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Abstract
Bovine cheese whey presents physico-chemical similarity with goat cheese whey, making the occurrence of adulteration of 
goat dairy beverage by addition of bovine whey possible. This study aimed to develop a green analytical method, using NIR 
spectroscopy and Data Driven–Soft Independent Modelling of Class Analogies (DD-SIMCA), to verify the authenticity of 
goat dairy beverage and to detect adulteration with bovine whey. For this, 60 authentic samples of goat dairy beverage were 
used and 180 samples were adulterated with 10, 25, 50 and 100% bovine whey. The classification model built based on the 
full spectra (10,000–4000 cm−1) showed 95 and 100% of right assignments for authentic and adulterated samples, respec-
tively. After the variable selection process (5500–4000 cm−1), the results indicated 100% of classification correct for the 
samples. In this sense, the combination of NIR and class modeling has proved to be efficient for controlling the authenticity 
of goat dairy beverages.
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Introduction

Traditionally, goat’s milk is used for the production of fer-
mented dairy products, especially cheese. Compared to 
the cow milk, goat milk exhibits smaller fat globules and 
a higher percentage of short- and medium-chain fatty acids 
(Haenlein and Anke 2011). This contributes to goat dairy 
products having greater digestibility and a healthier lipid 
metabolism when compared to cow milk products.

The cheese whey, which represents between 85 and 90% 
of the volume of milk (obtained after the cheese has been 
drained), has relevant nutritional characteristics; it contains 
approximately 55% of milk nutrients (lactose 4.5–5% w/v), 
soluble proteins (0.6–0.8% w/v), lipids (0.4–0.5% w/v) and 
salts (8–10% dry extract), and is also a source of lactic acid 

(0.05% w/v) and hydrophilic vitamins (González-Martínez 
et al. 2002).

Due to these characteristics, the whey is considered an 
important co-product of the dairy industry and is used for the 
manufacturing of whey powder, whey protein concentrates 
and isolates, isolated protein fractions, bioactive peptides, 
lactose, whey butter and components of the milk fat globule 
membrane (Costa et al. 2010; Foegeding et al. 2011).

The production of dairy beverages represents an interest-
ing use of cheese whey that does not require pre-processing. 
It results from the mixture of milk and whey, fermented 
or not, with or without the addition of other ingredients, 
and displays a milk base of at least 51% (w/w) of the total 
ingredients used (Brazil 2005). Bovine whey can easily 
and fraudulently replace goat whey due to similarities in its 
physicochemical properties. This adulteration is of particular 
concern, as many consumers looking for this product are 
typically allergic to cow milk proteins, leading to increased 
risk of numerous gastrointestinal disorders (Haenlein 2004).

Generally, the traditional methods used to control the 
physical–chemical quality of food are time consuming, 
require the use of many chemical reagents, generate toxic 
waste, destroy samples and are often unable to detect fraud 
in lower concentrations in other food matrices (de Sousa 
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Lobato et al. 2018). In contrast, the near-infrared spectros-
copy (NIR) technique associated with chemometric tools 
has been successfully used to detect food fraud. The main 
positive points are that this technique requires minimal or no 
sample preparation, does not require chemical reagents and, 
after the construction of classification models or multivariate 
calibration, can provide results quickly and efficiently (Hein 
et al. 2016; Hwang et al. 2016).

NIR spectra present bands that correspond mainly to 
overtones and combinations of fundamental vibration of 
groups containing hydrogen (Chen et al. 2017). Therefore, 
the use of chemometric tools is essential to obtain infor-
mation about the chemical composition of the samples and 
allows for food analysis, and is a green alternative to tradi-
tional methods (Cevoli et al. 2013; Ferrão et al. 2007; Xu 
et al. 2013).

Mathematical models of supervised pattern recognition 
that seek to assess the feasibility of using NIR to detect 
food fraud can be divided into discrimination methods and 
class modeling techniques (CMTs) (Xu et al. 2012). The 
discrimination methods are based on fitting a limit between 
two or more classes, to classify future samples in one of 
these classes (Chen et al. 2020). On the other hand, CMTs 
describe the boundary around a class and not between 
classes, using samples from only one specific class. Brere-
ton (2011) reports that class modeling creates an accept-
ance area around the class of interest, rather than determin-
ing limits between classes such as the discriminant model 
approach; based on the created acceptance area, a future 
unknown sample can be identified according to the within/
outside the acceptance limit criteria.

Through the use of CMTs, the target class can be modeled 
separately without changing the original model, resulting 
in more effective models when compared to traditional dis-
criminant methods used to detect adulterations or to assure 
food authenticity (Oliveri et  al. 2020; Rodionova et  al. 
2016b). There are several class modeling algorithms avail-
able, including Unequal Class Modeling (UNEQ) (Derde 
and Massart 1986), Soft Independent Modeling of Class 
Analogies (SIMCA) (Yang et al. 2013), and more recently, 
One-Class Partial Least Squares (OC-PLS) (Xu et al. 2013) 
and Data Driven–Soft Independent Modelling of Class Anal-
ogies (DD-SIMCA) (Pomerantsev and Rodionova 2013).

Studies using class modeling to detect fraud in various 
food matrices, including dairy products, have already been 
published (Chen et al. 2017; López et al. 2014; Xu et al. 
2012). However, the use of NIR coupled to DD-SIMCA to 
detect adulterations in goat dairy beverages is an unprec-
edented study. In this context, the present work aims to study 
the feasibility of combining NIR spectroscopy and class 
modeling (DD-SIMCA algorithm) for identifying bovine 
whey in goat dairy beverage after the processing of Minas 
Frescal cheese.

Material and Methods

Samples and Obtaining the Goat and Cow Dairy 
Beverage

Authentic goat and cow milk were obtained directly from 
the producers. The milk samples were transported to the 
pilot plant immediately after milking, submitted to heat 
treatment (65 °C/30 min), cooled to 4 °C and stored in a 
cold chamber (4 ± 1 °C) until processing.

Minas Frescal cheese was manufactured in triplicate to 
obtain the goat and cow whey according to the protocol 
described by Diamantino et al. (2014), with modifications. 
The milk was heated to 35 °C and 250 ppm of 50% cal-
cium chloride, 85% lactic acid (0.25 mL per L of milk, in 
10% aqueous solution) and a coagulant (CHY-MAX Powder 
Extra NB, Chr. Hansen, Hoersholm, Denmark) was added 
in sufficient quantity to coagulate the milk was after 35 min. 
After coagulation, the gel was cut, with the aid of horizontal 
and vertical liras, into cubes of 1.5–2.0 cm. After resting 
for 5 min, slow stirring was performed for 30 min. The curd 
was then kept at rest for 10 min then draining of the curd 
commenced. The whey was collected, immediately cooled 
and kept refrigerated until dairy beverages were prepared.

Pasteurized goat milk was mixed with the obtained goat 
whey after the manufacture of Minas Frescal cheese in the 
proportions of 51% milk and 49% whey, following the Bra-
zilian regulation about the composition of dairy beverage 
(Brazil 2005). A total of 60 (sixty) authentic samples (51% 
goat milk + 49% goat whey) of goat dairy beverage and 120 
(one hundred and twenty) adulterated samples with 10, 25, 
50 and 100% of cow cheese whey as goat whey replace-
ment were produced for the study. Moreover, samples of 
cow dairy beverage (51% cow milk + 49% cow whey) were 
produced and used in the construction of the models, since 
they could be labeled/marketed as goat milk beverages, rep-
resenting a health risk to consumers. The general scheme for 
obtaining the samples can be seen in Fig. 1.

The levels of adulteration were determined to test the 
sensitivity and specificity of the method applied, consider-
ing real situations in which counterfeiters substitute goat 
whey with cow whey to obtain profit without visual/sen-
sory detection.

Spectrum Acquisition on FT‑NIR

Authentic goat dairy beverage samples were considered as 
positive controls, whereas all adulterated samples, in addi-
tion to cow dairy beverage, were part of the negative control.

To obtain the FT-NIR spectra, about 2 mL of the dairy 
beverage samples was placed in a transflectance accessory, 

784 Food Analytical Methods (2022) 15:783–791



1 3

consisting of a Petri dish and the liquid reflector (Perki-
nElmer, Walthman, EUA, part number L118-0503). To 
collect the spectra, the FT-NIR spectrometer was used 
(PerkinElmer, Walthman, EUA, model Spectrum 100 N) 
with a spectral range between 10,000 and 4000 cm−1, with 
resolution of 4 cm−1 being used, and 32 scans obtained 
from spectra.

Chemometric

The chemometric analysis was performed using the MAT-
LAB R2018b software coupled to the PLS-toolbox version 
8.6 (Eingevector Research Inc. 2010). Initially, an unsuper-
vised method of principal component analysis (PCA) was 
used for all authentic and adulterated samples, in order to 
carry out an exploratory analysis of the spectra information 
obtained.

In this work, we used an advanced algorithm data-ori-
ented SIMCA class modeling (DD-SIMCA) (Zontov et al. 
2017). According to these authors, this algorithm theoreti-
cally allows to calculate incorrect classification rates, based 
on a principal component analysis (PCA) of the predictive 
matrix X (I × J) of the target class, where I and J denote the 
number of samples and variables, respectively.

The DD-SIMCA offers the possibility to estimate distri-
bution parameters oriented to the data, making it possible 
to create a decision rule/acceptance area for a given type I 
α error, that is, the portion of false negative decisions. In 
addition, a second cut-off point is defined to limit the outer 
edge to a given y value, which specifies the possibility that at 
least one regular sample is mistakenly considered an extreme 
value. Detailed formulas related to the calculation of the 
acceptance area for the parameter values provided can be 
found in Rodionova et al. (2016a).

For the construction of the DD-SIMCA models, the 210 
samples of authentic and adulterated dairy beverages were 

randomly divided into two (2) sets: calibration and exter-
nal validation. Thus, the training set was composed by 40 
randomly selected authentic samples (2⁄3 of the authentic 
samples), while the test set, for external validation, was 
composed of 20 authentic samples (1/3 of the authentic 
samples), 120 of adulterated dairy beverage samples and 
30 cow dairy beverages. The addition of authentic sam-
ples in the non-directed class during the validation step is 
important to test the possibility of false positives by the 
proposed model, in other words, to test the capacity of the 
model to distinguish between an unknown group of sam-
ples, the ones belonging to the target class or not.

To assess the quality of the models obtained, sensitivity 
and specificity values were determined according to Eqs. 4 
and 5 (Barra et al. 2019).

where TP means true positive, TN means true negative, 
FN is false negative and FP is false positive.

The data, previously mean-centered, were pre-pro-
cessed using the methods Multiplicative Scatter Correction 
(MSC), Standard Normative Variance (SNV), 1stDV and 
2ndDV of Savitzky-Golay and/or Smoothing, applied in 
order to correct radiation scattering and baseline deviation.

According to Shrestha et  al. (2017), the selection 
and incorporation of the most relevant spectral regions 
improve the performance of the models. Thus, in addition 
to analyzing the spectra obtained in 10,000–4000 cm−1, 
the selection of variables was also carried out, consid-
ering the loadings obtained after performing the PCA, 
capable of revealing the main wavelengths responsible for 

(1)Sensibility(%) =
TP

TP + FN
∗ 100

(2)Specificity(%) =
TN

TN + FP
∗ 100

Fig. 1   Flowchart for obtaining authentic and adulterated goat dairy beverage samples
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discrimination between authentic and adulterated samples 
of goat dairy beverage with cow whey.

Results and Discussion

Analysis of FT‑NIR Spectral Data

Observing the obtained spectra (Fig. 2A), two bands stand 
out, 6900 and 5200 cm−1, which are associated with the O–H 
connections of the water present in the samples. Da Paixão 
Teixeira et al. (2020) and Xu et al. (2013) also used the FT-
NIR resources combined with chemometrics and correlated 
these same spectral bands (6900 and 5200 cm−1) associated 
with OH bonds in the analysis of authentic and adulterated 
samples of goat milk and in the survey of spectral profiles 
of cow yogurt Chinese, respectively. This spectral profile 
can be easily found in different matrices with high water 
concentrations, such as in frozen guava and yellow passion 
fruit pulp, as well as in grape juice (Alamar et al. 2016; 
Musingarabwi et al. 2016).

The spectra showed dispersion of electromagnetic radia-
tion and deviation from baselines, typically found in NIR. 
Thus, to reduce these effects, several pre-processing tech-
niques were tested and the best performance was obtained 
through the smoothing of the first derivative of Savitzky-
Golay (1stDV). The effect of using 1stDV on the authentic 
and adulterated spectra of goat dairy beverage can be seen 
in Fig. 2B. Comparing the average spectra of authentic and 
adulterated samples after the application of pre-processing, 
it can be seen that the numbers of wavelengths 7070, 6753, 
5284, 4989 and 4087 cm−1 were mainly responsible for the 
clustering observed between authentic and adulterated sam-
ples of goat dairy beverage (Fig. 2B).

The bands at 6753 and 5284 cm−1 are related to the 
OH bonds and the water content present in the samples 
and after applying the pre-processing, it was also possible 
to verify differences in the 4989 cm−1 bands that can be 
associated with the protein content, such as amides (dos 
Santos Pereira et al. 2020). The 7070 cm−1 region that 
corresponds to the first O–H and N–H overtone and the 
4087 cm−1 regions are related to the C-H + C–C combina-
tion region (Osborn et al. 1993; dos Santos Pereira et al. 
2020).

Figure 3A shows the PCA using pre-processed spectra 
based at 1stDV of Savitzky-Golay. The PCA model was 
established with four (4) PCs. In Fig. 3A, the PC1xPC2 
scores are found which represented 94.9% of the total accu-
mulated variance. As can be seen in Fig. 3A, authentic and 
adulterated samples of goat dairy beverage showed a ten-
dency to cluster, indicating that the PCA presented relevant 
information to identify the similarities responsible for the 
clustering between the sample classes.

When looking at the loadings presented by PC1 
(Fig. 3B), we noticed again, as expected, that the wave-
lengths at 5284, 4989 and 4087 cm−1 were the most impor-
tant for discrimination between authentic and adulterated 
samples, corroborating the result previously presented 
after the use of 1stDV as pre-processing of the spectra 
(Fig. 2B). The band close to 5200  cm−1 is in the first 
OH overtone region and in cases of matrices with a high 
amount of water (as is the case of goat and cow milk sam-
ples), we can correlate it to this compound; but this spec-
tral region can also be attributed to the first overtone of 
the bond CONH2-R (Eldin 2011; Osborn et al. 1993). The 
spectral region close to 5000 cm−1 can be associated with 
the combination of N–H groups and the region of the band 
close to 4087 cm−1 is related to the combinations of CH2 

Fig. 2   Authentic and adulterated medium FT-NIR spectra of goat dairy beverage (A) and the smoothing effect (B) of the first Savitzky-Golay 
derivative (1stDV) on the goat dairy beverage spectra
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bonds that have already been associated with chain groups 
linked to proteins (Núñez-Sánchez et al. 2016).

Although the total protein content presented by goat’s 
milk is similar to that reported by cow’s milk, differences 
related to the lower level of αs1-casein and higher level 
β-casein in goat’s milk when compared to cow’s milk can 
be verified (Amigo & Fontecha 2011; Clark and Mora 
García 2017; Harish Kumar et al. 2016; Picon et al. 2019). 
Harish Kumar et al. (2016) also reinforced that what dif-
ferentiates goat milk protein from cow milk is the structure 
of the casein micelle, the wide variety of bioactive pep-
tides in these fractions and the presence of non-protein 
nitrogen compounds such as amino acids, nucleotides and 
nucleosides.

Silanikove et al. (2010) and Haenlein (2004) also reported 
that the casein micelles found in goat’s milk are larger than 
those in cow’s milk (in general, they vary from 100 to 
200 nm compared to 60 to 80 nm) and have different rates 
of sedimentation, solubilization, thermal stability, and con-
tents of calcium and phosphorus. Besides the differences in 
casein fraction compositions and micelle structures, differ-
ent protein compositions presented by goat and cow whey 
also contribute to the differences observed, since cheese 
whey corresponded to 49% of the dairy beverage’s formula-
tions evaluated in the present study. Goat β-lactoglobulins 
(β-LG) have lower net charge when compared to β-LGs pre-
sent in cow’s milk. Similarly, even though α-lactoalbumins 
(α-LA) in goat’s and cow’s milk are closely homologous, 
α-LAs from the two species also differ in the composition 
of charged amino acids (Amigo & Fontecha 2011). These 
differences in protein composition between goat and cow 
milk proteins are characterized as probably the main fac-
tor responsible for the differentiation between authentic 
and adulterated samples of goat dairy beverage with cow’s 
serum, according to the trend verified in the PCA.

Modeling of Single Class DD‑SIMCA

Figure 4A shows the chi-square acceptance area of the DD-
SIMCA model of the target class for the data set, where the 
full spectral range was considered (10,000–4000 cm−1). The 
green curve limits the acceptance area, while the red curve 
limits the external area. In this plotting, each sample in the 
training set is marked as a green dot on the acceptance plot 
and is considered a “regular” sample; conversely, the sam-
ple marked by a dot between the green and red lines will be 
considered as an “extreme” sample (Chen et al. 2020). In 
our study, extreme samples were not detected. It should be 
emphasized that the red curve is the outer edge of the given y 
value, which controls the likelihood that at least one regular 
sample will be erroneously classified as external.

On the other hand, Fig. 4B provides the predictive perfor-
mance of the DD-SIMCA model for the set of tests consider-
ing the full spectral range. Analyzing the 170 samples used 
as a non-segmented class (20 authentic samples, 120 adul-
terated samples and 30 samples of cow dairy beverage), we 
can observe that only 1 sample of authentic dairy beverage 
was incorrectly classified as an adulterated sample (non-seg-
mented class). Thus, the percentage of correct answers was 
95% for authentic samples and 100% of adulterated samples 
were correctly rejected (considered non-authentic) by the 
model of a class. In our work, the DD-SIMCA model was 
built using 2 PCs (α = 0.01) and the applied beta value was 
0.39%. Rodionova et al. (2016a) discriminated the authentic-
ity of olive samples and used 6 PCs to provide 98% specific-
ity (α = 0.05) in class modeling. On the other hand, Mazivila 
et al. (2020) used 30 authentic samples of cow milk powder 
(20 in the training set and 10 in the test set) and 20 samples 
adulterated with sucrose (in a concentration range of 1 to 
3%) and melanin (in a concentration range of 0.8 to 2%) 
(non-segmented class), reporting that the best performance 

Fig. 3   Principal component analysis (PCA) (A) and loadings of PC1 after sample pre-processing (B)
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of the DD-SIMCA model was obtained with the use of 3 
PCs. These authors even reported that the modeling of a 
class was successful, since no extreme or external samples 
were found in the training set and all 10 samples in the 
authentic milk powder test set were also correctly classified 
as members of the target class; additionally, all 20 samples 
adulterated with sucrose and melanin (non-segmented class) 
were correctly classified as not belonging to the target class.

In order to improve the performance of the classification 
model, selection of variables was performed, according to 
the loadings of PC1, obtained during the PCA analysis. In 
this context, only the region between 5500 and 4000 cm−1 
was selected, as it is the region responsible for discriminat-
ing authentic and adulterated samples of goat dairy bev-
erage, carrying out a new class modeling by DD-SIMCA 

using the same data set. Figure 5A shows the chi-square 
acceptance area of the DD-SIMCA model of the target 
class, for the data set with variable selection. In this case, 
the model was created with only 1 principal component, the 
α value established was 0.01 and no sample was classified as 
extreme. Analyzing the predictive performance of the DD-
SIMCA model with variable selection (Fig. 5B), it is also 
observed that no sample of the segmented class was incor-
rectly classified as a non-segmented class and all samples 
of the non-segmented class were correctly classified, with 
a beta value 0.13%.

Table 1 provides the confusion matrix for the predic-
tion of the DD-SIMCA models using the full spectral 
range (10,000–4000 cm−1) and with the selected variables 
(5500–4000 cm−1). The sensitivity and specificity values 

Fig. 4   Acceptance area of the target class chi-square (A) and predictive performance in the test set (B) of the DD-SIMCA model using the entire 
spectral region

Fig. 5   Acceptance area of the target class chi-square (A) and predictive performance in the test set (B) of the DD-SIMCA model obtained after 
variable selection
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obtained by the DD-SIMCA model using the full spectral 
range and with selected variables showed excellent predic-
tive performance in the classification of authentic and adul-
terated samples of goat dairy beverage, with 95 and 100%, 
respectively.

Therefore, the performance of the model with selected 
variables was superior when compared to the model pre-
viously presented in Fig. 4 (A and B), using full spectral 
data; although more information is available in full range 
spectra, it also has more noise and information that could 
not be relevant to the studied objective. Chen et al. (2020) 
indicated that the combination of NIR spectroscopy with 
variable selection and class modeling was feasible to iden-
tify frauds in a drug adulterated with Sophora flavescens in 
powder and corn flour. Maximum sensitivity and specificity 
values of 92 and 100% were reported, respectively, related 
to the correct identification of the most important spectral 
regions present in their global spectra.

Conclusions

The results obtained during this work showed an excel-
lent potential of NIR spectroscopy for the creation of DD-
SIMCA models with efficient discriminatory power between 
authentic samples of goat dairy beverage and samples adul-
terated with cow whey. The variable selection was carried 
out through the use of the information obtained by the 
loadings graph of the PCA, where the improvement in the 
final performance of the proposed DD-SIMCA model was 
observed, since the reduction of the spectral range also led to 
a reduction the presence of noise and/or irrelevant or redun-
dant information for the desired objective. As a suggestion, 
the results obtained through the use of a reduced spectral 
range represent a possibility to carry out future studies that 
aim to use a portable, cheaper and accessible NIR device, 

capable of detecting adulterations in goat dairy beverages. 
In this sense, this procedure is a promising alternative to 
the traditional methods used to detect fraud in foods that are 
usually laborious, time-consuming and expensive.
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