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This paper takes the daily return rate of the Shanghai Composite Index as a sample to establish the ARMA-LSTM
(Long Short-Term Memory) model for the Shanghai Composite Index. It compares the fitting effect of ARMA
model on the volatility of the Shanghai Composite Index under different distribution assumptions, calculates
and tests the coverage of the prediction results of the Value-at-Risk (VaR) value of the Shanghai Composite
Index on the actual losses. The analysis results show that the ARMA model is more suitable for measuring the
conditional variance of the Shanghai Composite Index. With the t -distribution, the model can better reflect the
distribution characteristics of the perturbation term of the Shanghai Composite Index’s return rate. Furthermore,
in order to overcome the large errors that occur in the medium and long-term prediction of the ARMA model,
the ARMA model combined with the LSTM model is used to predict the exponential volatility, effectively
improving the prediction accuracy of the ARMA-LSTM model. Finally, through the ARMA model, the impact
of the full implementation of the registration system in China’s stock market on the volatility of the Shanghai
Composite Index is preliminarily examined. It is found that the implementation of this policy significantly
reduces the fluctuation range of the Shanghai Composite Index.
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1. Introduction

Due to the continuous deepening of global financial and
economic integration and the development of fintech, the
global capital market has developed rapidly over the past
few decades. Nowadays, the trading volume of the stock
market and the financial derivatives market far exceeds that
of the 1990s [1]. The daily trading volume of the Shanghai
and Shenzhen stock markets in China has repeatedly ex-
ceeded the one trillion yuan level. The trading activities
among financial markets of various countries are increas-
ingly closely linked, which not only brings more invest-
ment opportunities, but also makes the risks of fluctuations
in financial asset prices more threatening and prone to
spread. In China’s stock market, individual investors ac-
count for a relatively large proportion, and they are prone

to irrational investment behaviors such as "buying high
and selling low" [2, 3]. Therefore, effectively predicting and
preventing risks in the financial market, especially those in
the stock market, is of great significance for safeguarding
the financial assets of Chinese investors. Among the meth-
ods for measuring financial market risks, Value-at-Risk
(VaR) is one of the most commonly used tools in managing
market risks. VaR refers to the maximum possible loss of a
financial asset or portfolio of securities under normal mar-
ket fluctuations. The calculation methods of VaR mainly
include backtracking simulation method, Monte Carlo sim-
ulation method, and variance-covariance method, etc. The
GARCHVaR model is based on historical data of assets
[4]. Through the GARCH (Generalized Autoregressive
Conditional Heteroskedasticity) model, the mean equation,


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.6180/jase.202603_29(3).0010

596 Wenting Ma

variance equation and predicted standard deviation are
obtained. At a certain confidence level, the risk value of
assets on a specific trading day is predicted according to
the VaR calculation method [5].

The Shanghai Composite Index, released by the Shang-
hai Stock Exchange of China, is one of the major indices
of China’s stock market [6]. This index comprehensively
reflects the price changes of A-shares and B-shares on the
Shanghai Stock Exchange and is widely used as one of the
reference indices for measuring the overall performance
and changing trends of China’s stock market [7]. This pa-
per uses the ARMA-VaR model to measure the volatility
and daily value at risk of the return rate of the Shang-
hai Composite Index. Considering that the distribution of
the financial yield series may have characteristics such as
"asymmetry” and "sharp peaks and thick tails", this paper
compares the calculation results of ARMA-type models
under three different distribution assumptions (Normal, t,
GED), and predicts the daily value at risk of the Shanghai
Composite Index for subsequent tests [8]. Furthermore, the
innovation of the research method in this paper is reflected
in that the method of predicting value at risk by the tradi-
tional ARMA-VaR Model captures the linear relationship
of time series data through the ARMA-LSTM to achieve
the prediction. However, the ARMA model is difficult to
effectively utilize the effective information provided by the
nonlinear relationships and long-term dependencies of se-
quence data. Some studies have shown that this method
will have large errors in medium and long-term predictions.
Therefore, in this paper, ARMA-LSTM (Auto-Regressive
and Moving Average Model-Long Short-Term Memory) is
used Model. This hybrid model aims to improve the pre-
diction accuracy of sequence data and is suitable for time
series data that simultaneously have mixed characteristics
of linear and nonlinear trends. On this basis, combined
with the ARMA-type models to predict the volatility and
VaR of the Shanghai Composite Index, it has been verified
that the prediction accuracy of the ARMA-LSTM model
has been effectively improved [9, 10].

The ARMA-VaR model is widely used in the related
research on the risk measurement and prediction of finan-
cial assets. Numerous research results have also verified
that the VaR method is applicable to the current financial
market in China. In terms of the specific application fields
of the model, Cao et al. [11], based on the description of
the tail characteristics of the yield rate using the extreme
value theory, combined the ARMA model with the extreme
value theory to analyze the fluctuation trend of systemic
risks in China’s interbank lending rate market. Wang et al.
[12] estimated the value at risk of the yield of the Shanghai

and London gold spot markets under normal, student ¢
and skewed t distributions respectively using ARMA mod-
els, and tested the results based on the failure frequency
method and dynamic quantile method. It was pointed out
that the t -distribution was more suitable for describing
the risk characteristics of the Shanghai gold market, while
the normal distribution was more suitable for the London
gold market. Ardia et al. [13] constructed the SWARCH
model and the MSGARCH (Markov-switching GARCH)
model, combined with the extreme value theory, to cal-
culate the dynamic VaR value to describe the systematic
risk of the international carbon trading market. Chen et al.
[14] used the GARCH-VaR model to measure the volatility
of hedge funds and the Kupiec failure frequency method
to compare the influence of observation data of different
lengths on the estimation effect of VaR values. Lin et al.
[15] used the historical trading data of the RMB and the
US dollar in the foreign exchange market to establish the
ARMA-VaR model to measure foreign exchange risks, and
pointed out that under the t -distribution, this model could
effectively measure the foreign exchange risk situation in
a relatively long period in the future. Ratih et al. [16] es-
tablished the ARMA-VaR model to measure the risks of
fintech in China based on the daily return rate data of the
Shanghai Composite Index and the CSI Shenwan Internet
Finance Theme Index, and pointed out that emerging fin-
tech innovations were more vulnerable to extreme loss risks
than traditional finance. The above studies show that the
ARMA-VaR model can effectively adapt to the risk char-
acteristics of China’s financial market, especially the stock
market, and the Kupiec failure frequency method has been
used as a test method to measure the model accuracy of
VaR in many studies. This indicates that under the premise
of long-term data observation, this method can meet the
evaluation requirements for the prediction accuracy of the
model. Based on this, this paper conducts risk prediction
and analysis of the Shanghai Composite Index.

2. Materials and methods

2.1. VaR model

VaR refers to the maximum possible loss of a certain finan-
cial asset or portfolio under normal market fluctuations,
or the maximum potential loss value of a certain financial
asset within a certain period in the future at a certain confi-
dence level [17, 18]. According to the definition, the VaR
can be expressed by Eq. (1).

prob{(AV(t,Ax) <VaR)} =1—« 1)

Where, AV represents the value loss of the underlying
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asset during period f.x represents the risk factor in period
t.1 — a represents the confidence level. prob represents the
probability that the actual loss of an asset does not exceed
the upper limit of expected loss (VaR). The daily market
risk of the Shanghai Composite Index is measured using
the VaR model and expressed by Eq. (2).

VaR; = 01 Z, P )

Here, Z, represents the quantile corresponding to the
confidence level a under the hypothetical distribution. o} is
the standard deviation of the rate of return of the exponen-
tial series in period t.P;_1 corresponds to the closing price
of the index of the previous period.

2.2. ARMA model fitting analysis

A series of data output by inertial devices recorded in
chronological order can be regarded as a time series. Due
to the influence of various uncertain factors on the inertial
device, the output time series contains various random
errors. Meanwhile, as an actual existing physical system,
the output of the inertial device at adjacent time points
will have state continuity. It can be considered that the
time series reflects the inherent laws of the system, and the
further output of the system can be predicted through the
method of fitting sequence modeling. In the absence of real-
time requirements, the common approach is to establish an
ARMA model, that is, to assume that the time series y (1)
of the inertial device contains the following decomposition

terms.

y(n) = f(n) +s(n) + x(n) ®)

In the Eq. (3), f(n),s(n), and x(n) represent the trend
term, the period term, and the random term respectively.
The trend term can be extracted by the difference method
or the least square method, and the periodic term can also
be removed by power spectral density analysis and differ-
ence. The ARMA model is mainly aimed at the random
term x(n), and considers that the measurement value at the
current moment is compared with the previous p measure-
ment values, the white noise w(n), and the previous g time
translation white noise w(n — 1), w(n —2),...,w(n —q) is
related, that is,

x(n) =ax(n—1)+---+apx(n—p) +wn) + b
wn—1)+---+bywn—gq) 4
However, in engineering applications, the most promi-

nent feature of the error output of inertial devices is the
poor repeatability of performance, that is, there are primary

power-on errors and successive power-on errors. Therefore,
a sufficiently long time sample must be obtained to truly
reflect the characteristics of inertial devices. Suppose the
time series samples follow the AR(1) model and the length
of the time series is N, N — 1 equations can be constructed
according to Eq. (4), that is,

x(2) = a1x(1) + w(2)
x(3) = a2x(2) + w(3) (5)
x(N) =a1x(N —1) + w(N)

In the Eq. (5), 41 is the parameter of the AR(1) model.
w(N) is white noise.

When 4, is solved by unitary linear regression, its esti-
mated value 4, should follow a normal distribution, that

is,
2 2 (1 _ 2) 1— 2
o o a a
i) ~ N 7y - N 7 71 - N 7 71
“ (”1 xx) <”1 (N—1)02 ) <”1 N-1
2 ©
Where [y, = %,02 is the variance of the white

noise distribution. Allpproximating some parameters in
Eq. (6), computing the following formula,

— _1/-[— _
i ~e ~1-1/1
{ (7)

N-—-1=mt

Then the normal distribution that 4; follows can be ex-
pressed as:

1/T~M<1/T,E/T2> 8)
m

According to the 3¢ criterion of normal distribution,
the probability that the distribution is within the inter-
val [u — 30,u + 30] is 99.74%, that is, 1/T has a very
high probability of being within the range of the interval
[173\{2/7m ) 1+3\1{2/7m]

istic event, that is,

, which is approximately a determin-

Te { T T ©)
143v2/m’1-3y2/m

For Eq. (9) it is necessary to ensure that 1 — 3v/2/m >
0, that is, m > 18. Meanwhile, combined with Eq. (7),
the minimum value of the time series length N can be
obtained as 187 + 1, so T € [0.50677,37.73587]. That is,
the estimation made using the time series N of the current
length still has an error of more than 50%.

2.3. Construction of LSTM network

Through analysis, it can be seen that due to the successive
energization error inherent in the inertial device itself, the
time series samples are equivalent to extracting a fragment
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in a random process, and the robustness and ergodicity of
this random process cannot be determined. High-precision
ARMA modeling of "fragment data" is very likely to lead
to overfitting, reducing the generalization ability of the
model. However, improving the prediction accuracy re-
quires a huge time cost, which is mainly reflected in the
acquisition length of time series samples. Therefore, it
is difficult to be applied in occasions with high real-time
requirements. However, drawing on its idea, if the estab-
lishment of specific prediction models can be replaced by
the establishment of deep learning networks, and they can
be trained in advance with a large amount of labeled data,
not only can the problem of insufficient generalization abil-
ity of the ARMA model be solved, but also the well-trained
network has high real-time performance in practical use.

As an actual physical system, the output of an inertial
device at the current moment must have a certain corre-
lation with that at adjacent moments. The variation law
does not involve infinite squares participating in the game
like the passenger flow data in public places, resulting in
random jumps. Therefore, the prediction of the output
sequence of inertial devices using the LSTM network is a
suitable construction form, and its basic constituent units
are shown in Fig. 1.

n—1

n

n—1 a

Fig. 1. LSTM network

The LSTM network is a type of recurrent neural network
(RNN) [19, 20]. Each basic unit input x; is connected to the
output h,_; of the previous unit and then transformed into
a coefficient f, within the interval [0,1] through a linear
unit ¢ (Sigmoid function operation). Similarly, the tanh
element represents mapping values to the interval [-1, 1],
and the feature mapping expression for this part is,

o= (-l 8
i = 0 (Wi [y 1, %] + ) (10
C, = tanh (Wc : [hnflrxn] + bc)

Where Wf, b iz W, b;, We and b, represent the weight to
be trained. Meanwhile, the transfer coefficient C,,_; of
the previous basic unit is linearly superimposed with the
calculation result C,, of Eq. (10), that is,

Cn = fn . Cn—l + in : Cn (11)

Eq. (11) actually incorporates the design of the "for-
getting Gate". The weight of the current input informa-
tion and the forgetting ratio of the previous information
are determined through linear superposition [21]. The
design of the forgetting gating unit is mainly used to
control the flow of long-term dependent information of
data, similar to the idea of moving average, it can make
ahy, 1+ (1 —a)hy — hy. If ais close to 1, information can
be transmitted over a long period of time, while if « is close
to 0, it will be completely forgotten, preventing the disap-
pearance of gradients caused by long-term dependencies
during training.

The outward transfer coefficient C, of the output of
the basic unit passes through a forget gate again and is
transferred to the same layer and other layers, that is,

{ On =0 (Wo . [hnfll xn] + ba) (12)

hy = Oy -tanh Cyy
The main part of the network can be built by connecting
the basic units into a topological structure according to the
scale of the problem and the length of the predicted out-
put. The implementation of the LSTM network adopts the
Keras sequential model, adding multiple LSTM network
layers to receive input information and train them as hid-
den layers. For real-time estimation of random errors, the
design purpose of deep learning networks is to be able to
detect inertial devices of the same model based on the data
they are sensitive to online. The trained neural network is
relied on to estimate the upcoming random errors in real
time. Therefore, when the LSTM network outputs, a fully
connected layer (Dense) should be designed according to
the scale of the length of the random error sequence to be
estimated to connect the hidden layer and the output layer
[22].

3. Results and discussion

3.1. Data selection and data feature description

The daily trading data of the Shanghai Composite Index
from January 1, 2020 to May 30, 2024 are selected for analy-
sis, with a total of 1550 pieces of data in the sample. During
the construction process of the ARMA-LSTM model, the
first 1450 pieces of data are used as the training set, and
the following 100 pieces of data are used as the test set to
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compare the coverage effect of the daily VaR values pre-
dicted by the model on the actual incurred gains and losses.
First, the outliers and missing values of the data set are
detected and processed. The return rate of the Shanghai
Composite Index is calculated by logarithmic method, that
is 14 = In(pt/pi—1). The time trend chart of the daily re-
turn rate of the Shanghai Composite Index is shown in
Fig. 2. The daily yield rate shows a distinct "volatility ag-
gregation" effect.

Return distribution

0.08

0.06

0.04

0.02

0

-0.02

-0.04

-0.06

-0.08

Fig. 2. The time trend chart of the daily return rate of the
Shanghai Composite Index

Under the assumption that the perturbation term fol-
lows the standard normal distribution, the skew of the
sequence data should be 0 and the kurtosis should be 3. As
can be seen from Table 1, the skew of the return rate of the
Shanghai Composite Index is -0.61728 , and the kurtosis is
7.9223 , presenting the characteristics of "sharp peak and
thick tail", and the Jacobella statistic significantly rejects the
assumption that "the perturbation term follows a normal
distribution". The graph of the kernel density function of
the return rate and the standard normal distribution also
reflects the above differences (as shown in Fig. 3).

Therefore, for the fitting of the conditional variance of
the return rate of this Shanghai Composite Index, the t
-distribution and the generalized error distribution still
need to be introduced.

The ARMA model is only applicable to stationary se-
quences, and in order to avoid the pseudo-regression prob-
lem of time series, it is necessary to test the stationarity of
the yield sequence first. The DF, PP, and ADF unit root
tests are conducted. Here, the PP test can be regarded as
the optimized DF test statistic. The DF statistic is corrected
through non-parametric methods to have the function of
lag period estimation. The results are shown in Table 2. All
the above tests reject the null hypothesis that "the rate of
return is a non-stationary sequence" at the 1% significance
level.

The ARMA model is required only when there is condi-

Kernel density estimate
50-]

40

30
—— Kernel density estimate
—— Normal density

Density

20

T T T T

-1 -.05 0 .05
r
kernel = epanechnikov, bandwidth = 0.0018
Fig. 3. Comparison chart of yield kernel density function
and standard normal

tional heteroscedasticity in the perturbation term. There-
fore, the ARCH-LM test is conducted on the return series of
the Shanghai Composite Index, and the results show that
there is a significant ARCH effect as shown in Table 3.

3.2. The determination and prediction results of the
model

To construct the generalized autoregressive conditional
heteroscedasticity model, it is necessary to establish the
ARMA (p,q) model for the yield series to obtain the mean
equation.

Considering the AIC Criterion and the SBIC criterion
comprehensively, the lag order of the yield autoregressive
model is determined to be the six-order. Furthermore, con-
sidering the impact of the amount of funds in the stock
market on stock returns, the change rate of stock market
transaction volume x; in period ¢ and its first-order lag
term x;_; are added as explanatory variables. The change
rate of stock market transaction volume is calculated using
a logarithmic method, thatis, x; = In(I;/l;_1), which is
the transaction volume in period t. This AR(6) model is
represented by Eq. (13), and the OLS estimation results are
shown in Table 4.

6
re=wo+ Y it + P1xe + Poxp1 + 0 +& (13)
i=1

According to the AIC and SBIC criteria, referring to
the results of autocorrelation, partial autocorrelation and
Q tests, the GARCH-type models and their lag orders
are screened. The TARCH(1,1), EGARCH(1,1)-M and
EGARCH(2,2)-M models are selected, and they are re-
ported respectively in the standard normal distribution
and ¢ distribution. The coefficient regression estimation re-
sults under the GED distribution assumption are presented

in Tables 5 to 7respectively.



600 Wenting Ma

Table 1. Statistical characteristics of data

Jarque-Bera test  Skewness test  Kurtosis test
Test statistics none -0.6173 7.9223
P value 0.0000 0.0000 0.0000

Table 2. Stability test of yield

Tt DF test PPtest ADF test (trend)
Z(t) -38.100  -8.148 -8.147
P value 0.000 0.000 0.000

Table 3. ARCH-LM test results

Lags(P) Chi?

1 11.426
2 15.389
3 25.003
4 25.936
5 27.701

Table 4. Regression results of the AR(6) model for the Shanghai Composite Index return rate

Lags(P) Chi?
11.426
15.389
25.003
25.936
27.701

Gk WD -

Table 5. TARCH (1,1)-M coefficient regression results

TARCH (1,1)-M a1 B1 M-term coefficient ) )
Standard normal 0.2492  0.6974 6.4686 -0.1458  0.0001
t distribution 0.1553  0.7435 13.6871 -0.1023  0.0001
GED 0.1859 0.7387 14.8963 -0.1361  0.0001

Table 6. EARCH (1, 1)-M coefficient regression results

EARCH (1,1)-M oy T M-term coefficient B1
Standard normal -0.1301  0.3017 10.8454 0.8457
t distribution -0.1378  0.189%4 24.3203 0.8349
GED -0.1178  0.2287 19.4278 0.8348

Table 7. EARCH (2,2)-M coefficient regression results

EARCH (2,2)-M a; 0o Y172 M-term coefficient B1; B2
Standard normal -0.2111;0.2276 0.2152;-0.1653 3.5311 1.7268;-0.7365
t distribution -0.2117;0.2221  0.0992;-0.0473 10.6956 1.6794;-0.6932
GED -0.2121;0.2147  0.1512;-0.1071 11.1573 1.7022;-0.7121
4. Conclusions time series data satisfy the normal distribution assumption.

However, by combining the basic characteristics of the ex-
In this paper, the ARMA-LSTM model is established to mea-

ponential rate of return with the kernel density function
sure the value at risk of the Shanghai Composite Index and

graph, (k) and GED are used as replacement distribution

compare it with the actual loss of the index. The prediction assumptions to it the conditional variance equation. Re-

effect is tested through the failure frequency method. Typi-

ferring to the results of information criteria, Q tests, etc.,
cally, ARMA models assume that the perturbation terms of
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finally, three models (TARCH (1,1)-M, EGARCH (1,1)-M,
and EGARCH (2,2)-M) are selected to estimate the condi-
tional variance of the return rate of the Shanghai Composite
Index and calculate the VaR value. Furthermore, although
the fitting effect of the ARMA model under the training set
is basically in line with expectations, in the test set, espe-
cially in the medium and long-term prediction, it shows the
problem of poor linear prediction effect on the closing price
series of the Shanghai Composite Index, and the coverage
effect of the VaR value on the actual loss is relatively poor.
Therefore, this paper introduces the ARMA-LSTM hybrid
model to improve the prediction accuracy of the closing
price series. Judging from the time trend chart, the pre-
diction results of this model are basically consistent with
the actual trend of the index closing price. The prediction
results are used to estimate the daily VaR value, and the
coverage effect of the obtained prediction results on the
actual loss is significantly improved. Finally, after a pre-
liminary analysis of the policy purpose of the registration
system reform, this paper examines the impact of the imple-
mentation of this policy on the overall risk level of China’s
stock market through the TGARCH (1,1)-M model. The
results show that the full implementation of the registra-
tion system has significantly reduced the volatility level of
the overall market represented by the Shanghai Composite
Index, providing some evidence that the registration sys-
tem can curb speculative and manipulatory behaviors in
China’s stock market.
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