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This paper proposed a novel method for qualitative analysis of urea-tainted milk samples based on
voltammetric electronic tongue coupled with multivariable analysis method. The electronic tongue
adopted three kinds of metals, such as gold, platinum, and palladium, as working electrodes. 26 pure
milk samples and 26 urea-tainted milk samples with different concentration values were prepared. The
measurement principles involved the extraction of information from cyclic voltammograms recorded
in unadulterated and adulterated milk samples. The response current for different working electrodes
has been considered for data analysis. A mean-centering and normalization method was employed for
the raw current data. The classification algorithm of this system is separated into two phases: (1) the
feature reduction by principal component analysis (PCA); (2) the classification by least square support
vector machine (LSSVM). When principal component factors are equal to 10, the optimal PCA-
LSSVM model was obtained and discrimination rate of the LSSVM model are 100% and 94.12% in
the calibration set and the prediction set, respectively. The results demonstrated that the voltammetric
electronic tongue technology with PCA-LSSVM multivariable data analysis method can be
successfully applied to the classification between unadulterated milk samples and adulterated milk
samples.
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1. INTRODUCTION

Milk is one of the most nutritious foods consumed around the world. But it is alarming that
many unscrupulous vendors are adulterating it with hydrogen peroxide, melamine, and urea which
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have harmful effect on human health. The adulteration of urea (CN2H40) in milk was greater than that
of other adulterants [1], due to high nitrogen content of 46%, which can be added in raw milk to
enhance the nitrogen content resulting in a false appearance of a higher level of protein using the
Kjeldahl method [2]. In addition, a small amount of urea was added into pure milk in order to increase
shelf life of milk [3]. As we know, the urea above 700mg/L in milk may cause indigestion,
malfunctions of kidney, even cancers, etc [4]. Hence, it is essential to develop a rapid, available, and
cost-effective method to identify the milk adulterated with urea.

There are several different methods reported for the detection of urea-tainted milk, such as
chemical method, impedance biosensor[5], pH electrodes, ammonium ion-selective electrodes[6],
optical, amperometric and conductometric transducers, Chromatography [7] with UV or mass
spectroscopy (MS) detector [8], two-dimensional infrared correlation spectroscopy [9,10], and
electrochemistry[11-13]. The voltammetric electronic tongue, as a kind of measurement system, which
has been performed in discrimination, classification, quality control and process monitoring fields of
foods, such as tea[14,15], water[16], beers[17], wine[18], honey [19], beverage[20] and milk[21] etc.
Voltammetry technique has a lot of advantages, such as high sensitivity, versatility, simplicity, and
good signal to noise ratio [22]. When a potential is applied between the working electrode and the
reference electrode, the transient current is obtained from the working electrode surface in
voltammetry. Also voltammetry includes versatile techniques like cyclic voltammetry(CV),
SWV/(Small amplitude pulse voltammetry) and LAPV(Large amplitude pulse voltammetry), etc. In
this work, cyclic voltammetry is chosen in our study. The current response data of each working
electrode were collected, and the results showed non-adulterated milk samples have bigger current
value than the ones found for the milk adulterated with urea. There are two main reason, one reason is
passivation of the electrode surface by urea adulterant[12,13]; The other is that addition of urea make
milk sample more acidic, conductivity change of the samples measured varies from urea concentration
[1]. In this paper, the electronic tongue was used to classify urea-tainted milk samples according to
those reasons. But voltammetric sensors generated numerous data, which make their treatment
extremely difficult. To avoid redundancy in input data and to obtain LSSVM model with better
discrimination ability, PCA was employed for data reduction and the extracted significant information,
and as the input data of LSSVM to analyze and predict urea-tainted milk.

2. EXPERIMENTAL SECTION

2.1 Materials and Samples

A total 52 samples were analyzed, including 26 pure milk samples and 26 urea-tainted samples.
Pure milk samples CYili dairy company, China) were obtained from a local supermarket and mixed
with different amounts of urea. The concentration of the adulterant were 200mgL™, 300mg L™, 400mg
L™ 500mg L™, 600mg L™, 700mg L™, 800mg L™, 900mg L™, 1gL?1.3 gL, 1.5gL™ 2 gL™, and
2.5gL™, the two times samples were prepared for the same concentration, in total 26 urea-tainted milk
samples. Urea reagent was of analytical grade; prior to the experiment, milk samples adulterated with
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different concentrations of urea were manually stirred to make them homogeneous. All milk samples
were not subjected to pre-treatment and dilution.

2.2 Instrumentation and Electrodes

Electrochemical station CHI660E, which is provided by Shanghai Chenhua Company, was
used to collect response current. The electronic tongue was developed using an array of electrodes ,
including three kinds of metals - gold (Au), platinum (Pt) , and palladium (Pd), a platinum counter
electrode, and a reference electrode (Ag/Agcl , 3M, Chenhua instrument inc. Shanghai, China).
Working electrodes and the counter electrode (Tianjin Aida hengsheng inc. Tianjin, China) adopt
2mm diameter of disk electrodes and have a purity of 99.99% with the exception of gold electrode
with a purity of 99.999%.

2.3 Voltammetry measurement

In this paper, the cyclic voltammetric waveform was adopted as excitation signal, the voltage
range of 0-1.6V for the all working electrodes. All current response plots were obtained by using a
scan rate of 50mV/s, sample interval 0.005V, and sample quiet time was 2s. The choice of the potential
windows was based on gaining a large quantity of information related to samples measured and
preventing irrelative electrochemical process to the measured samples [12].

After each measurement, reference electrode was placed in a 3M KCI aqueous solution, and the
disk surfaces of working electrodes and the counter electrode were mechanically polished for 15
seconds with aluminum oxide of 1 and 0.3um on a microcloth polishing pad consecutively. Thereafter,
working electrodes and counter electrode were sonicated (Ultrasonic cleaner KQ5200DE) in ethanol:
water (1:1) for 5 minutes. Finally, all electrodes were thoroughly rinsed with ultrapure water (milliQ,
18.2MQ) to be prepared for the next measurement [13]. In cyclic voltammetry, when the potential is
applied between the working electrodes and the reference electrode, the response current is collected
between the working electrodes and the counter electrode. In the present work, the response current
values from each of the three working electrodes were considered for the analysis. All voltages
mentioned are versus the Ag/Agcl (3M KCI solution) electrode.

3. MULTIVARIABLE DATA ANALYSIS

A major difference between traditional electrochemistry and the electronic tongue is that
traditional electrochemistry only collects redox peak current data while the electronic tongue measures
evenly over the whole waveform [23]. In this paper the response currents of the working electrodes
immersed in the adulterated and unadulterated milk samples have been collected for data analysis. The
number of data points from each working electrode is 640 for each tested sample. The two-
dimensional matrix for 52 samples of pure milk and urea-tainted milk and three working electrodes
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consists of 52x1920 data points, where 52 is the number of tested samples and 1920 is the total number
of current response values of the three working electrodes. All the data have been processed and
analyzed with Matlab software(Version 7.0, the Math works Inc.). Least square support vector
machine (LSSVM) were constructed by the LSSVM toolbox (http://www.esat.kuleuven.be/
sista/lssvmlab/).

3.1 Preprocessing of the raw data

The current responses data obtained from the working electrodes are preprocessed by the
following methods. In this paper, the mathematical expressions were adopted in Egs. (1), Egs. (2),
respectively. Raw data matrix was normalized in Egs. (1). In Egs. (2), firstly, the raw data was
centered, and then it was normalized. That’s because that drift in the electrodes may cause the
difference between the measurements of the different samples, which can be reduced by data centered.
The method in Egs. (1) has been found to be an appropriate technique in PCA for urea-tainted milk
discrimination. For the LSSVM classifier, the method in Esq. (2) has been applied for preprocessing.

_ My
Ai - maX(Mij) (l)
M, —mean(m;)
A, 2)

B max| M, —mean(m;) |

Where M is the response current data matrix, Mij is the element of response current data
matrix; mj contains current values of all samples in the same potential from the same electrode.

3.2 Principal component analysis

It is well known that the drawback of voltammetric sensors detection is the generation of a
large number of experimental data, which hinders their use. In order to remove redundant information
and to enhance signal-to-noise ratio of experimental data, the principal component analysis was
adopted. Principal component analysis is an unsupervised statistical technique, which can be used in
data preprocess and classification. The PCA method was achieved by singular value decomposition, as
equation (3).

A=UxSxV™ 3)
T=UxS (4)
L=V (5)

Where T is score matrix, which can reflect the difference between samples; L is load matrix,
which can reflect the effect of each variable. There are two functions using PCA, one is PCA can
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reduce the immense data set without losing much information; the other is the score plot that PCA
generated can visualize differences between samples measured [24].

3.3 Least square support vector machine

The support vector machine (SVM) has been used successfully in solving many pattern
recognition problems as a powerful classifier. The LSSVM is similar to the SVM to implement
structural risk minimization according to the margin-maximization principle. For a complicated two-
spiral classification problem it is illustrated that a LSSVM with radial basis function (RBF) kernel is
readily found [25]. RBF kernel function is given in equation (6).

X —x, [
k(x x.)=exp(—2—J

i? 2
! (o

) (6)
The LSSVM classifier can be constructed to separate two classes, as equation (7):
. N
y(x) = 5|gn[zak ykK(X’ Xk)+b] (7
k=1

In there, xk is kth input and yy is the kth output pattern, which are belonging to the calibration
set; ax is the Lagrange multipliers; b is real constant, y(x) is output for prediction set x.

4. RESULTS AND DISCUSSION

4.1 Current responses

Pure milk samples and urea-tainted milk samples were analyzed using cyclic voltammetry
without any samples pretreatment. The three working electrodes gave very similar voltammograms
shapes between the unadulterated milk and milk samples adulterated with urea, respectively. In
Figurela-c, the voltammograms of the unadulterated milk sample using gold, platinum, and palladium
electrode are shown, respectively. In Figurela, there was one anodic peak at around +1.18V as well as
one cathodic peak at around +0.48V on the voltammogram of the gold working electrode. In Figurelb,
only one anodic peak at around +0.9V was shown on the voltammogram of the platinum working
electrode. Besides, in Figurelc, there was no obvious peak on the voltammogram for the platinum
working electrode.
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Figure 1. Raw transient current response of the 3-voltammetric sensors array: (a) gold, (b) platinum,
and (c) palladium in unadulterated milk samples
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Figure 2. Amplified local current response overlaid curves from the platinum electrode in
unadulterated milk samples and milk samples adulterated urea with 300mg/L, 1g/L
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Because of the small difference of current response curves between pure milk samples and
urea-tainted milk samples, we amplified current response plots. Figure 2 shows the overlaid plots of
the amplified local current response curves with voltage range of 0.86~1V from the platinum electrode.
The upper two curves are current response curves of pure milk samples, while the middle two curves
are current response curves of 300mg/L urea-tainted milk samples, and the two curves at the bottom
are current response curves of 1g/L urea-tainted milk samples. From Figure2, in contrast unadulterated
milk samples have bigger current value than the ones found for the milk adulterated with urea;
300mg/L urea-tainted milk samples have bigger current than 1g/L urea-tainted milk samples, which is
due to passivation of the electrode surface by urea adulterant.

4.2 Classification of the Urea-tainted Milk samples by PCA

Voltammograms of the three working electrodes were recorded between 0 and 1.6V,
respectively. The number of current response captured from each working electrode is 640, while
response data matrix is 52x640. The two-dimensional matrix of total data from the three working
electrodes is 52x1920.

=
(8]
|

T
I e T T
I + s ' : '
e e A S . .
g Oy e Y ﬁg* ,5*_*
I IS + o nEELT e
01 * & :
..... % W i
D.2:- """"""" el W 4
1T s

. 5
PC2=028% 05 55 PC1=09.72%
(@)
. 5 B i ' |
‘6\-.., 1
[au]
=
™0
n
i
[
6L 5
10 -

-10
PC2=258.459% T PC1=4538%

(b)

Figure 3. PCA score plot of unadulterated milk samples and milk samples adulterated with urea (blue
# represents urea-tainted milk sample, red +.represents unadulterated milk sample), (a) PCA
score plot of response data of the Pt electrode by normalization of raw data; (b) PCA score plot
of response data of the three working electrodes by normalization of data center
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The score plot of unadulterated milk samples and milk samples adulterated with urea as shown
in Figure3. In the three working electrodes, the current response of the Pt electrode has best stability
and reproducibility. In Figure3 (a), the raw data of the Pt electrode was normalized by the maximum
value of raw data matrix. The score plot of the Pt electrode shows the best separation ability in all
score plots from current response data of each working electrode. PC1, PC2, and PC3 are 99.72%,
0.25%, and 0.02% respectively, i.e., the first three principal components (PCs) accounted for 99.99%
of the current response variation. There was a tendency that fifty-two samples from unadulterated
milk samples and adulterated milk samples with urea were almost distinguished into two areas, as
shown in Figure 3(a), but there are still three urea-tainted milk samples mixed into unadulterated milk
samples. In Figure3 (b), the PCA score plot was gained after data centered of total response data from
the Pt, Au and Pd electrodes were normalized. The separation ability is lower than that of Figure3 (a).
The main reason is that the first three principal components are 45.38%, 28.49%, and 12.68% for PC1,
PC2, and PC3, respectively, which only represent 86.55% of raw information. Because content of
adulterant is low, the difference between unadulterated milk samples and urea-tainted milk samples is
very small, it is not enough to discriminate the difference between unadulterated milk samples and
adulterated milk samples with urea by the first three principal components. Therefore, in order to
improve classification ability, more PCs are needed to obtain different characteristic information of
measured samples. Thus, LSSVM discrimination model was employed by using total response data
from three working electrodes to improve separation ability based on the result of PCA analysis.

4.3 PCA-LSSVM Model

In this paper, fifty-two measured samples were divided into two parts: calibration set and
prediction set. The calibration set contained 35 samples including 17 pure milk samples and 18 urea-
tainted milk samples, which accounted for two-thirds of total samples. And the remaining one-third of
the samples had 17 samples including 9 pure milk samples and 8 urea-tainted milk samples, which
were used to construct the prediction set. In the calibration set and prediction set, the unadulterated
milk samples were set to “-1” and urea-tainted samples were set to “1”".

It is important to select proper number of the principal components, if the number of the
principal components is less, the difference between unadulterated milk samples and urea-tainted
samples can not be reflected fully; but if the number of the principal components is more, the noise
information can be added. According to current response result, the number of these current attributes
is 1920 from the three working electrodes for the each sample. When number of these features was
reduced to 10 from 1920 by using PCA, the classification effect of measured milk samples is best.
LSSVM model was constructed using the scores matrix of the first ten principal components reduced
by PCA as new input variables [26]. The LSSVM classifier includes two parameters, which are the
relative weight of the classification error y and the bandwidth of the RBF kernel function . They are
optimized for building a better classification model. In this study, y and o® were determined by
performing a grid-search technique, and the process of two-step search for optimizing the parameters y
and o is shown in Figure 4, where y= 438.78 and 6°=106.87 were selected to build the LSSVM model.
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The predicted output targets are set “-1” and “1” for unadulterated milk samples and urea-
tainted milk samples in calibration set, the threshold was set to 0. The LSSVM model output value
corresponds to the predicted value, the samples with predicted value y,<0 for the samples belong to
unadulterated milk samples and y,>0 belong to urea-tainted milk samples.
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Figure 5. Predicted results in calibration set by PCA-LSSVM model by total response data of three
working electrodes
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The predicted results in calibration set were obtained using PCA-LSSVM model, as shown in
Figure 5. The unadulterated milk and urea-tainted milk samples were properly classified into two
chasses. 17 samples in prediction set were predicted by the PCA-LSSVM model, whose predicted
results were shown in Figure 6.
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Figure 6. Predicted results in prediction set by PCA-LSSVM model of total response data from three
working electrodes

All unadulterated milk samples were properly classified. There was one urea-tainted milk
sample that was not correctly identified in predicted samples, so the ratio of correct classification
reached 94.12% in prediction set. The wrongly predicted sample is urea-tainted milk sample with
concentration of 200mg/L, which is minimum concentration of milk adulterated with urea. Reference
[12] proposed that the voltammetric electronic tongue can discriminate urea-tainted milk at
concentration above 4.16mmol-L™(249.8mg-L™) combined with PCA and HCA (Hierarchical Cluster
Analysis). The detection limit is higher 121.4mg-L™ reported by reference [13] combined with f-PCA.
But they only discriminated between unadulterated milk samples and adulterated milk samples with
different content of urea by unsupervised pattern recognition methods. In this paper, the detection limit
for urea is higher than those proposed in those work, but it is possible to detect content of urea in milk
samples below intake dose recommended by the health organization and PCA-LSSVM model can be
used to predict whether unknown milk samples are adulterated with urea or not.

Receiver operating characteristic (ROC) curve of response data of the three working electrodes
is shown in Figure 7, where the horizontal ordinate represents specificity, and the vertical ordinate
represents sensitivity. The total ROC area is used to evaluate the classification performance of the
discriminant model [27]. When an area under the ROC curve is less than 0.5, the discriminant model is
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worthless. An area above 0.9 represents a good classifier. For this work, the area under the ROC curve
is only 0.847 when response current data of the Pt electrode is adopted; the area under the ROC curve
is 0.986 when the total response current data of three working electrodes was used as analysis data,
which indicated the LSSVM model constructed by total response data of three working electrodes was
more “excellent” at separating adulterated milk samples from unadulterated milk samples.
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Figure 7. Receiver operating characteristic (ROC) curve of the classifier developed by PCA-
LSSVM of the response data from the three working electrodes.

5. CONCLUSIONS

A new approach based on voltammetric electronic tongue in combination with PCA-LSSVM
was developed for discrimination between urea-tainted samples and unadulterated milk samples. When
the total response current data of three working electrodes (Au, Pt and Pd) were adopted, the correct
classification rates were 100% for calibration set, 94.12% for prediction set, and were 98.08% for all
samples. The wrongly predicted sample is the urea-tainted milk sample with minimum concentration
of 200mg/L. The results show that the proposed method is feasible for discriminating urea-tainted
milk.
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