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Explainable bribery risk prediction model based on multidimensional

feature integration
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(School of Public Security Information Technology and Intelligence, Criminal Investigation Police University of China, Shenyang
110035, China)

Abstract: Regarding the current issues of frequent bribery cases with relatively concealed means, as well as the
difficulties in quantitative analysis of case occurrence risks and bribery inducements. To effectively advance anti-
corruption initiatives and achieve early warning of bribery cases, this study constructs predictive features based
on legally effective judgment documents disclosed on China Judgments Online. For the first time in this research
domain, we integrate the random forest algorithm with SHAP for bribery case prediction and analysis. At the
macro level, the model generates probabilistic risk predictions, with the RFE-optimized version achieving
performance metrics of 0.8929 (Accuracy), 0.8792 (Macro F,), and 0.9662 (Macro AUC). At the micro level,
SHAP analysis quantitatively delineates feature-specific contributions to risk classification. This dual-level
analytical framework will provide disciplinary inspection and supervision commissions with robust technical
support and scientific evidence for precisely identifying bribery risks, enhancing supervisory efficiency, and
formulating data-driven anti-corruption strategies.
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Fig.1 Flow chart of the random forest classification algorithm
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Fig.2 Flow chart of the bribery risk prediction model
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