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ABSTRACT

In this study, the simultaneous determination of Co, Cd, Ni, Cu, and Pb was carried out as a
color complex with 4-(2-pyridylazo) resorcinol in an agueous solution under the assesting of
machine learning. A partial least-squares multivariate linear regression and artificial neuron
network for the analysis of mixtures of metals were developed. MATLAB is a powerful software
machine learning program that was used to support matrix calculations and displays. The benefit
of MATLAB in the construction of the machine learning model allows the development of a rapid
and highly effective analysis of multiple components in the mixtures without separation and
enrichment. For individual determinations, the working ranges were discovered as the important
information for choosing the initial concentration of each heavy metal in a mixture, r. The results
of analysis of Ni**, Pb*" and Cd** by two methods Partial Least Squares - PLS and Artificial
Neural Networks - ANN are sensitive and accurate for simultaneous determination of the
concentration of these ions in the synthesis mixture with a high regression coefficient of 0.993,
respectively, 0.997, 0.997 for Ni**, Pb** and Cd**. As for Cu?* and Co?*, the accuracy is higher
when using the ANN method.

Keywords: Simultaneous determination; Heavy metal; ANN method; 4-(2-pyridylazo) resorcinol.
1. INTRODUCTION

The increasing of heavy metal content in the human body due to economic activities
makes human health worse [1-4]. While mercury is the heavy metal with the greatest
impact on the pollution of ecosystems worldwide [5, 6], lead affects children by leading
to underdevelopment of the brain's gray matter, which in turn leads to a poor 1Q [7].
Copper can destroy red blood cells due to its oxidizing properties and inhaling dust
containing cadmium rapidly leads to problems with the respiratory system and kidneys,
which can lead to death (usually from kidney failure) [8].

The determination of the metals is normally carried out on a variety of samples and by
different methods [9-14]. These methods require very expensive equipment and reagents
along with very specialized skills required [15]. Therefore, the use of UV-VIS
spectroscopy for metal determination is increasingly popular because of its fast
determination, low cost and simple technique [16-19]. However, when using this method,
we will encounter difficulties due to overlapping absorption spectra [20]. So, partial least
squares (PLS) is used [21, 22]. The PLS model is considered as a powerful and complete
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multivariate linear statistical tool for quantitative spectrum analysis thanks to the
characteristics and advantages of the remaining models. However, if in the mixture, there
is a mutual interaction of components that causes the loss of additive properties of the
measured signal, then a nonlinear multivariable regression must be used, such as artificial
neural networks (ANN) [23-26]. Among organic reagents could be used for heavy metal
determination by spectrophotometry, 4- (2-pyridylazo) resorcinol (PAR) which is a
chelator used to determine the concentration of various heavy metal ions [27, 28].

Currently, one of the new research directions to simultaneously identify many
components in the same mixture is to use nonlinear or linear multivariate regression
models. In this paper, MATLAB is used to build multivariable regression algorithms to
process data in the simultaneous determination of several heavy metal ions by UV-VIS
spectroscopy in synthetic sample synthesis.

2. PROBLEM
2.1. Experiment preparation
2.1.1. Instrumentation

Spectrophotometric measurements were performed on a UV-VIS 1601PC (Shimadzu)
spectrophotometer equipped with a 1-cm glass cuvette. Measurement of pH was carried
out on a HANNA Instrument 211 microprocessor pH meter. All weighing was made using
an analytical balance (Scientech SA 120), to an accuracy of 0.0001 g.

All absorption spectra were saved and subsequently exported UV-Win PC software to
the Microsoft Excel program for statistical manipulation. Chemometric assisted
spectrophotometric measurements were performed using the software MATLAB R2020b.

2.1.2. Reagents and solutions

All chemicals were analytical-grade and double distilled water was used to make up
all solutions. 1000 mg/L standards of single heavy metal solutions (Cu?*, Ni?*, Co?*,
Pb?*, and Cd?*) from Merck, Darmstadt, Germany. The borax buffer solution (pH 10)
was prepared by mixing 3.092 g phosphorous acid with 3.728 g potassium chloride.
Then, this mixture was transferred to a 1L volumetric flask, added double distilled water
and shaken well. Finally, it was made up to the mark and adjusted with a pH meter. For
the preparation of 7.5x10*% M PAR reagent solution (C11HsN3NaO2.H.O, molecular
weight = 255 g/mol), 0.0404 g PAR was added to a 250 mL volumetric flask and diluted
with double distilled water.

2.1.3. Apparatus

Different size beakers, measuring cylinders, micropipettes, volumetric flasks, funnel,
oven, Erlenmeyer flasks (different sizes), and filter papers.

2.2. Procedures
2.2.1. Individual calibration

The stock solutions were diluted using the standard solution of heavy metals to get a
suitable concentration range of 0.1 — 1.4 mg/L of Cu?*, 0.1 — 1 mg/L of Ni**, 0.1 — 1.2
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mg/L of Co?*, 0.5 — 6 mg/L of Pb?" and 0.1 — 1.6 mg/L of Cd?* to investigate absorbance
ranges and select some values for constructing calibration curves.

2.2.2. Multivariate calibration

To have a colored complex solution, 5 mL of PAR 7.5x10“*M and 5 mL borax buffer
solution (pH 10) were added. The different volume of standard heavy metal ions was added
into the 25 ml volumetric flask to obtain solutions in the appropriate concentration range.
After 20 minutes, the absorbance was measured by UV-VIS double beam
spectrophotometer. The UV absorption spectra for building calibration curves were
recorded at the respective wavelength. That of all mixtures over the wavelength range
from 450 to 600 nm with 1 nm data interval at 151 wavelengths.

2.2.3. Data Processing Using Machine Learning Methods

The machine learning model has four data matrices including two concentration
matrices and two signal matrices.

C (80 x 5) is a concentration matrix of 80 mixtures of 5 components (training set). Cest
(20 x 5) is a concentration matrix of 20 mixtures of 5 components (test set). A (80 x 151) is
an absorbance matrix of 80 mixtures (training set) at 151 wavelengths. Atest (20 x 151) is
an absorbance matrix of 20 mixtures (test set) at 151 wavelengths. After the necessary
training and test matrices had been built, these data matrices were imported into calculation
programs corresponding to different machine learning methods in MATLAB software.
2.2.4. Validation of Machine Learning Methods

Statistical analysis was performed for the developed models. The accuracy of the
method was evaluated by trueness and precision. Trueness is determined by the difference
between the results obtained by the machine learning model and the concentrations in the
training and test samples and is evaluated by the correlation coefficient R of these two
results. Precision is evaluated through the root mean square error of the model. Parameters
like regression coefficient (R%) and root mean square error of calibration (RMSEC), root
mean square error of cross-validation (RMSECV) were calculated as follows.

The correlation coefficient (R) between the results calculated by the model (x) and the
actual contents of heavy metals in the training or test set (y) is indicated by the formula:

nxy)-E0Xy)
R= re—corimry o @)
(n is the number of the given dataset)
The regression coefficient (R?) is the R-squared formula.
If R? is nearest to 1, the method has high accuracy.

The formula of the root mean square error of calibration (RMSEC) and root mean
square error of cross-validation (RMSECV) are shown as follows. The lower the RMSEC
and RMSECYV, the more accurate the analysis results were obtained.

RMSEC = [Fo=° @); RMSECV = /Z—W‘x)z 3)
N-f-1 M-1

N is the number of mixtures in the training set,
M is the number of mixtures in the test set, and f is LVs.
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3. RESULTS AND DISCUSSION

Since the absorption spectra of Cu-PAR, Ni-PAR, Co-PAR, Pb-PAR, and Cd-PAR
complexes (shown in figure 1) have extensive overlap, it is not possible to perform
simultaneous determination by usual methods by using a calibration curve. Therefore,
multiple regression should be applied to the simultaneous determination and analysis of
five substances in a mixture.
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Figure 1. Overlay absorption spectra of HM-PAR.

The results of the absorbance ranges shown in table 1 indicated that the selected
concentration ranges were suitable for the least error in the absorbance measurement. If
the absorbance of the sample is higher than 2, the UV-VIS used will export the result with
a big error.

Table 1. Absorbance ranges correspond to selected concentration ranges.

Heavy metal Cu Ni Co Pb Cd
Concentration | sy 4, |1 4 01-12 |05-6 01-16
range (mg/L)

Absorbance 0.063 — 0.165 — 0.051 - 0.078 — 0.012 -

range 1.216 1.216 1.126 1.164 1.130

To select the number of factors in the PLS algorithm (model the system without
overfitting the concentration data), a cross-validation method, leaving out one sample at a
time, was used. Given the set of 80 calibration spectra, the PLS calibration on 79 spectra
was performed, and using this calibration, the concentration of the compounds in the
sample left out during calibration was predicted. This process was repeated 80 times until
each calibration sample had been left out once. As can be seen in figure 2, it can be seen
that nearly 95% of the variance of the calibration matrix was in the ninth PLS component.
Thereby, this number was selected to investigate the optimal number of PLS components
(as known latent variables — LVs). Compare the obtained content of heavy metals in the
test sample through the selected LVs and the prepared concentration of that, then calculate
quantities as R? and RMSECYV. If these values show unsatisfactory, change different LVs
from 9 to 15 to select the appropriate regression model and number of LVs. The results
are depicted in table 2.
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Table 2. Statistical parameters obtained by the PLS method.

Statistical parameters Cu Ni Co Pb Cd
Concentration range (mg/L) {0.1-14]01-1]01-12|05-6|0.1-1.6
No.of factors (LVs) 11 9 9 12 12
R? 0.255 | 0.993 | 0.589 | 0.997 | 0.997
RMSECV 0.280 | 0.018 | 0.205 | 0.054 | 0.031
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Figure 2. Plot of % variance explained vs. LVs.
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Figure 3. RMSECV graph for PLS.

Table 3. Statistical parameters obtained by the ANN method.

Heavy Metals Cu Ni Co Pb Cd
R? 0.724 0.958 0.781 0.997 0.995
RMSECV 0.176 0.044 0.162 0.056 0.038

The predicted concentration of the compounds in each test sample was compared with
the known concentration of the compound in this sample and the root mean square error
of cross-validation (RMSECV) was calculated. The plot of PLS components versus
RMSECYV is shown in figure 3. The correlation coefficients are 0.993, 0.997, and 0.997
for Ni?*, Pb?* and Cd?*, respectively, which again verify the good performance of the PLS
model in predicting the concentrations of these cations in mixture solutions. However, for
the determination of Cu and Co, this result is still not good with R? values of 0.255 and
0.589 for Cu and Co, respectively. So, nonlinear model -artificial neural networks (ANN)
methods were used. The training class is randomly divided into three parts at the ratio of
80:10:10 which are train, cross-validate, and test, respectively. The training dataset is used
to calculate the gradient and continuously update the loadings and errors of the network
being trained. The cross-validation dataset is used to monitor the training process.

The values of R and RMSECV parameters were also used to evaluate the simultaneous
quantity of heavy metals in 20 synthesis mixtures of the test set using the ANN method.
Table 3 describes these quantities and the predictions of the test set involving nickel,
cobalt, cadmium, lead, and copper through the training algorithms. The R? value of Cu
and Co increased to 0.724 and 0.781, respectively, indicating the accuracy of the ANN
method in separating Cu?* and Co?*.
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4. CONCLUSIONS

An analytical method has been successfully developed for the multicomponent
spectrophotometric determination based on their complexation with PAR in a borax buffer
medium. The analytical results of Ni?*, Pb?*, and Cd?* with all machine learning methods
used (PCR, PLS, and ANNSs) are sensitive and accurate for the simultaneous determination
of these ion contents at self-made mixtures with high regression coefficients, approximate
0.993, 0.997, and 0.995 for Ni%*, Pb?*, and Cd?*, respectively. For copper and cobalt, the
accuracy was improved significantly when ANNs were replaced for PCR or PLS. The R?
value had a significant increase to 0.724 for Cu?* and 0.781 for Co?*.

This study has demonstrated that artificial neural networks (ANNSs) can be employed
in environmental monitoring, particularly different water samples. ANNs have
successfully and simultaneously determined qualitatively and quantitatively some heavy
metals that could be found commonly in natural water sources. The concentrations of three
heavy metals, namely cadmium, lead, and nickel, contained in synthesis water samples
were successfully simultaneously determined, although their absorption spectra seriously
overlapped under the experimental conditions. Hence, the results can become the key
concepts of future procedures to overcome the main drawback related to the significant
degree of spectral overlap of the constitutive ions in various real samples.
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TOM TAT

Xac dinh dﬁng thoi cac ion kim loai niang trong mAiu nuéc
bang quang pho ket hgp hoc may

Trong nghién civu nay, viéc xdc dinh dong thoi Co, Cd, Ni, Cu va Pb dwoc thuc
hién bang cdch tao phirc mau véi resorcinol 4-(2-pyridylazo) trong dung dich niéc
két hop véi phirong phép hoc mdy. Mot mang luéi no-ron nhan tao va hoi quy tuyén
tinh da bién binh phirong nhé nhdt mét phan dé phan tich hon hop kim loai da dwgc
phat trién. MATLAB la mét phdn mém manh mé ciia chwong trinh hoc may dwoc sir
dung dé hé tro tinh todn va hién thi ma trdn. Loi ich ciia MATLAB trong viéc xdy
du"ng mo hinh hoc mdy cho phép phan tich nhanh chong va hiéu qua déi véi cdc mau
c6 nhiéu thanh phan trong hon hop ma khéng can phan tach va lam giau. Két qua
phan tich Ni2+, Pb2+ va Cd2+ bang phwong phdp phan tich két hop thudt todn binh
phwong t6i thiéu mét phan- PLS va mang no ron than kinh nhdn tao-ANN c6 dé
nhay va chinh xdc cao khi xdc dinh dong thoi néong dé cdc ion nay trong hon hop
tong hop véi hé s6 hoi quy cao lan lwot la 0,993, 0,997, 0,997. Béi véi Cu2+ va
Co2+, do chinh xdc cao hon khi chi su dung phwong phdap ANN.

kho#: Mang no ron nhan tao ANN; Xéc dinh ddng thoi cac kim loai ning; Resorcinol 4-(2-pyridylazo) .
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