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Abstract: For the case of imbalanced data, an integrated classification method for CGAN-focal-loss was
investigated based on conditional generative adversarial networks (CGAN) using gradient boosting trees.
The method first reduces the imbalance rate by CGAN, and further improves the classification
performance of the classifier by increasing the focus on a few classes of samples through the weight
balancing of the focused loss combined with the GBDT algorithm. The properties of the method were
investigated and several theoretical results were obtained. It was proved that the empirical conditional
distribution generated by CGAN converges to the conditional distribution of the corresponding aggregate
under certain conditions; that the empirical risk of the CGAN method with focused loss converges to the
expected risk; and that the estimator of the method converges to the function that minimizes the expected
risk. The experimental results show the good performance of the CGAN-focal-loss method.
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Fig.2 500, 1000, 1500 iterations of real data and
empirical distribution of generated data
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Tab.2  AUC values of various sampling methods
(87N AUC training AUC
ROS-DT 0.6928 0.6902
SOMTE-DT 0. 6508 0.7188
broderline SOMTE-DT 0.6379 0. 7554
ADASYN-DT 0.6508 0.7132
SMOTEENN-DT 0. 6867 0. 7469
RUS-DT 0.6641 0. 6640
GAN-DT 0.7056 0.8219
CGAN-DT 0.7393 0. 8341

MF 2 BT LLE H . CGAN 1E B4 & il ke )y
L, HOAUC W &, JF Had o X b AUC 5
training AUC )25 S 0] UGS , & Fh ke ik, &
oS5 R A RS R. 5 R Eh AT RUS
AHE, CGAN ) AUC {H £ &5 11. 32 %, A XF T 3 4k
Fem e FE & R ROS, H AUC H# 5
6. 711 % » AHXEF H Al 4l B 19 7 % SMOTEENN, H
AUC {H427% 7. 65% M4 GAN Jrik AUC {54275
4.77%. N AUC 452k B B i AE J7 % CGAN
RO LRI AL

3 DL CGAN E ke Iy vk R UL 7R Bk 2
M ERAEBLN GBDT ik BA —E M #. W&
3TLLE HBAER KM CGAN EEMHEML. 58 kh
Ui GBDT 7 E:Mb AUCHIRE T 2.39% ;1%

FikYE LR,RF,XGBOOST,KNN H: AUC {843 %
BIHT 5.04%,3.76% .4.24%,9. 10 %.
R3 EMHEFEN AUCHE
Tab.3 AUC values of classification methods
(=R7S AUC training AUC

focal loss-GBDT 0.7914 0. 8764
GBDT 0.7729 0.8241

LR 0.7534 0. 8945

RF 0.7627 0.8984
XGBOOST 0.7592 0. 8851
KNN 0.7254 0. 8494

% 4 2 LR.RF,KNN, XGBoost 5 % Fl i £ 77
EHGS 5B EMAR CGAN B ¥ETEF 1 K 5UE
£ Erfg A AUC H.

R4 BMHoEEZXMN AUCE

Tab.4 AUC values of classification algorithms

Bk AUC training AUC

GAN 0. 7818 0.8518

LRI GBDT

CGAN 0.7914 0. 8764
""""""""""""""""" GAN  0.7665  0.8661

ROS 0.7685 0.7728

SMOTE 0.7651 0.7843

LR borderline SMOTE 0. 7637 0.8571

ADASYN 0.7638 0.7743

SMOTEENN 0.7655 0.8118

RUS 0. 7606 0.7569
""""""""""""""""" GAN  0.7598  0.8787

ROS 0. 7547 0.8672

SMOTE 0.7295 0.9602

RF borderline SMOTE 0. 7339 0.9705

ADASYN 0.7199 0.9514

SMOTEENN 0.7390 0.9601

RUS 0.7677 0.7615
""""""""""""""""" GAN  0.7574  0.8884

ROS 0.7491 0. 9999

SMOTE 0.7053 0.9956

XGBoost borderline SMOTE 0. 7186 0.9947

ADASYN 0. 7009 0.9955

SMOTEENN 0.7182 0. 9964

RUS 0. 7447 0.7690
""""""""""""""""" GAN  0.6455  0.8212

ROS 0. 5607 0.9873

SMOTE 0.5999 0. 9837

KNN  borderline SMOTE 0. 5815 0. 9856

ADASYN 0.5768 0.9653

SMOTEENN 0. 6059 0. 9882

RUS 0.7161 0.7133

M 4 T LR R R R CGAN fEf5
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RABFRFEEHGE TRES K CGAN 09 & R 5 £ 7 % 975

B b e A F M. 5 LR o3 30 & 45 19 4l
FEJT ik ROS L iZ k09 AUC fH#2 & 3.00%;
5 RF R 8 & b i AE J7 7 RUS M L, H AUC
HEE 3.09% ;5 XGBoost H & 3 5 I 1 Fh #F 7 12
GAN #Eb . H AUC R 4. 49% ;5 KNN H 3k
PR U I S RE 7 B RUS M H, 2 AUC (#2587
10.52%.
2.3 HMBIBELIESH
I ¥E R KEEL 19 4 A58 45 3017 BUE 32 56,
Kt — Ui B AER K CGAN & M L. H
A 1k AP 0 35 il AR O 7R LT AR B X A — 28
FEAS AR 7 IR AE A — 2 (W) Ry BR M. BH b, >R 7
YEE FSCiR B A SMOTEENN J7 3 3k #E 4T %) L, B8
L 1) CGAN,DT. LR, RF. XGBoost, KNN 7£
X SR HEAE b TS AUC, training AUC {HN% 5
fiis. Hirp B &R0 CGAN i 5 5 FLCGAN.
®5 BSANHIEEM AUCE
Tab.5 AUC values of data sets

leveland-
Bk ecoil3  yeastl  yeastd clevelan
0-vs-4

AUC 0.9532 0.8108 0.8899 0.9896
FLCGAN  training

AUC

AUC  0.9344 0.6959 0.7923 0.6667

0.9614 0.8637 0.7859 0.9628

DT training
AUC

AUC  0.9415 0.7795 0.8745 0.9688

0.9841 0.9095 0.9734 0.9465

LR training
AUC

AUC  0.9403 0.7806 0.8472 0.8958

0.9984 0.9117 0.9494 1.0000

RF training
AUC

AUC  0.9344 0.7711 0.8507 0.9375

XGBoost  training
AUC

AUC  0.8864 0.7873 0.8734 0.9375

KNN training
AUC

M5 Al LU Y 33 DA Hidh 2 b 3R AR 45 K Y

CGAN 2 L1 BB fe b, 5 HAD 5 125 % 1L, 3% 00 A K

et AUC (SRR 20l #2171, 2400, 2. 98%.,
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TEYI Zroad B2 v o 0 26 7 A0 BB A e 43 JERE AR,
TR B A 2B i e 2k g L OF Hal it GBDT 4E

0.9983 0.9809 0.9736 1.0000

0.9989 0.9827 0.9984 0.9993

0.9996 0.9782 0.9975 0.9957

27 > A e AR AR Y 92 AL BE

F CGAN F Y 1 2 A= 1 I FH 78 B00H0 Fn 5 ik
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