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A Recommendation Algorithm for Electric Power Research
Results by Fusing Multi-dimensional Information from Knowledge Graphs

XU Xiaoyi's MAO Yanfang, LYU Xiaoxiang
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Abstract; With the rapid development of research in the electric power industry, researchers need to filter relevant liter-
ature from a huge amount of literature. Existing recommendation systems often ignore the deep semantic links between the
literature and the intrinsic differences within the professional field, resulting in insufficient accuracy and personalisation of
the recommendation results. To address this problem, this paper proposes a knowledge graph-based recommendation algo-
rithm for electric power research results. Firstly, this paper constructs a recommendation algorithm dataset for the field of
electric power research, specifically to construct a knowledge graph of electric power research results, in which the electric
power keywords are used as the recommendation subject, the title of the literature as the recommendation object. and the re-
search content and method information is extracted from the title in order to enrich the structure of the knowledge graph, and
the query electric power research keywords are used to recommend the required electric power research literature. Secondly,
based on the knowledge graph-based intent network (KGIN) model, this paper aggregates the information of the neighbour
nodes of the electric power keywords and the recommended literature, and puts forward an improved KGIN model, which
can better express the relationship between the keywords and the recommended literature, and integrates the intent-aware in-

formation, the relationship-aware information, the semantic information, and the higher-order structural information, and
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achieves a richer embedding representation of the keywords and the recommended literature, and obtains a better representa-

tion of the keywords and the recommended literature. rich embedding representation, and obtains better recommendation

effect. The final experimental results show that compared with the baseline models of some recommendation systems de-

scribed in this paper, the model in this paper obviously improves the effect of recommending scientific research results on e-

lectric power.
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