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A Study on Credit Scoring Based on Multi-source

Data Integration

Fang Kuangnan & Zhao Mengluan

Abstract: With the development of internet technology data sources become diversified. It is possible to
get more accurate personal credit status on one hand but on the other hand due to multi data sources and
complicated data structure it is a great challenge to the traditional credit collection techniques. This paper
proposes a new credit scoring model based on multi-source data integration. It can simultaneously build up
models and select variables using multiple data sets taking stock of the homogeneity and heterogeneity of the
data sets but also considering the similarity between the data sets. It is found in the simulation that the
integrated model proposed has a significant advantage in both variable selection and effective classification.
Finally the urban and rural data sets in China are applied to the integrated personal credit scoring model.
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p TP FDR Accuracy TPR AUC
54.46 52.00 0. 0320 0.9384 0. 9386 0.9852
p =02 53.43 51.01 0. 0428 0. 9066 0. 9093 0. 9668
56. 59 46. 62 0.1743 0. 8436 0. 8345 0.9167
57.05 51.96 0.0724 0. 9549 0. 9548 0.9917
p =07 55.68 47.76 0. 1353 0.9233 0. 9208 0.9780
38. 46 29.58 0.2280 0. 8758 0. 8801 0.9434
53.35 52.00 0.0216 0.9413 0.9410 0. 9861
Band, 52.82 50. 80 0. 0364 0. 9086 0. 9080 0. 9688
52.53 43.55 0. 1701 0. 8441 0. 8394 0.9171
54.97 51.96 0. 0476 0.9512 0. 9508 0. 9903
Band, 53.67 49.53 0. 0746 0.9210 0.9163 0.9759
41.74 34.72 0. 1665 0. 8649 0. 8610 0.9342
2
P TP FDR Accuracy TPR AUC
58.13 47.99 0. 1558 0. 8665 0. 8619 0.9383
p =02 51.71 45. 61 0. 1027 0. 8530 0. 8533 0.9255
53.69 43.43 0. 1885 0. 8225 0. 8322 0. 8966
55.08 45. 86 0. 1545 0. 9007 0. 9002 0. 9640
p =07 56.75 43.08 0.2070 0. 8915 0. 8905 0.9574
37.74 28.36 0.2452 0. 8609 0. 8633 0.9306
56. 17 47.9 0. 1378 0. 8707 0. 8696 0.9416
Band, 50. 54 45. 46 0.0913 0. 8574 0. 8575 0.9307
50.91 41.05 0.1925 0. 8247 0. 8200 0. 8981
52.78 46.51 0.1105 0. 8925 0. 8936 0.9585
Band, 51.56 43.95 0. 1161 0. 8847 0. 8851 0.9524
40. 84 33.11 0. 1872 0. 8498 0. 8444 0.9213
3
P TP FDR Accuracy TPR AUC
64.92 45.04 0.2711 0. 8369 0. 8484 0.9112
p=02 65. 80 46. 36 0. 2446 0. 8323 0. 8299 0.9078
53.02 43.52 0. 1767 0. 8217 0. 8234 0. 8946
47.70 40. 68 0. 1394 0. 9048 0.9078 0. 9668
p =07 55.78 42. 60 0. 1661 0.9119 0.9132 0. 9695
34.78 28.58 0.1753 0. 8836 0. 8816 0. 9495
56. 06 44.96 0. 1711 0. 8483 0. 8479 0.9241
Band, 56. 40 44.72 0. 1744 0. 8455 0. 8446 0.9221
50. 16 41.28 0. 1755 0. 8312 0. 8288 0.9055
53.20 42.20 0. 1437 0. 8850 0. 8798 0.9541
Band, 52.18 44.12 0. 1348 0. 8903 0. 8801 0.9573
35.52 28.20 0.2033 0. 8576 0. 8669 0.9298
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