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Abstract: To improve the prediction accuracy of stock price indexes and enhance the performance
of statistical modeling and the design of quantitative trading strategy based on the characteristics
of indexes, a quantitative model was proposed, which was based on gated recurrent unit and deep
evolution strategy ( GRU-DES) and effectively integrated index prediction with quantitative
trading strategies. Firstly, RNN, LSTM, and GRU neural network predictive models were
established to forecast the SSE mega cap, SSE mid cap and SSE small cap indexes, respectively.
Next, the proposed DES model was employed to backtest the predicted values and true values of

the three indexes. By comprehensively comparing the backtesting metrics and trading details of
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the predicted results with the true results under the same strategy, after determining the network

structure and strategy parameters, the DES was optimized. Finally, the GRU-DES model was

developed on basis of the optimized strategy, and the model effectiveness was verified through

out-of-sample backtesting of these indexes again. The results show that the proposed GRU-DES
model was 14 % higher than the LSTM-DES model and RNN-DES model in backtesting metrics,

effectively avoiding the randomness and overfitting problems of statistical prediction indexes.

According to the backtesting results over 7 years from 2016 to 2024, the proposed GRU-DES

model sufficiently demonstrates the stability and effectiveness in all backtesting metrics compared

to reinforcement learning model.

Keywords: stock index; quantitative model; long short term memory; gated recurrent unit; returns
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Table 1 RMSE prediction outcomes of RNN,LSTM and GRU
. ¥R R 2
NS LRES N
GRU-1 )2 0.001 17 0.047 93 0.002 10
GRU-2 2 0.000 93 0.009 53 0.006 61
GRU-3 2 0.000 38 0.010 41 0.003 61
GRU-4 2 0.000 70 0.007 05 0.001 54
LSTM-1 JZ 0.004 96 0.013 56 0.002 57
LSTM-2 )2 0.001 62 0.010 76 0.002 86
LSTM-3 )2 0.000 53 0.013 99 0.002 68
LSTM-4 2 0.000 77 0.021 16 0.004 23
RNN-1 2 0.006 09 0.016 25 0.001 90
RNN-2 2 0.002 32 0.006 24 0.002 90
RNN-3 2 0.014 19 0.022 93 0.01018
RNN-4 2 0.057 45 0.007 76 0.011 80

% 2 RNN.,LSTM #= GRU M % #£ & F il 2 R 6%
T3t 5 bR £ Ak
Table 2 MAPE prediction outcomes of RNN,LSTM and GRU

. B 4 X Ay iR 25/ Y%

) R o /N
GRU-1 2 0.051 91 0.152 99 0.02193
GRU-2 2 0.041 48 0.043 02 0.035 35
GRU-3 2 0.033 36 0.040 22 0.034 86
GRU-4 |2 0. 046 09 0.034 66 0.003 61
LSTM-1 2 0.091 08 0.059 64 0.032 05
LSTM-2 JZ 0.064 77 0.050 29 0.031 38
LSTM-3 |2 0.074 92 0.059 82 0.035 95
LSTM-4 J2 0.075 94 0.077 70 0.039 44
RNN-1 2 0.067 42 0.05313 0.026 25
RNN-2 JZ 0.058 34 0.044 25 0.027 41
RNN-3 JZ 0.107 62 0.055 38 0. 045 40
RNN-4 2 0.279 26 0.063 60 0.036 43

# 3 RNN,LSTM #v GRU R 2B 64 3 5 7 Hoxd bk
Table 3 R* fitting effect of RNN, LSTM and GRU

. YA

R LRES N
GRU-1 )2 0.98 0.72 0.95
GRU-2 2 0.98 0.98 0.92
GRU-3 |2 0.96 0.96 0. 90
GRU-4 |2 0.97 0.96 0. 90
LSTM-1 JZ 0.96 0.94 0.93
LSTM-2 JZ 0.96 0. 95 0.89
LSTM-3 )2 0. 94 0.93 0.86
LSTM-4 2 0. 94 0.89 0.85
RNN-1 )2 0.97 0.95 0.92
RNN-2 2 0.97 0.96 0.93
RNN-3 2 0.95 0.95 0.82
RNN-4 JZ 0. 67 0. 94 0.88
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Fig. 2 Shanghai stock exchang (SSE) mega cap stock index forecast results based on GRU model
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Table 4 Back test outcomes comparison of RNN-DES,LSTM-DES and GRU-DES models

(] 0 8 A
X L A 7 FAR A 7 K Jal i B WK ik - E
Wzs %/ % /% L 1B L fE A B
R 54.55 1.46 3.96 12. 80 37.26 24.73
GRU-DES % 68.58 2.48 3.79 25.92 27.56 18.06
/N 24.51 2.74 3.47 5.71 8.95 9. 64
R 59. 81 1.32 3.69 48. 69 44.17 38.57
LSTM-DES 2 74. 29 0.67 2.82 63.08 110. 56 39. 43
/N 41. 30 0.22 3.56 81. 90 187. 20 72.04
N 68. 26 3. 36 4,67 8.07 20. 35 15. 59
RNN-DES % 70. 97 3. 44 3.95 7.31 20. 31 12. 34
Nk 37.57 4.28 3.92 4.65 9.24 8. 42
R A 56.97 1.70 4.23 17.05 33.89 29.70
DES EeFLY 67.93 2.95 2.83 11.03 22.99 17. 41
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Fig. 5 GRU-DES model trading details of SSE three stock indexes from January 1, 2016 to June 30, 2024
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