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Abstract: To enhance the usability and interpretability of risk prediction system. a traffic risk
prediction framework based on just-in-time learning (JITL) improved via self-organizing mapping
(SOM) is proposed. Firstly, SOM is applied for clustering the data samples and interpreting the
clustering features. Then, a sample selection algorithm based on clustering results is used to
construct a similar sample set for the data to be tested, and the support vector machine (SVM),
which is the base learner, is invoked online to model and output the risk prediction results. Lastly, the
model performance is tested using a traffic flow-crash dataset to evaluate interpretability and accuracy.

The results show that the area under receiver operating characteristic curve of the SVM model using the
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SOM-JITL strategy reaches 0. 720, which is 17. 5% higher than that of the traditional SVM model

without the strategy. The SOM-JITL requires less parameter adjustment, and has better usability. In

addition, the clustering results of the SOM-]JITL accurately identify high-risk scenarios, such as traffic

congestion, which is consistent with realistic scenarios and has interpretability. In summary, the SOM-

JITL can effectively enhance the performance of the base learner, and endow the model with balance

among accuracy, interpretability and usability, facilitating the cost-effective and large-scale deployment of

risk prediction systems.

Keywords: machine learning; risk prediction; usability; interpretability; just-in-time learning;
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Fig. 2 SOM-JITL-SVM accuracy performance for different network structures
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Fig. 4 Scenario identification and short-time risk assessment process of SOM-JITL
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