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Abstract: In order to improve the accuracy of loan finaneial customer behavior prediction, aiming at the incomplete
problem of dealing with non-numerical factors in data “analysis of traditional K-Nearest Neighbors ( KNN) algorithm, an
improved KNN algorithm based on Value Differende Metric (VDM) distance and iterative optimization of clustering results was
proposed. Firstly the collected data were clustereéd by KNN algorithm based on VDM distance, then the clustering resulis were
analyzed iteratively, finally the prediction accuracy was improved through joint training. Based on the customer data collected
by Portuguese retail banks from 2008 to 2013, it can be seen that compared with traditional KNN algorithm, FCD-KNN
(Feature Correlation Difference KNN) algorithm, Gauss Naive Bayes algorithm, Gradient Boosting algorithm, the improved
KNN algorithm has better performance and stability, and has great application value in the customer behavior prediction from
bank data.
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