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Privileged LSSVM for classification and simultaneous importance
identification of missing information on incomplete data

WU Han, WANG Shitong

(School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China)

Abstract: While handling missing data classification tasks, the commonly-used removal strategy of missing data may
perhaps degrade the classifier’s performance, due to very insufficient perfect data. Based on the strategy of processing
missing data and constructing classification model simultaneously, we develop a novel privileged LSSVM (P-LSSVM),
which learns using privilaged information. It can not only improve its classification performance, but also determines the
importance of missing features without bias. The basic idea is to take the trained classifier of the available perfect data as
the privileged information to guide the learning of LSSVM for the whole incomplete data, express the importance of
each feature including missing features through the additivity kernel, then deduce the privilaged information of com-
plete data after training, based on which P-LSSVM is constructed. Finally, the unbiased missing feature importance re-
cognition is completed by the proposed leaving-one cross-validation method. Experimental results show that the pro-

posed method can achieve better testing accuracies, with the importance identification of missing features.
Keywords: least squares support vector machines; learning using privileged information; additional kernel; missing
data; k-nearest neighbor; sample space; privileged space; data quality
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fifi Fx_train, V }2 35X (28) 3K H LSSVM+# o il
b, 153 H 5 pREOC T, 1) T U -

n-1 d d
¥, = Z Z a;k(x_train, x)) + b+ Z: VI,
p

i=1 =1

End
d, =1y, >0},t=12,---,n
Forgltodby 1:

1 n n d )
Vo=V, — Z dy, [Z Z a;:ikl(x;’x;) - I;}
Vi =1 i=1 =1
End
If||V|| > B then V « (V « B)/||V||,
End if
r=t+1

Until convergence

i = (28) H1 VR P-LSSVM e Filb, 15 )
P-LSSVM Je 5 pRi £K :

n d d
Y = 20N ik (o x )+ b+ YV,
g=1

i=1 g=1

V < norm(|V])

e vV, yx),

P-LSSVM S0 b BB B 5 hay g oy AR ]
BFPEAT . B JCAE LSSVM Hi 5| A LUPL, ) F4RFL
5B X LSSVM #1751 5, AT AR UEA 58 B F#1iE
PR 22 FRE AU JE DR 22 A AL, 2 et p R AE 1)
J 3 B i I BT R G X A R A S B B S )
BEFH T I AZAE SRy B A pR B, B T X A
— YRR I F R (R RT A R AR 22 43 B AT 48
o AU X —45 1, 78 LSSVM+H A £ ol 410 HL
SIAT 22 RV, Ba K8 —8 XKHE
1) TG Ak T vk 38 e kAR SR VR B LA, X
Bl 2 {8 A b PR S R VAR SRR R, BRI
() B SR A7 4 7 2 A6 A 4 2 A 1Y () B, 38 ok AN
[F) AR A 1 k2 B R 1 4 28 i 22 b Rk T ik,
AR TR (Y T R, T I T A A T S ) kK 1
Frab s,

23 GEBRKEMNSFTENEEN

TEA SCHR Y P-LSSVM H, Vil X il T
5 g AERRIE B () SR BT S B B iR 2E AR
32 B — 28 U IE IR 2R AR SR VI R/ ME R
T AL O (E A B g 4 R AE X 43 2k B T i AR
FISZIA, BBt T 78 43 AR I v 55 o 2 R AIE 19 A X
N, R X B AT L A i i AR AR
85, HLHEELUT 3 FIEN.

1) WR VAT 0, 0] LUK R 55 g 2 RRAE 50 i
X 43 28 B T RE R A S A A 2 TG O LY,
LA 2 5O 3 ARG ) 552 W) A 0T JFC A R A 2 e /N

2) MR VNF— A8 I BIE, 5 g RRAE
R A B R 1 A IR 22 /N, Ul A g4 R
TR %) i 2 X8 0 2 14 B JUT R 3 A 1) 52 M 958 /)N
RIS @ 2 A5 A1 AF X JHG Al EL AT 5 R (B A AR A 2 AN
B, AEAR S S AR ot ) A R /N T A
FRAE, S B8 i A A 6 1

3IVARV KT —A 45 W B, R g4k R ik
B IR T R 1 A3 IR 2R, BRI A 4
TIEH5 4 B4 B 2 XoF 43 2 1 B JUT A s R ) R ) B K,
RIS g 24 SRR AIE AR X At B AT A8 KB B R IR S B E
B, AL e AR B T R . 1
WA A 5 Al R B b L A R o R, R
PR UF B 1 588

VI AR Ry M o 55 g 4 4R IE X 43 25 M e S i)
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JERIFEAR, Vo BI(EBOR , 27 g 48 4 ik FY) Bk 2% X 7326
PERETE ML R MR o O 1 o™ d Y R AR R AR 22 1]
AR X i AR T, A AR Bk R X VR A RS
AT, VRN, W T T B E R
55 g AR A X 0 SR B A4 AR Xt 52 M PR R/ o

3 EWERE M

TS EAR SCHE Y P-LSSVM AT &L
4 P-LSSVM 5 4 Ffr i [n] e 2 H5 45 49 55 1% 43 0l A
German (UCI german credit), Fire( fire dataset ) 55/
TFEHE S LRI X b o AS[R] A B i 2 %K
s A0 @A ] B R AT Y P-LSSVM, X FE SR A T
Se A B R KBS, XA B S B BCHE £ AT LSS-
VM A7 J R — 5 Al . 7 3.3.1 el T
SR AR, IEBH T P-LSSVM A Rt . LAk,
0T UL P-LSSVM i % H FRAE AR X B 20 T
e s BT B DTRK, 7 3.3.2 A Tl P-
LSSVM Xt German %4l 8 #4719 Z2 010 52

F DR T BRI E R . B SEgATE
] — ¥R 85 T 52 i, A HE 4R~ AMD Ryzen 74 800U,
AT 16 GB, 7£ Windows10 335 Bt & Python3.9.0,

K1 HIREEHEXER
Table 1 Dataset descriptions

FAGITE S HARL FAHIEER
German 1000 20
Australian 690 14
Fire 243 13
Surgery 470 16
Wine 178 12
Diabetes 1151 19
Fertility 100 9
Pima 769 8

3.1 HiE&ETWAE

T AT B, TR SL g v Oy i A Al AR
BB — RS B 1, A A LLBE HL
() 7 238 B — 8 43 A B0 AR R i R B B8, 7R
IdsEs RGO . seabh, S T B Ak B rd sk gk
PR SE IR, T R B G O, FE B
B LR Z TR 10% 15 5 . German (¥ 4E
& UCT 18 EAE A s 48 o AT HI R AR 48 A~ A0 5%
75 0K T 63 3k % i Al . Fire 250408 48 A Al
3NRRIE AN . Wine B8 424 3 1 K] 70 K 56
1 0 25 00 1 Sl TE B, R AR 2 B AT 6T
JE BEE R

3.2 gt

ARSCHAT ISR A R 2 H 2 568 H T AR
B fle 2 540 b B AR I LSSVM AH H, PEAR A 42
) P-LSSVM M PERE, XF HL B LA« 1) FRAE M BR
LSSVM: #1421 SR A8 I REAE RS R, P50 Ak 28
Je B EE FHARE LSSVM BEFT A58, 2) AR A 55
LSSVM: & & 4 Bt e B 1 FE A RS B s 4, P35
A FRE B R FH LSSVM BEFT A, 3) M {H I 5
LSSVM: # — AR B A RRAE & A SRl 7T
it FH LA 58 B R AR A G AR AU 194 - 349 8 >F 3 5 I it
AR, P 6 Ab B B EHE FH LSSVM A7 AR,
4) Fe LSBT LSSVM: M 5E FE A AR rp e B i 25 il
IS RRAE B B A 5 30T )RR AR A BB G AR R A
5L, PR Ak RS A EHE 8 AR i LSSVM i 17
L,

R T RUEA S, AR SCHE Y P-LSSVM Ak
5% BT AR R N = A R R o RS
YRR FOA% BR B S B, IS IR R AE ey 7 22

LUPI 4 #8 2 5 p7E(1072,107",10°, 10", 10%) 1 48
KLU, 5T X (13) gL, o T IR
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10,102, 10°, 104 48 R e U A (. 7 A5 10 6
Y IE Ak 2 B A AE{1072,1071,10°, 101, 10%) FR 48 R
PR AL E -

FES g il F T T 28 SCS TE SR, D) R
a4 I B REA A AL S I R Al ik
£, WD T RE 2 T B LA 3R AA B 25 1 5
Wil o AR SOKE B L BEAIL 73 1L 5 A>T 45 o Iz A
4 THEME, FFERKN 1AT8 LT
o R AT 28 UGG AIE v A 32 118 SF- (B RN AR I
ZENE R A FE T RE B PEA
33 RWERSH

F2 RN 2 45 H T P-LSSVM Xt 83 1Y
KT R bR 22 I SC S0 25 3R, 3 TR TR
33 XL A R T AT AT . S TR P-LSSVM
I T A B AN 58 3 R AE () B B M X — AT U
B, LA German (45 45 0 (47 T R0 58, HAK
Ui B G fa] ffi F P-LSSVM 4R 4 1% 4H 56 55 52 1
3430, DX 40 o B R, FH DLFR 5 85000 i
o BRI, A SCHE H A9 5 AN (7R S 2430 3K
K BAE X e, i EL T DL TR R A5 R AE £
it B4 Sl R X6 43 T ) 5 ), RPRRAE 4 AR X R
B X — MR
33.1 R MRS
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e WA SCHRE HH A BT BB A o B O e AT 4 2,
WERH T HA % . 2) 7E Diabetes #(HE4E |-, FEAR
Ml BE LSSVM B3 () P B b b Bk s 4y, axn]
AEJE [ LSSVM X e 1) SCs Mk A v, T &5

FERIREA | HAT WS BRSO B FEAR RS
BIEER, BREZMREEARBRT, HILHEA
e R s Y

TR 1Y &, P-LSSVM R 244 7 ¢ T b
O 0 R A A B A B, A 8 S AR L
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Table 2 Performance of the five algorithms on eight datasets

PONRAERGS
ACIE S P-LSSVM
FFEMBRLSSVM  BEAMNERLSSVM  #{EIHFELSSVM  HOE4FHALSSVM
German 0.7690+0.0222 0.7010+0.0278 0.7100+0.0426 0.7610+0.0203 0.7510+0.0208
Australia 0.8376+0.0227 0.6826+0.0353 0.6731+0.0525 0.7753+0.0333 0.797 1+£0.0270
Fire 0.9791+0.0131 0.8583+0.084 7 0.9571+0.0349 0.9500+0.0282 0.9750+0.0242
Surgery 0.8531+0.0206 0.8531+0.0236 0.8526+0.0376 0.8510+0.0242 0.8510+0.0512
Wine 0.9771+£0.0114 0.9657+0.0114 0.9215+0.0366 0.9600+0.0387 0.9600+0.0291
Diabetes 0.6765+0.024 3 0.5843+0.0231 0.6927+0.0280 0.6286+0.0141 0.6817+0.0181
Fertility 0.9000+0.0774 0.8800+0.074 8 0.866 6£0.066 6 0.8800+0.074 8 0.8800+0.074 8
Pima 0.7411+0.0253 0.6797+0.0362 0.7230£0.0517 0.7254+0.0184 0.7228+0.006 6
1.0
0.9
¥ 0.8
Q=S
@ 0.7
0.6
0.5
German Australia Fire Surgery Wine Diabetes Fertility Pima

® P-LSSVM = 4HAE % LSSVM = BEA % LSSVM

PHIETE LSSVM ® i 4FIE 7T LSSVM

B2 s#HAERESNBFEELHERE
Fig.2 Accuracy of five methods on eight datasets

3 HIH T P-LSSVM FIR AR J5 32 f5c 0 41 45
8 LSSVM [ Il £ Bisf ] 1 38 s ]

iy 2¢ 3 A 01, %F P-LSSVM A4 Il 2575 B4k 2
Z B ISHA] RAR, 3 2 R 112k P-LSSVM i 75 245
AR B TN R fn i e A FE R 2, (1
HiANY iz Al P-LSSVM 1EF 243 50K B AT
TxF B, i BE [R] B 75 21 i 2 RRAE 1Y) B 2RI
— BN R . AN, 5 i 4R IH 7 LSSVM A b,
P-LSSVM Fy il 2 isf ] B 4, o st i, — HLI 25
SE R, P-LSSVM TN FE B A L8 i LAASCA
SR TE] A R 38 2 T LABE A2 1R . 48R, anfar AT
b AR P-LSSVM A Il 25 ) [ 8 2 AR SC R —
BT A

Fz 3 P-LSSVM #1 &L 4BiE 75 LSSVM # & g9t & At &)
Table 3 Calculation time of P-LSSVM and LSS-

VM with KNN on each adopted dataset S
. P-LSSVM FATARIEHFELSSVM
Rl I3 HRES plEs WL
German 920413  8.183 221.794 15.707
Australia  209.955  2.072 65.3945 2.465
Fire 32.345 0.172 8.864 0.306
Surgery 144513 1.186 35.046 1.809
Wine 13.466 0.116 5.305 0.215
Diabetes  846.404  7.013 191.215 12.682
Fertility 5.453 0.030 4.156 0.049
Pima 108.595  1.723 47.571 2.528
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3.3.2 German #t#% & £ 69 £ BIAF A

W 2.3 5 iR, B REAE XS T4 2 TR0 Y 52
M) o] 4325t R RIS M VE RN, VI BOR,
Ul AR T AR5 B A B R 25 g 4EAFIE Y
R SR 6 T R TN A S e B R, BT LA
INEEEL, AT DK AR X S 2k 5| S R gk
T

TEZ 4 P T German FUHE4E ) T A AN 58 8%
FRAE A ARG M, 38 4 BO5E 1 B JRERIE 2L (K 4r
A HEFHRE), 586 2 9 2FEM VM. |
AN, TE A SRR I RRE S, “property”fF
AFE A E B =, U B “property” BRI b H A RR A B
B, KU AT HERT, “property” Xf TN & AY BF
O 20 ) E o, LR R B Y R e R R
=, Z, W“Credit history” Fl“purpose” it (5
%, FIE P BEAEAE D s 03 3k H A9 R AE X
TOOI 2 7 1) D% R i 0 T S A HE A R I i
REIE MmN, AN, 26 kE, 5E P K
AT = A0 2 B RRIE (A0 “property” . “present resid-
ence”) MEZ & T 5 & I i sl %6 7= A & B9 4 1E

LIS

(fn“savings”. “present employment” ., ), Ifii ‘& 1]
NARK F I RK 35 B FRE (40 “person-
al”. “other debtors”) I 1H .

F 4 7£ German F EFHKREFMER N

Table 4 Effects of incomplete features on German

R 5 7 Australian F EHE KBS TR T

Table 5 Effects of incomplete features on Australian

FFAES X B 2
A4 1.0000
A6 0.9317
A8 0.6451
A3 0.3835
A10 0

& 6 7 Fire LEARKERFENZIN

Table 6 Effects of incomplete features on Fire

FHAES FEX 2
FWI 1.0000
ISI 0.8833
FFMC 0.6754
DC 0.3971
BUI 0

* 7 7E Surgery F B G LK EIFAEHI RN

Table 7 Effects of incomplete features on Surgery

FHAES FEX B 2
PRE25 1.0000
PRE19 0.9754
PRE7 0.9084
PRE17 0.0989
PRE10 0

FHIE4 AHX H
property 1.0000
Installment rate 0.8970
present residence 0.8504
savings 0.5225
present employment 0.5190
CAS 0.4766
Credit amount 0.4710
duration 0.4560
personal 0.3544
other debtors 0.1917
purpose 0.1074

Credit history 0

&8 7& Wine F B HERKERERI M

Table 8 Effects of incomplete features on Wine

FHIES iERORCEe S
Malic acid 1.0000
Alcohol 0.6845
Flavanoids 0.5926
Alcalinity of ash 0.0357
Ash 0

OIFT AR, O T B German Bl £ 1 Jit
I, 7RSSR B I, OB 2 M O T S P B A
KAFFAE, 7= H SC A RRAE B fEAS ST R S
KA TE = HH S YRR, S SRR SRR R AT 52 2
P S5~11 AT HA &I 4R 19 A 58 B R AR G A
X E A, R T BR, SR A T RS R A
Hh g T Y 3 M RRAE FLRAS B Y 2 AN FRRE

%+ 9 7E Diabetes =BG G 4SRN

Table 9 Effects of incomplete features on Diabetes

FHAES FEX 2
7th 1.0000
6th 0.8776
1th 0.8222
13th 0.1730
3th 0




<752 - BOBE R & o M LERCE
10 7 Fertility F B HE L EHF MM health informatics, 2016, 22(2): 579-587.
Table 10 Effects of incomplete features on Fertility [3] BATISTA G E A P A, MONARD M C. An analysis of
RHIE 4, XS B four missing data treatment methods for supervised learn-
Age 1.0000 ing[J]. Applied artificial intelligence, 2003, 17(5/6):
519-533.
Childish 0.6156 . L .
[4] MOON T K. The expectation-maximization algorithm[J].
Season 0.4868 IEEE signal processing magazine, 1996, 13(6): 47—60.
Surgical 0.2957 [5] DEMPSTER A P, LAIRD N M, RUBIN D B. Maximum
Accident 0 likelihood from incomplete data via the EM algorithm[J].
Journal of the royal statistical society series B: statistical
11 % Pima L ABHKEBENLM methodology, 1977, 39(1): 1-22.
Table 11 Effects of incomplete features on Pima [6]  HORTON N J, KLEINMAN K P. Much ado about noth-
B, A E ing[J]. The American statistician, 2007, 61(1): 79-90.
[7] IBRAHIM J G, CHEN M H, LIPSITZ S R. Monte Carlo
Pregnancies 1.0000 EM for missing covariates in parametric regression mod-
Glucose 0.8898 els[J]. Biometrics, 1999, 55(2): 591-596.
Insulin 0.4424 (8]  afAke, ELF, MmZR. Fgi &5 T Wz 280
BMI 0.1353 2 [, BRER G 2A4, 2015, 10(1): 27-36.
TONG Bobing, WANG Shitong, MEI Xiangdong.
Blood Pressure 0 . e .
Sparsity-inspired two-level classification algorithm[J].
CAAI transactions on intelligent systems, 2015, 10(1):
4 HHRIE 27-36.
. . " . [9] GARCIA-LAENCINA P J, SERRANO J, FIGUEIRAS-
. FERBL R ST WEE R UL O E BRI AL, VIDAL A R, et al. Multi-task neural networks for deal-
ARICHR Y T —FivBi 92 T LUPL AT LSSVM ing with missing inputs[M]. Berlin: Springer Berlin
(P-LSSVM), LU AR AU B 2 2] i B i 47 5 Heidelberg, 2007: 282-291.
TR EORAE IBOR B . LR BAREIIE 0] TROYANSKAYA 0, CANTOR M, SHERLOCK G, et
R 23 S X B E AT ST S PR R SRR, 7 al. Missing value estimation methods for DNA microar-
ASCHE R SR R, Bk e B A 3L R R e R rays[J]. Bioinformatics (Oxford, England), 2001, 17(6):
bR S A A i R AR AR R AU B 515 T TR gk 520-525.
1THY . SCEREERAUESE T P-LSSVM X F HA § 2k [11] JUSZCZAK P, DUIN R P W. Combining one-class clas-
AR EERSE 2R A scE . AN, P-LSSVM sifiers to classify missing data[M]. Berlin: Springer Ber-
I 78 2 0 O R 08 43 2 in Heidelberg, 2004: 92-101.
B Y 0 ) B ’fﬁ L] K q&% ﬁ?ﬁﬁ%ﬁd\: 2] EF?E%lE@ [12] JIANG Kai, CHEN Haixia, YUAN Senmiao. Classifica-
P i AT P-LSSVM 45 24 Ui 2 9 40 e tion for incomplete data using classifier ensembles[C]//
. U LS LS, ke RO R S e
fiyF—2& H/‘Jﬁji%jj_ 1. JEOT P_LSSYM S BURHIE [13] KRAUSE S, POLIKAR R. An ensemble of classifiers ap-
MR BI, T — A IR MAEAS B th K proach for the missing feature problem[C]//Proceedings
BRI 7] g of the International Joint Conference on Neural Networks.
;}/j % i fﬁk . Piscataway: IEEE, 2003: 553—558.
[14] CHOUDHURY S J, PALN R. Imputation of missing data
[1] GARCIA-LAENCINA P J, SANCHO-GOMEZ J L, with neural networks for classification[J]. Knowledge-
FIGUEIRAS-VIDAL A R. Pattern classification with based systems, 2019, 182: 104838
missing data: a review[J]. Neural computing and applica- [15] FIEE, E+FE. EFIREER % 1SN C ¥

tions, 2010, 19(2): 263-282.
[2]  WANG Guanjin, DENG Zhaohong, CHOI K S. Tackling

missing data in community health studies using additive

LS-SVM classifier[J]. IEEE journal of biomedical and

(SR [1]. B RERGE 4, 2017, 12(4): 450-458.

BIAN Zekang, WANG Shitong. Robust FCM clustering
algorithm based on hybrid-distance learning[J]. CAAI
transactions on intelligent systems, 2017, 12(4): 450-458.


http://dx.doi.org/10.1007/s00521-009-0295-6
http://dx.doi.org/10.1007/s00521-009-0295-6
http://dx.doi.org/10.1007/s00521-009-0295-6
http://dx.doi.org/10.11992/tis.201607019
http://dx.doi.org/10.11992/tis.201607019
http://dx.doi.org/10.11992/tis.201607019

%44

R, G AN SE BB 2 S5 SRR AR B AR AR AL LSSVM

¢ 753 -

[16]

[17]

[18]

[19]

[20]

[21]

[22]

VAPNIK V, VASHIST A. A new learning paradigm:
learning using privileged information[J]. Neural networks,
2009, 22(5/6): 544-557.

SUYKENS J A K, VANDEWALLE J. Chaos control us-
ing least-squares support vector machines[J]. Internation-
al journal of circuit theory and applications, 1999, 27(6):
605—-615.

PELCKMANS K, GOETHALS I, BRABANTER J D,
et al. Componentwise least squares support vector ma-
chines[M]. Berlin: Springer Berlin Heidelberg, 2005:
77-98.

W, EA L SRR i ALY 2 WA A S
% [J]. FEER G254, 2014, 9(4): 392-400.

LI Huan, WANG Shitong. Binary-class classification al-
gorithm with multiple-access acquired objects based on
the SVM[J]. CAAI transactions on intelligent systems,
2014, 9(4): 392—-400.

MAIJI S, BERG A C, MALIK J. Efficient classification
for additive kernel SVMs[J]. IEEE transactions on pat-
tern analysis and machine intelligence, 2013, 35(1): 66—77.
DEMIR B, BRUZZONE L. Fast and accurate image clas-
sification with histogram based features and additive ker-
nel SVM[C]//2015 IEEE International Geoscience and
Remote Sensing Symposium. Piscataway: IEEE, 2015:
2350-2353.

B R T ] A G PR S ) AL B
WFFE [D]. P44 PE22 T RHERE, 2017.

(23]

[24]

[25]

WANG Xufeng. Fast support vector machine classifica-
tion algorithm with additive kernel [D]. Xi’an: Xi’an Uni-
versity of Electronic Science and technology, 2017.

XUE Li. Robust learning with imperfect privileged in-
formation[J]. Artificial intelligence, 2020, 282: 103246.
XU Xinxing, LI Wen, XU Dong. Distance metric learn-
ing using privileged information for face verification and
person re-identification[J]. IEEE transactions on neural
networks and learning systems, 2015, 26(12): 3150-3162.
PAL A, KHEMCHANDANI R R N. Learning TWSVM
using privilege information[C]//2018 IEEE Symposium
Series on Computational Intelligence Piscataway: IEEE,
2019: 1548—-1554.

EE R

T, oz, A W, 4
LT #1655 BEBURFEG PAR & &
WA R TR AR K, AT
FEOTIAA N TR RE SR E5 &
Z5EZEARPR AR 6 I, 3RH
HHB AL E R A TR
PR 10 T, RFRSAARIEIC 50 5



