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W E OAELBALY . EREAFELNE -—RELH I LB ARTRELMMR S XTHEFRE., KA EHKET A
EEMNRFHFERHRAFEETEGPA, FHYHERANZIHMERLAR LN BIER 5 AR, A Lp 8, R E—FFaa
1E 40 # ik ¥ 89 CTGANBoost 7 %, 4 2./ AdaBoost(Adaptive Boosting) 7 i 89 4 — # Boosting &K ¥, 5] A& T % 31 47
%4% B %9 % 9 CTGAN(Conditional Tabular Generative Adversarial Network) 7 & 5 J 45420 A , 34TV B R B3GR TAE; &L
KAET CTGAN R B BFEE R TREP T, A REF A mRERFRFREHMBERG S A FIEf AT E,
BEINFRHEFEE Loy 24 R AN, CTGANBoost 7 ik # A I H ML TR LA E K FEL M F %, AUC LRI T
0.5%~2.0% F1 4842 T 0.6%~1.8% ,54E T CTGANBoost 7 & 8 H 2 WA= Z LR 7 .

KRR AT WA RIEEAN R FH AT T s AR M & 5%

HESES TP391

CTGANBoost: Credit Fraud Detection Based on CTGAN and Boosting
ZHUQO Peiyan,ZHANG Yaona, LIU Wei, LIU Zijin and SONG You

School of Software, Beihang University, Beijing 100191, China
Abstract In the financial industry.credit fraud detection is an important task, which can reduce a lot of economic losses for banks
and consumer institutions. However, there are problems of class imbalance and overlapping features of positive and negative sam-
ples in credit data,which lead to low sensitivity of minority class recognition and low data discrimination. To address these pro-
blems.a CTGANBoost method is proposed for credit fraud detection. First.in each Boosting iteration of AdaBoost,the conditional
tabular generative adversarial network(CTGAN ) method based on class label information constraint is introduced to learn fea-
ture distribution for minority class data augmentation. Secondly,based on the enhanced data set synthesized by CTGAN,a weight
normalization method is designed to ensure that the distribution characteristics and relative weights of the original data set are
maintained during the sample weighting process. Experimental results on three open source datasets show that CTGANBoost out-
performs other mainstream credit fraud detection methods, with AUC values increase by 0. 5% ~2.0% and F1 values increase by
0.6%~1.8% ,which verifies the effectiveness and generalization ability of CTGANBoost method.

Keywords Credit fraud.Imbalance data, Ensemble learning.Generative adversarial network, AdaBoost
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Table 2 AUC values of each classification algorithm on

3 datasets

UCI credit LDP CCFD

Logistic Regression 71.4 92.4 88.4
Naive Bayes 74.3 92.6 95.8
Decision Tree(DT) 70.0 89.8 86.6
SMOTE+DT 71.4 91.8 92.9
SMOTEBoost 74.7 92.4 95.6
CTGANBoost 75.2 93.5 97.8

3 KO RENAE 3 A BN B FL(E

Table 3 F1 score of each classification algorithm on 3 datasets

UCI credit LDP CCFD

Logistic Regression 14.9 15.5 61.5
Naive Bayes 50.5 33.8 23.0
Decision Tree(DT) 44.2 41.5 74.2
SMOTE+DT 46.3 31.9 62.7
SMOTEBoost 50.2 39.0 76.2
CTGANBoost 52.3 42.1 76.9

BT B AE CTGANBoost J7 ¥ H 4 A5 B 1) A 301 28 SC
AT T — R GV SE R TR SR .

(1) AdaBoost: X Jfl AdaBoost 77 1% , A HUAE fa] He At SF- 167
B 2 50 1 B Az

(2)CTGAN+DT . St ffi F CTGAN - 45 B 2 50 L Jm
FH B — P 58 W BE Y 4T 43 25, R #E AT Boost 4K,

(3)CTGAN+Boost: J&ffi i CTGAN - #5 %45 25 51, J5
fifi Jl AdaBoost 77 75 #4740 #EBL , {0 CTGAN {U7E 5 FF 4y fifi
H— . A% 5 Boost # X,

SEEE R R 4 s, R d ] LUF H, CTGANBoost
SR RIS A 3 MBI L AUCHM FLEY & F
Hh )7 . IR Boosting 5 2% > L BRR R B X > B b
AR B IR B HE F7 AR T CTGAN FL— 43285 8%, 1081 6 1 M7
o R 2 o) B {5 U HE Boosting 8 i 2 X B H — K
CTGAN, BRIk B 2 /DHREE . X0, B 7
Boosting iy % — 4 2% 1% i #2 b F§ CTGAN 7 8045 25 51
RE B8 A S8R FH B W AR PR IRVEAS 745 5080 i o g . BB 2
Boosting 8 % 3 L i & CTGAN 84 B3 40 i 4= 1 b #2%
BEAR B 4 TR R AR 2 T IR mAE A
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# 4 CTGANBoost J7 ki R 51 I8 il 52 56

Table 4 Series of ablation experiments using CTGANBoost

method
" HAEE HAEE2 HAEE 3
HA
AUC F1 AUC F1 AUC F1
CTGANBoost 75.2 52.3 93.5 42.1 97.8 76.9
AdaBoost 74.2 44.7 89.1 36.2 95.6 72.0
CTGAN-+DT 73.0 49.2 83.7 35.2 90.3 75.7
CTGAN+ AdaBoost  73.7 48.4 90. 4 38.7 96. 3 75.5
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