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Abstract: To improve the prediction accuracy and reduce the robustness of the traffic accident prediction
model, this paper uses the Stacking integration strategy to construct an integrated traffic accident prediction
model. Firstly, single traffic accident prediction models based on eight machine learning models, such as
Decision Tree and Extra Tree, were constructed and the MIC test was used to measure the similarity of
each traffic prediction model with the graph coloring method, and the models with low similarity and high
diversity were selected to participate in the integration. Secondly, Box—Cox transformations were applied
to the results of the single accident prediction models and different weights were assigned to each single
model separately using feature weighting method. Finally, models such as BP neural network and Logistic

regression were selected as meta—learners for Stacking integration. The results of the study show that the
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prediction accuracy of the integrated model with BP neural network selected for the meta—learner is higher

than other integrated models, and the MAE and RMSE of the integrated model have been respectively

reduced by 24% and 14% and the R* has been improved by 6% compared to the single accident prediction

model with the highest prediction accuracy.

Key words: transportation planning and management; traffic accident prediction; mountain highways;

machine learning; integrated learning
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Table 1 Basic information about traffic accident data
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Table 3 Continuous variable descriptive statistics
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Table 2 Classification of road section types for

forecasting units
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Table 4 Discrete variable descriptive statistics
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Table 5 Single traffic accident prediction model

test results
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Table 6 MIC value of single traffic accident prediction model
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Table 7 Single accident prediction model
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Table 8 Comprehensive comparison of stacking
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