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A non-iterative approach to kernel logistic
regression for imbalanced data

CUI Wenquan, YU Demei, CHENG Haoyang

(Department of Statistics and Finance » School o f Management » University of Science and of Technology of China » He fei 230026, China)
Abstract: A non-iterative kernel logistic regression learning method for severely imbalanced data was
proposed. The method is an improvement on the iterative weighted least squares method for classical
kernel logistic regression. It not only reduces the computational burden caused by iteration, but also
utilizes the knowledge of the ratio of the benchmark category, and can avoid problems normally
encountered when processing imbalanced data such as undersampling, oversampling and cost-sensitive
learning. Thus, this method enables the efficient and fast modelling of kernel based logistic regression in
the case of large-scale imbalanced data, through the construction of a robust modified least square logistic
classifier. Theoretical research indicates that the proposed method has some excellent properties, and
simulation research and empirical studies show that its classification effect is good.
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A BE ML R A FE 5 3 B9 LS-KLR Cunder), 45 &
SMOTE J ¥ LS-KLR(SMOTE) , /A~ il &b 2
B BEHL AR AR (random forest) o AU AL A0 B ) SVML

BEAIL A AR v, 2 1 2 800 2 SRR Y B
SMOTE 75 2 () U 3 Z: 80k 0 Bl ke s 19 5 5
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Tab.1 AUC value of simulation test dataset and model training time

LEEE L /% LS-RKLR IRLS-KLR LS-KLR

LS-KLR LS-KLR
random forest SVM
(under) (SMOTE)

0.779(0.005) 0.783(0.005) 0.726(0.005) 0.719€0.007)
0.767(0.008) 0.774(0.008) 0.701(0.008) 0.690¢0.014)
0.739(0.009) 0.752(0.009) 0.676(0.009) 0.667(0.015)
0.722(0.013) 0.719(0.015) 0.641(0.013) 0.648(0.016)
0.708(0.017) 0.702¢0.017) 0.632(0.017) 0.631€0.016)

0.666(0.019) 0.693(0.015) 0.608(0.019) 0.624(0.019)

20 0.787(0.005) 0.787(0.005) 0.781(0.005)
10 0.774(0.008) 0.782(0.008) 0.760(0.007)
5 0.764(0.012) 0.768(0.009) 0.721(0.01)
2.5 0.745(0.019) 0.737(0.015) 0.676(0.016)
2 0.734(0.020) 0.728(0.017) 0.652(0.019)
1.5 0.729(0.020) 0.708(0.019) 0.639(0.019)
1 0.718(0.023) 0.691(0.021) 0.616(0.017)
Il 2t 8] / min 3.2 138.3 3.2
e
-.‘:\g\
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X0 Al
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070{ u. s e
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= ;
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15 T3 Rz B ik & AUC 1B
Fig. 1 AUC value of test set corresponding to different ratio

of majority class to minority class of simulated data
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e L K SMOTE #f #if B 9 AUC {H, #W] LS
RKLR J5 ¥ 76 B A7 80dh 4 b 20 0 A 82 5 o fig 32 3R
R 2 S RUR.
2.2 EIESH

B R ALEE 5 A H g AR i 4y 25 1)
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Tab.2 Real dataset
. L. A 255 >, %)
LGS REARC

FRIEHL (L2 di b/ %

yeast2 1484 (ME2, H:A) (3.4,96.6)
yeast3 1484 (ME3, H:Ah) (10. 98,89. 02)

abalonel9 4174
abalone9vs18 731

(19, HAth) (0.77,99.23)
(18,9)  (5.65,94.25)
9 (sky,HAh) (14.26,85.74)

258 5 U B AL AT R 70 D0 1 RE AR AR Sl I

8
8
8
8

—

segment 2 308

30 Yo VE M IAE R 5 T 28 SURHIE v 17 5 8 ik
PE.OSZEHEAT 100 K. 3 3 45 K 4E AUC 1F 4
B FBRAE2E 32 4 R X o A A A 31 i [ ph 26 3 AT
L5 AN BUYE 4 P, IRLS-KLR 78 8086 4 yeast2,
yeast3, abalonel9 H | i £ AUC 18 fx &, LS-
RKLR 7E £ ¥& %&£ abalone9vs18 #1 segment H il 3z
B AUC fHfrc . SR, B3R 4 45 AR R 31| 25 i i)
A LLE A S0 19 LS RKLR 78 I 25 8 #0175
BRI A LT IRLS-KLR KK D, BB X T
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Tab.3 AUC value of real test dataset

Bl 4k LS-RKLR IRLS-KLR LS-KLR LS-KLR(under) LS-KLR(SMOTE)
yeast2 0. 940(0.005) 0. 955(0. 005) 0.936(0.009) 0.947(0.005) 0.944(0.006)
yeast3 0.981(0.001) 0.982(0.001) 0.977(0.002) 0.980(0.001) 0.981(0.00D)
abalonel9 0.730(0.015) 0.776(0.019) 0.692(0.027) 0.730(0.008) 0.731(0.013)
abalone9vs18 0.958(0.003) 0.950(0.007) 0.958(0.006) 0.944(0.006) 0.953(0.005)
segment 0.994(0. 001D 0.994(0.001) 0.993(0.001) 0.994(0.001) 0.994(0.001)

F 4 ETHIEEIZEE (R A:min)

Tab.4 Training time of real dataset (unit: min)

LS IRLS- LS- LS-KLR LSKLR

RKLR  KLR KLR  (under) (SMOTE)
yeast2 2.9 113.1 2.9 2.3 4.6
yeast3 2.9 113.1 2.9 2.3 4.6

abalonel9 50.2 2364.4 50.2 37.7 111.7

abalone9vs18 0.8 136.6 0.8 0.7 1.4
segment 13.3 591.1 13.3 10. 6 17.3
3 Fig
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