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SUMMARY: This paper centers on the problem of predicting the volatility of financial markets
and assessing their risks. Firstly, a financial market forecasting method based on EEMD-LSTM
is realized. The realized volatility forecasting model based on EEMD-LSTM is constructed with
the realized volatility series of CSI 300 index as the research object. And RMSPE, RZand MAE
are used as the evaluation indexes of the model's forecasting effect to compare the experiments
with the comparison model. Then the VaR calculation method based on Copula function to
improve the traditional Monte Carlo simulation (MC) method is proposed for financial market
risk assessment. Applied to the trading data of PetroChina stock market, the calculation results
show that the Copula-MC method is more accurate and effective in approaching the actual
VaR.When the EEMD-LSTM-based financial market prediction method and the risk assessment
method based on Copula-MC are used in combination, the effect of estimating VaR is more
satisfactory, and the method in this paper can effectively predict the volatility of the financial
market and compute the value of its risk.
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1 Introduction

Market volatility is one of the key indicators of financial analysis, which is used to assess the
future risk, the magnitude of asset price fluctuations and reflect the uncertainty of asset returns
[1]. Wolatility is widely used in financial investment and risk management, and is an important
reference indicator for investors' decision-making and risk control [2]. At the same time,
volatility has an important impact on prices and is a key basis for constructing quantitative
investment strategies for options [3, 4]. Therefore, analyzing and predicting the market
volatility of financial data is of great significance for financial investors.

Currently, the financial trading market mainly uses traditional financial volatility models
[5]. Examples include ARMA (Auto-Regressive Moving Averagel) model [6], GARCH
(Generalized Auto-Ressive Conditional Heteroskedasticity) model [7] and SV (Stochastic
\olatikity) models [8] to forecast financial market volatility. It is based on the relationship
between current and lagged volatility and uses the conditional variance formula and historical
volatility to derive the behavioral characteristics of the current volatility and to forecast it.
Literature [9] constructed a model for predicting the volatility of stock index returns by
combining asymmetric GARCH model with implied volatility through ARMA model.
Literature [10] proposed a hybrid forecasting model combining wavelet transform, ARIMA and
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GARCH models for improving volatility forecasting of Tesla stock. Literature [11] compared
traditional combination models such as ARMA and GARCH to predict the statistical
performance and out-of-sample prediction accuracy of the S&P 500 index for the period 2006-
2010, which is not satisfactory for its stock market volatility. Combining the above literature, it
is found that these traditional financial models can only deal with linear relationships in the
time series and have limited ability to deal with nonlinear relationships in the time series [12].
In addition, these methods require manual processing for multivariate synergistic prediction
and are mainly applicable to small-scale univariate time series prediction problems [13].

With the development of the digital economy and the complexity of financial markets, more
and more researchers have begun to explore the application of deep learning in volatility
prediction in financial markets [14]. Literature [15] attempted to improve the traditional
GARCH prediction model using SVM (Support Vector Machine) model and outperformed the
traditional method with better generalization performance and higher hit rate on simulated and
real datasets. Literature [[16] proposed a deep learning algorithm based on LSTM (Long Short-
Term Memory Network) to accurately predict stock market indices and their volatility and
evaluated the performance on 7 years of data for 5 stock market indices with better results than
other models. Literature [17] proposed a new hybrid model that combines the traditional
GARCH model with the distribution manipulation strategy of LSTM, aiming to improve the
prediction performance of stock market volatility. Literature [18] proposes a spatio-temporal
GNN (Convolutional Neural Network) overflow model that outperforms the benchmark model
in short- and medium-term financial market volatility prediction, and investors can gain
economic benefits from volatility prediction of this model. The above deep learning methods
for financial volatility prediction are difficult to effectively capture key time series features due
to the nonlinearity and long-term dependence of time series data [19]. In addition, due to the
problem of vanishing gradient, these its models cannot fully utilize the past information for
forecasting, which leads to a decrease in the predictive ability of the models [20]. Time-series
computational analysis can solve the problems that traditional deep learning models are
ineffective in capturing nonlinearities and long-term dependencies of time-series data, as well
as being prone to gradient vanishing [21].

In this paper, we propose a financial market forecasting method based on EEMD-LSTM,
firstly, the empirical modal decomposition method EEMD is used to decompose the time series,
the original financial market series are processed, and the variables are obtained after
decomposition. Then the components are input into the LSTM model to forecast the financial
market, and the results of the predicted components are summed to get the final forecast results.
The financial risk assessment method uses Copula function to improve the traditional Monte
Carlo simulation method to calculate VaR.The study adds the EEMD-LSTM combination
model to the Mento Carlo simulation method, and uses the volatility estimated by the EEMD-
LSTM combination model to calculate the VaR value, so as to judge the effect of risk
assessment.

2 Research on forecasting financial market volatility

2.1 Predictive modeling

This chapter combines the empirical modal decomposition method and the long- and short-term
memory network to construct an EEMD-LSTM model to realize the volatility prediction of
financial markets.
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2.1.1 Long and short-term memory networks

LSTM is a deep learning model for modeling sequence data and is a novel neural network
architecture that effectively solves problems such as gradient vanishing and gradient explosion
in RNNs, enabling the model to handle complex long sequence data, thus improving the
accuracy and reliability of the model [22]. Each unit in LSTM contains a gating mechanism
that automatically controls the input of information, output and forgetting, thus enabling the
modeling of long term dependencies in sequence data.

The core idea of LSTM is to take the input of the current time step and the hidden state of
the previous time step as inputs, and then control the flow and forgetting of information through
the gating mechanism.LSTM networks have been widely used in many sequence learning tasks,
and the architecture of LSTM networks is shown in Fig. 1. Specifically, LSTM contains three
gating units: input gate, forgetting gate and output gate.

Input gate Output gate

Output
gate

Forget gate

Figure 1: LSTM Network Architecture

The LSTM network structure has three gates:
Input gate: the input gate is used to calculate which information is saved into the state unit,
including two parts of information, one part:

i =W -[h;,x]+b) 1)

This section can be viewed as how much information needs to be saved to the unit state for
the current input. The other part is:

C, =tanh(W, -[h_,, x]+h,) )

This part is used to add new information generated by the current input to the unit state.
These two parts produce a new memory state and the unit state at the current moment consists



Deng

of the product of the forget gate input and the state at the previous moment plus the product of
the two parts of the input gate, i.e.:

C = ft Gyt it : Ct (3)

Oblivion Gate: The oblivion gate is used to calculate the extent to which information is
forgotten (retained), and is a value from 0 to 1 after sigmoid processing, with 1 indicating that
it is all retained and 0 indicating that it is all forgotten.

Output Gate: Used to calculate the extent to which information is output at the current
moment:

0, =W, [h_;,x]1+by) (4)
h, = o, -tanh(c,) (5)

2.1.2 Collective Empirical Modal Decomposition

Empirical modal decomposition (EMD) can effectively extract complex signal features for
better understanding and prediction of signals.The EMD method has an extremely strong
instantaneous frequency decomposition capability, and thus can be applied to a variety of
complex signal decomposition problems, especially for nonsmooth, nonlinear time series [23].

Although the empirical modal decomposition technique can effectively deal with
nonsmooth, nonlinear signals, due to the complexity of the nature of the signals and the
limitations of the algorithms, the ultimately obtained IMFs may suffer from modal aliasing, i.e.,
the appearance of different eigencomponents at different time scales. Since the decomposition
process of IMFs requires several iterations, but the current lack of a unified reference standard
makes the results of each iteration potentially different. Therefore, the EEMD technique can
effectively overcome the modal confusion problem in the EMD method and thus provide more
accurate results.The EEMD method can effectively overcome the limitations of the EMD
method by introducing multiple white noises at different scales and the zero-mean feature,
which can obtain the IMFs from multiple time scales, and then, by taking the mean value, the
differences between these IMFs are effectively reduced, thus obtaining more accurate analysis
results.

Decomposition steps:

(1) Add white noise to the original signal:

L®) =10 +a(t) (6)

(2) EMD decomposition of 1.(t) obtained by performing the noise addition process to
obtain IMFs:

L) = Dimf, ©+1,0) )

i represents the ith decomposition, and j represents the j th result obtained from
each decomposition.

(3) Repeat the above process by adding different white noise several times to change the
original signal and decompose it using EMD.
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(4) Mean the results obtained after m times of repeated decomposition, which is done by
averaging the imf and trend terms of the same order to obtain the final imf and trend terms

respectively:

imf (1) :%Zm:imfij (t) (8)
r (t) —lir () 9
n - m4< in ( )

(5) The final result of EEMD decomposition of the original signal is obtained:

1) = imf, ) +1,0) (10)

According to the above EEMD decomposition process, the number of trials for adding noise
iIs set to 300, and the width of the added Gaussian white noise is set to 0.01. In this paper, EEMD
decomposition of the original data is performed using Matlap.

2.1.3 EEMD-LSTM modeling

The EEMD-LSTM model proposed in this paper [24] is divided into two parts, and the specific
flowchart is shown in Fig. 2.

Original time series

A 4

EEMD
Decomposition |
v v v v
IMF1 IMF2 IMFn-1 IMFn
_ A 4 A 4 Y A

LSTM1 LSTM2 LSTMn-1 LSTMn

Train neural

networks and . . . \

make predictions IMF1 IMF2 IMFn-1 IMFn
prediction prediction prediction prediction

results results results results

Calculate the
final output

T

Summation of the prediction results

A

Final prediction of the original sequence

Figure 2: The overall process of the EEMD-LSTM prediction model

The first part is based on the EEMD to realize the financial market time series
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decomposition, which can find out the inner pattern and decompose into multiple IMF
components without too much human settings and interventions.

The second part is based on LSTM model to realize financial market forecasting. The IMF
components after EEMD decomposition are inputted into the constructed financial market
LSTM prediction model, and IMF1-7 are used as the training set, IMF8-9 as the testing set, and
IMF10 as the validation set. After the model training is completed, the financial market data
IMF8-9 from the test set are fed into the prediction model to obtain the prediction results, and
the prediction results of each component are summed up to obtain the final predicted price.
Finally, by comparing the predicted price with the actual price, we can evaluate the accuracy of
the model to better grasp the prediction performance of the model.

2.2 Experimental Simulation and Analysis

2.2.1 Analysis of volatility forecasts

(1) Sample Selection

In this paper, the sample data of CSI 300 index is selected as the research object to forecast
the realized volatility, with the time span from January 4, 2015 to December 30, 2024. Since
the calculation of realized volatility requires the use of intraday high-frequency data, and the
acquisition of high-frequency data is sensitive to the sampling frequency, this paper selects a 5-
minute sampling frequency that can better balance the accuracy of the data and the
microstructural noise, in which the relevant data are obtained from the financial data API of the
Polybroad Quantitative Platform.The characteristics of the selected data are mainly related to
the price and trading volume of the CSI 300 index, mainly the price of the CSI 300 index and
the trading volume of the CSI 300 index. The main types of data are volume, turnover, minimum
price, maximum price, opening price and closing price of CSI 300 index.

(2) Decomposition and reconstruction of realized volatility

The essence of the ensemble empirical modal method is to continuously decompose the
nonlinear time series, decompose the original seemingly irregular time series into regular
eigenmodal function components, and then analyze the eigenmodal function components to
further study the characteristics of the realized volatility, which will help us accurately carry
out the subsequent model prediction. Through the principle of ensemble empirical modal
decomposition described in the previous theory, this paper decomposes the daily realized
volatility series of CSI 300 index which has been calculated, and the final decomposition results
of realized volatility are shown in Fig. 3. Figure (a) shows the original sequence of CSI 300
index from January 4, 2015 to December 30, 2024, figure (k) shows the residual term, and
figure (b~j) shows the sequence of intrinsic modal functions IMF1~9 obtained by
decomposition.From its decomposition results, it can be clearly seen that from IMF1 to IMF9,
the oscillation frequency of each intrinsic modal function component becomes lower and lower,
and after the oscillation frequency decreases to a certain degree, the trend of the eigenmode
function components becomes very flat, and finally the curve represented by the residual term
shows monotonicity.
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Figure 3: The collection experience modal decomposition has been realized

Next, this paper performs descriptive statistics on each component obtained from the
decomposition to compare the relationships implied between the sequences of components.

In Fig. 3, we can find that the eigenmode function components with higher oscillation
frequencies are fluctuating up and down around the 0-axis. The amplitude of the oscillations is
clearly larger for the eigenmode function components with lower oscillation frequencies. In
order to verify this law, the descriptive statistics of each intrinsic modal function component
and the residual term after the decomposition are counted, and the statistical results are shown
in Table 1. From the mean value of each component, it seems that the mean value of each
component is close to 0. In order to further test the difference between the high oscillation
frequency component and the low oscillation frequency component, this paper has conducted a
hypothesis test on the significance of the mean value of 0 for each component at a significance
level of 5%, and the P-value in the last column of Table 1 is the result of the hypothesis test on
whether the mean value of the sequence of each component is 0 or not. As can be seen from the
results in this column, IMF1 to IMF6 accepted the 0-mean significance hypothesis test,
indicating that the means of these eigenmode function components are significantly 0, while
IMF7 to IMF9 and the residual term (IMF10) rejected the 0-mean significance hypothesis test,
indicating that the means of these components are not significantly 0.

Table 1: Descriptive statistics of each component

Mean Median SD P
IMF1 -3.6E-5 -8.7E-5 0.002155 0.2665
IMF2 -8E-6 -1.8E-5 0.001164 0.4159
IMF3 -3E-5 -1.8E-5 0.00155 0.5001
IMF4 1.3E-5 -3.5E-5 0.00136 0.7051
IMF5 -3.7E-5 -5.6E-5 0.001377 0.0996
IMF6 -1.7E-5 -1.09E-4 0.001367 0.5065
IMF7 -3.46E-4 -2.57E-4 0.002422 0.0218
IMF8 6.2E-5 -1.51E-4 0.001554 0.0397
IMF9 0.00388 0.0039 0.000845 0
IMF10 0.01039 0.01045 0.001194 0

In the previous section we have derived that the mean value of the intrinsic modal function
components from IMF1 to IMF6 is significantly 0, the mean value of the components from
IMF7 to IMF9 is not significantly 0, and the oscillation frequency of each intrinsic modal
function component is very high in IMF1 to IMF6. In IMF7 to IMF9, the oscillation frequency
of each eigenmode function component is relatively low. Thus, in this paper, IMF1 to IMF6 are
reconstructed as a high vibration frequency sequence (abbreviated as high frequency sequence)

8
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and IMF7 to IMF9 are reconstructed as a low vibration frequency sequence (abbreviated as low
frequency sequence) based on the common feature of oscillation frequency of the eigenmodal
function, and the residual term is analyzed separately as a trend term.

Next, the three components of the reconstructed high-frequency sequence, low-frequency
sequence, and residual term are analyzed by descriptive statistics and plotted as corresponding
trend terms, and the results are shown in Table 2 and Fig. 4. The low-frequency series is
equivalent to a smoothing treatment of the original realized volatility series, and the low-
frequency series presents a certain regularity.

In summary, the use of the ensemble empirical modal decomposition algorithm can
decompose and reconstruct the regular eigenmode function components from the seemingly
irregular realized volatility series.

Table 2: Descriptive statistics of each component of the decompostion reconstruction

Mean | Max | Min [Median| SD |Kurtosis|Degree of bias
High frequency sequence |0.0001|0.0407|-0.0132|-0.0012]0.0049|20.4386 3.1013
Low frequency sequence |0.0039|0.0151| -0.001 | 0.0048 {0.0032|2.59546 1.6634

Residual term 0.0108|0.0097| 0.0079 | 0.0112 |0.0016| -1.4854 -0.0833
0.06
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Figure 4: The EEMD decomposition and the original sequence trend

2.2.2 Prediction Error Comparison Experiment

(1) Experimental assessment metrics

The experiment uses the mean squared percentage error (RMSPE), R=and MAE, which are
commonly used in the three regression problems, as the assessment indexes of the model
prediction effect. As the value of short-term volatility of financial high-frequency trading data
is on the small side, RMSPE is able to eliminate the influence brought by its data size, and can
reflect the overall level of prediction results. RMSPE is calculated as the percentage error for
each data point to seek the ordinary and average and then take the square root of the percentage
error, and the specific calculation method is as shown in Equation (11):
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Y, (11)

RMSPE =
n

The R=indicator is used in the regression task to assess the fit of the model to the data, it
indicates the proportion of the variance predicted by the model to the actual variance, the value
ranges from 0-1, the closer it is to 1 means that the model fits the data better, the R<1s calculated
as 1 minus the ratio of the sum of squares of the residuals to the sum of the total squares, and
the specific calculation method is shown in Equation (12):

R? :1_M
Zi:l(yi - Y)Z

The MAE indicator is to calculate the difference between the predicted value and the real
value, the smaller the value of MAE, the smaller the prediction error of the model, the better
the prediction of the model.The calculation method of MAE is shown in equation (13):

(12)

1 < .
MAE = gZiJ Yi— Vil (13)

In the above formula, y, denotes the actual value of the volatility of the financial high

frequency trading data, y, denotes the predicted value of the model on the volatility of the

financial high frequency trading data, n denotes the number of samples in the data set, and
y denotes the average value of the volatility of the financial high frequency trading data.

(2) Experimental Data

The data used for the experiments in this chapter are real-time high-frequency trading data
of the 50ETF from September 2023 to April 2024, obtained in real-time from Wind's third-party
trading platform. The dataset includes both order book data and trading data. In this paper, the
daily market order book data and trading data are divided into 10-minute time windows to
predict the volatility of the 50ETF fund in the next 10 minutes.

(3) Experimental Results

In order to compare and analyze the prediction effect of the EEMD-LSTM model proposed
in this chapter, the prediction effect of the model is compared with that of other benchmark
models. The models used for comparison in this paper include traditional machine learning
models, commonly used time series forecasting models and unaltered ns Transformer, which
include machine learning models LGBM, Random Forest, and commonly used deep learning
models LSTM, NN, CNN for time series forecasting.The results are computed by using R=
RMSPE, and MAE for different forecasting methods in the 50ETF high-frequency trading
dataset, and the results are shown in Table 3. The traditional machine learning algorithms are
less effective on the test set, and after using wavelet smoothing on the data, the effect decreases
instead, the deep learning model combined with DAE effect has a significant improvement, and
the prediction effect of the deep learning model is not as good as that of the EEMD-LSTM
model proposed in this paper.The EEMD-LSTM model has the best prediction and fitting effect
among all the models. Compared with the LSTM model, R3mproves from 0.8615 to 0.9084,
RMSPE decreases from 0.2267 to 0.1554, and MAE decreases from 5.696E-4 to 3.317E-4. The
experimental results prove that the accuracy of the prediction of the model proposed in this
paper is greatly improved compared with other models.

10
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Table 3: Comparison experiments of different models

Model R= RMSPE MAE
KFord LGBM 0.8343 0.2389 5.76E-4
KFord LGBM NN 0.869 0.243 5.567E-4
Wavelet LGBM NN 0.7491 0.3042 7.784E-4
Random Forest 0.7782 0.3079 6.268E-4
LSTM 0.8615 0.2267 5.696E-4
CNN 0.8632 0.2228 5.363E-4
DAE LSTM 0.8904 0.1982 4.45E-4
DAE_CNN 0.8933 0.1886 4.491E-4
ns_Transformer 0.8626 0.2251 4.736E-4
EEMD-LSTM 0.9084 0.1554 3.317E-4

3 Financial market risk assessment

3.1 Optimization of the assessment methodology

VaR technique is an important method in risk management, and Monte Carlo simulation (MC)
method to calculate VaR has been widely used in practice [25], but it relies too much on
assumed good distributions and models in the generation of pseudo-random numbers and the
determination of joint distributions. In this chapter, Copula function is used to improve the
traditional MC method [26] to realize the effective assessment of financial market risk.

3.1.1 Traditional MC methods

The basic idea of VaR calculation based on MonteCarlo simulation method is to repeat the
simulation of stochastic processes of financial variables so that the simulated values include
most of the possible scenarios, so that the overall distribution of portfolio values can be obtained
through simulation to find VaR. it is divided into the following four main steps:

In the first step, the confidence level required for VaR computation is chosen 1—« .

In the second step, a pseudo n pseudo-random sequence is generated under an appropriate

joint distribution describing the risk factors and the price sequence V.,V Vin IS
computed.

In the third step, simulated gains and losses are computed under this price series
DeltaV, =V,,,; -V, (i=12,---,m).

In the fourth step, the worst AV, under the « quartile is ignored, and the smallest value
of the remaining AV, is the VaR at time t, defined as VaR (a,t,t+1). When time goes from
t to t+1, the price series changes from V, to V,,, and we can return to test the VaR

(a,t,t+1) by comparing AV, and repeating until the simulation requirements are met.

Obviously there are two main steps in the MC method, one of which is the generation of
pseudo-random numbers and the other is the determination of the joint distribution, which
cannot be handled well by traditional methods, and the following discussion centers around
these two issues by Copula means.

3.1.2 Copula MC method

In this paper, we first give the traditional algorithm for generating pseudo-random numbers and
improve the steps in it using Copula method. If the foreign exchange exchange rate as a risk
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factor to be calculated, the traditional method of generating pseudo-random numbers includes
the following steps:
The first step collects n exchange rate historical data with a time series spanning N+1

days, denoted as X, %+, %y (i=1---,n), and the current day is X, , which is generally

chosen as N+1=250 or 500.
The second step assumes x, ; =0, and calculates the relevant changes from the data:

_Xi,j_Xi,j—l i o
r"——,|—1,“‘n,J—1,"'7N:ri,j e{r} (14)
Xi,j—l

The third step assumes that the marginal distribution of the random variable r,...,r, is
f,,..., f., and calculates the corresponding parameters. In exchange rate risk calculations, a

normal distribution N(z,c?) is usually assumed, i.e.:

N

fi(n)=%exp{—%},ﬁi=ﬁZn,j,&E=ﬁz(n,j—ﬁi>z (15

270, =L

In the fourth step, the multivariate joint distribution is assumed to be:

f(r=Wexp{—%(r—u‘%‘l(r—u)} (16)
Among them:
a # :1 (;15 zl'”
r=iu=| 1 [C="? 52 Wl =BG =) = 1)) 17)
fy Hy ¢, G, -~ O

The fifth step calculates the covariance array:

N

. _L A oA
G,;= N _1;(ri,k Iui)(rj,k ,Uj) (18)

Step 6 generates pseudo-random numbers. Firstly, Cholesky decomposition of C,
C*=A"A, A is a lower triangular array that generates independent random variables
S,,S,,---,S, on [0, 1]. Then a sequence of pseudo-random numbers r,r,,...,r, is obtained

according to r=A"s+ «, and this is repeated to obtain r* =(r*,---,r)", k=1---,m isthe
number of MC simulations.

To address the shortcomings of the above algorithm, the following is an improvement with
the Copula method. The first three steps are kept consistent with the original method and the
Copula method is introduced in the fourth, fifth and sixth steps.

In the fourth step, for the joint distribution function of two risk factors:

12
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Co(o(r), 0,()) =P(R <1,R, <1,) (19)

where ¢ (r) :f dr f.(r is the cumulative density function.
In the fifth step, & is estimated by the great likelihood method. Let

2

0 - L
f,(r,n)= ar—rce(gol(rl),(oz(rz)) , the likelihood function is:

1772

L@) =11 ;.n)) (20)

. . n 82
An estimate of 1(8) =InL(#) can be obtainedas | (9)2; In {auav C,(u,v) |U=M1J)'V=¢2(r2’j)} ,
J:
which in turn can be solved for ¢
In the sixth step, generate two independently normally distributed pseudo-random numbers

UuWw on [0, 1] and compute V=C971U(W) , Where C, :agcé(uv) , such that
) ,u u
= gol"l(u), r, :goz‘l(V) This gives the pseudo-random number pair (r,,r,) .

3.2 Calculation of VaR based on the improved MC simulation method

The above improvement of MC simulation method is just a simple analysis based on the theory,
and not a mathematical analysis of its statistical characteristics. In this section, we apply
statistical methods to mathematically analyze the stock data to verify the sharp peaks and thick
tails characteristics of the market returns and the volatility aggregation phenomenon.

We conduct a statistical test on the number of PetroChina stocks. It is known that its interval
isfrom 1 & 1, 2019 to December 31, 2024, with a total of 1,200 trading days of closing prices.
Firstly, its daily return is calculated with the following formula:

R =logk -logF,, (21)

where P, denotes the closing price of the stock on the tth trading day. Atotal of 1199 market

index returns are obtained. The normality and volatility aggregation are tested below, and the
software used is Eviews.

3.2.1 Normality test

Experimental Q-Q plots and Jarque-Bara method were tested.The results of the Q-Q plot test
are shown in Figure 5. According to the Q-Q plot normality criterion, when the return
distribution is normal, the Q-Q plot is a straight line. The Q-Q plot lines of this data set are all
S-shaped, so it can be preliminarily judged that the distribution of the stock's return is not
normal.
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Figure 5: Chinese oil stock yield of Q-Q diagram

The results of the Jarque-Bara test for this data set are shown in Figure 6. The critical value
of the JB statistic at the 95% level of significance is 5.99. As seen in Figure 6, the JB statistic
for this data set is 7517.691, all of which are much larger than the critical value of 5.99,
indicating that the returns do not follow a normal distribution.

450

400 Series: Y
Sample 1163
3504 Observations 1426
300 Mean  -0.000132
Median 0.000000
250 Maximum 0.041658
Minimum -0.045726
200~ Std. Dev. 0.007069
1504 Skewness 0.007563
Kurtosis 14.15886
100 Jarque-Bera 7517.691
Probability 0.000000
50 4
0 -

-0.04 -0.02 0.00 0.02 0.04

Figure 6: Chinese oil stock yield of Jarque-Bara test

3.2.2 Volatility Aggregation Test

First of all, it is necessary to have an intuitive understanding of the volatility of the pairs of
returns, so the time series of PetroChina'’s returns is plotted as shown in Figure 7. It can be seen
that China's oil returns are less volatile in some time periods and more volatile in others, a
phenomenon that suggests that stock returns may have serial autocorrelation, i.e., there is a
volatility aggregation phenomenon.
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Figure 7: Time series of Chinese oil yields

To verify this conclusion, Ljung-Box-Pierce Q test and ARCH test are conducted. The ACF
and PACF of China's oil yields and squared China's oil yields are shown in Tables 4 and 5,
respectively. The serial correlation of the national oil yield series itself is not significant, but
the correlation of its squared series is very significant, which indicates that the yields are not
serially correlated but not mutually independent.

Table 4: ACF and PACF of China's oil yield

AC PAC AC PAC

1 0.013 0.013 13 0.033 0.049

2 -0.051 -0.051 14 0.006 0.029

3 0.043 0.046 15 -0.001 0.011

4 0.016 0.004 16 0.035 0.028

5 -0.005 -0.003 17 0.032 0.04

6 -0.035 -0.032 18 -0.05 -0.039

7 0.002 0.008 19 0.029 0.012

8 -0.016 -0.012 20 -0.023 -0.037

9 0.015 0.009 21 0.055 0.055

10 -0.056 -0.044 22 -0.04 -0.038

11 -0.018 -0.038 23 -0.011 -0.013
12 0.026 0.035 24 -0.031 0.026

Table 5: ACF and PACF of China's oil yield squared

AC PAC AC PAC
1 0.12 0.136 13 0.329 0.341
2 0.161 0.171 14 0.148 0.129
3 0.275 0.279 15 0.292 0.297
4 0.287 0.286 16 0.318 0.326
5 0.149 0.149 17 0.22 0.202
6 0.265 0.274 18 0.205 -0.206
7 0.267 0.271 19 0.179 0.178
8 0.301 0.304 20 0.268 0.267
9 0.127 0.131 21 0.142 0.148
10 0.237 0.246 22 0.242 -0.236
11 0.333 -0.317 23 0.27 -0.258
12 0.176 0.183 24 0.126 0.119
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The Ljung-Box-Pierce Q-test is performed on the Chinese oil yield series and its squared
series using Eviews software, and the test results of the lag terms of the 10th, 15th and 20th
orders of the Chinese oil yield and the squared Chinese oil yield are shown in Tables 6 and 7,
respectively. The test results show that at the 95% significance level, there is no significant
autocorrelation in the first 20 orders of the yield series itself, however, the autocorrelation of its
squared series is very significant.

Table 6: The Ljung-Box-Pierce Q test results of China's oil yield

Exponent Pvalue Stat CriticalValue
Q(10) 0.9472 41177 18.3198
Q(15) 1.0002 6.2567 25.0019
Q(20) 0.835 13.915 31.4034

Table 7: The Ljung-Box-Pierce Q test results of China's oil yield squared

Exponent Pvalue Stat CriticalValue
Q(10) 0 747.4699 18.3011
Q(15) 0 961.0048 24.9756
Q(20) 0 1203.1892 31.4144

The ARCH test on the series of China's oil yields using Eviews software is shown in Table
8. The ARCH effect of China's oil yield is significant.

Table 8: The ARCH test of China's oil yield square

Exponent Pvalue Stat CriticalValue
Q(10) 0 44.1549 18.322
Q(15) 0 47.5765 24.998
Q(20) 0 62.5792 31.4012

In summary, the series of China's oil yields is indeed non-normal and characterized by sharp
peaks and thick tails, so the improvements to the MC simulation method proposed in this
chapter are reasonable.

3.3 Empirical demonstration of MC simulation method combining EEMD-
LSTM models

The volatility predicted by the EEMD-LSTM combination model is brought into the Mento
Carlo simulation method to calculate the January 4, 2024 PetroChina VaR value.

Programming the improved MC simulation method using Python software, the VaR value
of the stock for the next January 3, 2024 was calculated as 2.33

For the need of model testing, we calculated the VaR for 255 trading days, i.e., on the basis
of the above, we repeated the calculation 255 times using Python software to find out the daily
VaR for the next 255 trading days at the confidence level of 95%, 97.5%, and 99%, respectively,
and compared it with the actual loss to conduct the frequency of failure test, and the results are
as shown in Table 9. From the test results, it can be seen that the Mento Carlo simulation method
based on the EEMD-LSTM combination model only fails for 7 days at the higher confidence
level of 99%, which falls within the rejection zone. And at all other confidence levels, the
number of days to failure falls in the non-rejection zone. This suggests that, except at
exceptionally high confidence levels, the estimation of VaR is still better when the combination
model is added to the MC simulation method as well.
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Table 9: The VaR model test results after an improved oil in China

Significance level 95% 97.5% 99%
Non-rejection interval 6<N<21 2<N<12 N<7
Actual days 20 10 7

4 Conclusion

In this paper, we firstly design an EEMD-LSTM based method for predicting financial market
volatility. By using EEMD to decompose the time series, the intrinsic patterns of different
periodical data can be better found. Moreover, compared with the traditional baseline
forecasting model, the EEMD-LSTM model has a better fit, smaller root mean square error and
average absolute error, and the model has a better forecasting effect on the volatility of financial
assets in the financial market.

After that, the Copula function is used to improve the traditional Monte Carlo simulation
(MC) method to calculate the VaR and realize the risk assessment of the financial market. The
improved MC simulation method calculates the VaR values of financial assets with significant
improvement in terms of calculation accuracy.

Finally combining the EEMD-LSTM model and the improved MC simulation method to
calculate VaR. the number of days to failure is 7 only at the higher confidence level of 99%,
and the number of days to failure falls in the non-rejection interval at all other confidence levels.
It shows that the combination of the two is more effective in estimating VaR.
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