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Predicting Personal Credit Rating with Incomplete Data Sets
Using Frequency Matrix technique
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Abstract

This study suggests a frequency matrix technique to predict personal credit rate more efficiently us-
ing incomplete data sets. At first this study test on multiple discriminant analysis and logistic re-
gression analysis for predicting personal credit rate with incomplete data sets. Missing values are pre-
dicted with mean imputation method and regression imputation method here. An artificial neural net-
work and frequency matrix technique are also tested on their performance in predicting personal credit
rating.

A data set of 8,234 customers in 2004 on personal credit information of Bank A are collected for the
test. The performance of frequency matrix technique is compared with that of other methods. The re-
sults from the experiments show that the performance of frequency matrix technique is superior to
that of all other models such as MDA-mean, Logit-mean, MDA-regression, Logit-regression, and artifi-
cial neural networks.

Keywords : Prediction, Personal Credit Rating, Incomplete Data, Imputation Methods, Artificial Neural
Networks, Freguency Matrix technique
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