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The variable importance of the beer spectral data set
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Fig. 2
with the selection ratio and the absolute value of the
regression coefficient

The red line represents the threshold of important variable
(a): Selectivity ratio scores;

(b) : Absolute value of regression coefficient
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(a) Frequency of beer spectral variables selected and

Fig. 3
(b) frequency of wheat spectral variables selected after
running SRCMPA for 50 times
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Table 1 Results of different methods for beer yeast dataset

Characteristics PLS CARS-PLS VISSA-PLS BOSS-PLS SRCMPA-PLS

nVAR 567 41.0+17.8 50.740.98 47.7+18.5 42.149.3

nl.Vs 10 5.7+1.1 9.5+0.7 7.94+1.9 7.5+1.3
RMSECV 0.622 0.16840.030 .125+0.016 0.11040. 006 0.11540.010
RMSEP 0. 823 0.54040. 009 0.51540. 421 0.59140. 049 0.26340.029
Q2_CV 0. 940 0.98640.091 .996+0. 003 0.99540. 002 0.99440.001
Q2_test 0. 852 0.93340. 081 . 93440.002 0.9234+0.012 0.995+0. 001

T/s N/A 1. 13 162. 1 56. 2 1.02

I nVAR: BEHFBEEG nLVS: WA E R RMSECV: 22 X EY R % 2% ; RMSEP: Bl ¥y R 255 Q2_CV. 22 LI UEAH 3¢ R 4L
Q2_test; MEREM MK RE T/s: B4 50 I FHI A BT A G251 R 50 BT L hadE, TR

Note: nVAR: Number of variables; nLVs: Number of latent variables; RMSECV: Root-mean-square error of cross-validation; RMSEP; Root-

mean-square error of prediction; Q2_CV: Coefficient of determination of cross-validation; Q2 _test: Coefficient of determination of test

set; T/s: Average time for 50 runs; All statistical results are the mean values+ standard deviations over 50 runs, the same below

F1RIZ 2 UL A R RPN @RS R T &
HeiE R, AR BEEIE T B, o LSRR M B s T
AR, I R A 6 B AR A Y A B G BN AT S Y IR, X B AR
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Al ARFIE R BN 558 XIIE S 25 R b, SRR
HiEMEE R, AT RS IT R EOR Bl g mEr, ol
DL 2 4948 R B A B AL AR . Sk ik B P s @ B i H /Y, 0
25 Al [R] B A5 2 PR B . SRCMPA-PLS 7 ML IE %5 5 4 19 150
Y175 # i% 252 (RMSEP) 0. 263, [t CARS-PLS, VISSA-PLS,

BOSS-PLS ¥y RMSEP # 2 4I%, T I 1) AH 3¢ i R $0(Q2 _
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s R TARRR I R IR /N 22 B BOE 4 T A A T
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Z N I (Y AR FERE B A P IR B . RSN IE Ar Hr th B
] [ AR B R, PR A8 43 A AR B Xk I S T 4
R
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Table 2 Results of different methods on wheat protein dataset

Characteristics PLS CARS-PLS VISSA-PLS BOSS-PLS SRCMPA-PLS
nVAR 175 16.9+4.4 10.9£1.0 6.640.7 18.2£0.75
nLVs 10 8.441.3 8.54+1.1 7.940.5 8.241.2

RMSECV 0. 607 0.27740.034 .32940.019 0.32540. 032 0.29240. 032
RMSEP 0.519 0.41840.019 ). 269+0. 012 0.30540. 004 0.23440. 005
Q2_CV 0. 748 0.87740.017 .92140. 001 0.925+0.001 0.931+0.011
Q2_test 0.774 0.82740. 052 0.829+£0.028 0.85240. 039 0.83940. 012

T/s N/A 0. 826 162. 09 36. 3 0. 805

4 % B

T — o A0S kB 7 35 SRCMPA, iRk E &
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BOSS #F LA PLS By 0] 19 F 0 4E o 8 23 05 5 48 5 LK, 78 m

FU/NE B TP RN L SOG T M EREUIE OL T SRR AR B A
SRCMPA S iy P4 . ARG 1k B8k 452 17 AL PLS B AL LA [ 5
FEE R R B LA B B 1 B TSR B I T AR R
TR, I H VISSA F1 BOSS 83 %4 76 45 7 vk
1 e 2 A 1 I o T N PR o 20 N R [ 3
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A Variable Selection Method of the Selectivity Ratio Competitive Model
Population Analysis for Near Infrared Spectroscopy
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Abstract Spectral analysis is an important application of chemometrics and has been widely used in various fields. Spectral
variable selection is a key part of spectral analysis. Therefore, it is critical to study different variable selection methods to objec-
tively identify useful information variables or eliminate irrelevant and interfering variables. In our study, a new variable selection
method of the selectivity ratio competitive population analysis (SRCMPA) is proposed. This algorithm adopts the idea of selec-
tion ratio, adaptive weighted sampling and model population analysis, and combines the method of variable arrangement and ex-
ponential decline function. The key wavelength is defined as the wavelength with a high score value in the regression model. In
this paper, the score value of the selection ratio under the PLS model is used as an index to evaluate the importance of each wave-
length. Then, according to the importance of each wavelength, SRCMPA sequentially selects N wavelength subsets from Monte
Carlo sampling, and runs in an iterative and competitive manner. In each sampling operation, the PLS model is built with a fixed
ratio samples and the selection ratio value of each variable is calculated. Based on the score value of the ranking selection ratio
and the normalized SR (selection ratio) score value as the weight, the key variables are selected by two steps: the compulsory se-
lection of exponential decline function and the competitive selection of adaptive weighted sampling. Finally, cross validation
(CV) method is applied to select the optimal subset with the lowest cross validation mean square root (RMSECV). The algo-
rithm has been tested on wheat protein data set and beer data set, and compared with three efficient algorithms. Through the ex-

perimental results to evaluate the superiority of the algorithm, this algorithm can find the best combination of the key wavelength
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variables of the data set, and can be used to explain the chemical characteristics of interest, the evaluation results after modeling
are also the best. Compared with the PLS model of full-spectrum beer data set, the number of variables in this algorithm has
been reduced from 567 to about 42. And the RMSECV of model decreased from 0. 622 to 0. 115, RMSEP decreased from 0. 823
to 0. 363, and the prediction accuracy increased by 81.5% and 55. 9%, respectively. Q2 _CV and Q2_test also increased from
0. 940, 0. 852 to 0. 994 and 0. 995. For wheat protein data sets, Compared with the PLS model of full-spectrum wheat protein
spectral data set, the number of variables has been reduced from 175 to about 18. And the RMSECV of the model decreased
from 0. 607 to 0. 292, the RMSEP decreased from 0. 519 to 0. 234, and the prediction accuracy increased by 51. 9% and 54. 9% ,
respectively. Q2_CV and Q2_test also increased from 0. 748, 0. 774 to 0. 931 and 0. 839.

Keywords Variable selection; Selection ratio; Adaptive weighted sampling; Population model analysis; Monte Carlo sampling
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