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Abstract: As a vast amount of information about Macrobrachium rosenbergii is available on the Internet, it makes the use
of web searches or general-purpose large language model (LLM) inefficient to obtain accurate answers to aquaculture-
specific questions. An intelligent question answering (QA) system for the Macrobrachium rosenbergii aquaculture field
based on an entity-level attribute-concatenated vector retrieval strategy was proposed and implemented. A knowledge
graph with LLM was integrated to support professional, user-friendly QA. Firstly, raw, unstructured aquaculture data was
transformed into structured triples by an LLM-based knowledge extraction module to construct a knowledge graph. The
entity names and their attributes were concatenated into semantically rich textual descriptions, which were vectorized and
stored in a Neo4j database for similarity-based retrieval. Then, a question filtering module based on an LLM was intro-
duced to optimize and classify user queries before vectorization, thereby enhancing answer robustness in noisy or ambigu-
ous input environments. Finally, semantic vector retrieval was performed over the knowledge graph, and the retrieved

knowledge was passed to an LLM for generating professional, context-aware responses. Experimental results demonstrate
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that the proposed approach effectively improves response accuracy and robustness. The system shows promise in en-

abling efficient, accurate, and user-friendly knowledge access in aquaculture, potentially improving decision-making and

enhancing production outcomes.
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