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The use of chemometric data processing is becoming an important part of modern voltammetry. The most chal-
lenges arising from voltammetric data are interactions among analytes and the background interferents which
may cause signal changes in comparison with pure analyte profiles, and sample-to-sample potential shifts in
the analyte profiles. These disadvantages can be tackled by baseline- and potential shift-correction Regarding
the above commentedproblems, performances of asymmetric least squares spline regression (AsLSSR) algorithm
for baseline correction and two well-known chemometric tools including interval correlation optimized shifting
(icoshift) and correlation optimized warping (COW) for potential shift correction were examined. Finally, the
COW was chosen for potential shift correction before applying recursive weighted partial least squares (rPLS)
for simultaneous quantification of dopamine (DP), serotonin (ST), acetaminophen (AC) and noradrenaline
(NA). In contrast to many other variable selection methods, the rPLS method has the advantage that only the
number of latent factors used in the PLS needs to be estimated. A multivariate calibration (MVC) model was de-
veloped as a quaternary calibrationmodel in a blank human serum sample (drug-free) provided by a healthy vol-
unteer to regard the presence of a strong matrix effect whichmay be caused by the possible interferents present
in the serum, and it was validated and testedwith two independent sets of analytes mixtures in blank and actual
human serum samples, respectively. Fortunately, the AsLSSR–COW–rPLS approach was successful in simulta-
neous quantification of DP, ST, AC, and NAD in both blank and actual human serum samples.

© 2015 Elsevier B.V. All rights reserved.
1. Introduction

‘Shift’ is a common occurrence in chemistry. Many analytical tech-
niques yield data where the same phenomena may yield variations at
different positions or may have different ‘durations’ depending on the
specific analytical conditions. Analogously, themeasurements for the sin-
gle samples can have different scales, or the sample vectorsmay have dif-
ferent lengths (e.g. different batch lengths in industrial processes).

Electroanalytical data have been analyzed by many chemometricians
during the past four decades. However, during the early development of
these methods, the difficulty of the electrochemical hard modeling and
the lack of linearity between the current and concentration restricted
the application of chemometrics in electroanalytical chemistry [1]. Fortu-
nately, the rapid development of artificial neural networks and dramatic
improvements in soft modeling methods, have enhanced the application
of chemometrics to electroanalytical data during the last several years [2].
98 8334274559.
Gholivand).
In the recent years, multivariate calibration methods applied to ab-
sorptive spectral and electrochemical data are being increasingly used
for the analysis of complex mixtures [3,4]. Several tools have been re-
ported in the literature for processing these data [5], although the
most popular are principal component regression (PCR) [6] and partial
least squares regression (PLS) [7]. All these techniques have the advan-
tage of using the full spectral information and not only a characteristic
peak value. Moreover, they allow a rapid determination of mixture
components, often with no prior separation, and the calibration can be
performed ignoring the concentrations of all components except the
analyte of interest in complex samples.

In PLS regression [8] modeling, it is possible to give the X-variable
weights [9]. This can result inmodels that are easier to handle and easier
to interpret, and in some cases, it may even lead tomodels with a better
predictivity than models based on unweighted variables. Other pur-
poses of variable weighting may be to speed up calculations, or simply
to select a limited number of important variables, that is, wavelength se-
lection. Despite the high redundancy in spectroscopic data, the multi-
variate methods can often be improved by variable selection such as
forward selection [10] or by regional selection such as interval PLS

http://crossmark.crossref.org/dialog/?doi=10.1016/j.chemolab.2015.06.017&domain=pdf
http://dx.doi.org/10.1016/j.chemolab.2015.06.017
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[11]. The primary reason for the improvements is the reduced number
of interferences in the reduced set of variables. Perhaps even more
important than improved predictions and parsimonious models is the
improved interpretation as the selected variables or region(s) can be
assigned by the spectroscopist and referred to a chemical or physical
phenomenon. When an acceptable full range PLS model has been
established, the normal procedure is to inspect the model parameters,
for example, the regression coefficients. High absolute regression coeffi-
cients are considered important, and small regression coefficients are
considered less important.

Monitoring of monoamines such as serotonin (ST), noradrenaline
(NA), and dopamine (DP) has become an important research tool in
the development of advanced analytical technologies [12]. In this re-
spect, the techniques enabling simultaneous analysis of monoamines,
e.g. ST, NA and DP, are of particular interest.

Acetaminophen (AC) is a widely used anti-pyretic and analgesic
drug with actions similar to aspirin. It is an effective and safe agent for
the relief of mild to moderate pain associated with headache, arthritis
and postoperative pain. Its ready access has resulted in its increased
use in attempted suicide [13]. Among different methods for determina-
tion of AC, electrochemical methodsmaybe themostwidely applied be-
cause of high sensitivity, simplicity and reproducibility of this approach
[14–18]. AC electrophysiological [19] effects support the idea that this
potent analgesic drug can act in the central nervous system. Animal
model studies have shown that AC might protect neurons from degen-
eration. For example, AC can protect primary rat embryonic DA neurons
from glutamate toxicity [20]. Also, AC administration at antinociceptive
doses affects serotonin and DP levels in various brain areas and the
spinal cord in rats [21]. Additionally, important drugs such as ACwill in-
terferewith DPmeasurements in biological samples [22]. Thus, it is nec-
essary to develop low-cost, simple, reproducible and reliable methods
for simultaneous determination of DP and AC, which is a major goal of
electroanalytical research. Therefore, simultaneous determination of
DP, ST, AC, and NA is very important, but there is not any electrochem-
ical report about simultaneous determination of these four compounds.
Electroanalytical methods have attractedmore attention in recent years
for environmental and biological compounds determination due to
their sensitivity, accuracy, and simplicity, but the treatment involved
is time consuming and the associated cost is high. Thus it is important
to develop new methodologies for the simultaneous determinations of
these analytes. An attractive possibility is the use of chemometric and
multivariate calibration methods.

For the first time, in this work we made a comparison between
two well-known chemometric tools including COW and icoshift for
voltammetric data alignment and finally AsLSSR–COW–rPLS was cho-
sen for the simultaneous determination of DP, ST, AC and NA in
human serum samples. Literature survey revealed that no attempt has
been made till date to use the AsLSSR–COW–rPLS in an electrochemical
approach.

2. Theoretical and experimental details

2.1. Theoretical details

2.1.1. COW
The COW algorithm is also based on a piece-wise linear correction

function, but, unlike icoshifts, it is continuous andmade up of segments
whose slope is allowed to take a limited number of discrete values de-
termined by the length ℓ of the interval in which the voltammograms
are divided and the maximum number of scan points, s, by which the
length of each interval is allowed to change [23]. When the slope of a
segment of the correction function f(ty) is not one, the corresponding in-
tervals in sample and target contain a different number of points and
linear interpolation is used so that the interval in the sample is com-
pressed or expanded to the same length as the corresponding interval
in the target. The optimized cost function is the sum of the Pearson's
correlation coefficient for all segments after interpolation and dynamic
programming is used to attain the global maximum given the con-
straints. Typically, a maximum allowed correction is set to further re-
duce the feasible region for f(ty). One known problem of the standard
COW method is that, close to the endpoints, the maximum correction
allowed by the slope constraints is reduced.While it is possible tomod-
ify the algorithm to account for this, a computationally more intensive
but equally effective solution is to attach zeroes at both ends of the sig-
nals so that the necessary flexibility is guaranteed (namely wmax ℓ s−1

zeroes should be attached at each end). It is worth mentioning, that,
while COWalso allows for custom intervals, here its commonest format
is used in which sample and target are divided in segments of equal
length.

2.1.2. icoshift
The icoshift program allows for different ways of aligning signals

primarily due to different NMR alignment procedures [24]. In this
method, one or more intervals are defined, either manually or auto-
matically, on the potential-axis and the segments in the sample to be
aligned are shifted in order to maximize their cross-correlation with
the corresponding segment of the target. The local maximum cross-
correlation upon shift is calculated using a Fast Fourier Transform
computation engine in which the optimal correction for all the sam-
ples is computed together and it is possible to fill in the inserted part
using missing values [24]. Compared to other FFT based alignment
methods (e.g., PAFFT and RAFFT), endpoint contamination during
the calculation of cross-correlation (aliasing) is avoided by padding
the segments with a number of zeroes corresponding to the maxi-
mum allowed correction wmax and improved efficiency is obtained
by treating all the samples at once [24]. The icoshift only implements
simple segmentation strategies, e.g., one can define a number of seg-
ments of equal length, but accepts interval definitions provided by
the user, as is the case here. The icoshift uses a greedy algorithm
for the optimization [25], which means that the intervals are opti-
mized separately, without accounting for any global effects. Note
that, like other alignment methods but unlike COW, the icoshift op-
timization criterion is not well defined mathematically unless miss-
ing values are used for the insertion, because the cross-correlation
function is not calculated after the correction is applied and the seg-
ment boundary point replicated. With respect to wmax, it is possible
to let icoshift automatically increase it, for each interval separately,
if the optimal shift for any of the signals is found to be exactly on
the boundary of the interim wmax value. The iterative procedure
starts at 5% of the segment length and increases by an additional
5% at each iteration, up to 50% of the segment length. The icoshift
program has the built-in option of automatically picking the signal
with the largest area under the curve as a target for each interval.
This option was tested against the more standard approach of using
as a single target either the average voltammogram or a representa-
tive sample with average potential shift.

2.1.3. Recursive weighted PLS or rPLS
The recursiveweighted PLS or rPLS introduces a novel variable selec-

tion method where the univariate response variable y is used to guide
the weighting in an iterative or recursive manner [26]. In rPLS, the re-
gression coefficients are recursively used as weights on the original
data matrix. Using the regression vector as a base for the weights is a
reasonable idea as the regression vector reflects the importance of the
variables. Regression vector weights near 0 indicate unimportant
variables, and weights with large absolute values indicate important
variables. Themethod suggested here is very simple, focusing on the re-
gression coefficients and using them as recursive weights. One of the
advantages of the method is that, in its simplest form, it only requires
the user to determine the number of factors. No additional parameters
such as threshold values or confidence limits are required.
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The rPLS is related to the method proposed by Forina et al. [27] and
jack-knifing [28], but instead of iteratively eliminating variables, the
rPLS method iteratively uses the regression coefficients to magnify im-
portant variables and thus relatively down-weight less important
ones. rPLS is based on a process of repeated PLS models; the current re-
gression coefficients are used as cumulative weights on X:

XR ¼ XR−1 � diag bð Þ ð1Þ

whereXR − 1 is the previous updatedweightedX, b is the regression co-
efficient from the last model (based on XR − 1), and XR is the “new X” to
be used in the subsequent PLS model. If repeating the reweighting, the
rPLS model has the fascinating property that it, under normal condi-
tions, will converge to a very limited number of variables (good for
Fig. 1. Cyclic voltammograms of (A) AC (10−3 mol L−1), (B) NA (2.5 × 10−3 mol L−1), (C) DP
(E) Cyclic voltammograms of AC (25 × 10−4 mol L−1), NA (1.2 × 10−3 mol L−1), DP (10−3 m
interpretation), but that it will exhibit optimal regression performance
at an earlier stage, normally including covarying neighbor variables.

2.1.4. Model efficiency estimation
Whether a model can be applied to analysis of human serum sam-

ples or not, model validation is possibly the most important step in
the model building sequence. In order to evaluate the performance of
MVC models, each model was validated for the prediction of validation
and test sets, evaluating rootmean square errors of prediction (RMSEP),
and relative error of prediction (REP):

RMSEP ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
1

ypred−yact
� �2

n

vuuut
ð2Þ
(10−3 mol L−1), and (D) ST (2.0 × 10−4 mol L−1) in PBS (0.05 mol L−1) at different pHs.
ol L−1), ST (10−4 mol L−1), and their mixture in PBS (0.05 mol L−1, pH 2.0).
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REP %ð Þ ¼ 100
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1Xn

ypred−yact
� �2

vuut ð3Þ

ymean n

i¼1

where yact and ypred are actual and predicted concentrations of each
component, respectively, and n is the number of samples in validation
or test set.

2.2. Experimental backgrounds

2.2.1. Chemicals and solutions
Dopamine (DP), serotonin (ST), acetaminophen (AC) and noradrena-

line (NA) were purchased from Sigma-Aldrich. A phosphate buffered so-
lution (PBS, 0.05 mol L−1) of pH 2.0 was prepared from chemicals
(analytical grade) including NaH2PO4 and Na2HPO4 from Merck (pH ad-
justment was carried out by adding H3PO4 or NaOH). All other chemicals
used in the investigation were of analytical grade obtained from regular
sources and used without further purification. Stock standard solutions
of DP, ST, AC, and NA were prepared by exact weighing and dissolving
of their solid powder in PBS, 0.05 mol L−1, pH 2.0 with a concentration
level of 0.5 mol L–1 and were stored at dark in a refrigerator until analysis
time. Working solutions were prepared by appropriate dilution of the
stock standard solutions with PBS, 0.05 mol L−1, pH 2.0. All the solutions
were prepared by doubly distilled water (DDW).

2.2.2. Apparatus and software
Electrochemical experiments were performed using a μ-Autolab

controlled by the NOVA software (Version 1.8). A conventional
three-electrode cell was used with a saturated calomel electrode
Fig. 2. Cyclic voltammograms of (A) AC (10−4 mol L−1), (B) NA (10−3 mol L−1), (C) DP (5.0 ×
scan rates. Insets: variation of peak currents versus scan rate or (scan rate)1/2.
(SCE) as reference electrode, a Pt wire as counter electrode and a
GCE as working electrode. The pH of the solutions was adjusted
using a JENWAY-3510 pH meter equipped by a combined glass
electrode. All the recorded electrochemical data were smoothed,
when necessary, and converted to data matrices by the use of sev-
eral home-made m-files in MATLAB environment (Version 7.14,
MathWorks, Inc.). All the computations for baseline correction,
data alignment and multivariate calibration were performed in
MATLAB environment. All the computations were performed on a
DELL XPS laptop (L502X) with Intel Core i7-2630QM 2.0GHz, 8 GB
of RAM and Windows 7-64 as its operating system.

2.2.3. Preparation of the serum samples
Ablank human serum sample (drug-free)was provided by a healthy

volunteer who not exposed to any drug for at least 10.0 months. An
actual human serum samples were collected from a patient under AC
treatment, kindly provided by a Medical Diagnostic Laboratory in
Kermanshah, Iran. The following methodology was used to prepare all
the serum samples: to eliminate protein and other substances, 5.0 mL
of human serum sample was placed in a10.0 mL glass tube and 5.0 mL
of 15.0% (w/v) zinc sulfate solution–acetonitrile (50/40,v/v) was
added. The glass tube was vortexed for 20.0 min, maintained at 4.0 °C
for 15.0 min followed by centrifugation at 4000.0 rpm for 5.0 min.
Then, the supernatant was collected in the same tube and this solution
was used for subsequent analyses.

2.2.4. Electrochemical procedure
Prior to electrochemical experiments, the GCE was successively

polished to a mirror using 0.3 and 0.05 μm Alumina slurry. Afterward,
10−4 mol L−1), and (D) ST (3.3 × 10−5 mol L−1) in PBS (0.05 mol L−1, pH 2.0) at different
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the electrode was washed thoroughly with ethanol and DDW and dried
at room temperature. All electrochemical experiments were carried out
at room temperature. The DPV measurements were carried out at the
following operating conditions for the five studied analytes: step poten-
tial 0.035 V, modulation amplitude 0.055 V, modulation time 0.05 s, in-
terval time 0.5 s, and scan rate 0.05 V s−1.
3. Results and discussion

3.1. Electrochemical studies

3.1.1. pH dependence study
To select the best pH for the simultaneous determination of DP,

ST, AC, and NA, the effect of pH on their cyclic voltammograms was
investigated. Fig. 1A–D shows the influence of the pH of the PBS,
0.05 mol L−1, in the range of 2.0–10.0, on the signal intensities of
0.1 mM AC, NA, DP, and ST. Taking into account that for analytical
purposes both maximal and stable currents are necessary, a pH
value of 2.0 was selected for further experiments. The oxidation
peak potential of all studied analytes shifted to less positive values
as the pH of the buffer solution was increased (see Fig. 1A–D).
Fig. 3. Representative differential pulse voltammograms of (A) AC, (B) NA, (C) DP, and (D) ST in
with concentration.
3.1.2. Effect of scan rate
The influences of scan rate (υ) on the peak currents of AC, NA, DP, and

ST at the GCE in PBS (0.05 mol L−1, pH 2.0) were studied by cyclic volt-
ammetry (Fig. 2A–D). In the studied range of υ, a linear relationship was
established between IP and υ for AC and ST, indicating the adsorption con-
trolled mechanism, and a linear relationship was established between IP
and υ1/2 for NA and DP, indicating the diffusion controlled mechanism.

3.2. Chemometric analysis

3.2.1. A glance to necessity of MVC
Fig. 1E shows the CVs of AC, NA, DP, and ST and their mixture in PBS

(0.05 mol L−1, pH 2.0). In all conditions evaluated, a strong signal over-
lapping was observed for the simultaneous analysis of AC, NA, DP, and
ST at theGCE. Thus, the quantification of any of these analyteswill be bi-
ased if univariate calibration is used as analytical method, and for tack-
ling this problem it was necessary to use MVC.

3.2.2. Calibrations

3.2.2.1. Univariate calibrations. Prior to multivariate calibration experi-
ments, univariate calibration experiments were performed (Fig. 3A–D)
PBS (0.05mol L−1, pH 2.0) at different concentrations. Insets: dependence of peak current
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and calibration curves were constructed with several points as peak
current versus analyte concentration in the ranges 0.02 to 3.82 and
3.82 to 1100 × 10−6 mol L−1 for AC (insets of Fig. 3A), 9.9 to 357.0
and 357.0 to 5000.0 × 10−6 mol L−1 for NA (inset of Fig. 3B), 0.02 to
4100.0 × 10−6 mol L−1 for DP (inset of Fig. 3C), and 0.1 to
248.0 × 10−6 mol L−1 for ST (inset of Fig. 3D), and evaluated by linear
regression which were the limiting assayed concentrations in subse-
quent analyses. All analytes showed linear dependences between peak
current and concentration at different concentration intervals.

3.2.2.2. Multivariate calibrations. When the analytes are analyzed in the
presence of interferents, the electrochemical profile revealed additional
changes to those observed in the absence of interferences. The main
changes observed were minor alterations in the baseline and displace-
ment of peak potential, probably due to modification in viscosity of
the solution and consequently the diffusion coefficient of the analytes.
This effect produces alterations in the chemometrics response and for
this reason, the calibration and validation sets were prepared in a
blank human serum sample (drug-free).

3.2.2.2.1. Calibration set. The human serum has a complexmatrix and
may contain a lot of unexpected interferences therefore, if the presence
of these interferences was not considered during calibration, a first-
order MVC model would give biased predictions of the concentration
of the analytes of interest. Therefore, the calibration set was prepared
in a blank human serum sample (drug-free) which was collected from
a healthy volunteer to regard the complex matrix of the serum sample
which may contain a lot of unexpected interferences. This strategy
was applied in order to provide rPLS enough information concerning
the signals of the analytes when they are embedded into the real back-
ground. All the calibrationmixtures (the compositions of the calibration
mixtures were selected according to a central composite design (CCD),
Table 1) were prepared in the blank human serum sample spiked
with an appropriate amount of each analyte of interest considering
the linear calibration ranges (previously established from univariate
calibrations for each analyte). All samples were diluted with PBS
(0.05 mol L−1, pH 2.0) to adjust the pH and then appropriate amounts
Table 1
Composition of the samples used in the calibration, validation, and test sets.

Calibration (×10−6 mol L−1)

Samples AC DP ST NA

S1 1300 1000 1500 1200
S2 1300 1000 1500 3600
S3 1300 1000 4500 1200
S4 1300 1000 4500 3600
S5 1300 3000 1500 1200
S6 1300 3000 1500 3600
S7 1300 3000 4500 1200
S8 1300 3000 4500 3600
S9 3900 1000 1500 1200
S10 3900 1000 1500 3600
S11 3900 1000 4500 1200
S12 3900 1000 4500 3600
S13 3900 3000 1500 1200
S14 3900 3000 1500 3600
S15 3900 3000 4500 1200
S16 3900 3000 4500 3600
S17 0.02 2000 3000 2400
S18 5200 2000 3000 2400
S19 2600 0.02 3000 2400
S20 2600 4100 3000 2400
S21 2600 2000 0.1 2400
S22 2600 2000 5900 2400
S23 2600 2000 3000 9.99
S24 2600 2000 3000 5000
S25 2600 2000 3000 2400
S26 2600 2000 3000 2400
S27 2600 2000 3000 2400
S28 2600 2000 3000 2400
of these diluted samples were transferred to the electrochemical cell,
and the solutions were measured in random order. Final concentration
of each analyte was obtained by multiplying the detected value by the
appropriate dilution factor.

3.2.2.2.2. Validation set. To check the prediction ability of the model
after optimizing all calibration parameters, a validation set of ten qua-
ternary mixtures (Table 1) was prepared in the blank human serum
sample (drug-free). The concentrations of four analytes were selected
at random from the corresponding calibration ranges. All samples
were diluted with PBS (0.05 mol L−1, pH 2.0) to adjust the pH and
then appropriate amounts of these diluted samples were transferred
to the electrochemical cell, and the solutionsweremeasured in random
order. Final concentration of each analyte was obtained by multiplying
the detected value by the appropriate dilution factor.

3.2.2.2.3. Test set. With the purpose of evaluating the proposed
method in a very interfering environment such as human serum, a
test set of ten quaternary mixtures (Table 1) was prepared in an ac-
tual serum 1 (see Section 2.2.3) with random amount of each analyte
of interest in the same concentration range used for calibration. All
samples were diluted with PBS (0.05 mol L−1, pH 2.0) to adjust the
pH and then appropriate amounts of these diluted samples were
transferred to the electrochemical cell, and the solutions were
measured in random order. Final concentration of each analyte was
obtained by multiplying the detected value by the appropriate dilu-
tion factor. It should be noted that all the samples related to the
test set were prepared in a serum which contains AC therefore, the
exact concentrations of the spiked AC were computed by a previous
knowledge about the initial amount of AC in the serum which was
obtained by analyzing the serumwith HPLC method by a medical di-
agnostic laboratory prior to analyzing by the proposed method in
this study.

3.2.3. Solution to challenges arising from voltammetric data
Besides the problem arising from the presence of severely overlap-

ping analyte profiles, in the present study two additional complications
may occur: (1) interactions among analytes and the background
Validation (×10−6 mol L−1)

Samples AC DP ST NA

V1 162.5 58. 7 70.0 360.9
V2 568.7 93.3 40.0 192.5
V3 243.7 106. 7 22.0 129.9
V4 325.0 29.3 88.0 91.4
V5 650.0 21.3 42.0 291.1
V6 178.7 133.3 112.0 101.0
V7 1300.0 266. 7 150 187.7
V8 812.5 666. 7 68.0 216.5
V9 81.2 56.0 84.0 182.8
V10 536.2 21.3 44.0 132.3

Test (×10−6 mol L−1)
Samples AC DP ST NA
T1 1625 56.0 44.0 842.1
T2 3412.5 61.3 22.0 986.4
T3 812.5 120.0 16.0 79.4
T4 1056.2 144.0 152.0 26.5
T5 715.0 88.0 62.0 16.8
T6 520.0 29.3 36.0 156.4
T7 178.75 21.3 28.0 129.9
T8 1430 18.7 44.0 187.7
T9 1462.5 10. 7 64.0 52.9
T10 893.7 64.0 112.0 84.2
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interferents present in the serum, which may cause signal changes in
comparison with pure analyte profiles, and (2) sample-to-sample po-
tential shifts in the analyte profiles, which are common in voltammetric
studies. For tackling the first problem, it was necessary to include the
possible interferents in the calibration set in order to allow rPLS to
model the analyte–background interactions before prediction on new
samples. Concerning the second commented problem, some prepro-
cessing alternativeswere independently applied on the electrochemical
responses before rPLS model building and validation.

In our previous works [29–31] we pointed out that voltammetric
performance can be enhanced by eliminating noise and background
components therefore, baseline elimination is a crucial step for reducing
both complexity andnumber of the unexpected components.Moreover,
it was demonstrated that the use of signal pre-treatments such
as baseline- and potential shift-corrections improve the quality of
voltammetric signals and, as a consequence, the performance of resolu-
tion by chemometric algorithms. In the next sections, some strategies
are examined to achieving the mentioned aims.

3.2.3.1. Baseline correction. Baseline correction has been considered as a
critical step for enhancing the signals and reducing the complexity of
the analytical data [32]. Considering this aim, we used the method
Fig. 4. (A)–(C): Rawdata related to calibration, validation, and test sets, respectively. (D)–(F): Ba
(G)–(I): Shift-corrected data by COW related to calibration, validation, and test sets, respectiv
respectively.
proposed by Eilers at al. [33] for background elimination in two-
dimensional signals based on asymmetric least squares splines regres-
sion approach. For an understanding of the assumptions and conditions
necessary to successfully apply baseline correction the reader is referred
to Refs. [33,34].

3.2.3.2. Potential shift correction. For chemometric model building, sever-
al strategies have been proposed to align shifted signals such as icoshift
and COW [23]. However, they have been scarcely described for electro-
chemical signals [29–31]. According to the literature, the shift in electro-
chemical responses can be originated from adsorptive phenomena on
the electrode surface, pH variations in the cell or fluctuations in the
composition of cell solution, among others [35].

A basic assumption for application of a first-order multivariate cali-
bration model is the data bi-linearity, which may be compromised by
the above commented potential shifts. Therefore, the DPV signals
were aligned towards a target using icoshift and COW. For applying
COW, first, the segment and slackwere optimized based on the Simplic-
ity concept, using a simplex-like optimization routine. Then, mean volt-
ammogram was selected as target “signal”. The voltammograms were
also aligned using icoshift based on five intervals toward the average
voltammogram as a reference.
seline correcteddata byAsLSSR related to calibration, validation, and test sets, respectively.
ely. (J)–(L) Shift-corrected data by icoshift related to calibration, validation, and test sets,



Table 2
Error estimation for AsLSSR–COW–rPLS and AsLSSR–icoshift–rPLS approaches for simultaneous determination of AC, DP, ST, and NA.

Calibration approach Analyte rPLS components RMSEPa(μM) REPa(%) RMSEPb (μM) REPb (%)

AsLSSR–COW–rPLS AC 4 3.01 × 10−6 1.1 2.11 × 10−6 1.2
DP 4 4.18 × 10−6 1.8 4.10 × 10−6 1.9
ST 4 5.11 × 10−6 1.3 3.08 × 10−6 1.3
NA 4 7.88 × 10−6 1.4 4.23 × 10−6 1.7

AsLSSR–icoshift–rPLS AC 6 9.34 × 10−5 4.8 – –
DP 7 9.75 × 10−5 5.2 – –
ST 5 8.35 × 10−5 5.5 – –
NA 6 9.10 × 10−5 5.1 – –

a Validation set.
b Test set.
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The results of baseline- and shift-corrections are shown in Fig. 4.
Fig. 4A–C shows the raw DPV data recorded for the calibration, valida-
tion, and test sets, respectively. Fig. 4D–F shows the baseline-corrected
data of calibration, validation, and test sets, respectively, and as can be
seen the baselines are satisfactorily corrected. Fig. 4G–I and J–L shows
the results of applying COW and icoshift for aligning the data,
respectively.

3.3. Performance evaluation of AsLSSR–COW–rPLS and AsLSSR–icoshift–
rPLS in blank and actual serum samples

In multivariate calibration, it is usual to have two data sets: a calibra-
tion set, employed to build the regression model, and a validation set to
check the prediction ability of the model after the number of latent vari-
ables has been optimized, but in this study we are going to determine
Fig. 5. Frequency of selection of different variables (potentials) b
the analytes' concentrations in human serum samples which have a
very complex matrix due to the presence of many interferents present
in the serum therefore, both calibration and validation setswere prepared
in a blank human serum (drug-free) and with the purpose of evaluating
performance of the method, a test set was also prepared in an actual
human serum sample.

Both shift-corrected datasets by COW or icoshift were assigned for
processing by rPLS to identify which approach (AsLSSR–COW–rPLS or
AsLSSR–icoshift–rPLS) offers the best predictions. Prior to anymodeling
the presence of outliers was checked in order to focus the analysis on
the variable selection method itself, and not to confuse it with the com-
plex outlier detection problem, which definitely may occur during var-
iable selection. An eight segmented cross-validation using Venetian
blinds according to the reference value was used. During the recursive
progress, the root mean squared error of prediction (RMSEP) value for
y AsLSSR-COW-rPLS for (A) AC, (B) DP, (C) ST, and (D) NA.



Fig. 6. Plots for predicted concentrations by AsLSSR-COW-rPLS as a function of nominal values for (A) AC, validation set, (B) DP, validation set, (C) ST, validation set, (D) NA, validation set, (F) AC, test set, (G) DP, test set, (H) ST, test set, and (I) NA, test
set. (E) and (J) Elliptical joint regions (at 95% confidence level) related to the predictions by AsLSSR-COW-rPLS for AC (blue ellipse), DP (red ellipse), ST (green ellipse), and NA (yellow ellipse) for validation and test set, respectively. The black point
marks the theoretical (0,1) point. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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each iteration was saved for identification of the optimal model (lowest
RMSEP). In addition, the selection frequency of the raw variables was
also recorded to investigate the consistency of the variable selection.
The estimated number of factorswas based on rootmean squared errors
of cross-validation (RMSECV) values from an eight segmented cross-
validation on the full range dataset.

In order to evaluate the performance of the above-mentioned ap-
proaches, each model was validated for prediction of the validation
set, evaluating RMSEP and REP. The results obtained for each of the
above approaches are presented in Table 2. Notice that the optimum
number of AsLSSR–icoshift–rPLS latent variables in all cases is larger
than the theoretically expected value of four, probably because of inef-
ficiency of icoshift to correct the above commented potential shifts in
the studied signals. According to the obtained RMSEP and REP values,
for the four studied analytes the best results were obtained when the
AsLSSR–COW–rPLS approach was used. Therefore, AsLSSR–COW–rPLS
will be applied for the analysis of actual human serum samples.
Fig. 5A–D shows the selected variables by AsLSSR-COW-rPLS for AC,
DP, ST, and NA, respectively by processing the potential shift-corrected
data by COW. As can be seen, fourteen potentials have been selected for
each analyte.

With the purpose of analyzing the potentiality of the evaluated
methodology based on DPV data processed by AsLSSR–COW–rPLS, a
test set of ten quaternarymixtures (see Table 1)was prepared in the ac-
tual serumwith random amount of each analyte of interest in the same
concentration range used for calibration. All samples were diluted with
PBS (0.05 mol L−1, pH 2.0) to adjust the pH and then appropriate
amounts of these diluted samples were transferred to the electrochem-
ical cell. Final concentration of each analyte was obtained by multiply-
ing the detected value by the appropriate dilution factor. According to
the results presented in Table 2 for the test set, satisfactory values for
RMSEP and REP for the four analytes of interest, it is apparent that the
AsLSSR–COW–rPLS approach has found the correct answer.

For the sake of a further investigation into the accuracy of the
proposed method, the predicted concentrations of both validation and
test sets were regressed on the nominal concentrations. In this case an
ordinary least squares (OLS) analysis of predicted concentrations versus
nominal concentrations was applied [36]. The calculated intercept
and slope were compared with their theoretically expected values
(intercept = 0, slope = 1), based on the elliptical joint confidence re-
gion (EJCR) test. If the ellipses contain the values 0 and 1 for intercept
and slope (ideal point), respectively, showing the predicted and nomi-
nal values do not present significant difference at the level of 95% confi-
dence and the elliptic size denotes precision of the analytical method,
smaller size corresponds to higher precision [37]. Fig. 6A–D and F–I
shows the regression of predicted concentrations on nominal values
based on OLS method corresponding to the validation and test sets, re-
spectively, and Fig. 6E and J shows the corresponding ellipses of the EJCR
analyses. As can be concluded from Fig. 6A–D and F–I, the predictions
for AC, DP, ST, and NA in both validation and test sets are in good agree-
ment with the nominal values. If the EJCRs for the test set are analyzed
(Fig. 6J), it is notable that while the ellipses for AC, and ST include the
theoretically expected point (ideal point), indicating accuracy of the de-
velopedmethodology for these analytes, the ideal point is fallen outside
the ellipses of DP and NA, denoting slightly poorer prediction accuracy
for DP and NA.

4. Conclusions

In the present work, integration of electrochemistry with chemo-
metrics led us to introduce an efficient analytical method for simul-
taneous determination of AC, NA, DP, and ST at a GCE in complex
matrices. A strong voltammetric overlapping was observed for the
simultaneous analysis of these compounds. The overlapping was
successfully resolved using AsLSSR–COW–rPLS. The baseline of the
DPV signals was successfully removed by AsLSSR as an efficient
chemometric algorithm. Because of the non-bilinearity observed in
the experimental data, the potential shift correction was carried
out by icoshift and COW, and the COW was chosen as the best algo-
rithm for data alignment. To regard the presence of a strong matrix
effect which may be caused by the possible interferents present in
the human serum sample, the MVC model was built and validated
in a blank human serum sample (drug-free) provided by a healthy
volunteer which allowed us to exploit first-order advantage for the
simultaneous determination of the studied compounds in very inter-
fering media such as human serum samples. Finally, the application
of the developedmethod to simultaneously assay the concentrations
of AC, NA, DP, and ST in an actual human serum sample allowed to
obtain satisfactory results. This study allows one to propose the pres-
ent method as a promissory, cheap and accessible alternative for si-
multaneous determination of AC, NA, DP, and ST in human serum
samples.
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