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Abstract

Amid the accelerated integration of urban and rural areas, the loss of rural talent and structural
imbalances have become increasingly prominent, with rural talent serving as a core resource for
rural revitalization. To explore the key content and evolutionary patterns of China’s rural talent
policies, this study analyzes 37 publicly available rural talent policy documents issued between
2016 and 2025. Using the LDA topic model for thematic analysis, it identifies five core themes—
“Training and Development, Government Management, Infrastructure, Talent Employment, and
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Social Security” —and examines their temporal evolution. The findings reveal that: 1) the policy
theme structure is diverse, exhibiting a full-chain characteristic; 2) the evolution of thematic prom-
inence demonstrates dynamic complementarity and phased transitions; and 3) some themes expe-
rience significant fluctuations in prominence, revealing a policy implementation shortfall charac-
terized by “emphasizing training while neglecting services.” Accordingly, this paper proposes rec-
ommendations in three areas—policy coordination mechanisms, implementation optimization
pathways, and dynamic monitoring system construction—to enhance the systemic nature and pre-
cision of policies.
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Figure 1. Research framework
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Figure 2. Framework diagram of the LDA Topic model
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Figure 3. Coherence score (Left) and perplexity (Right) curves
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Figure 4. Policy topic bag-of-words (number of topics = 4)
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Table 3. LDA topic model and keywords
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Table 4. Temporal distribution of theme intensity allocation in rural talent policies

F 4. SRAABERETAERERNFNH
Topicl Topic2 Topic3 Topic4 Topic5
2016 0.494627 0.499824 0.005549 0.000000 0.000000
2017 0.000000 0.000000 0.499965 0.000000 0.500036
2018 0.009514 0.000000 0.000000 0.340850 0.647793
2019 0.250365 0.250172 0.000000 0.244838 0.252303
2020 0.500793 0.000000 0.000000 0.000000 0.499208
2021 0.143925 0.559594 0.146011 0.145591 0.003576
2022 0.735724 0.000000 0.255527 0.007906 0.000000
2023 0.398579 0.000000 0.196693 0.003065 0.397538
2024 0.000000 0.000000 0.299679 0.694188 0.006133
2025 0.319351 0.014243 0.659258 0.000000 0.000000
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Figure 5. Evolution Chart of Theme Intensity in Rural Talent Policies
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