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Abstract: Rich sentiment information is embedded in financial texts, which is of great significance for capturing fluctuations in fi-
nancial market sentiment, aiding investor with decision-making, and implementing financial risk management. However, sentiment
annotation in financial texts requires extensive domain expertise, making manual annotation costly. This paper designs an automatic
annotation strategy based on distant supervision guided by emojis, utilizing the sentiment connotations conveyed by emojis in finan-
cial texts to automatically label the sentiment polarity, thereby constructing a foundational labeled dataset. On this basis, the continu-
al learning algorithm is employed to train a financial text sentiment classifier, predicting sentiment for unlabeled data and generating
pseudo-labeled samples, and further augmenting the labeled dataset. Ultimately, a large-scale Chinese financial sentiment analysis
dataset named StockSentCN, encompassing over 9.23 million stock comments, is automatically constructed. Under the human evalu-
ation system, the Kappa consistency coefficient of the dataset reached 0.85, and the weighted average F'1 score reached 90.34%,
proving the high quality and reliability of the constructed dataset. The dataset is publicly available at: https:/github. com/lidayuls/
StockSentCN/.
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Table 1 Examples of stock market comments with emojis

Post_id Bar_name Post Sentiment
1386064352 FREAT RSB0y, SR R TR R A T AL AL Al AL AT Positive
815694247 WOBE  ARSSITACEE G @ Positive
1321497498 BERIE Rk 15~ Negative
1261379304 UFREIR R DI T~ A ~ L I AR > W 3 Negative
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Fig.1 Examples of crawled data
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Transformers , BERT ) ., A1 1 3% 58 % /< ( Enhanced
Representation through Knowledge Integration , ER-
NIE) P B & ¥ i 4k 9 BERT WUl 25 05 % (Ro-
bustly Optimized BERT Pretraining Approach , Ro-
BERTa) & o X T R ALAE F0 I 25465 B, fdi )
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Whole Word Masking” P /|~ B A< .
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Table 4 Sentiment classification results of traditional machine learning models, basic neural network models, and large-scale

pre-trained models on the basic labeled datasets

LogisticRegression

HRFIE/ % TARLER/ %
L FVER ELFH
Mk B e R
FI{§ FU#
KNN 63.91 86.47 14.35 7847 5491 7542
MultinomialNB 7556  89.63 243  83.27 55.87  79.69
DecisionTree 72.86  88.85 29.60 81.29 63.77  80.43
FEGEHL AR > AR BernoulliNB 78.50 91.23 23.89 84.93 64.54  83.07
RandomForest 77.95 91.03 2845 84.78 6581  83.12

80.44 92.09 35.14 86.35 69.22 84.96

Bi-LSTM+ATT
Bi-GRU+ATT

SVM 80.73 92.11 37.15 8642 70.00  85.19

CNN 90.71 96.24 59.88 9252 8228  92.18

Bi-LSTM 91.16 96.51 61.26 9247 8298  92.58

F At 22 [ 2 A5 TR Bi-GRU 91.73 96.74 64.46 92.82 84.31  93.11

91.07 96.62 61.98 92.55 83.22 92.68
91.14 96.73 63.18 92.73  83.68 92.86

T5 small model

0.00 80.14 0.00 66.86 26.71 53.58

1 TS5 base model 0.00 80.11 13.07 66.88 31.06  54.50
GPT GPT-2 model 83.50 93.83 39.07 88.06 72.13  87.20
GPT-2 model for Chinese 95.64 9852 74.79 96.11 89.65  96.06

Distilled BERT base model 51.64 83.77 3385 7448 5642  71.84

BERT base model 51.15 84.08 32.50 7471 5591  71.82

RSN AT BERT BERT base model for Chinese 96.80 98.80 78.43 96.84 91.34  96.81
Chinese BERT with Whole Word Masking 97.24 9899 81.19 97.27 92.47 97.25

ERNIE 3.0 Nano Chinese model 89.42 9586 57.05 91.74 80.78  91.39

ERNIE ERNIE 3.0 Mini Chinese model 93.17 97.34 67.63 94.30 86.04  94.11
ERNIE 3.0 Base Chinese model 96.04 98,55 73.97 96.23 89.52  96.12

ROBERT4 RoBERTa base model 85.07 9397 44.61 8884 7455  88.10

Chinese RoBERTa with Whole Word Masking ~ 98.28  99.48 88.94 9842  95.57 98.41

s 2 B £ Tk R T S 80k 1
SERFEL2E S PRI R A E . AT P, TR
738 52 4 A [ 9 A (E R W 88 5 22 2% 2] 7 vE Y
AR RS EA X R 822 S BOER g,
filt 43 2 5 0 fd ] Bi-GRU #65 %0 | 2% 5 4 & 5
FER .

T I8 R 9E 47 22 24 2 B, Bi-GRU & B 75 3
Rl B A L AR R R 92.82%0 . M A=0 1, B
U 32 SUJE 4 2 10 4 b 50 1k A7 15 2 20 )l
SR AN TS N Z8 8 8 e, B AL s R S B R A
AN TRIAS BB 1 1 22 i Pk R R il an, A
JBE ik 21 50 B, A AU 28 3 R 2224 2T J5 HER RN
92.82% T K& Ky 87.28% o X Uit B B Y FE i 47 FF
S 2E S YNGR B, A7 A 9O P a5t s R] T, AR R 2
00T Be 2 ok B RLG R AP L DA T 0 LA TH 4R

93 F T
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B5  Hpgere > Hms b A IR B A 23 2 2R
Fig. 5 Experimental results of different A values in continual

learning strategy
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