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[ Abstract] Objective

2097-1826(2026)04-091-05

This article reviews the research hotspots and trends in intelligent education based
on graph machine learning from 2014 to 2025, aiming to provide reference for promoting the intelligent de-
velopment of nursing education.Methods The study selected the Web of Science Core Collection database,
PubMed, CNKI, Wanfang Data Knowledge Service Platform,and VIP Database, retrieving literature with
topics focusing on graph machine learning and the field of education. A total of 319 English articles and 668
Chinese articles were obtained. Visual analysis was conducted using CiteSpace 6.4.R2 software.Results Re-
search hotspots mainly focused on graph machine learning and the technological foundations of intelligent
education,cognitive science and learning mechanism research,intelligent nursing education,and applications
and challenges.Conclusions Future trends will revolve around the optimization of core technologies such as
graph neural networks and the expansion of nursing education scenarios. This article provides direction for
nursing educators to promote the transformation of intelligent education models.
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