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The objective of this study was to use Fourier transform infrared (FTIR) spectroscopy combined
with multivariate analysis to identify adulterations in raw milk and in samples from producers.
Five levels of concentration of sodium bicarbonate, sodium hydroxide, hydrogen peroxide, starch,
sucrose and urea were used. A total of 620 samples previously adulterated, frozen and lyophilized
were analyzed in FTIR-attenuated total reflection (ATR) equipment and 15 peaks of the spectra
were obtained. With the multiple linear regression method for samples adulterated with sodium
bicarbonate, sucrose and urea, a coefficient greater than 75% was obtained, and with artificial neural
networks all adulterated samples obtained a percentage of correctness greater than 76.6%, making
it possible to identify adulterants from 0.1%. Of the 249 samples of producers analyzed, 2.4%
were adulterated. With the use of FTIR allied to the multivariate analysis as a screening method,
it was possible to obtain a satisfactory classification for the adulterated samples in this study.
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Introduction

Milk consists of an aqueous phase, composed of
lactose, water-soluble vitamins and minerals; a phase in
suspension state, composed of caseins bound to salts;
and a phase in the state of emulsion, composed of fat and
fat-soluble vitamins.! Milk is a source of protein of high
biological value and calcium, besides being composed
of essential fatty acids like stearic and linoleic.>* Some
physicochemical properties are important to determine their
quality, which can be altered when milk is adulterated, such
as total acidity, relative density and cryoscopy.

There are two possible types of adulteration in milk:
(7) adulteration by substitution, which occurs when there
is complete or partial removal of some component; and
(if) by addition, when substances are added in order to
mask the lower quality. All these practices are considered
adulterations when there is no consumer knowledge.*

Common adulterants added to milk are water and
cheese whey to increase volume, generally followed by the
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addition of density replenishers such as starch, sucrose and
urea; compounds to mask acidity, such as sodium hydroxide
and sodium bicarbonate; substances for the purpose of
preserving milk, such as hydrogen peroxide; and urea, to
simulate the increase in protein content.”’

The adulterations can be identified by routine analysis
(fat content, titratable acidity, dried extract, degreasing,
cryoscopic index and density) and analyses such as
electrophoresis, chromatography, enzyme linked immuno-
enzymatic assay and Fourier transform infrared (FTIR)
spectroscopy.® FTIR is a technique that has been used
because it is fast and does not require chemical reagents.*'°

Spectroscopy studies the interaction of electromagnetic
radiation with matter in order to evaluate the chemical
bonds, which acquire vibrational and rotational motions,
and the difference between the emitted radiation and
the radiation absorbed by the sample gives rise to the
" which is considered the “fingerprint” of the
sample. This technique has been used to evaluate the
quality of dairy products and to identify adulterations,
being possible by analyzing the peaks obtained by the
spectrum.>!2

spectrum,
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The multivariate analysis applied to the spectroscopy
allows the assessment of the data obtained by the FTIR
associated with more than one frequency, because two or
more variables are analyzed at the same time, in order to
predict quality parameters.®® It is a tool used to analyze
data and identify adulterants in dairy products such as
maltodextrin,'? soy extract,! melamine'? and cheese whey.'*
Multivariate analysis techniques such as multiple linear
regression analysis and artificial neural networks can be
used to detect adulterants in milk.

The objective of this study was to use a screening tool
to identify neutralizers, preservatives and replenishers in
raw milk samples using FTIR and multivariate analysis.

Experimental
Collection and adulteration of raw milk samples

Milk of crossbred Holstein x Zebu cows was obtained
under satisfactory sanitary hygiene conditions and
mechanical milking for 20 days between March and May
2017. For each day of collection, 32 treatments were
obtained, one being a control sample and 30 adulterations,
totaling 620 experimental units. The milk samples were
adulterated as follows: milk with 0.03, 0.05, 0.1, 0.3 and
0.5% sodium hydroxide (Vetec; > 97% purity); milk with
0.03,0.05, 0.1, 0.3 and 0.5% sodium bicarbonate'’ (Vetec;
> 99% purity); milk with 0.05, 0.1, 0.2, 0.3 and 0.4% of
3.0% hydrogen peroxide (Cap-Lab); milk with 10% water
and 2.0, 4.0, 6.0, 8.0 and 10.0% urea (Vetec; > 99% purity);?
milk with 10% water and 2.0, 2.5, 3.0, 3.5 and 4.0% sucrose
(Dynamics; = 99% purity); and milk with 10% water and
0.1, 0.3, 0.5, 1.0 and 1.5% starch (Dynamics; > 99.5%
purity).®

From August 2016 to June 2017, 249 samples of
producers were obtained at the time of receipt in a dairy.
For each adulteration and samples of producers, 1 mL of
the sample was collected in an Eppendorf tube and frozen at
—80 °C during 48 h for later lyophilization for 72 h (Terroni
Fauvel L2000 lyophilizer).

Spectroscopic analysis

The freeze-dried samples (0.5 g) were analyzed
in a Cary 630 FTIR-attenuated total reflection (ATR)
spectrometer, and the spectra obtained in the region of
mid-infrared of 4000 to 600 cm™. Data were processed
using Microlab and Resolution Pro softwares (Agilent).
The spectral regions and the main functional groups of milk
and adulterants analyzed in the FTIR-ATR were identified
in the literature.!*"”
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Multivariate analysis

In order to discriminate the samples in milk and
adulterated milk, the data of each adulterant were organized
in an m X n (row X column) matrix where m represents
the milk samples and n represents the absorbance values
obtained by the spectrum in the FTIR-ATR (variables). The
outlines of the matrices were identified using Cook’s D
method, in which the samples that showed deviation greater
than 2 were removed from the analysis. For the analysis of
multiple linear regression and artificial neural network, the
data were randomized using the Kennard-Stone algorithm
and divided into 70% for training and 30% for validation
of each concentration (Table 1).%°

Table 1. Set of samples, training set and validation set of adulterants

Group Total set Training set Validation set
Sodium bicarbonate 113 79 34
Sodium hydroxide 115 81 34
Hydrogen peroxide 114 79 35
Starch 114 79 35
Sucrose 113 78 35
Urea 114 79 35

The data for multiple linear regression were standardized
for mean value = 0 and standard deviation = 1 and the
multicollinearity analysis was performed between the
explanatory variables using the diagnostic method. The
multiple linear regression analysis was performed by the
stepwise method, and the backward, forward and stepwise
forms were tested. The ones that obtained the least number
of observations, the lowest mean square error (MSE) and
the highest determination coefficient to obtain the equation
were chosen.

For artificial neural network classification, data were
normalized from O to 1, expressed by the equation 1, and
inserted into the Java Neural Network Simulator (JavaNNS)
1.1,%! based on the Stuttgart Neural Network Simulator
(SNNYS).
xistand = —— 20 (1)

Xmax — Xxmin
where xistand is the standardized data, xi is the experimental
data, xmin is the minimum data value and xmax is the
maximum data value.

The multi-layer perceptron type network is able to solve
problems of high degrees of non-linearity and the resilient
propagation algorithm makes the convergence process
more efficient. The chosen artificial neural networks had
the following architectures: supervised learning rate,
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logistic activation function, 15 input variables, 2 to 3
intermediate layers, 2 output variables, 20 to 100 neurons
in the intermediate layers and 200 to 600 cycles (Figure 1).

The performances of the different formations of artificial
neural networks were compared according to the correlation
coefficient between output data and predicted by root MSE.
Six neural networks were used to classify the data (pure
milk or milk adulterated with sodium bicarbonate; pure
milk or milk adulterated with sodium hydroxide; pure milk
or milk adulterated with hydrogen peroxide; pure milk or
milk adulterated with starch; pure milk or milk adulterated
with sucrose; pure milk or milk adulterated with urea). The
input of the network was constructed by the standardized
data and the output was represented by a vector formed
by an identity matrix, where the dimension corresponds
to the number of groups that compose the data used, (1.0)
for pure milk and (0.1) for milk adulterated.

The samples collected from the producers were tested
in the 6 networks chosen in the classification stage, in
order to observe if there was any sample adulterated with
any of the adulterants and their concentrations tested in
this study. For this, the Neural Works program® was used
with the training data of each adulterant and the samples
of producers as validation data.
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J. Braz. Chem. Soc.

Results and Discussion
Multiple linear regression analysis

With the multiple linear regression analysis, it was
possible to obtain a mathematical function capable of
relating the response variables to the explanatory variables,
a function that was used to predict the results. For all the
adulterants tested in the FTIR-ATR, multicollinearity was
less than 100, that is, there was no correlation between 2
or more explanatory variables.? In the training stage, the
mathematical model was obtained for the calibration and
later the model was validated. The obtained models were
evaluated based on the MSE and the correlation coefficient.
The MSE defines how much the model has adapted to the
data, and a value of up to 3% is considered acceptable.**

The backward model was the best to detect adulteration
of milk with starch, sodium bicarbonate, urea and sucrose,
while the forward model was the best for milk adulterated
with sodium hydroxide and hydrogen peroxide. Six
equations were obtained for the estimation of milk and
adulterated samples. The number of variables tested, MSE
and correlation coefficient of adulterated samples are shown
in Table 2.
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Figure 1. Configuration of the neural networks chosen for (a) neural network with 2 intermediate layers and (b) neural network with 3 intermediate layers.

A1-Al1S5: absorbances; P M: pure milk; M A: adulterated milk.

Table 2. Variables tested, MSE, correlation coefficient of adulterated samples

Group PR Training Validation
VT MSE R VT MSE R

Sodium bicarbonate 091 8 0.18 0.73 8 0.16 0.84
Sodium hydroxide 0.74 13 0.14 0.85 13 0.29 0.64
Hydrogen peroxide 0.60 12 0.15 0.80 8 0.29 0.48
Starch 0.73 10 0.22 0.62 8 0.27 0.53
Sucrose 0.76 4 0.21 0.62 6 0.25 0.58
Urea 0.85 9 0.16 0.80 9 0.21 0.72

VT: variable tested; MSE: mean square error; R: coefficient of multiple determination.
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The spectra of milk and milk adulterated with sodium
bicarbonate, sodium hydroxide, hydrogen peroxide,
starch, sucrose and urea are presented in Figure 2. For the
samples adulterated with sodium bicarbonate, the important
variables in the validation step were: (i) lactose-related
peaks, which are associated with the wavenumbers 882
(functional group with a vibration ring) and 1021 cm!
(CO/CC/COO/CH functional group); (ii) protein-related
peaks that are associated with wavenumbers 1232
(amide functional group III C-H/N-H); 11534 (amide
functional group II N-H) and 1306 cm™ (functional group
CH); (iii) lipid-related peaks that are associated with
wavenumbers 2305, 2845 and 2914 cm!, which have CH,
functional group.®14232¢ The samples adulterated with
sodium bicarbonate showed a correlation of 0.91; this
high correlation may be associated with the variables of
the equation that are associated with the absorption of this
substance at 1100-1250 cm! (Table 2).
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Figure 2. Spectra obtained by FTIR-ATR spectrometer from samples of
(a) milk; milk adulterated with (b) 0.5% sodium bicarbonate, (c) 0.5%
sodium hydroxide, (d) 0.4% hydrogen peroxide; and milk samples with
10% water and (e) 2.5% starch, (f) 4.0% sucrose, and (g) 10.0% urea.

For the samples with sodium hydroxide, 13 variables
were necessary to predict the adulteration. The wavenumbers
associated with lipids are 772, 2321, 2374, 2851 and 2915
(which have a CH, functional group); 1380 (CH functional
group); 1740 (C=0 functional group); and 3274 cm!
(O-H functional group). Lactose-associated wavenumbers
883 (CH functional group); 1010 and 1148 cm'
(C-0/C-C/0O-0 functional groups). Wavenumbers
associated with protein are 1634 (amide functional
group I C=0) and 1534 cm™ (amide functional group Il N-H).
The important variables to obtain the prediction function
have absorption at the same wavenumbers of sodium
hydroxide (1100-1200 cm™!).816.25-27
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For samples adulterated with hydrogen peroxide,
parameters associated with the wavenumbers 777, 1364,
1454, 1729,2321,2851, 2914 and 3274 (lipids); 883, 1026
and 1153 (lactose); and 1655 cm™! (protein) were used to
obtain the equation. Even with variables associated with
the absorption of hydrogen peroxide in 2000-2500 cm,
the correlation for this adulterant was 0.60.%16182527 The
prediction difficulty of the function may be associated
with the freeze-drying of the samples and due to the high
volatility of the hydrogen peroxide, therefore, the presence
of small amount of peroxide in the milk was not capable
of satisfactory prediction.

For samples adulterated with starch, the following
parameters were associated with the lactose (882, 1021 and
1148 cm™), lipids (767, 1734, 2851, 2914 and 3274 cm™")
and protein (1232 and 1650 cm™). Only 4 parameters were
tested for the sucrose-adulterated samples associated with
the 1158 (lactose), 1369, 1465 and 3269 cm™! (lipids)
wavenumbers. The correlation of the equation for the
prediction of adulteration with starch was 0.73 and for
samples adulterated with sucrose, 0.76. These values may
be related to the fact that starch and sucrose have many
hydroxyls as well as lactose, and, therefore, absorption
occurs at the same wavenumber. The absorption of the starch
is in the region of 900-1200 cm’!, which is associated with
the glycosidic vibrations o 1-4 C-H (fold), C—-O-H (fold),
C-0O and C-C (stretching), and sucrose absorption is in
the region of 1000-1200 cm™!, which is associated with
the functional groups C-H, C-O (stretching) and C=0
(stretching and flexing).31617:27

Samples adulterated with urea in the training and
validation stages were tested for 9 parameters associated
with the compounds and respective lactose (882, 1009,
1147 cm™), lipids (1437, 2851, 2915 cm™) and protein
(1236, 1300, 1617 cm™) wavenumbers (Figure 1). The
1617 cm! variable has absorption in the same region of the
urea (1600-1680 cm™), which is related to the functional
groups CO, CN and NH,, being an important variable for
the prediction of milk adulterated with urea.®!161927

The explanation of the dependent variable regarding
the independent variable is explained by the value of the
determination coefficient, therefore, for the adulterated
samples in this study, sodium bicarbonate, sodium
hydroxide, sucrose and urea obtained values greater than
60%, and referring to the MSE, all samples presented
values lower than 3%. The models obtained were able to
predict the adulteration of the samples, but for the samples
adulterated with hydrogen peroxide the correlation was
60%, showing that the model has low damping capacity
for this adulterant.
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Artificial neural network

Artificial neural networks are techniques that use
mathematical models inspired by the nervous system that
are able to classify, predict and optimize data, and have the
capacity to learn real data and provide this knowledge for
later use. They are formed primarily of the input layer, the
intermediate layer and the output layer, which are connected
to each other by means of mathematical connections.
Depending on the complexity of the data, the network may
consist of more than one intermediate layer.?

For milk adulterated with sodium bicarbonate, the
neural network with 2 intermediate layers and 50 neurons
in each layer obtained a classification of 80% for milk
samples and 93.2% for samples of adulterated milk, with
MSE of 0.27. Samples with sodium hydroxide presented an
error of 0.42, in a network constructed with 2 intermediate
layers and 100 neurons in each layer, where 40 and 96.6%
of the milk samples were classified as milk and adulterated
milk, respectively. The neural network developed for
samples adulterated with sodium bicarbonate and sodium
hydroxide presented high classification capacity, while
the neural network did not have a high classification rate
to differentiate milk from milk adulterated with sodium
hydroxide, which may be related to quantity of milk
samples at the validation stage, which contributed to the
increase of classification error.

Samples adulterated with hydrogen peroxide and pure
milk obtained 80% of classification, with an average square
error of 0.46 and a network constructed with 2 intermediate
layers, the first composed of 80 neurons and the second of
50 neurons. Samples adulterated with starch obtained a
classification of 86.6%, while pure milk obtained 100%,
with an average square error of 0.55. The developed
neural networks had high classification rate for samples
adulterated with hydrogen peroxide, with starch and pure
milk. This fact did not occur with the analysis of multiple
linear regression for samples adulterated with hydrogen
peroxide, where the prediction capacity was low, which
can be related to the greater capacity of generalization of
the neural network.

A network constructed with 3 intermediate layers
composed of 100, 50 and 20 neurons each was used for
the samples adulterated with sucrose, with an average
square error of 0.41. Classification obtained was 40% for
adulterated samples and 100% for pure milk. For samples
adulterated with urea, the net was constructed with two
intermediate layers and 20 neurons in each layer; an
error of 0.58 was obtained, with 100% classification for
samples without adulteration and 76.6% for adulterated
milk samples. The developed neural network presented
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low classification rate for the samples adulterated with
sucrose.

With the artificial neural network, it was possible to
identify samples adulterated with sodium bicarbonate,
sodium hydroxide and hydrogen peroxide with
concentrations from 0.1%, from 0.5% for samples
adulterated with starch, 2.0% for samples adulterated with
sucrose and 6.0% for samples adulterated with urea.

The artificial neural network was used to identify
possible adulterations in the samples obtained from the
producers. Of the 249 samples obtained, the artificial neural
networks were able to identify 3 samples adulterated with
sodium hydroxide, 2 samples adulterated with starch and
1 sample adulterated with urea, corresponding to 2.4% of
the samples studied.

Therefore, the chosen artificial neural networks
obtained good classification rates, but also identified the
presence of adulterants when used in low concentrations.
The FTIR-ATR was able to generate data for prediction
and classification of samples adulterated with sodium
bicarbonate, sodium hydroxide, hydrogen peroxide, starch,
sucrose and urea, being a fast and valuable analytical tool
in the investigation of adulterants in raw milk, and can be
used as an efficient screening method.

Conclusions

With the FTIR-ATR allied to the multivariate analysis
it was possible to identify milk adulterated with sodium
bicarbonate, sodium hydroxide, hydrogen peroxide, starch,
sucrose and urea. It was possible to obtain functions to
predict milk adulterated with sodium bicarbonate and urea
with high correlation rates using multiple linear regression
analysis. Artificial neural networks obtained classification
rate higher than 76.6% for all adulterants and were able to
identify sodium bicarbonate with concentration from 0.1%.
When the multivariate analysis was applied to samples of
producers, it was possible to identify adulterated samples.
The use of FTIR-ATR allied with multivariate analysis
proved to be a screening tool for the identification of
adulteration in raw milk.
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