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Adulteration Detection and Origin Identification of Yak Milk Powder
Based on Near-infrared Spectroscopy Technology

PENG Haiyang', WU Zhongdong', LIN Tao?, LIU Hongcheng’, GU Ying""
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Abstract: Adulteration detection and origin identification of yak milk powder were essential to ensure food safety and
safeguard consumer rights interests, thereby promoting the healthy development of the dairy product market. Traditional
DNA detection methods and isotope analysis showed long detection time, which were inapplicable to rapid, low-cost on-site
analysis. To address these issues, a rapid adulteration detection and identification of the origin of yak milk powder based on
near-infrared Spectroscopy (NIRS) technology was established in this study. Yak milk powder samples from nine brands
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from Sichuan, Gansu, Yunnan, and Qinghai were collected. Before preparing adulterated samples, polymerase chain
reaction (PCR) technology and DNA gel electrophoresis were used to verify whether the collected yak milk powder were
adulterated with cow milk powder. Then adulterated samples were prepared and NIRS data were collected. The K-nearest
neighbors (KNN) method was employed to establish a classification model. Partial least squares regression (PLSR) was
used to establish a quantitative prediction model. The predictive ability of quantitative prediction model was improved by
optimizing spectral preprocessing methods and variable selection methods. Results showed that KNN achieved 100%
correct classification for adulteration detection (pure cow milk powder, pure yak milk powder, yak milk powder adulterated
with cow milk powder) and origin identification (Sichuan, Gansu, Yunnan, Qinghai). The calibration set correlation
coefficient (R.), the prediction set correlation coefficient (Rp), the root mean square error of prediction (RMSEP), and the
ratio of performance to deviation (RPD) of the adulteration quantitative prediction model were 0.9975, 0.9913, 1.9823%,
and 7.2522, respectively. This method enables rapid and accurate prediction of cow milk powder adulteration in yak milk
powder and the identification of the origin of yak milk powder, providing technical support for the quality control of yak
milk powder.

Key words: yak milk powder; origin; adulteration; near-infrared spectroscopy; partial least squares regression; K-nearest
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Fig.3 Principal component analysis score of yak milk powder
adulteration
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Table 1 Classification of correction set for yak milk powder

adulteration (1D-PCA-MD)
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Table 2 Classification of prediction sets for yak milk powder
production adulteration (1D-PCA-MD)
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Table 3 Classification of correction sets for yak milk powder
origin (1D-PCA-MD)
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Table 4 Classification of prediction sets for yak milk powder
origin (1D-PCA-MD)
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Table 5 Classification of correction set for yak milk powder
adulteration (1D-KNN)
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Table 6 Classification of prediction sets for yak milk powder
production adulteration (1D-KNN)
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Table 7 Classification of correction sets for yak milk powder
origin (1D-KNN)
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Table 8 Classification of prediction sets for yak milk powder
origin (1D-KNN)
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Fig.5 Near infrared spectras of adulterated yak milk powder after spectral preprocessing
TE: A RFHGITLISMER; B 9 MSC; C 9 SNV; D 4 Detrending; E 7 SG; F 24 Area Normalized; G 4 1D; H 2 MA.
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Table 9 Assessment parameters of quantitative prediction model for adulteration of yak milk powder after different spectral

preprocessing

TiAb 3 7k R, R, RMSEC RMSECV RMSEP RPD
Raw 0.9598 0.9545 7.7051 8.7069 8.1852 3.1548
MSC 0.9701 0.9658 6.6627 7.7512 7.1492 3.5437
Detrending 0.9673 0.9656 6.9635 8.2089 7.1064 3.3461
SNV 0.9701 0.9658 6.6638 7.7523 7.1498 3.5432
SG 0.9682 0.9679 6.8748 7.7957 7.1787 3.5234
Area Normalized 0.9703 0.9684 6.6481 7.6641 6.8875 3.5839
1D 0.9953 0.9756 2.6632 6.0575 6.0406 4.5345
MA 0.9580 0.9555 7.8730 8.8588 8.1074 3.1006

F 10 ARVERGET L T4 TR e IR ) P 24

Table 10 Assessment parameters of quantitative prediction model for adulteration of yak milk powder after different variable

screening
AR 7 v AR R, R, RMSEC RMSECV RMSEP RPD

etk 800 0.9953 0.9756 2.6632 6.0575 6.0406 4.5345
FR 794 0.9958 0.9829 2.5250 7.4712 4.9493 3.7101

VIP 238 0.9827 0.9669 5.1601 8.3806 6.9541 3.3260
MC-UVE 651 0.9961 0.9832 2.4365 5.9992 5.0690 4.5878
RF 284 0.9968 0.9913 22163 43084 3.5760 6.4736
CARS 233 0.9975 0.9913 1.9823 3.8781 3.4603 7.2522




- 16 - £ Tl B4

2024 4F 11 A

100 ¢

0 20 40 60 80 100
A (nm)

Bl 6 HERWs b A ks i
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