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Abstract

With the continuous growth of the economy and the development of financial technology, the market
scale of personal credit, as a financial tool to satisfy consumer demand, has naturally expanded. Influ-
enced by the economic downward pressure, the increase of non-performing loan behaviors and var-
ious unexpected changes, the default rate of personal credit is gradually rising, and the importance
of a perfect and efficient personal credit assessment model is self-evident. In the process of credit
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assessment, a series of specific indicators and factors are used to judge the credit risk of an individ-
ual, which requires a huge amount of resources under a huge market scale. In this paper, a logistic
regression model based on sparse optimization is proposed, which can quickly produce individual
risk assessment results while maintaining a certain degree of accuracy. Finally, the effectiveness of
the proposed sparse logistic regression model is verified by real data.
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Table 1. Description of customer attributes in the German credit database [12]
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Table 2. Sample distribution

F=2 BHASH
FEARS R BARERE BAREATTEHGI(%) HAREER BRI HEI(%)
YIGRFEA 500 350 70 150 30
e A 500 350 70 150 30
ARFEAR 1000 700 70 300 30

AR g = [0, 1/2, 23] =FiE Bl F AT L8, Ha st BRI F: 1=2e-3: «,=30:
Qg = *rate; rate=0.1. =M q {8 K4 RHREWZE 3 iR,

Table 3. Logistic regression coefficient
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g=0 q=1/2 q=2/3
x1 -0.8891 —0.9209 —-0.9233
X2 0.6675 0.6918 0.6885
X3 -0.6728 —0.6899 —0.6557
x4 0 0 0.0345
x5 0.7237 0.7452 0.7506
X6 -0.3236 -0.2890 —-0.2974
X7 —0.4942 -0.4881 -0.4719
X8 0.5392 0.5520 0.5621
x9 0 —0.5557 -0.5172
x10 0 —-0.2955 -0.2875
x11 0 -0.0563 -0.0760
x12 0.2041 0.0872 0.1583
x13 0 0 0
x14 -0.1560 -0.1870 -0.1974
x15 0 0 —0.2512
x16 0.3673 0.4369 0.4306
x17 0 0.1282 0.1499
x18 0 0.1295 0.1492
x19 0 0 0
x20 0 0 0
76.4

< 76

=

& 75.2 I
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Figure 1. Model prediction accuracy under different g values
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