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ABSTRACT

A green screening method to determine cashew nut adulteration with Brazilian nut, pecan nut, macadamia nut
and peanut was proposed. The method was based on the development of a one-class soft independent modelling
of class analogy (SIMCA) model for non-adulterated cashew nuts using near-infrared (NIR) spectra obtained with
portable equipment. Once the model is established, the assignment of unknown samples depends on the
threshold established for the authentic class, which is a key aspect in any screening approach. The authors
propose innovatively to define two thresholds: lower model distance limit and upper model distance limit.
Samples with distances below the lower threshold are assigned as non-adulterated with a 100% probability;
samples with distance values greater than the upper threshold are assigned as adulterated with a 100% prob-
ability; and samples with distances within these two thresholds will be considered uncertain and should be
submitted to a confirmatory analysis. Thus, the possibility of error in the sample assignment significantly de-
creases. In the present study, when just one threshold was defined, values greater than 95% for the optimized
threshold were obtained for both selectivity and specificity. When two class thresholds were defined, the per-
centage of samples with uncertain assignment changes according to the adulterant considered, highlighting the
case of peanuts, in which 0% of uncertain samples was obtained. Considering all adulterants, the number of
samples that were submitted to a confirmatory analysis was quite low, 5 of 224 adulterated samples and 3 of 56
non-adulterated samples.

1. Introduction

less expensive instrumentation, do not consume reagents, and minimize
the number of steps and sample manipulation, are gaining relevance

Concerns about food safety from most stakeholders, such as con-
sumers, producers and regulators grow every year. It is well known to
these stakeholders that food scandals continue to occur despite national
and international regulations [1]. Therefore, there is an increasing de-
mand for developing and improving innovative analytical methods.

The vast potential for food fraud hinders its detection. Often, food
fraud detection requires the use of expensive and sophisticated equip-
ment. Currently, alternative and green screening methods, which use
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[2-9]. Screening methods are very convenient for deciding whether a
sample is adulterated or not adulterated (yes/no) and if it is necessary to
submit the suspicious samples to a confirmatory analysis.

Due to the high complexity of food, it is difficult to develop screening
methodologies based on a sample single property or signal. Therefore,
the application of spectroscopic techniques together with multivariate
classification models is an alternative that gains importance. Some ex-
amples for detecting nut fraud due to the addition of adulterants such as
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almond [10,11], pistachio [12] and hazelnut [9,13,14] have been
referenced.

For screening purposes, obtaining multivariate signals should be a
process that requires minimal sample treatment prior to measurement.
Methods based on vibrational techniques offer these advantages. In
particular, handheld near-infrared (NIR) spectrophotometers present
the advantage of portability, allowing in situ measurements, time sav-
ings for obtaining analytical results, and increasing the analytical fre-
quency of the method. On the other hand, portable NIR equipment
present some disadvantages in comparison to benchtop instruments,
such as lower resolution and signal-to-noise ratio, and reduced wave-
length range. In general, the optical performance of this type of spec-
trophotometer has still not reached the level of mainstream commercial
instruments [15].

Recently, portable NIR spectroscopy has been successfully applied to
food analysis with different aims, such as the varietal discrimination of
walnuts [16], the determination of total antioxidant capacity in gluten
free grains [17], the prediction of stable isotopes and fatty acids in
subcutaneous fat of Iberian pigs [18], and the on-line monitoring of
quality parameters in intact olives for determining optimal harvesting
times [19].

Regarding chemometric classification tools, one-class modelling has
been considered a better option than the most commonly employed
discriminant models for food authenticity problems. One-class model-
ling methods build a class that is focused on authentic/non-fraudulent
samples. This is a proper approach since it aims to detect whether new
samples belong to the authentic class regardless of the type of fraud
being investigated. This strategy has several benefits in relation to multi-
class approach, in which, in addition to the non-adulterated class, one or
more adulterant classes has also to be modelled, since it is impossible in
practice to cover all possible adulterants in a representative way [20].

As with any analytical method, multivariate screening methods
should be validated prior to their implementation in the routine of
quality control laboratories. This process involves establishing perfor-
mance parameters; however, the validation of multivariate screening
methods is still not fully established. Efforts to develop a harmonized
validation procedure have been performed in recent years [21-24]. The
main figures of merit, sensitivity and specificity, evaluated from true and
false assignments of the samples that belong to the modelled class and
those that do not belong to the modelled class, respectively, are
currently accepted by the scientific community. Many studies have been
carried out aiming to optimize the models and to obtain better perfor-
mance parameters. Variable selection [25,26] and data fusion [27-29]
are notable research topics in this area.

Whether a sample belongs to the modelled class (fits the model)
depends on the threshold (limit) established for the class, which in the
one-class modelling approach is a distance. As a result, samples having a
sample distance lower than the class threshold are the samples that fit
the model. Therefore, establishing an optimum class threshold is a key
aspect in any screening model. Recently, published articles have dis-
cussed alternatives to the establishment of an optimal class threshold
[13,14,30,31].

For an analytical method to be considered validated, high sensitivity
and specificity values must be obtained, but unless 100% sensitivity and
specificity are obtained, there are certain probabilities of error, respec-
tively, for samples belonging to the model class and not belonging to the
model class, in the final assignment.

The objective of this article is to propose a new alternative to one-
class modelling that estimates two class thresholds (lower- and upper-
class model distances) instead of only one class threshold, thus
providing three distance intervals: 1) Samples with distance values
below the lower-class threshold will fit the model, so they will be
unambiguously assigned as authentic/non-fraudulent; 2) Samples with
distance values greater than the upper-class threshold will not fit the
model, so they will be assigned as fraudulent/adulterated; and 3) sam-
ples having distance values between the lower- and the upper-class
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threshold will be considered inconclusive and, if necessary, will be
submitted to a confirmatory analysis.

Attempts have also been made to define an uncertainty region in
multivariate qualitative analysis [21,32-34], but these approaches have
focused on experimenting at concentration levels above and below the
concentration of the cut-off value [34], which is the concentration limit
established or specified by the end user or legislation. Nevertheless, even
when defining the uncertainty region, most of the published examples
do not assure both a sensitivity of 100% and a specificity of 100%. As a
case study, the adulteration of cashew nut samples has been considered,
and Brazilian nut, macadamia nut, pecan nut and peanut have been
studied as possible adulterants with concentrations within the interval
between 0.1 and 10.0%. Adulterated and non-adulterated samples were
measured by portable NIR spectroscopy (NIRS) and a one class soft in-
dependent modelling of class analogy (SIMCA) model of
authentic/non-adulterated samples was established.

2. Materials and methods
2.1. Samples

Commercial batches of cashew nut, Brazilian nut (BN), macadamia
nut (M), pecan nut (PN) and peanut (P) were obtained from different
certified producers. All batches of each nut, individually, were crushed
in a sample processor (Arno Magiclean WWBC Blender), homogenized,
sieved using a calibrated sieve to size 40 mesh, packed in polyethylene
packaging, sealed and kept at room temperature (25 + 3 °C) until
preparation of the non-adulterated and adulterated samples.

Seven formulated batches in eight variations were prepared to form
the non-adulterated samples of cashew nut, resulting in a total of 56
samples. Adulterated samples were prepared from each batch of adul-
terants (Brazilian nut, macadamia nut, pecan nut and peanut). These
samples were added in different quantities to the seven formulated
batches of non-adulterated samples, to obtain 8 levels of adulteration
(10.0; 5.0; 2.5; 1.3; 0.6; 0.3; 0.2 and 0.1%). The total number of adul-
terated samples was 224 (56 for each adulterant). The non-adulterated
samples were divided into 42 samples of training and 14 samples of
test set using Kennard-Stone algorithm [35]. The objective of this al-
gorithm was to select the most diverse samples for the training set. This
selection should be representative (samples homogeneously distributed
throughout the whole composition range) and reproducible, based on a
systematic criterion.

2.2. Instrumental measurements

NIR analysis was performed using portable MicroNIR® 1700
equipment from Viavi Solutions (San Jose, CA, USA). A homogenized
sample portion was placed on a Petri dish (diameter of 3.5 cm x height of
1.2 cm) until the dish was covered up to its maximum height of 1.2 cm.
The plate was placed on the MicroNIR®, and for each sample, a reading
was carried out with 20 scans at a resolution of 6.25 nm, providing
stable and smooth spectra. NIR spectra were recorded in the wavelength
range from 908 to 1676 nm. All 280 sample spectra were recorded in
random order on the same day.

NIR analysis was performed using portable MicroNIR® 1700
equipment from Viavi Solutions (San Jose, CA, USA). A homogenized
sample portion was placed on a Petri dish (diameter of 3.5 cm x height of
1.2 cm) until the dish was covered up to its maximum height of 1.2 cm.
The plate was placed on the MicroNIR®, and for each sample, once
reading was carried out with 20 scans at a resolution of 6.25 nm,
providing stable and smooth spectra. NIR spectra were recorded in the
wavelength range from 908 to 1676 nm. All 280 sample spectra were
randomly recorded in random order on the same day.
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2.3. Software

The recorded data were processed, and models were built by using
MATLAB software, version 8.0.0.783 — R2012b (Natick, MA, USA) and
PLS Toolbox 7.0.2 (Eigenvector Research Inc., Wenatchee, WA, USA).

2.4. Data processing

Principal component analysis (PCA) should be performed for a pre-
liminary exploratory analysis of any dataset, even when the final aim is
to build a supervised classification model using a class modelling
method, such as soft independent modelling of class analogy (SIMCA),
for predictive purposes. There is an extensive bibliography that de-
scribes theoretical and practical aspects of both PCA and SIMCA.
Without being exhaustive in the references, a recent review can be
consulted, which provides multiple references [20].

SIMCA is a class modelling method that assumes the main systematic
variability characterizing the samples of a category, as retained by a
principal component model of opportune dimensionality, and builds the
model with training samples of that class.

SIMCA assignments are obtained considering the model distance
value from sample “i”, Eq. (1).

du=/(0.) + (1) (Eq. 1)
where Tf.’i and Q;are the reduced statistics of Hotelling’s T2 and Q,
respectively, of a sample; “i” and “r” denote for reduced values, which
comprise the ratio between the statistics of sample “i” and the corre-
sponding statistical class limit (T, and Q) at a significance level of
significance [36].

Up to now, just one class threshold is set to decide whether a sample
fits the model and several criteria have been applied to determining the
threshold: 1, /2 and a value obtained through experimentation applying
receiver operating characteristic (ROC) curves [31]. To evaluate the
quality of the classification models the main performance parameters,
such as sensitivity, specificity and efficiency, were considered [21,23,
24]. These parameters are calculated from the four well-known possi-
bilities of sample model assignment: true positive (TP), false positive
(FP), true negative (TN) and false negative (FN). Since TP, FP, TN and
FN values depend on the value considered as the class threshold dis-
tance, differences in the quality performance parameters can be
obtained.

In this work it is proposed to set two class thresholds, upper threshold
(dupper tn) and lower threshold (diow h). dupperth corresponds to the
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maximum sample distance value (d,;, Eq. (1)) obtained in the prediction
of the non-adulterated samples. Similarly, djow tn corresponds to the
minimum d.; (Eq. (1)) obtained in the prediction of the adulterated
samples. As a result, for a given class model, three types of sample as-
signations can occur: 1) If d;;, < djow th, the sample will be assigned as
non-adulterated (compliant sample) with a 100% probability. 2) If d,,
> dypper th, it will be assigned as adulterated (non-compliant sample)
with a 100% probability. 3) If d, ; falls between the two thresholds, the
sample falls into the uncertainty region and should undergo a confir-
matory analysis.

3. Results and discussion

Fig. 1 shows the average raw NIR spectra for the non-adulterated
cashew nut samples and for adulterated samples with Brazilian nuts
(BN), pecan nuts (PN), macadamia nuts (M) and peanuts (P). The largest
NIR bands appear between approximately 1170-1300 nm and
1400-1500 nm. The first band can be assigned to the second overtone of
the C-H stretching, while the second band can be assigned to the first
overtone of the O-H stretching. In particular, the spectral band placed
around 1200 nm has been reported as a discriminant of nuts in relation
to other food materials (wheat, milk, and cocoa) [37]. The smaller band
between 1380 and 1410 nm can be assigned to the combination band of
C-H vibrations [38].

Before establishing the classification model, the first derivative fol-
lowed by mean centering pre-processing was applied to the spectra to
eliminate nonlinear baseline deviations caused by multiplicative scatter
and to improve the signal-to-noise ratio. Unsupervised PCA was applied
before building the supervised classification model, aiming to perform
an exploratory analysis with all the samples (non-adulterated and
adulterated).

The score plot of the first two PCs for all samples is shown in Fig. 2
(88% of the total explained variance). Regarding the sample distribution
along PC 1 (81.4%), no clear grouping was observed in relation to their
classes (non-adulterated and adulterated samples with each of the
adulterants). This situation is expected because the major chemical
components of the samples are identical and, therefore, the most rele-
vant information of the spectra is common to all of them. Regarding PC2
(6.7%) score values, a distinct separation was observed between all non-
adulterated samples with positive values and the adulterated samples
with mostly negative values. Thus, this lower part of the total variance is
responsible for discriminating adulteration. Within the adulterated
sample grouping (negative values on PC2), there is no distinct tendency
discriminating among the studied adulterants or among the percentages
of adulteration.

3 I

—— Non-adulterated Cashew

—— Adulterated with Brazilian Nut
—— Adulterated with Macadamia Nut
—— Adulterated with Pecan Nut

— Adulterated with Peanut
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Fig. 1. Average raw NIR spectra. Color code: green for non-adulterated cashew nuts, red for Brazilian nuts, pink for pecan nuts, light blue for macadamia nuts and
dark blue for peanuts. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Score plot of PC1 vs PC2 for NIR data. Color and symbol code: green circle for non-adulterated cashew nuts, red squares for Brazilian nuts, pink triangles for
pecan nuts, filled light blue triangles for macadamia nuts and blue diamonds for peanuts. (For interpretation of the references to color in this figure legend, the reader

is referred to the Web version of this article.)

In the sequence, a one-class SIMCA model was built for the
authentic/non-adulterated cashew nut samples with the 42 training
samples selected by the Kennard-Stone algorithm. Five PCs were
employed based on the leave-out-one cross-validation classification
error (CVCE). For the test set, 14 non-adulterated samples were com-
bined with all adulterated samples containing each of the four studied
adulterants (BN, PN, M and P).

It is known that the developed model and therefore its quality pa-
rameters, highly depends on the criteria used to obtain the training and
test sub-sets. Defining both data sets has been always and continues to be
an issue when establishing a multivariate methodology and different
algorithms have been proposed together with just do it randomly [39].
Kennard-Stone is a possible algorithm that selects the training samples
in such a way that they cover the maximum of the multivariate space
defined by the available samples. As a result, K-S emphasizes the
training samples and thus could lead to slightly optimistic test set quality
parameter results. But it is a well-known and defined algorithm with
reliable and reproducible results. If random selection is used, by its very

nature, the values of the quality parameters can present more differ-
ences, since the possible random sets increases exponentially with the
number of samples and may not be very reproducible [40].

In order to evaluate the main quality parameters for the developed
model, three criteria to set just one distance threshold (dciass 1) have
been considered: two criteria fix dcjass th at 1.00 and +/2 and the third
criterion fix dcjass th at 1.14, calculated by means of a ROC curve. If a
sample has a distance value (d,;Eq. 1) lower than djass h, it is considered
to belong to the non-adulterated class (compliant samples); the opposite
holds for d,; greater than dcjass . Fig. 3 shows the reduced distance
values calculated from Eq. (1) (d;;) for all analyzed samples (non-
adulterated and adulterated), and those for the three considered diass th
values (vertical lines). From these results, the main performance pa-
rameters were obtained (Table 1).

As expected, the figure of merit values varied according to the
considered threshold. The threshold value obtained through the ROC
curve (dcass th = 1.14) is the one that better balances both sensitivity and
specificity. When comparing these parameters with each other, as the
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Fig. 3. Distances of all the analyzed samples to the one-class SIMCA model. Color and symbol codes are the same from Fig. 2. Class limit: blue d = 1; yellow d = \/ 2;
orange d = 1.08, optimized by ROC curves. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Table 1
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Figures of merit for one-class SIMCA models considering differents class limits. NA: non-adulterated cashew nuts; BN: Brazilian nuts; PN: Pecan nuts; M: Macadamia

nuts; P: Peanuts; and BN/PN/M/P: all adulterants.

NA BN PN M P BN/PN/M/P
Distance class threshold (dcjass tn) d<1 Sensitivity training 95.24%
Sensitivity test 92.86%
Specificity 100.00% 100.00% 98.21% 100.00% 99.55%
Efficiency 98.57% 98.57% 97.14% 98.57% 99.16%
d<v2 Sensitivity training 100.00%
Sensitivity test 100.00%
Specificity 69.64% 71.43% 85.71% 87.5% 78.57%
Efficiency 74.29% 75.71% 87.14% 88.57% 79.41%
d(ROC)<1.1359 Sensitivity training 100.00%
Sensitivity test 100.00%
Specificity 98.21% 94.64% 96.43% 100.00% 97.32%
Efficiency 98.57% 95.71% 97.14% 100.00% 97.49%

threshold increases, sensitivity improves and specificity worsens.
Therefore, the choice of the threshold should be based on the practical
interest in minimizing the percentage of error associated with the
assignment of adulterated or authentic/non-adulterated samples.

Even considering that quite good classification results have been
initially obtained, there is still place to improve the model, from the
point of view of its application as a screening method. The goal is to
identify with certainty whether a sample is compliant or non-compliant,
and in the case of a non-conclusive prediction, submit it to a confir-
matory analysis. With this idea, the strategy proposed in this article
implies defining two thresholds (low and upper).

Fig. 4 shows the results obtained with two thresholds considering the
adulterants both individually and concurrently. In the problem under
study, the upper threshold (dypper ) value was equal to 1.08 (green
vertical lines, Fig. 4). Since the upper threshold was set from the
maximum d,; of the non-adulterated samples, it is the same regardless of
the adulterant that is considered. The lower threshold (diow ) can be

was not considered, a single djow 1 €qual to 0.97 was obtained. Note that
the lower threshold considering all adulterants coincides with the lowest
value individually considering each adulterant and, in that case, this was
the threshold for macadamia nut adulteration.

Below the low threshold, there are only non-adulterated samples,
and above the upper threshold there are only adulterated samples.
Therefore, there is no ambiguity in the assignments. Between the
thresholds, there are both adulterated samples and non-adulterated
samples, whose assignments were inconclusive.

Table 2 shows the distance values that define the uncertainty region

Table 2

Uncertainty intervals and percentage of samples of uncertain assignment. NA:
non adulterated cashew nuts; BN: Brazilian nuts; PN: Pecan nuts; M: Macadamia
nuts; P: Peanuts and BN/PN/M/P: all adulterants.

Uncertainty interval (d) Uncertain assignment (%)

calculated independently for each adulterant considered, resulting in Adulterated Non-adulterated
four d values at 0.97, 1.05, 1.06 and 1.18 for macadamia nuts
low_th € ’ ’ . > PN 1.05-1.08 3.6 3.6
pecan nuts, Brazilian nuts, and peanuts, respectively. That value BN 1.06-1.08 18 36
changed for each adulterant (one color line for each adulterant, Fig. 4), M 0.97-1.08 3.6 5.4
providing a different uncertainty range for each adulterant (region be- P - 0.0 0.0
tween both lines). When the differentiation between the four adulterants PN/BN/M/P 0.97-1.08 2.2 5.4
-
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Fig. 4. One-class SIMCA model based on two thresholds, configuring the distances that define uncertainty intervals. Color and symbol codes are the same from Fig. 2.
The abscissa axis is shown between 0.75 and 1.25 sample distance aiming to highlight the samples in between and around the uncertainty region. (For interpretation
of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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and the percentage of samples that fall into it for each adulterant. The
number of samples from which the uncertainty assignment percentages
were calculated were 56 non-adulterated samples, 56 samples for each
individual adulterant (PN, BN, M and P) and 224 when considering all
adulterated samples, regardless of the adulterant (PN + BN + M + P).
The percentage of samples that should be submitted to a confirmatory
analysis is quite low (Table 2): 2.2%, corresponding to 5 out of 224
adulterated samples, and 5.4%, corresponding to 3 out of 56 non-
adulterated samples. A comprehensive analysis of these 5 adulterated
samples indicates that 3 of them (1 sample from Brazilian nut and 2
samples from pecan nuts) correspond to adulterated samples at very low
levels (0.15% and 0.6%), while the two remaining samples have been
adulterated with macadamia nuts at levels higher than 1.0 (1.3% and
2.5%).

Particular attention should be given to adulteration with peanuts
since the minimum predicted distance of the adulterated samples (d,; =
1.18) was higher than the upper threshold (1.08). In these cases, there is
no uncertainty interval. Moreover, two thresholds are not necessary
since with just one threshold, both the sensitivity and specificity were
100%, that is, only the case in which the class distance threshold was set
by means of the ROC curve (dcjass th, Table 1).

4. Conclusions

A multivariate screening method that jointly uses portable NIR
spectroscopy with one-class SIMCA models was developed to determine
cashew nut adulteration with Brazilian nut, pecan nut, macadamia nut
and peanut. When just one class threshold was estimated for the one-
class SIMCA model, values greater than 95% for the optimized
threshold were obtained for both selectivity and specificity. The estab-
lishment of two threshold values (low and upper limits) generates an
uncertainty region. Outside this interval, the samples can be assigned as
authentic/non-adulterated (distances less than the lower threshold) or
non-authentic/adulterated (distances greater than the upper threshold)
with a 100% probability of success. Samples predicted within the in-
terval between these two thresholds are assigned to the uncertainty
region and should undergo further confirmatory analysis.

When two class thresholds were defined, it was possible to detect
with certainty if a sample was compliant or non-compliant (100% for
both sensitivity and specificity) by defining an uncertainty region. In
this region, the percentage of samples within the uncertain assignment
changed according to the adulterant that was considered. In all cases,
the percentage of samples that should be submitted to a confirmatory
analysis was quite low, including both non-adulterated samples and
adulterated samples, even when they were simultaneously considered
regardless of the adulterant (PN + BN + M + P).

The developed analytical methodology is simple, rapid, green
(neither consumes reagents or solvents nor generates chemical waste)
and non-destructive, and thus is considered suitable for screening
analysis. Given the need for constant improvements in food fraud
detection, this study represents a contribution to food and analytical
scientific communities that can easily be extended to other types of food
fraud, or even fraud involving other types of products/matrices.
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