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Abstract : High-precision prediction of academic conditions is an important technical means to improve the teaching level of
colleges and promote teaching reform. At present,there are problems such as single data dimension and unbalanced data
structure in academic prediction,which reduces the accuracy and generalization ability of the prediction model. To the end,
this paper proposes a K-XGBoost academic situation prediction fusion model. Firstly, through accurate feature extraction
and reconstruction, the model constructs a multi-dimensional set of academic features based on the database of the
Academic Affairs Office of the University. Secondly, the clustering algorithm based on the minimum 2-norm is designed ,and
the unsupervised data balancing mechanism is innovatively established. Finally,the XGBoost integrated learning method
based on loss function optimization designs the academic situation prediction module,and constructs a K-XGBoost learning
situation prediction fusion algorithm with high accuracy and high generalization ability. The experimental results show that
the predicted values of K-XGBoost models can well approximate the real values,and the MAE and RMSE of performance
prediction results are reduced by 76.19% and 85.33% respectively compared with XGBoost models, which significantly
improves the accuracy and generalization ability of the academic performance prediction.
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Table 2 Comparison of f individual subject prediction indicators under different models
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Table 3 Comparison of GPA prediction indicators under different models

T LRI (MAE) Y177 iR iR 25 (RMSE) o ZEU(RY) PR R (NASH)
XGBoost 0.327 9 0.370 7 0.883 5 0.663 9
K-XGBoost( K=4) 0.217 0 0.306 5 0.922 0 0.785 8
K-XGBoost(K=5) 0.159 7 0.213 4 0.962 5 0.952 9
K-XGBoost(K=6) 0.133 1 0.177 4 0.970 2 0.967 5
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