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Abstract

The core of the digital transformation of education lies in leveraging data intelligence to realize large-
scale personalized teaching. Aiming at the prevalent problems in current precision teaching practices,
including data silos, superficial data analysis, delayed intervention and simplistic evaluation, this pa-
per proposes an integrated technical framework named the Intelligent Teaching Decision Support Sys-
tem. The framework consists of three layers: multi-source data perception and fusion, intelligent anal-
ysis hub, and precise intervention and dynamic evaluation. Within the intelligent analysis hub, a graph
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neural network-based academic risk prediction model and transition network analysis are innova-
tively integrated to conduct in-depth mining of students’ multi-dimensional performance and temporal
patterns of learning processes. Taking the college course Python Programming as a case study, this pa-
per elaborates on the entire implementation process of the framework. Empirical results demonstrate
that the classes adopting this framework achieve significantly better outcomes than the control group
in terms of pass rates, learning engagement and the development of high-dimensional competencies.
This study provides a practical technical pathway and empirical reference for constructing an inte-
grated system of teaching, evaluation and intervention.
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Table 1. Case study system implementation architecture and technology stack
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Table 2. Performance evaluation of academic risk prediction model
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Table 3. Comparison of teaching effects between the experimental class and the control class
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