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Combined Feature Extraction Method for Ordinal Regression
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Abstract Ordinal regression,also known as ordinal classification, is a supervised learning task that uses the labels with
a natural order to classify data items. Ordinal regression is closely related to many practical problems. In recent years,
the research on ordinal regression has attracted more and more attention. Ordinal regression,like other supervised lear-
ning tasks(classification,regression,etc. ) »requires feature extraction to improve the efficiency and accuracy of the model.
However, while feature extraction has been extensively studied for other classification tasks,there are few researches in
ordinal regression. It is well known that the combined features could capture more underlying data semantics than single
features, but it is difficult to improve the accuracy of the model by adding general combined features. Based on the fre-
quent mining patterns,this paper used the K-L divergence value to select the most discriminative frequent patterns for
feature combination,and proposed a new ordinal regression combination feature extraction method. Multiple ordinal re-
gression models are used for validation on both the public and our own datasets. The experimental results show that
using the most distinguishing frequent pattern combination features can effectively improve the training effect of most
ordinal regression models.

Keywords Ordinal regression,Frequent pattern,Feature combination,Feature selection
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Fig. 1 Ordered decomposition of ordinal regression
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Table 1  Details of ordinal regression datasets
A& EERHK O BHHR M FAH & J A
PCD(PC) 6714 19 102 3 (5053,995,666)
Balance-scale(BS) 325 4 20 3 (288,49,288)
Car(CA) 1728 6 21 4 (1210,384,69,65)
SWD(SW) 1000 10 31 4 (32,352,399,217)
LEV(LE) 1000 4 20 5 (93,280,403,197,27)
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Table 2 Selection of ordinal regression models

%5 £
SVCIVA Support Vector Classifier with OneVsAllE
SVR Support Vector Machines for regressi()nrzi
CSSvVC Cost-Sensitive Support Vector Classifier®

NNOP Neural Network with Ordered Partitions™*)
ELMOP Extreme Learning Machine with Ordered Partitions'”)
POM Proportional Odds Model®)
NNPOM Neural Network based on Proportional Odd Model™"
SVOREX Support Yector Ordinal Regression with Explicit Con-
straintst®
SVORIM Support Vector Ordinal Regression with Implicit Con-
straintst®
SVORLin SVORIM using a linear kernel'®

4,2 TEMIEIRNR B ERE
% - FE — 1% 22 (Mean Zero-one Error, MZE) 11
263 1 2% (Mean Absolute Eror, MAE) 3¢ PEAS 77 85 0] )5 465 KU



56 1Y

R DR T &5 < THT o) 7 50 10T 0 B 25 R R 4R BT 7

73

MZE R B i A 33, HoH 5=l T

MZE=—~ 1y #3,1=1—Ace 3
i=1

HoP,y EESARE, v, S WU bR 2, Ace J2 155 Y 19 1 1 56
MZE B HUE XA [0, 17, AR 2R Y 2 180 R0 R 0 ot it 4, (FL )2
WHEEBARENTHER,

MAE FR TIN5 0y )5 H L% (O0Cy,)) B 4 %t
SR TN

N
MAE=—310(y) =00y, @
IN =1

MAE W BETEE [0, q— 1], 3 W A48 fr 1Y 38 173 3 7
E.MZE % JE 2 AR 0028 0-1 i 2 . MAE % 4 (1) &2 4 %)
ik

4.3 EHWERSHR

TG M T RN R BOHE 4 - AL A AE RS A A
MAE (3250 45,36 4 4 I T 78 A RS0S4 1 (41 & 1 AiE
Wi R AR MZE (1 55 25 51 . Hovp, inAR 19 85 5% 22 7 A8 TR) 5
R A RS2 B g R, N 3K 4 IE W A A5
TR, 22 BORE A0 2 R A A 3 T $2 JF . 0 SVR, CSSVC, EL-
MOP, POM,NNPOM, SVOREX, SVORLin # # £ 5 /> % 4
4 B MZE 1 MAE #A &7, 2 SVORIM ##I7E PC %
Pk DAROR A 8T 0 5 B R4 A RN, X —50 8
GERUE S T 20 X 43 68 7 1 A A A TR AE 4 1 K
PR I3 AL UE 52T A AR 2 7 A B AL A R AT 1 3 g
FHAHE

3 A A ARG MAE 8978 (01 0L

Table 3 Variation of MAE before and after using combination features
Model e BS CA sw LE
Item Item&FS Item Item&.FS Ttem Ttem&.FS Ttem Ttem&.FS Item Item&.FS
SVCIVA 0. 32566 0.31419 0.07619 0.07301 0.01156 0.01387 0.48824 0.45326 0.41800 0.39900
SVR 0.34360 0.33709 0.38095 0.26349 0.03699 0.01965 0.45327 0.43316 0.40900 0.38200
CSSsvC 0.32343 0.31829 0. 08095 0.07301 0.03237 0.01387 0.48623 0.44924 0.41100 0.39200
NNOP 0.32701 0.30578 0.01111 0.01111 0.03468 0.00404 0.45513 0.42211 0.41300 0.39000
ELMOP 0.34755 0.32666 0.23809 0.16667 0.18150 0.12080 0.44723 0.43316 0.40300 0.37900
POM 0.33817 0.33169 0.06825 0.04444 0.07457 0.04740 0.45527 0.41608 0.40400 0.38900
NNPOM 0.30311 0.27652 0.04127 0.02063 0. 00520 0.00404 0.47417 0.42713 0.40200 0.37100
SVOREX 0.29754 0.24838 0.03175 0.02222 0.02312 0.01560 0.44718 0.42814 0.41900 0.38000
SVORIM 0.31293 0.31968 0.03175 0.02222 0.02312 0.01560 0.44121 0.42512 0.42200 0.37900
SVORLin 0.34666 0. 33666 0.006 34 0.00476 0.08150 0.04624 0.44723 0.43718 0.41800 0.40300
F4 AL R MZE 17 (L5 il
Table 4 Variation of MZE before and after using combination features
Model e BS sw LE
Item Item&FS Item Item&FS Item Item&FS Item Item&FS Item Item&FS
SVCIVA 0.23476 0.22162 0. 06825 0.06984 0.01156 0.01387 0.43608 0.41708 0.37600 0.36700
SVR 0.23208 0.22805 0.38095 0.25396 0.03699 0.01965 0.43618 0.41809 0.37800 0.35400
CSSvC 0.23408 0.22073 0.07460 0.06984 0.02543 0.01271 0.45904 0.41708 0.37800 0.35900
NNOP 0.24368 0.23832 0.01111 0.01111 0.03410 0.00231 0.44105 0.40804 0.38100 0.35600
ELMOP 0.24949 0.22748 0.18095 0.14285 0.15318 0.11156 0.43015 0.40415 0.36900 0.35100
POM 0.25307 0.24793 0.06667 0.04444 0.07341 0.04682 0.43819 0.40301 0.36900 0.35300
NNPOM 0.22649 0.21040 0.04127 0.02063 0. 00520 0.00404 0.45608 0.40502 0.36600 0.34300
SVOREX 0.24413 0.24368 0.03175 0.02222 0.02312 0.01560 0.43809 0.41105 0.38600 0.35400
SVORIM 0.23207 0.23422 0.03175 0.02222 0.02312 0.01560 0.42814 0.42110 0.38900 0.35200
SVORLin 0.24748 0.23946 0. 006 34 0.00476 0.07919 0.04450 0.43115 0.41909 0.38500 0.37200
FE T Ok 20 M7 5 21 5 R AIE A e AR B 5 Y Y R %5 i SVOREX # Bk A ] 414 R AE B0 ) MAE {4
L SVOREX #5571 Sy 5], 56 31E 48 FH A ) 505 1 41 4 AiE i 78 Table 5 MAE of different number of combination features when
BRI . 2R 5 4 th T 5 A BHE AR LA F S R 41 A AR 5L using SVOREX model
i SVOREX ##A9 MAE i, S5 45 50 a7 LIS 21, 1 FS_Num PC BS CA Sw LE
2&% #?J‘_EH(J MAEEEBH:$ #?EH‘JE/JMEWJ[@J/&WH]Z 0 0.29753’1 0.03175 0.02312 0.44718 0.41900
10 0.27652 0.029 64 0.01965 0.43221 0.38000
53 BEJI 20 A RRAT £ 32 TR O 0 ok ik . W) BT DUER 50 0.24838  0.02222  0.01734  0.42814  0.38700
3|, B 2 4 AR B0 10 7R T 8, MAE {8 22 748 /)N 5 FY 1o 1 100 0.25987 0.25874 0.01560 0.43125 0.39200
150 0.25374 0.26586 0.01697 0.43284 0.39800
Ko U] LA O 2 B A i 4 AR A X 4 Be T, il A
X 3 fig 1 55 09 50 B S AT 20 A B FRAE AN 23 32 = BT A 1 B BEERAE AR SCER D — IO 4 T 1] R U Y 2H A AR £

P BT 23 PR AR A 2 i o R 45 A5 2 )1 2 9 A0 Dk 55
1M 7 Ol AT A AR I R IR N R 3208 % B IX 0 RiE
B B AT AR IT AL 5

O o ook 7 Bl S 1 20 A D 224> 00 IR 7E A
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A K-LflRE{E . 2 e oA X2 BB 0 i R A AR S 2
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