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Abstract

The hierarchically penalized support vector machine (H-SVM) has been developed to perform simultaneous
classification and input variable selection when input variables are naturally grouped or generated by factors.
However, the H-SVM may suffer from estimation inefficiency because it applies the same amount of shrinkage
to each variable without assessing its relative importance. In addition, when analyzing imbalanced data with
uneven class sizes, the classification accuracy of the H-SVM may drop significantly in predicting minority
class because its classifiers are undesirably biased toward the majority class. To remedy such problems, we
propose the weighted adaptive H-SVM (W AH-SVM) method, which uses a adaptive tuning parameters to
improve the performance of variable selection and the weights to differentiate the misclassification of data
points between classes. Numerical results are presented to demonstrate the competitive performance of the
proposed W AH-SVM over existing SVM methods.

Keywords: adaptive tuning parameter, hierarchical penalization, imbalanced data, support vector machine,
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Table 3.1. Simulation results for Example 1 (percentage of minority class: 10%)

Weight Adaptive Test classification accuracy (%) GrouAp Input Va.riable
(Y/N)  (Y/N) Method Owverall Sensitivity Specificity G-mean selection selection
accuracy NC NIC NC NIC
Ly 80.0 (1.2) 61.9 (2.7) 98.0 (0.4) 77.9 (1.6) 3.0 5.0 10.0 27.7
N Foo 80.1 (1.3) 62.4 (2.7) 97.8 (0.5) 78.1 (1.6) 3.0 5.0 10.0  30.0
N H 80.0 (1.2) 61.8 (2.7) 98.2 (0.5) 77.9 (1.5) 3.0 4.0  10.0 21.9
ALy 80.2 (1.3) 61.9 (2.7) 98.5(0.4) 78.0 (1.6) 3.0 4.6 10.0 13.1
Y AFs 80.4 (1.2) 62.6 (2.6) 98.3 (0.5) 78.4 (1.6) 3.0 4.8 10.0 28.8
AH  80.2 (1.2) 61.9 (2.6) 98.6 (0.4) 78.1(1.6) 3.0 28 100 89
WL, 87.0 (0.8) 85.0 (2.0) 89.0 (1.7) 87.0 (0.8) 3.0 4.5 9.8 142
N WFs 86.5(0.7) 84.0 (1.9) 89.0 (1.5) 85.6 (0.7) 3.0 4.8 10.0 28.9
v WH 87.9 (0.6) 86.6 (1.9) 89.2 (1.4) 87.9 (0.6) 3.0 0.5 9.9 4.0
WAL, 878 (0.7) 86.1(1.9) 895 (1.4) 87.7 (0.7) 3.0 26 99 46
Y WAFs 87.7(0.6) 859 (1.9) 89.5(1.3) 87.7(0.7) 3.0 2.4 10.0 16.8
WAH 88.0 (0.6) 86.7 (1.9) 89.4 (1.4) 88.0 (0.6) 3.0 0.3 9.9 1.2

The numbers in parentheses are standard deviations.

NC = number of correctly selected input variable; NIC = number of incorrectly selected input variable.

s17) 98 =717k 1,0009 AS Ak (validation data)9} BF7IHES BF A2 F71st7] s 2
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variable; NC)&} 24 FoA {3t wigz 5 AHE 74 (number of incorrectly selected
Y2y AAerAn). ol S 100 FHAH SR gHEeglon, 7F PR
RojAlge] AFE Aelst Zzke] o vER it
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T} qu ZE2 89 29 (4,5)A% Y2t Cov(zi,z) = 0.57loty. 281 E=gAo=z 407)

k gooe 3 .o ‘% E%%“F’F‘E‘g)‘— —,—E1 }‘g}\éﬁ}o:] 407H"] ?:] = \_‘l‘
Ty = (1/\/5)(% + wi;)E AR o)F WY WSS Ve BEA2E BY PY = 1) =
@), P(Y = -1) =1 - P(Y = 1)l sl A= en, ojuf 4A EF73r=

S
=,
=
8
<
=
+
o)

]
=

f(a:) = [1‘21‘11—0.833124-1.61‘13] + [3321—0.91‘22—1.11‘23—1.31‘24-"-3125} + [2.51[614’1.4@62} (3.1)

. % 8 25 FoA 3709 IF @1, 22,269 S8 IFOE
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IdFNA e 27 9EusE 47 238ta
HA At WAH-SVME] 45 JAE 7H5X9 454 =g
EET v ZE] A8 AT vlgo] 10%QA B3 A5
F= Table 3.19 FEj= o] It} 729 &gl Fo g £F4

2 A5 A A AF PHol AEANE A8 e el

o 32
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ot
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Table 3.2. Simulation results for Example 1 (percentage of minority class: 5%, 10%, 20%)

Test classification accuracy (%) Group Input variable
Percentage of K .
Minority class Method — Overall Sensitivity Specificity ~G-mean selection selection
accuracy NC NIC NC NIC
H 84.5 (0.7) 72.4 (1.7) 96.5(0.7) 83.6 (0.8) 3.0 2.8 10.0 17.0
20% AH 84.9 (0.7) 73.3 (1.7) 96.7 (0.5) 84.0 (0.8) 3.0 1.9 10,0 6.3
WH  86.6 (0.6) 88.3(1.4) 889 (1.0) 88.8(0.6) 3.0 0.7 100 5.7
WAH 88.7(0.5) 88.1(1.2) 89.3(1.0) 88.7(0.5) 3.0 0.4 10.0 1.6
H 80.0 (1.2) 61.8 (2.7) 98.2(0.5) 77.9 (1.5) 3.0 4.0 10.0 219
10% AH 80.2 (1.2) 61.9 (2.6) 98.6 (0.4) 78.1(1.6) 3.0 2.8 10.0 8.9
WH  87.9 (0.6) 86.6 (1.9) 89.2(1.4) 87.9(0.6) 3.0 0.5 99 4.0
WAH 88.0(0.6) 86.7(1.9) 89.4 (1.4) 88.0(0.6) 3.0 0.3 9.9 1.2
H 75.6 (1.9) 51.9 (4.0) 98.8(0.5) 71.6 (2.7) 3.0 4.8 10.0  25.9
5% AH 75.8 (2.3) 51.4 (4.8) 99.1 (0.4) 71.6 (3.3) 3.0 3.5 9.9 11.2
WH 865 (1.2) 84.3(3.2) 88.7(20) 864 (1.2) 30 04 96 3.5
WAH 869 (1.1) 84.6 (3.1) 89.1(2.0) 86.8(1.1) 3.0 0.2 9.6 1.1

The numbers in parentheses are standard deviations.
NC = number of correctly selected input variable; NIC = number of incorrectly selected input variable.
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Table 3.3. Simulation results for Example 2 (percentage of minority class: 10%)

. . Test classification accuracy (%) Group Input variable
Weight Adaptive . .
(Y/N)  (Y/N) Method Owverall Sensitivity Specificity G-mean selection selection

accuracy NC NIC NC NIC
Ly 776 (1.2) 61.3 (2.7) 98.7 (0.4) 77.7 (1.6) 3.0 6.0 7.2 25.4
N Feo 77.7 (1.3) 61.5 (2.7) 98.6 (0.5) 77.9 (1.6) 3.0 6.0 8.0 38.0
N H 77.6 (1.2) 61.1 (2.7) 98.8 (0.5) 77.6 (1.5) 3.0 4.9 7.2 203
ALy 77.6 (1.3) 614 (2.7) 99.0 (0.4) 77.8 (1.6) 3.0 5.2 6.0 12.9
Y AFs 77.8 (1.2) 61.5(2.6) 98.7(0.5) 77.8 (1.6) 3.0 5.9 8.0 27.5
AH 77.7(1.2) 61.5 (2.6) 98.9 (0.4) 77.7 (1.6) 3.0 29 72 84
WL, 86.3(0.8) 84.0(2.0) 89.3(1.7) 86.6 (0.8) 3.0 5.3 49 105
N WFs 858 (0.7) 81.7(1.9) 91.3(1.5) 86.3 (0.7) 3.0 5.8 8.0 27.2
v WH 86.9 (0.6) 84.3 (1.9) 90.2 (1.4) 87.2 (0.6) 3.0 0.9 6.0 3.3
WAL, 86.6 (0.7) 84.3 (1.9) 90.7 (1.4) 86.9 (0.7) 3.0 2.6 48 42
Y WAFs 86.5 (0.6) 824 (1.9) 91.7 (1.3) 86.9 (0.7) 3.0 4.4 8.0 21.6
(

WAH 87.0(0.6) 84.9 (1.9) 91.1(1.4) 87.4(06) 3.0 0.5 6.3 1.7
The numbers in parentheses are standard deviations.

NC = number of correctly selected input variable; NIC = number of incorrectly selected input variable.

Table 3.4. Simulation results for Example 2 (percentage of minority class: 5%, 10%, 20%)

Test classification accuracy (%) Group Input variable
Percentage of ; .
Minority class Method  Overall Sensitivity Specificity ~G-mean selection selection
accuracy NC NIC NC NIC
H 82.2 (1.0) 70.3 (2.1) 97.5(0.6) 82.8(2.5) 3.0 4.5 7.5 17.7
20% AH 82.4 (1.2) 70.4 (1.2) 97.7 (0.6) 82.9(1.2) 3.0 2.4 6,5 6.8
WH 87.3 (0.5) 84.7 (0.4) 90.6 (1.3) 87.6 (0.4) 3.0 1.5 7.4 5.3
WAH 87.5(0.5) 84.9(0.4) 91.0(1.3) 87.8(0.4) 3.0 0.6 6.9 2.1
H 77.6 (1.2) 61.1 (2.7) 98.8 (0.5) 77.6 (1.5) 3.0 4.9 7.2 20.3
10% AH 77.7 (1.2) 61.5(2.6) 98.9 (0.4) 77.7(1.6) 3.0 2.9 7.2 8.4
WH 86.9 (0.6) 84.3 (1.9) 90.2 (1.4) 87.2(0.6) 3.0 0.9 6.0 3.3
WAH 87.0 (0.6) 84.9(1.9) 91.1(1.4) 874 (0.6) 3.0 0.5 6.3 1.7
H 734 (2.6) 53.3 (4.8) 99.3(0.3) 72.7(3.2) 3.0 4.6 7.1 18.7
s AH 73.9 (2.9) 53.3 (5.4) 99.6 (0.3) 72.9 (3.7) 3.0 2.1 6.8 6.8
WH 86.2 (0.8) 83.5 (2.6) 89.7 (2.5) 86.5(0.7) 2.9 0.7 4.9 2.4
WAH 86.4(0.9) 83.6(2.7) 90.6 (2.5) 86.8 (0.8) 2.9 0.3 5.3 2.5

The numbers in parentheses are standard deviations.
NC = number of correctly selected input variable; NIC = number of incorrectly selected input variable.

TR vEo] 10%Q] =@ A=A BJddS APl en, ZH7e] SVM
= Table 3.3° A= ot 2oJUH 194 2o} vp7HA = Q2R H8ES
=19 ALA 2RS4 Ao Z A9 v WAH-SVMe] B8 A3 o
ol A FEENEES ¢+ AUk

94 HES 2] A8 B9 2ojdd Zie Table 340 AeEFo] gon, of A} =3
13} fARsle). 7R A WH-SVMI WAH-SVM e A-9ole 243tk v]go
T T8 YR shete] 3 T S At Y WAH-SVMLE Sols+ tha 3}
o, AR} 7)ekEwe] 45l FEEAES & Ak W A"l iz Al Wl
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Table 4.1. Description of input factors and input variables of credit approval data

Number of

No Input factor Information of input factor Type . .
input variables
1 INCOME HAas 3
2 AGE a9 3
3 LOAN_CNT ZIEdE F4 3
4 NEW_LOAN1_CNT FH2Z 13y AgEds 3
5 LOAN_AMT A HedE 2 3
6 CARD_RATE AE7tE AME B Continuous 3
7 CARD_CNT A&7tE A 3
8 CARD_AMT AG7tE o] &FH 3
9 CA_USAGE HAF AR A i?ﬂ% 3
10 SRT_.DELQ_CNT D7 AA AR AT 3
11 LONG_DELQ_CNT 271 AA ﬁ qda4 3
12 MAX_DELQ_PERIOD A dAA g5 3
13 JOB 29 . 2
14 OCC_AREA Ao Categorical 6
44

WAH-SVMe] BF7E4 7Y FolA A585E 7P wol Al A

4. HAAlE 24
4.1. 3U HES0 A2

ol AojA= &4 A= (loan approval data)E Z-83to] A 9sk= WAH-SVM3} 7]& SVM =
HEY e vl F71Ekch o] AEE 2011-2012 Atolof] Fuf 239 thE S el At tlolH
Z &2 2,000 th3l 1470 JE QT Qg e BekS el E o3 M= uks g 1A
=Hol ot HA AEE HEAY e A8 F 1d T AFAA AFo] o]FoiFl 1,602%9] ¢ v
2k} 33] AF o]k} AA|ZF HAYE 398789 EF tHEAE FAF JdoH, F HA Y AT A
3] BEF¥Foltt BEREMA ARSS QER9L U AA Al & A1Hele] AEs AYA S 2
Y RAHZ (credit bureau) ZFE 533} 21, o]= Table 4.1 AE]=o] 9t} H]AE
e fote] 223E A5 YPal1Y 34 tFAS YYHSE o]8siglen, ¥
7P (dummy variables) §E] 2 W 3H3to] M (input features) 2 &3}t
A oksk= WAH-SVMe] A45S Hlm 374817 98] Li-norm SVM, Fo-norm SVM, H-SVMz} 7+
7ol 71 7HEX S ASA 2ERTE A&3 YHES ARSSto] tiEsd ARE Ao,
oluf BPo] A3 9 HIIE 93 HA A5 1/4S TAAER, 1/4S AZAEE, 283 YA
1/2€ 78 E 83tk ER7IHEY &F 48= 971E A8 AA =, UgE, S, 1
g1 7| E 7S Axdetglon, Headde] Hes Hrhshy] f8 14709 9889 5 fos ﬁJOE
AeE JHL2AY st 44709 JHHEs 5 /oS MR AdgE JHHsy AeE 47 ALbst
Atk olgd HAL 100 SPH o wEsglen], ZH7ke] Frpx kel thE 100M] F#S Table
4.20] Yep ATt

O

)

= /\

Bedtso =
=z & (e} [e] o
=3 2] g o]lo

Table 428 X9, 24 Ao 7k &8F vl&S A5 A8 7154 ¥R Wii-norm SVM,
W Foo-norm SVM, WH-SVMe] 7}52]E ©]831A] ¢ WHEe) vla] ul& So|=7} tha 743t
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Table 4.2. Simulation results for credit approval data

Test classification accuracy (%) Number of Number of
Method Overall . . selected selected
Sensitivity Specificity G-mean .

accuracy factors variables
Ly 90.0 (0.9) 74.1 (5.7) 94.0 (1.1) 83.4 (2.9) 13.27 28.26
Fuo 90.5 (0.9) 74.9 (5.4) 94.3 (1.1) 84.0 (3.0) 13.29 42.00
H 90.3 (0.9) 73.0 (6.1) 94.5 (1.8) 82.9 (3.0) 8.43 18.43
ALy 90.0 (0.9) 72.3 (5.8) 94.4 (1.2) 82.5 (3.0) 9.06 13.61
AFs 90.3 (0.9) 76.8 (5.0) 93.7 (1.1) 84.8 (2.5) 11.20 35.14
AH 90.3 (0.9) 74.4 (5.6) 94.3 (1.1) 84.2 (2.9) 4.57 10.14
WLy 90.0 (0.9) 90.2 (3.6) 90.0 (1.3) 90.1 (2.6) 12.37 24.73
W Fso 89.7 (0.9) 945 (3.1) 88.2 (1.3) 90.8 (1.8) 12.28 39.00
WH 91.3 (1.0) 94.9 (2.6) 88.9 (1.5) 91.8 (1.7) 3.57 7.57
WALy 90.1 (1.0) 90.8 (4.7) 90.0 (1.7) 90.3 (1.9) 7.25 10.33
WAFs 89.9 (0.9) 95.1 (2.0) 87.4 (1.4) 91.1 (0.9) 9.10 27.61
WAH 91.3 (1.1)  93.2 (2.3) 89.3 (1.8) 91.9 (1.5) 2.24 5.27

The numbers in parentheses are standard deviations.

A, FgEoRIA F23 ol VT ZHeA ofF 948 4% Uehln 9t A ¥
AT & 4 Yk =R SN AW JeA 48H ZEESE F7 48 WAL-norm SVM,

o

W AFs-norm SVM, WAH-SVML A$A 28ns2
A | 8% B8 AL ek mATo R A Y
A 25 Ao} g Sde, Ut Ao Yol

g
B9 AR BREANN 1 B8 H540) Frha & 5 ek

B3 92 BUEOl vis) a9 3o
ol

o]F Al o] AFEE o]FFAl 1A 5,000 A (retention) e} o] (churn)e] o] RESHS
20718 48 g oloz FAF ] gl o UCI Machine Learning Repository (http://archive.ics.uci.edu
/ml)ol A AlFeh= AR E ARSI o ZPEL 2R A ogarA o] 707 (15%) 0] thH el
AARAS] 42059 (57%)2 BTY ARelT § 200 YA F, AAUGE 4B el &
4, AT 5 AT 167] 29 SEerh. A5 P 4le BESet] 33 Al
‘?J"’“ﬂ 2 Z8siglen, U3y d=Hede 7pd _T(dummy variables) @FE|E W sto] YHAFE

239t webA, REATS A8 F 447] d=€HH(input features)E 167019 IF (groups) 2.2
;Mg 3}1c} (Table 4.3).

:':_u“im

AA g 5 1/4& 23 A%e A% TAAERE, 1/42 28RS AE AHE] A% A5A8E, 2
23 yH A 1/2€ A3d 23S 9] A3 FUtsE @8t BRVINES 59 9kE
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Table 4.3. Description of input factors and input variables of churn data

i ) Number of
No Input factor Information of input factor Type . .
input variables
1 NVM =R 533 3
2 TDM T2 A) 3
3 TDC £33 5(2A) 3
4 TDG 3l F(A) 3
5 TEM TIAITHLF) 3
6 TEC 588 5(2%) 3
’ TEG THLE(2F) Continuous 3
8 TNM E3AI7HA ) 3
9 TNC 588 5(44) 3
10 TNG 32 F(AY) 2
11 TIM 512K =) 3
12 TIC 33 (8 =) 3
13 TIG 32 F (=) 2
14 NCSC IAZAE 2o At 3
15 P A SR o Categorical !
16 VMP A A A ARG R L
44

Table 4.4. Simulation results for churn data

Test classification accuracy (%) Number of

Number of

Method Overall . . selected selected
Sensitivity Specificity G-mean .

accuracy factors variables
L1 88.0 (0.6) 32.8 (6.0) 97.1 (1.0) 56.2 (5.0) 14.4 28.9
Feo 87.9 (0.6) 30.0 (6.6) 97.4 (1.1) 53.7 (5.8) 14.2 40.5
H 87.9 (0.6) 29.8 (7.2) 97.5 (1.1) 53.4 (6.4) 9.3 21.6
ALy 87.9 (0.7) 30.6 (7.7) 97.4 (1.0) 54.7 (9.1) 12.5 20.4
AF 87.9 (0.7) 31.4 (7.6) 97.2 (1.1) 54.8 (6.8) 12.0 33.6
AH 87.9 (0.7) 31.8 (8.0) 97.3 (1.1) 54.7 (9.3) 9.1 17.8
WL 83.0 (1.3) 75.4 (3.6) 84.2 (1.7) 79.7 (1.7) 13.6 24.9
WFs 82.6 (1.5) 75.2 (3.8) 83.8 (1.9) 79.4 (1.8) 13.8 39.4
WH 83.1 (1.2) 76.5 (4.1) 84.2 (1.7) 80.2 (1.8) 6.6 12.8
WALy 83.5 (1,2) 75.5 (4.0) 84.8 (1.7) 80.0 (1.7) 10.9 15.7
WAF 83.1 (1.5) 75.6 (4.1) 84.2 (2,1) 79.7 (1.8) 10.8 30.3
WAH 83.5 (1.2) 77.1 (4.5) 84.5 (1.9) 80.5 (1.8) 6.3 10.5

The numbers in parentheses are standard deviations.
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5. 42

T A 2] AL doldt BFY A5 EREAHAN JdYPUFEC] 1F3} Hol JdE A ga
WATLE AFRE Whi-norm SVME J8WSES fEz oz Hdugtor 3] I5HSEL] 54
Aol Aeo M 1 F840] BojRth 2 =RdAE dYHsEe] 153 Hoj e 19 A8
EREAA 25 25U dEEse SAFA Ad"e] 753 H-SVME 383t BE7d #ge
A &8 7Fss WAH-SVM &S Alsaitt. ol H-SVMol| 34 2&RT5 H83hd
F79 284S TN, BT HES e A5H o2 ALY apFu] A5HS A
S Zgolt). B =RoAE R AAIE Y B4 T Akt WAH-SVMo| 487 1
F3 Hol 9 EFY A5 EREAA 7129 sl vsl] £ Amel M S 1
5ol 53 Felstnt
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