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Abstract: In the field of sentiment analysis, large language models (I.LMs) have been widely adopted for sentiment judgment. However,
financial texts inherently involve complex sentiment features with blurred boundaries between distinct sentiment categories, presenting
LLMs with substantial challenges in accurate classification. To address this issue, we propose a method that integrates a financial
sentiment knowledge graph with few-shot prompting for multi-level knowledge enhancement. The graph is semi-automatically
constructed using LLLMs, and financial terms within it are annotated with sentiment labels. This information is explicitly represented

through prompt templates, providing semantic-level support for the LLM. Experiments are conducted on Qwen2.5-7B, ChatGLM3-
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6B, and ChatGLLM4-9B, demonstrating that our approach significantly improves sentiment analysis accuracy, with an average F'1

increase of 3.67 percentage points over LLM that don’t employ without this method. The results show that this method provides new

solutions and important references for financial text sentiment analysis.

Key words: financial text sentiment analysis; knowledge enhancement; LLM(large language model); knowledge graph; few—

shot prompting
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Fig.2 Hierarchical model of financial sentiment knowledge graph

In the schema layer, green rectangles represent the ontology classes within the knowledge graph, serving to conduct abstract classification of

knowledge; light purple diamonds stand for inter—class relationships, revealing the associations between classes; and yellow ellipses denote entity

attributes, which are used to describe the characteristics of ontology classes. In the data layer, black rectangles represent specific entity data, and

the gray ellipses connected to them are the attribute values corresponding to the entity.
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Table 4 Specific distribution of data sets
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Table 5 Confusion matrix
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Table 6 Comparative experiments results
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Fig.5 Confusion matrix heatmap of ablation experiment
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