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LLMs empower a new paradigm for constructing book relationship networks
LIAO Fenglu, SUN Tingting

(Library, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract: In view of the limitations of traditional metadata—driven relational network construction methods in the ability to deeply
mine book semantics and identify hidden relationships, as well as the illusion phenomenon of large language models in vertical
applications, this study proposes a new paradigm for the construction of book relational networks enabled by large language models,
constructing a relational network with higher semantic density and knowledge discovery capabilities, and providing new ideas for
interdisciplinary research and knowledge innovation services. In the semantic feature enhancement layer, comprehensive prompt
words, model development and generation strategies are used to improve the reliability of semantic feature generation. In the
relationship network generation layer, a relationship model is constructed based on contextual semantic vectors to break through
metadata limitations to mine deep semantic associations. Experiments show that this paradigm has a highly reliable ability to enhance
book semantic information and can discover hidden relationships between books. The average ROUGE score has achieved a
performance improvement of 118% , and Ry, has exceeded 71%, an increase of 3. 47 percentage points; and cross—category hidden
relationships exceeded 40% of all related relationships.
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