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Abstract : With the in—depth advancement of educational digital transformation, the massive multi-source
heterogeneous data generated by smart campuses and educational big data systems has posed
severe challenges to the security, compliance, and intelligence level of data governance. Traditional
manual rule-based or keyword matching methods have limitations such as weak generalization
ability and insufficient semantic understanding, making it difficult to adapt to the dynamically evolving
characteristics of educational scenarios. To address this, this paper proposes an interpretable intelligent
data classification and grading framework for the educational field — EDCF-LLM (Educational Data
Classification and Grading Framework with LLM). The framework models the predefined classification
system as a directed tree structure, introduces an Agent as the process controller, and guides the
Large Language Model (LLM) to construct a recursive reasoning path from coarse—grained to fine—
grained through a hierarchical prompting strategy. A multi-round decision verification mechanism is
designed to suppress semantic drift, and the Retrieval-Augmented Generation (RAG) mechanism
is integrated to mitigate the "hallucination” risk of LLMs. Experimental results show that this method
significantly outperforms traditional baseline models in precision, recall, and F1-score, achieving high—
precision automatic classification and traceable reasoning paths. It lays a technical foundation for the
security control and trusted sharing of educational data.

Keywords : educational data governance; classification and grading; Large Language Model (LLM);
recursive reasoning; Retrieval-Augmented Generation (RAG)
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