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Abstract; The purpose of this paper is to establish a rockburst prediction model with higher
accuracy and wider applicability ,improve the efficiency of rockburst prediction,obtain the optimal
combination of evaluation indicators for rockburst prediction,and solve the problem of unbalanced
rockburst sample data and different dimensions. Based on the two perspectives of improving the
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model and choosing a better evaluation index, an improved rockburst prediction model was
constructed. Taking Random Forest with better prediction performance as the basic algorithm,
combining the two ideas of AdaBoost integration and parameter optimization to improve the
model ,the GSK-AdaBoost-Random Forest model was established. According to the actual sample
and the cause of rockburst,6 sets of rockburst evaluation index combinations were constructed,
which were used as input variables, and trained the model. Random oversampling, unified range
processing method and other technologies were used to preprocess the measured data, and the
application sample set was constructed. By its training model, the prediction performance of
different feature combinations and different models were compared according to the accuracy rate.
The rockburst prediction GSK-AdaBoost-Random Forest model with o, .0, .0, .0,/0, .0c./0, W,
as evaluation indicators has the highest accuracy, which is 0. 857, which is better than the
conventional Random Forest model with the highest accuracy of 0.69. Rockburst prediction
research on 8 engineering examples verifies the reliability of the built model. The prediction
accuracy of the GSK-AdaBoost-Random Forest model is much higher than the commonly used
criteria,and it is not prone to overfitting. It is feasible to apply it to rockburst prediction practice.
Key words : rock mechanics ;rockburst prediction ; Random Forest; AdaBoost;evaluation indicators
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Table 1 Evaluation indicators and output of rockburst prediction model
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Table 3 Accuracy of different models with different evaluation indicators
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Table 4 Classification accuracy of discriminant criteria advocated by different scholars
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Table 5 Data of rockburst engineering instance

THRHS o o, g o/, oo Wy
1 30 88.7 3.7  0.34 23.97 6.6
2 90 220 7.4 0.41 29.73 7.3
3 18.8 178 5.7 0.11 31.23 7.3
4 75 180 8.3 0.42 21.69 5
5 11 115 5 0.1 23 5.7
6 34 150 5.4 0.23 27.78 7.8
7 50 130 6 0.38 21.67 5
8 80 180 6.7 0.44 26.87 5.5
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Table 6 Forecast results of rockburst engineering examples
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