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Abstract

In this study, the differential pulse voltammetry (DPV) method was used to simultaneously determine bismuth and copper
concentrations. A 25 bismuth and copper mixtures at the designed ratio were measured using the DPV technique. However,
the overlapping differential pulse voltammograms obtained made it difficult to quantitatively analyze the concentrations
based on adaptive peak current selection. To address this issue, the voltammograms were preprocessed using derivatization
and peak subtraction. The second derivative voltammogram was found to be highly correlated with the copper-bismuth
concentration ratio, resulting in improved fit and prediction accuracy. To further improve the accuracy and precision of the
training and prediction results, XGBoost and Gradient Boosting regression models were applied. The XGBoost and
Gradient Boosting regression models showed high accuracy and precision with r-squared values of 0.877 and 0.993 for
copper, and 0.879 and 0.993 for bismuth, respectively. The mean recoveries of copper were 99.84% and 98.07%, while
bismuth recoveries were 93.17% and 90.85% for XGBoost and Gradient Boosting, respectively. Additionally, cross-
validation using 10 splits produced a mean score of 45.565 and a mean absolute error of 13.051 for copper, and a mean
score of 13.600 and a mean absolute error of 10.920 for bismuth. Overall, the results indicate that the proposed method is

an accurate and precise way to simultaneously determine bismuth and copper concentrations.
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1.INTRODUCTION

Copper and bismuth are two important elements
that have a wide range of applications in industry
and technology. Copper is used in electrical
wiring, electronics, and plumbing, while bismuth
is used in pharmaceuticals, cosmetics, and alloys.
However, both of these elements can be toxic at
high concentrations, making it important to
accurately measure their concentrations in various
matrices [1-6].

Overlapping differential pulse voltammetry
technique that involves simultaneous measurement
of two or more analytes in a single solution can
provide significant advantages in terms of time,
cost, and sample volume. By using overlapping
differential pulse voltammetry, it is possible to
determine the concentrations of copper and
bismuth in a single measurement, which can be
particularly useful in applications where speed and
efficiency are critical [7-8].

The research on simultaneously determination of
copper and bismuth using overlapping differential
pulse voltammogram involves the development of
modified analytical methods, the optimization of
existing methods, and the application of these
methods to various matrices. The goal of this
research is to improve the accuracy, precision, and
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sensitivity of the analysis of copper and bismuth,
while also reducing the cost and time required for
the analysis. This research can have important
applications in  environmental monitoring,
industrial process control, and biomedical analysis
[9].To address the challenges associated with the
quantitative analysis of overlapping
voltammograms of bismuth and copper ions, this
study proposed a novel approach that involved a
full  voltammogram,  derivatization, and
voltammogram  subtraction. The  processed
voltammogram was then optimized using
XGBoost and Gradient Boosting regression
models to identify significant features in the
obtained data [10].

The Gradient Boosting regression model was
chosen because of its ability to handle sparse and
guantile-weighted data and its effectiveness in
identifying nonlinear relationships between model
targets and features. It can also effectively deal
with missing values, outliers, and categorical
values with high collinearity without special
handling. The fitting model utilized a
differentiated loss function and a gradient descent
optimization algorithm. XGBoost has built-in
regularization techniques to prevent overfitting,
such as L1 and L2 regularization. This can be
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particularly useful when dealing with high-
dimensional datasets. XGBoost has a built-in
mechanism for handling missing data, which can
be a common problem in real-world datasets.
XGBoost uses a method called "tree pruning™ to
remove unnecessary splits in decision trees, which
can reduce overfitting and improve model
performance. XGBoost uses a technique called
"weighted quantile sketch" to approximate the
gradients of the loss function, which can improve
the speed and accuracy of the algorithm [11].

In this study, Differential Pulse Voltammetry
(DPV) was used to obtain the full voltammogram
of bismuth and copper ions, followed by XGBoost
and Gradient Boosting regression to extract
voltammogram features that correlated with the
bismuth and copper concentration ratios. The
training datasets were prepared using bismuth and
copper ion solutions at specific concentration
ratios, and the regression models were developed.
These models were then utilized to predict the
concentration ratios of bismuth and copper ions in
the test solution (test dataset).

2.EXPERIMENTAL

2.1.Materials and Instrument

In this study, a glassy carbon was applied as
working electrode, an Ag/AgCl as reference
electrode, a platinum as counter electrode, and an
eDAQ potentiostat as electric potential source as
well as current measurement apparatus. The
chemicals used in the study were bismuth nitrate
pentahydrate (Bi(NOs)s.5H,0) and copper nitrate
trihydrate (Cu(NOs)..3H20), which were obtained
from Merck, a 65% nitric acid solution (HNO3) and
deionized water, which were obtained from a local
store in Surabaya. All chemicals were used as
received without any prior purification.

2.2.Method

A bismuth stock solution of 2000 mg/L was
prepared by dissolving 4.6422 grams of
Bi(NO3)3.5H,0 in 1 M HNO3, while 3.8017 grams
of Cu(NOs)..3H,0O were dissolved in deionized
water. From these stocks, training solutions were
prepared by diluting bismuth and copper to
concentrations ranging from 600-1000 mg/L and
100-500 mg/L, respectively, with a concentration
range of 100 mg/L. The solutions were analyzed
using differential pulse voltammetry (DPV) with
an eDAQ potentiostat, glassy carbon working
electrode, Ag/AgCl reference electrode, and
platinum counter electrode. The measurements
were repeated three times.

Two test solutions of bismuth and copper were
prepared at concentrations of 650:150 and 850:250
mg/L, respectively. These solutions fell within the
training data set range, but were not part of the 25

variations of training datasets, and their
concentrations were treated as unknown data.
Copper and bismuth voltammograms were
subjected to derivatization using the Scipy Signal
Savitzky-Golay filter with a 3-window length [12].
The regression analysis was conducted using the
sklearn linear models: Gradient Boosting and
XGBoost regression [9,13].

3.RESULTS AND DISCUSSION

3.1.Bismuth and copper voltammograms

DPV measurements were conducted on copper and
bismuth solution using an eDAQ potentiostat with
glassy carbon as the working electrode. The copper
DPV measurements at concentrations of 100, 200,
300, 400, and 500 mg/L were presented in Fig.
1(a), while the bismuth DPV measurements at
concentrations of 600, 700, 800, 900, and 1000
mg/L were shown in Fig. 1(b). The superimposed
voltammograms of single Cu, Bi, and their mixture
were illustrated in Fig. 1(c). Fig. 1(c) reveals that
the oxidation-reduction currents of the two metal
ions coincide, resulting in the voltammogram
overlapping.

The copper peak current potential was observed at
0.06 V, while the bismuth peak current potential
was at 0.0065 V. Regression analysis was
performed on the peak current values as a function
of individual copper and bismuth concentrations,
resulting in linear regression slopes of 3.8424e-05
and 9.6947e-05, intercepts of 0.00065 and -0.0276,
and R-values of 0.999567 and 0.9995,
respectively, for bismuth and copper. The
regression curves can be seen in Fig 2.

3.2.Bismuth and copper training and test solution
measurement

Figure 3(a) displays the voltammograms of
bismuth and copper solutions at different
concentrations, which constituted the training
dataset. A total of 25 concentration variations with
three measurement replications were used,
resulting in 75 DPV measurement voltammogram
curves.

The regression model based on the current peak
values at each copper and bismuth peak potential
in Fig 1 did not perform well, as indicated in Fig.
4. Fig 3(b) shows that the peaks of each copper and
bismuth ion in the combined solution shift to the
left or right depending on changes in their
concentration. This conforms to the Nernst
equation, which states that the electrochemical cell
potential is determined by the concentration ratio
of oxidized and reduced chemicals. Therefore, it is
necessary to optimize alternative methods to
compensate for peak shifts, as the current peaks
vary as a function of changes in the concentration
of copper and bismuth.
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The quantitative analysis of copper using full
voltammogram was carried out using regression
method based on concentration variation. The
voltammograms were divided into 90% training
sets and 10% test sets. We obtained a linear model
with an r-value of 0.9723 and a root mean square
error (rmse) of 31.9029 for the 90% training set.
Predicting the 10% test set produced a regression
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with an r-value of 0.6111 and a rmse of 188.8228.
For bismuth, the quantitative analysis resulted in
an r-value of 0.9985 and a rmse of 7.5504 for the
90% training set and an r-value of 0.98198 with a
rmse of 33.6755 for the 10% test set. Fig 5 shows
the regression curves for 90% of the training and
10% of the test datasets.

Current (A)

oo s
Polential (V)

(c)

1. Voltammogram of the single solution Cu (a), Bi (b), and Bi-Cu overlay (c)

g
&
2]

960

000

18i*]

(b)

Fig. 2. The regression curve of the individual (a) bismuth and (b) copper ion
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Fig. 3. The 75 Bi and Cu solution voltammogram as the training data set
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Fig. 4. The regression curve based on current peaks as a function of copper (a) and bismuth (b) concentrations
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Fig. 5. The regression curves of 90% train and 10% test datasets for copper (a-b) and bismuth (c-d)
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Fig. 5. Voltammogram of Bi and Cu test solutions (a) Cu recovery (b), and Bi recovery (c)

The out-of-sample solution with concentration
ratios of 850:250 and 950:350 mg/L was used to
validate the accuracy of the linear model trained on
the datasets. Fig 6 shows the voltammogram of the
out-of-sample solution with three replications. The
linear regression analysis of the full
voltammogram resulted in a recovery of 116.57%
for copper and 120.35% for bismuth, indicating
poor accuracy. Additionally, the rmse for both
predictions was high, leading to the conclusion that
the full voltammogram analysis approach was
unsuccessful. To improve the quantitative analysis
of copper and bismuth using DPV methods, the
voltammogram  derivatization technique was
employed. Two approaches were proposed: first-
order and second-order derivatization of the
voltammogram. Another approach involved peak
subtraction, whereby the copper and bismuth
mixture voltammogram was subtracted by each

copper or bismuth voltammogram. Fig. 6 and 7
show the recovery rates of copper and bismuth for
the full voltammogram, first-order derivatization,
second-order derivatization, and voltammogram
subtraction methods, as reported in [8].

The results presented in Fig 6 and 7 demonstrate
that the second-order voltammogram
derivatization method has a higher recovery rate.
However, the overall rmse prediction values for
copper using the full voltammogram, first-order
derivatization, second-order derivatization, and
voltammogram subtraction methods were all quite
high, with values of 785.2571, 794.6386,
811.8610, and 785.4763, respectively. The rmse
prediction values for bismuth were 185.6625,
180.0312, 193.8273, and 185.6625, respectively.
Fig 8 displays the first-order and second-order
derivatization of the copper and bismuth
voltammograms.
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Fig. 7. The bismuth recovery of full voltammogram (a),
first-order derivatization (b), second-order
derivatization (c), and voltammogram subtraction (d)
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Fig. 8. First derivative (a) and second derivative (b) of copper and bismuth voltammograms
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Fig. 9. The copper regression curves using XGBoost (a) and Gradient Boosting (b) for training datasets
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Fig. 10. The bismuth regression curves using XGBoost (a) and Gradient Boosting (b) for trai'ning datasets

After conducting previous optimizations, the focus
for quantitative analysis of copper and bismuth
was on the second-order derivatization
voltammogram. The  optimization  process
involved refining regression models that
demonstrated a good fit for training datasets and
accurate predictions for out-of-sample test
solutions. Based on the optimized regression
models, XGBoost and Gradient Boosting
regression were found to produce both good-of-fit
and accuracy. The regression curves for copper and
bismuth using XGBoost and Gradient Boosting
training sets are shown in Fig. 9 and 10,
respectively.

The XGBoost regression models for copper and
bismuth had r-squared values of 0.877 and 0.993,
respectively, with adjusted r-squared values of
0.697 and 0.983. The probability (F-statistic)
values were 9.53e-06 and 1.24e-23, and the Log-
Likelihood values were -398.81 and -290.16,
respectively. The regression coefficients are
depicted in Fig 11. Cross-validation with 10 splits
resulted in a mean of 56.331 and mean absolute

(@)

(a)
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error (MAE) of 20.035 for copper, and a mean of
16.890 and MAE of 9.755 for bismuth.

The Gradient Boosting regression models for
copper and bismuth had r-squared values of 0.879
and 0.993, respectively, with adjusted r-squared
values of 0.702 and 0.983. The probability (F-
statistic) values were 7.65e-06 and 1.24e-23, and
the Log-Likelihood values were -397.77 and -
290.16, respectively. The regression coefficients
for Gradient Boosting regression of copper and
bismuth are depicted in Fig. 12. Cross-validation
with 10 splits resulted in a mean of 45.565 and
mean absolute error (MAE) of 13.051 for copper,
and a mean of 13.600 and MAE of 10.920 for
bismuth

Fig 13 illustrates that the mean recoveries for
copper and bismuth using XGBoost were 99.84%
and 93.17%, respectively. On the other hand, the
mean recoveries using Gradient Boosting were
98.07% and 90.85%, respectively, as shown in Fig
14. Cross-validation using 10 splits resulted in a
mean of 45.565 with a mean absolute error of
13.051 for copper and a mean of 13.600 with a

mean absolute error of 10.920 for bismuth.
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Fig. 12. Gradient Boosting regression coefficient for copper (a) and bismuth (b)
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Fig. 13. XGBoost prediction of copper (a) and bismuth (b) out of sample test solution
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Fig. 14. Gradient Boosting prediction of copper (a) and bismuth (b) out of sarriple test solution

4.CONCLUSION

The successful quantitative analysis of copper and
bismuth using overlapping differential pulse
voltammogram required voltammogram
derivatization to achieve feasible r-squared scores
for training data and prediction accuracy. The
second derivative voltammogram was found to
produce high r-squared values of 0.877 and 0.993
for copper and bismuth, respectively, with
XGBoost regression, and 0.879 and 0.993 for
copper and bismuth, respectively, with Gradient
Boosting regression. The mean recoveries of
copper using XGBoost and Gradient Boosting
were 99.84% and 98.07%, respectively, while for
bismuth, they were 93.17% and 90.85%,
respectively.
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