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Abstract

Intelligent financial forecasting model plays an important role in investment decision-making. In
order to solve the problem of dimensional disaster and overfitting caused by high-dimensional
data and effectively improve the prediction accuracy of multivariate nonlinear financial time se-
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ries, a GA-LSTM prediction framework based on multi-step feature selection is designed. First, the
effective stock impact factors are screened from a large number of indicators by the feature selec-
tion method based on filtering and embedding, and then the remaining variables are input into the
long-short-term memory neural network optimized by the genetic algorithm to predict the stock
closing price. In order to verify the effectiveness of the proposed model, this model is compared
with traditional dimensionality reduction models PCA, LASSO and prediction models ARIMA, MLP,
SVR, RNN, and GRU. The combined method can not only reduce the dimensionality on a large scale,
but also the prediction error MSE and MAPE are lower than those of the comparison model, which
significantly improves the prediction accuracy. Finally, this model is applied to the representative
stocks of different industries in China and achieves good forecasting effect, which proves the ap-
plication value of this model in intelligent feature extraction and forecasting of financial time se-
ries again.
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Figure 1. Proposed model procedure for stock prediction
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Table 1. Technical indicators of stocks
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Table 2. MIC top 20 indicators
= 2. MIC I 20 HY3RHR

close_2_sma 0.938 close_20_sma 0.798
high 0.931 boll 0.797

low 0.920 OBV 0.757

open 0.907 close_50_sma 0.687
SMA 0.904 tr 0.408
close_-1_s 0.897 volume 0.398
EMA 0.874 atr 0.253
DEMA 0.858 close_20_mstd 0.186
close_10_sma 0.857 ROC 0.177
middle_14 sma 0.829 dma 0.142

VISR, T RN SR S U OB, R T W 2 B AR 4K
BBLAR ARt Breiman SREN[S], FI'E b SERFAE A B MR AR R GV E RO LA A 0 R L
TR, I HOARRFAERY A/ FORCHL PR S SN B B AR R [6], JUR A B T+

1) M N AN IIZEE A Bootstrap AT n AMEA, AT K UOTRE, A2 k MIZEFAED, .

2) WRERHHEBEHLINR m AT, % D AT UIZ, 4 m AMRHE(E B0 D143 5) K RS
CES
3) VHETRHE SRR F AR . AR B0 — AR G, AR S | B
TS SMERE A KL (ErrOOB; ) o ZEARRFILAMAFEAAE [ IF] T, X OOB HA 1) X I I AW -t #5451 00B)
PR SE A8 40 H0 3 %2 EnOOB) . B ik B %%, 78 % EmOOB] 5 {EmOOB) |i=12,K} . i
FEATRSERFE X B O0B HJBE %I T IR VI(X )= . (EO0B] - Em00B)

4) WS BORRHE, BRI, LIRS LRI, BRI
MEARAISINRE, LR T m ML, R RGOS E A ) LSTM (0% AT

2.2. REFEHRTM

Ha Z PR IR 3 1) S MR SR A D9 A SR PSR PR N, FR T FR S I 8] 3 51 i T AR A 2 52 ) 30
kg AE S, I FE BA ICIZYE R LSTM 2 P2, &2 Hochreiter 75 1997 SR XM JEM P2 I 25 I 2L R [ 7],
I S AR IR SR REAT U GR, AR L AZ B TR M DR BT SR R . A2 u g My [8] 414 2.

DOI: 10.12677/aam.2022.117513 4890 IR Esid


https://doi.org/10.12677/aam.2022.117513

R4

tanh

LSTM cell LSTM cell

X

1

Figure 2. LSTM neuron structure
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Figure 3. The flow chart of GA-LSTM
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Figure 4. The construction of data set
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Figure 6. The importance of various features
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Figure 7. Bank of China stock forecast results
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Figure 8. Loss function graph and error analysis
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Figure 9. Comparison of dimensionality reduction model
9. PEHERBITIONIT EE E

AT RS TIIAERE, FIH T XA = NP FEPR L 3. WTRUREL, Arit i 2 Bk
PR T HADREIR RMSE. MAPE #B%i/N, R UEIILA R, kL LASSO F&4EM 71 .

Table 3. Comparison of dimensionality reduction model
= 3. PERITRELEARTI TN T EE

test train
model R?
RMSE MAPE RMSE MAPE
Proposed model 0.998 0.014 0.49 0.021 0.34
PCA-LSTM 0.994 0.036 1.09 0.051 0.72
Lasso-LSTM 0.968 0.035 1.06 0.053 0.65
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Table 4. Comparison of parallel model
2 4. PERITHITERTUNRT L

test train
model R?
RMSE MAPE RMSE MAPE
Proposed model 0.998 0.014 0.34 0.021 0.49
ARIMA 0.986 0.032 0.55

MLP 0.989 0.019 0.37 0.029 0.63

RNN 0.983 0.036 0.69 0.053 0.99

SVR 0.991 0.018 0.42 0.023 0.51

GRU 0.987 0.022 0.41 0.037 0.72

Table 5. Comparison of rolling forecast results of stock prices
5. REMERHTUNERITEE

17k Al FEA MAPE RMSE R
it W ERAT 2677 0.008 0.015 0.984
J7 Hi = TiEEA 2628 0.026 1.511 0.969
HEH HABE 2557 0.048 0.434 0.953
jeisii) o [E kg 2680 0.031 0.419 0.972
ik | BRI 1470 0.018 1.224 0.984
gl L4 2565 0.022 0.836 0.986
BREE HRLRTE 2611 0.021 0.525 0.969
il O IE 2614 0.035 0.774 0.968
EESES %N RN 1048 0.025 1.453 0.671
VRZIN Qi ksl 1708 0.025 0.576 0.986
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