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Abstract

Classifying financial texts is a common task for identifying financial risks. Traditional financial news classification requires
a large number of labeled texts to train the classifier. However, labeling financial news requires not only professional
financial background knowledge, but also time-consuming and labor-intensive. In order to reduce the dependence on
labeled text, a semi-supervised learning financial text classification algorithm- SSF (semi-supervised learning financial news
classification algorithm) was proposed, which uses a consistent training method of supervised learning and unsupervised
learning to improve the use of unlabeled data. And unsupervised data augmentation for financial texts was introduced,

that is, use specific target data augmentation methods for specific tasks to generate more effective data. Experiments on
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multiple financial news data sets were conducted to verify that the proposed SSF algorithm has a significant improvement

in effectiveness compared with other text classification algorithms.
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