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 4bstract—The changes in the trading market are affected by
factors, and traditional forecasting methods are more and
difficult to meet people's needs, In order to imprave the
racy of prediction, this paper proposes un extreme learning
ne algorithm based on particle swarm optimization for
tion and analysis. First, the fluctuation data of previous
are collected, and the closing price of the stock is
ined as an experiment and simulated to establish a
ruing sample, and then the learning sample is input. Based
the online extreme learning maching model optimized by
¢ swarm optimization, the prediction model is established.
results show that the optimized extreme learning machine
i, compared with models such as ELM, PSO-BP and
ELM, has better surface prediction accuracy and fitting
, and can more aceurately describe the change trend,
h is more efficient than other methods.

~ Keywords—extreme  learning machines, particle  swarm
\timization, forecasting models

I INTRODUCTION

~ With the development of the national economy and the
ovement of people’s living standards, stocks are
ming more and more important as & means of financial
gement. Compared to other financial instruments such as
, the high risk and high return characteristics of equities
e people choose them more carefully and cautiously. and
tors will analyse and forecast equities through a number
data on the stock market to make investment plans. Stock
ices arc influenced by a variety of factors and are highly
riable and complex, and are closely related to the financial
Toniment.

Extreme learning machines (ELM) are a class of machine
ing methods based on feed-forward neural networks,
hich are widely used in various prediction problems([2] .
‘Compared with traditional BP neural networks, the weights
and thresholds in FLM algorithms can be generated randomly
do not need to be adjusied at the runtime of the algorithm,
ch makes lenming and reaching a steady state fast and
eatly reduces the training time. In recent years there have
n many uses of extreme learning machines to leamn
#lgorithms for stock price prediction and analysis. Bingzhong
ong [3] based a sparse Bayesian extreme leamning machine
BELM] that has the advaniage of automatically selecting
& number of nodes in the hidden layer. Xiaochun Liang and
aoyun Chen (4] based their extreme leaming machine
recasting  model  (SVDELM) on  singular value
mposition, which is more effective than the traditional
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extreme leaming machine (ELM) in improving multivanate
fime series forecasting accuracy.

In this paper, in order to improve the accuracy of stock
price prediction. based on the stock price data of Pudong
Development Bank and Ping An Bank, this paper proposes a
stock price prediction model based on particle swarm
algorithm optimized learning machine, which has higher
surface prediction accuracy and beter fitting effect compared
with ELM, PSO-BP and DE-ELM.

IL. DATA ACQUISITION

The Chinese stock market has prown rapidly in recent
years, mainly in Shanghai and Shenzhen, and as a result the
two regions have produced the most highly regarded SSE and
SZSE indices respectively, Here we choose the more
comprehensive CSI 300 index data as the data base for our
study, and Table I shows the data structure of one of the stocks.
However, of the thousands of companies that have been listed,
some have been delisted and some have been suspended. The
stocks selected need to be not only representative of the
market, but also stable and long-lasting.

In Table I, wade date is the date in the format
YYYYMMDD, open is the opening price, close is the closing
price, low is the lowest value of the stock for the day. and high
is the peak. pre_close is the previous day's closing price,
pet_chg is the percentage change of the current period's data
over the previous period's data . vol is the volume indicator.

In summary, we decided to choose to use the data of
Pudong Development Bank and Ping An Bank for a total of
588 trading days over a five-vear period from 18 January 2020
1o 18 July 2022 to construct the dataset. The data was obtained
through python's tushare financial data interface package with
five hasic data of the selected stocks: opening price, closing
price, high price, low price and volume [5-6]. Some of the data
for Pudong Development Bank are shown in Table 11,

11 EXTREME LEARNING MACHINE ALGORITHM BASED ON
PARTICLE SWARM OPTIMIZATION

A. Extreme Learning Machine Algorithms

Extreme learning machine algonithms can be discussed as
learning strategies or neural network constructions. The
standard extreme learning machine algorithm uses a single-
layer feed-forward neural network structure, consisting of an
input layer, an implicit layer and an output layer, where the
output function of the implicit layer has the following
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definition.

TABLE L. PING AN BANK OF CHINA STOCK Piice CASE DATA

[ trade_date close | pre_close change I pet_chg r wvol

| 20220715 | Bw 013 09723 | 15986374 2139
20220714 137 | 13.97 0.6 -4.2049 263212087 1534570
20220713 14.47 1397 [ 4m 045 31207 2175996.06 3056013,

1442 | 1446 004 | .02766 742882.42 1078431 4
20220711 m 1446 | 145 0,08 05502 61169195 5836133
20200124 14.66 15.08 14.5 14.64 || 1465 | .00 rl 007 | 2129212 38387340
20200123 | 1436 149 1433 | 1465 1444 021 145 2388791 7 3492462
20200122 146 1494 | 1423 | 1aas 48 | 03 243 2073867.14 30327
20200119 148 15913 | 1468 | 148 1472 | 008 | 0s4 2571146.69 35328574
20200118 144 1472 | a8 [ 1472 1423 | 049 | m 2148026.8 312045574

TABLE IL. SAMPLE DATA FOR SHANGHA! PUDONG DEVELOEMENT BANK TOCK PRICES

trade_date open high | low close | pre_close | change pet_chg vl n
20220715 7.76 7.8 7.65 7.67 279 | 02 -1.5404 471276.32 364457,
20220714 7.84 7.86 775 7.79 7.85 0,06 _‘_41?543 403658.78 15441
20220713 7.3 7.94 7.8% 745 7.91 006 -0,7585 305065.23 2403748
20220712 7.86 7.94 786 ?.uI—T— 787 0.04 0.5083 19859795 1574333
2022071 1 187 | 79 W 78 | 1.8 00 401269 161954.72 12763
20200124 1297 | 14 1280 | 1387 129 0.67 5.19 1796536.29 S099364.
20200123 1275 | 1292 | 1268 | 120 | a7 012 1.02 278274.57 | 2791824
| 20200122 1293 | 1315 | 12m 13.24 047 -3.55 2725138.01 351477514
20200119 "‘Ll 13.61 1318 | 1324 324 | 0 0 1716488.71 230023
w0018 | 1344 | 1335 | 13.0s [[1324 | 13 J_n_u J_ 107 J_ 1116080.76 1465159,08

fi = Ziay Bihi(x) = h(x)B, (n

In equation (1), x is the output of the neural network, £ is
the total number of samples, § is the output weight, and A (x)
is the feature mapping or excitation function, which can map
the data of the input layer from the ariginal space to the feature
space of the extreme learning machine algorithm.

h(x) = G(a;, by, x), (2)

In equation (2), @, and #; are the parameters of the feature
mapping, which are used as node parameters in the extreme
leaming machine algorithm, where a; is the input weight, The
connection between each layer is done using the feature
mapping function, and the information from the input layer is
processed through the implicit layer and passed 1o the output
layer, which then derives the calculated values according 1o
the mapping function.

During the training process of the extreme learning
machine, the weights and biases of the implicit layer are often
randomly generated or artificially given, and do not need 1o be
updated. The training process is completed by calculating the
weights of the output layer.

The steps are as follows.

(1) Let there be n neurons input terminals in the i
m neurons in the output layer, and / neurons in the hi
Denote w as the connection weights between the i
and the hidden layer, and 1w correspondingly as a
n. The elements of the weight matrix are generally
numbers between [-1,1],

r"’_u an!
w=| : H ¥

Wit B,

(2) Noting that b is the bias of the hidden
corresponding to the 7 X | X | neuron nodes of the |
layer, the size of the bias vector b is the / 3 / column !
The elements of the bias vector are generally random o
between [0,1].

x1
(3) Noting B as the connection weights of the hid
and the output layer, the size is a matrix of /X .
neuron nodes of the output layer are m = 1, the training;
a single-output limit learning machine model. With the
implied layer weights o and bias b, the output layer
matrix f} can be solved for 10 obtain the trained limit |




ine model [7].
By B Bim
f= ﬁ_n ,5_2: .ﬁj_m . )
By Bu B

(4) Feature mapping through the activation function Gix/
ves the output value of the limit learning machine as

L

=3 Ak

L

frlx) = BiGlw ox, +b, (6)
i=1

(5) Let T be the desired output value, so that it is only

ecessary to find the appropriate [} such that the value of the

error function is minimum or close to (.

lrp-1i =0, (7
The inverse of the above equation is solved for the
‘weights [ of the owput layer to obtain a trained extreme
Jearning machine model.

\B. Particle swarm optimization

This paper combines the update of particle positions and
the limit learning muachine algorithm, resulting in an
optimised stock price prediction method.

Vim(t) represents the initial position of the i-th particle,
Hj, is regarded as the output of the hidden layer node jy, Iy is
coming from the input layer node h: « and fare the particle
leamning rate; ryand r; are 2 random values, generally taken
‘between () and 1; £ is the number of current training iterations;
[] denotes the rounding function,

Initialize the particle swarm, including the particle gize N
and the position vector and velocity vector of each particle,
the individual extreme value and global optimum value of
each particle, iteration error accuracy ase , constant
coefficients ¢ and c:, maximum inertia weight as My,
minimum inertia weight as Tye . Mmaximum velocity as
Vimayand maximum number of iterations, ete.

The updated position of the i-th particle is as follows.

Vi (£ + 1) = NV (1) + 173 (P = X (1)) +
E375 (pgm - x,-m[t]:] m=12:+n, (%)

xl’:n([ +1)=
Xim (€) + vim (6 + 1) + @b Hy,,
ifm € (0,ngny,l
Xy (8) + Vi (£ + 1)+ aﬁ)zfﬁ‘
ifm € (ngny,neny + npny]
Zim (£ + Vi (& + 1) + B,
ifm € (ngny + npngneny + nuny + 1]
X (8) + vyt + 1) + B8,
ifm € (ngny + Myny + Ny, Moty + MaTty + 1y

(9}

Where, ke =[] j =m = (k= Dna. j2 = (m—L)/

L
myh=m—l = (o — D ky=m—lb. s=m-L

During the training process, the velocity of each particle
is constantly updated and it is determined whether the
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updated velocity is greater than the maximum velocity Vipay
if it is greater than the maximum velocity V., the updated
velocity takes the value of the maximum velocily Vi,
otherwise, it remains unchanged. Similarly, the position of
zach particle is updated.

Calculate the fitness value for each particle.

fi=2xm (0 - Tig)" s

e (1o
Where, n, is the number of training samples; O, and
Tigare the actual and desired outputs of the network under the
network weights and thresholds determined by the position of
the training sample g at particle i, respectively.

The global minimum adaptation value f; =
min{fy, fa, ..., fy} of the particle swarm is calculated; if the
current number of iterations reaches the maximum number of
iterations or f < &,the iteration is stopped: otherwise, the
individual extreme wvalue P; and the global extreme F
position of each particle are cale ulated, and the velocity and
position of the particles continue to be updated, Finally, the
network weighis and thresholds determined by the global
pole F, position are output.

IV. EXPERIMENTAL RESULTS ANI» ANALYSIS

A. Evaluation indicators

In order to better evaluate the model prediction effect, the
mean absolute error (MAE), mean absolute percentage error
(MAPE) and root mean square érror (RMSE) were selected
as evaluation criteria [8], and each evaluation formula was as
follows.

N
T -
MAE = N;p-,-_.-,. . (n
1 w7
MAPE=—"3"f (12)
N e
=
RMSE = ) . (13)

Where: N is the number of samples, v, is the actual value,
¥, is the predicted value, the smaller the value of MAE,

MAPE, RMSE, the better the prediction accuracy of the
maodel.

B. Prediction results and comparative analysis

Based on the stock price data of China Pudong
Development Bank and Ping An Bank, the accuracy of the
prediction model of the extreme learning machine was tested.
and the ratio of the training set to the test set in the sample
data was 7:3. The number of input neurons is 5, the number
of hidden neurons is 5, the number of output neurons is 1, and
the sig-moid function is used as the activation function of the
hidden layer neurons.
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The extreme leamning machine stock price prediction
maodel based on particle swarm optimisation was then apphed
1o the sample data to compare the true and predicted values,
setting some of the parameters of particle swarm optimisation
as follows: the population size was set to 20, the maximum
number of iterations k was 300 and the leamming factorc; = ¢;
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Fig. 3. Comparison of PS0-ELM Forecast Results for Pudong
Bank Stock
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Fig. 4. Comparison of PS0O-ELM forecast results for Ping An Banlk

For a more intuitive comparison of the prediction
values of the evaluation indicators for each model are
in Table 11,

TABLE 11, COMPARISON OF PREDICTED RESULTS
i Pudong Development Bank_Shares Ping An Bank Shares
MAE MAPE M MAE MAPE RMSE
PSO-ELM 0.1925 0.0102 0.2 2.5774 LOSe2 41132
= (14602 0.0363 0.3869 13,5841 0.5853 16,6141
02420 0.0197 02978 4.8453 0.0852 6.32430
02088 00172 0.2673 41874 00814 5.

The two stock prices of Pudong Development Bank and
Ping An Bank in the Shanghai and Shenzhen stock markets
were used in the PSO-ELM simulation test and compared
experimentally with ELM, PSO-BP and DE-ELM. Fig.1
shows the ELM prediction results of Pudong Development
Bank stock compared with the true value, Fig.2 shows the
ELM prediction results of Ping An Bank stock compared with
the true value, Fig.3 shows the PSO-ELM prediction results
of Pudong Development Bank stock compared with the true
value, Fig.4 shows the PSO-ELM prediction results of Ping
An Bank stock compared with the true value. The stock price
prediction results of all models are shown in Table IIL. From
Table 111, it can be seen that PSO-ELM has the highest stock
price prediction accuracy and the lowest prediction error
compared to ELM, PSO-BP and DE-ELM models [9]. The
experimental results once again validate the effectiveness and
superiority of PSO-ELM for stock price modelling and

forecasting models.
V. CONCLUSION
Aiming at the dynamic and non-linear
characteristics of stock prices, an extreme learning
algorithm based on particle swarm optimization was pi
to predict stock prices online with the goal of improving
price prediction accuracy and achieving fast and a
online stock price prediction, and multiple stock prices
used as simulation objects. The experimental results show i
the extreme learning machine prediction model ba
particle swarm optimization can better solve the problems
slow calculation speed and low prediction accuracy of
price prediction models, can accurately describe the trel
stock price changes, and the prediction results can
practical application requirements, which can provide
reference for stock investors.
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