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Abstract

Second-order instrumental signals showing a non-linear behaviour with respect to analyte concentration can still be adequately processed in
order to achieve the important second-order advantage. The combination of unfolded principal component analysis with residual bilinearization,
followed by application of a variety of neural network models, allows one to obtain the second-order advantage. While principal component
analysis models the training data, residual bilinearization models the contribution of the potential interferents which may be present in the test
samples. Neural networks such as multilayer perceptron, radial basis functions and support vector machines, are all able to model the non-linear
relationship between analyte concentrations and sample principal component scores. Three different experimental systems have been analyzed, all
requiring the second-order advantage: 1) pH–UV absorbance matrices for the determination of two active principles in pharmaceutical
preparations, 2) fluorescence excitation–emission matrices for the determination of polycyclic aromatic hydrocarbons, and 3) UV-induced
fluorescence excitation–emission matrices for the determination of amoxicillin in the presence of salicylate. In all cases, reasonably accurate
predictions can be made with the proposed techniques, which cannot be reached using traditional methods for processing second-order data.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

When processed by adequate algorithms, second-order instru-
mental data allow analysts to obtain the useful second-order
advantage, a property with immense implications in the analysis
of real samples of complex composition [1]. Recently, attention
has been focused on the possibility of extracting the second-order
advantage from non-linear second-order information [2–5]. This
requires the coupling of two separate methods, which are able to
accomplish the following successive tasks: 1) model the cali-
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bration and test data so that the contribution of unexpected
components, not present in the calibration set, is removed from the
test sample, and 2) model the non-linear relationship between
calibration data and analyte concentration, and interpolating the
pre-processed test data for prediction purposes [2].

The first of these two tasks can be achieved using a com-
bination of unfolded principal component analysis (U-PCA)
and residual bilinearization (RBL) [2]. While U-PCA models
the calibration data employing a limited number of principal
components, RBL is useful in ‘filtering’ the contribution of the
unexpected sample components [6]. Although other data
processing techniques can in principle be used for this objective,
we have found that U-PCA is flexible enough to cover cases
where the second-order signals are not bilinear.
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In order to accomplish the second task, a variety of non-
parametric regression techniques is available. Generally speaking,
three groups of methods can be considered for successful model-
ling of non-linear data: 1) methods based on smoothers [7], such as
alternating conditional expectations (ACE), smooth multiple
additive regression technique (SMART) and non-linear partial
least-squares (NLPLS), 2) methods based on splines [8,9], such as
classification and regression trees (CART), multivariate adaptive
regression splines (MARS), Spline-PLS, and 3) artificial neural
networks (ANN) [10]. The latter constitutes a popular methodol-
ogy to take into account non-linearities in the relationship between
instrumental data and concentration, and can be further sub-
divided into: 1) multilayer perceptron networks (MLP) with back-
propagation learning algorithm, 2) radial basis functions (RBF)
networks, and 3) support vector machines (SVM). Excellent
reviews exist on non-linear regression models [11] and the appli-
cation of MLP networks to multivariate calibration problems [12].

MLP usually consist of a series of layers of neurons or
computing units [13]. The input layer receives the data, and
transfers them to the next layer after application of an activation
function, usually of a sigmoidal shape. The neurons in the
hidden layer receive these outputs, multiply them by a suitable
weight, sum up these contributions, and apply the sigmoidal
function before sending the result to the next layer. This con-
tinues until the output layer is reached. Training an MLP net
implies modifying the weights using the back-propagation of
errors procedure, until the final outputs are favourably compared
with reference values for a set of samples of known composition.
This approach has some drawbacks associated with the training
process: there is no guarantee of convergence and no repro-
ducibility in results for the same set of data when they are run
several times using different initial weights. Notice that the term
‘sample’ admits two different meanings: chemical, as in ‘test
sample’, and statistical, to denote a collection of chemical
samples. We trust the specific meaning is clear from the context.

Recently, RBF and SVM have been introduced as promising
neural network methodologies, able to perform non-linear
multivariate function estimation and non-linear regression
tasks [10]. RBF are based on a single hidden layer of neurons
using Gaussian transfer functions, and a linearly activated output
layer. In comparison with MLP networks, RBF appear to offer
some advantages such as robustness to noisy data, and much
faster training procedures [14]. SVM, on the other hand, in-
volves a solution of a quadratic programming problem leading to
models that are often unique [15]. The foundation of SVM lies in
the principle of structural risk minimization, which promises
good generalization ability and excellent performance in the case
of small samples. Computational calculations of SVM were
simplified by Suykens et al., by implementing a least-squares
version (LS-SVM) [16]. This requires solving a set of linear
equations, instead of the classical quadratic programming.While
standard SVM is best suited for classification problems, LS-
SVMs are employed for regression and function estimation, and
are closely related to regularization networks [17] and Gaussian
processes [18], but they additionally emphasize and exploit
primal-dual interpretations. Relevant to the application of the
LS-SVM methodology is the so-called activation function
among network nodes; we have employed the usual Gaussian
kernel or radial basis function for this purpose.

Recent RBF publications which deserve to be cited describe
applications to first-order multivariate spectral data, such as
near-infrared analysis of organic matter in soils [19], glucose in
blood [20], and water content in fish products [21]. In the case
of LS-SVM applications, we may cite the near-infrared analysis
of adulterants in powdered milk [22], acidity in grapes [23] and
physical properties of wood [24], and the Raman analysis of
monomer masses during polymerization [25,26].

WhileMLP networks construct global approximationmodels
to non-linear input–output relationships, RBF/SVM using
Gaussian functions tend to build local approximations. It was
of interest, therefore, to check whether the newly developed non-
linear models RBF and SVM may approximate better the non-
linearities present in several analytical systems. In the present
report, we process three experimental systems using U-PCA/
RBL to filter the test sample from unexpected component
contributions. We then model the score-concentration relation-
ship with the three artificial neural network models mentioned
above: MLP, RBF and SVM. A comparison of figures of merit
for these three methods allows one to get insight into the best
non-linear data processing technique in each of the studied cases.
We note that two of the presently studied non-linear systems
have been previously analyzed using U-PCA/RBL followed by
MLP [3,5]. We extend the study to a third experimental system,
and to new non-linear modelling tools for the scores-concentra-
tion relationship.

In any case, the methods herein described open a variety of
possibilities concerning the successful processing of second-
order non-linear data leading to the achievement of the second-
order advantage.

2. Theory

2.1. Unfolded principal component analysis/residual
bilinearization

Principal component analysis of unfolded data provides, in
principle, a number of training and test scores which can be
employed for ANN training and prediction. When unexpected
constituents occur in the test sample, however, its scores will not
be suitable for analyte prediction using the trained ANN. In this
case, it is necessary to resort to a technique which marks the new
sample as an outlier, indicating that further actions are necessary
before ANN prediction, and then isolates the contribution of the
unexpected component from that of the calibrated analytes,
in order to recalculate appropriate scores for the test sample. In
U-PCA, the sample will be considered as an outlier if the resid-
uals of the analysis of the unfolded test data Xu [sp, see Eq. (1)]
are abnormally large in comparison with the typical instrumental
noise (the latter is easily assessed by replicate measurements):

sp ¼ jjepjj= JK � Að Þ1=2
¼ jjvec Xuð Þ � P PTvec Xuð Þjj= JK � Að Þ1=2
¼ jjvec Xuð Þ � P tujj= JK � Að Þ1=2

ð1Þ



Fig. 1. Flow sheet indicating how prediction is performed on a test sample
having unexpected components. The gray boxes have been indicated with the
main procedures U-PCA, RBL and ANN training and prediction. For details on
symbols see text.
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where ||·|| indicates the Euclidean norm, P is the matrix
containing the first A loadings obtained by applying PCA to
the unfolded training data, tu is the vector of test sample scores,
and vec() indicates the vectorization operation. The sizes of the
relevant arrays in Eq. (1) are as follows: ep and vec(Xu), JK × 1;
Xu, J × K; P, JK × A and tu, A × 1, where J and K are the number
of sensors in each data dimension. RBL can be employed to
model the presence of unexpected sample components, by
decomposing the signal for a test sample containing unexpected
components into two parts: one modeled using the calibration
latent variables (Xmod) and the remaining part which cannot be
modeled (Xunmod) with these variables, i.e.:

Xu ¼ Xmod þ Xunmod: ð2Þ
As is usual in PCA, the modeled part can be expressed as a

function of the training loadings P and the test sample score tu,
and hence:

vec Xuð Þ ¼ P tu þ emod þ vec Xunmodð Þ ð3Þ
where emod is the vector of residuals not fitted to Xmod by the
PCA model with A principal components [notice the relation-
ship ep = emod + vec(Xunmod)]. In the absence of unexpected
components, emod = ep, which will contain elements of the order
of the instrumental noise. However, if anything having a
bilinear structure is present in Xunmod which rises above the
noise level, it can also be modeled using PCA [which is
typically carried out through singular value decomposition
(SVD)]. This allows one to estimate profiles for the unexpected
components (bunx and cunx) and hence Eq. (3) becomes:

vec Xuð Þ ¼ P tu þ vec gunxbunx cunxð ÞT
h i

þ eu: ð4Þ

The RBL procedure consists in keeping constant the matrix
P in Eq. (4) at the calibration value, and varying tu in order to
minimize the norm of the residual vector eu (||eu||). During the
minimization, profiles for the unexpected components are
continually updated through SVD of a matrix obtained after
reshaping ep [see Eq. (1)]:

gunx; bunx; cunxð Þ ¼ SVD1 Ep

� � ð5Þ
whereEp is the J ×Kmatrix obtained after reshaping the JK × 1 ep
vector, and SVD1 indicates taking the first principal component. It
is important to notice that it is in Eq. (5) where the reshaping
operation of ep folds the (transformed) data into a matrix, and this
permits the achievement of the second-order advantage, even
when the data are unfolded for calibration purposes. RBL is thus
only possible with second-order data, which can be meaningfully
arranged into a matrix. It is also important that RBL will succeed
provided Xunmod does not contain spectral components which are
collinear with those in Xmod.

Minimization of ||eu|| can be carried out starting with a tu
vector as given by the projection of the test sample responses on
the space spanned by the calibration A principal components,
using, for example, Gauss–Newton minimization, until the
difference between successive values of ||eu|| is lower than
certain previously set tolerance limit. Repeating the minimiza-
tion a number of times for a given sample did not produce
significantly different results.

Should it be necessary to consider a larger number of
unexpected components (Nunx) in the SVD analysis of Ep

[Eq. (5)], then Nunx can be assessed by comparing the final
residuals su with the instrumental noise level, with su given by:

su ¼ jjeujj= JK � Aþ Nunxð Þ½ �1=2 ð6Þ

where eu is from Eq. (4). Typically, a plot of su computed for
trial values of Nunx will show decreasing values, starting at sp
when Nunx = 0, until it stabilizes at a value compatible with the
experimental noise, allowing to locate the correct number of
unexpected components. It should be noticed that for Nunx N1,
the profiles provided by the SVD analysis of Ep no longer
resemble the true profiles for the unexpected components, due
to the fact that the principal components are restricted to be
orthonormal. While the first component may resemble a
chemical constituent in the sample, the remaining ones will
not be comparable to true spectra. Once ||eu|| is minimized in
Eq. (4), and the correct test sample scores tu have been found,
the final tu vector is introduced into the input neurons of the
trained ANN, providing the analyte concentration as output.
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The entire process is pictorially shown in the flow sheet of
Fig. 1.

2.2. Multilayer perceptron networks

All MLP networks employed in this work have three layers
(input, hidden and output), and were trained by back-propaga-
tion of errors. The input layer accommodates the input variables,
which are usually the first A principal component scores,
representing the spectral variability in the training set of samples.
The hidden layer contains a number of neurons tuned by trial an
error, and the output layer contains a single neuron. Both the
input and hidden layers do also include the so-called ‘bias’
neurons. The bias neuron lies in one layer, is connected to all the
neurons in the next layer, but to none in the previous layer, and
its output is equal to 1. The function of the bias neuron is
analogous to the intercept in regression. After the first A PCs are
loaded into the A input neurons, the outputs are calculated for
each training sample using a set of randomly selected initial
weights and a sigmoidal transfer function f(x)=1 / [1+exp(−x)].
They are then transferred from layer to layer. Each neuron of the
next layer collects a certain number of inputs, which are
multiplied by appropriate weights, summed, and transferred
after application of the transfer function, until the output neuron
is reached. The weights are then modified according to the back-
propagation methodology, which compares the outputs with the
nominal values of the analyte concentration in the training and
monitoring samples. The comparison yields the training (or
calibration) root mean square error (RMSEC), which is
computed every training cycle or ‘epoch’, and allows the
correction of the network weights which leads to the decrease of
the RMSEC. Simultaneously, the network performance is
monitored by the results provided by an independent monitoring
sample set, which helps to estimate the corresponding RMSEM
(M for monitoring). The net is trained until a minimum in
RMSEM is reached, in order to avoid overtraining. Two
important parameters for network training are the learning
rate, which tends towards a fast, steepest-descent convergence,
and the momentum, a long-range function preventing the
solution from being trapped into local minima. These parameters
are usually tuned around a value of 0.5, also by trial and error.
The final set of weights is stored for future prediction on new
samples.

2.3. Radial basis function networks

The structure of the radial basis function networks consists of
three layers. The input layer serves only to distribute the input
variables (in our case the A scores obtained through PCA
analysis of unfolded data) to the hidden layer. Each of the M
neurons of the hidden layer uses a basis Gaussian function as
transfer, and, in contrast to MLP networks, the output neuron
employs a linear transfer function. The successful implementa-
tion of these networks requires to find suitable parameters for
the Gaussian functions of the hidden layer: the centres
(contained in the A × 1 vector cm) and the widths σ, which in
the usual setting, are considered equal for all functions. The
output from the mth hidden neuron, for an input object xi, is
therefore given by:

outm ¼ exp � 1
2r2

jj xi � cm jj2
� �

ð7Þ

where ||xi − cm|| is the Euclidean distance between xi and cm.
The input value to the output node is the weighted sum of all the
outputs of the hidden nodes, with the response of the output
node linearly related to its input. Hence, the RBF network
output (outi) for an input object xi is given by:

outm ¼ w0 þ
XM
m¼1

wm exp � 1
2r2

jj xi � cm jj2
� �

ð8Þ

where w0 is the bias and wm is the weight assigned to the mth
hidden output. These weights are adjusted to minimize the mean
square error of the net output. Therefore, two sets of parameters
(the centres and widths) in the hidden layer, and a set of weights
in the output layer are adjusted. RBF has a guaranteed learning
procedure for convergence: given the centres of the M basis
functions and a set of I training objects with known signal values
(xi) and target concentration (yi), the minimum squared error in
the prediction of y is attained when the weights are given by:

w ¼ HTH
� ��1

HTy ð9Þ
wherew is a vector (M × 1) collecting the weights, y (I × 1) is the
vector of target concentrations, and H (I × M) is the so-called
design matrix, whose elements are calculated as:

H i;mð Þ ¼ exp � 1
2r2

jj xi � cm jj2
� �

: ð10Þ

Several procedures exist in order to avoid a high dimension-
ality of the hidden layer. One possibility is to control the
network complexity using only a subset of possible centres.
Forward selection, which starts with an empty model and then
adds new basis functions until some criterion is met, is a widely
used procedure. Forward selection adds new basis functions,
centred on each data point, according to the degree in which
these functions help to reduce the squared error. Orr [27]
introduced regularization in conjunction with forward selection,
which includes the regularization parameter λ in Eq. (9), in
order to penalize large weights:

w ¼ HTHþ kI
� ��1

HTy ð11Þ

where I is an appropriately dimensioned identity matrix.
The following characteristics distinguish RBF from MLP

networks: 1) RBF networks have a single hidden layer, whereas
MLP may have one or more hidden layers, 2) the hidden (non-
linear) RBF layer serves a different purpose from the output
(linear) layer, while in MLP there is a common neuronal model
among all layers and 3) the argument of the transfer function is
the Euclidean distance between the input vector and the
function centre, while MLP compute the inner product of the
input vector and the synaptic weight vector.
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2.4. Support vector machines

SVM attempts to model the target values using a weighted
sum of functions. In the least-squares version of the SVM
algorithm, it is necessary to minimize a cost function (C) con-
taining a penalized regression error, as follows [28]:

C ¼ 1
2
wTwþ 1

2
g
XI

i¼1

e2i ð12Þ

subjected to the following constraint (itself defining the ex-
pression employed by SVM to model the y data as a function of
the input x):

yi ¼ wT/ xið Þ þ bþ ei ð13Þ
where w is the vector of weights (I × 1), ϕ is the modelling
function, ϕ(xi) is the vector of values induced by ϕ on an input
object xi, b is a bias, and ei is the training error. The first part of
the cost function is a weight decay, used to regularize weight
sizes and penalize large weights, in order to make them con-
verge to smaller values. Large weights deteriorate the general-
ization ability of the SVM because they can cause excessive
variance. The second part of Eq. (12) is the regression error for
all training data. The parameter γ, which has to be optimized by
the user, controls the relative importance of each of the terms in
the right hand side of Eq. (12).

Analysis of Eqs. (12) and (13) shows that they constitute a
typical optimization problem which can be solved by using the
Lagrange multipliers method. This leads to the following
expression for the weights:

w ¼
XI

i¼1

ai/ xið Þ ¼
XI

i¼1

gei/ xið Þ: ð14Þ

An important result of this approach is that the weights (w)
can be written as linear combinations of the Lagrange
multipliers with the corresponding data training (xi). At the
same time, all αi values are obtained automatically. Putting the
result of Eq. (14) into the original regression line [Eq. (13)], the
following result is obtained for a given y value:

yi ¼
XI

i0¼1

ai0/ xi Vð ÞT/ xið Þ þ b ð15Þ

which expresses the value of y for a given object as a function of
its input values and those for the training set. As can be seen, a
positive definite kernel is used as follows:

K xi; xi Vð Þ ¼ / xið ÞT/ xi Vð Þ ð16Þ

and therefore:

yi ¼
XI

i0¼1

aiK xi0 ; xið Þ þ b: ð17Þ

Usually all Lagrange multipliers (the support vectors) are
non-zero, which means that all training objects contribute to the
solution. In contrast with standard SVMs, the LS-SVM solution
is usually not sparse.

The kernel function more used is the radial basis function
exp[− (||xi − xi'||

2) / 2σ2], where σ2 is the width of the Gaussian
function, which should be optimized by the user in combination
with the regularization constant γ, in order to obtain the support
vector.

2.5. Software

U-PCA/RBL were applied using an in-house MATLAB 7.0
routine, incorporated into the useful graphical interface MVC2,
of the type already published for first-order multivariate
calibration [29] and available at http://www.chemometry.com/
Index/Links%20and%20downloads/Programs.html. RBF net-
works were implemented using the forward selection method
described by Orr in ref. [30] and available at http://www.anc.ed.
ac.uk/rbf/rbf.html. SVM were implemented using the LS-SVM
lab toolbox (MATLAB/C Toolbox for Least-Squares Support
Vector Machines) available at http://www.esat.kuleuven.ac.be/
sista/lssvmlab/. All programs were run on an IBM-compatible
microcomputer with an AMD Sempron 2800, 2.00GHz
microprocessor and 512 of RAM.

3. Experimental section

3.1. Apparatus

For the spectrophotometric measurements, a single-channel
flow-injection system was developed using five modules
(degasser, pump, injection valve, autosampler and detector) of
an Agilent 1100 Series instrument (Agilent Technologies,
Waldbronn, Germany).

Fluorescence spectral measurements were performed on a
fast-scanning Varian Cary Eclipse fluorescence spectrophot-
ometer, equippedwith twoCzerny–Turner monochromators and
a xenon flash lamp, and connected to a PCmicrocomputer via an
IEEE 488 (GPIB) serial interface. Excitation–emission matrices
were recorded in a 10mm quartz cell. For the experimental
system 3 (analyte amoxicillin), the cell was thermostated at
15 °C.

3.2. Experimental system 1

This system involves in-flow UV-visible spectrophometry/
pH data. The flow-injection (FI) manifold consisted of a carrier
channel of 0.2mol L− 1 acetic acid (pH = 3.0) at a flow rate of
0.2mL min− 1, in which injections of 100μL of sample solutions
prepared in 0.2mol L− 1 acetate buffer (pH = 7.0) were per-
formed. The pH gradient was generated in a 200cm × 0.12mm i.d
mixing coil and was shown to be highly reproducible run-to-run.
For each FI peak, spectra were registered in the range of 200–
300nm each 1nm at regular time steps of 1.6s for 176s, i.e., the
matrices were of size 111 × 101. Appropriate working regions
were then selected (in both dimensions) before multivariate
calibration: 240–300nm and 91.2–176s, reducing the data
matrices to 54 × 61 data points.

http://www.chemometry.com/Index/Links
http://www.chemometry.com/Index/Links
http://www.anc.ed.ac.uk/rbf/rbf.html
http://www.anc.ed.ac.uk/rbf/rbf.html
http://www.esat.kuleuven.ac.be/sista/lssvmlab/
http://www.esat.kuleuven.ac.be/sista/lssvmlab/
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All experiments were performed with analytical-reagent
grade chemicals. Milli-Q water was used for all solutions.
Loratadine (LOR) and pseudoephedrine sulphate (PES) stan-
dards were kindly provided byQuímicaMontpellier SA, Buenos
Aires, Argentina. Stock solutions of LOR (0.6203g L− 1) and
PES (6.0164g L− 1) were prepared by dissolving each standard
in HCl 0.1mol L− 1. A solution of the excipients usually present
in a commercial sample: propylene glycol, sorbitol, anhydrous
citric acid, sodium benzoate and sucrose, was also prepared in
water, at concentrations corresponding to their known value in
commercial samples.

Two solutions prepared from glacial acetic acid (Cicarelli,
San Lorenzo, Argentina) and NaOH (Cicarelli, San Lorenzo,
Argentina) were employed to create a double on-line pH
gradient. A 0.2mol L− 1 acetic acid solution was made to be used
as carrier stream whereas a 0.2mol L− 1 acetate buffer solution
was used to perform the dilution of the samples.

A set of 25 samples corresponding to a five level full factorial
design was prepared for calibration. Well-defined non-linear
relationships were observed between the concentrations and
absorbances measured in the studied ranges of 6.66–10.00mg
L− 1 and 80.00–120.00mg L− 1 for LOR and PES, respectively.

A validation set corresponding to a central composite design
containing 9 samples at different concentrations from those
employed for calibration was also built for monitoring the MLP
network. An additional five-sample set was built for predictions
requiring the second-order advantage. It was composed of
mixtures of appropriate amounts of stock solutions of LOR and
PES, also containing excipients usually present in the com-
mercial samples at their known concentration values.

All samples were prepared in 2.00mL volumetric flasks,
diluted up to the mark with 0.2mol L− 1 acetate buffer and
injected twice in the FIA system.

3.3. Experimental system 2

In this system fluorescence excitation–emission data were
measured for mixtures of aromatic hydrocarbons. Stock
solutions of benzopyrene (BPY), pyrene (PYR) and chrysene
(CHR) were prepared by dissolving 0.0100g of each reagent
(Sigma) in 50mL of acetonitrile. These solutions were stored in
dark bottles at 4°C. Appropriate working solutions of BPY,
PYR and CHR of different concentrations were prepared by
dilution in acetonitrile. A calibration set was constructed
composed of eleven samples, used for the determination of
CHR in the presence of BPY (also modeled in the calibration
phase) and PYR (only present in test samples). In the calibration
set, the standards spanned nine concentration levels according
to a central composite design, in the ranges 0.00 to 0.80mg L− 1

(CHR) and 0.00 to 2.00mg L− 1 (BPY), and two additional
samples containing only the analyte CHR at concentrations
above and below the mean CHR concentration (0.12 and
0.69mg L− 1). Concentration values for the analyte CHR were
selected considering the linear fluorescence-concentration
range. Those for BPY were increased beyond its own linear
limit, in order to highlight the inner filter effect on the fluo-
rescence spectra of CHR. For preparing a given calibration
sample, a solution containing CHR and BPY (prepared from
adequate volumes of the corresponding solutions) was placed in
a 5.00mL flask, and completion to the mark was achieved with
acetonitrile. The excitation–emission fluorescence matrices of
these solutions were then recorded, and the data were subjected
to three-way analysis, as described below. Suitable wavelength
ranges for the determination were: emission from 340 to 410nm
at 1nm intervals (J = 71 wavelengths) and excitation from 200
to 332nm at 4nm intervals (K = 34 wavelengths), making a total
of 71 × 34 = 2414 spectral points per sample matrix. In order to
train the ANN, the calibration set was randomly divided into
training (containing 60% of the samples) and a monitoring set
(the remaining 40%). Finally, a test set composed of eleven
samples, contained all three compounds. In this case PYR is
included and is an unexpected component in unknown samples.

3.4. Experimental system 3

UV-induced fluorescence excitation–emission matrices were
measured for the determination of the antibiotic amoxicillin in
the presence of salicylate. Amoxicillin (LLCM Laboratory,
Santa Fe, Argentina), potassium periodate (Fluka, Buchs,
Switzerland) and potassium dihydrogen phosphate (Merck,
Darmstadt, Germany) were employed. A stock solution of
amoxicillin (0.130g L− 1) was prepared by dissolving an
appropriate amount of amoxicillin standard in Milli-Q® water
and sonicating during 15min. Amoxicillin solutions were
prepared every two weeks and stored in a refrigerator at 4° C.
Milli-Q®water was used for all solutions. The calibration set had
seven concentration levels of amoxicillin in the range from 0.00
to 6.30mg L− 1, all of them prepared in duplicate. The samples
contained a phosphate buffer (0.8mol L− 1, pH = 5.84) and
potassium periodate (0.007mol L− 1). All samples were
subjected to photo-activated reaction during 30min, by irradiat-
ing them with a 125W high pressure mercury lamp. After the
reaction, fluorescence excitation–emission matrices were
recorded as described above. In order to train the ANN, the
calibration set was randomly divided into training (containing
60% of the samples) and a monitoring set (the remaining 40%).

The test set contains five samples having amoxicillin at
concentrations different than those employed in the training/
monitoring phase. They also contained salicylate as a
potentially interfering component producing fluorescent signals
at the working wavelengths, in concentrations ranging from
0.002 to 0.009mg L− 1. The test samples were subjected to a
similar periodate photo-activated reaction, after which the
fluorescence excitation–emission matrices were read in the
excitation range 300–360 each 4nm, and emission range 370–
470 each 4nm, i.e., the size of each data matrix was 16 × 26 =
416 data points per sample.

4. Results and discussion

4.1. General considerations

The application of the U-PCA/RBL methodology to the
experimental systems under study follows a common pattern: 1)



Fig. 2. Landscape obtained by recording UV spectra at different time FIA points
for one of the calibration samples of the experimental system 1, containing LOR
7.50 mg L−1 and PES 80.0 mg L−1.
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establishing the optimum number of PCA scores for training a
neural network, 2) filtering the contribution of the unexpected
components in test samples, and 3) training the different neural
network models and predicting the analyte concentration in
each case.

To estimate a value for A, the residuals of the reconstruction
of calibration matrix data were considered as a function of
increasing number of loadings, in comparison with an experi-
mental estimation of the instrumental noise in each system.
Typically, the residue of the PCA analysis decreases until it
becomes undistinguishable from the noise level, as established
through a suitable statistical test, i.e., the F-test. This involves
the comparison of the squared ratio (PCA residue/noise level)
with the critical F value at 95% confidence level, using JK and J
(or K) degrees of freedom respectively [the instrumental noise is
assessed by replication of a blank spectrum at the spectral J (or
K) wavelengths]. We neglect the small decrease in degrees of
freedom brought about by the estimation of A PCs.

Once the value of A is estimated, the number of unexpected
components is tuned, by plotting the residuals of the RBL
procedure as a function on increasing values of Nunx. Again,
when the latter residues become comparable to the instrumental
noise, Nunx reaches its optimum value. This procedure is
repeated for each newly analyzed sample.

Finally, with both A and Nunx estimated, training and test
scores are stored for future use in training the different ANN
models.

The number of PCs accounting for the variability of the
calibration data allows one to fix the number of input neurons
for MLP networks. Concerning the hidden neurons, a number
ranging from one to ten were used to train the nets for each trial
number of input neurons. The optimum number of hidden
neurons was then selected as the one yielding RMSEM values
which were not statistically different than the minimum
RMSEM. For this comparison, the squared ratios of RMSEMs
to minimum RMSEM were compared with the critical value
Fcrit(0.05,Imon,Imon), where Imon is the number of monitoring
samples. Parameters for the net showing the best RMSEC and
RMSEMwere stored in order to be tested on the scores obtained
by U-PCA/RBL for the test samples.

The complexity of the RBF networks was controlled as
described by Orr [30]. A subset of centres was selected by
forward selection, according to the degree of reduction of the
squared error, employing the criterion of generalized cross
validation, which aims at minimizing the penalized squared
error GCV:

GCV ¼ Ical
Ical � gð Þ2 SSE ð18Þ

where Ical is the number of calibration samples, SSE the sum of
squared errors, and γ is the effective number of model
parameters, as defined by Orr [30]. Notice that GCV differs
from leave-one-out cross validation, since SSE includes all
samples of the calibration set.

Finally, the Gaussian widths were adjusted by a trial and
error search, starting with a range of width values, and gradually
improving the squared error until a proper width was found. The
guidelines for appropriately building the RBF model described
by Orr in ref. [30] were followed.

As regards LS-SVM, optimization was done by cross
validation, using a comprehensive grid search procedure over
the possible values of γ and σ2. Once this is done, the number
of Gaussian functions and their centres, and the linear weights
and bias levels are all computed automatically. In general, the
procedure recommended by Pelckmans et al. in Ref. [31] was
adopted.

It should be noticed that both RBF and LS-SVM model
parameters and complexity can be tuned using the calibration
data set, without requiring the preparation of an independent
monitoring set. This is an advantage over the usual MLP
training procedure. Arguably, one could divide the original
calibration set in two subsets, one employed for training and the
other one for monitoring. However, this latter methodology
implies removing samples from a designed calibration data set,
which is not always convenient.

4.2. Predictions on test samples of system 1

As mentioned above, a matrix of size 444 × 101 per sample
(both for standards and unknowns) was generated, although
appropriate working regions were then selected (in both
dimensions) before multivariate calibration. Fig. 2 shows the
landscape corresponding to the calibration sample number 2,
which was plotted for 54 FIA time/pH points in the region 240–
300nm. After selection of the best working region, the matrix
size was reduced to 54 × 61 data points per sample. As can be
observed in Fig. 2, important changes are apparent in the
spectrum recorded at time = 20, compared with the one obtained
at time = 1. These variations can be conveniently used to gather
the second-order advantage through the RBL procedure.

The number of principal components (A) accounting for the
spectral variability in the training set was assessed by
comparing the U-PCA residue with the instrumental noise, as



Fig. 3. Three-dimensional plot of the excitation–emission fluorescence matrix
for one of the calibration samples of the experimental system 2, containing CHR
0.80 mg L−1 and BPY 1.00 mg L−1.
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discussed above. The noise level in this system was first
estimated, by blank replication, as 0.1 (absorbance units × 103).
Then the values of the parameter Fexp (the squared ratios of
PCA residue to noise) were computed, for the first seven PCs,
as: 527, 15.2, 9.0, 5.8, 4.8, 1.4 and 1.0, while Fcrit(0.05,54 ×
61,54) = 1.42. Hence, the first number of PCs for which Fexp is
comparable to Fcrit is 6. This allowed us to select the first six
PCs to be input in the neural networks.

Results obtained when applying the three tested ANNmodels
to the five-sample set of absorbance-pH-gradient data corre-
sponding to the experimental system 1 (analytes are loratadine
and pseudoephedrine sulphate) are displayed in Table 1, all
requiring the second-order advantage for accurate analyte
prediction. Critical parameters are the number of PCs needed
tomodel the calibration data, which are larger than the number of
analytes due to the presence of non-linearities in this system, as
well as the number of unexpected components that should be
considered to reach a residue comparable to the instrumental
noise for each studied test sample. Architectures reported in
Table 1 for all networks (MLP, RBF and SVM) imply that more
complex models are required for the analyte showing a clear
non-linear behaviour (pseudoephedrine sulphate), indicated by
the increased number of hidden nodes.

The analyte following a nearly linear relationship between
signal and concentration (loratadine) shows better predictions
for MLP (REP of ca. 4% against REP of ca. 7% for the other
two network models). The significance of the comparison of
REP values was tested using the randomization approach
described in Ref. [32]. Specifically, the estimated significance
level associated with the test that the REPs for RBF and SVM
were larger than the REP for MLP are b0.01 and 0.03
Table 1
Predictions and statistical analysis for loratadine and pseudoephedrine sulphate a

Sample Nominal MLP RBF SVM

Loratadine b/mg L−1

1 7.50 8.11 8.22 8.38
2 9.16 9.00 9.46 8.38
3 7.50 7.14 6.95 6.98
4 9.16 9.32 9.33 8.78
5 8.33 7.98 7.52 8.02
RMSEP/mg L−1 0.37 0.57 0.56
REP/% 4.4 6.7 6.7

Pseudoephedrine sulphate c/mg L−1

1 90.00 82.80 94.52 101.18
2 90.00 84.96 87.16 87.86
3 110.00 113.44 110.47 112.01
4 110.00 110.15 103.54 99.37
5 100.00 92.93 101.03 101.94
RMSEP/mg L−1 5.3 3.8 6.5
REP/% 5.3 3.8 6.5
a In all cases, 2 RBL unexpected components were used, and networks

contained 6 input nodes and a single output node.
b MLP, 8 hidden nodes; RBF, 2 hidden nodes, width=2; SVM, γ=294,

σ2=0.1.
c MLP, 5 hidden nodes; RBF, 21 hidden nodes, width=1.35; SVM, γ=341,

σ2=244.
respectively, i.e., both lower than 0.05 and therefore significant
(calculated using 1999 iterations, for details see Ref. [32]).

The improved figures of merit forMLP fact can be ascribed to
the lower complexity of the signal/concentration relationship for
loratadine, indicating that it is more likely to find an appropriate
MLP architecture to model the data. On the other hand, in the
case of pseudoephedrine sulphate, whose concentration shows a
definitely non-linear relationship with the signal, more accurate
results were furnished by the RBF [5]. Hence the results suggest
an enhanced prediction ability of this latter network model over
the alternative ones. This system has been analyzed previously
using an MLP methodology, but with a different experimental
setup, reaching REP values of ca. 3% for both analytes.

4.3. Predictions on test samples of system 2

Fig. 3 shows a typical fluorescence excitation–emission
landscape for one of the calibration samples for this system,
which contains polycyclic aromatic hydrocarbons (PAHs). These
compounds are strongly fluorescent and show a complex spectral
structure which is apparent in Fig. 3. The fluorescence matrices
of most PAHs are heavily overlapped, and hence second-order
techniques resorting to the second-order advantage are required
for successful analyte prediction in complex aromatic hydro-
carbon mixtures. Due to the extensive overlapping, inner filter
effects are frequent, leading to second-order signals which
deviate from the ideal trilinearity condition, due to spectral band
shape changes associated with the inner filter phenomenon, as
well as to a certain degree of non-linearity in the fluorescence–
concentration relationship for the most concentrated analyte.

The number of training principal components was assessed
as discussed for the experimental system 1. The noise level was
estimated as 1.8 fluorescence units, and the values of Fexp were,
for the first four PCs: 480, 4.3, 1.6 and 1.0, with Fcrit(0.05,16 ×
26,26) = 1.71. thus, the first number of PCs for which Fexp is
comparable to Fcrit is three, implying that A = 3 is a reasonable
choice for the number of input neurons in all networks.

Predictions for CHR and BPY for the analysis of the eleven
sample set of EEM data corresponding to the system 2 are



Table 3
Predictions and statistical analysis for amoxicillin a

Sample Amoxicillin/mg L−1

Nominal MLP RBF SVM

1 1.98 2.14 1.91 1.88
2 3.24 3.05 3.23 3.23
3 4.49 3.73 4.35 4.39
4 5.74 5.83 5.83 5.88
5 6.47 6.32 6.10 6.14
RMSEP/mg L−1 0.37 0.19 0.17
REP/% 8.4 4.2 4.0
a In all cases, the number of unexpected components was 1. The number of

input nodes was three, and a single output node was employed. MLP, 3 hidden
nodes; RBF, 8 hidden nodes, width=15; SVM, γ=60,000, σ2=50,000.
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displayed in Table 2. In this two-analyte case showing inner filter
effects, pyrene was added to test samples as an unexpected
component (see Experimental). This system has been previously
analyzed using the linear model U-PLS/RBL, but only regarding
the prediction of the analyte CHR, reaching a REP value of 5.9%
[33]. As regards BPY, its concentration in the calibration and test
set were in some cases large and outside the linear fluorescence/
concentration range, in order to highlight the inner filter effects
over CHR. Therefore, BPYwas not estimated in the test samples
with the methodology employed in Ref. [33].

In the present work, acceptable predictions are obtained for
both analytes. In the case of CHR, the REPs were all 4.9%.
These figures of merit favourably compare with that obtained
using the linear model U-PLS/RBL (5.9%) [33].

On the other hand, poor recoveries were obtained when MLP
was implemented for BPY (ca. 20%), while a remarkable
improvement in accuracy is gained in going to the other two
network models: 10.5% for RBF and 11.5% for SVM. Again,
use of the randomization test discussed above [32] for the
comparison of REPs yields significance levels lower than 0.01,
associated with the test that the REP for MLP is larger than
either RBF or SVM. These latter figures of merit are acceptable
Table 2
Predictions and statistical analysis for chrysene and benzopyrene a

Sample Nominal MLP RBF SVM

CHR b/mg L−1

1 0.54 0.53 0.53 0.53
2 0.73 0.73 0.73 0.73
3 0.28 0.28 0.30 0.29
4 0.34 0.33 0.33 0.33
5 0.61 0.60 0.59 0.59
6 0.61 0.65 0.63 0.64
7 0.61 0.62 0.62 0.62
8 0.00 0.03 0.01 0.01
9 0.15 0.15 0.16 0.16
10 0.30 0.30 0.31 0.31
11 0.00 0.04 0.04 0.04
RMSEP/mg L−1 0.02 0.02 0.02
REP/% 4.9 4.9 4.9

BPY c/mg L−1

1 1.49 1.41 1.53 1.44
2 1.00 0.93 1.02 0.98
3 1.72 1.47 1.67 1.58
4 0.29 0.17 0.30 0.29
5 0.59 0.45 0.59 0.56
6 1.98 1.63 1.75 1.69
7 0.00 −0.04 0.08 0.02
8 0.74 0.66 0.74 0.76
9 0.00 −0.04 0.00 0.00
10 0.00 −0.06 0.01 −0.02
11 1.49 1.27 1.37 1.35
RMSEP/mg L−1 0.16 0.08 0.11
REP/% 20.2 10.5 13.0
a In all cases, one RBL unexpected component was used, and networks

contained three input nodes and a single output node.
b MLP, 2 hidden nodes; RBF, 6 hidden nodes, width=2.5; SVM, γ=159,

σ2=31.
c MLP, 2 hidden nodes; RBF, 7 hidden nodes, width=0.75; SVM, γ=257,

σ2=18.
in view of the complexity of this system, which couples the
subtleties of the fluorescence inner filter effect with non-
linearities arising from large BPY concentrations.

4.4. Predictions on test samples of system 3

To estimate the number of principal components to be input
in the neural networks, the U-PCA residue was compared with
the instrumental noise. The latter was estimated as 7
fluorescence units. The values of Fexp (squared ratios of PCA
residue to noise) were, for the first four PCs: 7.7, 2.5, 1.1 and
0.7, while Fcrit(0.05,71 × 34,71) = 1.35. Hence, the first three
PCs were selected.

Table 3 shows predictions for amoxicillin on test samples
containing salicylate as a potentially interfering component (see
Experimental). This system has already been analyzed using a
similar MLP approach which led to an REP of 9.2% [3]. An
improvement is apparently obtained in going from MLP (REP
of 8.4%) to RBF and SVM (REPs of 4.2% and 4.0%,
respectively). However, the comparison through the randomiza-
tion test mentioned above [32] does not provide statistical
evidence for this improvement, since the significance levels for
the comparison of RBF and SVM with MLP are 0.25 and 0.28
respectively (i.e., both larger than the critical value of 0.05).
Examination of Table 3 shows that the MLP predicted con-
centrations are all close to the nominal values except for sample
No. 3. This latter sample may be the cause of the apparent
improvement in predictive ability in going to RBF/SVMmodels.
The strong non-linearity of this system is evidenced by a
sigmoidal relationship between instrumental response and con-
centration [4], requiring suitable artificial neural network models
such as those discussed here for successful analyte prediction.

5. Conclusions

U-PCA/RBL can be conveniently used to filter test samples
from unexpected component contributions, as a previous step
for prediction with different networks. This opens a variety of
possibilities concerning the successful processing of second-order
non-linear data leading to the achievement of the second-order
advantage. The performance of the different network models,
judged from the accuracy of predictions on an independent test
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set, seems to depend on the particular data structure of the specific
system under analysis. Therefore, it is important to have a variety
of neural network procedures available for processing non-linear
second-order data requiring the second-order advantage, in order
to be able to select the most appropriate model for the data under
scrutiny.

The modelling procedure can be considerably simplified
when RBF and SVM networks are implemented, because they
do not require the preparation of a set of samples for monitoring
the training procedure. This aspect represents an advantage of
these newly introduced methodologies over the traditional MLP
neural network concept.
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