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Research on the Intelligent Early Warning Model for Abnormal Data Detection
in University Digital Campus Based on the Integration of Multiple
Algorithms Comparisons
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Liuzhou City Vocational College, Liuzhou , Guangxi 545036
Abstract : With the advancement of digital campus construction in universities, multiple business systems have
generated a large amount of data. However, during the integration and governance process, problems
such as missing data, duplication, conflicts, and abnormal behaviors may occur, which affect data
quality and decision—-making efficiency. This paper takes the anonymized data of a certain university
as a sample, constructs an abnormal data detection index system, selects algorithms such as
K-Means, LOF, Isolation Forest, Random Forest, and XGBoost for comparative analysis, and designs
an abnormal detection and intelligent early warning model based on model performance, achieving
abnormal identification, scoring, and graded early warning. The research results show that the multi—
algorithm fusion method can effectively improve the accuracy and stability of abnormal detection,

providing a reference for university data governance and intelligent decision—making.
Keywords : digital campus; abnormal data detection; machine learning; multi-algorithm comparison;
intelligent early warning
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