5L RG] ISSN 1003-3254, CODEN CSAOBN
Computer Systems & Applications,2022,31(6):29—-37 [doi: 10.15888/j.cnki.csa.008551]
O E RGBT TR .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

$%H%E&
RIS, Hifg

(AT KZ afih= R, KA 300350)
IEAEMEE: 1855, E-mail: xuxf 7@126.com
OB R CEAGHA N (NN). TEHRAZ R (RNN). KARHEIZ M (LSTM) 51 1E1EH 570 (GRU) 2
20 PR 2% B 1) TS A BE Rt b, — UM AR A > (EL) B 1) B TS 2R, BF 7 o 20 I g B 2 pl o S R
FAE G (] 7 51 70 1 i S48 B0 - iR 3. A SCBL 16 H A RN [ B i 22 i 7088 BN EEAR, EL A R 7E A [R] T
S S0 ) 6 A ) 6] 5 M 56 i 52 73 b B 26 T AR SC 1 S A R 55—, PR 0 2R 0] (1] 57 971 0 A 7R o 428 ) 2%
R Hﬂ‘lrﬂf?ﬁJTJHZ‘{JF!'JEﬁéﬁﬂéfmiﬂz%%&ﬁn?%éﬁﬁmﬂ*&ﬂa‘I‘Eﬂf?ﬁdﬁ?ﬂﬂﬁiﬁé, TR BE 3 v K20 35%; 25—, fi
25 08 4% SIS TR RT1 1 £28 ) 4 A Pl 2 >0 R A v [ R 25 LB 37 B R BLOAS T JHAth c 32k 61 5 R ot X ) e 2 1 3.
FHEIR): P N4 BRI 2 ki) (R A fbﬁiﬂﬂ; R =

t%
i

o
Jf

N

b

5] % ?ﬁ‘?ﬂ%%,%lﬂ"ﬁ.i&??qﬂ%lﬁlﬁﬁﬁﬁéﬂﬁ?ﬁﬂ"]@ﬁ[ﬁlﬁl"ﬂf?ﬂﬁﬂﬂﬂ.ﬁ“fﬁm/%?ﬁﬁﬂﬂ,2022,31(6):29—37. http://www.c-s-a.org.cn/1003-

3254/8551.html

Financial Time Series Forecasting Based on Neural Network Ensemble Learning Algorithms

XU Xiao-Fang, GUAN Rui
(School of Finance, Nankai University, Tianjin 300350, China)

Abstract: On the basis of time series forecast models of neural networks (NNs) such as the traditional NN, recurrent
neural network (RNN), long short-term memory (LSTM), and gated recurrent unit (GRU), this study builds a time series
forecast model of ensemble learning (EL) to study the performance of NN models, the EL model, ‘alli'd traditional time
series models in stock index prediction. This study takes 16 Chinese and international stock market indexes as samples to
compare the performance of the models in different forecast periods and stock markets in different countries and regions.
The main conclusions of this study are as follows: First, the NN time series forecast model and the EL time series forecast
model based on NN are significantly more robust than the traditional financial time series forecast model, and the
prediction performance is improved by about 35%. Second, the performance of NN models and EL models in Chinese and
American stock markets is better than that of the'rest of developed countries and regions.

Key words: neural network; ensemble learning; financial time series; forecast; machine learning
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000010 0.786 0.712 1.007 0.832 0.778 1.675 ,}.201 35.22 53.55
000300 0.904 0.813 1.145 0.982 0911 2.527 b 1.295 29.65 63.95
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399001 0.757 0.636 0.800 0.719 0.687 1.048 1.093 37.15 \\ - 34.45
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KS11 1.051 0.983 1.170 1.060 1.026 8.969 1.967 47.84 88.56
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