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Abstract

With the deepening evolution of financial markets, traditional credit risk assessment models have
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become inadequate for meeting the precise risk management needs within complex financial envi-
ronments. Machine learning technology, leveraging its robust data mining capabilities and advantages
in modeling complex relationships, offers innovative solutions for credit risk assessment in commer-
cial banks. This paper begins by deconstructing the business logic of credit risk assessment in com-
mercial banks, clarifying the core functional and non-functional requirements of the system. Next, it
integrates machine learning algorithms with software engineering techniques to design a layered ar-
chitecture comprising the data layer, algorithm layer, service layer, and visualization layer, which is
further divided into three functional modules: user management, risk assessment, and data analysis.
Subsequently, based on a German bank credit dataset, the study employs the K-Means clustering al-
gorithm to achieve customer segmentation and combines the random forest algorithm to construct
acreditrisk prediction model. Resampling techniques are applied to address class imbalance issues,
and model hyperparameter optimization is conducted via grid search. Empirical results demonstrate
that the risk assessment model of the constructed system achieves high test accuracy, excels in iden-
tifying high-risk customers and accurately classifying low-risk customers, and holds significant prac-
tical application value.
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Table 2. Credit risk assessment module functional flow
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Table 3. Data analysis module functional flow
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Figure 1. System overall architecture diagram
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Table 4. Dataset feature description
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