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Abstract: This study explores the association between math anxiety, learning behaviors, and performance using
educational data mining. Through K-Means, feature ranking, and decision tree analysis, results reveal significant student
heterogeneity, including a "high anxiety, high engagement"” group. "Online course resources” emerge as the primary
performance predictor. Decision tree models indicate low-stress students benefit from an "addition strategy" to increase
engagement, while high-stress students should adopt a "subtraction strategy” focusing on core tasks. Results indicate
strategy selection holds crucial moderating potential, offering personalized recommendations for educational practices.
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