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Abstract

One of the major compounds in almond kernels, which determines their nutritional
quality, are lipids. The aim of this research was to determine the fatty acid profile in intact
in-shell and shelled almonds (145 samples) using two new generation handheld near
infrared spectroscopy (NIRS) sensors, of different optical design and technical
specifications, adapted for in situ analysis in different stages in the food supply chain: in
the industry after harvest, at the reception points and during postharvest storage. For both
instruments, two procedures for taking near infrared (NIR) spectra were tested: (1) static,
where point spectral readings were taken of almonds placed on trays; (2) dynamic, where
spectra were taken by scanning the entire trays. Modified partial least squares (MPLS)
regression models were developed using NIR spectra with different combinations of
signal pre-treatments — derivative and scatter correction methods. The residual
predictive deviation for cross validation (RPDcy) of the best models developed for the
prediction of palmitic, stearic, oleic, and linoleic acids using shelled almonds were 2.40,
2.16, 3.98, and 3.77, respectively, and 1.73, 1.73, 2.02, and 2.11 for the in-shell almonds.
These results confirm the feasibility of NIRS technology to measure the fatty acid profile
in in-shell and shelled almonds. A comparison between the presentation mode (in-shell
or shelled) and analysis mode (static or dynamic) showed that the best results were

obtained for shelled almonds analysed in dynamic mode.

Keywords: almonds, in situ analysis, NIRS sensors, fatty acid profile, quality, shelf life

determination.
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1. Introduction

Almonds (Prunus dulcis Miller) are characterized by their high content in lipids,
which are of great nutritional value, constituting 60 % of the total kernel mass (Senesi et
al., 1996). These mainly consist of unsaturated fatty acids — oleic and linoleic acids, which
together generally account for more than 90 % of the fatty acids (Fernandez-Cuesta et al.,
2013). The consumption of these unsaturated fatty acids available in the almond kernels
can have potential benefits for human health, lowering the level of triglycerides and
increasing high-density lipoprotein cholesterol (Hyson et al., 2002). In addition, the
consumption of these oleic and linoleic acids has been linked to a reduction in the
incidence of diabetes and cardiovascular diseases (Richardson et al., 2009; Virtanen et
al., 2014; Roncero et al., 2016; Becerra-Tomas et al., 2019). Oleic acid is the prevailing
constituent of monounsaturated lipids in almonds and contributes to its oxidative stability
(Venkatachalam and Sathe, 2006). The polyunsaturated fatty acids in almonds not only
give them their nutritional value, but also make them more prone to autoxidation, which
accelerates their deterioration and reduces shelf life. Thus, high levels of linoleic acid
could indicate almond spoilage (Ros and Mataix, 2006; Kodad and Socias i Company,
2008; Martinez et al., 2013; Oliveira et al., 2019). For this reason, one of the most
important quality indexes is the oleic/linoleic acid ratio; high values of this ratio provide
stability in oils and better nutritional value (Kodad et al., 2013).

The composition, quality and shelf life of almonds are influenced by many factors
such as the cultivar, agronomic practices and the environmental conditions during the
growing season (Gama et al., 2018). Different authors have shown that the quality of the
kernels, mainly evident in the fatty acid composition, oil content, protein content, rate of

rancidity, oxidative stability, peroxide formation and shelf life, are all influenced by the
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almond cultivar (Abdallah et al., 1998; Severini et al., 2000; Sathe et al., 2008; Kodad et
al., 2013; Maestri et al., 2015; Yildirim et al., 2016). Others have also reported that the
alpha-tocopherol content, squalene concentration, sugar content and sugar composition
of almonds are also heavily influenced by the cultivar (Nanos et al., 2002; Maestri et al.,
2015). The kernel quality and the fatty acid composition of almonds may also be affected
by the stage of maturity and time of harvest. Thus, late-harvested almonds have a higher
kernel dry mass, more sugar, lower oleic acid, higher linoleic acid and lower oil quality
than early-harvested almonds (Nanos et al., 2002; Kazantzis et al., 2003; Piscopo et al.,
2010). However, almonds harvested too early in the season can have immature kernels
that have not fully converted their carbohydrates into oil (Nanos et al., 2002). In addition
to pre-harvest factors, the type of storage (in-shell or shelled) can also influence the
quality and shelf life of the almonds (Kazantzis et al., 2003). Hardenburg et al. (1986)
reported stored shelled almonds to be more sensitive to lipid oxidation than in-shell
almonds, with a shelf life of in-shell almonds up to twice as long as those stored without
shell. As a result, fatty acid composition can be used as a measure of the quality and shelf
life of this tree nut and, in turn, to measure the commercial and industrial use of the
almond kernels (Zacheo et al., 1998; Koyuncu et al., 2005; Socias i Company et al., 2008;
Bai et al., 2017).

Currently, the fatty acid profile is generally determined in almonds using solvent
extraction techniques. However, solvent extraction has several drawbacks, including high
capital equipment cost, operational expenditure and concerns for environmental pollution
(Fernandez-Cuesta et al., 2013).

In recent years, non-destructive techniques such as NIRS has been successfully
used to predict oil content and fatty acid profile in almonds (Fernandez-Cuesta et al.,

2013). These measurements were taken in the fruit after grinding (almond flour), using a
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monochromator, which is only suitable for analysing the product in the laboratory. No
previous studies aiming at the prediction of the fatty acid profile of intact in-shell or
shelled almonds using portable or online NIRS instruments have been found in the
literature. However, currently, there is a clear need for a fast and efficient way of
measuring the fatty composition of the almonds in situ in a non-destructive way, when
the almonds are received by the industry and during the postharvest storage. Nowadays,
there is a wide range of different portable instruments available, which clearly shows how
the use of NIRS technology has evolved and which allow these analyses to be carried out
effectively in situ. However, the wide diversity in the characteristics and features of these
portable NIRS sensors means that they need to be evaluated in advance to determine
which is the most suitable sensor for a particular product or parameter.

The objective of this research was to measure the fatty acid profile in intact in-
shell and shelled almonds using two new generation handheld NIRS sensors of different
optical design and technical specifications, suitable for the in situ analysis of almonds
when they are received by the industry, in order to establish the nutritional quality of the

product at that moment.

2. Materials and methods

2.1. Sampling

The plant material consisted of 84 samples of in-shell sweet almonds (Prunus

dulcis Mill., cv. 'Antofieta’, 'Belona’, 'Guara’, 'Lauranne’, 'Soleta’, and 'Vairon') and 84

samples of shelled sweet almonds, of the same varieties and batches as above. In addition,

there were 61 samples of bitter almonds of non-specific varieties, initially in-shell, which
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were then shelled manually, making a total of 145 samples of in-shell and shelled almonds
analysed. The samples weighed approximately 1 kg each and were collected during the
2018-2019 harvesting season in the different provinces of the region of Andalusia
(Spain). On arrival at the laboratory, the almonds were immediately placed in dark,
refrigerated storage at 4 °C and 65 % relative humidity until the following day, when
laboratory testing was performed. Prior to measurement, each sample was left to stabilize

at the laboratory temperature of 20 °C.

2.2. Instrumentation and NIR spectra acquisition

The NIR spectra of the in-shell and shelled sweet and bitter almonds were taken
using two portable handheld NIRS instruments of different optical designs, both suitable
for the in situ analysis of the product (Table 1).

Initially, a compact, handheld instrument based on diode-array technology
(Aurora spectrophotometer, GraiNit S.r.l., Padova, Italia) was used. The
spectrophotometer works in reflectance mode in the spectral range 950-1650 nm, taking
data every 2 nm, with an optical window of 1256 mm?. The sensor integration time was
6.57 ms and each spectrum was the mean of 50 scans. This instrument has an internal
reference, which facilitates easy calibration. Acquisition of the spectra was carried out by
means of the UCal 4™ software (Unity Scientific LLC, Milford, MA, USA). Each sample
of in-shell and shelled almonds was uniformly distributed on a white plastic tray covering
the whole surface, and two modes of analysis were tested: static and dynamic. For the
analysis in static mode, the sensor was placed at 4 different points in the tray and the
equipment was kept still in contact with the almonds while the spectrum was recorded.

Thus, a total of 4 measurements were taken per sample. In the dynamic mode, the 4
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spectra taken per sample were obtained by moving the sensor in contact with the almonds
along the tray, at a speed that enabled us to cover the entire area of the tray. In both cases,
the 4 spectra were averaged to provide a mean spectrum per sample in the two analysis
modes.

Spectra of the almonds were also taken using a spectrophotometer that
incorporates the Linear Variable Filters (LVF) technology as the dispersion element
(MicroNIR™ Pro 1700, VIAVI Solutions, Inc., San Jose, California, USA), which works
in reflectance mode in the spectral range 908 to 1676 nm with a constant interval of 6.2
nm. This portable miniature spectrophotometer is extremely light (64 g, not including the
150 g handle and the acquisition and data processing device), with an optical window of
around 227 mm?. The sensor integration time was set at 11 ms and each spectrum was the
mean of 200 scans. Spectra acquisition was carried out using the VIAVI MicroNIR
software Pro version 2.2 (VIAVI Solutions, Inc., San Jose, California, USA). The
instrument’s performance was checked every 10 min. A white reference measurement
was obtained using a NIR reflectance standard (Spectralon™) with 99 % diffuse
reflectance, while a dark reference was obtained from a fixed point on the floor of the
room. For in-shell and shelled almonds, the analyses in static and dynamic modes were
also carried out following the same procedure described above, with the only difference
that in the static mode, six spectra were taken per sample, due to the smaller spectral
window of this instrument. Next, the spectra were averaged to obtain a mean spectrum
per sample for each presentation form (in-shell and shelled almonds) and analysis mode

(static and dynamic).

2.3. Reference data
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The fatty acid (FA) profile was measured by capillary gas chromatography of the
fatty acid methyl esters (FAMEs). These FAMEs were prepared by trans-esterification
with KOH according to the official Commission Regulation (EEC) No 2568/91, Annex
X (OJEC, 1991). The FAMESs were separated using a gas chromatograph Alignent 7890A
(Agilent Technologies, Inc., Santa Clara, CA, USA) and afterwards detected using a
flame ionization detector (FID), equipped with a capillary column (RESTEK Rtx2320 60
m x 0.25 mm i.d.) and 0.20 pum film thickness (RESTEK, Bellefonte, PA, USA). The
carrier gas was helium and the flow rate was 1 mL min. The temperatures of the injector
and detector were maintained at 250 °C and 260 °C, respectively. The initial column
temperature was 175 °C for 19 min. The oven temperature was gradually increased from
175 °C to 200 °C at 5 °C min™ ramp rate, and it was maintained at 200 °C for 15 min.
Injection volume was 1.0 pL. FAME identification was based on retention times as
compared with those of the standard FAME mixture (Sigma-Aldrich, Madrid, Spain). For
calibration development, only the four main fatty acids in almond composition were used,
i.e. palmitic (C16:0), stearic (C18:0), oleic (C18:1) and linoleic (C18:2) acids. The

relative concentration of each acid was expressed as the percentage of total fatty acids.

2.4. Data processing

Data pre-processing and chemometric treatments were performed using the

WinlSI 11 software package version 1.50 (Infrasoft International LLC, Port Matilda, PA,

USA) (ISI, 2000).

2.4.1. Spectral repeatability



191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

Different procedures were evaluated to determine the spectrum quality for both
instruments using the root mean square (RMS) statistic, which is defined as the averaged
root mean square of differences between the different subsamples scanned at the n
wavelengths (Shenk and Westerhaus, 1995b, 1996). This statistic indicates the similarity
between different spectra of a single sample. Initially, four spectra were taken at the same
point of the sample for the two sample presentations studied (in-shell and shelled
almonds). A total of 10 samples of in-shell and shelled almonds were used. Next, 10
samples of in-shell and shelled almonds were analysed by taking four spectra in static and
dynamic modes using the diode-array spectrophotometer and six and four spectra in static
and dynamic modes, respectively, using the LVF instrument, following the procedure for
obtaining spectral information explained in Section 2.2. An admissible limit for spectrum
quality and repeatability was set following the procedure described by Martinez et al.
(1998) to calculate the standard deviation limit (STDjimit) from the RMS statistic and
obtain an RMS cut-off value. The SDTiimit values for the different analysis modes, sample
presentations and instruments were compared for the two alternatives using Fisher’s F
test (Mark and Workman, 2003). F critical was calculated considering 9 degrees of

freedom and P = 0.05.

2.4.2. Quantitative models: definition of sets, calibration and validation procedures
Initially, the structure and spectral variability of the population was studied to
select the calibration and internal validation sets for this study. To achieve this, the
CENTER algorithm was used. This algorithm finds the centre of the spectral population
and calculates the Mahalanobis distance (GH) between each sample and the centre of the
population, expressed in principal components (Shenk and Westerhaus, 1995a). The

CENTER algorithm was applied separately for each of the eight available groups (in-shell
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and shelled almonds analysed in static and dynamic modes with both instruments). A
combination of mathematical pre-treatments was applied — standard normal variate
(SNV) and de-trending (DT) for scatter correction (Barnes et al., 1989), together with the
1,5,5,1 derivative treatment, where the first digit is the number of the derivative, the
second the gap over which the derivative is calculated, the third the number of data points
in a running average or smoothing, and the fourth the second smoothing (Shenk and
Westerhaus, 1995b). Those samples with high GH values (GH > 3.5) were identified as
anomalous or spectral outliers, for the different presentation forms and analysis modes.
The study of outliers was carried out together, excluding the same samples in all the
groups if their removal was justified. Having ordered the sample set by spectral distances
and, once the spectral outliers were removed from all the sets, the structured selection of
the calibration and internal validation sets was carried out following the procedure
outlined by Shenk and Westerhaus (1991). To achieve this, in order to match the
calibration and internal validation sets with the same samples and, consequently, to be
able to compare the prediction accuracy of the quantitative models, 1 out of every 4
samples was selected from the set of shelled almonds analysed in dynamic mode using
the LVF spectrophotometer to build the internal validation set, while the remaining
samples were used to build the calibration set. Likewise, the same samples were selected
from the other seven groups to constitute their respective calibration and internal
validation sample sets.

The prediction of the main four fatty acids (palmitic, stearic, oleic, and linoleic)
in in-shell and shelled almonds analysed in static and dynamic modes was devised using
MPLS regression with five cross validation groups (Shenk and Westerhaus, 1995a). The
full spectral range of the instruments was used. For each of the four fatty acids analysed,

two derivative treatments (1,5,5,1 and 2,5,5,1), in combination with SNV and DT for

10
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scatter correction, were tested. The best models were selected by assessing their
performance using the coefficient of determination for cross validation (R%), the
standard error of cross validation (SECV), and the residual predictive deviation for cross
validation (RPD.y), calculated as the ratio of the standard deviation (SD) of the reference
data for calibration to the SECV. In addition, the regression coefficients for the best
calibration models for the four fatty acids in shelled almonds analysed in dynamic mode
using the diode-array spectrophotometer were also assessed in order to identify those
wavelengths contributing most to the prediction of the parameters evaluated (Martens and
Naes, 1989).

To identify the most suitable spectrophotometer, analysis mode (static or
dynamic), and sample presentation (in-shell or shelled) for the in situ prediction of the
fatty acid composition in almonds, tests were run to identify potential differences between
the models developed. To that end, the SECV values for the best models previously
selected for the four fatty acids studied were compared using Fisher’s F test (Mark and
Workman, 2003), with P = 0.05. Those models obtained using the most suitable analysis
mode and sample presentation for the prediction of the four fatty acids in the in-shell and
shelled almonds analysed with both instruments were selected using the statistical criteria
mentioned above, and later subjected to internal validation following the protocol

outlined by Windham et al. (1989) and the internal validation sets previously selected.

3. Results and discussion

3.1. Spectral analysis of the almonds and spectral repeatability

11
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The raw spectra and mean second derivative absorbance spectra of the in-shell
and shelled almonds analysed in dynamic mode using both instruments, together with the
most relevant absorption bands (Fig. 1) showed, in the NIR region, a peak at around 1150
nm, which corresponds to the C-H bonds of aromatic compounds, a peak at around 1200
nm that corresponds to the presence of lipids, and a peak at 1410 nm related to the first
overtone absorbance of the O-H functional groups (Shenk et al., 2008).

Studying the quality and repeatability of the collected spectra is a key step in the
attempt to build accurate, robust models for the characterization of almonds. For the first
procedure tested (analysing 10 in-shell and shelled almond samples and taking four
spectra of each of them at the same point), the STDjimit values obtained for in-shell and
shelled almonds when the diode-array instrument was used were 23,300 plog (1/R) and
23,072 plog (1/R), respectively. No significant differences were found between these
values (P > 0.05). Likewise, when the analysis was carried out using the LVF instrument,
the ST Diimit Values obtained for in-shell and shelled almonds were 23,839 plog (1/R) and
24,721 plog (1/R), respectively, which were proved not to be significantly different (P >
0.05). This indicates that the repeatability of the instruments was not affected by the type
of sample analysed when the spectra were acquired at the same point of the sample. In
addition, no significant differences (P > 0.05) were found when the results obtained for
both instruments for in-shell and shelled almonds were compared.

Likewise, we studied the influence in the spectral quality of the analysis mode
(static or dynamic) in the in-shell and shelled product analysed with both instruments on
the STDiimit statistic. In all cases, the STDiimit value was significantly higher (P < 0.05)
for those samples analysed in static mode (Table 2). This was to be expected, since a
greater quantity of the sample can be analysed in dynamic mode, and the potential

differences between kernels of the same sample would be minimised after averaging the

12
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50 or 200 scans taken by the diode-array and LFV spectrophotometers per sample
analysed, respectively. Next, the sample presentation form was assessed, considering only
the dynamic mode of analysis. The STDimi: values obtained using the diode-array
instrument were shown to be significantly lower (P < 0.05) for those samples analysed in
the shelled almonds compared to those analysed in-shell. The light interaction with the
almond shell could favour the scatter effect, by which the part of the light which falls on
the sample cannot be collected by the detectors and is lost. Additive and multiplicative
effects can be observed in the spectra of the samples analysed in-shell (Fig. 1A), with
these samples showing higher absorbance values. These effects could partially account
for the difference between the STDiimit statistical values of the in-shell and shelled
samples, since the occurrence of more or less light scattering when analysing the sub-
samples of in-shell almonds could lead to greater differences and, therefore, less
repeatability. Furthermore, the shape of the in-shell almonds made the surface of the
samples on which the NIRS analysis was carried out less homogeneous than in the case
of the shelled almonds, making it more difficult to analyse the in-shell almonds. Similar
comments can be made regarding the spectra taken with the LVF device (Fig. 1B),
although in this case the differences found were not significant (P > 0.05). Furthermore,
a comparison between the two instruments used in this study was carried out. To perform
this comparison, the best analysis mode and sample presentation form in terms of STDjimit
(shelled product and dynamic mode) were considered. The diode-array instrument
presented significantly lower values (P < 0.05) for STDiimit compared to the LVF
instrument, which may reflect differences in the measuring area (1256 mm? versus 227
mm?). This is because the diode-array instrument has a larger window size and detects a
greater variability in each spectrum taken, which may cause the differences between the

different spectra of the same sample to be smaller.
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The results obtained showed the importance of considering the sample variability
when a STD limit for collected spectra has to be established. Consequently, in this study,
the STD limits were chosen when the spectra were taken at different points (static mode)
of the sample or moving the sensor in contact with the almonds along the tray (dynamic
mode), since when the spectra were taken at the same point of the sample, only the
repeatability of the instrument itself was being evaluated, rather than the influence of the
heterogeneity of the sample. In addition, it must be noted that the influence of the
heterogeneity of the sample could be minimised when the analysis is carried out in

dynamic mode.

3.2. Population characterization

Prior to the selection of samples to build the calibration and validation groups, we
identified a total of four outliers belonging to the four groups of in-shell samples analysed
(GH > 3.5). A detailed study of the spectral outliers showed that these samples presented
extreme reference values for palmitic, oleic and linoleic acids. These four outliers were
removed from the eight sets of almonds.

The selection protocol outlined by Shenk and Westerhaus (1991) proved suitable,
in that the calibration and validation sets displayed similar values for range, mean and SD
for all the studied parameters. Additionally, the validation set ranges lay within those of
the calibration set (Table 3). Those parameters with the greatest variability were stearic
(CVcaiibration = 20.28 %; CVvalidation = 20.93 %), and linoleic acids (CVcalibration = 18.07 %;
CVvalidation = 14.04 %), whereas palmitic (CVcaiibration = 9.36 %; CVvalidation = 7.95 %) and
oleic (CVcalibration = 6.33 %; CVvalidation = 4.86 %) acids showed a lower variability. These

differences in variability could be associated to the almond cultivars analysed in this
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study. These results are in line with those reported by Zamany et al. (2017) in a study on
the fat composition of 20 almond cultivars, who indicated the existence of significant
differences (P < 0.05) between the percentages of palmitic, stearic, oleic and linoleic acids

in these cultivars, and that the stearic and linoleic acids showed the greatest variability.

3.3. Development of models and cross validation results for the prediction of the fatty

acid composition in almonds using MPLS regression

The results for the prediction of the saturated fatty acid (SFA) content (Table 4),
showed, as regards palmitic acid content, that the models developed using in-shell
almonds analysed with the diode-array instrument in static and dynamic modes would
enable us to discriminate between high, medium and low values of the parameter tested,
whereas for the LVF instrument, the models for in-shell almonds in both modes of
analysis would allow us to distinguish between low and high values of this acid (Shenk
and Westerhaus, 1996; Williams, 2001). Additionally, the predictive capacity of the four
models (product analysed in static and dynamic modes with both instruments) developed
for the prediction of this fatty acid in shelled almonds could be considered as good (Shenk
and Westerhaus, 1996; Williams, 2001), which means that these results would allow us
to determine the almonds’ palmitic acid content with a similar precision to that obtained
using the traditional reference methods, and consequently, our models would meet the
quality standards established by the industry. All the models devised for the prediction of
stearic acid in in-shell almonds using the two instruments tested showed a predictive
capacity which allowed the samples to be classified as high, medium and low values.
Besides that, models with good predictive capacity were obtained for shelled almonds

analysed in dynamic mode, whereas for the static mode, the models allowed us to classify
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the product into high, medium and low content of stearic acid, also using both instruments
(Shenk and Westerhaus, 1996; Williams, 2001). Nicolai et al. (2007) indicated that RPDcy
values between 1.5 and 2 could discriminate between low and high values of the predicted
variable, while a value between 2 and 2.5 indicates that coarse quantitative predictions
are possible. Measuring these SFAs is of key importance, since they regulate the oxidation
and deterioration of the almond postharvest, with those almonds with high levels of SFAs
being less susceptible to lipid oxidation and accelerated deterioration (Pleasance et al.,
2018). However, SFAs can have negative effects on the human cardiovascular system, as
they increase low-density lipoprotein cholesterol (LDL-c) (Zock, 2006; Kodad and Socias
i Company, 2008), which makes it necessary to quantify these SFAs in food products.
Nevertheless, in the almonds analysed in this study, palmitic acid represented 6.52 + 0.59
% and stearic acid 2.11 + 0.45 %.

The results for the prediction of the monounsaturated (oleic acid) fatty acid
(MUFA) and polyunsaturated (linoleic acid) fatty acid (PUFA) content (Table 5) showed,
with regard to oleic acid, that the predictive capacity of the models developed for in-shell
almonds with both instruments in dynamic mode was considered as good. Additionally,
the results obtained for the prediction of this acid in shelled almonds using the diode-
array instrument in dynamic mode showed an excellent predictive capacity, according to
Shenk and Westerhaus (1996) and Williams (2001). For linoleic acid, the models
developed using in-shell almonds analysed with the diode-array instrument in dynamic
mode and those performed with the LVF instrument, in both static and dynamic modes,
had a predictive capacity which can be considered as good when interpreting the
coefficient of determination of cross validation, as proposed by Shenk and Westerhaus

(1996) and Williams (2001). Likewise, the predictive models for shelled almonds
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analysed with the diode-array instrument in dynamic mode showed an excellent
predictive capacity (Shenk and Westerhaus, 1996; Williams, 2001).

Therefore, the models developed in this study are of great interest to the industry
since they would enable us to estimate the shelf life of almonds and their quality
throughout the postharvest period, serving as a means of supporting decision-making
when managing batches of the product.

The comparisons carried out to identify the best sample presentation form,
analysis mode and instrument used (Table 4 and Table 5) showed that the sample
presentation form actually influenced the predictive capacity of the models. The SECV
values obtained were shown to be equal or significantly lower (P < 0.05), for all the
models developed using spectra from shelled almonds, than the values for in-shell
almonds, as could be expected. Nevertheless, promising results were obtained for the in
situ analysis of almond samples when they are received in the industry before they are
shelled and processed. This is of major importance, since prior to any industrial
processing, NIRS could provide information about the quality of the almonds received.
The results obtained using the dynamic mode of analysis produced, in all cases, equal or
significantly better results (P < 0.05) compared to the static mode of analysis. The reason
for this could be the greater amount of the sample analysed in dynamic mode, so that a
more representative spectrum was obtained from the sample under analysis. The results
also showed (Table 4 and Table 5) that although the predictive capacity of both
instruments used was fairly similar for most of the models obtained, significant
differences (P < 0.05) were found for the prediction of palmitic acid in in-shell almonds
in dynamic mode and for the prediction of oleic and linoleic acids in shelled almonds in
dynamic mode, with the diode-array instrument showing a better prediction capacity. As

explained in previous sections, this could be due to the differences in the area of the
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optical windows of the instruments tested, as well as to the fact that the measurement
interval along the spectral range is lower in the diode-array (2 nm) than in the LVF (6.2
nm).

The contributions of individual wavelengths to the prediction of the main four
fatty acids in shelled almonds analysed using the diode-array instrument in dynamic mode

(Fig. 2) showed that the regions around 1160-1200 nm and 1500-1600 nm, which can be
related to the second overtone of C—H bonds and first overtone and combination bands of
the —OH group, respectively (Shenk et al., 2008; Prades et al., 2012), were of considerable

importance.

3.4. Internal validation

The calibration models obtained using both spectrophotometers and the best
analysis mode (dynamic) were subjected to an internal validation procedure.

Although the best calibration models were obtained for the shelled almonds,
owing to the importance of the screening of the almonds quality at the reception points in
the processing industries, the best models obtained for the prediction of the fatty acid
profile in in-shell almonds using both instruments were also internally validated (Fig. 3
and Fig. 4). According to Nicolai et al. (2007), based on the residual predictive deviation
for prediction (RPDp) values calculated as the ratio of the SD to the standard error of
prediction (SEP), the models developed for the prediction of stearic acid in in-shell
almonds using the diode-array instrument could discriminate between low and high
values of this FA, while for palmitic acid using both instruments and for oleic and linoleic
acids when the LVF instrument was used, the capacity of the developed models was low.
The results obtained for the prediction of stearic acid using the LVF instrument and for

the models developed for the prediction of oleic and linoleic acids using the diode-array
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instrument showed that coarse quantitative predictions were possible for these acids.
Following the protocol of Windham et al. (1989), the slope values for the four FAs when
the models were devised with the diode-array instrument and for the palmitic, oleic and
linoleic acids when the LVF instrument was used, did not fall within the recommended
interval values, despite being close. As a result, these equations can be taken as a first
step in the in situ measurement of the quality of almonds when they are received in the
industry using a handheld instrument, since all the models met with the other validation
requirements, R%, > 0.6 (except the ones devised for palmitic acid with both instruments
and the one developed for oleic acid using the LVF instrument), and SEP(c) and bias lay
within the confidence limits. Furthermore, the equation developed to predict stearic acid
content using the LVVF instrument could be applied routinely, since it met all the validation
requirements established by Windham et al. (1989). Although no previous studies for the
prediction of the fatty acid profile in intact in-shell and shelled almonds have been found
in the literature, similar studies involving other products such as other in-shell nuts can
be highlighted. Sundaram et al. (2010) measured the fatty acid composition of Valencia-
type in-shell peanuts using a monochromator working on reflectance in a spectral range
of 400-2500 nm, and reported better results for palmitic (RPDy = 2.85; SEP = 1.56 %),
stearic (RPDyp = 3.02; SEP = 0.53 %), oleic (RPDy = 3.72; SEP = 4.48 %), and linoleic
(RPDp =2.30; SEP = 7.76 %) acids than those obtained in this study. However, in addition
to using a NIRS laboratory instrument with different benefits from those tested here, it is
important to take into account other factors such as the type of fruit analysed and the type
of shell of each product, since peanuts have a thinner shell than almonds.

Internal validation statistics for the best models for the four fatty acids tested, for
shelled almonds analysed in dynamic mode using both instruments (Fig. 5 and Fig. 6),

showed that the models developed for the prediction of palmitic and stearic acids with
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both instruments met the validation requirements established by Windham et al. (1989)
in terms of R%, (R%, > 0.6) and slope (1.10 > slope > 0.90), while SEP(c) and bias lay
within the confidence limits. Consequently, these equations could guarantee accurate
prediction and could be applied in routine analysis. However, the slope values of the
models devised with both instruments for the prediction of oleic and linoleic acids did not
meet the validation requirements established by these authors, despite being extremely
close. Therefore, these models could be considered as a first step in the in situ
measurement of the oleic and linoleic content in intact shelled almonds. The similarity in
the SEP and SECV values confirms that the latter statistic is a good estimator of the SEP
(Shenk et al., 1989). The RPD, values obtained for the four fatty acids when the LVF
instrument was used indicate that coarse quantitative predictions are possible. When the
models were devised using the diode-array spectrophotometer, the RPD, values obtained
for stearic and linoleic acids correspond to a good prediction accuracy of the models,
while the RPDy values for palmitic and oleic acids indicate that an excellent prediction
accuracy could be obtained using those models (Nicolai et al., 2007). In a study conducted
by Ferndndez-Cuesta et al. (2013), a monochromator working in reflectance in the
spectral range of 400-2500 nm was used to measure the palmitic (RPD, = 1.41; SEP =
0.34 %) and stearic (RPDp = 1.44; SEP = 0.34 %) acids content in ground almonds. The
results reported by the authors were inferior to the ones obtained here for the prediction
of these SFAs in intact shelled almonds, despite the fact that they analysed ground
samples, while in the present study intact samples were analysed, making the application
developed here more challenging. In addition, the results of this research were an
improvement on those reported by Fox and Cruickshank (2005), who measured the oleic
(RPDp = 2.81; SEP = 6.4 %) acid content in shelled peanuts using a monochromator

working on reflectance in the spectral range of 400-2500 nm. Davrieux et al. (2010)
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developed NIRS models for the prediction of fatty acids in ground shea tree nuts. The
results here obtained surpass those reported by these authors for palmitic (RPDp = 1.30;
SEP =0.53 %) and linoleic (RPDp =1.71; SEP = 0.78 %) acids. However, the results they
obtained for the prediction of stearic (RPDp = 6.26; SEP = 1.19 %) and oleic (RPDy =
7.91; SEP = 0.90 %) acids were better than those obtained in this study. The oleic acid
they found (CVva = 14.31%) exhibited a greater variability than that obtained in our
study, which according to Shenk et al. (1997) would enable them to obtain more robust
models. In addition, the different sample presentation form (powder), the type of nut and
the instrument (monochromator working in the 400-2500 nm range) used by these authors

should also be noted.

4. Conclusions

The results obtained demonstrated the viability of NIRS technology for the in situ
measurement of the fatty acid profile of intact in-shell and shelled almonds, permitting
the measurement of the quality and freshness of the nuts at the moment when the product
is received by the industry. Nevertheless, further studies are needed in order to improve
the robustness of the calibration models.

NIRS technology would enable us to study the evolution of the oleic and linoleic
acid contents during the postharvest storage, which is an indicator of the products’
freshness, and could act as a support system for decision-making in the management of
product batches. The portability of these miniaturized systems means that they can be
used for the integrated control of this product, permitting the fatty acid profile to be
included on the labelling of the product as an element of nutritional quality, thus satisfying

consumer demand for safe, healthy food.
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The tests carried out in this study have shown that, in order to obtain the best
results, the NIRS analysis of the samples must be carried out dynamically, after the
almonds have been shelled. Nevertheless, the models developed in this study using in-
shell almonds reported promising results for the in situ analysis of almond samples before

they are shelled and processed.
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717

718

719

Table 1

Technical features of the diode-array and LVF spectrophotometers.

Property Instrument
Aurora MicroNIR™ Pro 1700
Detector type 256-pixel InGaAs 128-pixel InGaAs

Dispersion element
Wavelength range (hm)
Resolution (hm)

Sampling integration time (ms)
Weight (kg)

Analysis mode

detector
Diode-array
950-1650
2
6.57
2
Reflectance

photodiode array
Linear variable filter
908-1676
6.2
11
64-10°3
Reflectance
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720 Table 2
721 Fisher’s test results for the analysis of the STDiimit values for the two analysis modes

722  carried out.

Instrument Almond presentation Analysis mode 8 SDTimit F Feritical
Diode-array In-shell Static 126,528 5.91* 3.18
Dynamic 52,026
Shelled Static 49,461 7.49* 3.18
Dynamic 18,068
Linear In-shell Static 169,326 10.60* 3.18
variable filter Dynamic 52,014
Shelled Static 96,347 4.67* 3.18
Dynamic 44,605

723 @ standard deviation limit.
724 * Significant differences (P < 0.05)

725
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729

730

Table 3

Number of samples, range, mean, standard deviation (SD) and coefficient of variation

(CV) for the fatty acids studied in the calibration and validation sets.

Acid (%) Set N Range Mean SD CV (%)
Palmitic Calibration 106  5.32-7.70 6.52 0.61 9.36
Validation 35 5.34-7.40 6.54 052 7.95
Stearic Calibration 106 1.47-3.39 212 043 20.28
Validation 35 1.59-3.30 2.15 045 20.93
Oleic Calibration 106  59.32-76.24 69.78 442 6.33
Validation 35 62.69-75.97 70.15 341 4.86
Linoleic Calibration 106  15.34-29.98 20.64 3.73 18.07
Validation 35 15.60-25.63 20.23 284 14.04
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Table 4

Calibration statistics for the best equations obtained for the prediction of saturated

(palmitic and stearic) fatty acids in in-shell and shelled almonds.

Acid (%)  Instrument Almond Analysis Mean aLV  PR%, C°SECV* 9RPD
presentation mode
Palmitic Diode-array In-shell Static 6.52 5 0.51 0.432 1.43
Dynamic  6.48 6 0.66  0.35° 1.73
Shelled Static 6.50 10 0.77 0.29¢ 2.09
Dynamic 6.51 11 0.83 0.26°¢ 2.40
Linear variable  In-shell Static 6.52 7 0.41 0.472 1.30
filter Dynamic  6.52 9 0.49 0.442 1.40
Shelled Static 6.51 8 0.82  0.26° 2.36
Dynamic 6.52 7 0.82 0.26° 2.33
Stearic Diode-array In-shell Static 211 6 0.57 0.28? 1.52
Dynamic  2.08 7 0.66  0.23% 1.73
Shelled Static 211 12 058  0.27® 1.55
Dynamic  2.11 13 0.79  0.19¢ 2.16
Linear variable  In-shell Static 2.08 5 057  0.25%c 1.52
filter Dynamic 2.10 7 0.60 0.26% 1.59
Shelled Static 2.12 9 059  0.27%® 1.56
Dynamic  2.10 7 0.70  0.22¢ 1.83

* The coincidence of any of the superscript letters in the different SECV values of the same fatty acid indicates that no
significant differences were found (P > 0.05) between those values. 2 LV: Number of latent variables; ® R%y: coefficient
of determination of cross validation; ¢ SECV: standard error of cross validation; ¢ RPDcv: residual predictive deviation

for cross validation.
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Table 5

Calibration statistics for the best equations obtained for the prediction of

monounsaturated and polyunsaturated fatty acids in in-shell and shelled almonds.

Acid (%)  Instrument Almond Analysis Mean aLV  PR%, C°¢SECV* 9RPD
presentation  mode
Oleic Diode-array In-shell Static 70.11 7 0.68 2.402 1.77
Dynamic 70.11 6 0.75 2.142 2.02
Shelled Static 69.92 8 0.75 2.19? 1.99
Dynamic 69.81 13 0.94 1.11° 3.98
Linear variable  In-shell Static 69.98 8 0.68 2.512 1.78
filter Dynamic 69.90 7 0.73 2.322 1.91
Shelled Static 70.02 8 0.73 2.20? 1.92
Dynamic 69.86 9 0.87  1.59° 2.78
Linoleic Diode-array In-shell Static 20.33 8 0.65 2.09? 1.70
Dynamic 20.35 6 0.76 1.79% 2.03
Shelled Static 20.66 16 0.76  1.86% 2.02
Dynamic 20.63 11 0.93 1.004 3.77
Linear variable  In-shell Static 20.44 9 072  1.97%® 1.88
filter Dynamic 20.53 9 0.78 1.75P 211
Shelled Static 20.42 8 0.68 1.99% 1.77
Dynamic 20.58 9 0.86 1.41° 2.65

* The coincidence of any of the superscript letters in the different SECV values of the same fatty acid indicates that no
significant differences were found (P > 0.05) between those values. 2 LV: Number of latent variables; ® R?%: coefficient
of determination of cross validation; ¢ SECV: standard error of cross validation; ¢ RPDcv: residual predictive deviation

for cross validation.
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750

751

752

Fig. 1. Log (1/R) spectra for in-shell and shelled almonds analysed in dynamic mode using the

diode-array (A) and the linear variable filter (B) spectrophotometers and D, Log(1/R) mean

spectra for in-shell and shelled almonds analysed in dynamic mode using the diode-array (C) and

the linear variable filter (D) spectrophotometers.
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754

755

Fig. 2. Regression coefficients for the best calibration models for the prediction of palmitic (A), stearic (B), oleic (C) and linoleic (D) acids in shelled almonds

analysed with the diode-array instrument in dynamic mode.
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764

Fig. 3. Actual versus predicted data for the validation of the best models for the prediction of

palmitic, stearic, oleic and linoleic acids in in-shell almonds analysed with the diode-array

instrument in dynamic mode.
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Fig. 4. Actual versus predicted data for the validation of the best models for the prediction of

palmitic, stearic, oleic and linoleic acids in in-shell almonds analysed with the LVF instrument in

dynamic mode.
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Fig. 5. Actual versus predicted data for the validation of the best models for the prediction of

palmitic, stearic, oleic and linoleic acids in shelled almonds analysed with the diode-array

instrument in dynamic mode.
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Fig. 6. Actual versus predicted data for the validation of the best models for the prediction of

palmitic, stearic, oleic and linoleic acids in shelled almonds analysed with the LVF instrument in

dynamic mode.
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