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Abstract There are a large number of redundant data in many real applications, which may be high dimensional. In this case,
there will be many problems in regression prediction,such as overfitting and low prediction accuracy. In addition, most regression
methods are based on vectors,ignoring the relationship between the original positions of matrix data. To this end,a sample kernel
matrix-based sparse bilinear regression (KMSBR) method is proposed. The KMSBR model which use the sample feature kernel
matrix and L, ;-norm is established through the left and right regression coefficient matrix. Thus,the KMSBR can implement the
selection of samples and its features simultaneously. Experimental results on several data sets show that KMSBR can effectively

select samples and its features, thus improve the efficiency of the algorithm,and the prediction accuracy is better than the existing

regression models.
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Table 1 Data set statistics
number of
data set number of number of r.m.mber of testing
samples features  training sample sample
bodyfat 252 14 176 76
kidney 76 6 53 23
house 20640 6 4368 16272
PM10 500 7 350 150
ml-prove 4589 56 3212 1377
SCAD1 70 205 49 21
NO2 500 7 350 150
airfoil_self_noise 1503 5 1052 451
abalone 4177 8 2505 1672
winequality-red 1599 11 1117 482
dermatology 366 33 254 112
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Table 2 Parameter values of each regression model on 11 test sets
. KMSBR SMR  SVR BSOLSR LASSO LSSVR RFS BSOR
ata set
a B s a a a B a a a a B
bodyfat 1072 107°? 1 10! 10° 10! 10? 10° 10° 1078 10! 10!
kidney 10! 10! 1 101 102 10% 10° 10° 10° 102 10% 10°
house 102 10°? 2 102 10° 10! 10! 10° 10t 10! 10! 10!
PM10 102 10?2 2 10 ¢ 10* 10° 10* 10° 10* 103 10! 10!
ml-prove 1072 10°? 1 1072 10? 10! 10! 10° 10% 107° 10% 10?
SCAD1 10° 10° 1 1078 10! 10% 10° 10° 10% 1072 10% 10?
NO2 10t 107! 1 10772 10° 10% 10? 10° 10" 1078 10% 10%
airfoil_self_noise 1072 10 ? 1 10 ° 10* 102 10% 10° 10! 10°° 10! 10!
abalone 10t 10t 1 10 2 10* 10° 10° 10° 10° 103 10! 10°
winequality-red 0t 10t 1 10 2 10° 10° 10° 10° 10° 103 10! 10!
dermatology 10°* 10¢ 1 103 10! 10! 10° 10° 10° 10°° 10° 10°
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Table 3 MSE values predicted by each regression model on 11 test sets
data set KMSBR SMR SVR BSOLSR LASSO LSSVR RFS BSOR
bodyfat 0.0004 0.0004 0.0717 0.0320 0.0024 0.0003 0.0006 0.0480
kidney 0.0685 0.0891 0.2105 0.0748 0.2613 0.0774 0.1058 0.1038
house 0.0340 0.0559 0.0943 0.0562 0.1032 0.0461 0.1154 0.0549
PM10 0.0263 0.0291 0.0921 0.2024 0.0276 0.0264 0.0431 0.0366
ml-prove 0.0001 0.2430 0.0519 0.2489 0.1319 0.0008 0.0025 0.2398
SCADI1 0.0350 0.0507 0.2712 0.0500 0.0699 0.0473 0.0368 0.1237
NO2 0.0166 0.0255 0.0696 0.1092 0.0202 0.0129 0.0176 0.0500
airfoil_self_noise 0.0303 0.0374 0.2157 0.0329 0.0419 0.0328 0.0984 0.0342
abalone 0.1678 0.1690 0.2316 0.1789 0.1741 0.1680 0.1760 0.1726
winequality-red 0.0178 0.0263 0.0874 0.0252 0.0252 0.0202 0.0330 0.0257
dermatology 0.0217 0.0197 0.0663 0.0955 0.0305 0.0147 0.0281 0.0946
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Table 4 MAE values predicted by each regression model on 11 test sets

data set KMSBR SMR SVR BSOLSR LASSO LSSVR RFS BSOR
bodyfat 0.0130 0.0121 0.2667 0.1470 0.0387 0.0096 0.0167 0.1771
kidney 0.2052 0.2407 0.3986 0.2092 0.4381 0.2151 0.2676 0.2798
house 0.1416 0.1780 0.2323 0.1822 0.2407 0.1656 0.2551 0.1802
PM10 0.1309 0.1360 0.2647 0.4152 0.1341 0.1300 0.1660 0.1497
ml-prove 0.0024 0.4861 0.2105 0.4916 0.3283 0.0257 0.0124 0.4781
SCAD1 0.1381 0.1966 0.4867 0.1905 0.2173 0.1656 0.1436 0.2746
NO2 0.0969 0.1223 0.2397 0.3007 0.1096 0.0815 0.0955 0.1713
airfoil_self_noise 0.1458 0.1604 0.4118 0.1500 0.1648 0.1495 0.2686 0.1495
abalone 0.3461 0.3465 0.4160 0.3695 0.3600 0.3490 0.3690 0.3601
winequality-red 0.1042 0.1371 0.2693 0.1324 0.1247 0.1121 0.1397 0.1351
dermatology 0.1126 0.1124 0.2156 0.2633 0.1357 0.0964 0.1328 0.2641

#5411 AR B o6 Bl SRR FRR {6

Table 5 FRR values of the five regression models on 11 test sets

data set KMSBR SMR BSOLSR LASSO RFS BSOR
bodyfat 50.00  64.29 42.86  71.43  21.43  64.29
kidney 83.33 83.33 50.00 16.67 16.67  33.33
house 62.50 12.50 75.00 62.50 12.50  37.50
PM10 42.86  42.86 57.14  28.57  28.57  28.57
ml-prove 75.00  66.07 73.21 66.07 73.21 73.21
SCAD1 82.93 95.12 81.95 87.32 82.44  82.44
NO2 42.86  28.57 57.14  28.57  28.57  42.86
airfoil_self noise 40.00  60.00 60.00 60.00 60.00 60.00
abalone 50.00 37.50 12.50 37.50 12.50  12.50
winequality-red 54.55 54.55  45.45  27.27  27.27  45.45
dermatology 48. 48 33.33 90. 91 48. 48 27.27 30. 30

F6  AE 11 AMEKLE L6 Fh TR K IRR E

Table 6 IRR values of the five regression models on 11 test sets

data set KMSBR SMR SVR BSOLSR LSSVR BSOR
bodyfat 36.93 36.93 60.23 43.18 66. 48 46.02
kidney 54.72 86.79 28.30 98. 11 41.51 56. 60
house 99.91 0. 04 29.40 99.95 30.72 99.95
PM10 98. 29 0.29 43.14 99.71 43.14 94. 86
ml-prove 61.99 52.18 53.80  40.41 54.98  40.41
SCAD1 55.10 73.47 26.53 97.96 44.90 91. 84
NO2 91.71 95. 14 22.86 99.71 17.71 84. 86
airfoil_self_noise 59.32 96. 10 58.56 99. 81 60.65 96. 10
abalone 99. 24 74.69 21.52 99. 88 30. 30 43.16
winequality-red 98.48  92.66  65.98  99.91 68.13  88.99
dermatology 94.88  90.55 94.08 97.64 95.28  95.28
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Fig. 1 Convergence figure of objective function of partial data sets
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