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Abstract

Amygdalin is a cyanogenic compound found in almonds which gives them their bitter
taste. For the almond industry, it is important to prevent the presence of bitter almonds in
batches of sweet almond that can affect their commercialization and even consumer
safety. This study sought to ascertain the viability of near infrared spectroscopy (NIRS),
as a fast and reliable candidate for non-destructive and in situ quantification of amygdalin
levels and for classification of almonds by bitterness, when analysed in bulk. With that
purpose, in-shell and shelled sweet and bitter almonds were analysed in dynamic mode
using two new handheld NIRS instruments. As a first step, the amygdalin levels in in-
shell and shelled almonds were determined using modified partial least squares (MPLS)
and local regression algorithms. Next, classification models for bitterness were made
using partial least square discriminant analysis (PLS-DA). For the discrimination between
sweet and bitter almonds, two strategies to set up the optimum threshold were studied:
the mean value of the discriminant variables and the value calculated using the Receiver
Operating Characteristic (ROC) curves. The results for measuring amygdalin in shelled
almonds showed that NIRS technology, using both regression algorithms, is a robust
technology for inspection purpose at an industrial level. Additionally, excellent
performances were obtained for the classification models of the two in-shell and shelled
almond groups analysed in bulk with both instruments, with better results when the

threshold values obtained from the ROC curves were applied.

Keywords: In-shell and shelled almonds; In situ bulk NIRS analysis; Amygdalin content;

Discriminant analysis; ROC curve optimum threshold
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1. Introduction

Almonds can be divided into two distinct groups: sweet almonds and bitter
almonds. The bitter taste of almonds is due to the presence of cyanogenic compounds,
such as amygdalin (D-mandelonitrile-2-D-gentiobioside), which is present in almond
kernels, and its precursor, prunasin. The prunasin is a monoglycoside present in the roots,
leaves and kernel of unripe almonds, which turns into amygdalin during the ripening
process (Frehner et al., 1990; Barceloux, 2009). Both compounds are highly toxic and
directly influence the product’s sensory qualities and acceptability (Arrazolaetal., 2012).

Chewing brings amygdalin into contact with the emulsine present in saliva, a 3-
glucosidase, which breaks this compound down into B-D-glucose, benzaldehyde, and
hydrogen cyanide. The benzaldehyde is responsible for the bitter taste and the hydrogen
cyanide can cause toxicity. In addition, the consumption of these compounds can lead to
poisoning, depending on the amount of bitter almonds ingested (Morant et al., 2008;
Mouaffak et al., 2013).

Therefore, the possible existence of bitter almonds in batches of sweet almond can
lead to problems in their commercialization and can even affect consumer safety. This
accounts for the need to prevent bitter almonds from being processed at an industrial level
together with the sweet almonds. However, there is a great variability in the sweet almond
batches due to the heterogeneity of shapes, weights and sizes, as well as their variable
nutrient composition, which is mainly derived from the variety to which they belong. This
variability makes it extremely difficult for the handling and processing industry to classify
them correctly (Yada et al., 2013; Arrdzola-Paternina et al., 2015).

Currently, the analytical technique used officially to measure the cyanogenic
compounds found in these nuts is high performance liquid chromatography (HPLC),

which requires a previous extraction process by which the almond has to be shelled before
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the levels of amygdalin and prunasin can be measured (Lee et al., 2013; Xu et al., 2017,
Cortés et al., 2018a). This analytical technique is complex, destructive, highly expensive
and time consuming to obtain results. It therefore does not allow real-time responses to
be obtained, nor is it affordable for all almond processing industries.

For these reasons, the industry currently needs the development, fine-tuning and
implementation of faster, cheaper, non-destructive, reliable analytical methodologies to
detect bitter almonds which are simpler to use routinely and non-polluting, both in the in-
shell and the shelled product. Near infrared spectroscopy (NIRS) is one of the most
suitable analytical technologies for this purpose, since it combines speed in its
measurements with great versatility, rapid data collection and low cost per sample
(Sanchez and Pérez-Marin, 2011). This technology is also highly versatile and allows to
analyse the different parameters simultaneously and instantaneously with a single
spectrum and give information at different points in the value chain about the quality and
authentication of the product analysed in situ. In addition, thanks to advances in the
instrumentation over recent years, portable NIRS instruments are now available (Teixeira
Dos Santos et al., 2013; Pasquini, 2018; Yan and Siesler, 2018; Cortés et al., 2019; Be¢
et al., 2020).

A number of published works have evaluated the use of NIRS technology in
different areas of almond production: for diagnosing fungal diseases in seeds using the
Foss NIRSystem 6500 spectrophotometer, which is suitable for analysing laboratory
samples (Liang et al., 2015); for assessing damage to raw almonds using the MicroNIR
2200, a portable instrument suitable for in situ product analysis (Rogel-Castillo et al.,
2016); for classifying sweet and bitter almonds using the FT-NIR MB160PH Aridzone

instrument (Borras et al., 2014); and for predicting the amygdalin content and its varietal
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differentiation in almonds analysed with the AvaSpec-NIR256-1.7 NIRLine instrument
(Cortés et al., 2018a, b).

However, these previous works have all been carried out in individual, previously
shelled kernels, and not in batches of the product, as required by the industry. In addition,
no published studies have been found which deal with in-shell almonds. However, the
study of both in-shell and shelled almonds in bulk is of maximum interest since it involves
a practical application of NIRS technology in the almond industry. This would allow to
measure the amygdalin content in product batches and to discriminate between batches
of sweet and bitter almonds when they are received by the industry and throughout the
production process.

The aim of this research work was to assess the viability of NIRS technology for
measuring the amygdalin content in almonds and for differentiating between sweet and
bitter in-shell and shelled almonds, analysed in bulk. At the same time, the performance
of two portable latest generation NIRS instruments with different optical designs, which
are suitable for in situ analysis of the product, was compared to identify the most suitable

spectrophotometer for these purposes.

2. Materials and methods

2.1. Samples

A total of 145 in-shell almond samples, harvested during the season 2018-2019,

were used in this study. This set in turn was comprised of a group of 84 in-shell sweet

almonds (Prunus dulcis Mill., cv. ‘Antoneta’, ‘Belona’, ‘Guara’, ‘Lauranne’, ‘Soleta’ and

“Vairon’) and a group of 61 in-shell bitter almonds of different varieties. Additionally, 84
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samples of shelled sweet almonds, of the same varieties and batches as above were
analysed while the 61 in-shell bitter almond samples were later manually shelled and

analysed. Each sample was around 750 g.

2.2. NIR spectrum acquisition

The near infrared (NIR) spectra of the in-shell and shelled sweet and bitter
almonds were taken using two portable handheld NIRS instruments of different optical
designs and technical specifications; the Aurora spectrophotometer (GraiNit S.r.l.,
Padova, Italia) and the MicroNIR™ Pro 1700 (VIAVI Solutions, Inc., San Jose,
California, USA), both suitable for the in situ analysis of the product.

The Aurora spectrophotometer is a robust, compact, handheld instrument based
on diode array technology. This instrument works in reflectance mode in the spectral
range 950-1650 nm, taking data every 2 nm, with an optical window of 1256 mm?, and
has an internal reference, which facilitates calibration. In this work, the sensor integration
time was 6.57 ms and each spectrum was the mean of 50 scans. 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. Four spectra were taken per sample by moving
the sensor along the tray containing the almonds (dynamic analysis mode), covering the
entire area of the tray.

The MicroNIR™ Pro 1700 instrument was also used in this study. It is a light
portable miniature spectrophotometer which works in reflectance mode in the spectral
range 908 to 1676 nm with a constant interval of 6.2 nm. This instrument incorporates

Linear Variable Filters (LVF) technology as the dispersion element and has an optical
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window of around 227 mm?. In this work, 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 minutes. 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 analysis was carried out in
dynamic mode following the same procedure described above for the product uniformly
distributed on white plastic trays. Four spectra were also taken per sample.

Finally, the four spectra were averaged to obtain a mean spectrum per sample for

each presentation form and instrument.

2.3. Reference data

Prior to the extraction of amygdalin, 200 g of shelled almonds were ground in a
SK-3 Cutter-Blender (Sammic, Guipuzcoa, Spain) for 60 seconds. Then, 0.6 g of ground
almonds were inserted in a 50 mL screw cap tube and mixed with 15 mL of methanol.
After that, the mixture was homogenized using a T25 Ultra-Turrax (IKA-Werke Staufen,
Germany) for I minute. The extraction was performed under constant stirring for 24 hours
at 30 °C. Then, the tubes were centrifuged (Selecta Medifriger-BL, Barcelona, Spain) at
4000 rpm for 15 minutes at 6 °C. Next, the supernatant was filtered using a 0.45 pum
polytetrafluoroethylene (PTFE) syringe filter. The samples were extracted in duplicate
and stored at -80 °C for high performance liquid chromatography diode array detector
(HPLC-DAD) analysis. Additionally, the amygdalin standard was prepared by dissolving

the pure compound in methanol (1 g LY).
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Amygdalin determination was performed using in a HPLC Perkin Elmer series
200 (Waltham, MA, USA), consisting of an HPLC pump, a diode array detector (DAD),
and an autosampler operating at 4 °C, and following the method described by Cortes et
al. (2018a), with some modifications. Briefly, the amygdalin was separated on a 150 x
4.6 mm i.d. Luna 3 um C18 (2) column and a 4.0 x 3.0 mm guard column from Analytical
Phenomenex (Torrance, CA, USA) and maintained at 40 °C. In the mobile phases, A:
deionized water and B: acetonitrile, were pumped at a flow rate of 0.3 mL min using an
isocratic method (80 % A-20 % B) for 12 minutes. The injection volume was 10 uL and
detection was carried out at 218 nm. The linearity of the method was determined by a
regression analysis of the area versus the amygdalin concentrations. Thus, standard
solutions of amygdalin in concentrations ranging from 0.001 to 10 g L™ were prepared
and analysed in triplicate. The determination coefficients (R?) obtained for the standard

curves were higher than 0.9945.

2.4. Spectral data pre-processing and definition of calibration and validation sets

Data pre-processing and chemometric treatments were performed using the
WinlSI Il software package version 1.50 (Infrasoft International LLC, Port Matilda, PA,
USA) (ISI, 2000) and Matlab R2019a (The Mathworks, Inc., Natick, MA, USA).

The sample set used to carry out the quantitative models for amygdalin
determination consisted of 145 in-shell and 145 shelled samples. The structure and
variability of the population available was studied using the CENTER algorithm (Shenk
and Westerhaus, 1995a), which was applied to the four sets of in-shell and shelled

almonds analysed with both instruments used, previous to calibration development.



191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

The algorithm performs a principal component analysis (PCA) and calculates the
global Mahalanobis distance (GH) of each sample to the centre of the population in the
new n-dimensional space, which enables to sort the samples by their GH distance. An in-
depth study of those samples considered as potential outliers or anomalous spectra (GH
> 3.5) was carried out. The CENTER algorithm was applied using a combination of
mathematical pre-treatments — Standard Normal Variate (SNV) and De-trending (DT)
for scatter correction (Barnes et al., 1989), together with the 1,5,5,1 Norris derivative
treatment, where the first digit is the order of the derivative, the second is the gap over
which the derivative is calculated, the third is the number of data points in a running
average or smoothing and the fourth is the second smoothing (Shenk and Westerhaus,
1995h).

Having ordered the sample sets by spectral distances from smallest to largest from
the centre, a structured selection of the validation set, i.e. one out of every four samples
in the overall set of shelled almonds analysed with Aurora instrument, was performed
(Nvalidation = 35). The remaining samples were used to build the calibration set (Ncaiibration
= 110) (Shenk and Westerhaus, 1991). Similarly, these samples were then selected to
form the calibration and validation groups for the other three groups - i.e. the shelled
almonds analysed with Aurora and the in-shelled and shelled almonds analysed with

MicroNIR™ Pro 1700.

2.5. NIRS quantitative models for the prediction of amygdalin content using linear and

non-linear regression procedures

2.5.1. MPLS regression



215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

To develop the NIRS calibration models to predict amygdalin content in intact
almonds, the modified partial least squares (MPLS) regression with five cross-validation
groups was used (Fig. 1), using the combined pre-treatment of SNV + DT and first or
second derivative, 1,5,5,1 and 2,5,5,1 treatment (Shenk and Westerhaus, 1995a).

The best models were selected using the statistics, coefficient of determination for
cross validation (R%y), standard error of cross validation (SECV) and the residual
predictive deviation for cross validation (RPDcv), and were then subjected to an external
validation process. For this, the validation samples were used, and the external validation
protocol proposed by Windham et al. (1989) was applied to assess their predictive

capacity.

2.5.2. LOCAL algorithm

In addition, in this study, we applied a non-linear regression method based on local
calibrations. Thus, the LOCAL algorithm (ISI, 2000) was used to predict amygdalin
content in shelled almonds analysed with the two handheld instruments tested (Fig. 1).

LOCAL algorithm works by selecting, for each sample to be predicted, those
samples which belong to the spectral library available and most resemble the unknown
sample. The selected samples are then used to compute a specific calibration equation for
each sample to be predicted, based on PLS regression (Shenk et al., 1997; Pérez-Marin et
al., 2007).

The calibration samples were selected taking into account the coefficient of
correlation value between the spectrum of the unknown sample and those comprising the
spectral data base (Shenk et al., 1997). The parameters defined to run and optimize the
algorithm for this study of viability were: the number of calibration samples (k) from 30

to 50 in steps of 10, the minimum number of calibration samples, fixed at 15, the

10
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maximum number of PLS factors (I), which was set at eight, and the number of the first
PLS factors to be removed, fixed at three. Furthermore, the same mathematical signal
pre-treatments indicated for MPLS regression were also evaluated.

The coefficient of regression for prediction (Rp?), the standard error of prediction
(SEP), the bias, the standard error of prediction corrected for bias (SEP(c)) and the slope
value were all used to assess the performance of the LOCAL algorithm using the different
settings defined above. After that, the accuracy of prediction of the LOCAL algorithm

was compared to the SEP and Ry? of MPLS regression.

2.6. Study of the sweet and bitter almond population and construction of NIRS

classification models

The discriminant study of the sweet and bitter almonds was carried out using a set
of 139 samples (84 sweet and 55 bitter almond samples). In a study conducted by the
California Almond Board it was established that semi-bitter and bitter almonds had an
amygdalin content of 520-1800 mg kg and superior to 33,000 mg kg, respectively (Lee
et al., 2013). Considering that, 6 samples with amygdalin levels between 62-374 mg kg
initially considered as bitter were not used for classification purposes.

First, a PCA was performed using the full set of 139 shelled samples analysed
with the Aurora instrument and the scores and loadings of this PCA were studied to
explore the potential differences between the sweet and bitter almond groups.

Next, the CENTER algorithm was applied to the eight sets of in-shelled and
shelled sweet and bitter almonds analysed with both instruments, prior to the development

of the qualitative models. The samples that showed a GH > 3.5 were considered as
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potential outlier samples and consequently, the spectral and chemical characteristics of
those samples were studied in detail.

After applying the CENTER algorithm and ordering the set of samples by spectral
distances, the structured selection of training and validation groups was carried out,
following the procedure proposed by Shenk and Westerhaus (1991). To select the
validation set, one out of every nine sweet samples and one out of every six bitter samples
were selected from the group of shelled samples analysed, using the Aurora instrument.
The validation set therefore consisted of a total of 20 samples, 10 sweet and 10 bitter,
while the remaining samples were used to make up the training set (Nsweet = 74 and Npitter
= 45). Similarly, the same samples were selected from the other six groups (sweet and
bitter in-shell almonds tested with Aurora, and sweet and bitter in-shell and shelled
almonds tested with MicroNIR™ Pro 1700) to make up their respective training and
validation sets.

The classification models for the sweet and bitter almonds were carried out using
partial least squares-discriminant analysis (PLS-DA) (Fig. 1) for supervised classification
(Naes et al., 2002). Specifically, the PLS2 algorithm was used, which generates as many
discriminant variables as there are classes in the learning group. To develop these models,
six cross-validation groups were used and a maximum number of 10 PLS terms was
considered. The same signal pre-treatments described earlier for quantitative analysis
were also tested for qualitative model development.

The performance of the models was assessed in terms of the sensitivity (fraction
of the true positives divided by the true positives and false negatives), specificity (fraction
of true negatives divided by true negatives and false positives) and non-error rate (NER),

which represents the percentage of correctly classified samples.
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Initially, these models were carried out considering the mean value (1.5) of the
discriminant variables as the threshold to discriminate between bitter (class 1) and sweet
(class 2) almonds. However, according to Downey (2000), this may not be the optimal
limit when the models are not balanced as regards the number of samples of the two types.
Consequently, and due to the great importance of eradicating the presence of bitter
almonds from the marketing channels has for producers of sweet almonds intended for
consumption as snacks and other products, an optimum threshold value using the
Receiver Operating Characteristic (ROC) curves was also calculated (Serrano-Lourido et
al., 2012; Martinez -Cagigal, 2020).

The aim here was to maximize the sensitivity and specificity values obtained with
the models developed with a different number of samples per type. In this study, the
strategy aimed at optimizing the threshold value was considered more suitable than the
one which the models are balanced on, with an equal number of samples per class to
discriminate: this involves removing a large number of samples from the type with the
most samples, and this information can be very useful when developing the classification
models.

The ROC curve is a two-dimensional mapping of the ‘false positive rate’ and the
‘true positive rate’ (also respectively called ‘1 — specificity’ and ‘sensitivity”) for all the
possible threshold values between the two classes being studied (Unal, 2017). However,
to obtain the optimal threshold, threshold values were sought that would maximize the
sensitivity and specificity of the model. In those trials which did not have a single
threshold value, but a range of values which maximized sensitivity and specificity, the
optimal threshold was taken from the midpoint of the range (Tena et al., 2014).

Finally, the best classification models obtained were subjected to an external

validation process, using those samples belonging to the validation group.
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3. Results and discussion

3.1. Prediction of amygdalin content in almonds using MPLS regression and LOCAL

algorithm

When the CENTER algorithm was applied to the 145 samples available for
amygdalin determination, four samples presented a GH > 3.5 (3.70, 3.86, 3.89 and 6.43)
when the analysis was carried out in in-shell almonds with the Aurora instrument, plus
four (GH = 3.52, 4.03, 5.34 and 8.20) using the MicroNIR™ Pro 1700, three of which
were included in the four samples with GH > 3.5 identified using the Aurora instrument.
Only one sample belonging to the group of shelled almonds analysed using the Aurora
instrument showed a GH value above the limit (5.52). No shelled samples analysed using
the MicroNIR™ Pro 1700 instrument presented GH values higher than 3.5.

It is worth noting that most of the samples presenting GH values above 3.5
belonged to the group of samples analysed in-shell, which is, based on previous studies
developed by this research group, the sample presentation form that reported the lowest
repeatability compared to those NIRS analyses carried out with shelled almonds. None of
the samples which had a GH > 3.5 were eliminated, since according to a detailed study,
there were no reasons to justify the elimination of these samples.

Table 1 shows the cross validation results for the best prediction models for the
amygdalin content in in-shell and shelled almonds analysed with the two instruments
tested, using MPLS regression.

According to Shenk and Westerhaus (1996) and Williams (2001), the models

developed to predict amygdalin content in in-shell almonds with both instruments would
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enable to discriminate between almonds with low, medium and high amygdalin content.
The in situ quantification of the amygdalin content in in-shell almonds allows to conduct
a first screening of the product when received by the industry. Carrying out this screening
at the reception points in the industry is of great importance, since the industrial
destination of the product will depend on the amount of amygdalin it contains.

This screening in turn would enable to avoid not only the consumption of
poisonous substances, but also the typical unpleasant taste of bitter almonds. No previous
studies can be found in the literature which focus on predicting the amygdalin content in
in-shell almonds.

The models of amygdalin content in shelled almonds showed an excellent
predictive capacity for both instruments, with R% values of 0.95 or higher, and RPD,
values higher than 4 (Shenk and Westerhaus, 1996; Williams, 2001). A study conducted
by Cortés et al. (2018a) proved NIR spectroscopy to be a suitable tool to quantify the
amygdalin content in intact shelled almonds when the product was analysed as individual
kernels. However, in the present research, the suitability of NIRS technology was proven
when the almond kernels were analysed in batches. This can be very useful when it comes
to the quantification of the amygdalin content of the batches, which makes this tool
extremely useful for managing the industrial destination of these batches.

Validation of the best calibration models developed with in-shell and shelled
almonds and the two instruments tested using MPLS regression was carried out to predict
the external validation sets. The negative NIRS predicted values for the amygdalin
content are shown as zero (Fig. 2).

The models developed with in-shell almonds complied with the protocol from
Windham et al. (1989) in terms of the standard error of prediction corrected for bias (SEP

(c)) and the bias, but neither of them complied with the coefficient of determination for
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prediction (R%,) and only the model developed with samples analysed with the Aurora
instrument did so for slope. These prediction results indicate a limited predictive capacity
when in-shell almonds are used to develop the model. However, the R%,, SEP(c), bias and
slope values of the models developed for shelled almonds with both instruments were
within the confidence limits established in the protocol established by these authors.
According to Nicolar et al. (2007), the RPD, values presented by both models developed
with shelled almonds indicate an excellent predictive capacity, and these equations can
therefore be applied routinely.

As regards amygdalin content parameters, it is common to find groups of almonds
with very different amygdalin contents, which in practice form two very different
populations, sweet almonds and bitter almonds. The LOCAL algorithm was therefore
used only at the feasibility study level, since the number of samples available was small.
However, the methodology was considered eminently suitable for sampling groups of this
type and for facilitating the prediction of amygdalin by the industry.

The best results to predict amygdalin content in shelled almonds using the LOCAL
algorithm are shown in Table 2. When the Aurora instrument was used, the value for R?,
was improved by 2 % and the SEP was reduced by 16 % as compared to the prediction
results obtained for the MPLS model developed with shelled almonds analysed with this
instrument. These results highlight that the application of the LOCAL algorithm
constitutes an excellent strategy to obtain accurate predictions of the amygdalin content
in shelled almonds. Although Shenk et al. (1997) recommend using the LOCAL
algorithm with large databases, in this research we aimed to give a hint of the potential of
non-linear methods such as LOCAL algorithm to address the problem of

underrepresentation of samples in the 10,000-30,000 mg kg amygdalin range, which
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leads to the presence of two different groups of samples based on their content of this

cyanogenic compound.

3.2. Exploratory study of the sweet and bitter almond population

The first and second principal components (PCs) scores plot enabled to evidence
the separation between the sweet and the bitter shelled almonds analysed using the Aurora
instrument (Fig. 3a). The sweet almonds were associated with PC2 negative values,
whereas the bitter ones tended to present positive values for this PC. Seven out of the nine
bitter almonds with slightly negative values for PC2 presented amygdalin reference
values under 7,200 mg kg?, with the amygdalin range the bitter almonds 922.97-
80,980.13 mg kg™

The loading plot (Fig. 3b) showed the main regions for differentiating between
the two classes of almond. PC1 showed a peak at 1212 nm, which could be related to the
second overtone of C-H bonds and in turn to the presence of lipids, and a peak at 1390
nm characteristic of C-H combination, probably related to fatty acids and carbohydrates.
Likewise, PC2 exhibited three main peaks at around 1136 nm that might be attributed to
the second overtone of the C-H stretch, 1152 nm, which could correspond to the C-H
links of aromatic compounds, and 1406 nm, which could be linked to the first overtone
of the O-H functional groups (Shenk et al., 2008; Rogel-Castillo et al., 2016; Zhang et
al., 2018; Firmani et al., 2019).

The positive values found in the PC2 axis of the bitter almond samples could be
attributed partly to the peak observed in the 1152 nm wavelength of the loading values
for this PC. As has been mentioned above, the absorption band at around 1152 nm might

be related to the aromatic compounds of almonds, and could associate, therefore, with
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bitter almonds with a higher content of aromatic compounds compared to sweet ones.
Kesen et al. (2018) showed that the amount of aromatic compounds in bitter almond oil
(315,283 pg kg™*) was much higher than the amount of these compounds in sweet almonds

(3,002 pg kgt), which supports the statement formulated above.

3.3. Classification of almonds by bitterness

When the CENTER algorithm was applied to the sweet and bitter almond sets
separately, two samples (GH = 3.61 and 4.76) belonging to the group of bitter almonds
analysed in-shell with the Aurora instrument, plus one sample (G = 3.79) belonging to
the group of bitter samples analysed in-shell using the MicroNIR™ Pro 1700, presented
GH values higher than 3.5. No justifiable reasons were found to eliminate these samples
from the set and these samples were therefore not discarded.

Table 3 shows the results of the classification models obtained, considering a pre-
defined threshold value of 1.5 in terms of sensitivity, specificity and NER. The models
correctly classified by cross-validation 74/74 samples of sweet almonds and 44/45
samples of bitter almonds, while in external validation they correctly classified 10/10
sweet samples and 9/10 bitter samples, for the group of in-shell almonds analysed using
the Aurora instrument. When the in-shell almond group was analysed using the
MicroNIR™ Pro 1700, 73/74 sweet and 42/45 bitter samples were well-classified,
respectively, in cross-validation, while in external validation, all were correctly classified.
Although the models developed with both instruments classified the majority of the
samples correctly, the difference in terms of sensitivity and specificity in cross-validation
between the two instruments could be due to the larger window size of the Aurora

spectrophotometer, which allows to obtain a more representative measurement of the
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sample and consequently, greater precision in discriminating between the two types being
studied.

The models developed with shelled almonds showed 100 % of correctly classified
samples in all cases.

However, Naes et al. (2002) and Brereton (2009) have shown that when the types
are unbalanced in terms of number of samples, the PLS-DA prediction boundary will be
biased towards the smaller type, and therefore, a greater number of poorly classified bitter
samples will occur (Fig. 4).

Fig. 5 and Fig. 6 show the sensitivity and specificity values against the threshold
values and the ROC curves, respectively. In all cases, there is a range of threshold values
which maximizes sensitivity and specificity (Fig. 5). The midpoint of this interval was
chosen as the optimal cut-off point and can be seen in the ROC curves (Fig. 6), as it
corresponds to the point of the curve closest to point x = 0 (specificity = 1) andy = 1 (
sensitivity = 1).

The threshold values calculated were slightly different to the average value of 1.5
previously established as the discriminatory limit. Threshold values of 1.53 and 1.64 were
obtained for the tests in in-shell almonds carried out using the Aurora and MicroNIR™
Pro 1700 instruments, respectively. For shelled almonds, threshold values of 1.58 and
1.60 were obtained for those tests carried out with the Aurora and MicroNIR™ Pro 1700
instruments, respectively.

Table 3 also shows the results obtained for the best classification models
considering the new threshold values obtained from the ROC curves to classify almonds
by bitterness using the two sample presentations and instruments tested. In this case, the
models correctly classified 74/74 sweet samples and 44/45 bitter samples in cross-

validation and 10/10 sweet samples and 9/10 bitter samples in external validation for the
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group of in-shell almonds analysed with the Aurora instrument. When the in-shell
almonds were analysed using the MicroNIR™ Pro 1700, 72/74 sweet samples and 44/45
bitter samples were well-classified in cross validation, while 9/10 sweet samples and
10/10 bitter samples were well-classified in external validation. The models developed
with shelled almonds produced 100 % of correctly classified samples in all cases.

The displacement of threshold values towards the sweet class when using the
optimum threshold value that maximizes the sensitivity and specificity allowed to obtain
a larger number of correctly classified samples in the cross-validation of the model
developed using in-shell almonds analysed with the MicroNIR™ Pro 1700. This, in turn,
enabled to obtain a higher NER value for cross-validation. It is also important to note that
the displacement of the threshold value enabled to minimise the number of poorly-
classified bitter samples in this model in cross-validation, where the discrimination
capacity for bitter almonds was worst affected, and therefore, the specificity of the model
improved. In turn, the sensitivity for the external validation collective of in-shell almonds
analysed with MicroNIR™ Pro 1700 was lower when using the threshold value obtained
from the ROC curves: in this case, one sweet sample was classified as bitter, although it
presented a predicted value very close to the established limit.

For both threshold strategies, the results showed that 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, so the discrimination capacity of models developed was inferior for
the in-shell product.

The results obtained are of great importance for the sweet almond processing
industry, which produces almonds for consumption as snacks as well as for making

cakes/desserts, since they allow to eliminate the presence of bitter almonds from the

20



487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

marketing channels quickly, and at reduced cost. Further studies could be focused on the
detection of bitter almonds that could be mixed with sweet almonds in response to the
high demand from the almond industry to receive batches of this product which are totally
free of bitter almonds.

The predictive capacity of the models developed in this research work was
superior to that of those carried out by Borras et al. (2014), who reported 99.2 % and 96.7
% of correctly-classified bitter and sweet shelled intact almonds, respectively, using PLS-
DA for the external validation set. These results were the same as in Cortés et al. (2018a),
who also reported 100 % classification accuracy for the external validation sets of sweet
and bitter almonds using PLS-DA. The former worked with a FT-NIR MB160PH
Aridzone instrument in the 1000-2500 nm spectral range, while the latter used a AvaSpec-
NIR256-1.7 NIRLine instrument, both of which are adequate instruments for the at-line
analysis of the product. However, it should be noted that both the studies cited above were
conducted using spectral information obtained from representative areas of the almond
kernel when analysed individually, which is not the optimal mode of analysis for the

large-scale control required at the industrial level.

Conclusions

The results obtained showed that NIRS technology can be used in routine analysis
in the industry to quantify the amygdalin content of shelled almonds in situ with great
accuracy and precision, which represents a huge advantage for the almond industry in
comparison with the official methods normally used to measure this cyanogenic

compound. However, the presence of the shell in the product makes it difficult to predict
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the amygdalin content, and here, the results reflect a low predictive capacity of the
developed models.

However, the discrimination of sweet and bitter almonds based on qualitative
analysis strategies did allow to accurately detect bitter almonds, both in-shell and shelled.
The non-error rate, together with the sensitivity and specificity obtained in the
classification models developed, confirms the feasibility of using NIRS technology for
the in situ discrimination of these two almond classes in bulk, both in-shell and shelled,
thus allowing to discriminate between batches of sweet and bitter almonds when the
product is received in the industry and during processing.

In addition, it confirms the convenience of using the ROC curves to establish an
optimal discrimination threshold to obtain a larger number of correctly classified samples,
which can help improve the classification ratio for fraudulent products or products that
should never reach the consumer, thus increasing the reliability of safety alert systems for

this product.
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Table 1

Calibration statistics for the best equations obtained to predict the amygdalin content (mg kg?) in in-shell and shelled almonds. MPLS regression.

Sample presentation Instrument Mathematical treatment aN  Range ® Mean ¢SD 4R%, ©¢SECV fRPD.y

In-shell Aurora 255,1 103 2-80980 15884 28366 0.58 18226 1.56
MicroNIR™ Pro 1700 2,551 102 2-80980 16013 28476 0.55 19060 1.49

Shelled Aurora 2,55,1 102 2-80980 16013 28476 0.95 6633 4.29
MicroNIR™ Pro 1700 2,55,1 101  2-80980 15857 28574 0.96 5617 5.09

@ Number of samples.

® Mean of the calibration set.

¢ Standard deviation of the calibration set.

d Coefficient of determination of cross validation.

d Standard error of cross validation.

T Residual predictive deviation for cross validation.
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Table 2

Validation statistics for the best models to predict amygdalin content in shelled almonds using the LOCAL algorithm.

Parameter Instrument Math Calibration  Predicted Factors (1) aSEP ® SEP( Bias °R% dRPD, Slope
treatment samples (k) samples

Amygdalin (mg kg?)  Aurora 2,55,1 30 35 8 (-3) 5185 4981 1668 0.98 6.12 1.09

MicroNIR™ Pro 1700  2,5,5,1 30 35 8 (-3) 7449 7400 858 0.95 4.32 1.05

2 Standard error of prediction.
b Standard error of prediction corrected for bias.
¢ Coefficient of determination of prediction.

4 Residual predictive deviation for prediction.
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Table 3.

Sensitivity, specificity and non-error rate values for the classification models of in-shell

and shelled sweet and bitter intact almonds considering mean and ROC threshold values.

Sample Instrument Threshold value
presentation Mean value ROC value
Training Prediction ~ Training  Prediction
set set set set
In-shell Aurora Sensitivity 100 % 100 % 100 % 100 %
Specificity 98 % 90 % 98 % 90 %
Non error rate 99 % 95 % 99 % 95 %
MicroNIR™ Sensitivity 99 % 100 % 97 % 90 %
Pro 1700 Specificity 94 % 100 % 98 % 100 %
Non error rate 97 % 100 % 97 % 95 %
Shelled Aurora Sensitivity 100 % 100 % 100 % 100 %
Specificity 100 % 100 % 100 % 100 %
Non error rate 100 % 100 % 100 % 100 %
MicroNIR™  Sensitivity 100 % 100 % 100 % 100 %
Pro 1700 Specificity 100 % 100 % 100 % 100 %
Non error rate 100 % 100 % 100 % 100 %
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Fig. 2. Reference and NIR predicted values for the amygdalin content of the samples

analysed in-shell (a) and shelled (b) with the Aurora instrument and of the samples

analysed in-shell (c) and shelled (d) with the MicroNIR™ Pro 1700 instrument. MPLS

regression.
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737

Fig. 3. Scores plot (a) and loading values (b) for the first (PC1) and second (PC2)

principal component of the shelled intact almonds analysed using the Aurora instrument.
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743

Fig. 4. Cross validation predicted values for the sweet and bitter almonds from the four

sample sets tested: in-shell almonds and Aurora instrument (a), shelled almonds and

Aurora instrument (b), in-shell almonds and MicroNIR™ Pro 1700 instrument (c),

shelled almonds and MicroNIR™ Pro 1700 instrument (d).
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Fig. 5. Sensitivity and specificity versus threshold values for the samples analysed in-

shell (a) and shelled (b) with the Aurora instrument and the samples analysed in-shell (c)

and shelled (d) with the MicroNIR™ Pro 1700 instrument.
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749  Fig. 6. ROC curves and closest points to x = 0 and y = 1 for the samples analysed in-shell

750  (a) and shelled (b) with the Aurora instrument and the samples analysed in-shell (c) and

751  shelled (d) with the MicroNIR™ Pro 1700 instrument.
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