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Abstract: Carbohydrates are the main components of lentils, accounting for more than 60% of their
composition. Their content is influenced by genetic factors, with different contents depending on the
variety. These compounds have not only been linked to interesting health benefits, but they also have
a significant influence on the techno-functional properties of lentil-derived products. In this study,
the use of near-infrared spectroscopy (NIRS) to predict the concentration of total carbohydrate, fibre,
starch, total sugars, fructose, sucrose and raffinose was investigated. For this purpose, six different
cultivars of macrosperm (n = 37) and microsperm (n = 43) lentils have been analysed, the samples were
recorded whole and ground and the suitability of both recording methods were compared. Different
spectral and mathematical pre-treatments were evaluated before developing the calibration models
using the Modified Partial Least Squares regression method, with a cross-validation and an external
validation. The predictive models developed show excellent coefficients of determination (RSQ > 0.9)
for the total sugars and fructose, sucrose, and raffinose. The recording of ground samples allowed
for obtaining better models for the calibration of starch content (R > 0.8), total sugars and sucrose
(R > 0.93), and raffinose (R > 0.91). The results obtained confirm that there is sufficient information
in the NIRS spectral region for the development of predictive models for the quantification of the
carbohydrate content in lentils.
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1. Introduction

Lentils (Lens culinaris Med.) are considered a basic food in the Mediterranean diet
and are an important source of low-cost protein in developing countries [1]. They play
an important role in the development of sustainable agriculture because their cultivation
incorporates nitrogen, carbon, and organic matter into soils [2]. In recent years, the con-
sumption of lentils has increased around the world due to their incorporation into healthy
and sustainable diets, with environmental, economic, health and nutritional reasons are
behind this increase [3].

The nutritional composition of lentil seeds is characterised by high protein and low-fat
contents, as well as being rich in minerals and vitamins. Although much attention has
been focused on the high protein content of lentils, carbohydrates are the major compound
in lentil seeds (62-69%), consisting mainly of starch (35-53%) [4] and fibre (5-20%) [5].
Besides these, other carbohydrates have also been described in lentils as oligosaccharides
of the raffinose family (4.14%) with stachyose being the major compound. In addition,
lentils contain simple sugars (1.75%), mainly sucrose, and sugar alcohols (0.7%), primarily
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sorbitol [6]. Many of the health benefits attributed to lentils have been linked to their
type and concentration of carbohydrates [7,8]. Lentils have a low glycaemic index, which
has been linked to their beneficial effect on some diseases [9] with regular consumption
being associated with a lower risk of developing type 2 diabetes, coronary heart disease,
and some forms of cancer [10]. In addition, its consumption has been associated with
a lower rate of obesity and metabolic syndrome [11]. Consumption of pulses has been
shown to have beneficial effects by consistently reducing acute blood glucose and insulin
response compared to other starchy control foods [12]. In addition, lentil carbohydrates
have attractive functional properties which are particularly interesting in the case of lentil
flours. Thus, the lentil starch offers a higher gelling property than starch from cereals or
tubers [13].

Significant differences in carbohydrate concentration have been found in lentils grown
in different countries. The type and concentration of carbohydrates present in lentils have
been related to the soil and climatic conditions, and methods of cultivation as well as
to the genotype [8]. Thus, Johnson et al. [14] reported that total concentrations of low
molecular weight carbohydrates were generally higher in regions with lower rainfall,
higher temperatures, and higher estimated stress index. Plaza et al. [15] found that the
harvest year affects the concentration of total carbohydrates and fibre in lentils. Variety
also has an influence, with green lentils showing higher concentrations of carbohydrates
than red lentils [16]. In addition, different lentil genotypes seem to differ in their enzyme
composition which influences the accumulation of soluble carbohydrates in the seed [14].

The possibility to carry out rapid quantification of the carbohydrate content of lentils
can benefit lentil breeding programmes to select seeds with higher carbohydrate content. It
can also help their application as an ingredient or fortifier in the development of new prod-
ucts. However, conventional reference methods for the determination of these compounds
are laborious, expensive and time-consuming. In this context near- infrared spectroscopy
(NIRS) is a non-destructive, powerful, and fast tool that is increasingly being used for food
quality assessment in recent years [17]. NIR spectroscopy in combination with chemometric
analysis has been used in the study of non-structural carbohydrates (NSCs) in plants [18].
Moreover, this methodology has been applied to a wide variety of foods for the prediction
of their carbohydrate composition, such as maize, sweet potato, apple, mango, apricot,
onion, rice, or sorghum. Thus, the prediction of monosaccharides (glucose and fructose)
and disaccharides (sucrose) [19-22], polysaccharides (fructans) [23], cellulose, lignin and
hemicellulose [24], starch [25-28], and amylose [29] content was carried out.

Regarding its application in lentils, NIRS has been used to determine protein con-
centration [30], colour [31], moisture, fibre, ash and total fat, quantification of fatty acids
and mineral composition [32] as well as in the prediction of the protein and amino acid
content [33]. It has also been applied to the evaluation of the nutritional quality of green
and red lentils [34] and in recent studies, the feasibility of its application for the geographic
origin discrimination of lentils has been evaluated [5,35]. However, to our knowledge, NIR
technology has not been applied to assess carbohydrate composition in lentils. In recent
years, there has been a significant increase in lentil consumption that has been linked to its
health benefits, especially the reduction of the risk of diseases such as obesity, diabetes or
hypertension [4]. At the same time, the use of lentil-derived products, such as lentil flour,
has also increased. Bakery products and extruded products have been developed from this
flour, and it has been used for the partial substitution of other ingredients in the preparation
of dairy and meat products. Considering the health implications and functional properties
associated with lentil carbohydrates, the aim of this work is to study the feasibility of NIRS
technology for the quantitative determination of fibre, starch, total carbohydrates, and free
sugar composition in lentils. It is of great importance for the food industry to have a tool
that would allow rapid estimation of its carbohydrate composition.
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2. Materials and Methods
2.1. Samples

A total of 80 lentil samples have been analysed. These samples belong to six different
cultivars: four microsperm and two macrosperm (Table Al). Of all the samples, 500 g
of lentils were available. Some samples were supplied directly by the Legume Center
(Salamanca) and others were purchased in specialised pulse shops.

2.2. Chemical Composition

The composition of lentils was evaluated according to AOAC procedures [36]. The
moisture content was determined using the AACC method 14-15 A. The macro-Kjeldahl
method (AOAC 950.36) was used to determine the crude protein content (N x 6.25), and
the ash content (AACC method 08-01.01) was determined by incineration of the samples at
550 + 10 °C.

Starch content was determined according to the methods described by Alajaji and
El-Adawy [37] as reducing sugars after complete acid hydrolysis. The total amount of
carbohydrates was assessed using the difference ((100 — (Ash + Protein + Total Fat)). Dietary
fibres were determined according to the enzymatic—gravimetric method by enzymatic
digestion with x-amylase, protease, and amyloglucosidase. Samples were analysed in
duplicate, and results were expressed as relative percentages according to the equation:
% total dietary fibre = [(R — P — A)/SW] x 100, where R is the average residue, P is
the average protein, A is the average ash and SW is the average weight of the samples.
Subsequently, the protein and ash content of the digested residues was analysed. Reducing
sugars were analysed by High-Performance Liquid Chromatography coupled to a refractive
index refraction detector (HPLC-RI) according to the method described by Liberal et al. [38].
Melezitose was used as an internal standard. Concentrations of free sugars were expressed
in g per 100 g of fresh weight (fw) based on calibration equations using fructose, sucrose,
glucose, trehalose, and raffinose standards from Sigma—Aldrich (St. Louis, MO, USA).

2.3. NIR Spectroscopy

Lentil spectra were recorded with a Foss NIRSystem 5000 (Foss Iberia, Barcelona,
Spain) equipped with a fibre optic probe of remote reflectance, type 210/210 of 1.5 m
(Ref no. R6539-A). The probe has a quartz window of 5 cm x 5 cm and the reflectance is
measured in the wavelength region between 1100 and 2000 nm. The spectra were recorded
each 2 nm, performing 32 scans of the sample and of the reference. To minimise the error,
the samples were analysed in triplicate, and the mean spectrum was accepted attending to
the Mahalanobis constant criteria (H < 3). The software used was Win ISI 4.10 (Foss Iberia,
S.A., Barcelona, Spain).

The recording of the spectrum was carried out on whole lentils and on ground lentils,
comparing the results obtained in both cases. The records of the spectra were obtained
by direct application of the probe over 10 g of sample. To obtain the ground samples, the
process described by Liberal et al. [38] was followed. Fifty grams of each sample with the
skin, were ground in a Foss Knifetec™ 1095 mill (Foss Iberia, Barcelona, Spain) with the
temperature controlled at 20 °C. To obtain a uniform particle size, samples were graded on
a 60-mesh sieve.

2.4. PCA Analysis and NIR-Chemometric Methods

The lentil samples were divided into two groups: 80% (64 samples) were used for the
development of a calibration model, and the remaining 20% (16 samples) were used for
further external validation of the developed calibration models. The distribution of the
samples in these two groups was randomised. Both sets were evaluated to ensure that they
were similar in the concentration of the compounds to be calibrated (Table A2).

Different spectral and mathematical pre-treatments were applied to the spectra, eval-
uating which offered the best results in the development of the predictive models. Four
spectral pre-treatments: multiplicative scattering correction (MSC), Standard Normal Vari-
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ate (SNV), DeTrend (DT), and the combined method (SNV-DT) were evaluated. In addition,
as the derivative applied in the mathematical pre-treatment has a great influence on the
predictive ability of the model [39], five mathematical pre-treatments (0,0, 1,1;1, 4,4, 1;
1,10,10,1;2,4,4,1; 2,10, 10, 1) were evaluated. The first digit (derivatives) indicates the
derivative applied and the second digit (gap in derivatives) indicates the number of points
over which the derivative was applied. The third and fourth numbers refer to different
spectrum smoothing.

The different carbohydrates analysed together with the spectral data obtained from
the NIR recording of the samples were used for the development of calibration models
using the Modified Partial Least Squares (MPLS) method. The statistical parameters of
the calibration were obtained for each of the analytical parameters after removing the
samples for spectral (H-criterion) or chemical (T-criterion) reasons [32]. The equations
developed through multivariate calibration are based on a set of absorption values of
several wavelengths. The correlation between the concentration of the analysed param-
eters and their spectral absorption at different wavelengths is given by the expression:
y=p0+p1 X1+ p2X2+B3X3+...+ pn Xvwhere B are the coefficients and X1, X2, X3,
... Xn are the wavelengths at which the correlation of the concentration of the components
is maximum (in + or — value).

An internal validation was carried out with the best equation obtained for each
parameter, with the same samples used for the development of the model. Subsequently,
an external validation was carried out using 16 samples that had not been included in
the development of the model. The results predicted by applying the developed equation
and those obtained in the laboratory for the same samples were compared to establish the
suitability of the model. The developed models were evaluated by analysing the Ratio
Performance Deviation (RPD), the mean square error of calibration (SEC) and the standard
error of prediction (SEP). The RPD is defined as the ratio between the standard deviation
of the data obtained with the reference methods and the SECV. Models were considered
adequate when their RPD values were greater than 2, considering that the models can be
applied for approximate prediction when the RPD ranged between 2.0 and 2.5, and were
considered excellent or good when the RPD was greater than 2.5. The best calibration
equation was chosen based on the Multiple Correlation Coefficient (RSQ) of determination
and the root mean square error of calibration (RMSEC) [5].

2.5. Statistical Analyses of Reference Parameters

The data were analysed using IBM SPSS Statistics (version 27) (IBM Corp., Armonk,
NY, USA). Variations between samples were evaluated using a one-way analysis of variance,
followed by Tukey’s significant difference post hoc test (p < 0.05). In the validation of
the developed model, a Student t-test was applied considering differences between the
predicted data and the reference values at p < 0.05.

3. Results
3.1. Carbohydrate Composition of Lentils

The composition of the different lentil varieties analysed in this study is shown in
Table 1. The total carbohydrate content of the samples ranged from 64.87 g/100 g for
the Pardina variety to 76.50 g/100 g for the Stone variety. Starch is the most abundant
carbohydrate in all lentil varieties, while fibre content showed greater variability between
varieties. The Guarefia and Pardina varieties have the same average concentration of total
carbohydrates, fibre, and starch. On the other hand, the varieties Castellana, Crimson, and
Stone have the highest concentration of total carbohydrates and the lowest concentration of
fibre. The Crimson variety has the lowest fibre content and the highest starch content. This
is the only dehulled lentil variety in the study, which justifies this composition, as fibre is
mainly found in the seed coat [40].
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Table 1. Carbohydrate composition and moisture of lentil samples (g/100 gfw) determined by
reference methods (mean + standard deviation).

Lentil Cultivars

Macrosperm Microsperm

Guarefia Castellana Pardina Crimson Beluga Stone
TCH * 66.59 £+ 1.54 , 75.46 + 0.79 , 64.87 £1.63 , 76.10 £ 0.70 74.86 + 0.72, 76.50 + 1.50 ,
Fibre 22.82 +2.26 16.32 £ 1.31, 24.67 +£2.15¢ 12.62 £1.15, 2513 +2.12 ¢ 18.07 £ 1.40,
Starch 4432 +158,,  43.03+210,  4514+188,  4873+£254.  43.63+233, 4670 + 140,
Total Sugars 2.61 +0.28 ¢ 222+ 0.164, 1.23 +0.08 4 32240114 326 +0.57 4 3.40+0.354
Fructose 0.15 4+ 0.04 5 1.48 +£0.03 nd 1.42 +0.02 1.43 £0.20, 2.34 +0.38 .
Sucrose 2.04 +0.20y, 0.76 + 0.13 , 1.02 +0.08 4 1.83 £ 0.06 1.84 +0.36 1.05 +0.05 5
Raffinose 0.43 + 0.09 0.01 +0.00 , 0.21 +0.024, 0.01 &+ 0.00 , nd nd
Moisture 7.12+093, 8.74 £ 0.59 4, 7.86 £ 1.33 4 8.98 £ 0.27 4 9.39 £ 045 9.23 +0.10 o,

* TCH: Total carbohydrates, nd: no detected; , 4: values followed by different subscripts in the same row are
significantly different (p < 0.05).

The concentration of total sugars ranged from 1.23 g/100 g (var. Pardina) to
3.40 g/100 g (var. Stone). In terms of individual sugars, sucrose is the main sugar ex-
cept in the Castellana and Stone varieties being fructose in higher concentrations. Fructose
was found in all the varieties analysed except the Pardina variety. The highest concentra-
tions of raffinose were found in the Guarefa and Pardina varieties, this sugar not being
present in the Beluga and Stone varieties. In terms of total sugars, the microsperm varieties
have the highest concentration, with fructose and sucrose being the main sugars. However,
the Pardina variety has the lowest concentration of sugars. All the lentils analysed showed
close moisture values, with no significant differences in this parameter except between the
Beluga and Guarefia varieties.

Although several studies have characterised the nutritional composition of lentils, the
results are not always comparable due to the analysis methodologies employed, as well
as the fact that many studies do not identify the lentil varieties analysed. Despite these
difficulties, it can be considered that the total carbohydrate content of the varieties analysed
is within the ranges described by other authors [8,41,42]. This content varies depending on
the variety, but also on environmental factors such as climate, geographical location, harvest
year, and cultivation methods [14,16,43]. In addition, starch and fibre contents are in the
ranges described in the literature [42]. In the particular case of red lentils, Kaale et al. [44]
also describe low fibre contents (10.78%), although the study does not indicate whether the
lentils are peeled. Regarding the composition of individual sugars, Johnson et al. [8] report
contents of 0.01% for fructose, 1.71% for sucrose, and 0.5% for raffinose, in agreement with
those found in this study. Siva et al. [6] reported higher fructose (0.004-0.02%) and sucrose
(3-10%) and similar raffinose (0.49-0.48%) contents when analysing red and green lentils.
Both genotype and genotype-location combinations have been shown to have a strong
influence on the concentration of low molecular-weight carbohydrates [14]. Tahir et al. [45]
described the significant effects of the environment, cultivar, and their interaction on the
sugar content of lentils.

Regarding the external colour of the lentils, the Crimson variety is red, the Beluga
variety is black, the Stone variety is green and the Guarefia, Castellana, and Pardina
varieties are brown varieties. The external colour of the lentils does not show an influence
on their carbohydrate composition. In terms of size, the Guarefia and Castellana varieties
belong to the group of macrosperma varieties, with a larger diameter, while the Pardina,
Crimson, Beluga, and Stone varieties are called microsperma. In terms of size, significant
differences (p < 0.05) were found for sucrose and raffinose content, with macrosperm lentils
showing the highest concentrations. Significant differences were also observed for starch
and total sugar content, with higher contents in microsperm lentils. These results are in
line with those described Ramdath et al. [46] for red and green lentils, where it was found
that smaller lentil seeds have lower carbohydrate contents.
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Based on the above data, a large variability of carbohydrate composition has been
described for lentils. Genetics combined with agro-ecological factors (temperature, soil
type, rainfall), production methodology (use of pesticides, fertilisers, herbicides), and the
ability of the plant to adapt to biotic and abiotic stress conditions are responsible for this
variability [47]. Based on their composition, the presence of low-digestible carbohydrates,
also called prebiotics, stands out. Their consumption can help to protect and maintain the
health of the intestinal microbiota [48].

3.2. Spectral Characteristics

The spectra of the samples were recorded over the whole lentils (Figure 1a) and over
the ground and sieved lentils (Figure 1b). Regardless of the recording method, similar ab-
sorbance zones are observed in the spectra. The spectra obtained show a higher absorbance
and a greater difference in absorption intensity between samples when the lentils were
recorded whole (Figure 1a). The spectra of the ground samples (Figure 1b) revealed less
dispersion along the y-axis. Previous studies [32,33] have shown similar results in the
spectral data of ground lentils. This is possibly due to size uniformity between samples
after grinding and sieving [49]. Despite this, a small dispersion can also be observed in
ground samples which Vega-Castellote et al. [50] attribute to the detector not being able to
register all the light incidents on the sample.

(a)
3
=
st
h="
o
1100 1200 1300 1400 1500 1600 1700 1800 1900 2000
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&
Z 03
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0
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Figure 1. Raw spectra obtained by direct application of a remote fibre-optic probe on 10 g of sample
of whole lentils (a) and ground lentils (b).
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The spectra show different absorbance bands which are combinations of molecular
overtones and molecular vibrations caused by the absorbance due to different functional
groups (especially -CH, -OH, and -NH). The spectra in Figure 1 show three zones of
maximum absorbance between 1200-1250 nm, 1440-1500 nm and 1900-1936. Although
the bands cannot be assigned to a specific compound, there are bands that have been
described as characteristic of oligosaccharides and polysaccharides [51]. The absorbance
maximum observed around 1200 nm corresponds to the O-H stretch first overtone. Ghosh
and Roy [52] related the absorbance at 1195 nm to the glucose and the absorbance at 1202
and 1240 nm to starch in lentil samples [13]. In addition, the C-H stretching peaks due
to C-H bonds of carbohydrates have been identified as the second overtone in the region
1176-1212 nm [35].

The increase in absorbance between 1440 and 1500 nm has been related to C-H bending
of -CH2, and to the O-H stretch first overtone [13]. The absorbance at 1433 nm has been
related to sucrose [53] and the 1440-1443 nm zone to crystalline sucrose [54]. In addition,
peaks around 1200 nm and 1440 nm have been related to the sugar absorption bands [55]. A
signal between 1900-1950 nm can also be observed in our spectra. A peak at about 1936 nm
was related to a combination O-stretching/O-H stretching band of O-H bonds, particularly
those of carbohydrates [35].

In order to determine the quality of the spectra obtained and to eliminate those with
low quality, the first derivative of the original spectrum was performed. The application
of the first derivative to the spectra has been proposed as a method to reveal the spectral
regions where the signal-to-noise ratio is degraded [56]. The analysis of the first derivative,
both in whole and ground samples, showed no noise in the spectra, so that all the spectra
can be used for the subsequent calibration process.

3.3. Calibration Equations

Principal component analysis (PCA) to reduce the dimensionality of the data matrix
while retaining the highest variability in the spectral data was performed. They were
implemented on the original spectra and on the spectra after applying the pretreatments
indicated in the materials and methods section. In all the PCAs performed, between
5 and 11 principal components were needed to explain a spectral variability of more
than 98% in whole lentils. In the case of ground lentils, a higher number of PCs (7-14)
were needed to explain the same percentage of variability. From these analyses, outlier
samples were identified. Outliers were those that showed extreme spectral distances
from the centre of the calibration group (H > 3) [57]. The results obtained showed that
three samples were recurrently identified as outliers in the PCAs performed. These three
samples were microsperm of the Crimson and Pardina varieties, which were removed for
the development of the calibration models. Once the outliers were removed, the sample
set was divided into two groups: a calibration set, and a validation set. The model was
developed using only the samples from the calibration set as explained in the materials
and methods section. Since some lentil samples had zero values for some of the parameters
analysed, these were considered as values in both the calibration and validation procedures.

The statistics of the MPLS calibrations developed for whole and ground lentil samples
using the NIR region (1100-2000 nm) are shown in Table 2. A total of four hundred
regression equations per parameter were developed by combining five spectral derivative
math treatments and four scatter correction methods. With respect to the scatter correction,
the SNV or No pre-treatments showed improved results in all the parameters except for TC
content in ground samples where Detrend pre-treatment was the most appropriate. Our
results showed that the mathematical pre-treatment of the second derivative is the best for
the calibration of carbohydrates in lentils, regardless of the parameter analysed. The most
appropriate mathematical pretreatment is related to the parameter being calibrated [58]
and to the food on which the analysis is performed [26,59,60].
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Table 2. Statistical descriptors for the best Modified Partial Least Squares calibration equations
obtained from NIR spectra (1100-2000 nm) and carbohydrate composition on lentil samples.

Math Treatment n T RSQ SEC SECV RPD RSQy.1 SEP RSQ,
Whole lentil
TC None 2, 4,4,1 61 8 0.898 1.173 2.847 3.144 0.912 1.083 0.285
Fiber SNV-D2,4,4,1 59 4 0.828 1.222 2.640 2414 0.806 1.288 0.540
Starch SNV 1,10,10,1 60 5 0.174 1.543 1.595 1.100 0.188 1.517 0.303
Total Sugars SNV-D2,4,4,1 60 8 0.900 0.247 0.460 3.163 0.909 0.234 0.676
Fructose SNV 2,4,4,1 33 8 0.993 0.061 0.257 11.834 0.994 0.055 0.943
Sucrose None 2,4,4,1 59 7 0.913 0.158 0.278 3.389 0.922 0.149 0.832
Raffinose SNV-D2,4,4,1 61 6 0.847 0.060 0.103 2.562 0.829 0.058 0.657
Ground lentil
TC Detrend 2, 4,4, 1 58 8 0.787 1.465 3.064 2.167 0.809 1.375 0.340
Fiber SNV 2,4,4,1 60 6 0.819 1.250 2.720 2.351 0.840 1.164 0.250
Starch SNV 2,4,4,1 61 7 0.802 0.786 1.964 2.248 0.828 0.726 0.300
Total Sugars None 2,4,4,1 57 7 0.937 0.185 0.398 3.997 0.946 0.169 0.586
Fructose None 2,4,4,1 34 10 0.984 0.087 0.423 7.926 0.990 0.071 0.920
Sucrose None 2,4,4,1 60 12 0.930 0.142 0.335 3.802 0.940 0.131 0.629
Raffinose None 2,4,4,1 60 8 0.917 0.044 0.109 3.482 0.925 0.041 0.306

TC: Total Carbohydrates, n: number of samples after removing the outliers; T: PLS terms; SEC: Standard Error of
Calibration; RSQ: Multiple Correlation Coefficient; RPD: Ratio Performance Deviation; SNV: Standard Normal
Variate only; SNV-D: Standard Normal Variate combined with Detrend, RSQ,,j: multiple correlation coefficient in
cross-validation, SEP: standard error of prediction, RSQp: multiple correlation coefficient in prediction.

The best of all the equations generated were chosen as those with the highest RSQ
and RPD and the lowest SEC and SECV. Based on the RSQ values and attending to
the classification established by Williams [61], for whole lentils, the calibration models
obtained can be considered excellent (RSQ > 0.91) for fructose and sucrose, and good
(RSQ > 0.82 and <0.90) for raffinose, fibre, total sugars, and total carbohydrates. However, it
was not possible to develop a model that would allow an adequate prediction for starch con-
tent. For lentils that were recorded ground, excellent calibration models were obtained for
total sugars, fructose, sucrose, and raffinose content. The models were good for starch and
fibre while for total carbohydrates the quantitative predictions are considered approximate.

Considering the SEC and the SECV values, these have been low in all the models
developed for all the parameters analysed, being higher in those parameters where there is
a higher concentration of the compound: starch, fibre, and total carbohydrates. The reason
for the large difference between the SEC and SECV has not been identified, although the
large presence of outliers has been suggested as one of the possible reasons. In this sense,
the application of other approaches to identify and eliminate outliers would allow the
reduction of these differences. According to our results, only the model for starch in whole
lentils (RPD < 2) cannot be considered adequate [62]. On the other hand, the values for
fibre in whole lentils and fibre, total carbohydrates, and starch in ground lentils can be
applied for the approximate prediction of these parameters.

The differences in the predictive ability of the models developed depending on the
method in which the spectra were recorded (whole or ground lentils) might be related
to the distribution of the different compounds in lentil seed. The two most important
macrostructural parts of lentils, as in all legumes, are the cotyledon and the seed coat.
Regarding carbohydrates, cotyledon contains starch and some non-starch polysaccha-
rides [63] as well as low molecular weight carbohydrates such as mono- and disaccharides
and raffinose-family oligosaccharides [64]. Meanwhile, the seed coat contains mainly no
starch carbohydrates (cellulose, hemicelluloses, and pectins). In the starch case, it is en-
capsulated in the parenchyma cells by primary cell walls within the cotyledon [65], which
would explain why it is not possible to find a model to predict its concentration when
samples are recorded whole. However, by grounding the lentil it would be possible to find
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free starch grains [66] which would facilitate the interaction of the starch with the incident
light of the NIR.

Table 2 also lists the number of samples (n) used in the development of the model
after eliminating the outliers. Attending to the n value, the case of fructose is remarkable
where, regardless of the way in which the spectrum of the samples was obtained, the
model considers a very high number of samples to be outliers. It should be noted that this
parameter has a high number of samples with a zero concentration, which, despite being
introduced as a value when developing the model, have been eliminated because they show
abnormally high residuals of predicted versus reference values (T criteria). This issue has
already been highlighted by Lohr et al. [67] for the calibration of starch and TNC in leaves
of ornamental cuttings. For this reason, despite the high RSQ value obtained for fructose,
this cannot be considered directly as a good indicator of the quality of the model obtained
because the concentration range of the parameter can make the RSQ value misleading, as
pointed out by Cozzolino et al. [68]. In addition, the interpretation of the RSQ depends on
the distribution of the analytical values. Although normality of the data is a requirement
for the calculation of regression models, models with non-normally distributed data can
also be developed although they are more difficult to interpret and require more latent
variables than models with normally distributed data [69].

3.4. Validation

The calibration models were validated primarily based on cross-validation. The aim
of this validation is to check the predictive ability of the model and to ensure that the
model does not overfit the training data, which could lead to poor performance in new
samples [70]. For this purpose, the calibration dataset was divided into four groups and
each group was used to predict its value from the calibration developed with the other
samples. The process was repeated four times so that all groups were used for calibration
and prediction. Once the process was completed, the parameters of the multiple correlation
coefficient in validation (RSQy,1) and standard error of prediction (SEP) were considered to
select the best model.

Subsequently, an external validation was carried out. For this purpose, the calibration
equations obtained were applied to the spectra of the 16 samples that did not participate in
the development of the models. The results obtained in the cross-validation and external
validation can be seen in Figures 2 and 3, for whole-recorded lentils and ground-recorded
lentils, respectively.

The RSQy1 value informs us of the correlation between the value calculated by the
model and the value obtained in the laboratory analysis. The results reveal that, after
the cross-validation process, no change in RSQ values is observed in the ground lentils
(Table 2). However, in whole lentils, the values for total carbohydrates were improved
while in the case of fibre, the RSQ, 4 (0.806) is lower than that obtained in the model. As
already indicated, the recording of samples after milling and sieving provides better results
than the recording of whole samples except for the parameter total carbohydrates. The SEP
obtained for ground samples were lower than those obtained for whole ones. The RPD
values were higher than 2.5, which allows us to establish that our models were good for all
parameters except total carbohydrates.
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Figure 2. Correlation between the values obtained in the reference methods and the values predicted
based on the recorded NIR spectra, for records made on whole lentils. Cross-validation samples
(blue) and External validation samples (red). RPD: ratio performance deviation, Modified Partial
Least Squares (MPLS): number of factors in the prediction equation.
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Figure 3. Correlation between the values obtained in the reference methods and the values predicted
based on the recorded NIR spectra, for recordings made on ground lentils. Cross-validation samples

(blue) and External validation samples (red). RPD: ratio performance deviation, Modified Partial

Least Squares (MPLS): number of factors in the prediction equation.
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Another aspect to be considered is the number of factors in the generated equation.
In our case, the number of factors for the best equation ranged from 1 for starch to 8 for
carbohydrates in whole samples. In the case of grounded samples, it ranged from 6 for
total carbohydrates and 8 for starch, total sugars, fructose, and sucrose. The selection of the
number of factors is important to take advantage of all the information provided by the
spectra without introducing noise to the model [62]. However, a large variability of terms
has been described in the bibliography. Thus, previous studies have described 20 terms
in an equation (RSQ = 0.96) for the determination of crude protein in elephant grass [57],
16 terms for equations (RSQ = 0.78) for the prediction of total solids in watermelon [50],
7 terms for an equation (RSQ = 0.91) for the prediction of cannabinol in Cannabis [62]
or 2 terms in an equation (RSQ = 0.81) for the detection of potassium in wine [68]. In
relation to carbohydrates, Choung [58] pointed out six terms for an equation (RSQ = 0.94)
for sucrose prediction and two terms in a non-useful equation (RSQ < 0.3) for raffinose
prediction. In the case of starch, 15 terms were used for an equation (RSQ = 0.7) on
leaves of ornamentals [67]. The results obtained for total sugars and individual sugars
(sucrose and raffinose) are noteworthy. The low moisture content of the lentils could
explain the good results obtained in this study. Previous studies have shown that the
heterogeneity and water content of the samples can make the NIR calibration of these
sugars not possible [67]. The data obtained in the external validation were also analysed
using a Student’s t-test for paired values (Table A3). The p-values obtained were above the
minimum level of significance (0.05). Therefore, it can be stated that there is no difference
between the values predicted by the models developed, and the values obtained by the
different reference methods indicate that these models are suitable for semi-quantitative to
quantitative classification of carbohydrates in lentils. However, the case of fructose must be
considered with caution (p > 0.05 for ground lentils) due to the high number of samples
that the model eliminates as outliers. This resulted in only a small number of samples with
high amounts of fructose in both the calibration and validation set (Table 2), therefore a
high uncertainty in the NIR prediction must be considered in these cases.

There are wavelengths that have a greater influence on the predictive ability of the
developed models [71]. As indicated in the materials and methods section, the beta coeffi-
cients of the equations allow us to know what these wavelengths are. The wavelengths and
coefficients obtained in this study are shown in the Appendix A (Table A4). The wavelength
range between 1616 and 1986 nm offers the highest correlation with the concentration of
carbohydrates analysed in lentils, with differences being observed depending on whether
the samples are recorded whole or ground. It is noted that there are four wavelength
intervals that show a significant correlation with the concentration of the parameters anal-
ysed. Thus, the first interval covers the wavelengths between 1616 and 1666 nm. These
absorbances are mainly related to the concentration of total sugars when the samples are
recorded whole, while they are related to fibre and total carbohydrates when the samples
are ground. A second interval is located between 1716 and 1798 nm and correlates with
the concentration of starch, fructose, total carbohydrates and raffinose, provided that the
samples are recorded whole. Of note is the quantification of starch, fructose and raffinose;
all five coefficients influencing their quantification are in this range, which seems to indicate
a strong association between this wavelength and these compounds when samples are
recorded whole. The third interval comprises the wavelengths between 1800 and 1862 nm,
which shows a strong correlation with the concentrations of starch, sucrose, and raffinose if
the samples are recorded ground. Finally, a fourth interval is located between 1926 and
1986 nm and correlates with the concentrations of all the parameters analysed in the ground
samples except for raffinose and sucrose. Moreover, it is a range with a strong influence on
the quantification of fibre and sucrose when samples are recorded whole.

4. Conclusions

All lentil varieties tested showed high carbohydrate contents with starch being the
major compound. Among the individual sugars, sucrose is the main sugar, while the pres-
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ence of other sugars depends on the variety analysed. Statistically significant differences
between varieties were found for all compounds. The methodology of determining the
carbohydrate composition of lentils by NIR spectroscopy has been studied. The recorded
spectra for both whole and ground lentils showed three zones of maximum absorption
in the intervals 1200-1250 nm, 1440-1500 nm, and 1900-1936 nm. Internal and external
cross-validation of the developed models showed good predictive capability, with ade-
quate RSQ and RPD values for most parameters. Grounding and sieving of the sample
prior to NIR recording reduced the scattering of the recorded spectra and improved the
predictive ability of the models. Specific wavelengths were identified that showed a high
correlation with the concentration of the analysed parameters. These wavelengths varied
depending on the parameter and recording method. Due to the structure and distribution
of carbohydrates in lentils, the determination of starch was only possible in the ground
samples. Also, the low concentrations and absence of fructose in some lentil varieties make
a larger data set necessary for the development of a more stable model for this parameter.
The results obtained confirm that the information collected in the NIR spectra of lentils
allows them to be applied for the quantification of the carbohydrate content in lentils.
Near-infrared spectroscopy (NIRS) shows promise as a rapid and non-destructive method
to assess carbohydrates in lentils to support breeding and product development.
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Appendix A

Table Al. Lentil samples analysed in this study with indication of cultivar.

Sub-Specie Cultivar Sample Number
Guarena

Macrosperm 37
Castellana
Pardina

. Crimson

Microsperm 43

Beluga

Stone
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Table A2. Main carbohydrate composition (g/100 gfw) of the samples of lentil in the set of calibration
and validation.

Calibration Set (n = 64)

External Validation Set (n = 16)

Min-Max Mean SD Min-Max Mean SD
TCH * 62.20-77.70 67.27 4.12 63.10-75.30 67.08 3.45
Fiber 11.62-29.11 22.89 3.55 12.37-27.36 22.89 3.50
Starch 41.54-50.10 44.78 1.86 41.96-50.30 45.13 2.57
Total Sugars 1.09-3.84 2.09 0.82 1.13-3.27 2.09 0.81
Fructose 0.00-2.78 0.33 0.63 0.00-1.43 0.24 0.43
Sucrose 0.67-2.35 1.49 0.54 0.91-2.17 1.56 0.53
Raffinose 0.01-0.62 0.26 0.16 0.01-0.64 0.30 0.17
* TCH: Total carbohydrates.
Table A3. External validation of the equations shown in Table 2 for each of the recording methods and
parameters analyzed. Root mean standard error (RMSE) and comparison statistic between the values
obtained in the samples by the reference methods and those predicted by the developed model.

Whole Lentil Ground Lentil
Parameter RMSE t-Student (p < 0.05) RMSE t-Student (p < 0.05)
TCH * 2.513 0.432 4715 0.126
Fiber 4.808 0.433 3.648 0.736
Starch 3.619 0.664 2.877 0.711
Total Sugars 0.731 0.889 0.574 0.137
Fructose 0.575 0.207 0.339 0.030
Sucrose 0.226 0.793 0.384 0.100
Raffinose 0.086 0.327 0.155 0.790
* TCH: Total carbohydrates.
Table A4. Wavelengths (A) in nm associated with the five coefficients () with the greatest weight in
the quantification obtained from the equations listed in Table 2 for each of the parameters analysed in
whole and ground lentils.
Fiber Starch Total Total Sugars Fructose Sucrose Raffinose
Carbohydrates
Whole lentils
A B A B A B A B A B A B A B
1976 139,760.2 1730 16.9 1780 7,446,145.81482 5970.1 1534 620.4 1824 32,0472 1676  4082.8
1508 95,451.8 1728 19.1 1816 6,763,281.01484 4924.5 1514 599.9 1822 29,5545 1718 4064.2
1978 91,068.6 1762 15.4 1626 6,278,431.71480 4857.1 1718 586.7 1832 27,229.3 1500 3930.2
1974 87,621.2 1760 15.3 1516 5,391,850.71478 3313.4 1536 583.2 1974 22,553.1 1678 3904.6
1510 63,117.5 1732 14.3 1782 4,961,843.11486 2491.2 1716 579.5 1540 22,4275 1824 3548.6
Ground lentils
A B A B A B A B A B A B A B
1496  235,719.2 1822 102,070.2 1564 9,884,031.11956 226,788.1 1506 232,391.3 1554 17,395.1 1554  17,395.1
1498 177,436.6 1496 745,777.0 1958 9,793,927.31958 206,738.6 1508 150,347.3 1556 11,292.8 1556 11,292.8
1494 126,406.8 1530 70,060.5 1956 8,947,196.61954 202,936.3 1504 145,112.3 1546 11,0214 1546 11,0214
1526 104,437.3 1824 67,829.8 1562 7,924,359.51582 194,105.1 1962 103,510.1 1802 9455.3 1802 9455.3
1630 102,843.8 1494 63,871.5 1798 7,708,290.91806 179,468.9 1960 98,024.0 1552 9272.6 1552 9272.6




Sensors 2024, 24, 4232 15 0f 17

References

1. Schneider, A.V. Overview of the market and consumption of puises in Europe. Br. J. Nutr. 2002, 88, 243-250. [CrossRef]

2. Laskar, R.A,; Khan, S. Assessment on induced genetic variability and divergence in the mutagenized lentil populations of
microsperma and macrosperma cultivars developed using physical and chemical mutagenesis. PloS ONE 2017, 12, e0184598.
[CrossRef]

3. Warne, T.; Ahmed, S.; Byker Shanks, C.; Miller, P. Sustainability dimensions of a North American lentil system in a changing
world. Front. Sustain. Food Syst. 2019, 3, 88. [CrossRef]

4. Romano, A.; Gallo, V.; Ferranti, P.; Masi, P. Lentil flour: Nutritional and technological properties, in vitro digestibility and
perspectives for use in the food industry. Curr. Opin. Food Sci. 2021, 40, 157-167. [CrossRef]

5. Revilla, I.; Lastras, C.; Gonzalez-Martin, MLL.; Vivar-Quintana, A.M.; Morales-Corts, R.; Gomez-Sanchez, M.A.; Pérez-Sanchez, R.
Predicting the physicochemical properties and geographical origin of lentils using near infrared spectroscopy. J. Food Compos.
Anal. 2019, 77, 84-90. [CrossRef]

6.  Siva, N.; Thavarajah, P.; Kumar, S.; Thavarajah, D. Variability in prebiotic carbohydrates in different market classes of chickpea,
common bean, and lentil collected from the American local market. Front. Nutr. 2019, 6, 38. [CrossRef]

7. Johnson, C.R,; Combs, G.F, Jr.; Thavarajah, P. Lentil (Lens culinaris L.): A prebiotic-rich whole food legume. Food Res. Int. 2013, 51,
107-113. [CrossRef]

8.  Johnson, N.; Johnson, C.R,; Thavarajah, P.; Kumar, S.; Thavarajah, D. The roles and potential of lentil prebiotic carbohydrates in
human and plant health. Plants People Planet 2020, 2, 310-319. [CrossRef]

9.  Abeysekara, S.; Chilibeck, P.D.; Vatanparast, H.; Zello, G.A. A pulse-based diet is effective for reducing total and LDL-cholesterol
in older adults. Br. |. Nutr. 2012, 108, S103-5110. [CrossRef]

10. Rizkalla, S.W.; Bellisle, F,; Slama, G. Health benefits of low glycaemic index foods, such as pulses, in diabetic patients and healthy
individuals. Br. J. Nutr. 2002, 88, S255-5262. [CrossRef]

11. Siva, N.; Johnson, C.R.; Richard, V.; Jesch, E.D.; Whiteside, W.; Abood, A.A.; Thavarajah, D. Lentil (Lens culinaris Medikus) diet
affects the gut microbiome and obesity markers in rat. J. Agric. Food Chem. 2018, 66, 8805-8813. [CrossRef] [PubMed]

12. Clarke, S.T.; Sarfaraz, S.; Qi, X.; Ramdath, D.G.; Fougere, G.C.; Ramdath, D.D. A Review of the Relationship between Lentil
Serving and Acute Postprandial Blood Glucose Response: Effects of Dietary Fibre, Protein and Carbohydrates. Nutrients 2022, 14,
849. [CrossRef] [PubMed]

13.  Joshi, M.; Aldred, P.; McKnight, S.; Panozzo, J.F; Kasapis, S.; Adhikari, R.; Adhikari, B. Physicochemical and functional
characteristics of lentil starch. Carbohydr. Polym. 2013, 92, 1484-1496. [CrossRef] [PubMed]

14. Johnson, C.R,; Thavarajah, D.; Thavarajah, P.; Fenlason, A.; McGee, R.; Kumar, S.; Combs, G.F. A global survey of low-molecular
weight carbohydrates in lentils. J. Food Compos. Anal. 2015, 44, 178-185. [CrossRef]

15. Plaza, J.; Morales-Corts, M.R.; Pérez-Sanchez, R.; Revilla, I.; Vivar-Quintana, A.M. Morphometric and nutritional characterization
of the main Spanish lentil cultivars. Agriculture 2021, 11, 741. [CrossRef]

16. Gharibzahedi, S.M.T.; Mousavi, S.M.; Jafari, S.M.; Faraji, K. Proximate composition, mineral content, and fatty acids profile of two
varieties of lentil seeds cultivated in Iran. Chem. Nat. Compd. 2012, 47, 976-978. [CrossRef]

17. Yu, H.; Guo, L.; Kharbach, M.; Han, W. Multi-way analysis coupled with near-infrared spectroscopy in food industry: Models
and applications. Foods 2021, 10, 802. [CrossRef] [PubMed]

18. Lopez, M.G.; Garcia-Gonzalez, A.S.; Franco-Robles, E. Carbohydrate analysis by NIRS-Chemometrics. In Developments in
Near-Infrared Spectroscopy; Kyprianidis, K.G., Skvaril, J., Eds.; In Tech Open: London, UK, 2017; pp. 81-95. [CrossRef]

19. Liu, Y, Ying, Y;; Yu, H,; Fu, X. Comparison of the HPLC method and FT-NIR analysis for quantification of glucose, fructose, and
sucrose in intact apple fruits. J. Agric. Food Chem. 2006, 54, 2810-2815. [CrossRef] [PubMed]

20. Camps, C.; Christen, D. Non-destructive assessment of apricot fruit quality by portable visible-near infrared spectroscopy.
LWT-Food Sci. Technol. 2009, 42, 1125-1131. [CrossRef]

21. Pan, L.; Zhu, Q.; Lu, R.;; McGrath, ].M. Determination of sucrose content in sugar beet by portable visible and near-infrared
spectroscopy. Food Chem. 2015, 167, 264-271. [CrossRef]

22. Larson, J.E.; Perkins-Veazie, P.; Ma, G.; Kon, TM. Quantification and prediction with near infrared spectroscopy of carbohydrates
throughout apple fruit development. Horticulturae 2023, 9, 279. [CrossRef]

23.  Shetty, N.; Gislum, R. Quantification of fructan concentration in grasses using NIR spectroscopy and PLSR. Field Crops Res. 2011,
120, 31-37. [CrossRef]

24. Wu, L; Li, M,; Huang, J.; Zou, W,; Hu, S.; Li, Y.; Fan, C.; Zhang, R; Jing, H.; Peng, L.; et al. A near infrared spectroscopic assay
for stalks soluble sugars, bagasse enzymatic saccharification and wall polymers in sweet sorghum. Bioresour. Technol. 2015, 177,
118-124. [CrossRef] [PubMed]

25. Saranwong, S.; Sornsrivichai, J.; Kawano, S. Prediction of ripe-stage eating quality of mango fruit from its harvest quality
measured nondestructively by near infrared spectroscopy. Postharvest Biol. Technol. 2004, 31, 137-145. [CrossRef]

26. Jiang, H.Y.; Zhu, Y.J.; Wei, L.M,; Dai, ].R.; Song, TM.; Yan, Y.L.; Chen, S.J. Analysis of protein, starch and oil content of single
intact kernels by near infrared reflectance spectroscopy (NIRS) in maize (Zea mays L.). Plant Breed. 2007, 126, 492-497. [CrossRef]

27. Lebot, V.; Ndiaye, A.; Malapa, R. Phenotypic characterization of sweet potato [Ipomoea batatas (L.) Lam.] genotypes in relation to

prediction of chemical quality constituents by NIRS equations. Plant Breed. 2011, 130, 457—463. [CrossRef]


https://doi.org/10.1079/BJN2002713
https://doi.org/10.1371/journal.pone.0184598
https://doi.org/10.3389/fsufs.2019.00088
https://doi.org/10.1016/j.cofs.2021.04.003
https://doi.org/10.1016/j.jfca.2019.01.012
https://doi.org/10.3389/fnut.2019.00038
https://doi.org/10.1016/j.foodres.2012.11.025
https://doi.org/10.1002/ppp3.10103
https://doi.org/10.1017/S0007114512000748
https://doi.org/10.1079/BJN2002715
https://doi.org/10.1021/acs.jafc.8b03254
https://www.ncbi.nlm.nih.gov/pubmed/30102041
https://doi.org/10.3390/nu14040849
https://www.ncbi.nlm.nih.gov/pubmed/35215500
https://doi.org/10.1016/j.carbpol.2012.10.035
https://www.ncbi.nlm.nih.gov/pubmed/23399180
https://doi.org/10.1016/j.jfca.2015.08.005
https://doi.org/10.3390/agriculture11080741
https://doi.org/10.1007/s10600-012-0119-2
https://doi.org/10.3390/foods10040802
https://www.ncbi.nlm.nih.gov/pubmed/33917964
https://doi.org/10.5772/67208
https://doi.org/10.1021/jf052889e
https://www.ncbi.nlm.nih.gov/pubmed/16608193
https://doi.org/10.1016/j.lwt.2009.01.015
https://doi.org/10.1016/j.foodchem.2014.06.117
https://doi.org/10.3390/horticulturae9020279
https://doi.org/10.1016/j.fcr.2010.08.008
https://doi.org/10.1016/j.biortech.2014.11.073
https://www.ncbi.nlm.nih.gov/pubmed/25484122
https://doi.org/10.1016/j.postharvbio.2003.08.007
https://doi.org/10.1111/j.1439-0523.2007.01338.x
https://doi.org/10.1111/j.1439-0523.2010.01840.x

Sensors 2024, 24, 4232 16 of 17

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.
49.

50.

51.

52.

53.

54.

55.

Lohumi, S.; Lee, S.; Lee, W.H.; Kim, M.S.; Mo, C.; Bae, H.; Cho, B.K. Detection of starch adulteration in onion powder by FT-NIR
and FT-IR spectroscopy. J. Agric. Food Chem. 2014, 62, 9246-9251. [CrossRef] [PubMed]

Bagchi, T.B.; Sharma, S.; Chattopadhyay, K. Development of NIRS models to predict protein and amylose content of brown rice
and proximate compositions of rice bran. Food Chem. 2016, 191, 21-27. [CrossRef] [PubMed]

Lazzeri, L.; Leoni, O.; Palmieri, S. Near infrared reflectance analysis for determining the total protein content of chick-pea, lentil
and pea seeds. Agric. Mediterr. 1990, 120, 103-109.

Black, C.K.; Panozzo, ].F. Accurate technique for measuring color values of grain and grain products using a visible-NIR
instrument. Cereal Chem. 2004, 81, 469-474. [CrossRef]

Lastras, C.; Revilla, I.; Gonzélez-Martin, M.I.; Vivar-Quintana, A.M. Prediction of fatty acid and mineral composition of lentils
using near infrared spectroscopy. J. Food Compos. Anal. 2021, 102, 104023. [CrossRef]

Hang, J.; Shi, D.; Neufeld, J.; Bett, K.E.; House, ].D. Prediction of protein and amino acid contents in whole and ground lentils
using near-infrared reflectance spectroscopy. LWT 2022, 165, 113669. [CrossRef]

Moldovan, O.; Pdaucean, A.; Vlaic, R.; Bors, M.D.; Muste, S. Preliminary assessment of the nutritional quality of two types of
lentils (Lens culinaris) by near infrared reflectance spectroscopy technology (Nirs). Bull. Univ. Agric. Sci. Vet. Med. Cluj-Napoca
Food Sci. Technol. 2015, 72, 2-7. [CrossRef]

Innamorato, V.; Longobardi, E; Lippolis, V.; Cortese, M.; Logrieco, A.F.,; Catucci, L.; De Girolamo, A. Tracing the geographical
origin of lentils (Lens culinaris Medik.) by infrared spectroscopy and chemometrics. Food Anal. Methods 2019, 12, 773-779.
[CrossRef]

Official Methods of Analysis, 20th ed.; AOAC International: Gaithersburg, MD, USA, 2016.

Alajaji, S.A.; El-Adawy, T.A. Nutritional composition of chickpea (Cicer arietinum L.) as affected by microwave cooking and other
traditional cooking methods. J. Food Compos. Anal. 2006, 19, 806-812. [CrossRef]

Liberal, A.; Fernandes, A.; Dias, M.L; Pinela, J.; Vivar-Quintana, A.M.; Ferreira, I.C.ER.; Barros, L. Phytochemical and Antioxidant
Profile of Pardina Lentil Cultivars from Different Regions of Spain. Foods 2021, 10, 1629. [CrossRef]

Orman, B.A.; Schumann, R.A., Jr. Comparison of near-infrared spectroscopy calibration methods for the prediction of protein, oil,
and starch in maize grain. J. Agric. Food Chem. 1991, 39, 883-886. [CrossRef]

Liberal, A.; Almeida, D.; Fernandes, A.; Pereira, C.; Ferreira, LC.ER.; Vivar-Quintana, A.M.; Barros, L. Nutritional, chemical, and
antioxidant screening of selected varieties of lentils (Lens culinaris spp.) from organic and conventional agriculture. J. Sci. Food
Agric. 2023, 104, 104-115. [CrossRef]

Fouad, A.A.; Rehab, EM.A. Effect of germination time on proximate analysis, bioactive compounds and antioxidant activity of
lentil (Lens culinaris medik.) sprouts. Acta Sci. Pol. Technol. Aliment. 2015, 14, 233-246. [CrossRef]

Hall, C.; Hillen, C.; Robinson, J.G. Composition, Nutritional Value, and Health Benefits of Pulses; Composition, Nutritional Value,
and Health Benefits of Pulses. Cereal Chem. 2017, 94, 11-31. [CrossRef]

Tahir, M.; Badga, M.; Vandenberg, A.; Chibbar, RN. An assessment of raffinose family oligosaccharides and sucrose concentration
in genus Lens. Crop Sci. 2012, 52, 1713-1720. [CrossRef]

Kaale, L.D.; Siddiq, M.; Hooper, S. Lentil (Lens culinaris Medik) as nutrient-rich and versatile food legume: A review. Legume Sci.
2022, 5, €169. [CrossRef]

Tahir, M.; Vandenberg, A.; Chibbar, R.N. Influence of environment on seed soluble carbohydrates in selected lentil cultivars. J.
Food Compos. Anal. 2010, 24, 596-602. [CrossRef]

Ramdath, D.D.; Lu, Z.H.; Maharaj, P.L.; Winberg, J.; Brummer, Y.; Hawke, A. Proximate analysis and nutritional evaluation of
twenty Canadian lentils by principal component and cluster analyses. Foods 2020, 9, 175. [CrossRef] [PubMed]

Dhull, S.B.; Kinabo, J.; Uebersax, M.A. Nutrient profile and effect of processing methods on the composition and functional
properties of lentils (Lens culinaris Medik): A review. Legume Sci. 2022, 5, e156. [CrossRef]

Montejano-Ramirez, V.; Valencia-Cantero, E. The Importance of Lentils: An Overview. Agriculture 2024, 14, 103. [CrossRef]
Williams, P.; Manley, M.; Antoniszyn, J. Near Infrared Technology: Getting the Best out of Light; African Sun Media: Stellenbosch,
South Africa, 2019.

Vega-Castellote, M.; Pérez-Marin, D.; Torres-Rodriguez, I.; Moreno-Rojas, ].M.; Ordofiez-Diaz, J.L.; Sanchez, M.T. Green,
multivariate approach for obtaining a fingerprint of quality of watermelons at supermarket level using near infrared spectroscopy.
LWT 2023, 182, 114831. [CrossRef]

Loépez, A.; El-Naggar, T.; Duefias, M.; Ortega, T.; Estrella, I.; Hernandez, T.; Carretero, M.E. Influence of processing in the phenolic
composition and health-promoting properties of lentils (Lens culinaris L.). |. Food Process. Preserv. 2017, 41, e13113. [CrossRef]
Ghosh, S.; Roy, R.B. Quantitative near-infra-red analysis of reducing sugar from the surface of cotton. J. Text. Inst. 1988, 79,
504-510. [CrossRef]

Giangiacomo, R.; Magee, J.B.; Birth, G.S.; Dull, G.G. Predicting concentrations of individual sugars in dry mixtures by near-
infrared reflectance spectroscopy. J. Food Sci. 1981, 46, 531-534. [CrossRef]

Davies, A.M.C.; Miller, C.E. Tentative assignment of the 1440-nm absorption band in the near-infrared spectrum of crystalline
sucrose. Appl. Spectrosc. 1988, 42, 703-704. [CrossRef]

Vega-Castellote, M.; Perez-Marin, D.; Torres, I.; Sanchez, M.T. Non-destructive determination of fatty acid composition of in-shell
and shelled almonds using handheld NIRS sensors. Postharvest Biol. Technol. 2021, 174, 111459. [CrossRef]


https://doi.org/10.1021/jf500574m
https://www.ncbi.nlm.nih.gov/pubmed/25188555
https://doi.org/10.1016/j.foodchem.2015.05.038
https://www.ncbi.nlm.nih.gov/pubmed/26258697
https://doi.org/10.1094/CCHEM.2004.81.4.469
https://doi.org/10.1016/j.jfca.2021.104023
https://doi.org/10.1016/j.lwt.2022.113669
https://doi.org/10.15835/buasvmcn-fst:11040
https://doi.org/10.1007/s12161-018-1406-8
https://doi.org/10.1016/j.jfca.2006.03.015
https://doi.org/10.3390/foods10071629
https://doi.org/10.1021/jf00005a015
https://doi.org/10.1002/jsfa.12896
https://doi.org/10.17306/J.AFS.2015.3.25
https://doi.org/10.1094/CCHEM-03-16-0069-FI
https://doi.org/10.2135/cropsci2011.08.0447
https://doi.org/10.1002/leg3.169
https://doi.org/10.1016/j.jfca.2010.04.007
https://doi.org/10.3390/foods9020175
https://www.ncbi.nlm.nih.gov/pubmed/32054037
https://doi.org/10.1002/leg3.156
https://doi.org/10.3390/agriculture14010103
https://doi.org/10.1016/j.lwt.2023.114831
https://doi.org/10.1111/jfpp.13113
https://doi.org/10.1080/00405008808658283
https://doi.org/10.1111/j.1365-2621.1981.tb04903.x
https://doi.org/10.1366/0003702884429364
https://doi.org/10.1016/j.postharvbio.2020.111459

Sensors 2024, 24, 4232 17 of 17

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Turgut, S.S.; Entrenas, J.A.; Taskin, E.; Garrido-Varo, A.; Pérez-Marin, D. Estimation of the sensory properties of black tea samples
using non-destructive near-infrared spectroscopy sensors. Food Control 2022, 142, 109260. [CrossRef]

Fernandez-Cabanas, V.M.; Pérez-Marin, D.C.; Fearn, T.; de Abreu, ].G. Optimisation of the predictive ability of NIR models to
estimate nutritional parameters in elephant grass through LOCAL algorithms. Spectrochim. Acta Part A Mol. Biomol. Spectrosc.
2023, 285, 121922. [CrossRef] [PubMed]

Choung, M.G. Determination of sucrose content in soybean using near-infrared reflectance spectroscopy. J. Korean Soc. Appl. Biol.
Chem. 2010, 53, 478-484. [CrossRef]

Wang, J.; Liu, H.; Ren, G. Near-infrared spectroscopy (NIRS) evaluation and regional analysis of Chinese faba bean (Vicia faba L.).
Crop J. 2014, 2, 28-37. [CrossRef]

Campo, L.; Monteagudo, A.B.; Salleres, B.; Castro, P.; Moreno-Gonzalez, ]. NIRS determination of non-structural carbohydrates,
water soluble carbohydrates and other nutritive quality traits in whole plant maize with wide range variability. Span. J. Agric. Res.
2013, 11, 463-471. [CrossRef]

Williams, P. Near-Infrared Technology-Getting the Best out of Light; A Short Course in the Practical Implementation of near Infrared
Spectroscopy for the User; PDK Projects: Nanaimo, BC, Canada, 2003; Volume 1, p. 109.

Callado, C.S.C.; Nufiez-Sanchez, N.; Casano, S.; Ferreiro-Vera, C. The potential of near infrared spectroscopy to estimate the
content of cannabinoids in Cannabis sativa L.: A comparative study. Talanta 2018, 190, 147-157. [CrossRef]

Chigwedere, C.M.; Njoroge, D.M.; Van Loey, A.M.; Hendrickx, M.E. Understanding the relations among the storage, soaking, and
cooking behavior of pulses: A scientific basis for innovations in sustainable foods for the future. Compr. Rev. Food Sci. Food Saf.
2019, 18, 1135-1165. [CrossRef]

Li, M,; Xia, M.; Imran, A.; de Souza, T.S.; Barrow, C.; Dunshea, F; Suleria, H.A. Nutritional Value, Phytochemical Potential, and
Biological Activities in Lentils (Lens Culinaris Medik.): A Review. Food Rev. Int. 2023, 1-31. [CrossRef]

Pallares Pallares, A.; Gwala, S.; Pélchen, K.; Duijsens, D.; Hendrickx, M.; Grauwet, T. Pulse seeds as promising and sustainable
source of ingredients with naturally bioencapsulated nutrients: Literature review and outlook. Compr. Rev. Food Sci. Food Saf.
2021, 20, 1524-1553. [CrossRef] [PubMed]

Zucco, F; Borsuk, Y.; Arntfield, S.D. Physical and nutritional evaluation of wheat cookies supplemented with pulse flours of
different particle sizes. LWT-Food Sci. Technol. 2011, 44, 2070-2076. [CrossRef]

Lohr, D,; Tillmann, P; Druege, U.; Zerche, S.; Rath, T.; Meinken, E. Non-destructive determination of carbohydrate reserves in
leaves of ornamental cuttings by near-infrared spectroscopy (NIRS) as a key indicator for quality assessments. Biosyst. Eng. 2017,
158, 51-63. [CrossRef]

Cozzolino, D.; Kwiatkowski, M.J.; Dambergs, R.G.; Cynkar, W.U.; Janik, L.J.; Skouroumounis, G.; Gishen, M. Analysis of elements
in wine using near infrared spectroscopy and partial least squares regression. Talanta 2008, 74, 711-716. [CrossRef] [PubMed]
Limpert, E.; Stahel, W.A.; Abbt, M. Log-normal distributions across the sciences: Keys and clues: On the charms of statistics, and
how mechanical models resembling gambling machines offer a link to a handy way to characterize log-normal distributions,
which can provide deeper insight into variability and probability—Normal or log-normal: That is the question. BioScience 2001,
51, 341-352. [CrossRef]

Ikoyi, A.Y.; Younge, B.A. Faecal near-infrared reflectance spectroscopy profiling for the prediction of dietary nutritional character-
istics for equines. Anim. Feed. Sci. Technol. 2022, 290, 115363. [CrossRef]

Pérez-Marin, D.; Garrido-Varo, A.; Guerrero, J.E. Non-linear regression methods in NIRS quantitative analysis. Talanta 2007, 72,
28-42. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.foodcont.2022.109260
https://doi.org/10.1016/j.saa.2022.121922
https://www.ncbi.nlm.nih.gov/pubmed/36179568
https://doi.org/10.3839/jksabc.2010.073
https://doi.org/10.1016/j.cj.2013.10.001
https://doi.org/10.5424/sjar/2013112-3316
https://doi.org/10.1016/j.talanta.2018.07.085
https://doi.org/10.1111/1541-4337.12461
https://doi.org/10.1080/87559129.2023.2245073
https://doi.org/10.1111/1541-4337.12692
https://www.ncbi.nlm.nih.gov/pubmed/33410276
https://doi.org/10.1016/j.lwt.2011.06.007
https://doi.org/10.1016/j.biosystemseng.2017.03.005
https://doi.org/10.1016/j.talanta.2007.06.045
https://www.ncbi.nlm.nih.gov/pubmed/18371698
https://doi.org/10.1641/0006-3568(2001)051[0341:LNDATS]2.0.CO;2
https://doi.org/10.1016/j.anifeedsci.2022.115363
https://doi.org/10.1016/j.talanta.2006.10.036

	Introduction 
	Materials and Methods 
	Samples 
	Chemical Composition 
	NIR Spectroscopy 
	PCA Analysis and NIR-Chemometric Methods 
	Statistical Analyses of Reference Parameters 

	Results 
	Carbohydrate Composition of Lentils 
	Spectral Characteristics 
	Calibration Equations 
	Validation 

	Conclusions 
	Appendix A
	References

