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Fig. 1 Diagram of the analysis system for key factor extraction

of agricultural user subject demand
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Fig. 7 Training and validation loss curves of Agri-NeedAgent in the second and third stages
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Table 4 Extraction results of various models/methods in the ag-

ricultural user demand analysis task
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Fig. 8 Extraction results of Agri-NeedAgent and baseline models on the agricultural user demand analysis task
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Key Factor Extraction Method of Agricultural User Demand
Based on Large Language Models
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Abstract: [Objective] In the agricultural domain, user demand texts serve as essential primary sources for agricultural extension, pro-

duction management, and policy services. However, these texts typically contain highly specialized terminology, exhibit non-standard,

colloquial, and diverse linguistic expressions, present fragmented semantics, and rely heavily on contextual reasoning. Such character-
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istics make them difficult to parse accurately using traditional rule-based approaches or shallow machine learning models. Consequent-
ly, these limitations often lead to biased demand classification and incomplete extraction of key factors, thereby constraining the quali-
ty of data available for intelligent agricultural decision-making. To address these challenges, the aim of this research is to develop a ro-
bust, domain-adapted, and highly interpretable structured analysis method for agricultural user demands. [Methods] Agri-NeedAgent,
an agricultural user demand analysis framework, was proposed based on a "three-stage training + multi-agent collaboration" para-
digm. First, during the domain knowledge pretraining stage, 80 000 agriculture-related texts, including crop cultivation manuals, pest
and disease control guides, agricultural policy documents, and farmer consultation records, were used to construct domain-specific se-
mantic understanding, thereby enhancing the model's capability to interpret agricultural terminology, dialectal expressions, contextual
logic, and implicit semantics. Second, in the instruction fine-tuning stage, 6 320 annotated samples in an "instruction-input-output" for-
mat were employed to establish an explicit mapping from raw demand texts to structured outputs. Third, in the agricultural knowledge
low-rank adaptation stage, Low-rank Adaptation (LoRA) was applied to perform lightweight parameter tuning on task-specific agents,
enabling targeted adaptation for demand classification and key-factor extraction tasks. Built upon the above training process, a multi-
agent collaborative framework was constructed, in which the manager agent was responsible for task scheduling and quality control,
while task agents were designed to perform demand classification, key-factor extraction, and explanation generation, respectively.
Through this division of labor and collaborative mechanism, the framework achieved efficient and structured analysis of agricultural
user demands. [Results and Discussions] Experimental results demonstrate that the proposed Agri-NeedAgent achieved a demand classi-
fication accuracy of 84.6%, a key-factor extraction F,-Score of 85.2%, a structured interface compliance rate of 94.2%, and an inter-
pretability score of 90.2.These results showed clear improvements over traditional deep learning models such as Bidirectional Encoder
Representations from Transformers (BERT) as well as general-purpose large language models (LLMs) without domain adaptation.
The findings confirmed the critical role of domain knowledge injection, explicit task alignment, and multi-agent specialization in en-
hancing semantic understanding and structured analysis of agricultural texts. Ablation experiments further validated the effectiveness
of each component. Removing domain pretraining or LoRA fine-tuning resulted in substantial performance degradation in classifica-
tion and key-factor extraction, indicating the necessity of domain adaptation and task-specific optimization for handling non-standard
agricultural expressions. Moreover, eliminating the manager agent or the Reasoning and Acting (ReAct) mechanism significantly re-
duced structured interface compliance and interpretability, highlighting the importance of task coordination, intermediate verification,
and multi-step reasoning for ensuring logical consistency and output completeness. Additionally, removing the external knowledge
base reduced the interpretability score from 90.2 to 77.6, underscoring its essential role in providing theoretical grounding, reasoning
support, and professional explanations. Although the multi-agent collaboration introduced an additional inference overhead of approxi-
mately 140 ms, the overall per-sample inference time remained within 225 ms, meeting the real-time requirements of agricultural con-
sultation scenarios. [Conclusions] Supported by a "three-stage training + multi-agent collaboration" framework, LLMs can effectively
address challenges posed by non-standard expressions, semantic fragmentation, and multi-factor reasoning in agricultural user demand
texts. The proposed method demonstrated significant improvements in demand classification, key-factor extraction, structured output
compliance, and interpretability, providing high-quality and traceable structured data for intelligent agricultural decision-making. After
domain adaptation and task-specific tuning, the model not only gains enhanced capability for deep semantic analysis of agricultural us-
er demands but also ensures the completeness and interpretability of outputs through multi-agent coordination. Although the current
workflow still requires optimization in terms of data preparation, staged training, and knowledge-base updating, future work will fo-
cus on expanding region-specific and emerging-technology-related demand data, developing a dynamically updated agricultural
knowledge system, improving multi-agent coordination efficiency, and exploring cross-lingual agricultural demand analysis to further
promote the application and deployment of agricultural large models across broader scenarios.
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