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A B S T R A C T   

An untargeted strategy was developed to determine cashew nuts adulteration with Brazilian nuts, pecan nuts, 
macadamia nuts and peanuts. A one-class SIMCA model was developed for the cashew non-adulterated samples 
by means of two spectroscopic techniques: Near-Infrared (NIR) and Attenuated Total Reflection-Fourier Trans
form Infrared (ATR-FTIR). Receiver operating characteristic (ROC) curves have been proved to be useful to 
optimize class limits, both for the NIR and ATR-FTIR models, allowing to balance the values of the performance 
parameters. An increase in the sensitivity of the training and test set has been obtained from 79% with NIR and 
85% with ATR-FTIR to 93% in both cases. As a result, the specificity has slightly decreased from 100% with NIR 
and a range of 90–98% with ATR-FTIR to a range of 82–98% and 84–96%, respectively. The implementation of 
high-level data fusion to the classification results obtained from NIR and ATR-FTIR, considering the limit value 
optimized by ROC curves, allowed the improvement of the performance parameters of the untargeted strategy. 
Obtaining sensitivity values for the training and test set of 100% and 93%, respectively. Specificity values of 
100% were obtained for the detection of Brazilian nuts, macadamia nuts and peanuts, while for pecans it was 
98%.   

1. Introduction 

The consumption of nuts and peanuts is widespread throughout the 
world not only due to their high organoleptic value, but also due to their 
beneficial effects on human health [1]. This food class includes a wide 
range of products such as almonds, Brazil nuts, cashew nuts, hazelnuts, 
macadamia nuts, peanuts, pecans, among others. Some of them present 
medium or high risk of food fraud due to adulteration, usually by adding 
cheaper and lower quality products [2]. Particularly, Brazil is among the 
major world producers of cashew nuts, which are also one of the 
preferred nuts of Brazilian consumers due to their pleasant taste. Thus, 
they are potential target of frauds. The market prices of this food 
products vary substantially. Currently in Brazil, cashew nuts are sold for 
R$51–65, while pecan, Brazil nuts and peanuts are sold for R$25–50, R 

$37–45 and R$4–10; macadamia nuts, which is primarily imported, 
present prices comparable to cashew nuts [3]. 

Detecting food adulteration is important for economic reasons but it 
is especially important when the non-declared substance involves a 
health risk. Food adulteration is always a concern due to the high 
complexity of food and the difficulty in detecting the presence of an 
adulterant in an easy and rapid way. In such scenario, it is of great in
terest the development of screening methods since it generally implies 
low time analysis, permitting a high throughput of samples at low cost, 
thus making them suitable for routine analysis. Today, the application of 
multivariate instrumental techniques together with chemometrics is a 
consolidated strategy in the field of food fraud detection. Multivariate 
supervised classification models might provide a binary response of the 
type there is / there is no adulteration. Some examples of these strategies 
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for detecting nut fraud due to the addition of adulterants have been 
recently referenced [4], such as adulteration of almonds [5–8], pistachio 
[9] and hazelnut [10–12]. 

There is a wide range of both instrumental techniques and classifi
cation models that can be implemented to solve a given adulteration 
problem. Methods developed for nuts adulteration have included a study 
on hazelnut paste adulterated with almonds and chickpea four, which 
applied near-infrared spectroscopy (NIRS) combined with target and 
non-target modelling [10]; another article has detected hazelnut paste 
adulterated with almonds by applying data fusion of NIR and Raman 
spectra combined with class modelling [12]. A very recent article has 
applied and compared several multivariate classification models to 
short-wave infrared hyperspectral images aiming to detect contaminants 
in edible pistachio nuts, such as inedible pistachio nuts, pistachio shells, 
husks, twigs, and stones [13]. Among the analytical techniques most 
used to detect nut adulteration, it can be cited inductively coupled 
plasma optical emission spectroscopy (ICP-OES) [5], gas chromatog
raphy with flame ionization detector (GC-FID) [6], high performance 
liquid chromatography (HPLC) with fluorescence and UV detection 
[7,8], FT-Raman hyperspectral imaging [9], NIR [10,12], mid-infrared 
[11] and FT-Raman [12] spectroscopies. Regarding chemometric 
models, principal component analysis (PCA) has been used mainly as a 
data exploration tool, while the main supervised classification methods 
have been soft independent modelling of class analogies (SIMCA) 
[10–12], partial least squares discriminant analysis (PLS-DA) [7,8], 
support vector machine (SVM) [5,6] and linear discriminant analysis 
(LDA) [6]. Among chemometricians, the most used are SIMCA as a class 
modelling model and PLS-DA as a discriminant model. 

A key step in the development of a screening method based on 
multivariate supervised classification is the choice of a suitable che
mometric strategy. This imply a proper data pre-processing, model 
parameter optimization and the possible exploitation of the synergies 
between different data sources using data fusion, if more than one 
instrumental technique was used. 

Signal pre-processing is applied to correct/remove the contribution 
of undesired phenomena ranging from stochastic measurement noise to 
various sources of systematic errors. Different possibilities have been 
critically discussed [14,15]. 

Regarding the classification technique, a choice must be performed 
between discriminating and class modelling. While discriminant 
methods establish a delimiter between two (or more) classes and split 
the hyperspace in a number of regions corresponding to the number of 
classes, class modelling methods model each class individually, irre
spectively of the others. In view of this, some authors [16,17] have 
recently criticized the predominant use of discriminant methods in the 
literature, arguing that class modelling methods are more robust than 
discriminant ones considering the practical limitations in acquiring a 
sample set representative of all possible types of adulterations [18]. 
Class modelling methods offer the possibility of building just one class 
(untargeted modelling or one-class approach), being this strategy 
considered one of the most appropriate for food fraud detection 
[10,16,19]. If that the case, untargeted/one-class approach builds a class 
from the non-adulterated samples and detects which new samples re
sembles them no matter which adulterant under study is present. In fact, 
this approach is not a novelty, but its application has recently been 
incremented. The model can be optimized by selecting suitable class 
limits that define whether a sample is considered unadulterated or not 
(fits the model). Studies of this type has been recently published 
[11,16,18–21]. In the case of the present study, it is important to note 
that the use of one-class modelling ensures the representativeness of the 
model, avoiding the need to expand the comprehensiveness of the 
samples by incorporating other types of nuts or adulterants as non- 
authentic classes. This is in contrast with the use of discriminant 
models, such as PLS-DA. When using one-class modelling, the decision 
regarding compliance is not at all influenced by out-of-class samples. 
Therefore, this avoids any need to collect a representative data set that 

includes all the possible sources of out-of-specification variations 
[10,22]. 

Classification results can be improved by implementing data fusion, 
which allows to obtain a single result from more than one source 
[18,23]. In fact, data fusion has been growing used in the last years for 
detecting adulterations and frauds in food matrices such as meat and 
nuts [12,24,25]. Currently, this is a consolidated chemometric strategy, 
although it requires extra experimentation. There are three types of data 
fusion: low-, mid- and high-level data fusion. Details of the basis of each 
one of these levels can be found in the literature [12,23]. 

In this paper an untargeted strategy was developed to determine the 
possible adulteration of cashew nuts with other types of nuts (Brazilian 
nuts, pecan nuts, macadamia nuts and peanuts). A one-class SIMCA 
model was developed for cashew non-adulterated/authentic samples by 
means of two spectroscopic techniques, near-infrared (NIR) and atten
uated total reflection-Fourier transform infrared (ATR-FTIR). Aiming to 
optimize the performance parameters of the method, different tools 
have been sequentially applied. First, different signal processing 
methods were studied. Second, model optimal limits have been deter
mined by developing receiver operating characteristic (ROC) curves. 
Finally, high-level data fusion has been applied and compared with the 
result obtained from the models established with the two individual 
techniques (NIR and ATR-FTIR). In spite of the recent publication of 
many articles developing multivariate qualitative methods to detect 
adulterations, particularly on food analysis, very few of them have 
exhaustively explored all the chemometric possibilities available today. 

2. Materials and methods 

2.1. Samples 

Commercial batches of each nut (Cashew nut, Brazilian nut, Mac
adamia nut, Peanut and Pecan) were acquired from certified producers. 
They were crushed in a sample processor (Arno Magiclean WWBC 
Blender), homogenized, sieved to size 40 mesh using calibrated tamis, 
packed in polyethylene packaging, sealed, and kept at room temperature 
(25 ± 3 ◦C) until preparation of the formulated batches. This processing 
aimed to simulate ground nuts product. Unadulterated/authentic sam
ples of cashew nuts were composed of seven formulated batches pre
pared in eight variations, giving a total of 56 samples. Adulterated 
samples were prepared from batches of the corresponding adulterant nut 
(Brazilian nut, Macadamia nut, Peanut and Pecan) plus different 
amounts of the seven formulated batches of the unadulterated samples 
(8 levels of adulteration: 10.0; 5.0; 2.5; 1.3; 0.6; 0.3; 0.2 and 0.1 % w/ 
w). The total of adulterated samples was 224 (4 × 56 samples). The 
experimental design used to formulate the samples were previously 
described [26]. The 56 samples of non-adulterated cashew nuts were 
systematically divided into training (42 samples) and test (14 samples) 
sets by employing the Kennard-Stone algorithm [27]. 

2.2. NIR spectroscopy 

NIR analysis was conducted using a portable MicroNIR® 1700 
equipment from Viavi Solution (San Jose, CA, USA) in the diffuse 
reflectance mode. Its dispersive element is a linear variable filter (LVF), 
and its detector is a 128-pixel InGaAs photodiode array. This detector is 
a variable-band semiconductor with excellent optical properties. Spec
tralon was used as a reflectance standard reference. A sample portion, 
previously homogenized, was placed on a Petri dish (3.5 cm in diameter 
× 1.2 cm in height) until complete covered. Then, the plate was placed 
on the MicroNIR®, a reading was performed with 20 scans at a resolu
tion of 6.25 nm and spectra were recorded in the wavelength range from 
908 to 1676 nm (11013–5967 cm− 1). Readings were performed 
randomly, under repeatability conditions. The reflectance values were 
converted into pseudo-absorbance, log(1/R) prior to data processing. 
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2.3. ATR-FTIR spectroscopy 

ATR-FTIR analysis was carried out using a Perkin Elmer Frontier 
spectrophotometer (Waltham, MA, USA) equipped with a deuterated 
triglycine sulphate detector and a single-reflection diamond crystal ATR 
accessory. A sample portion, previously homogenized, was placed on the 
ATR crystal. Sample was pressed at a constant pressure level with a 
metallic tip accessory. The spectrum of each sample was recorded with 
16 scans at a resolution of 4 cm− 1, from 4000 to 650 cm− 1. Readings 
were performed randomly, under repeatability conditions. The reflec
tance values were converted into pseudo-absorbance, log(1/R), prior to 
data processing. 

2.4. Software 

Recorded data were processed and models were built by using 
MATLAB software, version 8.0.0.783 – R2012b (Natick, MA, USA) and 
PLS_Toolbox version 7.0.2 (Eigenvector Research Inc., Wenatchee, WA, 
USA). 

2.5. Simca 

SIMCA is a multivariate supervised class-modelling technique that 
models each class independently from all the others [28]. Assignation of 
unknown samples has evolved from the first criteria proposed by Wold 
et al. in 1976, but whatever the criteria, it is always related to calcu
lating a distance to the model [28]. One of the SIMCA modifications 
implies defining the limits of the two scalar statistics, Hotelling T2 and Q 
residues (Hotelling T2

lim and Qlim) at a specific significance level (α), 
normally set at 0.05. Once defined, there are several criteria to assign or 
classify a sample in a certain class. One criterion is that a sample should 
have values of both statistic parameters lower than the two statistic 
limits to be considered as belonging to the class model. 

Another criterion of sample assignation is based on calculating the 
distance of a sample from the class. The distance of a sample i from the 
class j (dij) is a combination of its reduced statistic parameters expressed 
as in the following equation (Eq. (1)). 

dij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
Qr,i

)2
+
(

T2
r,i

)2
√

(1)  

where “r” stands for the ratio between the statistics of sample “i” (Ti
2 and 

Qi) and the corresponding class frontiers (T2
lim and Qlim). 

Once the distance value is calculated, a sample could be assigned to a 
class model when its distance value is lower than 1 [29,30], 

̅̅̅
2

√
[28,31] 

or an optimized distance class limit calculated by means of the ROC 
curves [19]. In our study, the first criterion, distance limit of 1.0 for the 
target class, was initially adopted, and then the model’s limit were 
optimized using more robust criteria based on ROC curves. 

2.6. Receiver operating curves (ROC) 

ROC curve represents sensitivity versus 1-specificity for a considered 
parameter (score) used as a criterion to classify. Therefore, it allows 
visualizing, organizing, and selecting classifiers (scores) on the basis of 
their performance [17,32,33]. As it has been previously stated, ROC 
curves can be implemented to optimize class limit values of a class. 

2.7. High-level data fusion 

High level data fusion combines the assignation results obtained 
from the classification models of each individual data source. In this 
work, the fusion has been performed following the fuzzy set theory by 
choosing as operators minimum, maximum, average and product values. 
The final decision (ensemble decision) is obtained by the majority vote 
provided by all the fuzzy operators [12,34,35]. 

3. Results and discussion 

Fig. 1a and Fig. 2a shows the average original spectra for each class, 
the non-adulterated cashew nut samples and the adulterated ones with 
Brazilian nuts (BN), pecan nuts (PN), macadamia nuts (M) and peanuts 
(P), recorded with the two instrumental techniques employed, NIR and 
ATR-FTIR, respectively. 

By observing Fig. 1a, the largest NIR bands are present approxi
mately between 8550 and 7690 cm− 1 and 7140–6670 cm− 1. The first 
band can be assigned to the second overtone of the C–H stretching, 
while the second band to the first overtone of the O–H stretching. 
Particularly, the spectral band centred around 8330 cm− 1 has been re
ported as discriminant of nuts in relation to other food materials (wheat, 
milk, and cocoa) [36]. The smaller band between 7245 and 7090 cm− 1 

can be assigned to the combination band of C–H vibrations [37]. By 
observing Fig. 2a, the most important absorption regions were observed 
in the fingerprint region (1750–1050 cm− 1) assigned to carbonyl ester 
stretching, -C–N amide II and III stretching, and -C–H symmetric 
stretching vibration modes; around 2850 cm− 1, related to C–H asym
metric and symmetric stretching vibrations of long-chain fatty acids; and 
3500–3000 cm− 1, related to axial bending of OH and NH bonds. The 
peak around 1750 cm− 1 is assigned to the carbonyl group of fatty acid 
esters in fats, while absorption around 1560 cm− 1 is associated with 
C–N stretching and N–H bending modes in proteins. The region be
tween 1300 and 1100 cm− 1 presents C–H stretching vibrations of car
bohydrates [25]. Thus, the discrimination between different nuts 
provided by NIR and FTIR spectra in combination with chemometrics 
might be related to their different contents of components, such as 
proteins, lipids and carbohydrates. 

Before chemometric modelling, some pre-processing was necessary 
aiming to eliminate non-linear baseline deviations caused by multipli
cative scatter and to improve the signal-to-noise ratio. After some trails 
(supervised models), the first derivative followed by mean centering was 
applied to NIR spectra. For ATR-FTIR spectra, smoothing with Savitsky- 
Golay algorithm with a window width of 5, followed by multiplicative 
scatter correction (MSC) and generalized least squares weighting 
(GLSW) with an alpha of 0.01 were applied [12,24,38,39]. 

It is always advisable to apply PCA previously to developing the 
supervised classification. Thus, PCA was applied to each pre-treated 
spectroscopic dataset, aiming at observing any possible discriminating 
trend between cashew nuts authentication and adulteration. Fig. 3 
shows PC1 versus PC2 score plots for each dataset. For NIR spectra 
(Fig. 3a), the first two PC accounted for 88.1 % of the total variance. PC2 
(6.7 %) clearly showed a discriminating trend with most of the non- 
adulterated cashew nuts presenting positive scores, in contrast with 
adulterated samples, whose scores were predominantly negative. As 
expected, the comparison between the average pre-treated spectra 
(Fig. 1b) and the PCA loadings values of the second PC (Fig. 1c) shows 
shape similarities. More specifically around 6100 cm− 1, 7200 cm− 1 and 
8600 cm− 1, which in a certain way indicate their relevance in the 
discrimination of non-adulterant related to adulterate samples. 

For ATR-FTIR spectra (Fig. 3b), variance was more partitioned be
tween several PC, and the first two accounted for only 27.8 % of the total 
variance. In this case, PC1 (19.9 %) clearly discriminated non- 
adulterated samples in its positive part. In contrast, almost all the 
samples adulterated with Brazilian, pecan and macadamia nuts showed 
negative scores on PC1, while samples adulterated with peanuts pre
sented scores in an intermediate region. This intermediate behaviour of 
samples adulterated with peanuts was already observed along PC2 in the 
NIR PCA model (Fig. 3a). When performing the ATR-FTIR spectra pre- 
treatment (Fig. 2b), the differences between the average signal of the 
non-adulterated samples with respect to the average signals of the 
adulterated samples were magnified. Likewise, it can be seen that the 
loadings of the first PC (Fig. 2c) present shape similarities with the pre- 
treated average spectrum of the non-adulterated samples (green line, 
Fig. 2b). 
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For both instrumental techniques, no differences were observed in 
PCAs score plots related to the adulteration levels in any of the adul
terants. Thus, these two PCA score plots suggested that it is possible to 
split variances related to cashew nuts authentication and adulteration by 
utilizing one-class modelling. 

In the sequence, SIMCA models were built individually for each 

technique. These models were obtained using 42 training samples from 
non-adulterated cashew nuts. For the validation/test set, 14 non- 
adulterated samples were used together with all samples containing 
the four adulterants (BN, PN, M and P). Thus, two one-class classifica
tion models were constructed, one with NIR spectra and another with 
ATR-FTIR spectra. Leave-one-out cross-validation on the training 

Fig. 1. NIR spectra of non-adulterated and adulterated samples. (a) the average original spectra, (b) the average pre-treated spectra and (c) PCA loadings values of 
the second PC obtained by NIR data. 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. 
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samples has been used to decide the number of retained PCs for each 
model, based on the lowest cross-validation classification error (CVCE). 
For NIR SIMCA model, 5 PC and were chosen accounting for a 98.3 % of 
the spectral variance. For ATR-FTIR SIMCA model, 10 PC were selected 
representing a cumulative spectral variance of 91.8 %. 

Sample assignation to authentic class was performed using the dis
tance value according to Eq. (1). Initially, the criterion adopted to assign 
samples to the target class was a distance value lower than 1.0. Per
formance parameters for these models are shown in Table 1, which 
include efficiency as a global parameter calculated as the ratio between 

the number of the true assignments (TP + TN) and the total number of 
samples. One-class SIMCA results obtained for NIR model indicated a 
training sensitivity (rate of true positives) of 95 %, which means that the 
model properly assigned the own samples used to build it. While the test 
set sensitivity was lower, around 79 %. A specificity (rate of true neg
atives) of 100 % was achieved for all adulterants, meaning that the 
model properly recognized them as adulterated. The results obtained for 
ATR-FTIR model showed lower performance than NIR model, with the 
sensitivity of the training and test sets of 83 and 86 %, respectively. The 
specificity values for this model were slightly lower than 100 % (91–98 

Fig. 2. ATR-FTIR spectra of non-adulterated and adulterated samples. (a) the average original spectra, (b) the average pre-treated spectra and (c) PCA loadings 
values of the first PC obtained by ATR-FTIR data. 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. 
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%). 
Both individual models showed an ability of detecting adulterated 

samples higher than the rate of recognition of non-adulterated samples. 
This behaviour suggests that a change in the class limit could lead to 
higher sensitivity values or a more suitable balance between both pa
rameters (sensitivity and specificity). 

In order to optimize distance class limits for each SIMCA model, ROC 
curves were constructed. Fig. 3 shows ROC curves obtained for one-class 
classification models built with NIR (Fig. 4a) and ATR-FTIR (Fig. 4b) 
spectra. ROC curves were estimated using the distance defined in Eq. (1) 
as the basis (score) for calculating the performance parameters. Spe
cifically, the distances of the test samples (14 non-adulterated samples, 
and 56 samples for the presence of each adulterant) were used. The 
optimal distance is the one closest to the point (0, 1), which corresponds 

to both sensitivity and specificity equal to 100 %. In Fig. 3, optimal 
distances are marked with blue points, corresponding to 1.44 and 1.11, 
for the NIR and ATR-FTIR models, respectively. These distances were 
therefore the class limits, which means that samples with distances 
lower or equal than 1.44 in the NIR model and 1.11 in the ATR-FTIR 
model will be considered as belonging to the target class. Recipro
cally, samples with larger distances will be considered as not belonging 
to the target class. 

Figures of merit obtained by applying the optimal distances esti
mated based on ROC curves are shown in Table 2. For the NIR model, 
sensitivities of both training and test sets were improved. The most 
remarkable improvement was observed for the test set, from 79 % to 93 
%. Specificity and efficiency reasonably decreased, regardless of the 
adulterant, presenting values between 82 % and 98 %. For the ATR-FTIR 

Fig. 3. Score plot of PC1 vs PC2 for (a) NIR data and (b) ATR-FTIR data. Color code: green circles for non-adulterated cashew nuts, red squares for Brazilian nuts, 
pink triangles for pecan nuts, light blue triangles for macadamia nuts and dark blue diamonds for peanuts. 

Table 1 
Performance parameters of one-class SIMCA models for NIR and ATR-FTIR data. 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 

NIR Sensitivity training  95.24 %      
Sensitivity test  78.57 %      
Specificity  100 % 100 % 100 % 100 % 100 % 
Efficiency  95.71 % 95.71 % 95.71 % 95.71 % 98.74 % 

ATR-FTIR Sensitivity training  83.33 %      
Sensitivity test  85.71 %      
Specificity  98.21 % 98.21 % 91.07 % 92.86 % 95.09 % 
Efficiency  95.71 % 95.71 % 90.00 % 91.43 % 94.54 %  
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model, sensitivities of the training and the test were also improved, 
increasing from 83 to 86 % to 93 %. Following a trend similar to the NIR 
model, specificity slightly decreased for all adulterants except for pea
nuts, which showed a greater decrease, from 93 % to 84 %. Similarly, the 
efficiency did not change or slightly increased for all adulterants except 
for Peanut. 

It was observed that implementing class limits based on ROC curves 
balanced sensitivity and specificity values of SIMCA models. In this 
study, choosing minimum distances using ROC curves helped to maxi
mize the sensitivity, which is equivalent to increasing the ability of the 
model to recognize target samples (non-adulterated/authentic). In 
contrast, specificity decreased, while efficiency remained the same. This 
statement can be clearly realized by evaluating the total specificity 
value, that is, the specificity regardless of the type of adulterant used 

(from 100 % to 90 % and from 95 % to 92 %, for NIR and ATR-FTIR 
models, respectively). 

In the sequence, high-level data fusion was implemented aiming to 
improve the results obtained with SIMCA models built with individual 
techniques. In order to build a high-level fusion model, samples mis
classified by the NIR model but correctly classified by the ATR-FTIR 
model or vice-versa, were selected. In total, 45 samples were chosen 
as susceptible to apply the fuzzy operators. Before applying them, dis
tance values obtained from one-class SIMCA models of each instru
mental technique were normalized to 1.0. In such a way, the 
contributions of both models were balanced. 

Figures of merit obtained for the high-level data fusion model 
(Table 3) clearly demonstrated the improvement over NIR and ATR- 
FTIR individual models. Training sensitivity was 100 %, the same 

Fig. 4. Receiver operating characteristic (ROC) curves estimated for one-class SIMCA models built with (a) NIR data set and (b) ATR-FTIR data set.  

Table 2 
Performance parameters of one-class SIMCA models optimized with optimal distances based on ROC curves for NIR and ATR-FTIR data. 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 

NIR Sensitivity training 100 %      
Sensitivity test 92.86 %      
Specificity   85.71 %  82.14 %  94.64 %  98.21 %  90.18 % 
Efficiency   87.14 %  84.29 %  94.29 %  97.14 %  90.34 % 

ATR-FTIR Sensitivity training 92.86 %      
Sensitivity test 92.86 %      
Specificity   96.43 %  96.43 %  91.07 %  83.93 %  91.96 % 
Efficiency   95.71 %  95.71 %  91.43 %  85.71 %  92.02 %  
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value as for the NIR model based on a ROC curve (Table 2) and higher 
than for the ATR-FTIR model (93 %). Sensitivity for the test set obtained 
with high-level data fusion was the same as in Table 2. However, data 
fusion provided simultaneously specificities close to 100 % (above 97 % 
for all adulterants), much better than SIMCA models built with indi
vidual vibrational techniques (Tables 1 and 2). The efficiency was also 
improved (between 97 % and 99 %) as compared to both the situations, 
using the class distances obtained by ROC curve (between 85 % and 97 
%) or equal to 1.0 (between 91 % and 96 %). Thus, the use of a high-level 
data fusion strategy was justified considering the improvement of the 
classification results in comparison with individual spectral data. 

4. Conclusions 

An untargeted strategy to the rapid detection of adulteration in 
cashew nuts using portable NIR and ATR-FTIR spectroscopies jointly 
with one-class SIMCA models was developed. The specificity against 
four types of nuts (Brazilian nuts, pecan nuts, macadamia nuts and 
peanuts) was established. The implementation of the receiver operating 
characteristic (ROC) curves allows optimizing target class limits, that is, 
the limit of authentic cashew nuts class below which a sample will be 
considered as non-adulterated. As a result, it has been proved that the 
proposed strategy allowed to balance the values of the performance 
parameters (sensitivity and specificity), providing information on the 
probability of success in the assignments of non-adulterated and adul
terated samples. 

A high-level data fusion model based on Fuzzy operators was con
structed resulting in an improvement of the performance parameters as 
compared to models based on individual techniques. It should be 
emphasized that the development of a high-level data fusion implied the 
need of sample measurements by at least two instrumental techniques. 
However, once the classification model was built and optimized, no 
additional effort is necessary as in the case of applying low- or mid-level 
data fusion. 

The proposed strategy of one-class modelling is preferred when the 
target class to be modelled is the non-adulterated/authentic, regardless 
of the possible adulterants. Given the need for constant improvements in 
food fraud detection, this study represents a contribution to the food 
scientific community that can easily be extended to other types of nut 
fraud or involving other products/matrices. The developed analytical 
methodology is simple, rapid, green (does not consume reagents or 
solvents nor generates chemical waste) and non-destructive, thus being 
considered suitable for screening analysis. 
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combined with multivariate analysis for authentication of animal and vegetable 
food products with high fat content, Trends Food Sci. Technol. 77 (2018) 120–130, 
https://doi.org/10.1016/j.tifs.2018.05.014. 

[5] M. Esteki, Y.V. Heyden, B. Farajmand, Y. Kolahderazi, Qualitative and quantitative 
analysis of peanut adulteration in almond powder samples using multi-elemental 
fingerprinting combined with multivariate data analysis methods, Food Contr. 82 
(2017) 31–41, https://doi.org/10.1016/j.foodcont.2017.06.014. 

[6] M. Esteki, Y.V. Heyden, B. Farajmand, Y. Kolahderazi, Cromatographic 
fingerpinting with multivariate data analysis for detection and quantification of 
apricot kernel in almond powder, Food Anal. Methods 10 (2017) 3312–3320, 
https://doi.org/10.1007/s12161-017-0903-5. 
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