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Implementation of Financial Venture Capital Score Card Model Based on Logistic Regression

BIAN Yu-ning,LU Li-kun,LI Ye-li,ZENG Qing-tao and SUN Yan-xiong
Beijing Institute of Graphic Communication, Beijing 102600, China

Abstract This paper takes the problem of customer default in the current bank credit business as the starting point and maps the
relationship between customer default rate and credit score card value reasonably. The logistic regression is used to build the pre-
diction model of the score card and the gradient descent algorithm is used to construct the customer score card in the bank venture
capital. The data is first loaded and analyzed,then the data set is partitioned and the cross-time validation set is used as the final
validation of the model. Finally, KS value and AOC curve are used to evaluate the stability of the model. Experimental results

show that the score card model constructed by the proposed method has good stability.
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Tabel 1 Mapping of scorecard and default rate
Score Odds
80 0.625:100
70 1.25:100
60 2.5:100
50 5:100
40 10:100
30 20:100
20 40:100
10 80:100

3 ZHEORAERNEE

AR SCAE A B A ok B 2018 AR B RN T 4 DY K
a3k 2 o, ERVEE 2 5 S0 B 2 AT A T R
J5 HER O B B B R AE . T SO X SR R AL IR R

R 2 B TE P B o

Tabel 2 Data set attributes and partial data

Obs_mth Bad_ind Uid Td_score
2018-10-31 0.0 A1000005 0.675349
2018-07-31 0.0 A1000002 0.825269
2018-09-3 0.0 A1000011 0.315406
2018-07-31 0.0 A1000481 0.002386
2018-07-31 0.0 A1000069 0.406310
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Table 3 KS value and its corresponding meaning

KS Meaning
AT 0.3 prediction effect of the model is good
0.2~0.3 Models available
0~0.2 prediction effect of the model is not good
/INF O Model error
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Fig. 2 ROC evaluation curve
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