05]� 52.972 [0.00]�� 31.28 [0.0]�� 1.98 [0.05]� 52.97 [0.00]�� 31.3 [0.00]��
RV-FIE 1.855 [0.05]� 48.741 [0.00]�� 30.6 [0.00]�� 1.788 [0.051] 48.7 [0.00]�� 30.6 [0.00]��
HAR 0.218 [0.830] 34.892 [0.00]�� 26.5 [0.00]�� 0.948 [0.359] 7.1032 [0.716] 8.923 [0.539]
HAR-G 1.278 [0.237] 36.751 [0.00]�� 26.3 [0.00]�� 1.019 [0.342] 6.925 [0.732] 8.232 [0.606]
HAR-EG 0.268 [0.795] 37.168 [0.00]�� 9.420 [0.493] 0.228 [0.826] 9.782 [0.460] 4.214 [0.937]
HAR-FIE 0.324 [0.705] 36.547 [0.00]�� 8.579 [0.521] 0.197 [0.855] 8.547 [0.528] 3.887 [0.948]

The � and �� represent the significant value of p at 5% and 1% level, respectively.
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Since HAR type-models passed all the first stage backtesting procedure by using the statistical test of
the UC and CC test, these models will be tested again by using the RLF and FLF lost function on the
VaR accuracy. In Table 10, during the normal period, the HAR-EVT model exhibits better performance
than alternative HAR models in forecasting VaR. Conversely, in the period of crisis, the HAR-EGARCH-EVT
model demonstrated the most superior performance by achieving the lowest values for both the RLF
and FLF loss functions.

4.4. Backtesting ES

Based on the results obtained in Table 11, the low-frequency conditional EVT models have produced a
larger value of GB, which indicates that there are severe breaches in the data. Additionally, the ES esti-
mate is inaccurate based on the significant p-value. If the p-value is significant, the H0 is rejected, sug-
gesting that the low-frequency conditional EVT models are not adequate for accurately estimating the
ES during a non-crisis period. However, during the crisis period, it shows that the low-frequency

Table 5. The GPD parameter estimates during non-crisis period (2014–2019).

Risk Model Index n w

VaR ES

Index n w

VaR ES

0.95 0.99 0.95 0.99 0.95 0.99 0.95 0.99

GARCH DJIA 0.232�� 0.004�� 0.012 0.019 0.017 0.026 BVSP 0.139�� 0.210�� 0.44 0.809 0.677 1.105
EGARCH 0.212� 0.004�� 0.012 0.019 0.017 0.026 0.141� 0.209� 0.44 0.808 0.677 1.105
FIEGARCH 0.212� 0.004�� 0.012 0.019 0.017 0.026 0.117�� 0.219�� 0.431 0.81 0.674 1.103
RV- G 0.846�� 0.078�� 0.467 0.689 0.886 2.325 0.139�� 0.210�� 0.44 0.809 0.677 1.105
RV-EG 0.902� 0.071�� 0.465 0.676 1.061 3.221 0.141�� 0.209�� 0.44 0.808 0.677 1.105
RV-FIE 0.916� 0.070�� 0.464 0.673 1.139 3.62 0.117� 0.219�� 0.431 0.81 0.674 1.103
HAR −0.665� 0.368�� 0.347 0.41 0.385 0.423 −0.573� 0.270� 0.438 0.595 0.533 0.633
HAR-G −0.70�� 0.382�� 0.371 0.429 0.407 0.441 −0.758� 0.346� 0.475 0.622 0.565 0.648
HAR-EG −0.94�� 0.513�� 0.379 0.416 0.402 0.421 −0.489� 0.254�� 0.448 0.611 0.546 0.655
HAR-FIE −0.66�� 0.362�� 0.31 0.372 0.348 0.386 −0.67�� 0.307�� 0.456 0.597 0.542 0.626
GARCH FTSE −0.230� 0.007�� 0.014 0.024 0.02 0.028 MERVAL −0.087� 0.013�� 0.036 0.056 0.048 0.066
EGARCH −0.276� 0.008�� 0.014 0.024 0.02 0.029 −0.077� 0.013�� 0.037 0.056 0.049 0.067
FIEGARCH −0.250� 0.007�� 0.014 0.024 0.02 0.028 −0.057� 0.012�� 0.037 0.056 0.048 0.066
RV- G 0.197�� 0.166�� 0.53 0.831 0.728 1.103 −0.096� 0.261� 0.594 0.988 0.835 1.194
RV-EG 0.218� 0.159� 0.532 0.825 0.726 1.1 −0.136� 0.280� 0.588 1 0.839 1.202
RV-FIE 0.219�� 0.159� 0.53 0.821 0.723 1.096 −0.121� 0.274� 0.582 0.99 0.831 1.195
HAR −1.551� 0.086� 0.441 0.483 0.469 0.485 −0.785� 0.432� 0.693 0.866 0.799 0.896
HAR-G 0.095� 0.019� 0.485 0.527 0.511 0.558 −0.600� 0.355�� 0.736 0.92 0.848 0.963
HAR-EG −2.279� 0.326�� 0.495 0.539 0.526 0.539 −0.57�� 0.351�� 0.612 0.816 0.735 0.866
HAR-FIE −1.217� 0.253�� 0.398 0.45 0.431 0.454 −0.78�� 0.431�� 0.664 0.838 0.771 0.869

The � and �� represent the significant value of p at 5% and 1% level, respectively.

Table 6. The GPD parameter estimates during crisis period (2020–2022).

Risk Model Index n w

VaR ES

Index
n w VaR ES

0.95 0.99 0.95 0.99 0.95 0.99 0.95 0.99

GARCH DJIA 0.394�� 0.008�� 0.023 0.051 0.044 0.09 BVSP 0.256� 0.010�� 0.029 0.056 0.047 0.084
EGARCH 0.366� 0.008�� 0.024 0.051 0.044 0.087 0.300�� 0.009� 0.029 0.056 0.048 0.087
FIEGARCH 0.366� 0.008�� 0.024 0.051 0.044 0.087 0.326�� 0.009�� 0.029 0.056 0.048 0.089
RV- G −0.128�� 0.556�� 1.071 1.683 1.444 1.986 −0.072� 0.152� 0.447 0.659 0.578 0.775
RV-EG −0.074� 0.528�� 1.093 1.772 1.51 2.142 −0.071� 0.152�� 0.447 0.66 0.578 0.777
RV-FIE −0.094� 0.547�� 1.093 1.772 1.51 2.142 −0.058� 0.147�� 0.439 0.651 0.57 0.77
HAR −0.492� 0.992�� 0.921 1.178 1.076 1.248 −1.072� 0.249�� 0.31 0.34 0.329 0.344
HAR-G −0.667� 1.312�� 0.951 1.131 1.06 1.168 −2.231� 0.358�� 0.317 0.327 0.324 0.327
HAR-EG −0.74�� 1.301�� 0.95 1.088 1.035 1.114 −2.126� 0.344�� 0.291 0.302 0.299 0.302
HAR-FIE −0.43�� 0.916�� 0.996 1.286 1.171 1.373 −2.696� 0.479�� 0.335 0.342 0.34 0.342
GARCH FTSE 0.240�� 0.007� 0.024 0.042 0.036 0.059 MERVAL −0.081� 0.021� 0.047 0.076 0.064 0.091
EGARCH 0.216�� 0.007� 0.022 0.04 0.034 0.056 −0.140� 0.023�� 0.048 0.077 0.065 0.09
FIEGARCH 0.168�� 0.008� 0.022 0.04 0.034 0.055 −0.11�� 0.022�� 0.049 0.077 0.066 0.092
RV- G −0.147� 0.576� 0.952 1.654 1.379 1.99 −0.152� 0.267� 0.575 0.888 0.765 1.036
RV-EG −0.096� 0.515�� 0.903 1.592 1.324 1.954 −0.145� 0.266�� 0.571 0.886 0.762 1.038
RV-FIE −0.092� 0.506�� 0.899 1.582 1.317 1.943 −0.13�� 0.260�� 0.586 0.905 0.781 1.062
HAR −0.037� 0.300�� 0.645 1.082 0.914 1.336 −0.197� 0.226� 0.424 0.635 0.552 0.728
HAR-G 0.811�� 0.109�� 0.671 2.547 3.668 13.604 0.189� 0.141�� 0.407 0.797 0.663 1.144
HAR-EG −0.045� 0.305�� 0.713 1.147 0.98 1.395 0.046�� 0.169�� 0.497 0.807 0.691 1.016
HAR-FIE −0.039� 0.302�� 0.713 1.15 0.983 1.404 −0.213� 0.232�� 0.445 0.653 0.571 0.742

The � and �� represent the significant value of p at 5% and 1% level, respectively.
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conditional EVT models are accurate to be used in estimating the ES. The high-frequency conditional
EVT models generate lower values of the GB which suggests that the actual losses are closer to the
expected losses calculated from the ES estimate, indicating that the ES estimate is more accurate. The
bold figure shows the accurate ES measure by using the HAR-type models.

Table 7. The VaR violation ratios of the Conditional-EVT Model.
Stock Index Low-frequency Normal Crisis High-frequency Normal Crisis

DJIA G-EVT 10.45 9.63 RV-G-EVT 9.88 11.11
EG-EVT 10.86 11.03 RV-EG-EVT 9.79 9.55
FIEGARCH 10.53 RV-FIEG-EVT 9.71 9.55

HAR-EVT 1.51 1.05
HAR-G-EVT 2.26 2.00
HAR-EG-EVT 1.89 4.00
HAR-FIEG-EVT 8.00 2.00

FTSE G-EVT 10.95 10.56 RV-G-EVT 9.68 11.59
EG-EVT 10.48 10.87 RV-EG-EVT 10.00 10.56
FIEGARCH 10.48 11.67 RV-FIEG-EVT 10.00 10.00

HAR-EVT 1.13 2.00
HAR-G-EVT 0.97 4.00
HAR-EG-EVT 1.61 6.00
HAR-FIEG-EVT 9.43 2.00

BVSP G-EVT 0.74 0.66 RV-G-EVT 12.43 9.22
EG-EVT 10.54 10.37 RV-EG-EVT 10.70 10.78
FIEGARCH 10.78 11.11 RV-FIEG-EVT 10.70 11.77

HAR-EVT 1.13 0.69
HAR-G-EVT 0.76 5.52
HAR-EG-EVT 1.51 6.00
HAR-FIEG-EVT 0.38 6.00

MERVAL G-EVT 10.08 10.62 RV-G-EVT 9.60 11.61
EG-EVT 10.08 9.88 RV-EG-EVT 9.68 11.28
FIEGARCH 10.24 10.53 RV-FIEG-EVT 3.17 11.08

HAR-EVT 0.38 2.00
HAR-G-EVT 0.76 1.43
HAR-EG-EVT 0.38 2.14
HAR-FIEG-EVT 1.51 2.14

The bold figure represents the performance is acceptable and good.

Table 8. The UC and CC test statistics of the Conditional-EVT Model during normal period.

Index Low-freq

LRUC LRCC

High-freq

LRUC LRCC

Stat p Stat p Stat p Stat p

DJIA G-EVT 436.45 0 438.03 0 RV-G-EVT 394.76 0 394.77 0
EG-EVT 467.21 0 468.71 0 RV-EG-EVT 388.94 0 388.94 0
FIEG-EVT 442.53 0 450.23 0 RV-FIEG-EVT 383.15 0 383.19 0

HAR-EVT 0.63 0.43 0.63 .73
HAR-G-EVT 3.33 0.07 3.33 .19
HAR-EG-EVT 1.76 0.19 1.76 .42
HAR-FIE-EVT 79.36 0 79.39 0

FTSE G-EVT 460.51 0 461.21 0 RV-G-EVT 395.2 0 395.2 0
EG-EVT 454.41 0 454.42 0 RV-EG-EVT 418.5 0 422.58 0
FIEG-EVT 448.35 0 450.57 0 RV-FIEG-EVT 400.98 0 402.02 0

HAR-EVT 0.05 0.83 0.05 .98
HAR-G-EVT 0 0.95 0 1
HAR-EG-EVT 1.04 0.31 1.83 0.4
HAR-FIE-EVT 2.011 0.156 2.017 .365

BVSP G-EVT 442.53 0 442.55 0 RV-G-EVT 591.75 0 592.59 0
EG-EVT 460.99 0 469.58 0 RV-EG-EVT 454.8 0 464.89 0
FIEG-EVT 454.8 0 459.47 0 RV-FIEG-EVT 454.8 0 459.47 0

HAR-EVT 0.05 0.83 0.05 .98
HAR-G-EVT 0.18 0.67 0.18 .91
HAR-EG-EVT 0.63 0.43 2.18 .34
HAR-FIE-EVT 1.404 0.24 1.41 .494

MERV G-EVT 424.41 0 468.68 0 RV-G-EVT 389.46 0 421.49 0
EG-EVT 424.41 0 424.41 0 RV-EG-EVT 395.2 0 427.67 0
FIEG-EVT 436.31 0 481.48 0 RV-FIEG-EVT 40.88 0 46.15 0

HAR-EVT 1.4 0.24 1.41 0.49
HAR-G-EVT 0.18 0.67 0.18 .91
HAR-EG-EVT 1.4 0.24 1.41 .49
HAR-FIE-EVT 1.404 0.24 1.41 .494

The bold figures mean the null hypothesis is accepted based on p-value above 5% and critical values less than 3.841 which implies that the
corresponding VaR model has adequate forecasting ability.
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5. Discussion

The result provided in the previous section shows that for VaR forecast, the result of the the first stage
basktesting procedure reveal that the HAR-EVT typed-models outperformed other risk models that apply
the GARCH and RV specification with EVT. Furthermore, the result from the second stage of the bactest-
ing procedure shown that among all hybrid version of HAR-EVT models, the HAR-EGARCH-EVT model
exhibits superior performance in forecasting the VaR during both normal and crisis period as summar-
ized in Table 12.

On the other hand, based on the ES forecast, during the non-crisis period, based on samples of DJIA
and FTSE indices, the result shows insignificant values, suggesting that the HAR specification models
combined with EVT are adequate in estimating the ES during the non-crisis period. This result is consist-
ent with the VaR forecast result where HAR-EVT typed models outperformed other models in estimating

Table 9. The UC and CC test statistics of the Conditional-EVT Model during crisis period.

Index Low-freq

LRUC LRCC

High-freq

LRUC LRCC

Stat p Stat p Stat p Stat p

DJIA G-EVT 377.39 0 379.82 0 RV-G-EVT 486.06 0 487.2 0
EG-EVT 479.75 0 484.65 0 RV-EG-EVT 371.67 0 372.73 0
FIEG-EVT 442.53 0 447.125 0 RV-FIEG-EVT 371.667 0 372.223 0

HAR-EVT 0 0.96 0.02 .99
HAR-G-EVT 0.41 0.52 0.46 .8
HAR-EG-EVT 2.8 0.1 2.81 .25
HAR-FIE-EVT 0.413 0.52 0.456 .796

FTSE G-EVT 460.51 0 463.94 0 RV-G-EVT 542.66 0 544.34 0
EG-EVT 485.21 0 485.48 0 RV-EG-EVT 460.51 0 460.85 0
FIEG-EVT 549.2 0 551.479 0 RV-FIEG-EVT 418.504 0 419.791 0

HAR-EVT 0.41 0.52 0.46 .8
HAR-G-EVT 2.8 0.1 2.81 .25
HAR-EG-EVT 6.48 0.01 6.5 .04
HAR-FIE-EVT 0.413 0.52 0.456 .796

BVSP G-EVT 430.39 0 432.31 0 RV-G-EVT 349.1 0 373.45 0
EG-EVT 424.37 0 426.29 0 RV-EG-EVT 460.99 0 466.66 0
FIEG-EVT 486.06 0 486.932 0 RV-FIEG-EVT 537.818 0 541.88 0

HAR-EVT 0.16 0.69 0.18 .92
HAR-G-EVT 15.92 0 18.55 0
HAR-EG-EVT 6.48 0.01 6.48 .04
HAR-FIE-EVT 29.26 0 29.26 0

MERV G-EVT 448.65 0 448.79 0 RV-G-EVT 524.68 0 524.73 0
EG-EVT 394.76 0 398.2 0 RV-EG-EVT 498.8 0 503.46 0
FIEG-EVT 442.53 0 448.275 0 RV-FIEG-EVT 459.951 0 460.297 0

HAR-EVT 0.04 0.84 0.46 .8
HAR-G-EVT 0.24 0.62 0.24 .89
HAR-EG-EVT 1.47 0.23 1.47 .48
HAR-FIE-EVT 1.471 0.225 1.471 .479

The bold figure means the null hypothesis is accepted based on p-value above 5% and critical values of 3.841 which implies that the corre-
sponding VaR model has adequate forecasting ability.

Table 10. The RLF and FLF values.

Stock Index Models

Non-crisis Crisis

RLF FLF RLF FLF

DJIA HAR-EVT 0.0706 0.1740 0.1900 0.3460
HAR-G-EVT 0.0002 0.2550 0.1630 0.3340
HAR-EG-EVT 0.0087 0.2300 0.1530 0.3130
HAR-FIEG-EVT 0.0797 0.1920 0.0796 0.0782

FTSE HAR-EVT 0.0906 0.1750 0.0334 0.0320
HAR-G-EVT 0.0901 0.1780 0.0314 0.0300
HAR-EG-EVT 0.0962 0.1830 0.0285 0.0270
HAR-FIEG-EVT 0.1140 0.2020 0.6010 0.5990

BVSP HAR-EVT 0.0011 0.0000 0.2970 0.3470
HAR-G-EVT 0.0011 0.2350 0.1560 0.2240
HAR-EG-EVT 0.0000 0.0000 0.0557 0.0549
HAR-FIEG-EVT 0.0016 0.2270 0.1460 0.2070

MERVAL HAR-EVT 0.0503 0.1530 0.0431 0.1050
HAR-G-EVT 0.0543 0.1510 0.0391 0.1000
HAR-EG-EVT 0.0006 0.0046 0.0400 0.1020
HAR-FIEG-EVT 0.0596 0.1760 0.0823 0.1640
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the risk. However, during the crisis period, GARCH-EVT, EGARCH-EVT and FIEGARCH-EVT show insignifi-
cant values and suitable to estimate expected shortfall with higher severity of the breach. There is no
breach detected in the HAR-EVT typed models during the crisis period. The result is not consistent with
the VaR forecast. The reason might be because the small sample of sizes used to forecast the ES during
the crisis period make it difficult to detect the number of breaches by using HAR specification that
based on monthly and weekly data.

This research findings also provide practitioners and policymakers with the best volatility forecast
model to be used during any extreme market sudden event. There are unique features possessed by
high-frequency data but lacking in low-frequency data which make it more suitable to be used in the
current volatility estimation model. The findings of this research study are also beneficial to market par-
ticipants, especially those who engage in high-frequency trading to utilize the RV and HAR models as
well the application of the EVT model to measure the potential risks and detect any vulnerabilities in
financial systems especially during a sudden market crash. In the context of economic sustainability, the
research findings help to provide an accurate risk model which will help in reducing the unanticipated
risk in the stock market and maintain the stability of financial systems thus sustaining the global eco-
nomics. Furthermore, this research study will provide insights into the superiority of high-frequency data
in comparison to low-frequency data. An increase in high-frequency research has the potential to propel
future technological advancements, particularly in artificial intelligence (AI) and machine learning. This
surge could notably bolster the processing of high-frequency data by streamlining and automating the
analysis procedures. Larger data volumes can be handled in a more efficient and precise manner,

Table 11. The backtesting procedure of expected shortfall.

Stock Index Risk Model

Non-crisis Crisis

GB z p GB z p

DJIA G-EVT 43.37 95.47 0 8.31 0.47 .64
EG-EVT 43.37 95.47 0 8.31 0.48 .63
FIEG-EVT 43.37 95.47 0 8.31 0.47 .64
RV-G-EVT 2 −231.14 0 0 −64.55 0
RV-EG-EVT 2 −231.14 0 0 −64.55 0
RV-FIEG-EVT 2 −231.14 0 0 −64.55 0
HAR-EVT 1.84 0.29 .77 0 −5.53 0
HAR-G-EVT 1.84 0.29 .77 0 −5.53 0
HAR-E-EVT 1.84 0.29 .77 0 −5.53 0
HAR-F-EVT 1.95 1.21 .23 0 −5.53 0

FTSE G-EVT 27 −36.53 0 7.71 −5.22 0
EG-EVT 23.08 −67.47 0 11.28 22.95 0
FIEG-EVT 23.88 −61.19 0 10.74 18.65 0
RV-G-EVT 4.62 −211.83 0 0 −65.73 0
RV-EG-EVT 4.62 −211.84 0 0 −65.73 0
RV-FIEG-EVT 4.62 −211.86 0 0 −65.73 0
HAR-EVT 1.83 0.45 .63 0 −5.72 0
HAR-G-EVT 1.84 0.46 .64 0 −5.72 0
HAR-E-EVT 1.83 0.46 .64 0 −5.72 0
HAR-F-EVT 1.83 0.46 .64 0 −5.72 0

BVSP G-EVT 6.8 −188.27 0 9.58 11.07 0
EG-EVT 6.81 −188.26 0 9.17 7.87 0
FIEG-EVT 7.73 −180.95 0 9.17 7.84 0
RV-G-EVT 1.99 −226.31 0 0.99 −56.33 0
RV-EG-EVT 1.99 −226.31 0 0.99 −56.33 0
RV-FIE-EVT 1.99 −226.31 0 0.99 −56.33 0
HAR-EVT 0.99 −6.18 0 0 −5.72 0
HAR-G-EVT 0.99 −6.17 0 0 −5.72 0
HAR-E-EVT 1 −6.15 0 −0.81 −12.09 0
HAR-F-EVT 0.99 −6.16 0 0 −5.72 0

The significance level used in this analysis is 5% significance level. The bold figures show that the ES models are accurate.

Table 12. The best performance models based on the VaR forecast.
Total Non-crisis Crisis

HAR-EVT 2 0
HAR-G-EVT 2 2
HAR-EG-EVT 4 4
HAR-FIEG-EVT 0 1

The bold figure represents the best performing model.
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obtaining more valuable information and trends faster than traditional methods. Over time, the prospect
of diminishing the overall cost associated with processing high-frequency data is highly probable. This
reduction could make data processing more accessible and affordable for smaller-scale and individual
investors.

6. Conclusion

The utilization of daily returns for risk prediction through EVT has experienced a significant transform-
ation, transitioning from the traditional EVT approach to the more advanced hybrid method called a
conditional EVT model. The research on how the conditional EVT outperforms other models is still
ongoing until 2023 with different hybrid methods among all available risk models. The emergence of
high-frequency data contributes to another area of research on the efficiency of the low-frequency con-
ditional EVT models compared to the high-frequency conditional EVT models. Researchers discovered
that, for the most part, when high-frequency data was compared, the conditional EVT exhibited superior
performance as discussed earlier in the literature review. Many investigations have been carried out to
validate the advantages of integrating the RV specification into a hybrid model alongside the EVT
method. The result from this study highlighted that high-frequency conditional EVT models can surpass
low-frequency conditional EVT models in risk forecasting the VaR and ES. The summary result suggests
that all models that combined the HAR specification with EVT have passed all first stage VaR backtesting
procedure during both non-crisis and crisis periods which concludes that the combination of the HAR
model and EVT approach can produce precise predictions of market risk, especially during sudden mar-
ket crashes such as the COVID-19 pandemic period.

This research study contributes to the theoretical and practical implications in terms of its findings.
Theoretically, this study differs from previous research and contributes to current literature on the fore-
casting ability of risk models by concentrating on the hybrid model of long-memory models (FIEGARCH,
RV-FIEGARCH and HAR-FIEGARCH) for various types of data (daily and intraday returns) with the EVT
approach. This research filled the gap by introducing the exponential variant of the fractionally inte-
grated RV model, known as the RV-FIEGARCH model that not only encompasses the long-memory
aspect but also accounts for the asymmetric effects in the return series. In addition to this, the research
study also implemented the HAR framework, by utilizing the daily, weekly, and monthly data within the
exponential fractionally integrated RV model, referred to as the HAR-RV-FIEGARCH model, to assess its
potential in enhancing the accuracy of forecasting particularly during periods of crisis and stability. The
result of this research verifies that the HAR specifications combined with the EVT approach including the
HAR-FIEGARCH-EVT outperformed other risk models during periods of for both developed and emerging
markets.
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