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Research on the Construction and Application of University Disciplinary Knowledge Graph

Driven by Educational Big Data

GUO Na
(School of Computer Science and Engineering, Institute of Disaster Prevention, Langfang Hebei 065201, China)

Abstract: With the rapid development of information technology, educational big data has emerged as a core driving force
propelling the transformation of higher education. Against the backdrop of the educational big data era, this paper takes
computer science—a discipline characterized by a complex knowledge system and rapid updates—as the research subject,
and delves into the construction methods and application paradigms of disciplinary knowledge graphs. Initially, the study
analyzes the collection and processing techniques for multi—source heterogeneous educational data, take computer science
as an example, proposing a scheme for constructing a computer science knowledge graph based on deep learning and
ontology. Subsequently, an application system is established, encompassing course planning, resource recommendation,
analysis of research trends, and personalized learning path planning. Finally, through a combination of quantitative and
qualitative evaluation methods, the study verifies the significant effects of the knowledge graph in enhancing teaching
quality, optimizing research management, and facilitating students’ deep learning. This research aims to explore the
theoretical underpinnings and technological pathways for the digital transformation of university education, fostering the
development of computer science education towards intelligence and precision.

Key words: educational big data; disciplinary knowledge graph; computer science; personalized learning; knowledge

representation
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