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Bootstrapping soft shrinkage variable selection method based on the
combination of frequency and regression coefficient

Zhang Feng, Tang Xiaojun, Tong Angxin, Wang Bin, Wang Jingwei

(State Key Laboratory of Electrical Insulation & Power Equipment, Xi'an Jiaotong University, Xi'an 710049, China)

Abstract: Aiming at the problems that the spectral lines obtained using Fourier transform infrared spectrometer are enormous, and
directly using all the spectral lines to perform multiple linear regression easily leads to over-fitting, poor stability and long analysis period.
In this paper, a bootstrap soft shrinkage variable selection method based on the combination of frequency and regression coefficient is
proposed. This method selects the variables based on the weight of the variables; in each iterative process, the new weight of the variable
is calculated according to the regression coefficient and frequency of the variable, and the soft shrinkage of the variables is realized
through weighted bootstrap sampling technology. The method was verified using the infrared spectrum datasets of corn. On the corn oil
dataset, the root mean square error of prediction (RMSEP) and correlation coefficients (R,) are 0.020 2 and 0. 976 5, respectively,
the number of variables is reduced from the original 700 to 13. On the corn protein dataset, the RMSEP and R, are 0.027 9 and
0.996 8, respectively, the number of variables is reduced from the original 700 to 16. The result shows that the proposed variable
selection algorithm can select fewer and more precise variables, and has practical application value.

Keywords : wavelength selection; weighted bootstrap sampling; near infrared spectroscopy; partial least square

A X SRR 2 A A A 7 R (), HLAS T sk
b S F TS L CGRAA - Wkos k) DL R TTHGE
SR (W X I 2 ) o A SR A £k AR 1 Ok

R AR LL AR AL B B b, R &5 T, AU AR (i 52 Z AR |, B 28 3 £ [T A
B BT IR FERH AR 70 R OR TR T R MR . PR, 2 SR A X
EWE LA Y W AR R TR BN X

0 3

[l

Wi H #:2019-10-15 Received Date:2019-10-15
w BL AT H « E ZKE S LT (2016 YFF0102805) 17 H %t Bl



514

s W AR — R TR ] AR O

SEEHY F 2 N A AL R BT 1 65

g T B AR RL Y RN BE O 5 AOR, N A T4
T — RN AR B IR v, X STk m DL O IX ] 3%
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f% /N "3k (interval partial least square, iPLS) Ol %ahe
i B /)y — 9 1% ( moving window partial least-squares ,
MWPLS) " [ 45 6 [1 % ) ffi /N — 7 % ( changeable
size moving window partial least squares, CSMWPLS) o
] J 18] B I 58 /)y — 3€ 325 ( backward interval partial least
square, BiPLS) "™ 4 & X 7] ff i /)N — 3¢ ¥ ( synergy
interval partial least squares, SiPLS) "' FIIX ] 20 & 102
1 (interval combination optimization, 1C0) "> 4 - 5tk
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Fig.1 The optimization and selection of the parameters

N and § in the FRC algorithm
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Fig.4 The coefficients of determination R, and R,

of five models on the corn oil and protein datasets
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Table 1 The prediction results of five models on the

corn oil dataset

L R R, )BLCTE%MSECV Rpﬁ(meSEP

PLS 700 0.8487 0.0721 0.7195 0.0702
MCUVE-PLS 88.3 0.9113 0.0549 0.8214 0.0558
CARS-PLS 20.1 0.9523 0.0393 0.8677 0.046 3
BOSS-PLS 15,2 0.9875 0.0207 0.9645 0.0247
FRC-PLS(A<3C) 13.4  0.9940 0.0144 0.976 5 0.020 2
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Table 2 The prediction results of five models on the corn

protein dataset

IR i ) 4
L RERE R. &E%MSECV R,,?J\()\J%MSEP
PLS 700 0.9332 0.1279 0.9437 0.117 8
MCUVE-PLS 110 0.9653 0.0906 0.9824 0.0649
CARS-PLS 21.9 0.9839 0.0622 0.9789 0.0710
BOSS-PLS 18.1 0.9971 0.0265 0.9955 0.0328
FRC-PLS(AX) 16.6 0.9982  0.0208 0.9968 0.027 9
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HA3 Ryt RS R, 4250 0.911 3,0.952 3,
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0. 055 8.,0. 046 3.0. 024 7; 7¢ T K2 (1 5 s 4, FRC
AR, 5 R, AHAM519 0.998 2.0.996 8, il 3477 #
RMSEP=0.027 9, i M4y 3 M7k R, 5 R, fH53 5 A
0.965 3.0.983 9.0.997 1 5 0.982 4 .0.978 9.0.995 5,
RMSEP 43334 0. 064 9.0. 071 0.,0. 032 8,
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