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Abstract: This oses a hybrid model of Artificial Bee Colony-Long Short Term Memory-Gated
Recurrent Unit (ABC- -GRU) to address the issues of high noise and time dependence of financial time series
data. This model integrates LSTM and GRU networks to comprehensively capture the long and short term relationships
in time series. In the feature processing stage, features are screened by correlation analysis, and the data is decomposed
by Singular Spectrum Analysis (SSA) into three parts, high frequency, medium frequency and low frequency. In the
hyperparameter optimization of the model, an improved Artificial Bee Colony (ABC) algorithm is used to improve the
performance of the model. In order to verify the effectiveness of ABC-LSTM-GRU model, NIFTY-50 stock index is
selected for empirical analysis. The comparison of experimental results shows that ABC-LSTM-GRU hybrid model has
better performance in time series prediction, and compared with LSTM and GRU model, it reduces the Root Mean
Square Error (RMSE) index by 28.3% and 21.5%, respectively, demonstrating more excellent prediction performance.
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Fig. 1 LSTM network structure
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Fig. 2 Diagram of GRU neural network structure
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Fig. 3 Overall architecture of ABC-LSTM-GRU hybrid model
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Fig. 4 LSTM-GRU model hierarchy

3 SCIUEAA % (Empirical research)
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Tab.1 Spearman rank correlation coefficients for each field

TE WP /R S RAHGE R EL
Last 0. 999 901
VWAP 0.999 577
Low 0. 999 002
High 0.998 715
Open 0.997 239
Turnover 0. 740 700
Trades 0. 651 785
Volume 0.516 677
Deliverable Volume 0. 190 801

% Deliverble —0. 612 009
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Fig. 5 ABC algorithm flow chart
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Tab.2 ABC algorithm hyperparameter optimization

S L EpE (27T~ IR T ¢ T e
learning_rate [0.001,0.030] 0.012 97 0.013 70 0.014 79
hidden_dim [16.128] 49 54 52

dropout [0.01,0.03] 0.012 49 0.016 06  0.016 53
num_epochs [50,400] 67 221 149
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Tab.3 The multi indicator evaluation results of LSTM-GRU model on

data with different frequencies

[l 5 m EAtfa S £

550

RMSE MAE MAPE RMSE MAE  MAPE
ﬁﬁj 28.833 20.057 0.01317  23.979 17.729 0.011 84
4330
Mﬁ? 17.306  12.296 0.007 91  14.716 10.611  0.007 35
el
T‘j/]
il 11.968 8.780 0.00632 10.135 6.514  0.004 49
il

AR T AR BN AE R . R 4 hnT LAW] ¢
F|,7F LSTM #1 GRU #£ 81 1, X} F FSD ( Feature-Selected
Data) i U 2 3R ¥ 4 F RD (Raw Data) , & #f 72 RMSE,
MAEMAPE S48 b5 X4 B 52 7, R F 307 B IR 2 kAR G
FACIEA TR R RO e R 5t 35 F THSRL A TR M RE
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VIR RGSHAN LSTM-GRU #E#, 7 B 7 5000 o i) 22 30
R, TERIEFT SEANMRI ST . LSTM-GRU ## £
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Tab.4 The predicted results of each ode»

RD . 014 52

STM
LSt FSD 15.492  0.010 25
GRU RD 15.287  0.010 31
FSD 14.389  12.249  0.007 92
LSTM-GRU FSD 12.513 9.666  0.007 16

ABC-LSTM-GRU FSD

4 #5i%(Conclusion)
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AARARI B PERE B L% T LSTM fil GRU i1k
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M I A, AR T a0 IR, 8 o T A T A A
Hoszbr i R T EA SO AT R, AT E . ABC-
LSTM-GRU {RA R4 4 st (8] 77 50 T 00 o o 30 o 1 i 25
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11. 091 7.224 0.004 78
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