Available online at www.sciencedirect.com

sc.ENCE@D.REcT.

Talanta

ELSE\/IER Talanta 66 (2005) 1187—1196

www.elsevier.com/locate/talanta

Sequential injection system with higher dimensional
electrochemical sensor signals
Part 1. Voltammetric e-tongue for the determination
of oxidizable compounds

A. Gutes?, F. Cespeded S. AlegreP, M. del Valleb-*

2 Escola Universitaria Politecnica del Medi Ambient. Rambla Pompeu Fabra 1, 08100 Mollet del Valles, Barcelona, Catalonia, Spain
b Sensors and Biosensors Group, Department of Chemistry, Autonomous University of Barcelona, Edifici Cn,
08193 Bellaterra, Barcelona, Catalonia, Spain

Received 29 July 2004; received in revised form 22 December 2004; accepted 13 January 2005
Available online 13 February 2005

Abstract

A sequential injection analysis (SIA) system was developed with the aim of obtaining an automatic and versatile way to prepare
standards needed in the study of systems with higher dimensional sensor signals. To illustrate this, different analytical techniques were
used in determinations of several analytes. Automated potentiometric calibrations of different potentiometric sensors, with and without
interference, were carried out. Useful determinations of selectivity coefficients with two degrees of freedom were obtained. Simultane-
ous voltammetric determinations have also been done. Firstly, simultaneous determinations of lead and cadmium, using epoxy-graphite
composite as the working electrode, have enabled a separate calibration for each metal to be obtained. Next, a voltammetric electronic
tongue was designed and applied to the determination of oxidizable species. The use of artificial neural networks has solved the over-
lapped signal of ascorbic acid, 4-aminophenol and 4-acetamidophenol (paracetamol). A set of 63 data points was prepared automatically
and has facilitated the training of an electronic tongue for these three analytes. Accurate predictions of test solutions, in the range of
12-410uM for ascorbic acid, 17-53@M for 4-aminophenol and 10—42MM for paracetamol, have been achieved with RMSESs lower than
0.10pM.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction in analytical chemistry, where several instrumentation and
methodologies could be implemented. The main disadvan-
Automatic systems, such as flow injection analysis (FIA) tages of FIA balanced the main advantages of SIA: (i) pos-
systems, have been one of the most recurrent topics in anasibility of a single manifold for different analytical methods
lytical chemistry for the last two decades. The appearance ofand (ii) higher robustness in manifold design.
sequential injection analysis (SIA) in 1990] enabled the Simple SIA systems can be designed simply by connect-
possibility of complex sample processing schemes that FIA ing a multiposition valve and a bi-directional pump that work
systems were not capable of achieving with simple mani- synchronised, as suggested by Ruzicka and Margljalin-
folds. At that time, FIA was endorsed for process monitoring other requisite of SIA is the use of microprocessor control,
also employed for data acquisition. Moreover, it is necessary
to develop specific software to control the system, and many
* Corresponding author. Tel.: +34 93 5811017; fax: +34 935812379, 'eSearchers have developed programs written in different pro-
E-mail addressmdelvalle@gsb.uab.es (M. del Valle). gramming environment2-5].
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The large number of different applications described inthe which can employ an impedance measureniéii, and
last decade demonstrates the versatility of SIA. Several foodis devoted to mimic the human sense response. In the pre-
and beverage analyses using different detection techniquesented work, an SIA system employing potentiometric sen-
such as spectrophotomet,7], turbidimetry[8], voltam- sors is firstly illustrated, followed by the biparametric am-
metry[9] and atomic spectrosco¥0] have been reported. perometric calibration for metals. Finally, the SIA system
Also, many application fields have been covered such as bio-is applied in the automated generation of the training data
process monitorinflL1], immunoassajl2], pharmaceutical  needed for a voltammetric electronic tongue, which is mod-
[13,14]and environmental analysfb—-17]. elled employing ANNs. The final analysis system is aimed at

Previous works have used SIA systems for automatic cal- quantifying oxidizable compounds, normally found in drug
ibration and determination of single analytes, whereas thereformulations.
is a recent trend in the use of automatic systems for multiple
analyte determinations employing high-dimensional signals,
such as a part of a spectrum or a voltammogfagj. 2. Data analysis

These determinations sometimes exhibit heavy signal
overlapping that impedes simple linear calibration fits. Use- ~ ANNs act inspired in a human brain. The basic process-
ful chemometrics tools can be used for this purpose, suching unitis called “neuron”, each one featuring local memory
as multilinear regression, partial least square regression, andcapacity. These neurons are structured in layers, with con-
artificial neural networks (ANNs). The combination of SIA nections between all of them. Information is introduced into
with chemometric tools has already been repof1€d-22]. the algorithm through the input layer. This layer transmits the

It is sometimes difficult to quantify or even detect a single information to the hidden layer/s and the information is pro-
analyte when it is in a complex matrix that interferes with the cessed in parallel through the network, weighted by a transfer
signal. Some analytical techniques permit good performancefunction, according to the importance of that specific data.
but they need expensive equipment and skilled personnel. InThere are various types of ANNSs, but in electrochemical de-
an attempt to obtain a simple, cheap and robust analyticalterminations, feedforward backpropagation neural networks
system for several analytes in the presence of interferents,is the normal choic§27,32]. Learning of this algorithm is
the use of overlapped signal and arrays of sensors have beebased on finding how important is each aspect of the input
proposed as an alternative. With these principles, the termsinformation in order to obtain the expected outputs. For doing
electronic tongug23] for liquid samples or electronic noses this, the network changes the importance of all connections
[24] for gas samples have recently been coined. Some works (weights) between neurons. The building of the ANN model
those on taste sensors, seek to mimic specifically the humarconsists of finding the proper set of weights from the training
sense of tastg@5]. information.

When high dimensionality of the data has to be treated, = Two further issues should be considered in order to obtain
appropriate tools must be used. ANNSs are able to extract thean appropriate model: network topology and training strat-
information required in presence of interference effE2s. egy [32]. The network topology defines an optimum num-
ANN algorithms act as “black-box” models, showing special ber of neurons, layers and the transfer functions used. It is
abilities in describing non-linear responses obtained with dif- common to use three-layered networks (input, hidden and
ferent sensors. These algorithms use a learning capacity, exeutput layers), where the input layer has the same number
tracted by the generalisation from a large amount of starting of neurons as the dimension of the input information. The
data. The great amount of data points (sometimes over onenumber of neurons in the output layer is equal to the number
hundred) needed by the ANNSs for their learning is one of the of substances determined. The number of the hidden layer
disadvantages encountered in this type of calibration. Apartis optimised by trial and errd26]. Additional hidden layers
fromthat, great care must be taken when choosing the trainingcan be added, but this is seldom used in chemical analysis
(or learning) data s¢27] because of the poor capacity of the applications.
algorithm to extrapolate. Due to this fact, concentration space  The other consideration is the interactive training strategy,
must be perfectly defined, including maximum and minimum where accuracy and precision requirements are fulfilled if
concentrations of all the analytes in this learning data set.  convergence is achieved. Itis in this consideration where data

This work presents the development and application of a points must be divided in at least two sets: training and test
SIA system to be used with higher dimensional data gener- subsets. The training set is used to build the proper modelling
ated with electrochemical sensors. Only two previous close- of the response, being necessary a large amount of data for
related works are located in the literature, one dealing with this purpose. The test set is used in order to check externally
the determination of metals with an array of ISEs in an the prediction ability of the built model.

FIA system[28], and other from our laboratory describing The network is ready to quantify when the training algo-

the determination of nitrate in the presence of chloride in- rithm builds a modelthat has reached a prediction value below
terferent[29]. Other works employ similar FIA systems to a preset amount. The more data points used in the training
obtain electronic tongues, but departing from voltammet- set, the better learning would be achieved. This could seem an
ric sensorq30]. A related case is that of “artificial taste”, advantage butitis sometimes, a drawback when networks are
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overfitted, and they are not capable of predicting accurately.

An additional care must be taken regarding to the overfitting

problem mentioned in ANN. A good way to avoid it, is to

estimate the generalization error during the training process ~

[32]. -\ /‘!
The need of a large and appropriate data set for the cor-

rect learning of the algorithm suggests the use of automatic

systems in handling and preparing samples, thus facilitating Fig. 2. (A) Scheme of the tubular flow-trough ISE design and its PVC mem-

the attainment of a properly trained electronic tongue. Some brane; (B) scheme of the amperometric transducers made from the epoxy

researchers have already used automated systems for this pug_raphite composite. (1) electrical connector, (2) epoxy-graphite composite,
(3) PVC ion selective membrane.
pose[33,34].

SIA components were connected together with PTFE tub-
ing (Bioblock, France) with 1 mm i.d. employing fittings
for low-pressure chromatography. The holding coil was also
made from this tube and the inner volume was set to 10 ml,
in order to minimise contamination of syringe drive caused
by samples or stock solutions.

A magnetically stirred mixing cell with computer control
g Was developed to assure homogeneity in sample preparation;
it consisted in a 10 ml cavity in a Perspex block. The cell was
designed with a single input—output way, in a conical bottom
for complete voiding.

Microburette selection valve as well as the mixing cell stir-
rer were entirely controlled by a PC computer with in-house

stocks solutions were prepared by appropriate dilutions software pro_grammed in BASI.C (Qgick-Basic, Microsoft,
from 1000 mg T stocks (Fluka standards for atomic spec- USA). Variation of commands in an independent level text
troscopy) in a media at pH 3 (HCI acid) and 0.1M KCl file enables different sequences of liquid handling by SIA

(Merck), in order to assure high conductivity. Determinations system, being versatility one of the advantages of this con-

of ascorbic acid, 4-aminophenol and 4- acetamldophenol ept.
(paracetamol) in the 0.01-0.5mM range were developed. Firstcharacterisation of the SIA system was carried out us-

from solutions 103M prepared by dissolving pure sub- ing absorbance reading of a phenol red solution. This analyte
stances (Fluka) in KCI 0.1 M was selected because of its colour, which permitted the easy

following of liquids and allowed the precise timing for every
step in sample holding and preparation. Once characterised,
3.2. The SIA system the SIA system was used in analytical determinations.
A sample cycle was performed in typically 5 min, includ-
ing aspiration of solutions, homogenisation, pumping into
detection system, and cleaning prior to the next cycle.

3. Experimental

3.1. Reagents

All reagents employed were of analytical grade unless
specified. Doubly distilled water was used throughout.

In the potentiometric determinations, carrier solution use
was 0.01 M Imidazole (Fluka) buffer with its pH adjusted to
6.5 with HCI. Potassium, sodium, ammonium, and calcium
ion solutions were prepared dissolving the right amount of
its chloride salts (Fluka) in carrier solution.

For amperometric determinations of heavy metal ions,

The designed SIA system is shown fig. 1. The lig-
uid pumping system consists in a bi-directional microburette
(Precision Syringe drive/2 Module, Hamilton, Switzerland),
using syringes of 1, 2.5, and 5ml (Hamilton), depend-
ing on the application. The selection valve was a mo-

torised MVP valve with a six-way valve head, HVXM 6-5 . ) ) ]
(Hamilton). Different electrochemical techniques have been imple-

mented, each of them with home-made electrodes or trans-
ducers, constructed with existing technology in our laborato-
ries.

3.3. Detectors

3.3.1. Potentiometry
Potentiometric measurements were developed with tubu-
lar flow-through ion-selective electrodes (ISEs), consistingin
a perspex cylinder body, filled with an internal solid contact
made from an epoxy-graphite composite, as normal detec-
) ) o . tor in our laboratorie$35]. The selective membrane is de-
Fig. 1. Manifold of the developed SIA system: (a) diluting solution, (b)

microburette, (c) holding coil, (d) stock solutions, (e) selection valve, (f) posited, covering the inner wall of a hole drilled axially the

mixing cell, (g) magnetic stirrer, (h) personal computer. D, detector; W, inner solid contact, as shownIFr'!g. 2(A). Membran_e formu- ]
waste. lations were standard ammonium ISEs employing nonactin
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and bis(1-butylpentyl)adipate (both from Fluki@6], and step of 10 mV. Intensity readings were directly taken at each
ionophoric antibiotic for sodium employing monensin and applied potential.
dibutylsebacate (from Acros and Fluka, respectividy). Given that ANNs were going to be used to build the cal-

Computer-controlled detection was achieved employing ibration model, a random set of standards was generated.
a digital potentiometer (Crison 2002, Crison, Spain), and its This set consisted of 65 experimental solutions with a dif-
serial communications line with home-made data-acquisition ferent concentration value for each of the considered species,
software. Reference electrode was a double-junction elec-which were prepared individually by the SIA system. Custom
trode (90-02-00 model, ThermoOrion, USA) inserted in the software was prepared to determine, from a random numbers
flow system. As all potentiometric measurements were per- algorithm, the concentration of each substance in each stan-
formed with identical ionic media, activity coefficients were dard. With this provision, we can assure the complete inde-
supposed constant. pendence between samples, a desirable condition for ANN

modelling.
3.3.2. Amperometry

Amperometric measurements were carried out with elec- 3-5. Software
trochemical transducers made from an epoxy-graphite com-
posite constructed as described previoysy,39]. Epoxy
resin used was Epotek H77 (Epoxy Technology, USA). Mea-
surements were performed with an Autolab/PGSTAT20 elec-
trochemical system (Ecochemie, Netherlands).

The amperometric transducers, schematiseleign2(B),
were inserted in the flow system with a specially designed
flow cell having a low dead volume, and a stainless-steel base;  Results and discussion
acting as the auxiliary electrode. The reference electrode used

Neural Network processing was developed with Matlab
6.0 (Math works), using its Neural network toolbox (v. 3.0).
Sigma Plot 2000 (Jandel Scientific, Germany) was used in
pre-treatment, non-linear fittings and in graphic representa-
tion of the data.

here was the same as in potentiometric experiments. 4.1. Characterisation of potentiometric sensors

3.4. Procedures Among the mostimportant parameters for characterisation
of ISEs, their selectivity coefficientsR¥) towards interfering

3.4.1. Potentiometric calibrations ions receive special attention. The recommended determina-

The flow system is programmed to prepare and deliver a tion is that of the Mixed Solution Methog40] obtained by
specified multianalyte standard, by mixing appropriate vol- manual calibration. The automatic preparation and handling
umes of the different stock solutions and retaining them in of samples by the SIA system facilitates a fast determination
the holding coil. After that all volumes are pumped into ©f these values.
the mixing cell for homogenisation. Once this is done, the  Some selectivity coefficients were determined using the
prepared solution is re-aspired and pumped to the poten-SIA system calibration for Nk and N& ISEs. Their de-
tiometric sensors where the readings are performed by thetérmination consisted of successive dilution of concentrated

PC. solutions of the primary ion, while maintaining constant the
interference concentration. The sequence of dilution can be
3.4.2. Amperometric calibrations summarised by: aspiration of the right amount of concen-

In simultaneous measurements of lead and cadmium, atrated solutions, aspiration of the right amount of dilution
similar procedure to the latter was taken. The preparation Solution, impulsion of all the solutions towards the mixing
of calibration standards done by the SIA system permit- C€ll, stirring, aspiration of the prepared solution, impulsion
ted calibration prior to sample measurement. In this case totowards detector, and detection. Serial dilutions can also be
improve detection limits, an anodic stripping voltammetry Performed if necessary.

(ASV) technique with differential pulse (DPV) was selected. The set of solutions describes the complete behaviour of
Experimental conditions employed in this determination are: the electrode, which enables the value for the selectivity co-
180 s potentiostatic deposition time-a1.2 V, scanned volt-  efficient (£3) in the Nikolskii-Eisenmann equation to be
age from—1.0to—0.3 V, modulation amplitude 20 mV, pulse ~ established:

time 70ms, and scan rate 10mV/s. Metal concentrations
ranged from 1 to 4M (0.2 to 0.8 mgt?) for lead and 15

to 30uM (1.7 to 3.4 mgt?) for cadmium. whereZ, andZ, are the charges of the primary and interfering

In the voltammetric e-tongue application, simultaneous ions at concentrationS, andCy, respectively.
determination of oxidizable compounds — ascorbic acid, 4-  Two different experiments were carried out to obtain val-
acetamidophenol and 4-aminophenol —was developed by usales of selectivity coefficients. The simplest was a single
of the SIA system. Determinations were performed in this calibration with a fixed concentration of interference con-
case through the linear sweep voltammetry technique. Poten-centration, as is normally performed in potentiometry. The
tial was scanned from 0 to 1.5V at 0.1V/s, with a potential typical curvature at a low concentration of the primary ion

AE = A+ Blog(Cy + kff’thyZX/Zy) (1)
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Fig. 3. (A) Automated calibrations with and without interference. Interference is studied by the Mixed Solution Method at a fixed activity of the interfering
ion. (B) Selectivity coefficients for different interference ions using a sodium ISE.

was observed, and the experimental fitting of data points to  Dual calibration was obtained by automatically preparing
the Nikolskii-Eisenmann equation allowed tR€' value to different solutions with varying concentration of both ana-
be obtained. lytes.Fig. 5(A) shows some of these voltammograms; as the
Fig. 3 shows the automated characterisation of PVC- data set consisted of four variables (concentration of lead,
membrane sodium ISE in use in our laboratories. With the concentration of cadmium, scanning potential and measured
aid of the developed SIA system, a full interference charac- currents), a transformation was made to enable visualization.
terization for such a new sensor can be easily completed withFor this purpose, voltammograms are displayed in a sequence
minimum effort. of increasing concentration of metals. As no overlapping of
Higher dimensionality of data permits obtaining more the signal is present in this case, the simple reading of peak
reliable values of selectivity coefficients, as long as the fitting current allowed the separate calibration for each metal as is
models the electrode behaviour in the presence of differentshown inFig. 5(B). Using the statistics of the fitted regression
interference and analyte concentrations. For this purpose line [42], the detection limits for each metal were calculated.
several calibrations with varying interferent and primary These values were 3uM for cadmium determination and
concentrations were carried out. The fitting of the whole 0.4uM for lead.
data set exhibits the nel#°t values with some differences
between single calibration and multiple calibration adjust-
ments Fig. 4shows the two-ion calibration of an ammonium
ISE in the presence of potassium as interferent together with
the fitted Nikolskii—-Eisenmann response surface. There an
earlier curvature of calibrations can be observed as the potas-
sium concentration increases; the typical behaviour expected
for an interference effect. The Ioﬁéz k+ obtained from

the non-linear surface fitting was1.26, in agreement with
results obtained by classical med86,41], which is—1.0.

4.2. Calibration using DPV signals

The first measurements developed in amperometry con-
sisted of simultaneous calibrations of lead and cadmium in
water. Calibrations equivalent to those performed in poten-
tiometry were carried out. The transducers used for the strip-
ping of metals were epoxy-graphite electrodes, as shown in
Fig. 2(B). Voltammograms with two peaks were obtained,
one appearing at the re-oxidation potential of cadmium for
this transducer (ca.—0.8V), and the other consisted of the rig. 4. Surface response of an MHISE in presence of K varying both
re-oxidation of lead (ca.—0.5V). concentrations. Fitted moddk= A + B -log([NH4*]+ C - [K*]).
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Fig. 5. Dual calibration of lead and cadmium employing the SIA system. Automated sequence of voltammograms and separate calibration for the determinatiol
of lead (A) and cadmium (@).

4.3. Voltammetric electronic tongue 135 potentials. As the departure information was too com-
plex, a discrimination of three out of four data points was

After calibration of separate analytes, a group of oxidiz- done. Besides, the resulting reduced data set was subdivided
able substances — presenting similar oxidation potentials andrandomly in three subsets in order to obtain the ANN model:
so with some degree of overlapping — was tested with the training, validation and external test sets, having 50, 25, and
described voltammetric detection system. 25% of the original data, respectively.

Ascorbic acid, 4-acetamidophenol and 4-aminophenol  After obtaining and determining the data set from our ex-
was the three-component case studied. Sixty-five sample soperiments, backpropagation ANNs with different topologies
lutions, with their concentrations defined randomly, were were tried, in which we varied the learning algorithm as well
prepared by appropriate dilution schemes performed employ-as the number of neurons in the single hidden layer used. All
ing the SIA system, which also allowed the measurement the ANNs built had 35 input neurons — the reduced voltam-
of the corresponding voltammetric signals. The concentra- mogram and three output neurons — the concentrations of the
tion of ascorbic acid was between 12 and 4M, the 4- three analytes. Preliminary tests discouraged us from using
aminophenol concentration between 17 and opB0and the
4-acetamidophenol concentration between 10 and426 L FETE T
the three ranges selected in preliminary linearity tdsts.6 -
shows the 3D plot of the randomly generated standards. The 400 . lnl®
subsequent modelling was performed employing ANNS. ) % °

Fig. 7 shows a sample of different voltammograms ob- = o
tained using different standard concentrations. As we can
observe, strong overlapping is present, a circumstance that
points to non-linear calibrations with ANNs. The appearance
of ascorbic acid and 4-aminophenol signals is around +0.3V,
while paracetamol appears at +0.6 V. In figure, voltammo-
grams (A) and (C) present a similar response which is around il Ty
+0.3V due to the similarity in the ascorbic acid and 4- / o
aminophenol concentration, but a different signal at +0.6 V e 300 oM
because of the higher concentration of paracetamol in voltam- =0 400 "
mogram (A). Voltammogram (B) presents a high signal at a f‘f-am,-n 300 200 100 9¢
voltage of +0.3 V because of the high concentration of both
ascorbic acid and 4-aminophenol.

The initial data set was form_e_d by a group Of_ over 6_0 Fig. 6. Randomly generated concentration space (65 points) for simultane-
voltammograms with 135 intensities, each associated with ous calibration of ascorbic acid, 4-aminophenol and paracetamol.
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Fig. 8. RMSE values for the test set obtained for networks employing a

different number of neurons on its hidden layer, and the three combinations
of transfer functions studied in detail. (T: Tansig transfer function, S: Satlins

transfer function).

Fig. 7. Voltammograms obtained for three mixtures containing different
amounts of the three oxidizable compounds. The high degree of overlap-
ping is illustrated. Concentrations used (ascorbic acid, 4-aminophenol and
paracetamol, respectively), are (A), 143, 481,andi2VQ(B) 214, 525, and
242uM; (C) 114, 516, and 178M.
the three chosen pairs of transfer functions. For these combi-

the gradient descent-learning algorithm because of the lacknations, five replicates of the modelling for each architecture
of convergence noticed for the selected conditions. The first (3, 4, 5, 6, 7, 8, 9, and 10 nodes) were performed, in order
successful approach consisted of a feedforward backpropato find not only the configuration with minimum prediction
gation ANN with the Levenberg—Marquardt “early stopping” errors, RMSESs, but also that with the best prediction ability.
algorithm using different combinations of transfer functions, Fig. 8 shows the RMSEs values, mean and dispersion of
as well as different topologies, i.e. with varying number of the five replicates for the three best combinations. The study
nodes in the hidden layer. concluded by showing that three neurons is the configuration

Feedforward backpropagation employing the Bayesian that yields minimum residual errors for Tansig-Satlins and
regularization training algorithm was also tried, as long as the Satlin-Tansig combinations as well as lower confidence in-
Levenberg—Marquardt algorithm showed overfitting prob- tervals. A minimum with the Tansig-Tansig combination is
lems, with correct training but bad prediction capacity though observed when five neurons are used in the hidden layer, but
Bayesian regularization applies statistical methods to detectthe general trend, the larger confidence interval, and the sub-
neurons causing overfitting. With this probabilistic algorithm sequent study of prediction behaviour suggested us to reject
better models were achievptB]. Moreover, when using this  this architecture.
algorithm, only two subsets of data are needed, training and The final choice of the ANN architecture was done by
external test (with ca. 2/3 and 1/3 of the data, respectively). observing the comparison graphs for each determined sub-

With Bayesian Regularization algorithm selected, an ex- stance in the external test set — the data not participating
haustive search for the best neural network configuration in training. These comparison graphs were constructed plot-
was performed. Three transfer functions for the hidden and ting expected and calculated values, and were compared with
output layers were initially selected. Thus, combinations of the ideal comparison line &yx), with slope 1 and zero inter-
Tan-Sigmoidal (Tansig), Sat-Lineal (Satlins), and Pure lineal cept. Representative trainings with the three combinations are
(Purelin) transfer functionpl4] were tested. First, a quick summarised iffable 1, together with their correlation coeffi-
study was done with seven different combinations of the cients. Observing this global data, the Tansig—Satlins transfer
above three functions in the hidden and output layers, em-function pair with the architecture of 363 x 3 neurons was
ploying ANN structures having 4, 8, and 10 neurons in the chosen as the best ANN.
hidden layer. The configurations with minimum prediction This combination showed the best correlation coefficients
errors or lower RMSE values, obtained after training for fortwo out of three analytes as well as better slopes and close
5000 epochs, permitted us to select the pairs Tansig-Satlinsto zero-intercepts in many cases. A compromise between the
Tansig-Tansig, and Satlins-Tansig as better combinations.minimum RMSESs values, and the best slopes and correlation
The General features observed were reduced prediction ercoefficients of the external test had to be assumed.
rors, with total RMSE (root mean square error) values be-  Adjustment of the data by this ANN exhibits good predic-
low 0.15uM in all cases, and a worst behaviour for the tion ability for the test set, with data not participating in the
purelin—purelin pair. learning process. The degree of fitness is visualised for one

Forthe final optimisation of the ANN configuration, anex- of the training replicates by plotting the comparison graphs
haustive scan of topology combinations were developed for for the three considered substances (Fig. 9). The proximity to
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Table 1
Comparison parameters of the modelling ability of the three best network configurations calculated using the external test subset (obtained /ys/expettad,
m b r
Combination TT T-S S-T TT T-S S-T TT T-S S-T

Ascorbicacid ~ 1.014:0.031 0.986:0.024 1.006:0.043 —4.1x103+5x10°3  —3.6x102+4.0x103% —39x102+75%x103 0.876+0.017 0.898-0.005 0.875:0.024
4-Aminophenol  0.9530.055 0.955:0.060 0.865:0.018 —2.7x103+12x102 —-19x102+1.2x102 7.4x103+7.7x103 0.941+0.007 0.939:0.005 0.934t 0.006
Paracetamol 1.0580.039 1.043:0.029 1.034:0.017 —29x1024+6.4x10°3 —34x102+29x103 —23x102+37x103 0.954+0.003 0.9720.005 0.949 0.006

Conditions correspond to three neurons in the hidden layer and the three best combinations of transfer functions in the hidden/output layers. (T-T, Tansig-Tansig; T-S, Tansig-Satlins; S-T, Satlins-Tansig).
Uncertainties are calculated at the 95% confidence level.
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the theoretical comparison lines validates its use for the de- [3] G.D. Marshall, J.F. van Staden, Anal. Instrum. 20 (1992) 79.
termination of this family of compounds. From the figures, [4] J.Y. Neira, N. Reyes, J.A. Nobrega, Lab. Robot. Autom. 12 (2000)

it can be observed that best results are obtained for paraceta- . 246: X
. . . . [5] E. Becerra, A. Cladera, V. Cesd Lab. Robot. Autom. 11 (1999)
mol than for ascorbic acid or 4-aminophenol, given these two 131
were easily oxidized in air. [6] H.C. Shu, H. Hakanson, B. Mattiasson, Anal. Chim. Acta 283 (1993)
Correlation coefficients (r) showed a very good signifi- 727.

cance. At-test was performed in order to prove that signifi- [7] C.C. Oliveira, R.P. Sartini, E.A.G. Zagatto, Anal. Chim. Acta 413

cance[40]. From the data points of the test setyalue was (2000) 41. _ .
lculated by th tion: [8] J.G. March, B.M. Simonet, F. Grases, Anal. Chim. Acta 409 (2000)
calculated by the equation: 9
— [9] G.C. Luca, B.F. Reis, E.A.G. Zagatto, M.C.S.B.M. Montenegro, A.N.
— M Araljo, J.L.F.C. Lima, Anal. Chim. Acta 366 (1998) 193.
(2)
1— 2 [10] R.C.C. Costa, M.I. Cardoso, A.N. A, Am. J. Enol. Vitic. 51
(2000) 131.

Calculated statistics for n-? degrees of.freedom were 9.29,[11] L. Olsson, U. Schulze, J. Nielsen, Trends Anal. Chem 17 (1998)
11.99, and 21.47 for ascorbic acid, 4-aminophenol and parac-  sgs.

etamol respectively. In all cases the calculated values are[12] J. Ruzicka, P.J. Baxter, O. Thastrup, K. Scudder, Analyst 121 (1996)
greater than the tabulated value, (at the 99% of level) which 945

is 2.85, so the significance of the correlation achieved with %) é;g.g;_u;%ss.-s. Liu, J.-F. Wu, Z-L. Fang, Anal. Chim. Acta 392

each substance is demonstrated. [14] S.M. Sultan, Y.A.M. Hassan, K.E.E. lbrahim, Analyst 392 (1999)
273.
[15] A.N. Araljo, R.C.C. Costa, J.L.F.C. Lima, B.F. Reis, Anal. Chim.
5. Conclusions Acta 358 (1998) 111.
[16] A.N. Araljo, R.C.C. Costa, J.L.F.C. Lima, Anal. Sci. 15 (1999)
991.

A SIA system was developed in order to manipulate and [17] V. Cerch, A. Cerdy, A. Cladera, M.T. Oms, F. Mas, E.0@ez, F.
prepare samples and standards for automatic calibrations  Bauz, M. Mirs, R. Forteza, J.M. Estela, Trends Anal. Chem. 20
aimed at higher dimensional signal applications. Different (2001) 407.
detection methods were used so that the versatility of the[lS] S. Alegret, _in: S. Alegret (Ed_.), Integra_ted analyti_cal systems, Wil-
system was shown: selectivity coefficients estimation with E?Sn e\"/"ire“: er'fs?grggmp;%gzns‘;\;e ff;éyt'cal Chemistry, Vol XXXIX,
two degrees of freedom was illustrated, and a satisfactory|yg] r. vogt, M. Tacke, M. Jakusch, B. Mizaikoff, Anal. Chim. Acta 422
dual calibration for heavy metals using a full voltammogram (2000) 187.
is demonstrated. A complete electronic tongue modelling [20] J.A. Erustes, A. Andrade-Eiroa, A. Cladera, R. Forteza, V. &erd
for oxidizable compounds present in drug formulations was ___Analyst 126 (2001) 451. _ ,
achieved with automated generation of information (standard 2! 2'7 Rius, M.P. Callao, F.X. Rius, Anal. Chim. Acta 316 (1995)
solutions) for learning. Results show that the SIA system is [22] H Le Thanh, B. Lendl, Anal. Chim. Acta 422 (2000) 63.
capable of resolving different higher order analytical situa- [23] Y. Vlasov, A. Legin, A. Rudnitskaya, Anal. Bioanal. Chem. 373
tions suited to electrochemical detection, just by fitting differ- (2002) 136.
ent detection systems and Changing some components of thg4] JW Garner, P.M. Bartlgtt, Electronic Noses. Principles and Appli-
manifold. Further work using ISE arrays or voltammetric de- - CKétﬁonks o 3);?;9 ;T'Vféz'r% Oﬁ-rzs?iggg)o rldg;llg?gg'
tection is still carried out in our laboratories. The main goal [26] M. Bos, A. Bos, W.E. Van der Linden, Anal. Chim. Acta 233 (1990)
is to obtaining electronic tongues for real samples in pres- 31.
ence of interferences, using more selective detectors such ai7] M. Bos, A. Bos, W.E. Van der Linden, Analyst 118 (1993) 323.
enzymatic biosensors or catalysers. [28] J.' Mortensen, A Legin, A. Ipatov, A. Rudnitskaya, Y. Vlasov, K.

Hjuler, Anal. Chim. Acta 403 (2000) 273.
[29] J. Gallardo, S. Alegret, M. del Valle, Sens. Actuators B 101 (2004)
72.
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