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Abstract With the development of computer technology,using machine learning algorithms to build automated evaluation models
has become an important tool to for the financial institutions to conduct credit evaluation. However, currently, the credit evalua-
tion model is still facing challenges: credit data is class-imbalanced and high-dimensional, meanwhile, the behavior of customers
can be influenced by the changeable external environment,namely,the concept drift will occur. As a result, this paper proposes a
dynamic credit evaluation model, which can achieve the flexible model update by using ensemble learning algorithm to continuous-
ly add base classifiers trained on new incremental data,and dynamically adjusting the weight of each base classifier to adapt to
concept drift. When concept drift occurs. according to the detection results of concept drift, the model is able to use different
forms of equalization and feature selection on credit data. In particular, for feature selection, this paper proposes an incremental
feature selection algorithm combining the choice of representative samples that makes the feature selection efficient and accurate,
enabling the model to simultaneously process the high-dimensional imbalanced data and adapt the concept drift of incremental
credit data. Finally, this paper manages to demonstrate that the proposed dynamic model is more efficient and accurate than other
prevailing algorithms on real incremental high-dimensional credit datasets.

Keywords Credit evaluation,Feature selection,Concept drift, Sliding window, Dynamic model
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(7) Checkerboard (CB) : Z 504 4 40 & 3 AN RAFE, Hop
= ANRRAE R TR L ST,
F1 HEENEAER

Table 1  Statistics of data sets
Data Set Number of Number of Chunk
Samples Chunks Size
LC 72000 36 2000
CSDS 96 000 48 2000
HV 606 6 101
MFeat 2000 6 333
HP 50000 25 2000
MG 50000 25 2000
CB 200000 100 2000
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Table 2 Confusion matrix

Predict
Actual redie
True False
True TP FN
False FP TN
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Table 3 Descriptions of comparative algorithms
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Experiment 1:comparison of time efficiency

Fig. 3
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Fig. 4 Experiment 1:trend of AUC

6 S 1T AT

Table 6 Experiment 1:average processing time

LA 2 )

HV Mfeat LC CSDS

FWAR 13.7 77.2 1803.8  2271.8
IARM 2.2 41.9 981.6 1327.0

FDNRS 27.9 75.0 2287.4  2214.8
RFFS 23.9 301. 8 5850.4  6395.2

BGSO 17.1 186.1 4372.2  A574.2

SSIWAR 16.9 83.4 2681.4  3110.2

®T OFEK 17 AUCH
Table 7 Experiment 1:average value of AUC

LA 2 s)
- #HaE &
HV Mfeat LC CSDS
FWAR 0.54040 0.97974 0.67912 0.84572
IARM  0.52336 0.93582 0.62282 0.83154
FDNRS  0.53212  0.95896 0.67556  0.85182
REFS  0.57178 0.98458 0.69962 0.86672
BGSO  0.57042  0.97990  0.69740  0.86500
SSIWAR  0.57280 0.98454 0.69848 0.86843
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Fig. 5 Experiment 2:trend of AUC

#8 L 2.7 AUCH
Table 8 Experiment 2:average value of AUC

B HAEE
DML Learn+ + REA AUE
MG 0.78402 0.74551 0.71795 0.60285
CB 0.89488 0.88381 0.85946 0.72241
HP 0.85969 0.81016 0.78528 0.74126
LC 0.69243 0.68453 0.61029 0.60652
CSDS 0.85457 0.84251 0.83572 0.82845

B G . o2k 2 mT LTS B 3t L R SCER ) DML
TR AR B R & RS (0 B P oA B i AR R S R B
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Table 9 Experiment 3:average value of AUC
CEDML DML Learn++ REA AUE
LC 0.70782 0.69243 0.68453 0.61029 0.60652
CSDS 0.86223 0.85457 0.84251 0.83572 0.82845

TR AR W LUE L, 2 F ) AUC {1 B AR SCEE I Y
CEDML %3 78 B 8¢ 5 I VE Al B4 1 0% 26 30 kb 3= 3 330 0k
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Table 10 Experiment 3:standard deviation of AUC(X10 %)
HIEE
"k .
CEDML DML Learn+ + REA AUE
LC 102. 85 123.96 282.15 246. 86 465. 23
CSDS 145. 45 156. 47 234.56 189. 23 396. 46
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