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Can jumps improve the futures margin level? An
empirical study based on an SE-SVCJ-GPD model

Yan Chen and Lei Zhang

Hunan Key Laboratory of Data Science & Blockchain, Business School, Hunan University,
Changsha, China

ABSTRACT
In addition to the characteristics of leptokurtic fat-tailed distribu-
tion, financial sequences also exhibit typical volatility and jumps.
Moreover, jumps exhibit self-exciting and clustering characteristics
under extreme events. However, studies on dynamic margin levels
often ignore jumps. In this study, we combine the self-exciting
stochastic volatility with correlated jumps (SE-SVCJ) model with a
generalized Pareto distribution (GPD) to measure the optimal
margin level for the stock index futures market. Value at risk (VaR)
is estimated and forecasted using the SE-SVCJ-GPD, SVCJ-GPD,
and generalized autoregressive conditional heteroskedasticity with
GPD (GARCH-GPD) models. SE-SVCJ-GPD can undertake more risks
in the long or short trading position of stock index futures con-
tracts. Moreover, the backtesting experiment results show that
the SE-SVCJ-GPD model provides a more accurate margin level
forecast than the other methods in both positions. This study’s
findings have practical significance and theoretical value for
assessing the level of risk and taking corresponding risk-preven-
tion measures.
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1. Introduction

Extreme events, such as the Asian financial crisis, the subprime mortgage crisis in the
United States, and the global COVID-19 pandemic, have a significant effect on the
global financial market (Goodell, 2020; Iglesias, 2022), and investors have become
more concerned about market risk (Mansor et al., 2019). Stock index futures are
products based on stock market indices. As an important investment tool in the cap-
ital market, futures products have many advantages such as hedging, reducing spot
volatility, and improving transaction quality. Investors are required to pay a certain
percentage of deposits to futures exchanges when trading stock index futures as a
financial guarantee for the performance of the futures contracts. However, setting the
margin level creates a dilemma: how should market liquidity and the probability of
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default be balanced? If the margin level is set too high, the investors’ opportunity
cost will increase, which causes less market liquidity and a lower probability of
default risk. If the margin level is set too low, the investors’ opportunity cost will
decrease, which causes more market liquidity and a larger probability of default risk.
Therefore, academia has devoted much time to exploring more accurate margin level
forecasts in their exploration of management risk.

The traditional characteristics of financial time series, such as leptokurtic fat-tailed
distribution, asymmetry, and bias, are well known. GARCH or SV models describe
these properties well. However, numerous studies have confirmed the importance of
jumps (Akgiray & Booth, 1988, Tucker & Pond, 1988, Hsieh, 1989). In existing
research, the common treatment method combines the jump structure with the
GARCH or SV models. The GARCH or SV models explain the steady fluctuation of
financial asset returns, whereas the jump structure captures the large discrete changes
in asset returns. Contemporaneous studies have also shown the importance of jumps,
such as providing more explanations for portfolios (Aït-Sahalia, 2004), and more
accurate VaR predictions (Duffie & Pan, 2001). However, studies of dynamic margin
levels often ignore jumps, therefore, this study combines extreme value theory with
the SVCJ and SE-SVCJ models that characterize jumps to dynamically measure the
optimal margin level for the index futures market. This study aims to consider jump
characteristics using a theoretical method to set the dynamic margin level. This has
practical significance and theoretical value for the stable operation of the futures mar-
ket, which can enhance the ability to resist risk and improve fund utiliza-
tion efficiency.

The remainder of this paper is organized as follows. Section 2 provides background
information and a literature review. Section 3 describes the theory and model and
Section 4 presents the experimental environment, conditions, and results. Finally,
Section 5 concludes.

2. Literature review

Research on futures margin setting has a long history, with the earliest studies being
Figlewski (1984) and Gay et al. (1986). They assumed that the distribution of stock
index futures returns obeyed a normal distribution and set the margin levels for dif-
ferent trading positions. Edwards and Neftci (1988) used time series data of futures
prices to calculate the margin exposure, and its distribution was assumed to be nor-
mal. However, the normal distribution assumption has been questioned by many
researchers. Venkateswaran et al. (1993), Longin (1996) and Broussard (2001) showed
that it underestimates the margin level, and the result is more conservative than non-
parametric statistical methods, extreme value theory, and actual probability
distribution.

As an effective financial risk measurement tool, VaR is widely used in financial
risk management (Hogenboom et al., 2015; Junior et al., 2022; Patra, 2021; Song
et al., 2021; Wang et al., 2021; Yao et al., 2022). A statistical model based on VaR can
help select the appropriate margin requirements. Booth et al. (1997) applied extreme
value theory to study the probability that the return of Finnish stock index futures
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exceeds the pre-set margin level. The results show that the margin level estimated by
extreme value theory exceeds the theoretical value and is close to the true probability.
Cotter (2001) proposed using extreme value theory to set the margin level and found
that the long and short positions of different contracts should be set at different mar-
gin levels. Moreover, this reflects the degree to which the long and short positions
bear different risks. Longin (1999) and McNeil and Frey (2000) apply statistical meth-
ods based on extreme values in different futures markets, and the probability of price
changes based on the extreme value method may help the margin-setting commit-
tee’s decision.

An important factor in setting a reasonable margin is estimating and predicting
the VaR from the time series of financial asset returns (Angelidis et al., 2004).
Volatility and residual series are key factors for calculating the VaR (Broussard,
2001). Various models have been proposed to predict volatility, such as the autore-
gressive conditional heteroscedasticity (ARCH) model proposed by Engle (1982),
GARCH model proposed by Bollerslev (1986), and stochastic volatility (SV) model. It
is important to note that financial time series, such as volatility clustering, asym-
metry, and the leverage effect, are usually non-Gaussian. Therefore, it is necessary to
set the SV model further. One direction is to combine the GARCH model with a
non-normal distribution to overcome the limitations of these financial time series;
however, this cannot solve the essential problem. Maciel (2021) and Samuel (2008)
combined extreme value theory and the Markov-switching ARCH (SWARCH) model
to describe the tail distribution of the SWARCH model. They found that their pro-
posed model is better than the SWARCH and GARCH models because it may cap-
ture non-normality and provide accurate VaR predictions from the processed
residuals. Orhan and K€oksal (2012) show that the GARCH(1,1) and student-t distri-
butions are better than the normal GARCH model distributions by comparing a com-
prehensive list of GARCH models to quantify the VaR. Chen and Yu (2020)
combined GARCH-type methods and GPD to study the optimal margin level of the
Hang Seng stock index futures, and compared them with the APARCH-t and EWMA
models. The results show that the GARCH-type methods under a GPD provide more
optimal margin levels than other models and have better one-day forecasts for long
and short positions. The second direction is to consider the jump process of return
and volatility. Duffie et al. (2000), Bates (1996) and Eraker et al. (2003) show that the
jump process of return and volatility can capture large changes in asset prices. Yu
(2004) and Carr and Wu (2017) show that one extreme volatility in the financial
market is often accompanied by the other extreme volatility, which leads to clustering
jumps. Bates (2019), Fulop et al. (2015) and Aït-Sahalia et al. (2015) proposed differ-
ent self-exciting jump diffusion models, and their studies show that the self-exciting
jump diffusion model can not only better capture return outliers, but can also
improve the predictive ability of option pricing and volatility.

Based on the abovementioned research, the futures margin level is determined by
the distribution of tail extreme values and the volatility of futures prices. Chen and
Yu (2020) shows that GPD has the strongest ability to describe the tail distribution.
This study focuses on this distribution and considers jump characteristics, whereas
the GARCH model does not consider these factors, especially self-exciting and
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clustering jumps. Based on this point of view, this study combines two models with
jumps and the GPD, depicting the tail to provide more accurate estimates and
predictions.

3. Theory and model

3.1. GARCH model

Bollerslev (1986) expanded on the ARCH model and proposed the GARCH (p,q)
model. Existing empirical research shows that the GARCH (1) model is the most
popular and best choice. The GARCH (1) model is as follows:

rt ¼ lþ rtzt
r2
t ¼ a0 þ a1z2t�1 þ b1r

2
t�1

zt�Nð0, 1Þ
(1)

where rt is the return, l is the conditional mean of the return, and rt is the condi-
tional variance.

3.2. SVCJ model versus SE-SVCJ model

The SV model appeared almost at the same time as the GARCH model; however,
because the likelihood function of the SV model is difficult to handle, the GARCH
model initially received more attention. Subsequent research has overcome the esti-
mation difficulties of the SV model, which is now considered an attractive alternative
to the GARCH model. However, a large amount of theoretical and empirical evidence
shows that the standard SV model cannot properly capture the important characteris-
tics that naturally occur in financial markets. Some scholars have considered jumps
based on the SV model to capture the non-Gaussian nature of financial asset returns.
The SVCJ model is widely used, and is expressed as follows:

rt ¼ lþ ffiffiffiffiffi
rt

p
e1t þ Zr

t J
r
t

rt ¼ rt�1 þ c h� rt�1ð Þ þ rv
ffiffiffiffiffiffiffiffiffi
rt�1

p
e2t þ ZV

t J
r
t

e1t , e
2
t�Nð0, 1Þ Jrt�Bernoulli kt ¼ k0ð Þ

(2)

where Zr
t J

r
t is the jump term for the return and volatility processes. Jrt is the Poisson

counting process and the jump intensity is constant, k0. l is the conditional mean of
the returns. rt is the volatility process, which is an unobservable state variable; The
last is the setting of the jump intensity. If the jump intensity and volatility are linear,
kt ¼ k0 þ k1rt , the model will evolve into a self-exciting SVCJ (SE-SVCJ) model.

3.3. Measuring VaR

We assume that the random variable sequence X1, X2,… , Xn is independent and
identically distributed, and the distribution function is F(x). Consider a number l
that is less than the upper bound of the sequence and define l as the threshold of
the sequence; then, Xi>l is called an exceedance. Let Yi ¼ Xi�l, then the
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distribution function of Y is expressed as follows:

FlðyÞ ¼ pðX�l � y j X>lÞ ¼ Fðlþ yÞ�FðlÞ
1� FðlÞ (3)

Pickands (1975) proved that when u ! 1, the distribution function of the
exceedance function Y can be approximated by the GPD:

Gn,rðyÞ ¼
1� 1þ n y

r

� ��1=n
, n 6¼ 0

1� exp � y
r

� �
, n ¼ 0

8><
>: (4)

where n is the shape parameter, and r is the scale parameter. When n>0, and y> 0.
When n<0, and �r=n>y>0: In addition, using formula (4), we can obtain the log-
likelihood function of the GPD:

log Lðr, n; yÞ ¼
�n logr� 1

n
þ 1

� �Xn
i¼1

log 1þ n
yi
r

� �
, n 6¼ 0

�n logr� 1
r

Xn
i¼1

log yi, n ¼ 0

8>>>><
>>>>:

(5)

In this study, the likelihood moment estimation method is used to estimate the
parameters of the GPD (Zhang, 2007), and the estimated values of the parameters n
and r are

n̂ ¼ 1
n

Xn
i¼1

log 1� bXið Þ, r̂ ¼ �n̂=b (6)

The equation for solving b is

n�1
Xn
i¼1

1þ bXið Þp�ð1�rÞ�1 ¼ 0, p ¼ rn=
Xn
i¼1

log 1þ bXið Þ,

r<1

(7)

By replacing FlðyÞ with the GPD, (3) can be expressed as

FðXÞ ¼ FðlÞ þ ð1�FðlÞÞGn̂, r̂ðX�lÞ (8)

Furthermore, we use (n-Nl)/n as an approximate estimate of F(l), where n is the
total number of observations in the sample and Nl is the number that exceeds the
threshold l in random variable sequence X. Therefore, Equation (8) can be written as

FðXÞ ¼ 1�Nl

n
1þ n̂

X�l
r̂

� ��1=n

(9)
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Therefore, when X>l, the estimated value of the tail quantile a can be obtained
using the inverse solution

X̂a ¼ lþ n̂
r̂

n
Nl

ð1� aÞ
� �� ��n̂

� 1

" #
(10)

The steps of combining the GPD and GARCH, SVCJ and SE-SVCJ models to per-
form VaR measurement are:

In the first step, the GARCH, SVCJ, and SE-SVCJ models use return data to obtain
the conditional mean l̂, volatility sequence r̂, jump sequence Ĵ , and residual
sequence X̂ :

The second step is to apply the POT theory to model the residual sequence. Under
the confidence level, the VaR prediction formula for day tþ 1 is

VaRtþ1ð1�aÞ ¼ l̂ þ r̂tþ1X̂a þ Ĵ tþ1 (11)

4. Empirical results

4.1. Empirical data

The empirical data used in this study are the daily return sequences of the main con-
tracts of the Shanghai and Shenzhen 300 (CSI 300) stock index futures, Hang Seng
stock index futures, and S&P 500 futures. The time span for the CSI 300 stock index
futures is 2012/7/24–2021/4/23. The time span for the Hang Seng stock index futures
is 2009/11/19–2021/4/23. The time span for the S&P500 futures is 2008/1/2–2021/4/
23. The left column of Figure 1 shows the return sequence diagram of the three
futures markets and the right column shows the return sequence distribution diagram
for all three markets. We find that the extreme price fluctuations of the CSI 300 stock
index futures are concentrated in the period from June to September 2015 and the
beginning of 2020. The extreme price volatility of the S&P500 futures was concen-
trated from 2008 to 2009 and in the first half of 2020, and there were significant
jumps. The right column of Figure 1 shows the distribution of the three futures mar-
kets’ return sequences, and we find that the return series all have the phenomenon of
peaks and thick tails, and there are left-biased characteristics.

4.2. Margin VaR value

Under the three models, that is, GARCH-GPD, SVCJ-GPD and SE-SVCJ-GPD, we
calculated the margin levels of the CSI 300, Hang Seng, and S&P 500 stock index
futures under the default probabilities of 0.05, 0.025 and 0.01. The VaR values of the
long and short positions for the futures of each stock index are listed in Table 1.

It can be seen from Table 1 that as the probability of default increases, the margin
level increases significantly. This result remains consistent across the three futures
markets. In general, the margin levels in the different futures markets are significantly
different. It can be observed that the CSI 300 stock index futures market has the
highest margin levels, followed by the Hang Seng Stock Index futures market, and
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the S&P 500 futures market is the smallest. We believe that one of the reasons for
this is that the CSI 300 stock index futures market has a shorter establishment time
than the Hang Seng and S&P 500 futures markets, the operation and supervision
mechanisms are not mature enough, and the market is more likely to experience high
volatility. By contrast, the VaR values obtained by the GARCH-GPD model are gen-
erally smaller than those of the SVCJ-GPD and SE-SVCJ-GPD models, which con-
sider jumps. This indicates that the GARCH model has an insufficient market risk
capture effect, and we can further consider jumps. In particular, self-exciting and
clustering jumps can improve the ability to estimate market risk. It is worth noting
that in the S&P 500 futures market, the margin level of the SVCJ-GPD model for
short positions is lower than the GARCH-GPD model under the three default proba-
bilities, but the SE-SVCJ-GPD model does not have such anomalies. The estimated
results maintain stable consistency in different markets.

To better compare the empirical effects of each model; we take the default prob-
ability of 0.01 as an example. Figure 2 shows the predicted values of the long- and
short-margin levels and the true returns of the three stock index futures markets.
during periods of high volatility, the SE-SVCJ-GPD model captures more downside
risks than the SVCJ-GPD and GARCH-GPD models for long positions, and the SE-
SVCJ-GPD model captures more upper risks than the SVCJ-GPD and GARCH-GPD
models for short positions. This shows that the SE-SVCJ-GPD model provides a

Figure 1. Campus environment detection system.
Source: Drawn by authors with the help of MATLAB software.
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more accurate prediction of the margin level than the SVCJ-GPD and GARCH-GPD
models do. The main reason for this result is that jumps are an important source of
risk in futures markets, and volatility under extreme events increases rapidly and
becomes highly persistent. Its dynamics are not sufficiently characterized by
Brownian motion alone. Therefore, the GARCH model has errors in estimating the
risk above and below.

4.3. Backtesting

To judge the predictive effect of the three types of models in this study, the failure
frequency test method was used for backtesting (Kupiec, 1995). If the VaR of the
dynamic margin for the long (short) positions is less than (greater than) the actual
returns on the day, the prediction fails once. Table 2 shows the predicted and true
values of the violation time and violation rate for the three markets under different
default levels.

In the three futures markets, the VaR and real returns are compared and analyzed
in the three futures markets. The GARCH-GPD model roughly covers the volatility
risk of a return sequence. However, when it is compared with SVCJ-GPD and SE-
SVCJ-GPD models, the prediction effect of the GPD model is still not ideal, especially
in the case of a short position, the GPD model has significant prediction errors.
Under the 0.01 default level of the Hang Seng Stock Index futures market, the margin

Table 1. Margin level estimation table for long and short positions.
CSI 300

a¼ 0.05 a¼ 0.025 a¼ 0.01

Model Mean moDel Mean Model Mean

Long position Garch-Gpd �0.0208 Garch-Gpd �0.0244 Garch-Gpd �0.0319
Svcj-Gpd �0.0234 Svcj-Gpd �0.0268 Svcj-Gpd �0.0339
SE-Svcj-Gpd �0.0246 SE-Svcj-Gpd �0.0258 SE-Svcj-Gpd �0.0351

Short position Garch-Gpd 0.0196 Garch-Gpd 0.0225 Garch-Gpd 0.0282
Svcj-Gpd 0.0223 Svcj-Gpd 0.0251 Svcj-Gpd 0.0309
SE-Svcj-Gpd 0.0238 SE-Svcj-Gpd 0.0281 SE-Svcj-Gpd 0.0338

Hang Seng
a¼ 0.05 a¼ 0.025 a¼ 0.01

Model Mean Model Mean Model Mean

Long position Garch-Gpd �0.0171 Garch-Gpd �0.0195 Garch-Gpd �0.0243
Svcj-Gpd �0.0193 Svcj-Gpd �0.0216 Svcj-Gpd �0.0264
SE-Svcj-Gpd �0.0185 SE-Svcj-Gpd �0.0220 SE-Svcj-Gpd �0.0278

Short position Garch-Gpd 0.0170 Garch-Gpd 0.0194 Garch-Gpd 0.0241
Svcj-Gpd 0.0189 Svcj-Gpd 0.0213 Svcj-Gpd 0.0261
SE-Svcj-Gpd 0.0182 SE-Svcj-Gpd 0.0218 SE-Svcj-Gpd 0.0266

SP 500
a¼ 0.05 a¼ 0.025 a¼ 0.01

Model Mean Model Mean Model Mean

Long position Garch-Gpd �0.0142 Garch-Gpd �0.0167 Garch-Gpd �0.0178
Svcj-Gpd �0.0159 Svcj-Gpd �0.0181 Svcj-Gpd �0.0224
SE-Svcj-Gpd �0.0172 SE-Svcj-Gpd �0.0215 SE-Svcj-Gpd �0.0264

Short position Garch-Gpd 0.0187 Garch-Gpd 0.0190 Garch-Gpd 0.0232
Svcj-Gpd 0.0156 Svcj-Gpd 0.0178 Svcj-Gpd 0.0221
SE-Svcj-Gpd 0.0195 SE-Svcj-Gpd 0.0197 SE-Svcj-Gpd 0.0245

Source: Calculated by authors via MATLAB software.
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level obtained by the GARCH-GPD model is low, which results in a large number of
days when the VaR value is less than the true return. This model cannot adequately
cover volatility risk, which causes explosions. The possibility of warehouses has
increased significantly. By contrast, the SVCJ-GPD and SE-SVCJ-GPD models, which
consider jumps have a lower violation rate and are closer to the true default level.
We believe that the main reason for this result is that, on the one hand, although the
GARCH model can reflect the instantaneous fluctuation of prices in time, the volatil-
ity will increase rapidly and be highly persistent under extreme events. This type of
volatility is difficult to capture through volatility diffusion norms, and its dynamics
rely only on Brownian motion. On the other hand, the SVCJ model with a general
jump process can be used to capture large changes in asset prices; once an extreme
event occurs, the collapse of asset prices is not a single price jump. It has an obvious
amplification and contagion effect, which makes jumps self-exciting and clustering
under extreme events. Therefore, the SE-SVCJ model has a better ability to capture
tail outliers and a better prediction effect than the SVCJ model.

5. Conclusion and discussion

5.1. Conclusion

This study combines extreme value theory with the SVCJ and SE-SVCJ models that
characterize jumps to construct the SVCJ-GPD and SE-SVCJ-GPD models, which

Figure 2. Real returns and VaR value of the three models.
Source: Drawn by authors with the help of MATLAB software.
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dynamically measure the optimal margin level for the index futures market and
improve the forecast performance of VaR over the GARCH-GPD model. This hybrid

Table 2. Backtesting results: violation time and violation rate. Expect represents the true violation
time at significance level a.

CSI 300
Long position Short position

Model Violation time Violation rate Violation time Violation rate

Expect 107 (a¼ 0.05)
Garch-Gpd 113 0.0527 164 0.0765
Svcj-Gpd 91 0.0424 117 0.0546
SE-Svcj-Gpd 105 0.0490 110 0.0513

Model Violation time Violation rate Violation time Violation rate

Expect 53 (a¼ 0.025)
Garch-Gpd 81 0.0378 115 0.0536
Svcj-Gpd 65 0.0303 87 0.0406
SE-Svcj-Gpd 57 0.0266 57 0.0266

Model Violation time Violation rate Violation time Violation rate

Expect 21 (a¼ 0.01)
Garch-Gpd 35 0.0205 64 0.0298
Svcj-Gpd 29 0.0135 40 0.0186
SE-Svcj-Gpd 26 0.0121 34 0.0158

Hang Seng Long position short position

Model Violation time Violation rate Violation time Violation rate

Expect 144 (a¼ 0.05)
Garch-Gpd 205 0.0711 183 0.0634
Svcj-Gpd 208 0.0551 123 0.0433
SE-Svcj-Gpd 150 0.0519 128 0.0443

Model Violation time Violation rate Violation time Violation rate

Expect 72 (a¼ 0.025)
Garch-Gpd 149 0.0516 111 0.0384
Svcj-Gpd 116 0.0402 89 0.0308
SE-Svcj-Gpd 79 0.0273 63 0.0218

Model Violation time Violation rate Violation time Violation rate

Expect 29 (a¼ 0.01)
Garch-Gpd 74 0.0256 52 0.0180
Svcj-Gpd 63 0.0218 43 0.0149
SE-Svcj-Gpd 34 0.0117 22 0.0076

SP 500 Long position short position

Model Violation time Violation rate Violation time Violation rate

Expect 174 (a¼ 0.05)
Garch-Gpd 292 0.0839 110 0.0316
Svcj-Gpd 233 0.0669 192 0.0551
SE-Svcj-Gpd 179 0.0514 183 0.0525

Model Violation time Violation rate Violation time Violation rate

Expect 87 (a¼ 0.025)
Garch-Gpd 209 0.0601 69 0.0198
Svcj-Gpd 167 0.0479 130 0.0373
SE-Svcj-Gpd 100 0.0287 90 0.0258

Model Violation time Violation rate Violation time Violation rate

Expect 35 (a¼ 0.01)
Garch-Gpd 175 0.0502 26 0.0075
Svcj-Gpd 107 0.0307 54 0.0155
SE-Svcj-Gpd 52 0.0149 30 0.0086

Source: Calculated by authors via MATLAB software.
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method can appropriately model the leptokurtic fat-tailed distribution, asymmetry,
leverage and clustering jumps of future returns and specifically capture extreme risk.

This study makes three major contributions to the literature: First, the VaR values
obtained by the SVCJ-GPD and SE-SVCJ-GPD models are generally larger than the
GARCH-GPD model (Chen & Yu, 2020). Jumps, especially self-exciting and cluster-
ing jumps, can improve the ability to estimate market risk and dynamically cover the
risk of market price fluctuations.

Second, the SE-SVCJ-GPD model consistently provides optimal margin levels. In
the S&P 500 futures market, the margin level based on the SVCJ-GPD model for
short positions is lower than the GARCH-GPD model under the three default proba-
bilities, but the SE-SVCJ-GPD model does not result in this type of anomaly.

Finally, during extreme events, the long (short) position based on the SE-SVCJ-
GPD model captures more extreme lower (upper) risks than the SVCJ-GPD model,
indicating that the SE-SVCJ-GPD model can provide more useful information and
has the best dynamic margin setting ability.

5.2. Discussion

This study provides a better understanding of the futures markets. Financial regula-
tors can establish a market-wide risk early warning mechanism to avoid risk spread,
and risk managers can effectively assess risk levels and implement corresponding
risk-prevention measures. However, this study has some limitations. We only verified
the effectiveness of the method for the stock index, and the data used had some limi-
tations. In the future, we can extend the application of this method to derivatives
markets, commodity markets, and other fields. Second, this study proposes a hybrid
method that integrates different models to obtain better results. In the next step, we
can consider finding better statistics to improve prediction accuracy to adapt to com-
plex financial environments.
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