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This is a study of the potential of neural networks built by using different transfer functions
(sigmoidal, product and sigmoidal-product units) designed by an evolutionary algorithm to quantify
highly overlapping electrophoretic peaks. To test this approach, two aminoglycoside antibiotics,
amikacin and paramomycin, were quantified from samples containing either only one component or
mixtures of them though capillary zone electrophoresis (CZE) with laser-induced fluorescence (LIF)
detection. The three models assayed used as input data the four-parameter Weibull curve associated
with the profile of the electrophoretic peak and in some cases the class label for each sample
estimated by cluster analysis. The combination of classification and regression approaches allowed
the establishment of straightforward network topologies enabling the analytes to be quantified with
great accuracy and precision. The best models for mixture samples were provided by product unit
neural networks (PUNNSs), 4:4:1 (14 weights) for both analytes, after discrimination by cluster
analysis, allowing the analytes to be quantified with great accuracy: 8.2% for amikacin and 5.6%
for paromomycin within the standard error of prediction for the generalization test, SEP¢. For
comparison, partial least square regression was also used for the resolution of these mixtures; it
provided a minor accuracy: SEPg 11.8 and 15.7% for amikacin and paramomycin, respectively. The
reduced dimensions of the neural networks models selected enabled the derivation of simple
quantification equations to transform the input variables into the output variable. These equations
can be more easily interpreted from a chemical point of view than those provided by other ANN
models. Copyright © 2007 John Wiley & Sons, Ltd.

KEYWORDS: neural networks; evolutionary algorithm; overlapped peaks; capillary electrophoresis

1. INTRODUCTION

A variety of approaches are found in the literature for
resolving and quantifying overlapped chromatographic
bands using chemometric methods, in the majority of the
cases based on a two-dimensional array of data, such as that
generated by high performance liquid chromatography
(HPLC) with diode-array detection (DAD) [1-9]. In recent
years, capillary zone electrophoresis (CZE) has gained in
popularity as an alternative to HPLC for routine analysis,
and its application is widespread in many fields of analytical

*Correspondence to: M. Silva, University of Cordoba, Analytical
Chemistry, Cordoba, Spain.
E-mail: qalsirom@uco.es

chemistry. Despite its higher resolution with respect to
HPLC, sometimes the complete separation of sample
components is not fully achieved. Nonetheless, the quanti-
fication difficulties from poorly resolved peaks may be
overcome mathematically by using chemometric techniques.
Multivariate curve resolution methods [10-12], augmented
iterative target transformation factor analysis [1], wavelet
transforms [13] and second-order derivative electropher-
ograms [14,15] are, among other approaches, the most
recently reported for this purpose using the second-order
data from CZE-DAD. In the last decade, artificial neural
networks (ANNSs) have shown their unique merits regard-
ing the great variety of chemometric approaches reported
for the classification and regression purposes in many
fields of analytical chemistry. Particularly in separation
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science, ANNs have been used mainly as tools to optimize
the experimental conditions for carrying out separation
and, to a lesser extent, for quantification in overlapped
HPLC [16-20] peaks and, more recently, for unresolved
peaks in CZE [21-25].

Several ANN models have been used to achieve regression
analysis, including quantification in overlapped peaks, in
analytical chemistry. Although multilayer perceptron (MLP)
modeling with sigmoidal unit basis functions (SU) as transfer
functions is the most widely used approach [16,20-23], radial
basis function (RBF) neural networks [19,21] and, more
recently, multiplicative neural networks [26], especially the
so-called product unit neural networks (PUNNs) [17,27,28]
modeling with product unit basis functions (PU) are other
interesting choices depending on the analytical problem
addressed. In addition to this type of models where all the
nodes of the hidden layer have the same type of activation/
transfer functions, hybrid models have also been proposed,
where different activation/transfer functions are used for the
nodes in the hidden layer.

In this context, it is worth emphasizing the papers by Duch
and Jankowski [29] which propose different transfer
functions for the nodes in the hidden layer and those by
Cohen and Intrator [30,31], supported on the duality between
functions based on projection, (SU, PU, etc.) and on kernel
typology (RBF). The hybridization of models has been
justified theoretically by Donoho [32] who demonstrated that
any continuous function can be decomposed into two
mutually exclusive functions, such as radial and crest (based
on the projection) ones. But to the best of our knowledge
there is not any theoretical work associated with the
hybridization of the SU/PU in neural networks. Although
theoretically this decomposition is justified, in practice it is
difficult to separate the different locations of a function and
to estimate them by means of a combination of RBFs, and
then to estimate the residual function by means of a
functional approach based on projections without getting
trapped in local optima in the procedure of minimization of
error by using gradient methods [33]. A similar idea has been
considered in this work: neural network architecture with
several transfer functions based on projections.

Thus, this paper deals with the evaluation of different
evolutionary ANN models based on SU, PU and a
combination of both basis function (SPU) neural networks
as powerful tools for the quantification of analytes that
provide highly overlapping chromatographic peaks by using
first-order data. To test proposed approaches, two amino-
glycoside antibiotics, amikacin and paramomycin, were
quantified in mixtures using only the analytical information
provided by their overlapped CZE peaks (t;,S;,: first-order
data) registered with a laser-induced fluorescence (LIF)
detector. Further details on the analytical methodology are
described in a previous paper [34]. Several chemical
and chemometric strategies were merged in the proposed
approaches:

1. The methodology was extended to more practical and real
situations considering the possibility that the analyzed
samples could either contain only one component or
mixtures of them.

Copyright © 2007 John Wiley & Sons, Ltd.

2. A classic procedure was used for classification, such as
linear discriminant analysis (LDA) [35], in order to differ-
entiate the three types of analyzed samples.

3. Models of networks with a limited number of inputs were
tested. To do so, as in previous papers [16,17], the network
inputs were estimated by the Levenberg-Marquardt
method in the form of a four-parameter Weibull curve
associated with the profile of the electrophoretic band.

4. An additional input was introduced, namely the label
associated with the class of sample analyzed, in order
to improve the capacity of generalization of the models;
this proposal constitutes the first precedent on the joint
employment of classification and regression approaches
for resolving overlapped chromatographic peaks.

5. The potential of ANNs with hybrid models for activation/
transfer functions was evaluated. This paper shows the
first research on the use of hybrid models associated with
two specific types of functions as functional projection
approximators: product and sigmoidal functions, yielding
the SPUNNSs hybrid model.

6. Evolutionary algorithms were employed for the optimiz-
ation of the parameters of the model as an alternative to
the classic choice based on gradient methods, considering
the complexity of the error surfaces obtained by minimiz-
ing the squared errors derived from the fitting of the
regression models in the training set.

2. THEORY

The aim of the proposed approach is to evaluate the potential
of different ANN models: SU, PU and SPUNNSs, for the
quantification of overlapped chromatographic bands, con-
cretely unresolved CZE peaks, in order to predict the
contribution of each component to the overall analytical
signal.

2.1. Selection of ANN inputs

The first step of the approach consists of extracting the
information from the analytical response (CZE peak) in order
to select the inputs for the ANNs. Upon examining the
responses (individual and mixture samples), it can be
observed that profiles of the CZE peaks (t;,S;) were
accurately fitted by least-square regression to a four-
parameter Weibull curve defined by S,, (peak height), B
(dispersion of S; values from S,), C (associated to the
inflection points of the curve and defining the concavity
and convexity regions) and t,, (residence time). In addition,
the samples were also classified into three categories by
using LDA. Classes were defined according to the
composition of the samples as follows: Gy, amikacin; G,
paromomycin; and G, mixtures of both antibiotics. In some
studies, the label associated with the class was used as
input for ANN models.

2.2. ANN models

ANNs modeling with SU, PU and hybrid SPU as transfer
functions were used and their features compared in this
work. Taking into account that the latter is the most novel
approach, its foundation is now described in detail.
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Although the use of PUNNSs in this context is very recent, the
description of its theoretical basis is outside the scope of this
paper, although some current papers from the authors can be
considered for further explanations [17,27,28].

To estimate the concentrations of the antibiotics in the
samples by using SPUNN models, we consider standard
regression formulation under a general setting for predictive
learning. In the regression formulation, the goal of learning is
to estimate an unknown (target) real-valued function g(x) in
the relationship

y=8x)+e (1)
where ¢ is an independent and identically distributed zero
mean random noise, (wWhose distribution can depend on x,
the distribution of x in the training set also being unknown), x
is a multivariate input and y is a scalar output. The estimation
is made based on a finite number (1) of samples (training
data): (x1,1),l =1,2,....,n. To solve regression problems,
the family of functions f(x, w) (w is a set of parameters of f)
used in the approximation should be previously determined
by using a learning method that selects the best model, f(x,
wy), from f(x, w); finally, the quality of the approximation can
be expressed by the loss (discrepancy) measure L(y, f(x, w)),
the squared error being a common loss function used for
regression.

The linear models given by f(x, w) =w"x are the simplest
ones used to solve regression problems. It is extremely
unlikely that the true function g(x) is actually linear in x.
Normally, g(x) is nonlinear and non-additive in x, and
representing g(x) by a linear model is usually a convenient,
and sometimes necessary, approximation. Another class of
useful approximation can be expressed as a linear basis
expansion

M
fx) = BBi(x.w) @
=1

where B;j(x,w;) are a suitable set of functions or nonlinear
transformations of the input vector x = (x1,X2,...,Xp),
By(x,wj) =1 in order to consider bias in the model; g; are
the coefficients from lineal combination that are estimated
from the data; w;j = (wj;,Wp,...,wj,) are the parameters
associated with the basis functions; and M is the parameter of
regularization of the model, which is associated with the
number of basis functions that are necessary and sufficient to
minimize some definite function of the error on this matter.
In this work, two types of basis functions have been used,
namely SU function

1
» )
— (u]0+z u],-x,)
1+e =

Bj(x,uj) =

and PU function

Bi(x,wy) = Hx:”k", k=1,...,m 4)

4
i=1

whose linear combination provided the hybrid function
(SPU) used for estimation:

fx) =0+ Y eBi(x,u) + Y BBe(x;w) ®)
k=1

=1
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The method involves finding a sufficient number of basis
functions (architecture) providing a type of approximate
universal function for the estimate function, in such a way,
and taking into account that both types of basis functions are
universal approximators [17], that for every ¢ > 0 it should be
possible to find a value of 1, and m;, as well as the estimators
of the parameters ag,a;,f, ajand wy for j=1,...,m; and
k=1,...,my, that hold:

my 1y

f(x) — [ @0+ Z(ijj(x,uj) + Z BiBr (x,wy) <e (6)
=1 k=1

This optimization problem is similar to that involved in the
“projection pursuit’ regression model with the special feature
being that the ‘ridge functions’ are exclusively of two types.
Evolutionary algorithms similar to those reported by
Angeline et al. [36], Yao and Liu [37] and Garcia et al.[38]
and that have been used in this work to obtain the ANN
architecture and to estimate model coefficients.

This kind of function topology can be represented by an
ANN architecture, as shown in Figure 1. The network has k
inputs that represent the independent variables of the
model, five in our problem, 1, + m, = 6 nodes in the hidden
layer and one node in the output layer. The activation of the
jth sigmoidal and kth product nodes in the hidden layer is
given by Equations (3) and (4), respectively; where uj; is the
weight of the connection between input node i and hidden
sigmoidal node j and wy; is the weight of the connection
between input node i and hidden product node k. The
activation of the node in the output layer is given by
Equation (5); where «; and B are the weights of the
connection between the hidden sigmoidal node j or product
node k and the output node. The transfer functions of each
product node in the hidden layer and the output node for
regression are the identity function. In this way, each
function of the f(x, w) family is represented by the structure
of the network.

1

B (x, uj)= " 4
(s E ) [4] Bxw)=] [
l+e 7 i=1
ﬁ_gmoi.\:l.a] units ProduEt units

Figure 1. Functional scheme of the neural network based on
sigmoidal and product units. ag, . ... .. ,am,and By, . ..... s Bm,
are the regression coefficients of the model. Other symbols
are defined in the text.
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2.3. Evolutionary algorithm

The optimization of the SPUNN topology consisted of the
search for the structure of the sigmoidal and product unit
base functions that best fit the data of the training set, by
determining the values of m; and m, associated with the
optimum number of base functions for each type involved.
On the other hand, the estimation of the weights of the
network is closed to the evolution of the u; and w; vectors,
which determine the coefficients in each base function, as
well as with «; and g, coefficients involved in the linear
combination of the base functions. The population is
subjected to the operations of replication and structural
and parametric mutations. The general structure of the
algorithm is the following;:

(1) Generate the initial population.
(2) Repeat until the stopping criterion is fulfilled.

(a) Calculate the fitness of every individual in the popu-
lation.

(b) Rank the individuals regarding their fitness.

(c) The best individual is copied into the new population.

(d) Ten per cent of the best individuals in the population are
replicated and substitute the 10% of worst individuals.

(e) Apply parametric mutation to 10% of the best individ-
uals.

(f) Apply structural mutation to the rest of the 90% of
individuals.

For the generation of the initial population, the algorithm
begins with the random generation of a larger number of
networks than the number used during the evolutionary
process. Initially, we generate 10 000 networks from which,
the best 1000 with major fitness are extracted, being it the
population size along the evolutionary process. For the
generation of a network, the number of nodes in the hidden
layer is taken from a uniform distribution in the interval [0,6],
for my + m, =6, where m; and m, are related to the maximum
number of hidden nodes in each base function in the
population. The number of connections between each node
of the hidden layer and the input nodes is determined from a
uniform distribution in the interval [0,k], where k is the
number of independent variables. There is always at least
one connection between the hidden layer and the output
node. Once the topology of the network is defined, each
connection is assigned a weight from a uniform distribution
in the interval [-5,5] for the weights between the input and
hidden layers, and the same interval for the weights between
the hidden layer and the output node. Two types of
mutations are performed in the algorithm: parametric and
structural. The parametric mutations affect the weights of the
network and the structural ones affect to the network
topology (hidden nodes and connections). The severity of a
mutation is dictated by the function’s temperature T(f(x))
given by:

T(f(x) =1-A(f(x)) 0 < T(f(x)) <1 @
where A(f(x)) is the fitness value of the f(x).
Let D= {(x,y;):1=1,2,...... ,nr} be the training data

set, where the number of samples is nr. In this context, we
consider that the mean squared error MSE of an individual

Copyright © 2007 John Wiley & Sons, Ltd.

f(x) of the population is given by:

nr

MSE (f(x)) = %Z (1 — f(x))* ®)

1=1
where the y; are the predicted values, whereas the fitness
function A(f(x)) is defined by means of a strictly decreasing
transformation of the MSE:

A(f(x) = - ©)

where 0<A(f(x))<1.

Parametric mutation consists of a simulated annealing
algorithm [39] based on a strategy that proceeds by
proposing jumps from the current model according to some
user-designed mechanism. Structural mutation is more
complex because it implies a modification of the structure
of the function. Structural mutation allows the exploration of
different regions in the search space and helps to keep up the
diversity of the population. Five mutations are applied
sequentially to each network. The first four are similar to the
mutations of the GNARL model reported by Angeline et al.
[36], namely: Node addition (NA), Node deletion (ND),
Connection addition (CA) and Connection deletion (CD); to
these, Node fusion (NF) is added. For each mutation (except
NF), there is a minimum value of 1 for adding or removing
nodes and connections, and a maximum value of 2 or 6 for
adding or removing nodes and connections, respectively.

In this hybrid implementation of the basis functions, when
a new node should be added to the networks, it is necessary
to estimate the probability for adding SU or PU. In this work,
we have considered with equal probability the addition of a
sigmoidal or product unit hidden node, thus the probability
is 0.5. These probabilities have been determined by means of
trial and error, and they are supported along the whole
evolutionary process. Finally, the stop criterion is reached
whenever one of the following two conditions is fulfilled: (i)
the algorithm achieves a given number of generations; (ii)
there is no improvement for a number of generations either
in the average performance of the best 20% of the population
or in the fitness of the best individual. For more details about
the evolutionary algorithm, see references [27] and [28].

3. EXPERIMENTAL

The whole procedure followed in this work is schematically
shown in Figure 2. To obtain analytical data, 55 electro-
pherograms provided by samples containing amikacin
(15-300 ng/L), paromomycin (10-200 pg/L) and mixtures
of both antibiotics with uniformly distributed concentrations
of them (30-300 and 20-200ug/L, respectively) were
prepared in duplicate, as described elsewhere [34], by using
35mM sodium borate at pH 9.0 as background electrolyte.

The Levenberg-Marquardt algorithm was used to estimate
the four-parameter Weibull function (§m, B , C and f,,) associ-
ated with the profile of the electrophoretic peaks (conver-
gence of the iterative process was achieved with a tolerance
of 0.0001 and a maximum number of 100 iterations), whereas
LDA was used to classify these electrophoregrams in three
categories: Gy and G, for samples containing only amikacin
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Figure 2. Flow diagram representing the whole analytical
protocol.

or paromomycin, respectively and G; for samples containing
mixtures of both antibiotics, which were generically denoted
by G. Prior to use these parameters as inputs for the ANN
models, and in order to avoid saturation problems in the
sigmoidal basis functions (preventing driving the weights to
infinity) as well as to improve the learning process, each of
the input (parameters of the Weibull curve and the category)
and output (concentration of the antibiotics in the sample)
were scaled in the range [0.1, 0.9]; this process was also useful
for product basis functions because the lower bound is
chosen to avoid inputs values near to zero that can produce
very large values of the outputs for negative exponents,
whereas the upper bound is chosen to avoid dramatic
changes in the outputs of the network when there are weights
with large values (especially in the exponents). Thus, the
new scaled variables were expressed as follows:S;,, B*,
C*, £ and G* for the input variables and [A]" and [P]* for
the output variables. For example [A]" is calculated as
follows:

A1x [A] — [Amin]
[A] N [Amax] - [Amin}

where [A] is the original concentration of amikacin in the
sample, [Anyin] and [Ap,.] are the minimum and maximum
values and [A]" is the scaled concentration. After optimizing
the network models, estimations should be de-scaled accor-
ding to the same equation.

The experimental design was conducted using a holdout
cross-validation procedure where the size of the training set
was approximately 31/4 and n/4 for the generalization set,

x0.8+0.1 (10)

Copyright © 2007 John Wiley & Sons, Ltd.
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where 1 =110 is the size of the full data set. The algorithm
software for SU, PU and SPU neural networks was designed
in Java using the JCLEC library [40] and was run on a
portable PC Pentium IV compatible computer. The accuracy
of each model was assessed in terms of the SEP for the results
obtained for both data sets, that is SEPy for the training set,
and SEPg for the generalization set. In this way, the SEP was
calculated as:

1mn

where C; and Ci are the experimental and expected values for
the antibiotic concentration in the mixture, C; is the mean of
the experimental values of the training set, or of the
generalization set and 7 is the number of patterns used
(nt for the training set and ng for the generalization set).
Finally, the partial least squares (PLS) multivariate cali-
bration algorithm was provided by the Pirouette 3.11
software from Infometrix, Inc.

4. RESULTS AND DISCUSSION

In recent years, CZE is increasingly being considered as an
alternative to HPLC for the determination of a great variety
of compounds because it affords such significant benefits as
higher resolution, smaller sample requirements and shorter
analysis time. Despite this better resolution, CZE separation
is sometimes not accomplished and therefore chemometric
resolution is the suitable choice. Thus, it is understandable
that the quantitative resolution of overlapping electrophor-
etic peaks is an area of growing interest for analytical
chemists. ANNs have scarcely been used for this purpose
despite their higher discrimination power regarding other
current chemometric tools, even when using a smaller
amount of chemical information [16,17]. The goal of this
work was to evaluate different ANN models supported on
the use of three different transfer functions, namely SU, PU
and the hybrid model: SPU, for the quantification of
unresolved CZE peaks with a high degree of overlapping
by using analytical data provided by a single detector (LIF
detection), that is in the absence of spectral discrimination.
The approach was tested on the determination of amikacin
(A) and paromomycin (P), two aminoglycoside antibiotics
that cannot be resolved by CZE. After labeling the antibiotics
with sulfoindocyanine succinimidyl ester (Cy5), electrophor-
etic data were obtained by monitoring the single LIF signal
with a diode-laser detector. In order to extend the scope of
the proposed methodology to more practical situations, in
addition to the typical approach based on samples contain-
ing mixtures of both antibiotics, samples with only one
antibiotic (A or P) have also been considered. It is noteworthy
that the CZE peak showed a similar profile in all cases.

4.1. Selection of data and inputs

for ANN models

One important issue to be addressed in order to obtain
the best generalization capability of ANN models is the
composition of the data set used for training and general-
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ization. Two different data sets were tested from all the data
(110 samples) obtained by preparing 55 individual and
mixture synthetic samples in duplicate. Design A was
constituted by the whole group of the samples (individual
and mixtures) and design B only contains the samples with
mixtures of antibiotics. In both cases, the size of the training
and generalization sets was 3/4 and 1/4, respectively, of
the whole set: 110 and 72 samples for design A and B,
respectively. The so-called grid approach [41] was used for
sampling mixtures including those with higher and smaller
antibiotic ratios in the training set for assuring interpolation
in the generalization process. This state was also considered
for individual samples.

The selection of the multivariate input data for ANN
models is also of great relevance because they may cause
over-fitting of the trained networks. A small-sized neural
network will be less prone to overtraining noise or the
structure of the data in the training set, thus increasing its
generalization capacity over a new data set and allowing
users to gain knowledge from the trained neural network in
order to achieve a better understanding of how the network
solves the problem. As an alternative to principal component
analysis (PCA), the most common choice used for reducing
the data set, we have recently reported a useful approach
based on the modeling of the chromatographic profile to a
pre-determined function [16,17].

The electropherograms of pure amikacin, paromomycin and
a mixture of equal concentrations of both antibiotics are shown
in Figure 3A. As can be seen, the profiles of the CZE peaks were
very similar, which makes clear the high overlapping grade of
the bands of both antibiotics in mixtures samples. Although
the precision (expressed as relative standard deviation) for the
migration times in these electropherograms was within 1%
(similar to that reported by us in other works using CZE with
LIF detection) in order to improve their reproducibility,

60

migration times were corrected using as reference one peak of
the excess of Cy5 label.

The non-symmetric shape of these profiles suggests that
they can be modeled with a pre-determined function, being
the four-parameter Weibull distribution the best choice
because it provides the best regression coefficients in the
fitting. As stated above, the equation corresponding to this
function is defined by the following parameters: §m (peak
height), B (dispersion of S, values from S,,), C (associated to
the inflection points of the curve) and #, (residence time).
Figure 3B shows the fit provided by the single four-
parameter Weibull distribution on the CZE peak profiles.
From these plots, it can be inferred that it was impossible to
fix a common residence time interval to select the portion of
the CZE profile subjected to fit for all samples. However, the
fit can be easily achieved by using the following process: (1) a
residence time interval of 10 data around the maximum was
selected to start the fit and (2) this interval was successively
increased by two data, one to every side of the interval. The
number of data (the portion of the CZE profile) that provided
the best fit, in terms of regression coefficient, was used to
estimate the four parameters of the Weibull distribution.
Upon examining the curves and from the estimated
statistical parameters shown in Table I, it can be concluded
that the four-parameter Weibull function is a fine tool for
modeling these CZE data.

In addition, a cluster analysis was also carried out using a
cross-validation holdout method (72 patterns for the training
set and 38 for generalization set) adopting these four-
parameters as variables for LDA. As can be seen in Table II,
the confusion matrixes provide a total correct classification
rate (CCR) value of 100 for both training and generalization
sets; this table also includes the standardized coefficients for
the canonical discriminant functions. From these results, the
following labels were assigned to the different classes: G; = 1

A)

50 4

[

40 -

30 4

20 4

Relative fluorescence units (mV)

B)

58 6.0 6.2 6.4 6.6 68

70 6.1 6.2 6.3 6.4 6.5

Time (min)

Figure 3. (A) Typical electropherograms corresponding to pure and mixture
solutions of the assayed antibiotics: (1) 120 ng/L of amikacin; (2) 180 pg/L of
paromomycin and (3) mixture containing 120 pg/L of amikacin and 180 w.g/L of
paromomycin. (B) CZE responses fitted to a four-parameter Weibull distribution
(o) Experimental data and (—) Weibull curve.
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Table I. Estimated parameters obtained in the modelling process of the electrophoretic peaks shown in Figure 3 by means of a
Weibull distribution

Parameters”
Sample S B ¢ b r
Pure amikacin 20.14+0.6 0.106 £ 0.004 1.9+0.1 6.203 +0.002 0.9889
Pure paromomycin 28.8+1.6 0.154+0.02 1.5+£0.2 6.27540.008 0.9540
Mixture of antibiotics 42.0+£0.8 0.245 £ 0.009 1.57+£0.08 6.277 £0.006 0.9855

?Mean +1.96 x SD; SD =standard deviation; r =regression coefficient.

and G, =2 for pure amikacin and paromomycin samples,
respectively and G; = 3 for samples containing mixtures of
the antibiotics. These labels were also used in some cases as
inputs in addition to the Weibull parameters.

4.2. Evaluation of the ANN models

To compare the predictive ability of ANN models in terms of
topology, number of connections, homogeneity (confidence
interval) and accuracy (SEPg), network models with a single
node in the output layer were designed (concentration of
antibiotic to be determined in the individual or mixture
sample). When using experimental design A, 4:5:1 and 5:6:1
architectures were chosen to start the model selection
processes, whereas a 4:4:1 topology was used for design B,
in all cases over 30 runs.

As can be seen in Table III, all models provided satisfactory
results in terms of accuracy (SEP;) and homogeneity
(confidence interval) for determining the concentration of
each antibiotic in the samples assayed. On comparing the
two designs, higher SEP values were achieved by ANN
models based on design Al that uses all samples for training
and generalization sets without discrimination among them
through cluster analysis. In this case, only the four-
parameters of the Weibull curve were used as inputs and
the computational cost was clearly lower. When the cluster
analysis was carried out, two approaches have been
considered (see Figure 2): using the class label as input in
addition to the Weibull parameters (design A2) or employing
this information to create a new data set (design B)

Table Il. Summary of the results obtained in the LDA of the

whole group of the samples (individual and mixtures) by using

the estimated four-parameters of the Weibull function as
variables

Training Generalization

TR/PR Gy=1 G,=2 G3=3 FC% G;=1 G,=2 G3=3 FC %

A. Rate of the number of cases that were classified correctly

Gi=1 12 0 0 100 6 0 0 100
Gy=2 0 12 0 100 0 6 0 100
G;=3 0 0 48 100 0 0 24 100
CCR 100 100
Variable §m B c Fin

B. Standardized coefficients for the canonical discriminant functions
Coefficients of function 1 —0.374 0.600 2414 2.437
Coefficients of function 2 0.810 —0.387 0.246 0.503

PR =Predicted response; TR = Target response; FC = False correct.

Copyright © 2007 John Wiley & Sons, Ltd.

containing only the mixture samples. Thus in the design
B, only the Weibull parameters were used as inputs, and the
determination of the concentrations of the antibiotic in the
individual samples was supported on the construction of the
classical calibration plot, such as ém versus [antibiotic]
expressed in pg/L. From experimental results, the following
calibration plots can be drawn:

Sw=(1.8404)+ (0.117£0.002) [A],  r=09965 (12)

Su=(32+05)+ (0179 £0.004)[P],  r=09951 (13)

As can be seen in Table III, ANN models based on design B
provided lower SEPg values, perhaps due to the biggest
homogeneity of the data sets because only mixture samples
were used for both training and generalization sets.
However, the use of design A2 cannot be discarded a priori
because it can be an acceptable choice depending on the
analytical problem addressed (higher SPGg values vs. lower
computational cost).

Regarding the type of ANN models tested, those based on
PU and SPU as transfer functions provided similar results for
the design A2, whereas models of PUNN provided lower
SPE values for design B, especially for the determination of
P. This behavior is closely related to the composition of the
data set. In fact, the design A2 composed by individual
(linear) samples together with mixtures (nonlinear) is better
modeled by ANN using hybrid transfer functions, whereas
in the case of the design B (in the absence of individual
samples), PU transfer functions yielded a better modeling of
the chemical information.

In order to compare the quality achieved in each ANN
model for the resolution of mixtures of these antibiotics,
Table IV shows the results (in terms of concentration)
obtained applying the models to the synthetic mixtures
included in the generalization set of design B (see Figure 2).
In addition, this table also shows the results achieved when
the data were analyzed by using a classical standard
reference method such as PLS regression. For the construc-
tion of the different PLS models, the cross-validation method
was used and the number of significant factors in each case
were chosen as the lower number whose root mean standard
error (RMSE) of prediction by cross-validation was not
significantly different from the lowest RMSE value:

(c-c)

n

(14)
Based on the absolute error of the prediction |C; — Cl!l
obtained using the data reported by the ANN and PL
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Table Ill. Accuracy (mean+ 1.96 x SD) and statistical results of the algorithm used with different experimental designs and

transfer functions (over 30 runs)

Connections SEPt SEPq
Analyte Starting topology Mean +1.96 x SD Mean 4 1.96 x SD Best Worst Mean +1.96 x SD Best Worst
Design Al
A 4:55U:1 26.54+3.4 16.7+9.9 10.1 31.7 19.4£11.0 10.2 36.8
4:5PU:1 18.3+3.0 14.1+3.6 11.0 18.3 22.0+14.1 13.2 38.8
p 4:55U:1 26.14+3.7 21.74+3.7 17.6 25.1 18.0£5.0 14.2 24.1
4:5PU:1 18.3+2.9 20.4+4.1 16.4 24.9 18.6+6.6 13.5 27.5
Design A2
A 5(4 +1):65U:1 33.64+4.2 127453 8.2 17.8 16.0£6.8 10.0 23.6
5(4+1):6PU:1 23.84+7.3 11.8+3.9 8.9 16.1 20.4+10.6 9.7 329
5(4 +1):65PU:1 33.34+4.7 129443 10.1 18.6 19.7£11.8 9.1 38.9
p 5(4 +1):65U:1 348+54 16.7+5.0 12.1 21.4 16.1+3.6 13.2 20.1
5(4+1):6PU:1 232459 15.6+4.8 10.7 204 182+£7.1 12.3 27.1
5(4+1):65PU:1 325+6.1 13.6+4.2 9.4 18.1 16.6+7.2 10.9 27.7
Design B
A 4:45U:1 20.1+3.8 72416 6.1 10.0 105£3.2 8.4 15.3
4:4PU:1 13.8+3.1 70+13 5.8 8.5 10.54+2.2 82 13.1
4:4SPU:1 192443 72419 54 8.9 102+£24 8.4 13.0
P 4:4SU:1 19.2+4.9 83+25 5.8 11.4 13.04+6.7 6.5 222
4:4PU:1 13.6+44 8.8+3.1 5.8 114 125+£88 5.6 22,6
4:4SPU:1 19.2+3.8 84+32 6.0 12.9 123+75 6.4 20.1

models in Table IV, the analysis of variance (ANOVA)
technique was carried out to ascertain the statistical
significance of observed differences among the four corre-

sponding means, assuming that the absolute error values
obtained have a normal distribution. A Kolmogorov—

Smirnov test for normality was reached with p-values of
0.383, 0.389, 0.866 and 0.143 for amikacin and 0.538, 0.426,
0.235 and 0.885 for paramomycin, for SUNN, PUNN,
SPUNN and PLS models, respectively. The ANOVA
involved a linear regression model in which ’Ci — Ci’ was

Table IV. Comparison of the quality achieved for the quantification of amikacin and paromomycin mixtures using the ANN models

and the PLS methodology

Amikacin

Paromomycin

Found (ug/L)

Found (ug/L)

[A]/[P]  Added (ug/L) SUNN  PUNN  SPUNN  PLS  Added (ug/L) SUNN  PUNN  SPUNN  PLS
8:1 240.0 231.9 244.8 2412 2382 30.0 162 26.1 189 102
8:1 240.0 240.9 253.8 250.5 248.1 30.0 17.7 276 216 9.3
12 30.0 23.1 27.9 25.8 7.8 60.0 75.9 66.6 774 82.2
12 30.0 315 336 35.7 30.0 60.0 66.0 61.2 717 738
42 120.0 102.6 1035 104.1 1185 60.0 71.1 723 75.0 87.6
42 120.0 1083 110.4 108.0 1224 60.0 714 717 72.9 94.2
6:2 180.0 1734 176.7 171.9 190.5 60.0 615 64.8 60.9 88.8
6:2 180.0 170.4 174.9 167.1 185.4 60.0 64.5 66.9 624 98.4
8:2 240.0 225.6 226.5 2226 241.8 60.0 55.8 61.8 57.3 91.5
8:2 240.0 2343 2352 231.9 249.9 60.0 57.6 63.3 59.7 85.5
1:4 30.0 40.2 477 39.3 32.1 120.0 111.9 102.0 1167 1122
1:4 30.0 387 46.2 420 39.0 120.0 1182 109.2 127.8 119.4
6:4 180.0 195.9 197.4 201.3 213.9 120.0 1035 105.9 102.6 1113
6:4 180.0 196.2 196.8 200.7 2124 120.0 1122 1158 110.7 1134
4:6 120.0 1155 119.1 1155 1224 180.0 1785 177.6 1782 1857
4:6 120.0 114.6 117.3 1215 129.0 180.0 182.7 180.6 185.1 192.9
6:6 180.0 166.8 1635 179.7 186.3 180.0 176.7 179.4 177.9 1827
6:6 180.0 174.0 169.8 1923 198.9 180.0 167.1 167.7 168.9 174.6
4:8 120.0 1155 115.8 1185 124.8 240.0 2448 237.0 2433 255.3
4:8 120.0 112.8 1122 117.6 125.4 240.0 251.7 2415 250.5 263.1
108 300.0 264.9 273.0 268.8 252.6 240.0 2544 239.7 251.1 270.6
10:8 300.0 270.3 275.4 277.8 260.1 240.0 2463 2373 243.0 260.4
4:10 120.0 130.2 116.4 120.9 137.1 300.0 296.4 3102 300.0 273.0
4:10 120.0 124.2 111.0 117.0 134.1 300.0 297.9 307.5 3015 2772

Copyright © 2007 John Wiley & Sons, Ltd.
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Table V. Quantification equations and accuracy provided by the optimized 4:4:1 PUNN network topologies as applied to the
determination of amikacin and paramomycin

Amikacin Paramomycin

Quantification equations [A]" = 0.524+2.29 /1 —1.28 115 +0.36 /13 +2.80 /14 [P]" =0.25 —1.97 11y 4+ 3.40 71y — 2.07 hi3 — 0.06 /14

Transfer functions }:11 _ (S;Z)O.”(B*)O.SO ﬁl _ (5;{)0.42(B*)0,46(6*)0.46({;!)0.06

hZ _ (é:’)OQZ(B*)O SZ(C*)D.86 I/;Z _ (SAjn)l.14( A*)0.46

I”;g _ (é;l)Z.]‘] (A;(n)l).45 ﬁ3 _ (é*)1.63(A:1)4.91

ﬁ4 _ (%)3.87(6*)1,49 1:14 _ (B*)3,13

Effective links 14 14
SEPt 5.8% 5.8%
SEPg 8.2% 5.6%

the dependent variable and the independent variable was the
type of model used for prediction. The comparisons were
made in terms of a critical level for Snedecor’s F; if the
significance level, «, was higher than this critical level, p, the
hypothesis of identical means was rejected. In the case of
amikacin, this hypothesis was not accepted because the
p-value is 0.749, higher than a standard o« =0.05, whereas in
the case of paramomycin, it was accepted because the p-value
was 0.000. Based on these results, a test of multiple com-
parisons of Tamhane was carried out for paramomycin.
Significant differences were found between PLS and ANN
models according to the p-values provided by the test: 0.000
in all comparisons. In view of these results, we selected the
PUNN model on the basis of its lower SEPg values and
simpler architecture (smaller effective links) than SUNN and
SPUNN models.

The simplicity of the proposed ANN models permits us to
derive straightforward quantitative equations for the deter-
mination of the concentration of each antibiotic using: (a) the
parameters estimated by the Weibull regression of the peak
and the class label provided by the cluster analysis; (b) the
optimized network weights and (c) the transfer functions
involved in the models. Table V shows the quantitative

equations corresponding to the proposed PUNN models for
both antibiotics.

4.3. Chemical interpretation of

ANN models

Taking into account that the proposed PUNN models
provided simple quantitative equations for the direct
determination of the contribution of each antibiotic to the
overlapping CZE peaks, quality chemical information could
be derived in order to explain the relationship between the
profile of the CZE peak (defined by the Weibull parameters)
and the determination of the antibiotic in the mixture by
using the proposed PUNN models. In this way, the value of
each PU transfer function involved that was affected by its
coefficient in the model was calculated over the scaled range
studied for the input variables, S¢,, B*, C* and f*,, and then
plotted one against another (see Figure 4).

4.3.1. Model for amikacin

From the quantification equation shown in Table V and from

the plots in Figure 4A, it follows that the value of [A]"

depends mainly on the contribution of the PU functions h
and h, with opposite effects and also on the other PU

2.5

0.5 4

Produc unit term

-0.5 -

-1.5 T T T T

B)

0.0 02 04 0.6 08

Scaled input variable

T
0.0 0.2 0.4 0.6 08 1.0

Scaled input variable

Figure 4. Relative contribution of the product unit terms used for the quantitative
determination of the antibiotics provided by PUNN models. (A) amikacin and (B)

paromomycin.
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functions but only at higher values of the scaled input
variable: for example the response of the function /i, at higher
values of B* and C* is assigned to mixtures with higher
values of the [A] to [P] ratio. In short, this function made the
model provide more accurate results when modeling this
type of samples. It is also noteworthy that the contribution of
t: was practically negligible because it was only involved in
the function ﬁ3 which, on the other hand, is the one that least
contributes to the value of [A]*. From these results, the direct
dependencies of ﬁ; and B* parameters on [A]" is clear, that is
the value of the peak height and the degree of dispersion of
the analytical signal values from it, and both taking into
account their respective exponents in ﬁl to a similar extent.

4.3.2.  Model for paromomycin

By using the PUNN model for the determination of P in the
mixture, and from the quantification equation shown in
Table V and plots in Figure 4B, it follows that the value of [P]"
depends basically on the S*, and C* parameters, considering
the dependencies showed by the ﬁl and ﬁz functions in
Figure 4B. According to the relative values of the exponents
in the ﬁl (basis function), a higher dependence can be
ascribed to C* parameter, which is associated to the inflection
points of the curve and defines the concavity and convexity
regions of the CZE peaks. Regarding the other PU functions,
only h exerts a slight contribution at higher values of the
scaled input variable, which is related to mixtures with high
[P] to [A] ratios; as in the case of A, this function is of great
relevance for achieving a better modeling of these mixtures
by the proposed PUNN model.

5. CONCLUSIONS

As shown in this work, quantitative analysis in CZE is
possible even in the case of overlapped peaks by means of
ANNSs designed by an evolutionary algorithm. Three ANN
strategies were evaluated for modeling the CZE data
provided from a set of samples containing single and
mixtures of analyte concentrations. The four parameters of
the Weibull curve fitted to the profile of the CZE peaks were
suitable as inputs for the three types of ANN, although the
predicted results can be improved with a prior LDA analysis
and using in some case the class label associated to each
sample as additional input. The calculated results indicated
that ANN models with SU, PU and SPU units as transfer
functions were a promising tool to resolve overlapped CZE
peaks with acceptable errors. The designed PUNN models
provided better accurate results, smaller network architec-
tures and more robust models and they were quite simple
and easier to interpret from a chemical point of view. In
summary, ANN is a powerful tool for resolving CZE
overlapped peaks while also allowing an important
reduction in analysis time because it avoids time consump-
tion by finding optimal conditions for the suitable CZE
resolution.
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