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Abstract

To gain a deeper understanding of the social perceptions and public opinion focus regarding tiered
and classified talent training models in vocational education, this study constructs a high-quality
corpus based on textual data collected from the Sina Weibo platform. Utilizing the Latent Dirichlet
Allocation (LDA) topic model, the study performs topic mining and visual analysis of public dis-
course. The data was preprocessed through text cleaning, word segmentation, and feature extrac-
tion, followed by perplexity analysis and cluster visualization to determine the optimal number of
topics, which was set at five. The analysis identified five core themes: “Skills-Oriented Education”,
“Vocational Education Reform”, “Regional Cooperation”, “Intelligent Empowerment” and “Strength-
ening the Nation through SKkills”. The results show that the first and fifth topics dominate public
attention, reflecting strong societal concern for improving vocational talent quality and aligning
with national strategies. Meanwhile, the themes of reform and digital transformation highlight on-
going institutional innovation. Although “Regional Cooperation” attracted relatively less attention,
it remains strategically significant in the context of multi-stakeholder collaborative education. The
topic relationship network and thematic profiling developed in this study offer a systematic view of
the structure and semantics of public discourse on vocational education, providing theoretical in-
sights and data support for optimizing talent development strategies and enhancing the precision
and responsiveness of related policies.
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Figure 1. The theme confusion curve of the LDA model
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Figure 2. Visual analysis of topic clustering
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1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p()] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w | ) + (1 - A) * p(w | ty/p(w); see Sievert & Shirley (2014)
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Figure 3. Theme weight radar chart
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Figure 4. Theme relationship network diagram
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