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Abstract

The unbalanced data in the real classification task are mostly characterized by nonlinear distribution,
and the traditional sampling method is not good at dealing with this kind of nonlinearity resulting
in unsatisfactory sample classification effect. Aiming at this problem, an under-sampling method
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based on KPCA is proposed. The method maps the original data to a suitable high-dimensional space
to make it linearly divisible by nonlinearly transforming the kernel function, and de-redundantly
removes the majority class by calculating the scores of individual samples on the kernel principal
components in order to achieve the purpose of under-sampling. After the under-sampling prepro-
cessing of nine datasets with different balance rates, the classification is performed using Logistic
Regression classifier model. The experimental results show that the algorithm of this paper obtains
the highest evaluation metrics under Accuracy, F1-measure and AUC value scores under 7, 8 and 9
groups of datasets, respectively, which shows that the method has a good classification performance
on unbalanced datasets.
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Figure 1. Nonlinear mapping
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Figure 2. Flow chart based on KPCA under-sampling algorithm
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Table 1. Experimental datasets description
1 LIHIEEmA

TS EVE/RE S FEAR B
1 lonosphere 351
2 QSAR 1055
3 German Credit 1000
4 Wall-following_1 5456
5 Steel-plates_1 1941
6 Steel-plates_0 1941
7 Wall-following_3 5456
8 Thyroid_1 3772
9 Ozone 2536

Ja

34
41
24
24
27
27
24
21
72

EZAEN S DHEFEALL
225 126
699 356
700 300
4630 826
1751 190
1783 158
5128 328
3581 191
2463 73

AT 5%

1.79
1.96
2.33
5.61
9.22
11.28
15.63
18.74
33.74
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HIAEE, FAEBIREEE SR 5 K, I 5 RIFLLCTFIAMEE R AN A R . 43 283K 4t [l 5
R FR ) Logistic Regression #5784 , ASCszIG s 3 Ml od, BAAW T

1) JRIABEE AHEAT RAMEETAL PR, {6 Logistic Regression 732 A6 R kA1 B 42 34T 7025

2) K BENLR MRS R A B 3E AT WAL #E, FFIA Logistic Regression 435285 75 T AL HE 5
BIAST TR B AT 3 2K

3) SRHIA I H 5T KPCA B J7 o0 AP A s S b 47 T kb 22, 51 F Logistic Regression
O ARSI AL B 5 AN A0 S AT 2
4.3. TEMIBIR

SR B TIRIEH R AT 1 7 V2R AN AT B8 5 7 SR8 M BB IEAT VRN o T VETE /DB A
TN T ZHOEEFEANS, AT RLE kb 7 KA A IFEARE R N 2 8. L, ARSCR A HE %
(Accuracy). F1l-measure 1 AUC fEAENTEM AR IR 3 Tl SLIG L0 70 SR 45 R

Table 2. Confusion matrix
=2 REEE

I .
— : T
Positive Negative
TP FN
Positive =}
(True positive) (False Negative)
HE
FP N
Negative N
(False Positive) (True Negative)

B¢ 2 A R R PME 5 ST E A G DURP: 43509 TOIAI LS R D e Fiuil Al 3 5 ]
NGB TN A B SR U TR A ) LSO IR . TP TN FPL FN 23 B3R F0 B FE AN,
HTP+TN +FP+FN = FEA 3.

1) Accuracy: JIrE 45 Hrdr, TR IERGRSE BRG], AR N:

TP+TN
TP+FP+TN + FN

2) Fl-measure: %4 1 A vEZ (Precision)fl 7 [0 (Recall), AZAATTHIEFIEEY, K B 45 75 () R fie

P, FEAN:

(12)

Fl-__ 2P
2TP +FN + FP

3) AUC: AUC [20] (Area Under Curve)/& ROC HiZk FHImEAR, Fl k& HiErPERE.
ROC #h£kJ2 52 1 & 51 H 2k (Receiver Operating Characteristic Curve) & — 7l Fl T [ i ks 2 05 124
TR RS S AR () B 26 . ROC 2R 1) 9\ il 2 JLIE 1 - (Ture Positive Rate, f&#X TPR) A A:

(13)

TPR=—1° (14)
TP + FN
T %k 2 B 1E 49 %2 (False Positive Rate, f&#% FPR)A R Jy:
FPR=— " (15)
FP+TN
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BT T =AML Accuracy. Fl-measure. AUC. # 3 5l 7 =R S R R PN TEhR
18, F A JF R AN AT AL HE B 1250 2810 52345 5 S DTC; BEHLRIMFEAR S RUS; I SE % AR e K AH -

H7 3 AT LAE H2E T KPCA IR 7iE S MR L, BAACR B TE 4R 2 B4 - #R I
Ao 75 AUC (TR AR 7T : A I 7 VR AR SO a0 AR e e s, 7E SN ER 4E 88 A [F )3
F+o 1E484% Accuracy I F1-measure fH I: AT IEE R HdR 4L FRIVKIFAE, (EERAMEHEE
RIS L

T AR L 3 FR B =R AR 9 AR AR E=FEAr BRI, TIRA 3 AMEIRE
TEREMAIEIR 3 MVEA Xt g 3.

Table 3. Classification of Accuracy, F1-measure and AUC of different classification algorithms on unbalanced datasets

3. NESXRE AT T EHIEE LAY Accuracy. Fl-measure 8. AUC {EXTEE

Accuracy F1-measure AUC
DataSet
DTC RUS KPCA DTC RUS KPCA DTC RUS KPCA
lonosphere 0.8592  0.8553 0.8868 0.8958 0.8608 0.9118 0.8945  0.8968  0.9446
QSAR 0.8107  0.7804 0.8364 0.6591  0.7707 0.8548 0.8931  0.8632  0.8987

German Credit 0.7600 0.7611 0.7667 05200 0.7485 0.7879  0.8130  0.8359  0.8430
Wall-following_1 0.8638  0.8327 0.8617 0.3890 0.8421 0.8431 0.8681 0.8848  0.8879

Steel-plates_1 0.8823  0.8684  0.8947  0.8167  0.8673 0.900 0.9449  0.9458  0.9495
Steel-plates_0 09451 0.7895 0.8438 09713 0.7872  0.8333 09317 0.8754  0.9326
Wall-following_3 0.9224 09087 0.9316 04800 0.9062 0.9384  0.9565  0.9589  0.9643
Thyroid_1 0.6468  0.6522  0.6609 0.6593  0.6721  0.6777 0.7158 0.7112 0.7264
Ozone 0.8630 0.8636  0.8636  0.8523  0.8421 0.8636  0.8920  0.9146  0.9250
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Figure 3. Accuracy comparison of the three algorithms
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Figure 4. F1-measure comparison of the three algorithms
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Figure 5. AUC comparison of the three algorithms
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K 4 45 7 =FPEIAAE Fl-measure LIXTLLARIR, WLAE IR 1 LR BRSNS, S5H
f P Rh T EAAR L, 3T KPCA AP RVAAE S MR &R EI Prim. JUHLAESE 20 3. 4 BLRKGR 714K
Pa e LA T A PIA TR IO TS AR T AR VE T EI52 7T T 68%. AL, 7E Fl-measure J51Hi 47 &
FL, B RAE T A SOITIERA B

K5 45 T = M7 AUC {EXT EEEIR, 15 2 L SRS T HARP R T73%, ASCTTEAEX 9 HHL
PRk BRI —BULTS, R R LA A FRE IR T, AR Vh AT DA e 7 AR A B AN
B e e o, B —EREEIE. RN WRIGIE 1 75 B AR E Ik
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