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ABSTRACT

The increase in the stock will affect the development of the
economy, so the description and forecast of the capital are
fundamental. Therefore, this paper first analyzes the historical
data of Everbright Bank stock (601818) and explains the stock
increase, the share affected by the exchange rate, and the
index correlation analysis. Then a prediction model based on
BP neural network is established. BP is used to train stock
descriptors to predict stock prices for the first 30 trading days in
early 2019. Combined with ARE and MSE for error analysis, the
average relative error is 3.6%, and the mean-variance is 0.041,
indicating that the prediction effect of the model is good. To make
a specific contribution to the study of stock price prediction.
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1. Introduction

Stocks are the product of a market economy.
The stock market is of considerable significance
to the healthy development of the national econ-
omy today. The high returns and high risks of the
stock market coexist, and the instability of the
stock market easily damages the interests of in-
vestors. It can reasonably and adequately pre-
dict the fluctuations of the stock market, conduct
reasonable supervision and regulation of the
stock market, and arrange correct investment
schemes, which will provide a reliable guarantee
for the healthy development of the national
economy . The stock market is an extremely
complex system. The combination and influence
of many factors and many uncertainties make
stock prediction very difficult, mainly manifested
in the non-linear characteristics and instability of
stock price fluctuations [? 3,

Many scholars at home and abroad have ac-
tively invested in the research of stock market
forecasting methods. For example, Massimili-
ano ¥ and others used time series to predict
changes in macroeconomic indicators affecting
stocks. Kimoto P! developed the Tokyo stock
price system, combined with multiple regression
statistical theory, and adopted an algorithm
based on neural networks to predict the stock
price. Liting Gu et al.® developed a new network
cognitive system using a neural network algo-
rithm based on fuzzy theory. To verify the predic-
tive ability of the system, the stock price of
Shanghai Second Textile Company was se-
lected as the prediction object and the final net-
work prediction. The accuracy was very high.
Song Li et al. [l added a particle swarm algo-
rithm to the neural network and analyzed the
stock index. The prediction error obtained was
better than the traditional prediction method.
Kuihe Yang Blused the autocorrelation function
to apply the variables that had a function map-
ping relationship with the output variables in the
sample data to the input variable set of the new
prediction model, which improved the prediction
effect of the network. Dash et al. ! used an inte-
grated TOPSIS crow search-based classifier set
for the application of stock price prediction. Jiang
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et al- "% combined the Stacking method to pre-
dict the direction of the stock price index derived
from the mainstream price of an earlier month.
Qiu et al- " used a recurrent neural network to
build a stock price prediction model of long-term
and short-term memory neural networks based
on the attention mechanism. Li et al- ["?used the
past stock price, volatility, and trading behavior
to predict stock return volatility. With the devel-
opment of the social economy, the demand for
predictive analysis is also increasing. The bio-
logical and mathematical characteristics of neu-
ral networks have made it an excellent potential
for application in stock market predictive analy-
sis and risk assessment. Therefore, many schol-
ars are still researching and improving network
systems.

Therefore, this paper selected the historical data
of China Everbright Bank (601818), analyzed
and described it by fitting, combined multiple re-
gression analysis with the neural network, used
BP neural network to train stock description fac-
tors, and used this model to predict the stock of
China Everbright Bank. The price changed and
performed an error analysis at the end. To pro-
vide a basis for further research on the applica-
tion of BP neural network in stocks.

2. A case study of Everbright Bank Stock

2.1 Data Analysis of Everbright Bank Stock
Through Sina Finance (https://finance.sina.com.
cn/) to collect the data of Everbright Bank, we
get the daily historical data of Everbright Bank
(601818) from the listing of A-shares on August
18, 2010, to December 31, 2018, followed by the
currency exchange rate historical data of China
Everbright Bank from 2013 to 2018, the daily
market index from 2010 to 2018 and the typical
stock data of selected industries.

2.1.1 Analysis on the change of Stock Price
The price of the stock in the circulation market is
the market price of the stock in the complete
sense, which is generally called the stock market
price or the stock market. The changes in the
stock price per share (based on the closing
price) of each day from 2010 to 2018 are re-
flected in the line chart, and the closing price
data is approximately fitted as a fluctuation
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curve.

Raw data polyline
———Fit wave curve
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Fig. 1 data of closing price fitting volatility curve

It can be concluded from Fig.1 that the average
price per share from 2010 to 2018 is relatively
stable except for the sudden change of instability
in some years. This reflects that the overall sta-
bility of bank stocks is not easy to rise and fall
sharply. At the beginning of 2014, stock prices
generally showed a trend of sharp rise and fluc-
tuation, and showed a sharp decline in mid-
2014, indicating that the stability of stock prices
in the first half of 2014 was weak, attesting a
sharp rise and fall in the extreme form. The pe-
riod from 2011 to 2013 and 2015 to 2017 are the
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stable periods for Everbright Bank shares.

2.1.2 An Analysis of the relationship between
RMB Exchange rate and Stock Price

As the daily return of stocks and the macroeco-
nomic environment are closely related to the
company's operating conditions, and the ex-
change rate can have an impact on both, it can
also affect the stock price. Collect the stock
prices of Everbright Bank and the US dollar ex-
change rate of RMB in Everbright Bank in 2017
and 2018, as shown in Fig.2.

——Stock price |
USD / CNY
exchange rate

34
2017.1.1 2017.2.21 2017.4.11 2017.7.2 2017.10.5 2018.1.1 2018.2.21 20184.11 2018.7.2 2018.10.52018.12.31

Time

Fig. 2 Line chart of stock price and RMB exchange rate

From Fig. 2, we can see that there is a negative
correlation between the exchange rate and stock
price. The overall relationship between the ex-
change rate and the bank stock price is a re-
verse movement, that is, a decline in the ex-
change rate. There is a two-way causal

relationship between RMB exchange rate and
bank stock price. For the interest rate difference
between China and the United States, the im-
pact on stock prices also changes due to the dif-
ferent exchange rate expectation environment
and the operation of the central bank's foreign
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exchange market.

2.1.3 Correlation Analysis of Stock Indexes
The lowest price, opening price, previous closing
price, up and down, turnover, total market value,
tradable market value, high and low difference%
of the collected stocks, and the closing price
number is 1Mui 13.The correlation among
['31 The contingency table analyzes thirteen in-
dexes, and the three-dimensional diagram is

Correlation coefficient

Index number 0~ =
0
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shown in Fig.3. Itis found that the association of
the lowest price, opening price, and previous
closing price is almost close to 1, and the corre-
lation coefficient of transaction volume, transac-
tion amount, and the total market value fluctu-
ates at 0.8-1.0. The other correlations are less
than 0.8, indicating that the association is not
significant.
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Fig.3 Visualization based on the association of stock indicators

2.2 Establishment of regression Prediction
Model based on BP Neural Network

BP (Backpropagation) neural network is a kind
of multi-layer feedforward network trained by the
error backpropagation algorithm, and it is one of
the most widely used neural network models at
present.['¥ When describing the price change of
the stock, only the historical data of the capital,
that is, 13 indicators, are taken into account.
When predicting the price change of the stock,
the exchange rate, the exchange rate change,
and the stock index are comprehensively con-
sidered. The types of stock data are too compli-
cated, and the processing of dimensions deter-
mines the complexity of the later calculation, so
we predict the opening price, closing price, high-
est price and lowest price of the selected stock,
and replace the original data with more concise
data. Improve computational efficiency.

Establishment of non-linear continuous
function g(x).The stock market is a complex
non-linear system with strong randomness and

nonlinearity, while the artificial neural network
has an excellent adaptive ability to meet the

stock market prediction. Let the closing price
on the day K be X, , then X, =g(X*),

Among them, X* =(X, ,,--, X, ;) ,Asar re-

sult, the non-linear continuous function
formula is established as follows:
X¢=9(K) (K=12,---,m)

The determination of input and output nodes
of the neural network. Considering the actual
stock situation, it is reasonable to think that the
recent trading data have a more significant im-
pact on the future than the forward trading data,
so to predict the time seriest+n data, the latest
historical trading data from time t+n-1 be-
comes the current window, wheren is the win-
dow size, that is, the number of nodes in the in-
put layer. Limited to one-dimensional time se-
ries, only one input node is needed to represent
the predicted value of t+n time.

The establishment of hidden layer node
P.The number of hidden layer nodes are related
to the training speed, and the number of hidden
layer nodes depends on the number of training
samples P , sample noise and the complexity

JME: https://escipub.com/journal-of-modern-economy/ 4



Yishuai Tian et al., IME 2020; 3:11

of the rules contained in the samples. Let X
represent the number of input nodes represents
the number of output nodes. The formula is as

follows: P= (X2 " yz)

The establishment of the activation function
S . The S-type activation function expresses the
non-linear approximation ability of the BP neural
network, and the range of S-type activation func-
tion can only be between (0,1) or (-11). In this

stock forecast, the linear activation function is
used between the hidden layer and the output
layer.

For the selection of initial parameters, the

neural network model is established by selecting
the changes in the learning rate, initial weight,
number of cycles, momentum factor, and adjust-
ing parameters.

® Learningrate: ingeneral, a more significant
learning rate will make the network unstable
and begin to diverge if it does not reach the
error range; too small will lead to long train-
ing time and slow convergence. The overall

value is between(0.01~ 0.8) , , and the learn-

ing rate is 0.6 in this training.
® Initial weight: to make the error as small as

possible, it is necessary to choose a reson-
able threshold and weight. If it is too large, it
is easy to fall into the saturation zone. There-
fore, this training is predicted by random

generating function, and the formula is as

Xt+1

Xt+2

Xt+n—1

foIIows:a:(O’l)

The range of the initial weight is the random
number in (0,1).

® The number of cycles: because the number
of cycles is related to other parameters, a
larger number of cycles will get more con-
sistent results. In this prediction, training be-
gins with a step size of 50.

® Determination of momentum factor a :
momentum factor is an improved parameter
of the BP algorithm, and its value range is
(0,1). The area where the sample space is

relatively flat is generally suitable for smaller
a and larger a can obtain greater learning
speed, but it may damage details, reduce
the stability of the network and increase lo-
cal saturation and other uncertain factors. In
this training, take the momentum factor:
a=0.8

® The determination of the adjustment param-
eter r: the parameter in the activation func-
tion is a random number between, which is
used to adjust the activation function to
make it converge quickly. The intermediate
value of the initial value range is selected in
this stock prediction training model. The BP
network structure of the stock market fore-
casting model in this paper is shown in Fig.4.
Where X, is the n input value, X, Iis

t+n
the output value, that is, the predicted value
and the number of nodes in the hidden layer
is rd<r<n) nodes.

Fig. 4 BP neural network structure of stock market forecasting model
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Determination of training objective function
SSE . Assuming the expected, predicted value of

the system X (k=1---,N) Corresponding error

€. Of which

e=(e,8, ey )=(X =X, %=X, X, —Xy) , Then

the sum of square error ( SSE ) is used as one
1

%EzEEX&—x

k

The establishment of a fitting regression
equation. The regression equation with a high
fitting degree is obtained by substituting the re-
spective variables and dependent variables into
the neural network training. Regression variable.
In the process of using the regression equation
to describe the original data, the dependent var-
iables substituted into the training are: the open-
ing price, the closing price, the highest price, and
the lowest stock price, and the independent var-
iables are two description factors. In the process
of predicting the stock price by using the regres-
sion equation, the dependent variables substi-
tuted for the training are the four prices, namely,
the opening price, the closing price, the highest
price, and the lowest price.

2.3 Solution of regression Prediction Model
based on BP Neural Network

2.3.1 Using Neural Network to predict the
change of Stock Price

0%

10

102
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of the performance evaluation indexes to evalu-

ate the performance of the neural network pre-

diction system, so that the ,, matrix represents
k

the actual output value of the corresponding net-

work, and the X, is the expected output value.

We can get:

(k=12,---,N)

This paper makes regression predictions on the
opening price, closing price, highest stock price,
and lowest stock price of Everbright Bank
stocks, and uses artificial neural network algo-
rithms to implement them in MATLAB.*® The fol-
lowing uses the prediction of the opening price
of China Everbright Bank stocks in the first 30
trading days of 2019 as an example to illustrate
the solution process.
® BP training. As shown in Fig.5, for a given
training mode input, the output node of the
network is calculated. The three lines are:
Train represents the performance of the
MSE indicator in the BP training process in
each generation, MSE indicator perfor-
mance in the BP cross-validation process in
each generation, and MSE indicator perfor-
mance in the BP test process in each gener-
ation. The red line represents the BP training
results

Best Validation Performance is 0.0010745 at epoch 4

Train
Validation
Test

Best

Mean Squared Error (mse)

10 Epochs

Fig.5 BP network algorithm implementation process simulation
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® Provide training mode, training network, until times, the MSE reaches the expected order
the learning requirements are met, you can of magnitude, and the training stops at this
see that when the number of training is 55 time, and the effect is shown in Fig.6.

Gradient = 0.0002596, at epoch 55

gradient

Mu = 1e-05, at epoch 55

W]

Validation Checks = 6, at epoch 55

* *

FHOPP 0000000 MNP M NP ———
1] 5 10 15 20 25 30 35 40 45 50 55
55 Epochs

Fig.6 BP network algorithm realizes training mode

® Regression simulation. Calculate the error of get the following regression diagram. Get
the unit in the same layer, correct the weight the opening price before anti-standardiza-
and threshold, regression simulation, and tion

Training: R=0.99693 Validation: R=0.99608

O Data 0.8 O Data
Fit
05 ¥Y=T

0.98*Target + -0.0013

-0.5

Output ~= 0.99*Target + -0.0023
[==]

Output ~

-1 -0.5 0 0.5 1
Target Target

Test: R=0.99721 All: R=0.9969

0.8 o
0.6
0.4
0.2

O Data
Fit
asl Lo S¥=T

Data
Fit

-0.2
-0.4
-0.6
-0.8

0.99*Target + -0.0021

-0.5

Output ~= 0.98*Target + -0.0028
(=]

Output ~

0.5 0 0.5 -1 0.5 0 0.5 1
Target Target

Fig.7 Regression Analysis based on BP Network algorithm
The BP neural network is used to predict the scores of the two factors in the first 30 working
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trading days in 2019, and substituted into the re-
gression fitting equation to obtain the standard-
ized matrix of the highest price, the lowest price,
the opening price and the closing price in the first
30 trading days in 2019. Referring to the com-
parison of the actual stock data, we can see that

4.2

4.1+ A

Stock price

3.8}

3.7+

3.6

39+ Y
A
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the stock forecast price curve of Everbright Bank
is highly consistent with the actual price curve,
and there is only a small difference in the trend
predicted on the 5th to 10th trading day, which is
within the range of error acceptance.

Predictive |

value
Actual valud

0 5 10

Time

20 25 30

Fig. 8 Comparison between the predicted value and actual value

2.3.2 Error Analysis of BP Neural Network
Prediction

To evaluate the prediction results of stock open-
ing price by BP neural network more compre-
hensively and objectively, the average relative

ARE:1
n

Mean square error.

1I’T'I

MSE == (v, - %,)

K=1
Where vy, represents the actual value of the

valuation, y, represents the predicted value of

the valuation, and n represents the number of
forecast samples. Comparing the data of the first
30 trading days predicted by the BP neural net-
work with the real data, the line chart is as fol-
lows, and the average relative error (ARE) and
mean square error (MSE) ), are calculated to
get an average relative error of 3.6% and a mean
square error of 0.041. It can be proved that the
regression prediction effect of a neural network
is better, and the model is robust.

9k — ¥

Y

error CARE) and mean square error (MSE) are

used to evaluate the prediction effect. The for-
mula is as follows:
Average relative error formula:

(k=12,---,N)

2

(k=12,-,N)

2.3.3 Error analysis of the stock description
Through the above regression results, Ever-
bright Bank stocks can be described, but the re-
gression fitting will have certain errors, so by cal-
culating the determination coefficient of multiple
non-linear regression, recorded as, to judge the
effect of regression fitting.

The calculation of the determination coefficient.
In multiple regression analysis, the determina-
tion coefficient is numerically equal to the square
of the channel coefficient between the original
data sequences, that is,

SS

RZ =1- res

SS

tot
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Where: define the sum of total deviation squares
SS = > (Y,~Y)’, Define the sum of total resid-

ual squares SS =Z(fi —\7)2; define the sum

of regression squares SS, = Z(Yi - fi)2 ; define

f, as the fitting value Y, as the original data.

Realized by MATLAB software, the determina-
tion coefficient of multivariate non-linear regre-

Stock value standardization

—

10

12

7 SR IR

8
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ssion fitting is 0.9172, and the average error is
7.7%. The larger the determination coefficient,
the better the degree of regression fitting, and
the error is smaller.['®! the regression equation is
fitted to the original data image. According to the
regression equation, taking the two description
factors as the x-axis and y-axis variables and the
corresponding stock price as z-axis variables,
the regression surface is obtained by using
MATLAB to visualize the data, and the real stock
price data points are drawn, as shown in Fig.9.

[:]”Fi! iTnagé |

eRaw data point

Factor X1

6

Factor X2

Fig. 9 regression fitting degree of the share price of Everbright Bank

It can be seen from Fig.9 that the original data
points are basically on the regression surface.
That is, the average value of the opening, clos-
ing, highest price and lowest price of Everbright
Bank stock from 2010 to 2018 is similar to that
of Everbright Bank stock price, and the regres-
sion fitting effect is good. Therefore, by observ-
ing the fit between the appropriate image and
the original data points, we can directly analyze
that the error of the regression equation is small.

3. Evaluation of the model

3.1 Model advantages

(1) The advantages of model neural network and
regression analysis can not only reveal the en-
tire conditional distribution of response variables
but also simulate the non-linear characteristics
of the financial system to meet the forecasting
requirements of the stock market.

(2) The BP neural network can be trained to ap-
proximate any non-linear continuous function
with arbitrary precision; that is, the BP neural

JME: https://escipub.com/journal-of-modern-economy/

network has strong non-linear mapping ability.
(3) BP neural network has a high degree of self-
learning and self-adaptation ability, which can ef-
fectively predict such a volatile stock market.
3.2 Disadvantages of the model

(1) Because the BP learning rule adopts the
method of decreasing the error function to con-
verge, it cannot be guaranteed to converge to
the optimal local solution. At this time, the actual
output value and the expected output value of
the network may produce a significant error.

(2) The BP neural network has a considerable
sample dependence problem in prediction, whi-
ch may cause deviations in the prediction results
due to the particularity of the sample situation.

4. Conclusion

This article first describes the historical data of
China Everbright Bank's stocks. It can be ana-
lyzed that China Everbright Bank's stock price
market and the economic transaction rate factor
of the stock market show a reverse change

9
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trend. That is, during the period of low market
transaction rate, China Everbright's stock price
has rising expectations. Conversely, during peri-
ods of high transaction rates, Everbright Bank's
stock price has expectations of falling. Moreover,
at a time when the macro stock price has an in-
evitable upward trend, China Everbright Bank's
stock price will also increase expectations. Fur-
thermore, the BP neural network is used to train
and predict the stock price. The analysis error
shows that the overall error of the prediction
model is small, the calculated average error is
only 3.6%, and the mean square error is only
0.041. This can indicate that the regression pre-
diction effect using the BP neural network is ex-
cellent. The predicted value is highly reliable.
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