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1 #MRIERE
1.1 KRR

AFR T 5 76 b DR A= 55 58 5 v R SR A R B0 R
U BYHE AR B W RESE 76 43, AT I A R AR L 1 IX Y
o 397 25 2 3 2R S i BRI R 4 ) 0% A i 3 A 154
0y, BT AT FEAS A R AR 0] Ry 2021 4F . 4E2F @ T 5
R, w4 JE TN IR . FEA R B F
AR R G5, I ) A SR AR L7 B
TRAH PN BB R, G218 1R S A H e A T . AR
FARTEGE T 4 CIREE AT IR A, 31 2 iz i 24
Al K 2 B W st 1% B A 5L 5 = AT B R A
il 2% o

FH S AR R AR B2 AR AR 7= v i S Bl
o ARHE LA DN, ZE 5 R Es N 10 %6 B RS
A R R AT Z2 IR 6 T TG, 2 AR S AR IR 2
22t A ARYE BV R B IR S )
WA 10%~15% BB By . Wik, A 5954
W EAB I LG5 B 7 10%~50% o K WA= &
AGE A, IR IR 096 .10%0 . 25% A1 50% (V/ V)
PATIR A o LA T 76 MEAU-10% W44
Y (BN 10% WA= W e AR 7% ), 76 S FEA- W5 -25%
WHAIIR -G, 76 HEA-W5-50 20 WhAF WiR-5 90
1.2 L5 EIRF

MilkoScan™F T+, i B 175 e i 21 A0 5 1% 4%
(FTIR), J}4 FOSS A ) ; iRiledR 7 v ;s 2504 .
1.3 HOIMRIBRRE

W0 S 1 SR A WO o S B I AR W R A )
FE iz i 2 5 48 A 7 MERE I 22 (dairy herd improve-
ment, DHI) H1.0> , F| | MilkoScan FT+4Y #8247 43
Br, ARIORE 5 i) MIRS FLAR % FLER (% LM
REA S EMAEIEY & & BRSNS [
i 2 K, e 245 K (MIRS Y63 Azl a4 ) it 2 K )
FHIH
1.4 FRiLTabE

A YRR A= W3 MIRS i 5 008~925 em ™' {1 Fl
Y 1 0604 s B . iy 1 T A LU R e i, 7 A
KRG DA 75 B R e B o W e i AR 4 MRS v
FETE R TS e S T AR B, o B0tk R 4R
TR IAEE A AR T R RS R 2, R
FEXRETE VAT AL BE . ASIFFT SR FH G 1Ak 25
AL RE TC AL B — By S8 (first derivative, 1D) .

B3 %4 (second derivative, 2D) | i 1E 25 7% 5 A8
(standard normal variate transformation, SNV )l Sav-
itsky-Golay *F-1 (SG ¥ ) . SNV FZ T Il R kL
72 T 2 T PSS Y X 1 Y 5 i, S B Ak BT b
FEAT LA A0 bR B R MR s i T 46
IR B A T A 2
1.5 BERRIERE

5008~2 968 cm ™' {1 X WBIIA Ay S MR I, PRt
ABFIE PO B bR . WS R I, 1 773~2 802
em ™Y DX A S AL S A (B R AE L L 1 692~1 604
em ™! XI5 K ISR O, i 2 M I Br A S
S, e, Ay 244 A0 S T B (2 968~
2802 .1 773~1 692 F11 604~925 cm™"),
16 RBEET

V4 B AR B AL 23 Sl A HE B (8094 ) Fl 4% ik 4R
(20%0) 2 &R 43, M HEAE HT T I ZRAsE B | 56 ik 48 50408 At
SETRUESE T T RS PERE . AR AE IS & 2
FACARL B : (1) =40 AR iR 2R e A SCA B
PE, BIN WA= 5 AR AR 2 SCR BRI, MR v] T
Y SR A WA IS A W AR AR I, B S E R A
Wy 2R BIN T WA (2) 5 i mE B 42 0
WA 1y () L A9 A % 2 B AR B, ISR AT H T il
DEE A5 B I A= S AR AR L

ABFSEHERE T 5 FH Y 6 Fh 20 S5 R 12 F [n]
VAR AT A Al de /> 3 0 31 53 BT (partial least
squares discriminant analysis, PLSDA) | 432 [n] I ##
(classification and regression tree, CART) . B L £k Ak
(random forest, RF) | J& 3% 5 #L (gradient boosting
machine, GBM) | 37 #f [n] & #L (support vector ma-
chine, SVM) Fl1 £ D1 i1 (naive bayes, NB) 4 6 fif
Bl ) Bk i — o e PR i e /s —3fe [l
IH (partial least squares regression, PLSR) .SVM, Il
347 1 D) Ak #2594 (bayesian regularized neural net-
work, BRNN) | 42 I F1 - 4z [1] 5 (spike and slab re-
gression, SSR) \#% 5% 5 7] 5 (projection pursuit re-
gression, PPR) , CART . & [1] 15 (ridge regression,
RR) | fix /) 4t X W 46 A1 ik £ 5 F (least absolute
shrinkage and selection operator, LASSO) . 3£ [ [1]
I (elastic net regression, EN) \RF .GBM F1#f EUbf
#£ 7t (extreme gradient boosting, XGB) %5 12 #l#% 2%
> b AR B R B /)y — 3 (partial
least squares, PLS) 5.k DAAN , Bk 5 - B 4
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THOLER 22 2 B . ARWESE Tl 0 e LA 7 > B
LA T REF H Y caret 1, Ir A 20 AT #48 F R
GETT A 4.2.2 BASHEAT

A5 U 4 28 S I FH T A A
WERRA T AL S 8. PLS WETEAR 5t 1 e K BK
HCE N 201 . BRNN HYEZ B By 1844,
RF 1) mtry £t 4 3.10,20,50,100,300.,700,1 000 FI
2000, SVM AT 5L T 4% mlAe 17 5 pR RO 1 52
Frm &L, 78 caret 2468 i ] method=“svmL.in-
ear” 8{ “svmRadial "VE N S LI, X T “svmLin-
ear” ,C{H % 0.01.0.05.0.1.0.25.0.5.0.75,1,1.25,
1.5.1.75.2 1 5; %t T “svmRadial” , C {H 4 0.01.0.05 .
0.1.0.25.0.5.0.75.1,1.25.1.5.1.75.2 fi 5, sigma {&
4 0.01,0.02,0.03.,0.04.0.05,0.06.0.07.0.08,0.09
0.1.0.25.0.5,0.75.0.90. HABa sk fi FHBRIA B P4 B
ZH
1.7 EEMERERIITNIEIR

RS PR RE I 2 b7 A T VAL B S ok 7R
(R HESE ) TS MBI TRt 72 (B UFSE ) .

{7 PR M AR RIS TR AR B E A M U R
%2 B R VERAE 28 (recipient operation character-
istic curve, ROC) & B9 11 2 (area under curve, AUC)
G AANFEPR VPAS o SRR B O PR RE . ERR PR 2
T8 B E 0 40 2S00 Lo 9] 5 BURE 8 BA P 2508 4 0 1 9
DU 2y P 79 A3 5 R S i 910 P 504 e o 0 Sy

BB HE 161125 ROC il 283 3 1 T 3742 W T B
PR BE , 2 7n 7E AN TR 9 70 288 BT A58 28 1 3R L4 R

A A 2 ] ) DG 2R , AUC S B I ROC T A
FER L HUE RO E 1, 24 0.9<AUC<1 i, & WL
P BEML 4 5 24 0.8<TAUC<C0.9, 72 M AR A4 BE K 4
4 0.7<AUC<0.8, 3 W B B4 fE rp 25 5 24 0.6<<
AUC<20.7, K WIHE R PR BEA 2% 5 24 0.5<CAUC<0.6,
FEUAAL R PR BB 22 5 2 AUC=0.5, R BB BRI A 1
T, 2R BERLR T2

I FH ¢ 1 B B 22 Z B (coefficient of determina-
tion of calibration, R%:) . % i 4 ¥ 7 AR 1% 2 (root
mean square error of calibration, RMSE,.) . % i £ it
E % H (coefficient of determination of validation,
R%,) B IEE ) 5 i 2 (root mean squared error of
validation, RMSEy) . 3 #J 4 X} 1% 22 (mean absolute
error, MAE) S 1% fig f 22 [t (ratio of performance to
deviation, RPD) PFAk &3 81 5 77 VA A PERE

Jabri %2815 F50 77 F2 (9 R? A1 RPD 4T B 45 4
T AR RME T DL AR R X oo A A5 22
(R*<20.66) . /145 (0.66<CR*<20.81) . & (0.82<<R*<
0.90) FI# & (RZ=0.91) . RPD i i i &f , RPD>2
(A ABSTRY T L SE2 R v A A 0

o PR TR () S PR DA B0 — o R
BRI AUC HERRE | SURE FIRE 5 1 5 o dat m] D A
R B B R R RPD LA K 5 fi% 59 RMSE Fil
MAE,
1.8 SHitHin

JIEAT 19 43 A R I 3 4 R A (RRAR 4.3.1;
https://www.r-project.org/) #E47 o i Ff] 2 K 56 X -
PIMESEAT WO LA, T A A 50 A G 1 2 M A i
IKFAE a=0.05,

2 FHR5HMH

21 HFEHDFAPGEFPBHEFY RS EXTT

YEA4- 5 5 4= Iy ) BB SR & B UL 1
FEA W 7R (8.18 %0 ) (LA 1 (5.26 %6 ) FLEL [
Tt (18.45%) Wb 2 & T W5 4R 413 (P<<0.05) , #Lb
R (4.39% ) FIR Z A& & 2 (8.13 mg/100 @) B EH KT
WA (P<<0.05) . 2SR KPITHELIES .
22 4N INFTABERES MRS 2

YEA W5 B IRFE A 0 (FE 4R W05 - W AR IR 5 90)
AV A 105 1) J5 4G MIRS B Wi 1 fT s . & 1T
UL, 3B A8 A 45 v 4 28 4 L BB v, D Sl 2R 0
BTS2 TR (B 1A) o ZBR/K X
J& o, AT LR K 25 S B B T 2 968~2 802 cm !
(I 1B) L}z 1 773~1 692 e (& 1C) , 3% 26 ik Bk
MW OGEE E 2 S ZLIE & A ¢, 4i4E 4 I MIRS
5 HB Y MIRS Z [a] () HAth 45 B 1 22 47 T 248
WL ECIX (925~1 604 em D HYFLE (1 544 em 1)
FIFLHE (1159 cm A1 076 em™ D RIEIX (K 1D)

SENEA 15 A AR BB ) Z 18] 1) MIRS £
FE2E 5 ] T SR E O S R A T RIS 1) X4,
H 2445 B AR R, 187 5 (% 00 UL 72 7T B T 1k
B 0 8, BTG ik AL 2R W 4B IR L R O £ B
BLES 27 ) Bk B0 v] AR B 26 22 53, JEA 7 56 7 o
FE T
23 (4R MEBmmsmNEST (S
-4 B 4y K E AR

FIH 6 FpbLe 27 > Rk s S i S gl A 1
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Table I The nutrient composition of yak milk and dairy cattle milk

S UFES LR/ %% FEA/ % L/ % JRE R/ (mg/100 g) SETEY/ %

Milk classification Fat Protein Lactose Urea Total solids
JELE S Yak milk 8.184+1.55b 5.26+0.75b 4.39+0.32a 8.13+2.46a 18.4541.94b
W45 Dairy cattle milk 3.54+1.00a 3.597£0.34a 4.89+0.40b 10.524+1.79b 12.68+1.22a

Rl bR AN R bR 22 5 B 3%, P<0.05. Note:Means with different letters differ significantly, P<<0.05.

— 0% — 10% — 25% — 50% — 100%

0.6

o
I

% Y& BE Absorbance

0.0

—0.: L L 1 1
5 000 4500 4000 3 500 3 000 25 00 2 000 1 500 1 000
HH/cm™ Wavenumber
B C D
o 08F o 0.4F o 04F
Q Q Q
=] = <
£ 06F £ 2
g S 02 S 02t
S 04 o 2
< L < <
i i i
0.2} ).0 0.0
= ().0 n = g
1 1 1 —0.2 | 1 — | | 1 1
3000 2900 2800 1770 1720 1670 1600 1450 1300 1150 1000
WH/em™ Wavenumber WH/em™ Wavenumber WeH/em™ Wavenumber

A:2LHEE B LC DARFR K A XBOEIEE . 026.10%6.25%6 .50 % F11 100 %6 AERAE A W3- W5 24 Wik & Wb 0 A s i R AR 43 L s IR 6
X kAR BB B . A represents the full spectrum; B, C, D represents the spectrum in the grey region. 0%, 10%, 25%, 50% and 100%
represent the volume proportion of dairy cattle milk in the yak milk-dairy cattle milk mixture; Grey area represents modeling band.

Bl #4490 BEOMAEBEEE(10%~50%) WEF -4 0R & WA RO E
Fig.1 Mid-infrared spectroscopy of yak milk, dairy cattle milk and yak milk-dairy cattle milk mixture with different
adulteration ratios (10%-50%)

BN R s R A A A SRR 2 fr s o 0.60 UM 0.80 4 S5 0.65) M LE L B IESE AUC .
SVM Bkt AL IE4E AUC 2y 0.95 HERGME 0.87 M0 ERf M | ARUE FRe S 43 4R 5 T 0.20.,0.24.,0.13
JBNE 0.98 47 SME 0.90, B iE4E AUC 4 0.95 #ERPE  F10.22,

0.84 B 0.93 45 57 0.87; PLSDA Bk Ik 2, L5 6 P ML 2 > BT RN 5 Bl 1 T AL 2
NB R FE N2, SVMBA LS HAihew HAOEME Bk my 30 FER g MERETEM H8 bR (2 2) KL, fff
R PLSDA (3148 AUC 2 0.93 R P 0.78 gk FHICHLAL B MIRS 1 SVM S5 HE 7 19 %5 4l
PE0.93 FEFME 0.82) MH L, I TESE AUC MERTE L FEA4 05 S5 A4- W W B 25 3 1) 53 25 R AR 7Y =
MR S BB & T 0.02.0.06.,0.00 f10.05; 5 AT i e WU A 14, AUC 2y 0.95  HERA 14 0.84 B
FP I 22 19 NB 33k (R IE4E AUC b 0.75 R bE B 0.93 AR50 0.87 IR n I 48 2R W RE I o0 TG
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Table 2 Performance of binary qualitative model in calibration set and validation set
ﬁ%%ﬁi - & 1E4E Calibration set . AT S Validati:z set .
odelin TETH R [=y=y HET R pEy=y
algorithri Pretreatment AUC A{ifcﬁjﬁriy Sff:—fi\vjty S:Zi‘lziy AUC ;iﬁufarzty Sffi‘;tlziy S:)Ziizfty
PLSDA None 0.95 0.84 0.97 0.87 0.93 0.78 0.93 0.82
SVM None 0.95 0.87 0.98 0.90 0.95 0.84 0.93 0.87
CART 1D 0.82 0.72 0.90 0.76 0.79 0.64 0.80 0.68
RF 1D 1.00 1.00 1.00 1.00 0.85 0.82 0.80 0.82
GBM None 0.88 0.75 0.85 0.77 0.87 0.76 0.87 0.78
NB 1D 0.78 0.60 0.84 0.66 0.75 0.60 0.80 0.65

AR R B T B s misb 3, %4 [W . Note: The results demonstrate only the optimal spectral preprocessing. The same as below

in Table 4.
BRAAGEBIR22E. WK IFTLUAE I, AU
RO A Y AT L2 50 Al A 0 ) A R R 9300, 48
BB T 5004 WhA- e W A HER 1 10004,
SN BN T 2506 W A Y B HE A 0 A o R E 2
90 %0 , SR, G WA= 3B In L9/ T 1004 I, T
WA R, HA 6200,

x3 ZoEEMERITINR LGSR AL
Table 3 Accuracy of optimal binary classification model

predicting calibration set and verification set data  %{

OO A P
By B 5T T Predictive accuracy
Proportion of adulteration
W IE4E PriiF g

of dairy cattle milk

Calibration set Validation set

0 98 93

10 68 62

25 93 89

50 100 100
24 WNESDHREmMNEPEF BN EZ DA
=R

e fE MIRS WA B % 12 FhAL & 27 ) 8090 )
ST 1R T 25 4 v BB i 4 A 4 B A8 1% ] A B AR e
W4, PLSRBIN Ny R A& G ny 2 oy vk, oy
PLSR 7EAb 2 118 43 M v U 2 5L 38 R 1Y) T 4 B
SR, 76 AR BE 5T PLSR - 304 2 B0 AR RLSR .
SSR.PPR.CART.RR.ENFI LASSO 3 i 44t T
A 22 0 W 25 2L, RPDy /N F 2. BRNN. GBM #1
XGBHIEE T PLSR, H A% %22 T PLSR, BRNN
BRI, HOE GBM il XGB, CART &5
M 2: . BRNN R 5 &% A PLSR B AL,
RMSE, Ik T 2.37 %, R* 1 RPDy 43542 & T 0.10
F10.76,

ZEA LA 12 Pl s 2 ) @A 3575 Fn 5 Fl MIRS
AL BAR L 3T 1) 60 PR A B HERE PRI HE ARl SR &
B, FFH BRNN B R 1D % 7 4 25975 3 57
() AR 2R W v 5 A= 748 i L 8] %) Tl A ASE 7R 44 g fe
fit, Hoip, RMSE,=6.57%, MAE,=5.22% , R,"=
0.88,RPD,=2.89,

3 i #

31 EHMBEREFT(EFD-BFTNESY)
FOLHEE B FR AT S S S BT

A GIE H 5 008~925 em I B N AY 1 060
AN S L, K] S R D 41 AR IX (short-wavelength
infrared, SWIR) | # i £1 #} X (mid-wavelength infra-
red, MWIR) Fl K % 21 5b X (long-wavelength infra-
red, LWIR)'*, 5010~3 673 cm '8 Fk B SWIR X
I 5 3 669~3 052 em™ ' R SWIR-MWIR X 5 ;
3 048~1 701 ecm ' #f X i MWIR-1 X #2 ; 1 698~
1585 e 'K MWIR-2 X 3, ; 1 582~925 cm
PR MWIR-LWIR Xk A58 K& B 4E4 1 48
(BCPE 28 5 CHRE A= W5 - W5 A W05 R 5 W ) RN s 2 4 11 S i
%3 FHELEAET MWIR-1. MWIR-2 . SWIR-MWIR
A MWIR-LWIR X i, . MWIR-2 }2 SWIR-MWIR
DX 3855 K MR SCAT G, 3 B SRR AR 38 N T AN [R] 2R 375
FE i 22 18] W6 B A0 728 S o T A= 0 40 ot 143 %
5 2F A FURES B XA X I Bl HEBR R 7 . MWIR-
1 X Ja, 3 B2 A i 0 2 C—H .C—0, C—N I N—H
BT IR X SRR SRR A G TR — X
o 3] — B 25 AR R g . B 1A EEDEE
X347 F 2 968~2 802 ecm ™!, % X 1 5 Fat-B i) C—
HHREh A P 8 2 A BB KA T 1 773~
1692 cm™ !, I X 35 5 Fat-A (8 388 3 A 6P 4
T AR R 3 T 3 2 A B i m IX . AR 5T
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Table 4 Performance of the predictive model for cow milk content adulteration in yak milk based on

mid-infrared spectroscopy

JE KA RES Tihb 3 M IE4E Calibration set YiF4E Validation set

Modeling algorithm ~ Pretreatment RMSE. MAE, R RPD RMSE, MAE, R RPDy
PLSR None 8.83 6.87 0.78 2.14 8.94 7.02 0.78 2.13
SVM None 9.44 6.50 0.75 2.00 9.15 6.39 0.77 2.08
SSR None 11.24 8.85 0.65 1.68 10.46 8.41 0.70 1.82
PPR SG 3.98 2.44 0.96 4.74 10.21 6.65 0.72 1.86
CART 1D 7.97 6.02 0.82 2.37 11.07 7.92 0.66 1.72
BRNN 1D 2.68 2.12 0.98 7.05 6.57 5.22 0.88 2.89
RR None 11.31 8.92 0.64 1.67 10.60 8.49 0.69 1.79
EN None 11.03 8.69 0.66 1.71 10.34 8.17 0.70 1.84
LASSO None 10.93 8.58 0.67 1.73 10.25 8.07 0.71 1.85
RF 1D 3.59 2.72 0.97 5.26 9.00 6.60 0.79 2.11
GBM 1D 0.59 0.43 1.00 32.19 7.29 5.61 0.85 2.61
XGB 2D 2.92 2.30 0.98 6.46 8.14 6.53 0.82 2.33

AR 29 55 40 1A O3 X BUE MWIR-LWIR X
s, BRI AE BUX, 5ELE Y R B R AEL
B %
32 ETEMMMESTHBMP 4 PHERHE
i

H A TR AR A W b W A= W5 R i 7 15 A R
TR W T iz S L Tk AR BB 2 W I 2 AN
JR L A i e R AR I 5 22 15 v B S AR A
FEAHAL AR ASBIF 5% A58 FH 114 7 vk ELA PRk AR5 A4 LA
R E A . HETR A & T MIRS H AR
T4 A 15 B s A W 3 . ASF SR R 6 F
MLAS 2 20 43 8 EEA R (12 FhHL 3 27 =) o] 5 A
TS RO TR B 7 g T TR T MIRS AR A
W5 CBFURH ) Hp A8 i 4 2 47 110 2 P 5 S A R0 Tt 70
DAY | 0 3 Hh 2 A4 e DA TR o X 1 6 i) A
(Z402%) , SVM B B3 R TG Tl Ak B 33 ST 1 A
RIF B Fe A M RE , S0IE4E AUC 47 0.95 MERPE
0.84 HUEYE 0.93 R PE 0.87, X %2 1 [n] I AL A
BRNN 575 1 1D ' 1% 7l b 24 583 4 37 g A58 780 3% 9
AL T g, RMSE,=6.57% ,MAE=5.22%,
Ry*=0.88, RPD,=2.89, XLttEaEgeil4h L FEM,
AHFFE HEST Y 2 B PR R AT, T UGB W 4
ARSI BLUEA TR A TN (A T A
10%6.25% .50 % 3% 3B I FE , o B AU (1) 1 RE 45
RS

A 1 56 T MIRS A Fi I oK 4= 1315100 11y 2
15120 R B A R e B g A 45 L 451 B4 A 5 A 2
B FLIN 35 22 (RMSEy ) 18 [l 23 51 A 2.84 %6 ~7.42% |

2.84%~8.03% F10.87%~0.99% , A B 58 <7 1 4%
A= v 4B 0 5 AR 5 ) s R TN AR B () RMSE iy
6.57 %0, KAy LA T R 22 VB RN . S5
AT AH LU, ABIF 58 09 A 358 T 8500 1 KR 243K
JFH 22 Fh A B0 0 KOG WAk B 7 v, AT RE A% 78 4
248 MIRS 4625 09 A RIS B, 7 e i ) Fou i) A5
R AR AT SR I i v felt B0 5500 B AR I DA
SRR R L T ELYE AR 0 B s SOk A 3R R
[ —AN8 1, B A AR At A 0y 1) B3 2R 47 210 56
TIE, PRI 16 26 Ty 92 7 AN ] i 0 X3l AR AN [] WL 114 5,
doll TP SE R PRI R 2 R SR, AR 5 AR AR
(015 BRI 25 R S HORF |, T T & R4 B 6
FH T AN [ b L X 5 A i) A= 7= B A4 2L ol o

33 WRFEITNBEIEEZSPLSEEZZEK
bk %%

I 235 SR (1% ] SE R RO AR P AR AR R Bk
TR ) it , BT ) O BB R O o A
A KT TF 22 U AS A8 1) vk (A5 AR B e R i
A B AR A) A7 5T T R R R AR
££ , PLS ¥ 2F W i) MIRS 5045 5 4= Wi A sh kAR
IR ) 1 1B B SR A GE W O v AR T AR B 2 [
AR (AR B4R ) | AT BB IR 2 BRAR A4 Ak
P78 T MIRS X ORI 32 fin 50 i 0 5%
F2 B A AR A o PLS, — 2642105 MIRS RIS
UERA HA LS 27 ) S B AR HL AR AR b 2 2% | 3
028 190 28 25t i B A 250k B 2 45 MITRS e dl ™
BIRe BT X B2 24 S0 REAT AL, (HAE 4 M 1k, ik g
ARG LA 2% 2 LA MIRS 201 v i g AT 84



122

LS N AN S o ¢

944 %

/D AR DA 2 I F MIRS 15 8 100 3h 4 J Rk
W BRI 1 LS PLS Bk i LA .

AR F 2 Fp AR GE WL S Bk S T
TN AE A= % 4B S 2 W AR AL O 5 PLS Skt
T H . W9 R, ARG THHL A8 27 2 L X e 4R
WS AR 26 BL UG T PLS AYPERE, L HJE SVM
BEFI BRNN &, SVM A8 58 1 4% sk B0l e A
W S5 28 25 v A 2 ), AT RO R R (R 2 ST e ) L8
Ab AR LV ) B, HORE AR BHE 43 A TSR, X
7 BEALAG AR B A RO, BRNIN G 1R D1 i 37
J5 I T 2 2% IR AL R . AFSR R, S
LR PR (4N PLS) AH EL , b 28 1) 45 BE A% B2 140 4 1
P Y A ARZE 5 32 B3 04 i 52 0, 7 1500 4
Fi s T R 2 B0 AR A AR et L B A DL 3T A U Ak
YR A 22 0 265 m] LAk S X Rl LG o ARDIFE
fdi 1T 3 bl 4 97 1 (LASSO L EN HIRR) , s 5k
U, 33 S A Y T BB A AL (39 2% F PLSR) L, {H
LASSO M EN fZ s T RR. Sen 2441 % 81 T
AR, SORAEFUH N Y, BBy LASSO FTEN /]
PLE AT AR SR PR, I RRIEEA T A28 &= . SSR
PERERIFE 22 T PLSR, th 2 —FhAs v 5 vk (05
LASSO HIEN AN [R] 19 /2 , SSR A J2&: 3 T 4 il 77 1
PEATAR R, TSR A DL v

AWFFE A MIRS 87 T K I A E e 4 i vp
B A= W i U ASLAL , BT SVM # A Bk
Ak B % N7 A S E AR 2 5 B I A 15 (4 4
A 47 g TN ASE R A0 5 T DL i iy 1 ) £ 8 ) 4 A
Bk — B SO WAL B EE ST A T AE 2R 4
A5 I LA s AR . g5 SRR T, MIRS A
A THIAE 2F 5 v BB 2F A5 R U g, 43 2 L A
TR AR VR 1 Shy 84 %, 1A 78 68 i) 4 A4 105 1) Y
PESR 9300, SRR TR AR I T 50 %6 WA W A 1
PR 10020, S 3 AR W B T 25 %6 W11
HERTEZ 90 %6, S8 50 AR 2R W B T 10 %6 W54k 15
(1% A B 1 2 6220, A e T 00 R AR A 0 3R 25 R
6.57% . SVM B ETE 53 MR rh R IR , BRNN
SR AR AR R R IR, 7E HL A AR D 5T bl
A2 K 2 PP BN o A T A X A 5
AN T B A8 4 45 A 15 0 A ARSI, T 4 S 4 A L A
BT Z NG

2 % Lk References

[1] REN Q R,ZHANG H, GUO H Y, et al. Detection of cow

milk adulteration in yak milk by ELISA [J].Journal of dairy

[2]

[3]

[4]

[5]

(6]

[7]

[8]

[9]

[10]

[11]

[12]

science, 2014,97(10) : 6000-6006.

it IR, 2588 FR TLRE, A5 BB 3L A LA it v 2 2L A A
AW T [T ], B it 26 42 Bk 4 il 24 41, 2021, 12(8)
3000-3007.FU S C, LI L, ZHENG W M, et al. Research
progress on adulteration detection technology of cow milk in
goat milk and its products [J].Journal of food safety &. quali-
ty, 2021, 12 (8) : 3000-3007 (in Chinese with English ab-
stract).

CHAFEN JJ S,NEWBERRY S J,RIEDL M A, et al.Diag-
nosing and managing common food allergies [ J/OL ]. Clinical
governance, 2010, 15 (4) : 7 [2024-04-07]. https: //doi. org/
10.1108/¢gij.2010.24815dae.007 .

TVH 3 R A i F R (D ] AR bR A TR
2#,2013.YIN Y. Study on identification methods of milk and
dairy products [D]. Beijing: Beijing University of Chemical
Technology, 2013 (in Chinese with English abstract).
TRIMBOLI F, COSTANZO N, LOPREIATO V, et al.De-
tection of buffalo milk adulteration with cow milk by capillary
electrophoresis analysis [ J |.Journal of dairy science, 2019, 102
(7):5962-5970.

BOSCO C D, PANERO S, NAVARRA M A, et al.Screen-
ing and assessment of low-molecular-weight biomarkers of
milk from cow and water buffalo: an alternative approach for
the rapid identification of adulterated water buffalo mozzarellas
[J].Journal of agricultural and food chemistry, 2018, 66(21) :
5410-5417.

NICOLAOU N, XU Y, GOODACRE R.Fourier transform
infrared spectroscopy and multivariate analysis for the detec-
tion and quantification of different milk species [J].Journal of
dairy science,2010,93(12) : 5651-5660.

ZHAO X X,SONG Y T,ZHANG Y P, et al. Predictions of
milk fatty acid contents by mid-infrared spectroscopy in Chi-
nese Holstein cows [J/OL]. Molecules, 2023, 28 (2) : 666
[ 2024-04-07 ] https: //doi.org/10.3390/molecules28020666.
SOYEURT H,GRELET C,MCPARLAND S, et al.A com-
parison of 4 different machine learning algorithms to predict
lactoferrin content in bovine milk from mid-infrared spectra
[J].Journal of dairy science, 2020, 103(12) : 11585-11596.
CHRISTOPHE O S,GRELET C,BERTOZZI C, et al. Mul-
tiple breeds and countries’ predictions of mineral contents in
milk from milk mid-infrared spectrometry [J/OL]. Foods,
2021, 10(9) : 2235[2024-04-07 ]. https://doi.org/10.3390/
foods10092235.

MENSCHING A,ZSCHIESCHE M, HUMMEL J, et al.De-
velopment of a subacute ruminal acidosis risk score and its pre-
diction using milk mid-infrared spectra in early-lactation cows
[J].Journal of dairy science, 2021, 104(4) : 4615-4634.
DENHOLM S J, BRAND W, MITCHELL A P, et al.Pre-
dicting bovine tuberculosis status of dairy cows from mid-in-
frared spectral data of milk using deep learning [J].Journal of
dairy science, 2020,103(10) : 9355-9367.



o5 2 1A

WA A BET AL I AP LD R A U542 i B A R B 5

123

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

BRAND W, WELLS A T, SMITH S L, et al. Predicting
pregnancy status from mid-infrared spectroscopy in dairy cow
milk using deep learning[ J |.Journal of dairy science, 2021, 104
(4):4980-4990.

TIPLADY KM, TRINH M H,DAVIS S R, et al. Pregnancy
status predicted using milk mid-infrared spectra from dairy cat-
tle[ J].Journal of dairy science,2022,105(4) : 3615-3632.
SILVA L K R, UNIVERSITY S B S, GONCALVES B R
F, et al. Spectroscopic method (FTIR-ATR) and chemomet-
ric tools to detect cow’s milk addition to buffalo’s milk[J].Re-
vista mexicana de ingenieria quimica,2019,19(1):11-20.
CIRAK O, ICYER N C, DURAK M Z. Rapid detection of
adulteration of milks from different species using Fourier trans-
form infrared spectroscopy (FTIR) [J]. Journal of dairy re-
search, 2018,85(2) : 222-225.

SEN S, DUNDAR Z, UNCU O, et al. Potential of Fourier-
transform infrared spectroscopy in adulteration detection and
quality assessment in buffalo and goat milks [J/OL]. Micro-
chemical journal, 2021, 166: 106207 [ 2024-04-07]. https://
doi.org/10.1016/j.microc.2021.106207.

SPINA A A, CENITI C, PIRAS C, et al. Mid-infrared
(MIR) spectroscopy for the detection of cow’s milk in buffalo
milk [J]. Journal of animal science and technology, 2022, 64
(3):531-538.

GONCALVES B H, SILVA G,DE JESUS J, et al.Fast veri-
fication of buffalo’s milk authenticity by mid-infrared spectros-
copy, analytical measurements and multivariate calibration[J].
Journal of the Brazilian chemical society, 2020, 31 :1453-1460.
NICOLAOU N, XU Y,GOODACRE R.Fourier transform in-
frared spectroscopy and multivariate analysis for the detection
and quantification of different milk species [J].Journal of dairy
science, 2010,93(12) :5651-5660.

BOUKRIA O, BOUDALIA S,BHAT Z F, et al. Evaluation
of the adulteration of camel milk by non-camel milk using mul-
tispectral image, fluorescence and infrared spectroscopy [J/
OL]. Spectrochimica acta part A: molecular and biomolecular
spectroscopy, 2023, 300: 122932 [ 2024-04-07 ]. https://doi.
org/10.1016/].saa.2023.122932.

SOUHASSOU S, BASSBASI, M, HIRRI A, et al. Detection
of camel milk adulteration using Fourier transformed infrared
spectroscopy FT-IR coupled with chemometrics methods [J].
International food research journal, 2018, 25(3):1213-1218.
WEEH AR XS R A5 gei R4 2012(M ] bt P
4811 L, 2012. Inner Mongolia Bureau of Statistics. Nei-
menggu statistical yearbook 2012 [M]. Beijing: Chinese Sta-
tistics Press, 2012(in Chinese ).

SANTOS P M, WENTZELL P D, PEREIRA-FILHO E R.
Scanner digital images combined with color parameters: a case
study to detect adulterations in liquid cow’s milk[J].Food ana-
lytical methods,2012,5(1):89-95.

CHU C,WANG H T,LUO X L, et al. Possible alternatives:

identifying and quantifying adulteration in buffalo, goat, and

[26]

[271]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

camel milk using mid-infrared spectroscopy combined with
modern statistical machine learning methods [J/OL]. Foods,
2023, 12(20) : 3856 [ 2024-04-07 ]. https: //doi. org/10.3390/
foods12203856.
DELHEZ P, HO P N, GENGLER N, et al. Diagnosing the
pregnancy status of dairy cows: how useful is milk mid-infra-
red spectroscopy?[J].Journal of dairy science, 2020, 103 (4) :
3264-3274.
FAWCETT T.An introduction to ROC analysis [ J]. Pattern
recognition letters, 2006 ,27(8) : 861-874.
JABRI M E,SANCHEZ M P, TROSSAT P, et al. Compari-
son of Bayesian and partial least squares regression methods
for mid-infrared prediction of cheese-making properties in
Montbéliarde cows[ J].Journal of dairy science, 2019,102(8) :
6943-6958.
WEAE IR T A S T LD 0 AR g v = R A
R RO ASE B v S R T LT ). 3 A0 BE 2R, 2023, 54
(8):3299-3312.CHU C, ZHANG J J, DING L, et al. Estab-
lishment and application of prediction model of three amino ac-
ids in milk based on mid-infrared spectroscopy[J].Acta veteri-
naria et zootechnica sinica, 2023, 54 (8) : 3299-3312 (in Chi-
nese with English abstract).
BITTANTE G, CECCHINATO A. Genetic analysis of the
Fourier-transform infrared spectra of bovine milk with empha-
sis on individual wavelengths related to specific chemical bonds
[J].Journal of dairy science, 2013,96(9) : 5991-6006.
KAYLEGIAN K E,LYNCH J M,FLEMING J R, et al.Influ-
ence of fatty acid chain length and unsaturation on mid-infrared
milk analysis 1[ J].Journal of dairy science, 2009, 92(6) : 2485-
2501.
KAYLEGIAN K E,HOUGHTON G E,LYNCH J M, et al.
Calibration of infrared milk analyzers: modified milk versus
producer milk 1[J].Journal of dairy science, 2006, 89 (8) :
2817-2832.
HANSEN P W.Screening of dairy cows for ketosis by use of
infrared spectroscopy and multivariate calibration [J]. Journal
of dairy science,1999,82(9) : 2005-2010.
SEN S, DUNDAR Z, UNCU O, et al. Potential of Fourier-
transform infrared spectroscopy in adulteration detection and
quality assessment in buffalo and goat milks [J/OL]. Micro-
chemical journal, 2021, 166: 106207 [ 2024-04-07 ]. https://
doi.org/10.1016/j.microc.2021.106207.
XA AR R A LI LB A A 2= R ST (D ] e - P R
R % K2, 2022.ZHAO M B. Comparative biochemical study
on yak and yak milk[D]. Chengdu: Southwest University for
Nationalities, 2022 (in Chinese with English abstract).
A, I, BTE K, 5 ORIRIZLIR S P o S H AR B 5T
B [T B dl 5 A B A il 22 4), 2021, 12(18) - 7314-7323
MIAO J LL,ZHANG ] K,ZHOU Z H, et al. Research progress
on identification technology of animal ingredients from different
milk sources| J].Journal of food safety &. quality,2021,12(18)
7314-7323 (in Chinese with English abstract).



124 LRI I NI <3 4 544 3

[37] MOTA L F M, PEGOLO S, BABA T, et al. Evaluating dairy science,2021,104(7):7438-7447.
the performance of machine learning methods and variable se-  [40] 776, EZM . 3 3em L AR 4 S 8UE TG HR bR
lection methods for predicting difficult-to-measure traits in IRRMEE: DL GE N fR 2B E A GO T]. ) PE R4k
Holstein dairy cattle using milk infrared spectral data[J]. Jour- (F2Fh SRl , 2022,44(6) : 174-183.FANG J,WANG Y
nal of dairy science, 2020, 104:8107-8121. P. Construction of credit evaluation index system of social orga-

[38] SHADPOUR S,CHUD T C S, HAILEMARIAM D, et al. nizations based on support vector machine technology: taking
Predicting methane emission in Canadian Holstein dairy cattle charity social organizations in G province as an example [J].
using milk mid-infrared reflectance spectroscopy and other Journal of Guangxi University (philosophy and social science),
commonly available predictors wia artificial neural networks 2022,44(6):174-183 (in Chinese with English abstract ).
[J].Journal of dairy science, 2022,105(10) : 8272-8285. [41] FERRAND-CALMELS M, PALHIERE I, BROCHARD

[39] FRIZZARIN M,GORMLEY I C,BERRY D P, et al.Predict- M, et al.Prediction of fatty acid profiles in cow, ewe, and goat
ing cow milk quality traits from routinely available milk spec- milk by mid-infrared spectrometry[J].Journal of dairy science,
tra using statistical machine learning methods [J]. Journal of 2014,97(1):17-35.

Prediction adulteration of yak milk based on machine
learning and mid-infrared spectroscopy

CHU Chu',LUO Xuelu', WANG Haitong', WEN Peipei', DU Chao',
Dingkaorenqing”, Lamaocao’, ZHANG Shujun’

1.College of Animal Science and Technology, College of Veterinary Medicine , Huazhong Agricultural
Untversity, Wuhan 430070, China;
2.Animal Husbandry Station of Gannan Tibetan Autonomous Prefecture, Hezuo 747000, China;
3.Animal Disease Prevention and Control Center of Luqu County, Gannan Prefecture , Luqu 747200, China

Abstract A predictive model for detecting the addition of milk to yak milk was established by com-
bining mid-infrared spectroscopy (MIRS) with machine learning algorithms to supervise and regulate the
production and sale of yak milk, further quantitatively predict the proportion of adulteration in yak milk and
provide new technology of rapid detection. 76 samples of pure yak milk, 76 samples of yak milk adulterated
with 10% milk, 76 samples of yak milk adulterated with 25% milk, and 76 samples of yak milk adulterat-
ed with 50% milk were used to establish binary qualitative models for distinguishing pure yak milk from
yak milk adulterated with milk, and quantitative regression models for predicting the proportion of yak milk
adulterated with milk with five spectral preprocessing algorithms, six qualitative and twelve quantitative ma-
chine learning algorithms. The results showed that the predictive model for identifying pure yak milk and
yak milk adulterated with milk based on support vector machine modeling algorithm and the spectrum with-
out preprocessing had the best performance. The validation set AUC, the accuracy, the sensitivity, and
the specificity of the model was 0.95, 0.84, 0.93, and 0.87, which can be used for the identification of
pure milk and adulterated milk. The optimal quantitative model for predicting the proportion of milk in yak
milk was established using Bayesian regularized neural network modeling algorithm and first-order deriva-
tive spectral preprocessing algorithm. The model had R,*=0.88, RMSEV=6.57% , and RPD=2.89%. Tt
is indicated that the combination of mid-infrared spectroscopy and machine learning algorithms can effective-
ly identify yak milk adulterated with milk and detect the proportion of adulteration.

Keywords mid-infrared spectroscopy (MIRS) ; machine learning; yak milk; the adulteration of
milk; predictive model
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