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Feature Fusion for Stock Price Trend Prediction Based on Bert Stock Forum Opinion Analysis
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Abstract: Traditional stock price forecasting models often only consider time-series data and are limited to the model’ s
own mechanism, ignoring the impact of public opinion on stock prices, resulting in poor forecasting accuracy. To solve
this problem, a feature fusion prediction model based on Bert stock forum public opinion analysis was proposed to predict
the trend of stock price. Firstly, Bert natural language processing was used to classify the sentiment of stock forum
opinions and company’ s announcement policies, and the emotion after classification was converted into virtual variables to
construct the emotion feature database of financial public opinions. Then, the feature fusion matrix was constructed by
merging the financial public opinion feature database and the time-series data. Finally, a long short-term memory (LSTM)
network model was used to predict the closing price of the stock and to derive the upward and downward results of the
stock price. Taking Huayin Power (600744. SH) as an example for empirical analysis, the experimental results showed
that after the introduction of stock sentiment features into the model, the accuracy of the stock price trend increased by
8.63%, the regression indicators of Fy . and Fyyq for predicting the closing price decreased by 23.59% and 22. 9%,

respectively, and R* increased by 8. 11%. This demonstrates that the introduction of new sentiment features of public
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opinion can improve the accuracy of stock price prediction in practical forecasting and can be used as a means to

accurately predict the trend of stock price.

Keywords: text sentiment analysis; stock prediction; Bert natural language processing model; long and short-term memory

network model
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Fig. 1 Flow chart of stock price trend prediction combining

emotional and numerical features

HAREEEUNT X TR SO BIE s | 1 e kAT
N THRE ; B Bert BEAYHEAT 1 328, Bert i HH 1Y
T IRAR S B T AR 1 01,2, 1% BT 43 59 Ry I
RSz R B e 4 LG A g i AU S, Ay A R
o R TIRBU B, B R R A 24, i e
TRETA LSTM W28 )2, 23 indi 22 I 45 (9 48, & 52
m S AR f) 5 SR R O A 4 MIC ( MaxiMal Information

Output
Probabilities
(Y HHHE %)

Coeffcient ) Fe KR B FRBOR X 1 BEAT T L8 , £ X0 B4
PEATTRAL B R A IR AE 6 B 5 e S A B A
& MR ER S, T Keras HEZR Y LSTM ¥
ERASTRYNTRRAE 5 0 [ AT AT, L %A=
Bk FRERSEGHEATHI, I LB R B | 5
T S B
2.1 Fyidt Bert Sl L REFAIE A

ST &Rl (5 R 5 A S BOREE Y Bert'™ FI
M TN 2 Fis M RE T Bert JBONE BELA O3 A7 Y 4
il L 17 SRR IR I

Ry 53 M LA 1 RRRAE W < il B AR B DA BN
B3 i 3 “ Embedding” #EAT#E A, ¥4L N E | E, , ---,
E, VE BRI SR By At &8, T, , T, -+, T, HARHEY
Fdim e, XM TEANERELE, E,, - E, X%
AP AT R IR A S CLS” 5 “SEP”, K T
word2vec LA 45 /) - 1)1 5 1n] i, {EL FBENE HE v %) F 16
D TR RRG R | 5 8 TEORS i =% 08 ) 1 2 TA] A3 SCOC
56 I 51 A Transformer XY [ % i #81°) . Transformer
J&=— encoder—decoder FZEF) | B« gt — 1D ” 25 44,
i1 Multi—Head Attention 11—~ 4= 3% #5240 A, FH T4 B
155 B AL R AE 18] &, P Multi—Head Attention J2
R BRSO a2 iR

Softmax JZ

000000

Linear )z

Linear

Concat

Transformer
p

)

| 1 1
[ Linear ][ Linear ][ Linear ]

L
L
*[ Scaled Dot-Product
_-" Attention

|4 K Q

Embedding JZ

B Multi-Head

Attention 454 [&]

xRl B AR B 5 A UK

E 2

ET Bert FJEIFHERS L RZE

Fig.2 Flow chart of public opinion sentiment classification based on Bert
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Table 9 Comparison of model predictions in the test set
from July 2021 to March 2022

e o #1 2/ % BEE/ % F(a=1)14
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Table 10 Influence of different memory days and Dropout

rates on model errors (Fy,p:) %
Mem_days
Dropout
3 5 7
0.1 2.84 2.72 3.01
0.2 3.38 3.25 3.87
0.3 4.86 4.58 5.02
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Table 11 Optimal parameters
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Dense &4 ( dense_layers) 2
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Dropout 0.1
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Fig. 5 LSTM network stock price trend prediction chart
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Fig. 6 Stock price forecast chart of LR model
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Table 12 Stock price forecast results by test set on trading days

BT

B 1 ASKk#EM LR LRsentiment LSTM LSTM_ e
2022/3/12  4.67 4.618  4.631  4.642 4.629
2022/3/11  4.89 4.691  4.591  4.817 4.875
2022/3/10  4.96 4.885  4.797  4.854 5.026
2022/3/9 4.78 4.781  4.813  4.819 4.718
2022/3/8  4.86 4.891  4.829  4.721 4. 803
2022/3/7  5.06 5.104  5.072  4.992 5.040
2022/3/4  5.17 5.117 5.186  5.171 5.233
2022/3/3  5.28 5.259  5.312  5.237 5.187
2022/3/2  5.21 5.241  5.337  5.301 5.192
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