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Abstract
This study shows the potential application of a potentiometric electronic tongue coupled with a lab-made DataLogger device 
for the classification of dairy products according to the type of milk used in their production, i.e., natural, fermented and 
UHT milk. The electronic tongue device merged a commercial pH electrode and 15 lipid/polymeric membranes, which were 
obtained by a drop-by-drop technique. The potentiometric signal profiles gathered from the 16 sensors, during the analysis 
of the 11 dairy products (with ten replicate samples), together with principal component analysis showed that dairy samples 
could be naturally grouped according to the three types of milk evaluated. To further investigate and verify this capability, 
a linear discriminant analysis together with a simulated annealing variable selection algorithm was also applied to the elec-
trochemical data, which were randomly split into two datasets, one used for model training and internal-validation using a 
repeated K-fold cross-validation procedure (with 64% of the data); and the other for external validation purposes (containing 
the remaining 36% of the data). The multivariate supervised strategy used allowed establishing a classification model, based 
on the potentiometric information of four sensor lipid membranes, which enabled achieving a successful discrimination rate 
of 100% for both internal- and external-validation processes. The demonstrated versatility of the built electronic tongue for 
discriminating dairy products according to the type of milk used in their production combined with its simplicity, low-cost 
and fast time analysis may envisage a possible future application in dairy industry.

Keywords Dairy products · Electronic tongue · Principal component analysis · Linear discriminant analysis · Simulated 
annealing algorithm

Introduction

Foods characterization, namely of dairy products is a hard 
task taking into account the complexity and inherent vari-
ability of the composition of these products. Among dairy 

products, milk quality control during processing and storage 
is still of major interest for the dairy industry [1]. Milk and 
milk based products contribute to a healthy human diet being 
a key source of bio-available elements/compounds like cal-
cium and proteins [1], being quite important to ensure their 

 * Kuwat Triyana 
 triyana@ugm.ac.id

1 Physics Department, Universitas Gadjah Mada, Sekip Utara 
BLS 21, Yogyakarta, Indonesia

2 Physics Department, Universitas Islam Negeri Maulana 
Malik Ibrahim Malang, Malang, Indonesia

3 Interdisciplinary Halal Research Group, Universitas Gadjah 
Mada, Jl. Kaliurang Km. 4, Sekip Utara, Yogyakarta, 
Indonesia

4 Chemistry Department, Universitas Gadjah Mada, Sekip 
Utara BLS 21, Yogyakarta, Indonesia

5 Instituto Politécnico de Coimbra, ISEC, DEQB, Rua Pedro 
Nunes, Quinta da Nora, 3030-199 Coimbra, Portugal

6 CEB - Centre of Biological Engineering, University 
of Minho, Campus de Gualtar, 4710-057 Braga, Portugal

7 Centro de Investigação de Montanha (CIMO), ESA, 
Instituto Politécnico de Bragança, Campus Sta Apolónia, 
5300-253 Bragança, Portugal

8 Laboratory of Separation and Reaction Engineering - 
Laboratory of Catalysis and Materials (LSRE-LCM), ESA, 
Instituto Politécnico de Bragança, Campus Santa Apolónia, 
5300-253 Bragança, Portugal

brought to you by COREView metadata, citation and similar papers at core.ac.uk

provided by Biblioteca Digital do IPB

https://core.ac.uk/display/323508651?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1
http://orcid.org/0000-0002-1466-4364
http://crossmark.crossref.org/dialog/?doi=10.1007/s11694-018-9855-8&domain=pdf


 I. Tazi et al.

1 3

safety and quality. To increase milk shelf-stability, its micro-
bial population must be reduced, which is usually achieved 
by thermal processing of milk. However, these technological 
processes highly affect the sensory attributes of milk as well 
as physicochemical changes that may condition protein func-
tionality and the bioavailability of the nutrients [2]. Usu-
ally, food analysis is carried out using standard analytical 
techniques such as chromatography and spectroscopy [1, 
3]. However, these methodologies are non-portable, hardly 
miniaturized and difficult to implement for on-line analysis. 
Moreover, they are expensive, time-consuming and require 
specialized technicians, exciding the economic possibilities 
of the majority of small milk producers. The use of fluores-
cence sensor arrays for classifying commercial milk sam-
ples according to their thermal treatments (i.e. pasteurized 
milk, sterilized milk, UHT fresh milk and recombined milk) 
has been reported [2]. Also, near infrared (NIR) portable 
sensors [4] have been applied for monitoring, in situ, milk 
composition.

Sensor-arrays, namely electronic tongues (E-tongues), 
have been reported as potential, versatile and advantageous 
electrochemical tools within food analysis field, mainly 
since they are able to quantitatively estimate characteristic 
properties of food samples, to distinguish among several 
types of foods and to recognize taste attributes [3]. In fact, 
sensor-arrays allow collecting broad information on attrib-
utes like quality, condition or process instead of measuring 
single parameters using specific sensors [5]. Concerning 
dairy products, the successful performance of E-tongues in 
recognizing milk types may be attributed to the quite differ-
ent composition of raw milk according to the animal origin 
(e.g., cow, goat, sheep, etc.), the different processing tech-
nologies applied in the production of milk, or the incorpora-
tion of different flavors in milk-based beverages. Indeed, in 
the last 10–15 years several papers have reported the use of 
E-tongues, based on different electrochemical approaches 
(e.g., potentiometric using ion selective electrodes or lipid 
polymeric membranes; voltammetric using one or more 
working electrodes; etc.), combined with different chemo-
metric techniques (e.g., principal component analysis, PCA; 
linear discriminant analysis, LDA; artificial neural networks, 
ANN; support vector machines, SVM; partial least square, 
PLS; etc.) for qualitative, semi-quantitative or quantitative 
milk analysis. Among these works the main application con-
cerned milk classification according to the brand, fat content 
or storage time, being some studies focused on the capability 
of monitoring milk quality.

Voltammetric based approaches have been reported 
for milk evaluation namely to monitor milk deterioration 
process or its quality during storage, using ANN, PCA or 
cluster analysis approaches as well as to predict bacte-
rial growth in the milk samples using ANN, PLS or least 
square-SVM models [6, 7]; to monitor, on-line, off-flavors 

of raw milks as well as to monitor, using PCA, the clean-
ing process [8]; to classify fermented milk samples using 
PCA and ANN models validated through a leave-one-out 
(LOO) cross-validation (CV) procedure [5]; to classify 
pasteurized milk according to its brand and for assess-
ing the milk’s storage time based on PCA or SVM, which 
allowed 100% of correct classification for LOO-CV [1]; 
to classify pure milk samples by brand using a PLS-discri-
minant analysis method that enabled a classification rate 
of 100% for samples included in a test dataset [9]; or to 
successfully detect milk samples adulterated with urea by 
means of multi-way PCA and multi-way PLS discrimi-
nant analysis or PCA-least square SVM, allowing 89–94% 
of correctly identified adulterated or pure milk samples 
included in a test dataset [10, 11].

On the other hand, potentiometric based devices have also 
been used for milk assessment. In more detail, Sim et al. [12] 
proposed a disposable screen-printed multi-channel poten-
tiometric E-tongue, with several types of lipid compounds as 
transducers, to discriminate between fresh and spoiled UHT 
or pasteurized milk as well as to follow the deterioration of 
the milk quality when it is stored at room temperature based 
on PCA. Other researchers [3, 13] showed that a miniatur-
ized solid-state potentiometric E-tongue operating either 
in stationary or flow-through mode, together with SVM or 
ANN, could be successfully applied to classify UHT milk 
samples according to brand and fat contents (97% of cor-
rectly classified samples belonging to an external test data-
set). Similar satisfactory results (successful recognition rate 
from 80 to 100% for a test dataset) could also be achieved 
when using an E-tongue with selective and partially selec-
tive electrodes together with PLS-discriminant analysis [14] 
or when using a miniaturized E-tongue with an integrated 
reference microelectrode [15]. Dias et al. [16] showed that 
a lab-made potentiometric E-tongue with cross-sensitivity 
sensors could be used to satisfactorily identify goat milk 
adulteration with bovine milk, using LDA models that were 
validated by LOO-CV (sensitivity and specificity from 70 
to 87%). A commercial E-tongue device (i.e., α-Astree ana-
lyzer), which included sensors coated with lipid/polymer 
material was also able to satisfactorily classify, using a 
PCA, milk samples according to different producers [17], 
to monitor changes in probiotic fermented milk during stor-
age, using PCA, as well as to discriminate probiotic fer-
mented milk samples with different flavors according to 
brand (ANN models with sensitivities from 63 to 100%) 
and to predict (using PLS and/or ANN) the intensity flavor 
perception of a human sensory panel or aroma compounds 
of fermented milk [18, 19]. Recently, Tazi et al. [20] devel-
oped an E-tongue, comprising lipid/polymer sensor mem-
branes coupled with a microcontroller-based data acquisition 
system and a moving average filter procedure, to recognize 
dairy products according to their brands or to detect taste 
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change of bovine and goat milks in room environment, using 
PCA and/or LDA.

The overall satisfactory performances of E-tongue based 
devices for milk analysis has motivated the present work. A 
potentiometric taste sensor array, comprising 16 different 
sensors (15 lipid/polymeric membranes and an external pH 
sensor), was built and applied to evaluate its capability for 
differentiating dairy products (natural milk, flavored natu-
ral milk, drinking-style yogurt, probiotic drink and flavored 
ultra-high temperature (UHT) milk) according to the type 
of milk used in their production (i.e., natural, fermented and 
UHT milks). The E-tongue performance was evaluated by 
unsupervised (e.g., PCA) and supervised (e.g., LDA) clas-
sification multivariate methods. For the LDA approach, 
data was split into two sets (training dataset: for learning 
purposes; and test dataset: for external validation). Moreo-
ver, a meta-heuristic variable selection algorithm (i.e., the 
simulated annealing algorithm, SA) was applied to estab-
lish the best sub-set of sensors required for improving the 
correct classification rate of the samples of the test set. To 
minimize possible overfitting issues, during the training 
step, a repeated K-fold cross-validation (CV) procedure, 
with 10-folds and 10 repeats, was implemented and the best 
E-tongue-LDA-SA classification model was further vali-
dated using a test dataset.

Materials and methods

Reagents

The main components of sensors or lipid/polymeric mem-
branes were made of polymer matrix: polyvinyl chlo-
ride from Fluka, Switzerland; plasticizer compound: 

2-nitrophenyl octyl ether, Bis (2-ethylhexyl) sebacate, Bis 
(2-ethylhexyl) phosphate, bis (1-butyl pentyl) adipate from 
Fluka; lipids as material additive: Octadecylamine, Oleyl 
alcohol, Methyltrioctylammonium chloride, and Oleic acid 
from Fluka.

Lipid/polymeric membranes

All components of the lipid/polymeric membrane were dis-
solved in tetrahydrofuran (THF) from Fluka. Table 1 shows 
the composition of 15 polymeric sensors included in the 
multi-sensor device. The type of additive compound and 
plasticizer as well as their relative proportions were selected 
since, previously, it has been demonstrated in the literature 
that, similar electrochemical devices, also comprising lipid 
polymeric sensor membranes, give qualitative and/or quanti-
tative responses towards standard solutions mimicking basic 
tastes (e.g., acid, bitter, salty, sweet, and umami), positive 
sensory attributes (e.g., bitter, fruity, green and pungency) or 
sensory defects (e.g., butyric, musty, putrid, winey-vinegary 
and zapateria) [21–26], allowing successful application of 
such electrochemical devices in food analysis.

Potentiometric sensor array

For this work, a multi-sensor device was built with the pos-
sibility of comprising 16 sensors. The device comprised gold 
electrodes (thin layers), which were connected to silver wires 
(purity of 99.9%). The body of the sensor device was made 
with an acrylic board and, on both sides, eight gold elec-
trodes were placed as described in a previous work [20]. At 
the other end, each silver wire was connected to a copper 
cable, allowing the connection to a self-made DataLogger. 
To prevent from deterioration, all the silver connections were 

Table 1  Lipid/polymeric 
membrane composition of each 
sensor

No. sensor Additive compound (2.8–3.2%) Plasticizer (64.7–65.2%) Polymer (31.9–32.3%)

S1 Octadecylamine 2-Nitrophenyl octyl ether Polyvinyl chloride
S2 Oleyl alcohol 2-Nitrophenyl octyl ether Polyvinyl chloride
S3 Methyltrioctylammonium chloride 2-Nitrophenyl octyl ether Polyvinyl chloride
S4 Oleic acid 2-Nitrophenyl octyl ether Polyvinyl chloride
S5 Octadecylamine Bis(2-ethylhexyl) sebacate Polyvinyl chloride
S6 Oleyl alcohol Bis(2-ethylhexyl) sebacate Polyvinyl chloride
S7 Methyltrioctylammonium chloride Bis(2-ethylhexyl) sebacate Polyvinyl chloride
S8 Oleic acid Bis(2-ethylhexyl) sebacate Polyvinyl chloride
S9 Octadecylamine Bis(2-ethylhexyl) phosphate Polyvinyl chloride
S10 Oleyl alcohol Bis(2-ethylhexyl) phosphate Polyvinyl chloride
S11 Methyltrioctylammonium chloride Bis(2-ethylhexyl) phosphate Polyvinyl chloride
S12 Oleic acid Bis(2-ethylhexyl) phosphate Polyvinyl chloride
S13 Octadecylamine Bis(1-butylpentyl) adipate Polyvinyl chloride
S14 Oleyl alcohol Bis(1-butylpentyl) adipate Polyvinyl chloride
S15 Methyltrioctylammonium chloride Bis(1-butylpentyl) adipate Polyvinyl chloride
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isolated with an acrylic resin. Figure 1 shows the photograph 
of the E-tongue system containing working and reference 
electrodes connected to the DataLogger. Since the DataLog-
ger built only had 16 channels and it was intended to use an 
external pH electrode (SENPH001 from SFE electronics), in 
the multi-sensor device, the 15 lipid/polymeric membranes 
(described in Table 1) were placed into the gold electrodes 
1–15, being electrode 16 not used. A double junction refer-
ence electrode Ag/AgCl (Hanna Instruments) was used as a 
reference electrode for all sensor inputs.

A DataLogger was built for recording the potentiometric 
signal profiles. As shown in Fig. 2, a microcontroller board 
of Arduino Mega 2560 R3 (based on the ATmega2560) 
having 16 channel input analog read and 54 digital input/
output pins (of which 15 can be used as PWM outputs) 
was used [20]. Each working electrode was connected to 
an adapter interface (system based on the 1130-pH/ORP 
Adapter Interfaces, from Phidgets Inc.). The roles of each 
adapter interface are as a buffer and an amplifier. The output 
of each amplifier was then filtered using moving average 
method with intervals of 20 s directly during the measure-
ment process. This filtering process was carried out using of 
LabView-based virtual instrumentation software.

Dairy products samples and E‑tongue analysis

Eleven milk types (natural and flavoured milk, drinking-style 
yogurts and probiotic drink), from 7 different brands, were 
purchased at a local Indonesian supermarket, being seven 
of them flavored (white tea, chocolate, and strawberry). All 
milk samples were produced in 2015, and for each of the 11 
milk types, 10 different packages (i.e., independent samples) 
were analyzed. Three types of milk were used in the produc-
tion of these dairy products: natural, fermented and UHT 

milk. Details regarding all samples evaluated are given in 
Table 2. The probiotic drink used in this study was fermented 
milk obtained using Lactobacillus casei strain Shirota [27]. 
This probiotic drink is different from yogurt, which gener-
ally uses bacteria such as Streptococcus salivarius subsp. 
thermophilus and/or L. delbrueckii subsp. Bulgaricus [28]. 
As shown in Table 2, the milk samples were labeled with a 
letter considering the first letter of milk type (n, natural; f, 
fermented; u, ultra-high temperature milk, UHT) and, within 
each milk type, the sample number. According to the label 
information milks belonging to the natural milk group had 
fat contents from 3 to 11% and a sugar content of 3%, for 
those belonging to fermented milk group the fat contents 
varied between 0 and 3% and the sugar contents from 4 to 
5%, and finally UHT milks had fat contents ranging from 4 
to 9% and sugar contents varying from 5 to 10%.

For the E-tongue assays, 50 mL of each milk sample were 
placed in a 100-mL beaker to ensure that the sensor device 
was completely immersed in the sample solution and stirred 
during the measurement (~ 5 min) to obtain a homogenous 
solution. To ensure the stability and repeatability of each 
sensor, the potentiometric measurement was carried out dur-
ing 10 min with 10 repeated measurements for each dairy 
sample.

Data processing

The matrix data used for multivariate analysis included the 
E-tongue signal profiles (16 sensors comprising 15 lipid/
polymeric membranes plus a pH electrode) recorded during 

Fig. 1  Photograph of the E-tongue system. (1) Sensor array compris-
ing the working electrodes, (2) reference electrode, (3) sample con-
tainer, (4) magnetic stirrer, (5) DataLogger, (6) personal computer, 
and (7) DC power supply
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each dairy sample (natural, fermented and UHT milk) anal-
ysis. A radar plot was used for illustrating the variability 
between average potentiometric sensor profiles for each 
dairy sample, which were centered and scaled to allow direct 
comparison between sensor profiles, enabling to evidence 
the existence of possible pattern differences within samples.

The PCA is an unsupervised pattern recognition method 
that can reduce the dimensionality of the data by orthogonal 
transformation into principal components (PCs), a new set 
of variables (uncorrelated) that are linear functions of the 
original variables (possibly correlated variables). The num-
ber of PCs depends on data variability but are usually less 
than or equal to the number of original variables. It is used 
mainly as an exploratory data analysis tool since it allows to 
reveal the internal structure of the data considering that the 
new variables represent, by decreasing order, the variability 
in the data. This means that the first PC gives the most rel-
evant information because it represents the larger amount of 
information present in the original data. This technique was 
applied to the potentiometric signals data matrix in order 
to evaluate data variability. For this, data were previously 
centered and scaled.

Linear discriminant analysis (LDA), a supervised pattern 
recognition method, was also used to verify the capability of 
the E-tongue to correctly classify dairy samples according 
to the type of milk (natural, fermented and UHT milk) used 
in their production. The best subset of k sensors (variable 
selection) of the 16 sensors included in the potentiomet-
ric E-tongue was chosen using a meta-heuristic simulated 
annealing (SA) variable selection algorithm [29–31]. The 
SA algorithm searches for a global minimum that optimizes 
a system with the minimum variables, using an iterative pro-
cedure, based on the assumptions of the annealing physic 
process. In each iteration, using the new subset of variables, 
the obtained tau2 quality criterion (a measure of the good-
ness of fitting) is compared, and the new solution is selected 
if it gave a better result than the initial one. For this, a 10,000 
attempts were used to select the best subset of k variables 

(best model), starting the process of selecting the best sub-
sets of variables on each attempt in order to assure the true 
optimal solution. The selection process also included the 
evaluation of the optimal number of sensors in the LDA 
model, being the search carried out for subsets containing 
from 2 to 10 sensors. For each model, based on different 
subsets of sensors, the best model was chosen considering a 
repeated K-fold cross-validation procedure (repeated K-fold-
CV: 10 repeats with tenfolds, ensuring that at each iteration 
10% of the data was used for internal-validation purposes) 
in order to minimize possible overfitting issues and by that, 
reducing the risk of over-optimistic results usually reported 
when only LOO-CV based procedures are used. For imple-
menting this procedure, data (centered and scaled) was first 
split into two data sets, the train set, for model development 
and the test set for external validation. The training dataset 
was obtained randomly in order to contain approximately 
64% of the overall data (i.e., 70 of the 110 samples), ensur-
ing that all electrochemical assays of the same milk sample 
were included in the set, and using the remaining data for 
external validation purposes (i.e., 36% of the data, resulting 
into a dataset with 40 samples). The overall best model was 
the one that used the lowest number of sensors and showed 
the maximum sensitivity and specificity when applied for 
evaluating the samples of the test group. Sensitivity corre-
sponds to the proportion of positive, correct classifications 
and specificity, the proportion of negatives that are correctly 
identified as such. It should be remarked that the data gen-
erated from a potentiometric E-tongue usually show linear 
behavior, and so, in this work only multivariate linear mod-
els were applied. Also, it has been showed that potentiomet-
ric data could be satisfactorily using modeled linear models 
and, in some cases with a superior performance compared 
to other statistical regression strategies such as partial least 
squares (PLS) and principal component regression (PCR) 
[32].

The statistical analysis was carried out using the open 
source statistical program R (version 2.15.1) and applying 

Table 2  Milk samples 
evalauted: dairy product, 
brands, flavor and type of 
processed milk

Sample Dairy products Brand Flavour Types of milk

n1 Natural milk 1 None Natural milk
n2 Flavored natural milk 1 White tea Natural milk
f1 Drinking-style yogurt 2 None Fermented milk
f2 Drinking-style yogurt 3 None Fermented milk
f3 Probiotic drink 4 None Fermented milk
u1 Flavored milk 5 Chocolate Ultra-high temperature milk
u2 Flavored milk 5 Strawberry Ultra-high temperature milk
u3 Flavored milk 6 Strawberry Ultra-high temperature milk
u4 Flavored milk 6 Chocolate Ultra-high temperature milk
u5 Flavored milk 7 Chocolate Ultra-high temperature milk
u6 Flavored milk 7 Strawberry Ultra-high temperature milk
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the Subselect [29, 33] and MASS [34] packages at a signifi-
cance level of 5%.

Results and discussion

Potentiometric signal profiles

All samples were analyzed 10 times by the E-tongue in ran-
dom order providing a potentiometric signals data set (110 
assays × 16 signal sensors). The mean signal profiles (cen-
tered and scaled) obtained from E-tongue analysis for each 
dairy sample is shown in Fig. 3, using a radar plot. This 
figure shows the variability of the signal profiles recorded 
by each sensor of E-tongue for the dairy samples evaluated 
as well as within each type of milk used in their produc-
tion. These variabilities could be attributed to the different 
chemical composition of the dairy samples. To confirm this 
hypothesis, PCA was performed using E-tongue signals data 
matrix in order to verify the spatial distribution of all assays.

Principal component analysis

The PCA applied to the E-tongue signal profiles (signals 
from 15 potentiometric lipid/polymeric sensor membranes) 
obtained during 110 analyses of 11 dairy products (11 
milk type products × 10 samples × 1 electrochemical assay) 
showed that eight PC functions explained 96% of the total 
data variance. The first three PCs allowed explaining a total 
of 80.6% of the data variability (being the values of each PC, 
from the first to the third, 49.6, 22.0 and 9.0%, respectively). 
In Fig. 4a, the 2D spatial sample distribution considering the 
two first PCs is shown. The natural distribution of all assays 

(analysis of the 10 samples of each milk type) showed that 
the replicates of each dairy product are located close to each 
other (showing acceptable precision) with the exception of 
dairy products n1, n2, and f2, for which there was a wider 
distribution.

Overall, the samples of the dairy products evaluated can 
be grouped into two main groups; the first group (negative 
quadrant of the PC1) included samples from dairy products 
produced with UHT milk; and the second group (positive 
quadrant of the PC1) formed by the samples of dairy prod-
ucts produced with natural or fermented milk. The observed 
unsupervised samples split could be tentatively attributed 
to the different milk types characteristics such fat and sugar 
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contents (natural and fermented milks had, in general, lower 
fat and sugar contents compared to UHT milks). In fact, it 
is known that several compound families may contribute 
to the milk discrimination by and electronic tongue such 
as minerals, sugars, proteins and fats [1]. In each of these 
main groups, it also can be considered two smaller groups. 
In the group of UHT milk, it was possible to visualize that 
a sub-group containing samples from dairy products u1, u2 
and u3, and a smaller second sub-group formed by sam-
ples of dairy products u4, u5, and u6. For the natural and 
fermented milk group, two smaller sub-groups can also be 
considered but with a mixture of milk types. In Fig. 4b, the 
inclusion of PC3 allowed the separation between natural and 
fermented milk. In conclusion, the first three PCs (using 
the full sensor array, i.e., the signal profiles gathered from 
the 15 sensors comprised in the potentiometric E-tongue) 
enabled to split the eleven dairy products (including the rep-
licate samples) according to the type of milk used in their 
production: natural, fermented or UHT milks. Furthermore, 
Fig. 4 also showed that the variability found in the analytical 
results cannot be directly explained by the brand or type of 
flavor incorporated in the dairy product. Indeed, the PCA 
results allowed concluding that, within each group, there 
is an intrinsic variability between replicate samples of the 
same dairy product but more evident among groups. So, 
these results are indicative that the signal profiles recorded 
with the E-tongue contain representative information that 
could be further used to classify dairy samples according to 
the three types of milk (natural, fermented and UHT milk) 
using a supervised multivariate statistical technique.

Linear discriminant analysis

In order to verify the E-tongue capability to correctly clas-
sify samples from dairy products according to milk type, 
an LDA was applied coupled with the SA algorithm, which 
is a meta-heuristic variable selection algorithm. For this, 
replicate samples of the dairy products were randomly split 
into two groups. The training dataset was used for estab-
lishing the E-tongue-LDA-SA model, being the predictive 
performance evaluated by applying a repeated K-fold-CV 
technique (10 repeats × 10 folds). The tenfolds were ran-
domly formed and allowed guaranteeing that 10% of the 
data of the training dataset was used for internal-validation 
purposes. With this procedure, the occurrence of possible 
overfitting issues is minimized and, consequently, overopti-
mistic correct classification performances, usually reported 
for LOO-CV, may be overcome. The test dataset, included 
data of all the replicate samples regarding 4 dairy products 
representative of the three milk groups considered. These 
dairy products were selected randomly and included rep-
licate samples of natural milk (dairy product number 2; 
n2), fermented milk (dairy product number 4; f4) and UHT 

milk (dairy product number 7 and 10; u7 and u10). Also, as 
already referred, to simplify and increase the accuracy of 
the predictive E-tongue-LDA model, the SA algorithm was 
applied to select the best subset of independent variables 
(with the minimum number of sensors) that gave the best 
prediction performance (i.e., the highest correct classifica-
tion rate for the repeated K-fold-CV procedure), by remov-
ing sensors that could enhance noise issues due to multicol-
linearity issues. Prior to LDA modelling, the sensors signal 
matrix was scaled and centered.

The results obtained for the training dataset showed that 
the potentiometric E-tongue could discriminate dairy prod-
ucts according to the 3 pre-established milk groups (natu-
ral, fermented and UHT milks used in the dairy products 
production) using the best E-tongue-LDA-SA model estab-
lished based on the predictive performance achieved for the 
repeated K-fold-CV procedure (i.e., internal-validation eval-
uation). As previously discussed, this discrimination capa-
bility could be tentatively attributed to the differences on fat 
and sugar contents of the milk types, which may be respon-
sible of the different potentiometric signal profiles gathered 
by the E-tongue during milk analysis. The best E-tongue-
LDA-SA model had two significant discriminant functions 
that explained 100% of the original data variability (95.8 
and 4.2%, respectively) and was based on the signal profiles 
recorded by 4 E-tongue sensors selected by the SA algorithm 
(S1, S3, S13, and S15). This model allowed 100% of sensi-
tivity and specificity for both original grouped data and for 
the repeated K-fold-CV, which reflects the average predic-
tive performance achieved for the 100 internal-validation 
datasets randomly formed (10 folds × 10 repeats), contain-
ing each 10% of the training data (i.e., 40 replicate samples 
from 4 dairy products produced with the 3 different milk 
types studied). The predictive performance of the selected 
E-tongue-LDA-SA model was further verified using the test 
group data. The results also showed that 100% of correct 
classifications (corresponding to sensitivity and specificity 
of 100%), were obtained for the external validation proce-
dure, demonstrating the predictive robustness of the selected 
electrochemical classification based model. The satisfactory 
classification performance achieved is clearly evidenced by 
Fig. 5, where the two linear discriminant functions of the 
best E-tongue-LDA-SA model are shown allowing to visual-
ize the contribution of the 4 selected sensors to the complete 
separation of the dairy product according to the 3 differ-
ent milk groups for the training dataset (different shapes of 
line markers) as well as for the test dataset (different shapes 
of solid markers). The lines of the decision boundaries for 
groups classification (probabilities of class membership with 
alpha = 0.05) are also represented in Fig. 5.

The overall satisfactory results clearly demonstrated the 
potential use of the E-tongue as a practical analytical tool 
for correctly classifying dairy product according to the type 
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of milk used in the production, regardless the intrinsic sam-
ples’ variability related to the brand and the presence or 
absence of flavor additives. This qualitative potential can 
be tentatively attributed to the representative potentiometric 
fingerprints gathered by the E-tongue device, which allowed 
identifying the differences of organoleptic sensations and 
physicochemical contents of the milks studied induced by 
the different technological processes used in their production 
(Mungkarndee et al. [2]). Indeed, the capability of similar 
E-tongue systems, also containing lipid polymeric mem-
branes, for differentiating pleasant and unpleasant sensory 
attributes of food matrices have been reported [16, 21, 22, 
24–26].

Conclusions

The reported study showed the potential application of an 
E-tongue analytical device, which comprised a DataLogger 
and a multi-sensor system both of them specifically built at 
lab-scale. The analytical performance of the electrochemi-
cal device was evaluated for dairy products classification 
according to the type of milk used in their production. The 
E-tongue multi-sensor tool included a commercial pH elec-
trode and 15 lipid/polymeric membranes. The overall results 
showed that using the potentiometric fingerprints gathered 
from the 16 sensors it was possible to naturally differentiate 
all dairy products by type of milk, using a PCA. It was also 
demonstrated that using a supervised multivariate strategy 
with combined with a variable selection algorithm it was 
possible to establish a E-tongue-LDA-SA model based on 

the signals of only 4 sensor lipid membranes, which had an 
overall sensitivity and specificity of 100% for both internal-
validation (i.e., repeated K-fold-CV procedure) and external-
validation procedures. Thus, it could be concluded that the 
E-tongue based strategy represented a feasible and accurate 
classification tool that could be used to identify the type of 
milk (natural, fermented or UHT milks) used in the pro-
duction of different dairy products, and so its use could be 
foreseen at the quality and control level in dairy industries.
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