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Abstract

The rapid development of the online lending industry has made traditional risk control increa-
singly prominent in the timeliness, comprehensiveness and hierarchy of data. At present, the
booming machine learning enables the online lending platform to build an intelligent risk control
model by using multi-dimensional big data so that it can assess personal credit status more accu-
rately and reduce default risk more effectively. Based on the borrower loan risk data provided by
CCX Credit Technology, this paper uses Logistic, XGBoost and NN to construct a forecasting model
and compares the results. The XGBoost algorithm has a high degree of flexibility and allows cus-
tom optimization goals and evaluation criteria, and it also has more parameters, the scope of ad-
justment is large. So the model built based on XGBoost algorithm has higher accuracy for default
prediction of online loan borrower. At the same time, this article uses the automated tuning tool to
traverse all the parameter combinations, which brings great convenience to the model tuning.
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Figure 1. Solution of the problem
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Table 2. Correlation analysis
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varl1740 varl1812 varl734 var1806 varl97 varl163 varl169 var1208 varl70 varl214

varl740 1

varl812 0.99 1

varl734 0.99 0.98 1

var1806 0.98 0.99 0.99 1

var197 0.98 0.97 0.96 0.96 1

varl163 0.97 0.96 0.96 0.95 0.98 1

varl169 0.97 0.96 0.95 0.94 0.98 0.98 1

var1208 0.96 0.95 0.95 0.94 0.97 0.96 0.98 1

varl70 0.96 0.94 0.95 0.93 0.98 0.98 0.96 0.97 1

varl214 0.96 0.94 0.95 0.93 0.97 0.97 0.98 0.96 0.95 1
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Table 3. List of best parameters
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Table 4. List of best parameters
F 4NN RfESHIIE

SRR SHE X IfE
nhidlayer e i) J2 2
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Table 5. Comparison of modeling results
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