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Establishment of a near-infrared reflectance spectroscopy model for predicting
B-glucan content in naked barley grain

Li Ying, Shi Xiao-Xu, Liu Hai-Cui, Shi Lyu, Xue Ya-Guang, and Wei Ya—Feng*

Jiangsu Yanjiang Area Institute of Agricultural Sciences / Key Laboratory of Recycling Agriculture of Nantong City, Nantong 226001, Jiangsu, China

Abstract: -glucan, known for its roles in regulating blood sugar, lowering blood lipids, and exhibiting anti-tumor and anti-
oxidant properties, is one of the most important quality indicators of naked barley. Establishing a near-infrared (NIR) predic-
tion model for B-glucan content enables rapid and non-destructive evaluation of this trait in early-generation naked barley ma-
terials, which can significantly enhance breeding efficiency. In this study, NIR spectra were collected from 215 naked barley
grain samples, and B-glucan content was determined using enzymatic methods. Based on spectral scanning and Monte Carlo
cross-validation, 10 outlier samples were excluded. The remaining samples were divided into calibration and validation sets
using the SPXY method. Fourteen preprocessing techniques, including normalization, first derivative, and second derivative,
were applied to the spectral data. Partial least squares regression (PLSR), support vector machine (SVM), and principal
component regression (PCR) were employed to construct prediction models for B-glucan content. Among these, the SVM
model combined with the second derivative preprocessing showed the best predictive performance. To further optimize this
model, six feature variable selection methods—successive projections algorithm (SPA), uninformative variable elimination
(UVE), competitive adaptive reweighted sampling (CARS), variable iterative space shrinkage algorithm (VISSA),
bootstrapping soft shrinkage (BOSS), and iteratively retained informative variables (IRIV) were evaluated. The
CARS-SD-SVM model achieved the highest accuracy, with R*c, RMSEC, R?%», RMSEP, and RPD values of 0.859, 0.272, 0.877,
0.237, and 2.790, respectively. This model not only demonstrated excellent predictive performance but also high reliability,
making it suitable for the rapid analysis and prediction of -glucan content in naked barley grains. It holds great potential for
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analysis and prediction of B-glucan content in naked barley grains. It holds great potential for application in naked barley

breeding and quality assessment.

Keywords: naked barley; B-glucan content; near infrared spectroscopy (NIRS); prediction model; feature variable selection
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Table 1 Statistics of p-glucan content in calibration and validation sets
AL FEAKL SFHE RRAH /ME e 2 P A Al 25 HETER 4
Sample set Sample size Mean (%) Max. (%) Min. (%) Range SD CV (%)
K IE4E Calibration set 164 4.08 6.38 2.88 3.50 0.72 17.58
BIE4E Validation set 41 3.90 5.31 2.92 2.39 0.66 16.96
BFEAR Total set 205 4.04 6.38 2.88 3.50 0.71 17.52

B- 7 B S HYE 2 oA 2.88%~6.38% 1 2.92%~
5.31%, H A ROELALS B SO 4 1 de K (E RN
Fo/ME, W22 . bR 22 FAE SRR K T IRAE4E,
FAREAGER 34 2, o] T A T A Al

233 kEgsmEmE  FHE—k. —HSHK
(first derivative, FD). —.BF%(second derivative,
SD). MSC. SNV, SG. SG —[iK$(SGFD). SG
Z WKk (SGSD) . E#UM . —Fr2E+MSC. —Fir

SH+SNV ., SG+MSC. SG+SNV, SNV+MSC 3t 14
ot 7 0 X0 A IE 4R I IR Ok HE AT AL B, Ak B S
TS DLIE 5. 5 EERGIEH L, SG BRI A
S BT S ARG AR E R N 25 S, HR TAL
FROCAL 5 00 G il 0 R0 e 4 S i, Ot Ze T
TN, FEARR 2250 TR A, —Br S8, —Br
FHAMSC Fl—Fr- FE+SNV  FALF 5 4G AR
fhita g —5, MSC. SNV, SG+MSC., SG+SNV #il

0.09 0.020
1.0 (C) FD
008 0.015
0.07
é 038 S 0.010
5 0.06 :
o
206 0.05 0.005
<
04 0.04
: 0 .
0.03 V’
0.02

02
1000 1100 1200 1300 1400 1500 1600

1000 1100 1200 1300 1400 1500 1600

1000 1100 1200 1300 1400 1500 1600

0.0012 12 20
0.0010 ) MSsC sk ® SNV
0.0008 1.0 : X
o 0.0006 ~ 1.0 N
S 0.0004
£ 00002 08 05
3 0f 0
2 -0.0002 0.6
~0.0004 -0.5
~0.0006 04 10
-0.0008 :
-0.0010 -15

1000 1100 1200 1300 1400 1500 1600

0.2
1000 1100 1200 1300 1400 1500 1600

1000 1100 1200 1300 1400 1500 1600
(& 5)



740 £ ¥ 2=

552 %

0.0015

Absorbance

12 0.020
(2) SG (h)

. = 7 0.015

, = 0.010

: V/i 0.005

N~/ - 0 ‘

02 ~0.005

SGFD

ol
-0.0005
VV of —-0.0010

0.0010
0.0005

1000 1100 1200 1300 1400 1500 1600 —0.0015 1000 1100 1200 1300 1400 1500 1600
0.020 4
() FD+MSC ) FD+SNV
0.015 3
3 2
g 0.010 |
£ | A ﬁ
g
2 0.005 Ob; /
Ob -1 v—/ h\/
. -0.005 )
1000 1100 1200 1300 1400 1500 1600 1000 1100 1200 1300 1400 1500 1600 1000 1100 1200 1300 1400 1500 1600
2.0 2.0
1.0 (m) SG+MSC 15 (n) SG+SNV 15 (0) SNV+MSC
) 038 1.0
§ 0.5
§ 0.6 0
£
< -0.5
0.4
- -1.0
0 -1.5

2 1000 1100 1200 1300 1400 1500 1600
Wavelengths (nm)

5 FEFRAEBRKIEESIEE

1000 1100 1200 1300 1400 1500 1600
Wavelengths (nm)

~7 1000 1100 1200 1300 1400 1500 1600
Wavelengths (nm)

Fig.5 Preprocessed spectra of the calibration set using different methods
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Bk i SG B RREH Bk j: BBk — B SBHZTHUNRIE; I — B AR IE S IE; m: SG BRI+ 2 JU IS A IE

n: SG H B HREIES AL o AR IEBRIE+Z CHUN KIE

a: raw spectra; b: normalization (NOR); c: first derivative (FD); d: second derivative (SD); e: multiplicative scatter correction (MSC); f:
standard normal variate (SNV); g: Savitzky-Golay convolution smoothing (SG); h: Savitzky-Golay convolution smoothing first derivative
(SGFD); i: Savitzky-Golay convolution smoothing second derivative (SGSD); j: detrend (DE); k: first derivative + multiplicative scatter
correction (MSC); 1: first derivative + standard normal variate (SNV); m: Savitzky-Golay convolution smoothing (SG) + multiplicative scat-
ter correction (MSC); n: Savitzky-Golay convolution smoothing (SG) + standard normal variate (SNV); o: standard normal variate (SNV) +

multiplicative scatter correction (MSC).
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Table 2 Comparison of prediction results using different modeling methods
g o b 3 BEEYE BOERRHE  AMERISUEDE S UERRUE AHXT 3 A
Model Pretreat FHRc  IWZE RMSEC EZRM R W72 RMSEP i%7: RPD
PLSR  JilfJtiE RAW 0.657 0.419 0.798 0.309 2.143
IH—1k NOR 0.678 0.406 0.799 0.298 2.224
—Mr 3% FD 0.743 0.363 0.808 0.295 2.245
S5 SD 0.781 0.335 0.779 0.311 2.128
ZICE R IE MSC 0.710 0.385 0.804 0.306 2.166
PRUEIESRIE SNV 0.723 0.376 0.807 0.300 2.204
SavitZky-Golay % B SG 0.652 0.422 0.804 0.307 2.157
SavitZky-Golay % V-1 — K>k 5§ SGFD 0.811 0.311 0.727 0.362 1.830
SavitZky-Golay #5 BF- 1 —Fisk 5 SGSD 0.816 0.307 0.461 0.520 1.274
£ DE 0.717 0.381 0.817 0.292 2.269
— B S H+Z T B HURLIE FD+MSC 0.777 0.338 0.821 0.294 2252
— B FEARAEIES L IE FD+SNV 0.776 0.338 0.839 0.271 2.441
SavitZky-Golay 45 V-1 +2 ST B #UK IE SG+MSC 0.698 0.393 0.796 0.311 2.131
SavitZky-Golay #5 -1 +ARifE IES K IE SG+SNV 0.711 0.384 0.804 0.301 2.197
FRifE ES K IE+Z 0B U IE SNV+MSC 0.710 0.385 0.804 0.304 2.180
SVM JRIR 6 RAW 0.462 0.536 0.540 0.468 1.414
IH—1t NOR 0.546 0.492 0.601 0.419 1.581
—r 3% FD 0.780 0.338 0.826 0.281 2.359
Z W4 SD 0.935 0.185 0.856 0.269 2.460
ZICE R IE MSC 0.928 0.194 0.217 2.932 0.226
FRAEIESRIE SNV 0.927 0.195 0.770 0.343 1.931
SavitZky-Golay & B SG 0.461 0.536 0.539 0.468 1.413
SavitZky-Golay % V-1 — K>k 5 SGFD 0.904 0.226 0.773 0.333 1.990
SavitZky-Golay #5 B F-# —Fisk 5 SGSD 0.743 0.375 0.621 0.408 1.624
£ DE 0.614 0.452 0.715 0.351 1.887
— B S E+Z U B HURLIE FD+MSC 0.786 0.334 0.814 0.557 1.188
— B FEAARAEIES L IE FD+SNV 0.788 0.333 0.812 0.287 2.305
SavitZky-Golay 45 A F- 1+ JC B #UK IF. SG+MSC 0.902 0.225 0.204 2.783 0.238
SavitZky-Golay #5 -1 +ARifE IES K IE SG+SNV 0.902 0.225 0.763 0.346 1.915
FRfE ES K IE+Z U U IE SNV+MSC 0.928 0.194 0.768 0.346 1.913
PCR JIRGIE RAW 0.096 0.680 0.102 0.641 1.032
JIH—1t NOR 0.319 0.590 0.429 0.506 1.307
—r 3% FD 0.487 0.512 0.543 0.461 1.436
S8 SD 0.714 0.382 0.641 0.401 1.650
ZICE R IE MSC 0.454 0.528 0.510 0.471 1.406
PRAEIERRIE SNV 0.453 0.529 0.510 0.470 1.409
SavitZky-Golay &L SG 0.096 0.680 0.102 0.641 1.032
SavitZky-Golay % V-1 — K>k 5 SGFD 0.708 0.387 0.683 0.388 1.705
SavitZky-Golay #5 FF-# sk 5 SGSD 0.880 0.248 0.507 0.521 1.271
£ DE 0.407 0.551 0.487 0.490 1.351
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Model Pretreat 2B R W RMSEC EAK R MW7 RMSEP %2 RPD
PCR — W SH+Z T EHULIE FD+MSC 0.533 0.489 0.623 0.429 1.544
— W B AR EIE SR IE FD+SNV 0.609 0.447 0.676 0.382 1.730
SavitZky-Golay % BT+ 70 B RS IE. SG+MSC 0.454 0.528 0.510 0.471 1.406
SavitZky-Golay & BUF- 3+ IE AR IE SG+SNV 0.454 0.528 0.510 0.470 1.409
PRUEIE SR IE+Z 0 B R IE SNV+MSC 0.454 0.528 0.510 0.470 1.408

RAW: JE#556GH%; NOR: JH—1k; FD: —Fr S8 SD: By 3% MSC: £ 0 B ORI ; SNV: FRHUEIE S IE; SG: SavitZky-Golay 3 FF
1% SGFD: SavitZky-Golay % V-7 — [k 5 SGSD: SavitZky-Golay % F-1 —[>R S DE: Z:#4t; PLSR: fi s/ —FE[m9; SVM:

SH ML PCR: ERA A,

RAW: raw spectra; NOR: normalization; FD: first derivative; SD: second derivative; MSC: multiplicative scatter correction; SNV: standard

normal variate; SG: Savitzky-Golay convolution smoothing; SGFD: Savitzky-Golay convolution smoothing first derivative; SGSD:

Savitzky-Golay convolution smoothing second derivative; DE: detrend; PLSR: partial least squares regression; SVM: support vector machine;

PCR: principal component regression; R’c: correction determination coefficient; RMSEC: root mean square error of calibration; R%p: coeffi-

cient of determination for external validation; RMSEP: root mean square error of prediction; RPD: ratio of performance to deviation.
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Fig. 6 Feature wavelength selection results based on six algo-
rithms

SPA: HEZLIE M, UVE: IR EABMRIE; CARS: JE4E
FLIE R AR FE R VISSA: AF kAU 4%, BOSS: H
ZRARWR ;) IRIV: SEAUIR B BE i

SPA: successive projections algorithm; UVE: uninformative vari-
ables elimination; CARS: competitive adaptive reweighted sam-
pling; VISSA: variable iterative space shrinking algorithm; BOSS:
bootstrapping soft shrinkage; IRIV: iteratively retained informative
variables.

R 22, 114, 28, 115, 23 F1 47 PU5EE, 2050 &
BRI B 6.27% . 32.48% . 7.98% . 32.76%. 6.55%
F1 13.39% . AN [RS8 0 58 AR AR A Rp AR AR i R 2 AE v
T 950~1026 nm. 1100~1138 nm. 1194~1248 nm,
1270~1282 nm. 1340~1354 nm. 1508~1518 nm FI
1572~1578 nm.

2.3.6 LTI E TR AR A 4G K4k HMHAE SVM

B3 o R IR AR O B JS %) 6 B HE AT 1 43 AT
PALE B T 5 R 0L 3% 3. Frf SPA-SD-SVM,
UVE-SD-SVM . VISSA-SD-SVM . BOSS-SD-SVM
A IRTV-SD-SVM 4 8 f) R*, Al RPD {E ¥ T4 K
) SVM FERL TR AR R, 5
FULL-SD-SVM #i#UAH L, CARS-SD-SVM #52#4 1y
R M\ 0.856 $2 751 0.877, 41 T 2.45%, RMSEP M
0.269 F#AILE] 0.237, FEMKT 11.90%, RPD {H M 2.460
#2790, T 13.41%, R ET
FULL-SD-SVM, 1] FH & & 40 H7 B R 2 KR B-
HIZRWE T i . CARS FiEAFE GG A 72 LR 7, 78
25 R, A8 BB UEY J #l 1R 2% (root mean square
error of cross-validation, RMSECV)i/N R 0.3291,
B IR IE I 351 A48 s b 3] 284, WD T 92.02%,
W Kb = T B8 17808 . [AAf, % CARS-SD-SVM
HE T {1 T 25 S 5 k2 i 2 SR AR P TR,
RIS A& FEAS B RO B 1 i T AE S 1k A
W52 (8 22 1) BA B U i Rk 6 &R, BB T 21 4
FHTRRRZ AP RL -7 SRME & iy s it . ot
PR A
3 itig

B-Hi RME & A S MR E &R, BER
LRI P B RAE AR, T - M
iR AR TR R AR R R A
B ift, HEXPRPRLE IR, 38 —HERE f 200 4 h DL
e, MELARTRR R ZE GE IR AN E Fhrb AR - SR
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Table 3 Prediction results of SVM models based on different feature selection methods

Jiik 75 e H KIEJCSE RS KIEMRMER  AMESEIERE  IEbrEm 2 X AriR2E
Method Variable number R’ #: RMSEC FHRY RMSEP RPD
FULL-SD-SVM 351 0.935 0.185 0.856 0.269 2.460
SPA-SD-SVM 22 0.786 0.334 0.772 0.321 2.060
UVE-SD-SVM 114 0.789 0.338 0.817 0.281 2.357
CARS-SD-SVM 28 0.859 0.272 0.877 0.237 2.790
VISSA-SD-SVM 115 0.818 0.311 0.822 0.287 2.304
BOSS-SD-SVM 23 0.809 0.316 0.817 0.294 2.249
IRIV-SD-SVM 47 0.883 0.250 0.803 0.316 2.097
FULL: ¥R, 475 R 2 flgl 6.
FULL: full length spectra. Abbreviations are the same as those given in Table 2 and Fig. 6.
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Fig. 7 Process and variable distribution of CARS-based feature selection after second derivative preprocessing
(a): FEFRAE BB AL (b): RMSECV M8 1K; (c): CARS FIETT STl A2 vh 4 A5 B )3 R %0 RMSECV: 28 B4 IEH AR IR 2% .

(a): variation in selected variable count; (b): changes in RMSECV; (c): regression coefficients of selected variables during the CARS process.

RMSECYV: root mean square error of cross-validation.
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Fig. 8 Correlation between predicted and chemically meas-
ured B-glucan content in the validation set

BB EAT R N R o T AT AN TSI ASE AR PR AR |
D R PR A A PR T R T K&
BT W2 T ZFELZAE IR e,
AHFFE R FH I DA7250 VLT AN AR L T 4K
FERPRL B SR O A TR, 25 5 A AR A O
PEXHEE R UEA T4k, Firh CARS-SD-SVM H57 f) 4
X3 i 22 (RPD) A 2.790, H AU F i i 2 e i, I
JFH T i 300 00 5 K 22 IR B R (R A ALY B-7
e R

AR C A T BRI NFRL B R i
IIT LT AT Y 40 Schmidt 250N Li 250313 5]
106 931 120 K FE S EE ST T FPRL B-H7 3R
R o A T ASE AR (R 53 S 5 1 D A0 AR A
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X, AT RE TG IR BT R e K AR A AR L . AR
WFFELL 215 (#3258 U5 A AR 2 T 30 21 41 330
BOAL, FEARGR AR, H B-# BB & & H N
2.88%~6.38%, A T WAL, &AM T
CEAMNTINRE R B ST . ARBFSEME T SPXY AT EEA
LT R4, SPXY 2 M Kennard-Stone 35 1Y F: Al
RSB E), R REAE RELE & % 1B GIE(E A ik
DN E AL, (T O B L PO REAS XS T B SR Y
M IE SR REATE HA AR s R, T REARD
HOBIRIENR . RS, AR AL ik b
BRI R 22 2P0 phim U2 3 Fhop—
14 T4 By 3 0o T RO R A 2E A TAb B, Xiong AR
6 b — 1) FUAh By v kR 22 i B 4R 1 T
AhER . ARBFREHIE—E . —H S8 SR
14 Fh o — sl 20 A (0 U R 325 AR G R A T Ak B,
il FF A AL B 1k %2, T RiE A DB /N T RO TS L
P MR RO R TP RN T S L R R A S
R v T ASE Y (1 S5 R FUI o R B T A AR AR
B, ABFSEAE HY) CARS-SD-SVM H %) 415
K IF g sE 280N 0.877, T Schmidt 251 0.848
ALiZEI 0,763, BRI i R BLAC LY, WTHT
BRKZE B (AR B~ SR 3 2 1Y) sl 1 ot
W7E, XA gEE SR BRI L . FEAR S ik
A HE L AL HRRVRRAE G 5k i 0 R L

EN IS SR SN o & TR = %N 7 R = Kt A B
B S, X T RE R T IR A A0 T 2T AR i T
Were Jrdag, SEUFIECA R, ST SR
JE U MR A AN [R] A s €2 7 AN [ 94 3900 455 08
T A 1 AR TS B A R AR P TR ST 4k
SR OB IR, A S R AR Y
P-4 B TN A A X AT A R R AT R B AR
Fto BEAN, KRR R RS R B B A FH R
TP 3T 2T 410 B A AT R I /D IR G ol Jlg e 3T 41 0
BT o AHIFFE A F AP DAT7250 I LL AN AR
JEHE T Bl 950~1650 nm, Yang 2503 ik 3k A5 ek
B- Fij R WE & 5 AH OC A9 4 4 48 £ (1000~1023 nm
1075~1136 nm. 1316~1436 nm)IJ7EIZIGIE L HlA,
SRTMT Albanell Z228%& 3 2260~2380 nm X} K B-
I IRME S 0 DTERECR, 5 S T 18 O T R
I LT A0 53 BT ASORE AR F 53 i A 222 11 30 £ A M7 s
frit—A ek, DAAR s B R T ) A . ARAFFSRE
S B B- A B Y5 U 2.88%~6.38%, B-
T RME B i = R R AR A R D, DR R ) T

S TR0 A 5 A5 3 A1 7 g (J JHL R i LX) ) 90000 44
AN T, DG 1 B0 3 I 55 P RLRROR 22 i o ) 1
To RBadfrhse—Ht - RME & M i R K 22
PR BUA BRI PEAT AN ST e 3, LAAR R iR B
PP, B ERACHE L 2 i B 7 8 JE Al

4 #ig

ARFFGEFIFH 215 43 B N AME R ZZ SR EE ST Tk
AR U TR AN N IR X B S N
CARS-SD-SVM #5551 {45 1E B 72 R E(R° )M 0.859,
K IE bR AR 22 (RMSEC) K 0.272, ARSI IE P 2 £ 54
(R*»)M 0.877 K Ar i 22 (RMSEP) Hy 0.237, A%}
Iy HFRZZ(RPD)N 2.790, Tk 5 i A3 HL AT 5 k45
i, AIRPEROREZERPRLRY -] RME & B AT o 1o,
SRR AZ IR AN . B TR S R R
R A T4 1 AR SR

Mtz LM% iR: 1) AT M3k http://zwxb.
chinacrops.org/; 2) ¥ B 4= P http://www.cnki.net/;
3) 7 7 4 # http://c.wanfangdata.com.cn/Periodical-

Zuowxb.aspX.
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