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Joint Feature Selection and Classification Design
Based on Variational Relevance Vector Machine
XU Dan-Lei'* DU Lan! LIU Hong-Wei! HONG Ling! LI Yan-Bing!
Abstract The relevance vector machine (RVM) is a fully probabilistic model with an equivalent functional form as

the support vector machine (SVM), which can give posterior distributions over all parameters through the variational
Bayesian (VB) method. Moreover, the RVM with linear kernel can realize not only classification but also linear feature
selection by imposing sparsity in feature space where data is originally represented. In this paper, a joint feature selection
and classification design is proposed based on the traditional VB-RVM. In the proposed framework, the Probit model is
utilized to connect the regression problem with the classification problem, and the feature dimension extension by power
transformation can make full use of the samples form the nonlinear classification boundary, and can realize nonlinear
feature selection as well. The experiments based on the synthetic data and measured data demonstrate the practicability

and effectiveness of the proposed method.
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Table 1  (a) to (d) respectively show the four experimental results for comparison between

the method we proposed and other methods

FRIEXL R Iy B 5 oy 2% EFRRHE N (R PRRHE AR S) "o (%) AUC
ARICHR T 3(2,9,6) 1.92 0.9975
HEY REHE (AR A opm) \ 2.73 0.9979
M =1 (3C#k [12] FI7E) 4(6,2,3,9) 2.73 0.9908
BT A% RVM 21 (1 ~ 21) 4.55 0.9884
(a) FETPrARER SVM 21 (1~ 21) 1.82 0.9920
Fisher FEEHL&#E5% RVM 3(15,3,2) 5.45 0.9778
Relief FHEEFRLS A 159 RVM 3(9,2,15) 6.21 0.9760
FRIEIR R ILLS 5+ SVM 3(\) 2.27 0.9955
PSORSFS FHEE#4S & SVM 3(2,12,21) 1.36 0.9974
ASCHEH Tk 4(2,9,6,8) 1.82 0.9979
HEY FRAHE (AR AT o) \ 2.27 0.9888
M =1 (3CH#k [12] FI7iE) 5(2,6,9,10,21) 2.27 0.9937
HET A RHE RS RVM 21 (1 ~ 21) 2.50 0.9912
(b) HETPTARER SVM 21 (1~ 21) 3.18 0.9924
Fisher FHELFELS 1645 RVM 4(15,2,16,6) 1.82 0.9973
Relief FHEREFRELS A 15498 RVM 4(9,2,15,11) 4.55 0.9805
PR kLA SVM 4(2,9,10,20) 2.27 0.9964
PSORSFS $FfEE #4545 SVM 3(9,15,20) 2.73 0.9924
AR T VE 3(2,9,6) 1.82 0.9974
HEY FREHE (AR AT opim ) \ 1.82 0.9987
M =1 (3C#k [12] FI7iE) 4(2,6,9,10) 3.18 0.9907
BT PrE LR RVM 21 (1 ~ 21) 2.96 0.9907
(c) FETPTARER SVM 21 (1~ 21) 4.32 0.9893
Fisher ¥HEIEFEE 41548 RVM 3(15,2,3) 5.45 0.9801
Relief RHEEFELS A 1549 RVM 3(9,2,15) 5.45 0.9757
FHE RIEL S SVM 3(\) 2.44 0.9958
PSORSFS f#iEiE£E45 4 SVM 2(2,20) 3.18 0.9979
AR TV 4(2,9,8,6) 1.82 0.9975
B JRARFE (R A SRR OGNS F I ) \ 2.73 0.9935
M =1 (3CHR [12] I73E) 5(6,2,3,18,9) 4.09 0.9931
SEF AT E 4 48 RVM 21(1 ~ 21) 3.79 0.9884
(d) ST AR AR SVM 21 (1 ~ 21) 2.05 0.9900
Fisher FHELFELS 149 RVM 4(15,3,2,16) 5.91 0.9811
Relief FFEEFEL & 14 RVM 4(9,2,15,11) 5.18 0.9769
FHE RIEL S SVM 4(\) 2.73 0.9929
PSORSFS f#iFik£E45 4 SVM 2 (15, 20) 4.09 0.9871
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Table 2 The means and standard deviations of error rate and AUC in the four experiments

RHEE R 56 5 5% IR E (%) RN AUC “F¥MH AUC hrifEZ
AR 7 i 1.845 0.0433 0.9976 1.9203e—004
B R (R R A apm ) 2.388 0.3776 0.9947 0.0040
M =1 (3R [12] H5ik) 3.068 0.6723 0.9921 0.0013
BT PrERHER S5 RVM 3.450 0.7855 0.9897 0.0013
ST PARER SVM 2.843 0.9963 0.9909 0.0013
Fisher AL 4414 RVM 4.658 1.6490 0.9841 0.0077
Relief HFAEME 4 414 RVM 5.348 0.5955 0.9773 0.0019
FRIE LS & SVM 2.428 0.1879 0.9952 0.0013
PSORSFS FHLiEFH45 & SVM 2.840 0.9850 0.9937 0.0044
I ®1WEJa s AT &MU AR AUC 14, 1E
09 o — £2 WRFHFHEIMAT 4 WK AUC 1P (R
08| . o b2, M1 ThATLAE , 6555 (a) A (¢) TR
0.7 ' FERFEY R 7 AUC B8 R T A SCER IR TV 1)
! AUC, (H23 2 AR M ITVER) AUC 1314 fx
- " KIF HARAEZE Sy, R TTER AUC 1 REAR L IF
2 o4 HAEE.
0.3 : 3.2.3 EZELLE
aar S A WS 2.4 KT, A SCHEH 7 R AR
o T et e SZREICTRRS B GRS, 2id A T
0% 50 100 150 200 HRSERE T 3 M FMEIN RIS M,

e A

B 5 58 2 DRSS O TR0 A
Fig.5 The predictive probability of all the test

samples in the second experiment
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Fig.6 The ROC curve of the second experiment
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