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Abstract: The particular characteristics of some of the Ethiopian mustard accessions available from
seed banks could be used to increase the production and the diversity of products available to
consumers and to improve their general quality. The objectives of this study were to determine the
genetic variability for agro-morphological (days to first flowering: DFF and leaf pubescence: LP)
and nutritional traits (total phenolic content: TPC) among accessions, and to evaluate the potential
of near-infrared spectroscopy (NIRS) to predict these traits in Ethiopian mustard leaves. A great
variation was found for the traits evaluated. The reference values were regressed against different
spectral transformations by modified partial least-squares (MPLS) regression. The coefficients of
determination in cross-validation (R2 cv) shown by the equations for DFF, LP and TPC were 0.95,
0.63 and 0.99, respectively. The standard deviation to standard error of cross-validation ratio (RPD),
were for these traits, as follows: DFF: 4.52, LP: 1.53 and, TPC: 24.50. These results show that the
equations developed for DFF and TPC in Ethiopian mustard, can be predicted with sufficient accuracy
for screening purposes and quality control, respectively. In addition, the LP equation can be used to
identify those samples with “low”, “medium” and “high” groups. From the study of the mean and
deviation standard spectra, and regression vectors of MPLS models it can be concluded that some
major cell components, highly participated in modelling the equations for these traits.
Keywords: Brassicaceae; near-infrared spectroscopy (NIRS); flowering; pubescence leaf; total
phenolic content

1. Introduction
Changes in production patterns in agriculture and dietary habits are important factors in the
increasing attention to neglected species used on their own or mixed in leaf salads. This is the
case of several species from the Brassicaceae family, such as Ethiopian mustard (Brassica carinata
A. Braun), whose cultivation is thought to have started about 4000 years B.C. in the Ethiopian
highlands. One of the reasons why the Brassica species have increased in popularity is because
they deliver high concentrations of health-promoting bioactive phytochemicals, such as glucosinolates
and phenolic compounds.
Previous works have revealed a large degree of variability in Ethiopian mustard for
agro-morphological characters, such as flowering time, plant height, leaf number/plant, leaf bloom
and leaf blade blistering, seed yield and in main seed storage components [1,2]. For its use as leafy
vegetables (4th generation of vegetables), the following traits are preferred: Low leaf pubescence,
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late flowering, many leaves per plant, tolerance to major diseases and pests and high concentration
of compounds possessing antioxidant capacity [2,3]. Breeding programmes are being conducted to
encourage Ethiopian mustard cultivation and consumption at La Mojonera (Almería, Spain). In this
sense, efforts are being taken to characterize agro-morphological (leaf pubescence and number of days
to flowering) and antioxidant traits (such as phenolic compounds) in B. carinata lines especially from
local populations.
There is evidence that leaf pubescence is a structural adaptation against insect and fungal attack, for
heavy metal detoxification purposes, but also to enhance tolerance to low and high temperature [4–8].
The day to first flowering is an agronomical trait which is recommended to be as high as possible,
due to leaves are harvested before shooting and flowering. Leaves can be harvested after 20–30 days
and then sequentially harvested from regrowth. Sequential planting combined with repeated harvest
may be a way to manage this crop despite high bolting under high temperatures [9].
In relation to the total phenolic acid content previous works have shown variability for the
total phenolic compounds in Brassica juncea leaves with values between 6.51 to 14.9 mg/g DM (dry
matter) [10,11], although higher content have also been found in other Cruciferous species, such as
rocket (4474.5 to 32,700 µg g−1 dw) demonstrating that are an excellent source of these antioxidant
compounds [4].
The high cost and labour input required for characterizing flowering time, leaf pubescence and
total phenolic content by liquid chromatography or Ultraviolet-visible Spectrophotometry in Ethiopian
mustard leaves are serious handicaps to analyse large sets of samples, which is usually necessary to
identify the target genotypes in screening programs.
In contrast, the use of fast analytical techniques, such as Near-Infrared Spectroscopy (NIRS) results
in many advantages, since analysis can be carried out with a considerable saving of time, at a low cost
and without using hazardous chemicals [12]. Many authors have used this technique for determining
quantitative analysis in environmental, agricultural and food research in Brassica spp [13–15]. To our
knowledge, no studies have been reported on the use of the NIRS technique for predicting the days
to first flowering (DFF), leaf pubescence (LP) and total phenolic content (TPC) in Ethiopian mustard
leaves. Our objectives were: (1) to determine the genetic variability for DFF, LP and TPC among
accessions, and (2) to evaluate the potential of NIRS to predict these traits in Ethiopian mustard leaves.
In addition, we provide some knowledge about the mechanism used by NIRS for determining these
characters successfully in the leaves of this species.
2. Results and Discussion
2.1. Reference Analysis of Days to First Flowering, Leaf Pubescence and Total Phenolic Content in the Accessions
In the conservation of plant genetic resources, the availability of characterization data and
information on diversity help germplasm users identify the accessions of interest and also provide
plant breeders initial data for use in crop improvement programs. The results of the present study
(Figure 1) revealed a high phenotypic variability in the accessions of Ethiopian mustard studied.
Concerning the DFF trait, it ranged from 77 to 137 days, with a mean value of 108 DFF. As the plants
are harvested before shooting and flowering, DFF is recommended to be as high as possible. Some
authors have also reported DFF values in Ethiopian mustard, similar or lower than those shown in this
work (108 DFF). Thus, comparable DFF values were reported by De Haro et al. [1] (range: 95–126, mean:
111 DFF) for plants grown in Spain. Plants grown in dry regions flower earlier and produce ripe seeds
within four months from sowing in comparison with vegetable crops grown with adequate moisture
which produce seeds in 5–6 months [16]. Other authors indicated lower DFF values, Muthoni [2]
reported 82 DFF (ranging between 64–96 DFF,) while Mnzava and Schippers [16] indicated differences
between oil and vegetable types of Ethiopian mustard; thus, oil types start flowering about 70 days,
while the vegetable cultivars after about 84 days, depending on cultivar and growing conditions.

most important groups. The total phenolic content for the leaves of the Ethiopian mustard accessions
showed large variation (Figure 1) with mean values of 8.57 mg/g dry matter (DM) and varying from
2.20 to 12.70 mg/g DM. The TPC of this species has been less studied with regard to other species of
Brassica, although it was similar to previously reported results in Brassica juncea with mean values of
2019,
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Figure 1. Distribution plots for DFF, LP and TCP in the whole set of samples (n = 135 for DFF and LP,
Figure 1. Distribution plots for DFF, LP and TCP in the whole set of samples (n = 135 for DFF and LP,
and n = 405 for TPC). DFF, days to first flowering; LP, leaf pubescence; TPC, total phenolic content; DM,
and n = 405 for TPC). DFF, days to first flowering; LP, leaf pubescence; TPC, total phenolic content;
dry matter.
DM, dry matter.

Regarding LP, the accessions exhibited a great variation for this trait from glabrous to trichome
2.2. Spectral Data Pre-Treatments and Equation Performances
abundance (Figure 1). Tcacenco et al. [17] also reported a large variation for leaf pubescence in
this species.
2.2.1. Second Derivative Spectra of Ethiopian Mustard Leaf
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Figure 2 shows the mean spectrum without preprocessing (Figure 2a), the mean spectra (Figure 2b)
and Standard Deviation spectra (Figure 2c) using Standard normal variate and detrend transformations
and second derivative treatment (2, 5, 5, 2)) of the freeze-dried Ethiopian mustard samples used to
conduct this work (n = 135). The average spectrum without (Figure 2a) and with preprocessing
(Figure 2b) showed absorption bands in the visible region of the spectrum with a maximum at
λ = 676 nm, which corresponds to electronic transitions in the red, which has been assigned to
absorption by chlorophyll [18].

data (Figure 2c) were found in the visible region of the spectrum (electronic transitions in the red)
and also at 1434 nm, due to the first overtone of O–H stretching; at 1694 nm related to S–H stretch
first overtone or C–H stretch first overtone of CH3 groups; at 1728 and 1764 nm related to C–H
stretching by methylene groups; 1800 to 2000 nm, related to S–H stretch first; 1980 to 2174 assigned
to N–H
of amides; 2270 nm which has been assigned to O–H plus C–C stretch groups
Foods
2019, stretch
8, 6
4 ofof
9
cellulose; and 2300, influenced to C–H combination tones [10,20].

Log (1/R)

a

2nd Derivative

Log (1/R)

0.319

b
1694

0.098
1434

-0.124

2348

1764
1922 2056

2310

1728

-0.346

2270

674

-0.568
400

925

1449

1974

2498

(1/R)
Log
2nd Derivative

0.146

c
0.107
690
0.069
1694
0.031

2172

2310
2348

0.007
400

925

1449

1974
Wavelength

2498

Wavelength (nm)
Figure
Figure 2.
2. Near-infrared mean spectrum
spectrum without
without preprocessing
preprocessing (a);
(a); Near-infrared
Near-infrared mean
mean spectrum
spectrum
using
using Standard
Standard normal
normal variate
variate and
and detrend
detrend transformations
transformations and
and second
second derivative
derivative (b)
(b) and
and standard
standard
deviation
deviation using
using Standard
Standard normal
normal variate
variate and
and detrend
detrend transformations
transformations and
and second
second derivative
derivative (c)
(c) of
of
Ethiopian
mustard
samples.
(R:
is
reflectance)
Ethiopian mustard samples. (R: is reflectance)

The NIR region of the spectrum (Figure 2b) showed characteristic absorption bands at 1432 and
1916 nm related to O–H stretch second and first overtones of water, respectively; 1726, 2310 and
2348 nm related to C–H stretch first overtones and combination bands of lipids [19]; at 2058 nm related
to N–H stretch of amides [20] and 2000 and 2274 nm related to O–H + C–O deformation, O–H stretch
plus deformation, and O–H + C–C stretch of starch respectively [20]. The highest SDs of the spectral
data (Figure 2c) were found in the visible region of the spectrum (electronic transitions in the red) and
also at 1434 nm, due to the first overtone of O–H stretching; at 1694 nm related to S–H stretch first
overtone or C–H stretch first overtone of CH3 groups; at 1728 and 1764 nm related to C–H stretching by
methylene groups; 1800 to 2000 nm, related to S–H stretch first; 1980 to 2174 assigned to N–H stretch
of amides; 2270 nm which has been assigned to O–H plus C–C stretch groups of cellulose; and 2300,
influenced to C–H combination tones [10,20].
2.2.2. Calibration Equation
Following the considerations reported by Shenk and Westerhaus [21] about the estimation of the
accuracy of a calibration equation from cross-validation, the R2 CV obtained for DFF, LP and TPC were
indicative of equations with good quantitative information. For these traits, the mathematical models
developed explained from 63 to 99% of the variance contained in the data (Table 1).

developed explained from 63 to 99% of the variance contained in the data (Table 1).
For a comparison of the potential of the prediction among the equations obtained, a
standardization of the different SECVs is needed. In this way, the RPD ratio (The standard deviation
(SD) to standard error of cross-validation ratio (SECV)) [10] was estimated for each equation. RPDs
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develop satisfactory NIRS predictions [4,7].The third term was influenced by absorption bands (1399–
1699 nm) characteristic to vibrations of the C–H and O–H bonds, corresponding to water and
phenolic absorbance [27–29]. It can also be concluded from Figure 3b, where the group N–H of
amides (1980 and 2172 nm); and the C–H groups of oil and fibre (2348 nm) strongly influenced the
third MPLS loadings of the equation for this trait.
Regarding TPC calibration, in the Figure 3c from the third regression vector of MPLS model,
characteristic bands for phenolics can be observed in the regions from 1415 nm and 1512 nm and from
1955 to 2035 nm as previously has been reported by Zhang et al. [23].
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3. Materials and Methods
3.1. Plant Material and Greenhouse Experiments
Forty-five B. carinata accessions originating from Ethiopia were sown at the IFAPA Center in La
Mojonera (Almería, Spain). The accessions were randomized and planted in three replicates by direct
seeding in 7-m, single-row plots located at 36◦ 47’19” N, 02◦ 42’ 11” W.
Twenty plants at the five-leaf stage in each one of the 45 accessions per replication were used to
study agro-morphological traits (LP and DFF).
3.2. Determination of LP
Leaf pubescence or trichomes was determined according to the International Board for Plant
Genetic Resources according to the descriptors for Brassica and Raphanus [30] where 0—glabrous,
1—very sparse, 3—sparse, 5—intermediate, 7—abundant.
3.3. Determination of DFF
The number of days from seed sowing to the appearance of the first open flower was taken for
determining the DFF.
3.4. Determination of the Total Phenolic Fraction
For TPC analysis three individual plants from each one of the 45 accessions per replication were
collected at five weeks after sowing. For each plant, 3 or 4 leaves were washed with tap water, weighed
to assess their biomass, and placed in Ziploc-type freezer bags at −20 ◦ C for post-harvest storage.
The samples were freeze-dried up to performing the TPC analysis.
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The concentration of total phenolic compounds (TPC) was estimated by a modified version of
the Folin–Ciocalteu method [31], using gallic acid as standard, for which a calibration curve was run
with solutions of 50, 100, 200, 300, 400, 500 and 600 mg/L of this compound. A 0.06 mL aliquot of
extract 1.58 mL of distilled water, 0.1 mL of Folin–Ciocalteu reagent and 0.3 mL of Na2 CO3 (20% w/v)
were mixed and heated at 50 ◦ C for 5 min. After 30 min, the absorbance was measured at 765 nm
against a blank similarly prepared, but containing 70:30 ethanol–water mixture (pH 3.2) instead
of extract. Sodium carbonate (Panreac), Folin–Ciocalteu reagent (FCR) and gallic acid (both from
Sigma–Aldrich) were used to determine the total phenol fraction. The absorbance was measured with
a ThermoSpectronic UV–visible Spectrometer (Thermo Fisher Scientific, Waltham, MA, USA).
3.5. NIRS Analysis
All the samples which were previously analysed by reference method were then analysed in a
NIRS monochromator (NIR Systems mod. 6500, NIR Systems, Inc., Silversprings, MD, USA). In this
work, each spectrum was recorded in triplicate from each sample, and was obtained as an average of
32 scans over the sample, plus 16 scans over the standard ceramic. Samples were placed in a small ring
cup (3.75 cm ϕ) using the spinning sample module and their spectra collected between 400–2500 nm,
registering the absorbance values (log 1/R) at 2 nm intervals for each sample.
Prediction equations for DFF, LP and TPC were developed using the ISI program CALIBRATE
(WINISI II, Infrasoft International, LLC, Port Matilda, PA, USA) with the modified partial least squares
regression option. Modified partial least squares (PLSm) was used as a regression method to correlate
the spectral information (raw optical data or derived spectra) of the samples and TPC and TCC contents
determined by the reference method, using a different number of wavelengths from 400 to 2500 nm
for the calculation. The objective was to perform a linear regression in a new coordinate system
with a lower dimensionality than the original space of the independent variables. The PLS loading
factors (latent variables) were determined by the maximum variance of the independent (spectral data)
variables and by a maximum correlation with the dependent (chemical) variables. The model obtained
used only the most important factors, the “noise” being encapsulated in the less important factors.
Cross-validation was performed on the calibration set to determine both, the ability to predict
unknown samples and the best number of terms to use in the equation [21]. Cross-validation is an
internal validation method that like the external validation approach seeks to validate the calibration
model on independent test data, but it does not waste data for testing only, as occurs in external
validation. This procedure is useful because all available chemical analyses for all individuals can
be used to determine the calibration model without the need to maintain separate validation and
calibration sets. The method is carried out by splitting the calibration set into M segments and then
calibrating M times, each time testing about a (1/M) part of the calibration set.
Calibration equations were computed using four mathematical treatments (0, 0, 1, 1 (derivative,
gap, smooth, second smooth); 1, 4, 4, 1; 1, 10, 10, 1 and 2, 5, 5, 1) on the calibration set. Standard normal
variate and detrend transformations were used to correct scattering, and two passes were the option
chosen to eliminate outliers (spectra with a standardized distance from the mean (H) > 3 (Mahalonobis
distance)), by using principal component analysis (PCA). The objective of this procedure was to detect
and, if necessary, remove possible samples whose spectra differed from the other spectra in the set.
Wavelengths from 400 to 2500 nm every 2 nm, were used for calibration. The standard error of
calibration (SEC), coefficient of determination (R2 cv), standard error of cross-validation (SECV) and
1-VR (1 minus the ratio of unexplained variance to total variance) statistics were used to characterise
the different equations obtained and to determine the best calibration equation [32]. SECV was used
as an estimate of the standard error of performance (SEP) [33]. The best calibration equations were
obtained with the 2,5,5,1 mathematical treatments (second derivative of the raw optical data, with a
gap of 5 nm and 5 and 2 nm for the first and second smooth) for all traits evaluated. The regression
vectors of the three factors generated from the MPLS method performed on the 2,5,5,1 mathematical
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treatments were calculated. The loading plots show the regression coefficients of each wavelength to
the parameter being calibrated for each factor of the equation.
4. Conclusions
The results of this study indicate that there is a wide variation in Ethiopian mustard collection
held at IFAPA La Mojonera based on vegetative agro-morphological and nutritional traits and therefore
it offers opportunities for selection and breeding. In addition, the results obtained showed that NIRS
can be used as a screening technique to evaluate a large number of samples in a short period of time.
Once the screening process is done, reference methods can be used to accurately determine these
parameters in samples previously selected by NIRS, avoiding the need of the analyses.
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performed the reference analysis, developed the NIRS calibrations and wrote the paper.
Funding: The authors wish to express their thanks to the Project P06-AGR-02230 for the funding of this research.
Acknowledgments: We thank Nicholas Davies for his help in the grammatical revision of the manuscript.
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.
3.

4.
5.

6.
7.

8.
9.
10.
11.
12.
13.

14.

De Haro, A.; Domínguez, J.; García-Ruiz, R.; Velasco, L.; Del Río, M.; Muñoz, J.; Fernández-Martínez, J.M.
Registration of six Ethiopian mustard germplasm lines. Crop Sci. 1998, 38, 558. [CrossRef]
Muthoni, J. Characterization of Ethiopian mustard (Brassica carinata A. Braun) lines for vegetative
agromorphological traits at Arusha, Tanzania. J. Hortic. Forest. 2010, 2, 1–6.
Egea-Gilabert, C.; Fernández, J.A.; Migliaro, D.; Martínez-Sánchez, J.J.; Vicente, M.J. Genetic variability in
wild vs. cultivated Eruca vesicaria populations as assessed by morphological, agronomical and molecular
analyses. Sci. Hortic. 2009, 121, 260–266. [CrossRef]
Yan, A.; Pan, J.; An, L.; Gan, Y.; Feng, H. The responses of trichome mutants to enhanced ultraviolet-B
radiation in Arabidopsis thaliana. J. Photochem. Photobiol. B Biol. 2012, 113, 29–35. [CrossRef]
Prozherina, N.; Freiwald, V.; Rousi, M.; Oksanen, E. Interactive effect of springtime frost and elevated ozone
on early growth, foliar injuries and leaf structure of birch (Betula pendula). New Phytol. 2003, 159, 623–636.
[CrossRef]
Quinn, C.F.; Freeman, J.L.; Reynolds, R.J.; Cappa, J.J.; Fakra, S.C.; Marcus, M.A. Selenium hyperaccumulation
offers protection from cell disruptor herbivores. Plant Physiol. 2010, 153, 1630–1652. [CrossRef]
Broadhurst, C.L.; Chaney, R.L.; Angle, J.S.; Maugel, T.K.; Erbe, E.F.; Murphy, C.A. Simultaneous
hyperaccumulation of nickel, manganese, and calcium in Alyssum leaf trichomes. Environ. Sci. Technol. 2004,
38, 5797–5802. [CrossRef]
Larkin, J.C.; Brown, M.L.; Schiefelbein, J. How do cells know what they want to be when they grow up?
Lessons from epidermal patterning in Arabidopsis. Annu. Rev. Plant Biol. 2003, 54, 403–430. [CrossRef]
Morales, M.; Janick, J. Arugula: A promising specialty leaf vegetable. In Trends in New Crops and New Uses;
Janick, J., Whipkey, A., Eds.; ASHS Press: Alexandria, VA, USA, 2002; pp. 418–423.
Wang, P.; Zhu, Z. Effect of different harvest seasons on the flavonoids content and antioxidant activities of
leaf mustard. Acta Horticult. Sin. 2006, 33, 745–750.
Fang, Z.X.; Hu, Y.X.; Liu, D.H.; Chen, J.C.; Ye, X.Q. Changes of phenolic acids and antioxidant activities
during potherb mustard (Brassica juncea, Coss.) pickling. Food Chem. 2008, 108, 811–817. [CrossRef]
Gottlieb, D.M.; Schultz, J.; Bruun, S.W.; Jacobsen, S.; Søndergaard, I. Multivariate approaches in plant science.
Phytochem. 2004, 65, 1531–1548. [CrossRef] [PubMed]
Font, R.; Del Río, M.; Fernández-Martínez, J.M.; De Haro-Bailón, A. Use of near-infrared spectroscopy for
screening the individual and total glucosinolate contents in Indian mustard seed (Brassica juncea L. Czern. &
Coss.). J. Agric. Food Chem. 2004, 52, 3563–3569. [PubMed]
Sahamishirazi, S.; Zikeli, S.; Fleck, M.; Claupein, W.; Graeff-Hoenninger, S. Development of a near-infrared
spectroscopy method (NIRS) for fast analysis of total, indolic, aliphatic and individual glucosinolates in new
bred open pollinating genotypes of broccoli (Brassica oleracea convar. botrytis var. italica). Food Chem 2017, 232,
272–277. [CrossRef] [PubMed]

Foods 2019, 8, 6

15.
16.

17.
18.
19.

20.
21.

22.
23.

24.

25.

26.
27.

28.
29.

30.
31.
32.

33.

9 of 9

Font, R.; Del Río-Celestino, M.; Rosa, E.; Aires, A.; De Haro-Bailon, A. Glucosinolate assessment in Brassica
oleracea leaves by near-infrared spectroscopy. J. Agric. Sci. 2005, 143, 65–73. [CrossRef]
Mnzava, N.A.; Schippers, R.R. Brassica carinata A. Braun. Record from Protabase. In PROTA (Plant Resources
of Tropical Africa/ Ressources Végétales de l’Afrique Tropicale); Van der Vossen, H.A.M., Mkamilo, G.S., Eds.;
PROTA: Wageningen, The Netherlands, 2007.
Tcacenco, F.A.; Ford-Lloyd, B.V.; Astley, D. A numerical study of variation in a germplasm collection of
Brassica carinata and allied species from Ethiopia. Z. Pflanzenzüchtg. 1985, 94, 192–200.
Tkachuk, R.; Kuzina, F.D. Chlorophyll analysis of whole rapeseed kernels by near infrared reflectance. Can. J.
Plant Sci. 1982, 62, 875–884. [CrossRef]
Murray, I. The NIR spectra of homologous series of organic compounds. In Proceedings of the
International Near Infrared Diffuse Reflectance/Transmittance Spectroscopy Conference, Budapest, Hungary,
4–11 October 1989; pp. 13–28.
Osborne, B.G.; Fearn, T.; Hindle, P.H. Practical NIR Spectroscopy with Applications in Food and Beverage Analysis;
LongmanScientific&Technical: Essex, England, 1993.
Shenk, J.S.; Workman, J.; Westerhaus, M. Application of NIR spectroscopy to agricultural products.
In Handbook of Near Infrared Analysis; Burns, D.A., Ciurczac, E.W., Eds.; Marcel Dekker: New York, NY, USA,
2001; pp. 419–474.
McFadden, A.; Mailer, R.J. Sinapine in Australian canola. In Proceedings of the Thirteenth Biennial Australian
Research Assembly on Brassicas, Tamworth, Australia, 8–12 September 2003; pp. 96–98.
Zhang, C.; Shen, Y.; Chen, J.; Xiao, P.; Bao, J. Nondestructive prediction of total phenolics, flavonoid contents,
and antioxidant capacity of rice grain using near-infrared spectroscopy. J. Agric. Food Chem. 2008, 56,
8268–8272. [CrossRef] [PubMed]
Del Río, M.; Font, R.; De Haro, A. Predicting the flowering cycle of Indian mustard plants through the
glucosinolate analysis of the seed by Near-infrared Spectroscopy. In Proceedings of the 17th EUCARPIA
General Congress, Tulln, Austria, 8–11 September 2004; p. 496.
Marquez-Lema, A.; Pérez-Vich, B.; Velasco-Varo, L.; Fernández-Martínez, J.M. Development and
characterisation of a Brassica carinata inbred line incorporating genes for low glucosinolate content from
B. juncea. Euphytica 2008, 164, 365–375. [CrossRef]
Slaton, M.R.; Hunt, E.R.; Smith, W.K. Estimating near-infrared leaf reflectance from leaf structural
characteristics. Am. J. Bot. 2001, 88, 278–284. [CrossRef] [PubMed]
Nicolaï, B.M.; Beullens, K.; Bobelyn, E.; Peirs, A.; Saeys, W.; Theron, K.I. Nondestructive measurement of
fruit and vegetable quality by means of NIR spectroscopy: A review. Postharvest Biol. Technol. 2007, 46,
99–118. [CrossRef]
Xie, L.; Ye, X.; Liu, D.; Ying, Y. Quantification of glucose, fructose and sucrose in bayberry juice by NIR and
PLS. Food Chem. 2009, 114, 1135–1140. [CrossRef]
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