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Abstract

A method for the simultaneous determination of the pesticides, carbofuran, isoprocarb and propoxur in fruit and vegetable samples has

been investigated and developed. It is based on reaction kinetics and spectrophotometry, and results are interpreted with the aid of

chemometrics. The analytical method relies on the differential rates of coupling reactions between the hydrolysis product of each

carbamate and 4-aminophenol in the presence of potassium periodate in an alkaline solution. The optimized method was successfully

tested by analyzing each of the carbamates independently, and linear calibration models are described. For the simultaneous

determinations of the carbamates found in ternary mixtures, kinetic and spectral data were processed either by three-way data unfolding

method or decomposed by trilinear modeling. Subsequently, 10 different RBF-ANN, PARAFAC and NPLS calibration models were

constructed with the use of synthetic ternary mixtures of the three carbamates, and were validated with a separate set of mixtures. The

performance of the calibration models was then ranked on the basis of several different figures of merit with the aid of the multi-criteria

decision making approach, PROMETHEE and GAIA. RBF-ANN and PC-RBF-ANN were the best performing methods with %Relative

Prediction Errors (RPE) in the 3–4% range and Recovery of about 97%. When compared with other recent studies, it was also noted that

RBF-ANN has consistently outperformed the more common prediction methods such as PLS and PCR as well as BP-ANN. The

successful RBF–ANN method was then applied for the determination of the three carbamate pesticides in purchased vegetable and fruit

samples.

D 2004 Elsevier B.V. All rights reserved.
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1. Introduction vegetables, as well as natural and environmental substances
Carbofuran (CAR), isoprocarb (ISO) and propoxur (PRO)

are powerful carbamate pesticides, which can be synthesized

relatively simply [1,2], and hence, are widely used in agri-

culture, especially in the developing countries. However,

they are serious environmental pollutants and can harm

people and animals because the pesticides and their deriva-

tives can remain for a long time in soils, natural waters and

other environmental domains [3]. Thus, it is important to

monitor and analyze the residues of these pesticides in foods,
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and materials. Various analytical methods have been devel-

oped for analysis of these residues with the aid of techniques

such as thin layer chromatography (TLC), gas chromatogra-

phy (GC), high performance liquid chromatography (HPLC),

and gas chromatography-mass spectrometry (GC-MS) [4,5].

Since these carbamate pesticides are unstable and can be

easily decomposed, especially at relatively high tempera-

tures, it is difficult to analyze them and their derivatives by

GC. HPLC is a suitable method for their determination but

has to be commonly preceded by some preprocessing steps,

derivatization of compounds and post column fluorimetric

labeling [6]. All such steps together with the considerable

consumption of solvents and reagents add to the costs, time
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and complexity of analysis. Generally, GC- and LC-MS

methods are the most powerful for pesticide residue analysis

but the instrumentation is quite costly [7].

Sastry et al. [8] determined carbaryl and carbofuran

indirectly by voltammetry with the use of a glassy-carbon

electrode. The method was based on the electrochemical

activity of the hydrolysis products of the pesticides pro-

duced in an alkaline medium, and PLS was applied for

prediction. However, it was found that difficulties are

encountered when more than two pesticides in a mixture

are analyzed by voltammetry because these compounds can

be easily adsorbed at the surface of a working electrode

resulting in poor repeatability.

Simple spectrophotometric methods have been applied to

determine carbamate pesticides. Sastry and Vijaya [9]

reported a method for spectrophotometric determination of

carbaryl and propoxur in insecticidal formulations, water

and grains, based on the formation of coloured species with

p-aminophenol (PAP), p-N,N-dimethylphenylenediamine

dihydrochloride (DMPD) and 1-amino-2-naphthol-4-sul-

phonic acid (ANSA), respectively. Guiberteau-Cabanillas

et al. [10] also reported a spectrophotometric method to

determine some insecticides (carbaryl, propoxur, fenitro-

thion and methyl parathion) with the use of 3-methyl-2-

benzothiazolinone hydrazone hydrochloride (MBTH) in the

presence of an oxidant (Ce4+ or Fe3+). Additionally, several

rapid spectrophotometric methods incorporating flow injec-

tion analysis (FIA) [11–14] have been used to determine the

carbamate pesticides. However, it is difficult to analyze

these compounds in mixtures by the above conventional

spectrophotometric methods because the respective mole-

cules have similar chemical structures, which produce

seriously overlapping spectra from the pesticide mixtures.

However, it is the mixtures that are commonly found in

practice because it is well known that the effectiveness of

these pesticides improves significantly with the application

of mixtures [15].

The kinetic methodology based on the difference of

reaction rates is an effective way to analyze several analytes

simultaneously [16], and it has been improved with the use of

chemometrics procedures for analysis of results [17–19].

This kinetic approach has been applied for the multicompo-

nent analysis of the carbamate pesticides. Based on the

degradation processes in an alkaline oxidative medium,

Espinosa-Mansilla et al. [20] developed a method of simul-

taneous kinetic determination of chlorpyrifos and carbaryl.

The statistical parameters obtained by the application of PLS

methods at different reaction times were analyzed. The

models constructedwith the use of PLS-1 and PLS-2methods

were applied for the resolution of both pesticides in artificial

samples and in commercial formulations. The concentrations

of these two pesticides to be analysed were in the range of

1.5�10-5 and 4.0�10�4 mol l�1. The relative standard

deviation for artificial samples was 0.6–8.1%, and for

commercial formulations was 1.2–13.2%. Galeano-Diaz et

al. [21] compared with the aid of analysis of variance
(ANOVA) the resolution ability of four chemometrics meth-

ods for the simultaneous determination of carbamate pesti-

cides (carbofuran, carbaryl and phenamifos) in ternary

mixtures after their extraction into chloroform. These

approaches included taking ratios of spectral derivatives,

and multivariate methods (CLS, PCR and PLS), and were

successfully applied for the analysis of spiked river water

samples. It was found that both PLS and PCRwere preferable

because data pretreatment was quite simple and better statis-

tical parameters were obtained as compared with ratios of

spectral derivatives and the CLS method. The concentrations

of the three pesticides in artificial mixtures to be analysed

were in the range of 5.0�10�6 and 1.0�10�5 mol l�1; the

method involved an extraction, and has higher sensitivity

than the method in Ref. [20].

In recent years, multiway and in particular three-way

methods of data analysis have been developed principally

in response to progress in hyphenated detection methods such

as the combined kinetic-spectrophotometric technique in this

work. Three-way data are obtained from various batches,

quality measures and observation times in multivariate pro-

cess analysis [22], but in fact, there are many methods to

construct three-way data such as simultaneous determination

of spectra and pH measurements, excitation–emission spec-

trofluorimetry, combination of chromatograms and spectra as

well as that of reaction kinetics measurements and spectra. Of

these methods, simultaneous determination of metal ions [23]

and pharmaceuticals [24] by spectrophotometric differential

kinetic procedures combined with spectral measurements is a

simple but informative method to obtain three-way data,

which also improves the accuracy of prediction for multi-

component analysis. In the first example [23], analysis of

ternary mixtures of iron, zinc and copper was based on the

displacement reaction of their ethylene glycol-bis(2-amino-

ethyl ether)-N,N,N’,N’-tetraacetic acid (EGTA) complexes

by 4-(2-pyridylazo)resorcinol (PAR). The differential reac-

tion rates and the three-way kinetic spectrophotometric data

were then processed by artificial neural networks (ANN). The

three-way kinetic spectrophotometric method was also ap-

plied for the simultaneous determination of acetaminophen

and phenobarbital, based on their oxidative coupling reaction

with 3-methylbenzothiazolin-2-one hydrazone (MBTH) in

the presence of the Fe(III) oxidant [24]. Three chemometrics

methods, ANN coupled with principal component analysis

(PC-ANN), conventional ANN and PLS, were used to

process the data and the results showed that PC-ANN is the

most efficient of the three methods applied for prediction of

the two analytes. Garcia et al. applied PLS regression for the

simultaneous determination of carbamate pesticides with the

use of kinetic spectrophotometric data [25,26]. However, the

processing methods for the three-way data described above

are general multivariate calibration methods, which facilitate

the transfer of the three-way data into the ‘unfolded’ two-way

data format that is compatible with the models of common

chemometrics methods (e.g. PLS). The concentrations of

pesticides in the synthetic mixtures to be analysed were in
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the range of 3.0 and 9.0 mg l�1 and the LOD was 0.15–0.3

mg l�1. Mathematical critiques [27–29] of this method

suggest that the unfolded data breaks up the structure and

characteristics of the three-way data format with the conse-

quence that some valuable information may be lost and the

model constructed on the basis of the unfolded structure may

not be satisfactory for analysis.

To address this potential problem with the unfolding of

the three-way data, models based on the trilinear decom-

position were developed [30–32], and some advantages,

such as ease of interpretation and good predictive power

of the resulting multivariate calibration methods, e.g. n-

way partial least squares (NPLS) and parallel factor

method (PARAFAC), have been recognized [33,34]. The

NPLS method was applied to differential reaction kinetic-

spectrophotometic data set collected for simultaneous

determination of orthophosphate and arsenate by Petters-

son and Karlberg [35], and no significant difference was

found with respect to prediction ability, between the

NPLS and the unfolded-PLS models. Also, Fernandez et

al. [36] studied the multicomponent kinetic determination

of metal ions with the use of first and second order

multivariate calibration. The developed method provides a

fast and cheap determination of the five metals at sub-

ppm levels, and demonstrates that the use of temporal and

spectral information increases the number of analytes that

could be determined simultaneously, as well as improving

the analytical figures of merit.

In this paper, we present a method for the simulta-

neous determination of the pesticides, carbofuran, isopro-

carb and propoxur in food samples. It is based on

reaction kinetics and spectrophotometry, and results are

interpreted with the aid of chemometrics. The analytical

method relies on the differential rates of coupling reac-

tions between the hydrolyzed products of carbamate

pesticides and 4-aminophenol with the presence of potas-

sium periodate in an alkaline solution. Both kinetic and

spectral data were used to investigate performance of the

analytical method on the basis of predictions of carbamate

concentrations in ternary mixtures obtained from various

RBF-ANN, PARFAC and NPLS calibration models. The

performance of the calibration models was then ranked on

the basis of several different figures of merit with the aid

of the multi-criteria decision making approach, PROME-

THEE and GAIA [37].
2. Theoretical background

2.1. Differential kinetic method for multicomponent analysis

Assume that when n analytes, Mi (i=1, 2,. . ., n) react with
a common reagent R, n coloured products, Pi (i=1, 2,. . ., n)
are obtained. If the concentration of R is much larger than

that of Mi, i.e. cRHcMi, the reaction can be expressed in

terms of pseudo-first order kinetics [38], and the absorbance,
A, expressed as a function of time at a set of wavelengths can

be written as:

Aðk;tÞ¼
Xn
i¼1

cMife p

ði;kÞ½1�expð�kitÞ� þ eði;kÞexpð�kitÞgþeðk;tÞ

ð1Þ

where cMi is the initial concentration of component i, ki is the

rate constant of component i, e(i,k) and ep(i,k) are the molar

absorbance coefficient of component i and its product Pi,

respectively, with unit concentration at wavelength k, and
e(k,t) is the corresponding background.

Eq. (1) can be further simplified to:

Aðk;tÞ ¼
Xn
i¼1

Kði;k;tÞcMi þ eðk;tÞ ð2Þ

where K(i,k,t)=ep(i,k) [1�exp(�kit)]+e(i,k)exp(�kit), which is

constant for a certain component, i, when time and wave-

length are also constant.

If m samples are measured, the absorbance data at p

wavelengths and k time points can be expressed in matrix

form as follows (e(k,t) is omitted here):

A ¼

ðA11
: : :A1pÞ1 ðA11

: : :A1pÞ2 : : : ðA11
: : :A1pÞk

ðA21
: : :A2pÞ1 ðA21

: : :A2pÞ2 : : : ðA21
: : :A2pÞk

] ] ]

ðAm1
: : :AmpÞ1 ðAm1

: : :AmpÞ2 : : : ðAm1
: : :AmpÞk

2
666666664

3
777777775
m�p�k

ð3Þ

then Eq. (2) can be expressed in matrix form:

Am�p�k ¼ Cm�nKn�ðp�kÞ ð4Þ

According to this equation, it is possible to determine the

components i individually by suitable chemometrics meth-

ods, even if there may be some degree of synergism, which

arises from the interaction between the solvent and the

reactants, possible changes in the activity coefficients and/

or changes in the rate constants resulting from catalytic

effects [39].

At a given time point, Eq. (3) reduces to the spectral

form:

A ¼

A11 A12
: : : A1p

A21 A22
: : : A2p

] ] ]

Am1 Am2
: : : Amp

2
666666664

3
777777775
m�p

ð5Þ
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and similarly at a given wavelength, k, Eq. (3) reduces to the
reaction kinetic form:

A ¼

A11 A12
: : : A1k

A21 A22
: : : A2k

] ] ]

Am1 Am2
: : : Amk

2
666666664

3
777777775
m�k

ð6Þ

Thus, Eqs. (3), (5) and (6) provide three possible data

presentations for the building of calibration models with

which to make simultaneous predictions of analytes (in the

case of this work—the carbamate pesticides).

2.2. Chemometrics methods

2.2.1. Artificial neural networks

The kinetic data obtained from experiments were pro-

cessed by artificial neural networks (ANN), which are gen-

erally trained with the back-propagation (BP) of errors

learning algorithm. Its basic theory and application to chem-

ical problems can be found in the literature [40–42]. The

neural network performs a nonlinear interactive fit of data.

The structure of the network comprised of three node layers:

an input, a hidden and an output layer. The nodes in the input

layer transfer the input data to all nodes in the hidden layer.

These nodes calculate a weighted sum of the inputs that is

subsequently subjected to nonlinear transformation:

oj ¼ f

�XI

i¼1

siwij

	
ð7Þ

where si is the input to the node i in the input layer, I is the

number of nodes in the input layer, wij (weights) are the

connections between each node i in the input layer and each

node j in the hidden layer, and f is a nonlinear function—in

this work a sigmoid function:

f ðxÞ ¼ 1

1þ expð�xÞ ð8Þ

The output of the network is a weighted sum of the outputs of

the hidden layer and it is the calculated concentration. During

the training process (i.e. calibration), the weights are itera-

tively calculated in order to minimize the sum of squared

difference between the known concentrations and the calcu-

lated concentrations. The correction of weight Dwij was

defined as follows:

DWijðnÞ ¼ gdjoj þ aDWijðn� 1Þ ð9Þ

where dj is the error term, g is the learning rate, a is the

momentum and n is the iteration number. The iteration would

be finished when the error of prediction reached a minimum.
Among neural networks, the multiplier feed forward

networks with the back-propagation learning algorithm

(i.e. BP-ANN, described above) is the most popular. Re-

cently, a potential alternative approach has been described-

radial basis function-ANN. It offers some advantages over

the BP-ANN by improving the robustness and sensitivity

when dealing with noisy data. The basic theory for RBF-

ANN can be found elsewhere [43–45]. A background

summary of the method is provided here.

RBF networks are a variant of the three-layer feed

forward networks. They also contain a pass-through input

layer, a hidden layer and an output layer. A different

approach for modeling data is used as compared to that

with the BP algorithm; the transfer function in the hidden

layer of RBF is called a kernel or basis function, and thus,

each node in the hidden unit contains a kernel function. The

main difference between the transfer function in the BP

network and the kernel function in RBF network is that the

latter (usually a Gaussian function) defines an ellipsoid in

the input space. RBF networks divide the input space into

hyperspheres by means of the kernel function with specified

width, b, and center, c. The output of a hidden unit, in the

case of a Gaussian kernel function, is defined as:

outputj ¼ ojðxÞ ¼ exp



� ðAx � cjA=bjÞ2

�
ð10Þ

where jx�cjj is the Euclidean distance between the input

vector, x, and cj, the centroid of the Gaussian kernel

function. The parameter bj represents the width of the

Gaussian function. The centroids, cj, and the widths, bj, of

all the hidden units together define the so-called activation

space, where the Gaussian function has a value larger than a

given threshold value. The output of these hidden nodes, oi,

is then forwarded to all output nodes through weighted

connections. The output yi of these nodes consists of a linear

combination of the kernel function:

yj ¼
Xn
i¼1

wjioiðxÞ ð11Þ

where wji represents the weights of the connections between

the hidden layer i and output layer j, and oj(x) is obtained

from Eq. (10).

2.2.2. Chemometrics for three-way data

A straightforward approach to three-way data decompo-

sition, which avoids some of the inherent problems of three-

way analysis, is to unfold the three-way data array into a

two-way array, i.e. a rectangular data table, which can be

processed according to the methods of general chemomet-

rics, such as BP-ANN, RBF-ANN, PLS, etc. The operation

of unfolding can be linked to spreading out of a stack of

continuous forms. However, the unfolding of a three-way



Fig. 1. Methods for decomposition of three-way data. (a) Spectra at time point, k; (b) kinetic spectra at wavelength, p; (c) unfolding method; (d) PARAFAC

method and (e) NPLS method.
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data array can be carried out in two different ways as shown

in Fig. 1. Theoretically, an m�p�k array will give rise to an

(m�p)�k or (m�k)�p rectangular data table. Application of

chemometrics methods to each of these two unfoldings will

generally produce a different result. In particular, one

obtains two different biplots for one and the same three-

way table, which may be undesirable.

The decomposition of a three-way matrix A can also be

defined by means of the parallel factor analysis (PAR-

AFAC) model in terms of three two-way loading matrices

(one for each mode) D, B and C [46–49]:

Ampk ¼
Xf
f¼1

dmf bpf ckf þ empk

ðm ¼ 1; 2; . . . ;m; p ¼ 1; 2; . . . ; p; k ¼ 1; 2; . . . ; kÞ ð12Þ

where empk represents a residual error term. This decom-

position is also referred to as the trilinear model. The
m�p�k three-way matrix A is decomposed into the size

of m�f, p�f and k�f loading matrices D, B and C for

the row-, column- and layer-items of A, respectively. In

the PARAFAC model, the three loading matrices D, B

and C are not necessarily orthogonal [30]. However, the

solution of the PARAFAC model is unique and does not

suffer from the indeterminacy that arises in principal

components and factor analysis in the unfolding method.

The number of factors in each mode is identical. This

number is chosen to be much smaller than the original

number of dimensions of the data matrix in order to

achieve a considerable reduction of the data. The ele-

ments of the loading matrices D, B and C are computed

so as to minimize the sum of the squared residuals.

The trilinear PLS algorithms are straightforward exten-

sions of the PLS algorithm [50]. For the trilinear PLS

regression, PARAFAC-like trilinear structure of the inde-

pendent data is used. However, the trilinear components

are calculated such that the scores are predictive for the

dependent variables as in ordinary two-way regression.

Successful applications can be found in Refs. [51,52].
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2.2.3. Ranking with the use of PROMETHEE and GAIA

It is often necessary to decide the preferred order or rank

of objects. This is relatively simple if only one characteriz-

ing variable is involved but when many variables need to be

considered then multi-criteria (or variable) decision-making

approach is required. In the present work, the performance

of several chemometrics methods has been characterized by

their figures of merit (%RPE and %Recovery) in predicting

the three carbamate pesticides from their mixtures. Because

there are only 10 chemometrics methods in the data matrix,

a nonparametric method capable of multivariate ranking

would be preferred to facilitate the comparison of method

performance. Such a suitable chemometrics method is out-

lined below.

PROMETHEE (Preference Ranking Organization ME-

THod for Enrichment Evaluation) and GAIA (Geometrical

Analysis for Interactive Aid) developed by Brans (PROM-

CALC, version 3.1) [53] is a nonparametric multi-criteria

decision-making method that has been fully described by

Keller et al. [37], and sparingly applied to analytical

problems, e.g. the ranking of varieties of rice [54] and

the performance of organotin (IV) compounds as fungi-

cides [55]. Here we provide a summary of this method.

PROMETHEE is a multivariate procedure that facilitates

the ranking or ordering of a number of actions or objects (in

this work, the chemometrics methods) according to prefer-

ence and weighting conditions selected by the user. It

compares the data for each criterion or variable pairwise

by subtraction in all possible combinations, resulting in a

difference, d, for each comparison. The first step of the

procedure is to define a preference function for each

criterion in the d-matrix. The linear model shown below is

one of several that can be applied:

PðA; BÞ ¼ 1 for dVz

PðA; BÞ ¼ d=z for 0zd > z

PðA; BÞ ¼ 0 for d > 0 ð13Þ

P(A, B) characterizes the preference of object A over B.

This means there is also a P(B, A) describing the prefer-

ence of B over A. The difference value, d, is then

compared to a threshold, z, which is chosen according to

experimental conditions. Then, the Pi(A, B) values for the

m criteria are summed for each pair of objects A, B and B,

A. The sum can be weighted such that sum over all m

criteria is 1. Also, each variable was set to ‘minimize’, i.e.

the objects were ranked bottom–up with the smallest

values being preferred.

j ðA; BÞ ¼
Xm
j¼1

wjPjðA; BÞ ð14Þ
where P is called the ‘global preference index’, and

Xm
j¼1

wj ¼ 1 ð15Þ

The preference selection process for the objects is

refined by computing the u+ and u� outranking flows

from the summed P indices. The first indicates how an

object is preferred over others, and the second reflects

how an object is outranked by others. The outranking

flows are then used to compare the objects according to

the following rules: (1) one action is preferred to another,

(2) there is no difference between actions, (3) actions

cannot be compared. Such a process produces a partial

rank order for the actions (PROMETHEE I), which is

displayed in a flow chart. PROMETHEE I order can be a

very useful tool to indicate objects, which perform

equally well but on different variables. A normal rank

order, which excludes condition 3, may be obtained from

the net out ranking flow value, u, for each action. The

value of u is defined by the equation:

u ¼ uþ � u� ð16Þ

where u+ and u� are the positive and negative out-

ranking flows. This is known as the PROMETHEE II

ranking.

GAIA is an exploratory procedure, which displays

PROMETHEE II results in the form of a PCA biplot. The

data matrix arises from a mathematical decomposition of the

net outranking flows, such that the actions may be regarded

as objects and the criteria as variables [37]. The biplot

indicates relationships between objects, variables as well as

objects and variables. This can often provide guidance to

decide which variables have been responsible for the

PROMETHEE II rank order.
3. Experimental

3.1. Apparatus

Spectra were measured at 25F0.5 jC on a UV-

2501PC spectrophotometer (Shimadzu), equipped with a

water TB-85 thermostat (Shimadzu). The pH of the

solution was measured with a pH meter (SA-720, Orion).

The obtained spectral data were recorded and processed

by Pentium IV computer with programs written in MAT-

LAB 5.3 (Mathworks).

3.2. Solution and reagents

All solutions were prepared with analytical grade

reagents, and doubly distilled water was used throughout.

Stock solutions of carbofuran, isoprocarb and propoxur



Fig. 2. Spectra of carbofuran (1.428 mg l�1), isoprocarb (1.428 mg l�1),

and propoxur (1.428 mg l�1). t=515 s, T=25 jC, c4-PAP=50 mg l�1,

cKIO4=3.75�10�3 mol l�1, cNaOH=7.14�10�3 mol l�1.
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(100.0 mg l�1) were prepared by dissolving each of the

required crystalline compounds in 10-ml ethanol and

diluted to 100-ml distilled water. Standard solutions of

these pesticides or their mixtures were then diluted to

the selected concentrations in 10-ml volumetric flasks

for practical use. A p-aminophenol (4-PAP) solution of

0.70 mg ml�1 was prepared by dissolving 0.0125-g 4-

PAP in 10 ml of ethanol and transferred into a 25-ml

volumetric flask, then diluted to the mark with boiled and

cooled water. Note that the 4-PAP solution was freshly

prepared everyday because it was easily oxidized on

standing. A 0.05 mol l�1 potassium periodate (KIO4)

solution, and 0.05 and 1.5 mol l�1 sodium hydroxide

(NaOH) solutions were prepared by taking suitable

weight aliquots of the reagents and dissolving them in

distilled water, respectively.

3.3. General procedure

Appropriate amounts of the standard solution of carba-

mate pesticides and 50 Al of 1.5 mol l�1 sodium hydroxide

were pipetted into a 10-ml volumetric flask, and after

allowing 20 min for hydrolysis, the solution was made up

to the mark with distilled water, and was ready for further

use. Such analyte mixtures and other necessary reagents

were added directly to a 10-mm cell with the use of

micropipettes. Taking into account that the total useful

volume was 2.8 ml, 1.0 ml of 0.05 mol l�1 sodium

hydroxide and 1.0 ml of doubly distilled water were added

to the cell, respectively; this was followed by 0.2 ml of

potassium periodate solution and 0.4 ml of the standard

solution of hydrolyzed carbamate pesticide (or a mixture of

the compounds) to give a volume of 2.6 ml, and finally, 0.2

ml of 0.7 mg ml�1 4-PAP solution was micropipetted to

give a total volume of 2.8 ml. The mixture was then stirred

as rapidly as possible by a hand-controlled micro-stirrer

while the timer was started. The absorbance data of this

solution were measured and recorded against a blank

solution in the range of 510–710 nm every 25 s between

15 and 515 s. In total, 21 spectra were obtained from a

solution and from such measurements, the kinetic-spectral

data could be arranged into the three-way data matrix.

3.4. Procedure for the determination of carbamate

pesticides in food samples

Samples of commercial vegetables and fruit were ho-

mogenized in a blender; then 10.0 g of this sample was

transferred into a 100-ml Erlenmeyer flask (with a screw

cap), and 20 ml of dichloromethane (CH2Cl2) was added.

Because the concentration of pesticides in vegetable sam-

ples is too low for direct detection, 2.0 ml of each of the

standard solutions of the pesticides was added by pipetting.

Additionally, 5.0-g anhydrous sodium sulfate (Na2SO4)

was placed into the flask to absorb the water in the

sample. The sample was then mixed and stored overnight.
The mixture was shaken in a laboratory shaker for 30 min

(Model HY-4 oscillator), and filtered on a Buchner funnel;

the residue in the funnel was further washed with 5 ml of

dichloromethane. The filtrate was treated and separated

with hexane–acetonitrile (1:1) in a separation funnel; the

carbamates were extracted into the acetonitrile phase

because of their higher polarity, while the colorants and

some impurities were extracted into the hexane phase. The

acetonitrile phase was treated twice with hexane to extract

any residual impurities, and the acetonitrile phase, collect-

ed in an evaporating dish, was evaporated to near dryness.

Finally, the residue in the evaporating dish was dissolved

with ethanol and transferred into a 10-ml volumetric flask

and diluted to the mark with 50% ethanol.
4. Results and discussion

4.1. Spectra and reaction kinetics

Spectra of the coloured products obtained from the

reaction of the hydrolyzed pesticides with 4-PAP under

the conditions described in Section 3.3 were measured in

the range of 510–710 nm after 515 s of reaction (Fig. 2).

They are broad, single bands with absorption maxima at

642, 614 and 606 nm. However, the spectra of the individual

pesticides clearly overlap, which complicates the analysis of

the spectral output from their mixtures. Kinetic curves of

carbofuran, isoprocarb and propoxur were plotted taking the

readings at the absorption maxima (Fig. 3). It is clear from

these plots that the reaction rates of propoxur and isoprocarb

are higher than that of carbofuran, and the reactions of the

first two pesticides are almost complete within 515 s. Thus,

differential kinetic rates may be useful for resolving a

mixture of carbamate pesticides with the use of chemo-

metrics methods.



Table 1

Formulae and kinetic rate constants of the three carbamate pesticides

Fig. 3. Plot of absorbance vs. time for carbofuran, isoprocarb, and propoxur.

Absorbances were measured at 642, 614 and 606 nm, respectively.

Experimental conditions are the same as Fig. 2.
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According to the pseudo-first order reaction model,

the rate constant for each carbamate pesticide can be

estimated by fitting the kinetic data obtained from several

known single component samples to the equation of

A=a0+a1exp(�kt) by a suitable regression method [56].

Estimates of the three rate constants for the hydrolyzed

pesticide with 4-PAP obtained in this manner are presented

in Table 1. There are only small differences between the

three values, especially for propoxur and isoprocarb, and

this is consistent with the molecular nature of the products

of these reactions. The molecules are structurally similar,

and have similar electron delocalisation; the ratio of the

rate constants for propoxur to isoprocarb is only 1.17, and

it is difficult to use a classical differential kinetic method,

such as logarithmic extrapolation [57] and linear graphing

[58], to resolve this mixture.

4.2. Chemical reaction mechanism and the choice of

hydrolysis time

In an alkaline and oxidative medium, 4-PAP will react

with a phenolate ion, which is unsubstituted in the p-

position, resulting in the formation of a benzoquinoneanil.

In general, according to the reaction scheme (Fig. 4), p-

aminophenol undergoes oxidation in the presence of

potassium periodate forming a highly reactive electrophil-

ic reagent, which can attack the most nucleophilic site on

a benzene ring [59]. The position of such a site is

influenced by the nature and location of the ring sub-

stituents; if the functional group is o-or p-directing, a

coupling reaction will occur. In the case of the carbamate

molecules, the benzene ring (Table 1) has no suitable o-

or p-activating groups, and no reaction can occur with the

4-PAP molecule. However, when hydrolyzed in an alka-

line medium, the products of the carbamates react with 4-

PAP (Fig. 4) to yield coloured compounds. As shown in

Fig. 3, progress of the hydrolysis of the carbamates
indicates that the reaction is almost complete within

approximately 515 s; when the absorbance was checked

after further hydrolysis up to 20 min, little change was

noted from the values measured at 515 s. Thus, this

observation confirms that the hydrolysis reaction is es-

sentially complete at 515 s.

4.3. Effect of the NaOH concentration

The oxidative coupling reaction between the hydrolysis

products of carbofuran, isoprocarb and propoxur and 4-PAP

requires an alkaline medium (NaOH) for its development. In

order to study the effect of the NaOH concentration ([NaOH]

range: 7.15�10�3 to 7.14�10�2 mol l�1) on sensitivity and

kinetic behaviour of the reaction, repeat spectral scans were

collected at 50 s intervals in a given NaOH solution. As

shown in Fig. 5, the absorbance increased with increasing

concentration of NaOH in the low concentration range (<0.02

mol l�1) with little apparent change thereafter; the kinetic

results were very similar across the whole range of NaOH

concentrations. Thus, 1.79�10�2 mol l�1 of NaOH (in the

cuvette) was chosen on the basis of favorable spectral

sensitivity and minimal amount of NaOH.

4.4. Effect of the 4-PAP concentration

The amount of 4-PAP has to be in reasonable excess to

maintain a pseudo-first order reaction. However, 4-PAP can

be easily oxidized by oxygen in air. In order to find the

optimal concentration of 4-PAP, the effect of its concentra-

tion on the reaction was studied in the range 3.57–57.14 Ag
ml�1. As can be seen in Fig. 6, the concentration of 4-PAP

strongly affects the spectral sensitivity and kinetic behaviour

of all three compounds. The absorbance increases quickly

with the increasing concentration of 4-PAP up to 40 Ag ml�1

for each of the three compounds, and especially for carbo-

furan, the reaction rate of which as a function of 4-PAP



Fig. 4. Mechanism of the coupling reaction of 4-PAP with carbamate pesticides.
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concentration was almost linear over the interval studied. It

was also noted from Fig. 6 that the blank increased with

increasing amount of 4-PAP, and therefore, to minimize this

effect, 50 Ag ml�1 (in the cuvette) of 4-PAP was chosen as a

suitable concentration for analysis. However, the increase of

4-PAP concentration still had a significant effect on the

kinetic behaviour of the carbamates with concentrations

above 50 Ag ml�1 (Fig. 6).

4.5. Effect of KIO4 concentration

The 4-PAP molecule has to be oxidized to react with the

hydrolysates of the carbamate in order to produce the

coloured product suitable for spectrophotometric analysis.
Fig. 5. Three-way plot of absorbance of each carbamate pesticide vs. time a
Potassium periodate, KIO4, was used for this purpose in this

work, and, consequently, it was necessary to select a suitable

concentration of this reagent. The concentration range of

KIO4 was between 1.79�10�4 and 5.36�10�3 mol l�1, and

the dependence of the reaction on the concentration of KIO4

is shown in Fig. 7. A relatively high reaction rate is

observed with the increasing concentration of KIO4. It is

also known that some unreacted 4-PAP gives coloured

products itself in an alkaline medium, and will increase

the absorbance background [59]. Such products are rapidly

oxidized by KIO4 to colorless compounds, and there is no

interference. Considering all of the above, 5.36�10�3 mol

l�1 of KIO4 (in the cell) was selected as an appropriate

concentration of the oxidant.
nd concentration of NaOH. Experimental conditions are as in Fig. 2.



Fig. 7. Three-way plot of absorbance of each carbamate pesticide vs. time and concentration of KIO4. Experimental conditions are as in Fig. 2.

Fig. 6. Three-way plot of absorbance of each carbamate pesticide vs. time and concentration of 4-PAP. Experimental conditions are as in Fig. 2.

Y. Ni et al. / Chemometrics and Intelligent Laboratory Systems 71 (2004) 177–193186



Table 2

Parameters of the linear calibration equations for carbamate pesticides

(t=515 s)

Parameter CAR ISO PRO

Number of samples (n) 8 7 8

Linear range (mg l�1) 0.857–11.4 0.571–7.14 0.571–10.0

Correlation coefficient 0.9997 0.9997 0.9999

Intercept (�10�3) �15.7 �4.3 �2.6

Slope (l mg�1) 0.072 0.117 0.0921

sI (�10�3)a 4.1 3.2 2.8

ss (�10�4)a 6.59 7.98 5.39

LOD (mg l�1)a 0.26 0.12 0.15

a sI, ss and LOD are the standard deviation of the intercept, the standard

of deviation of the slope and the detection limits, respectively. They were

calculated according to Miller’s method [60].
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4.6. Calibration models for single component analysis

The kinetic curves (Fig. 8) were obtained at the analytical

wavelengths 642, 614 and 606 nm for different concentra-

tions of carbofuran, isoprocarb and propoxur, respectively,

under conditions discussed in the previous sections above.

The linear calibration models and their relative parameters

were established at the selected time point (t=515 s), and

Table 2 summarizes the results for the analysis of each

pesticide. The correlation coefficients suggest good linearity

over the concentration range of about 0.6–10.0 mg l�1 (i.e.

3.0�10�6–5.0�10�5 mol l�1, on the basis of the mean

molecular weight of the pesticidesf 200), which is margin-

ally better than that achieved in Ref. [20] and a significant

improvement than on the ranges quoted in Refs. [21,25].

4.7. Interferences

Various organic pesticides which may be present in

vegetable samples were tested for interference during the

kinetic-spectrophotometric measurements under the same

experimental conditions. It was found that organophospho-

rus pesticides such as parathion-methyl, acephate, isocarbo-

phos, coemaphos and methamidophos do not interfere with

the carbamate analysis because they do not react with 4-
Fig. 8. Kinetic spectra of each pesticide with different concentrations (mg l�1). cC
0.857, 1.428, 2.857, 4.286, 5.714 and 7.143; cPRO=0.571, 0.857, 1.428, 2.857, 4
PAP. For the same reason, the organochloride pesticides

(such as a-, h-, g- and y-hexachlorocyclohexane) and some

carbamate pesticides (for example benthiocarb) also do not

interfere with the kinetic measurements.

4.8. Prediction of carbamate pesticides in a synthetic

mixture

In this work, the quantitative analysis of mixtures of

carbofuran, isoprocarb and propoxur was investigated
AR=0.857, 1.428, 2.857, 4.286, 5.714, 7.143, 8.571 and 11.428; cISO=0.571,

.286, 5.714, 7.143 and 10.00.



Table 4

Composition of the validation set

Sample Concentration (mg l�1)

CAR ISO PRO

1 1.14 1.14 1.14

2 1.14 2.85 2.85

3 1.14 4.85 4.85

4 1.14 6.28 6.28

5 2.85 0.857 2.85

6 2.85 2.85 0.857

7 2.28 4.85 6.28

8 2.28 6.28 4.85

9 4.00 0.857 4.85

10 4.00 2.85 4.28

11 4.00 4.85 0.857

12 4.00 6.28 2.85

13 5.71 0.857 6.28

14 5.71 2.85 4.85

15 5.71 4.85 2.85

16 5.71 6.18 0.857
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with the use of several different types of chemometrics

models in order to study their effect on the prediction of

individual pesticides found in synthetic and real pesticide

mixtures.

4.8.1. Calibration and validation of the analytical method

In order to extract maximum quantitative information

about the samples with the use of minimum experimental

trials, the orthogonal array design was applied for the

construction of the set of calibration samples [61–65].

Table 3 shows the composition of the calibration samples,

which were designed according to a four-level orthogonal

array design denoted by OA16(4
5). The concentration

levels for the carbamate pesticides were: carbofuran,

0.857, 2.85, 4.57 and 6.28 mg l�1; isoprocarb, 0.571,

2.28, 4.28 and 5.71 mg l�1; and propoxur, 0.571, 2.28,

4.28 and 5.71 mg l�1. These levels of pesticides were

selected to allow for a wide distribution of concentrations,

which will also cover the range of levels found in real

samples. The 16 ternary synthetic mixtures of carbamate

pesticides shown in Table 4 were prepared and were used

to validate the different chemometrics models.

4.8.2. Comparison of various calibration models

Calibration mixtures of the carbamate pesticides were

analyzed and the three-way data were obtained by the

experimental procedure described in Section 2.1. From this

matrix, the kinetic data at a selected wavelength, spectral

data at a selected time point, and the unfolded kinetic-

spectral data were extracted, and processed for calibration

by the global RBF-ANN method, i.e. all the components

were simultaneously trained to establish the neural network

model. Sixteen ternary synthetic mixtures of the three

carbamate compounds were analyzed by the proposed

kinetic analytical method and global RBF-ANN. The

relative prediction errors (RPE) [66] obtained from each
Table 3

Composition of the calibration set

Sample Concentration (mg l�1)

CAR ISO PRO

1 0.857 0.571 0.571

2 0.857 2.28 2.28

3 0.857 4.28 4.28

4 0.857 5.71 5.71

5 2.85 0.571 2.28

6 2.85 2.28 0.571

7 2.85 4.28 5.71

8 2.85 5.71 4.28

9 4.57 0.571 4.28

10 4.57 2.28 5.71

11 4.57 4.28 0.571

12 4.57 5.71 2.28

13 6.28 0.571 5.71

14 6.28 2.28 4.28

15 6.28 4.28 2.28

16 6.28 5.71 0.571
method are listed in Table 5a (important model parameters

are noted as footnotes to Tables 5a and 5b). As can be

seen from the comparison of the figures of merit in the

table, the unfolded URBF-ANN method (without any data

pretreatment) gives much better results than the other two

because the unfolded kinetic-spectral data contain much

more information than the kinetic or spectral data sets

individually.

It is important to select a suitable method for preprocess-

ing the measured data in order to improve the prediction

accuracy of RBF-ANN. In this work, several preprocessing

methods such as normalization [67], taking derivatives, and

compressing data into scores with the use of PCA were

employed to investigate their effect on the %RPE and

Recovery. The results listed in Table 5b indicate that the

RBF-ANN models, developed with unfolded data prepro-

cessed by normalization only, gave the best %RPE and

Recovery results (RPET=3.2%; good and consistent Recov-

eries) followed closely by the method which included the
Table 5a

Comparison of %RPE and %Recovery for the global RBF-ANN methodsa

Methods RPES for carbamate pesticides RPET

CAR ISO PRO

URBF-ANNb 2.9(98)c 5.2(105) 7.4(88) 5.7

SRBF-ANNd 20.3(70) 16.2(107) 15.7(102) 17.3

KRBF-ANNe 20.6(137) 34.3(107) 41.4(132) 34.7

a Original raw data matrix without any pretreatment was used for all the

three RBF-ANN methods. The number of nodes in the hidden layer and the

spread coefficient (sc) for all the three methods were 10 and 556,

respectively.
b Unfolded (U) three-way data matrix (as in Eq. (3)) was used.
c The values in parentheses correspond to the mean recoveries (%).

Recoveryð%Þ ¼ 100�
Pn

i¼1 ðciðpredÞ=ciðrealÞÞ=n , where n is the number of

samples.
d Only spectral (S) data matrix (as in Eq. (5)) was used.
e Only kinetic (K) data matrix (as in Eq. (6)) was used.



Table 5b

Comparison of %RPE and %Recovery values for different chemometrics

methodsa

Methods %RPES for carbamate pesticides %RPET

CAR ISO PRO

RBF-ANNb 2.4(102)c 3.3(97) 3.7(97) 3.2

PC-RBF-ANNd 3.6(99) 3.3(98) 4.4(105) 3.8

URBF-ANNe 2.9(98) 5.2(105) 7.4(88) 5.7

DRBF-ANNf 15(126) 8.8(84) 7.6(113) 10

NPLS1g 3.3(100) 7.4(107) 7.8(88) 6.7

NPLS2h 3.2(102) 14(122) 5.6(105) 9.3

PARAFACi 3.6(103) 18(132) 4.4(109) 11

BP-ANNj 6.8(109) 8.9(98) 12(82) 10

a Three-way data matrix (as in Eq. (3)) was used for all chemometrics

methods.
b Data pretreatment with normalization. The number of nodes in the

hidden layer and the spread coefficient (sc) were 10 and 1400, respectively.
c As e in Table 5a.
d Data pretreatment: as above in (b), and then the resulting matrix was

submitted to PCA. The extracted scores were used as data for the neural

network training. The number of nodes in the hidden layer and the spread

coefficient (sc) were 10 and 910, respectively.
e Original raw data matrix without any pretreatment was used.
f Original data matrix was converted to derivatives, and this new matrix

was submitted to RBF-ANN processing. The number of nodes in the hidden

layer and the spread coefficient (sc) were 8 and 2800, respectively.
g The number of factors used in calibration models for carbofuran,

isoprocarb and propoxur were 8, 8 and 6, respectively.
h The number of factors used was 14.
i The number of factors used was 6.
j The parameters of learning rate, momentum and nodes in the hidden

layer were 0.01, 0.7 and 6, respectively.
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PCA preprocessing step. Both of these approaches per-

formed better than the method involving the unfolded

matrix without any pretreatment. The matrix consisting of

spectral derivatives as objects performed less satisfactorily

(e.g. RPET=10% and poorer, less consistent Recoveries)

when submitted to the RBF-ANN than the previous cases,

suggesting that taking derivatives as a pretreatment by itself

is insufficient to lower RPES and improve Recoveries

significantly. In addition, one of the drawbacks of conver-

sion to derivatives is the possible increase in noise; this

could also have contributed to the poorer values for the

figures of merit.
Fig. 9. PROMETHEE I partial ranki
The other calibration methods in Table 5b are based on

the trilinear decomposition approach. These methods use

the signal matrix without unfolding, and thus reflect the

raw three-way data structure. In this work, NPLS and

PARAFAC are representative of such methodology and

were applied directly to decompose and calibrate the

kinetic-spectral three way data against the concentration

matrix. The %RPE and Recovery values (Table 5b) are

compared with the methodologies already considered as

well as with BP-ANN, which is arguably the most com-

monly used ANN method in analytical chemistry. The

results show that the NPLS models give better RPE, and

the rate of data processing is faster than with PARAFAC

and BP-ANN. On the other hand, NPLS1 calibration

model gives a somewhat better result than NPLS2. This

actually reflects the common finding with PLS modeling in

general with predictions from PLS2 treatment being often

somewhat worse than those from the corresponding PLS1

models. Additionally, none of the trilinear methods have

outperformed the first three noted in Table 5b, all of which

have RPE values of <6% as well as reasonable and

consistent recoveries, particularly for the first two models,

RBF-ANN and PC-RBF-ANN.

4.8.3. Ranking the performance of the chemometrics

methods—application of PROMETHEE and GAIA

The data matrix consisted of 10 chemometrics methods

as objects or actions, and each was rated on seven criteria

(the 3�RPES (E), the 3�mean Recoveries (R) and the

RPET). The 10 chemometrics methods with and without

pretreatment (see Tables 5a and 5b) were ranked according

to the PROMETHEE. The Recovery values were trans-

formed by the expression jR-100j, i.e. the absolute value

for the difference between the measured and the ideal target

of 100% was calculated. Each of the seven criteria was set to

minimize implying that the preferred performance occurs

when the precision and jR-100j values tend to zero. A linear

model was selected as the preference function (Eq. (13),

Section 2.2.3) for the criteria.

Selection of the normalizing z value in this model for each

criterion is important. For z values for the RPE variables, we
ng of chemometrics methods.
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referred to the well known Horwitz’s Trumpet curve (HTC)

as a guide. Given the concentration range of analytes in this

work (several mg/kg), we chose precision values at some-

what tighter levels than that suggested by the intra-laboratory

HTC reference (fF10%). We estimate the RPES precision

at F5%, and the RPET at F8%; in general, the commonly

acceptable Recovery values fall in the F5–15% range—we

chose a value of F6%.

The results of PROMETHEE I partial ranking for the

data set are shown in Fig. 9. The best performing methods

are on the left side of the diagram, i.e. RBF-ANN, PC-RBF-

ANN and URBF-ANN. The RBF-ANN with only spectral

or kinetic data (i.e. SRBF-ANN and KRBF-ANN) fill the

last two places. The PROMETHEE I method shows a rank

order for the chemometrics methods as: RBF-ANN>PC-

RBF-ANN>URBF-ANN>NPLS1>NPLS2>(PARAFAC,

BP-ANN)>DBRF-ANN>SRBF-ANN>KRBF-ANN. The

PROMETHEE II full ranking method offered quantitatively

little extra information. The calculated ranking values of u
in Eq. (16) are 0.64, 0.58, 0.32, 0.22, 0.08, �0.06, �0.16,

�0.22, �0.52 and �0.89 for RBF-ANN, PC-RBF-ANN,

URBF-ANN, NPLS1, NPLS2, PARAFAC, BP-ANN,

DRBF-ANN, SRBF-ANN and KRBF-ANN, respectively.

The methods follow more or less the discussion in the

previous Section 4.8.2 but of interest is the pairing of the

PARAFAC and the BP-ANN being classified in Section

2.2.3 under rule 3 as methods that cannot be compared.

The performance of some of the chemometrics methods

in this study can be compared with that in our similar recent

investigations [68–70]. The first of these [68] involved a
Fig. 10. GAIA biplot for the chemometrics methods. Symbols E and R attache
kinetic-spectrophotometric determination of reducing sugars

in ternary mixtures; the second [69] was concerned with the

spectrophotometric prediction of five metals ions commonly

found in electroplating baths; and the third [70] described

the application of stripping voltammetry for the prediction

of organophosphorus pesticides in ternary mixtures. In each

case the performance of a chemometrics method was

assessed on the basis of %RPET (or in the case of Ref.

[69], by the global mean relative error of prediction

(RPEM)) and %Recovery. The RBF-ANN method was the

best performing method on the basis of the RPE estimates in

all these three studies with values typically falling into the

range of 7–8%. Thus, in the present study the performance

of the two leading methods, RBF- and PC-RBF-ANN,

echoes and improves on the previous findings with %RPET

values of about 3–4, respectively. With regards to %Re-

covery, in most studies, especially with the kinetic spectro-

photometric determination of ternary reducing sugars [68],

the performance is high, and recoveries are typically over a

range of 95–110% with quite consistent sets of %RPES

values for the individual analytes. This contrasts to the

%Recovery sets with rather scattered values for many other

methods, e.g. PLS/PCR typical ranges—103–125 [70] and

85–110 [68], and in extreme cases CLS with ranges of 46–

155 [68], and 75–103 [70]. It is noted that %Recovery from

the RBF-ANN results for the analysis of the reducing sugars

is about 97, and is similar in values and the quite narrow

range to that is found in the present work (97–105). It

useful to observe that the more common BP-ANN method-

ology generally performs moderately well but has rather
d to the criteria labels refer to the RPES and %Recoveries, respectively.
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poorer %RPET values, e.g. 15 [68], and inconsistent %Re-

covery ranges, e.g. a tight set of values averaging 97 [68],

contrasting with the rather wide range of 82–109 in this

work. Finally, it has been observed that spectral derivative

pretreatment can be sometimes beneficial for the perfor-

mance of a method; a singularly emphatic example was

found in the performance of the CLS method [68], with

%RPET (62) and %Recovery range (46–155) improving

after derivative data matrix pretreatment to %RPET (8) and a

%Recovery range of 92–104. Thus, this current assessment

of performance of the chemometrics methods indicates that

RBF-ANN procedure is consistently outperforming the

common prediction methods such as PLS and PCR as well

as the BP-ANN on the basis of figures-of-merit criteria

obtained from analysis of different organic and inorganic

analytes with the use of hyphenated and simple spectropho-

tometric as well as voltammetric techniques.

GAIA-PCA biplot (Fig. 10) was used to investigate any

relationships between the chemometrics methods and the

ranking criteria. Only three PCs were needed to account for

about 95% of data variance. Projection of objects on to PC1

closely reflected the ranking by PROMETHEE I. Projection

of loading vectors on PC1 shows that positive loadings

responsible for the discrimination of the better performing

methods include all the seven criteria. The poorer performing

ANNmethods (including KRBF-ANN, SRBF-ANN, DRBF-

ANN and BP-ANN) have negative scores. PC2 essentially

discriminates BP-ANN (positive scores) from PARAFAC

and NPLS2 (negative scores) methods. The criteria, ISOR,

and to a lesser extent ISOE have significant positive loadings

on PC2, and are principally responsible for the separation of

BP-ANN from the other two objects since the other five

criteria have relatively small loadings on the same PC. It is

noted that in Table 5b the ISOR %Recovery values for

PARAFAC and NPLS2 are 132 and 122, respectively, as

compared to a good value of 98 for BP-ANN; the poor values

for %RPET of the former two methods also stand out.

Thus, in summary the PROMETHEE I and GAIA

analysis indicates that in addition to the particularly well

performing chemometrics methods RBF-ANN and PC-

RBF-ANN, URBF-ANN and NPLS1 should be regarded

as adequate alternatives for the determination of carbamate

pesticides by the described kinetic spectrophotometric

method.
Table 6

Determination of three carbamate pesticides in commercial vegetable samples by

Sampleb Found (Ag g�1) Added (Ag g�1)

CAR ISO PRO CAR ISO

Apples Ndc 2.51 1.59 10.0 10.0

Lettuce Nd 2.75 0.86 10.0 10.0

Chinese cabbage Nd 4.02 1.19 10.0 10.0

Tomato Nd 4.02 0.99 10.0 10.0

a Unfolded data matrix was used, and the parameters used for RBF-ANN we
b All the samples were obtained from a supermarket in Nanchang.
c Not detected.
4.9. Application to food samples

The proposed kinetic-spectrophotometric method was

applied for the determination of the three carbamate pesti-

cides from fruit and vegetable samples such as apples,

lettuce, Chinese cabbage and tomatoes. Since the RBF-

ANN method with unfolding and data pretreatment (nor-

malization) gave the best prediction results, it was the

method applied for the determination of the pesticides in

real samples. The analytical results obtained by this method

are summarized in Table 6, in which the recoveries obtained

by standard additions to each sample are listed and com-

pared with the results obtained before and after adding them

to sample. No carbofuran was found in any of the food

samples, and RBF-ANN with unfolded data gives satisfac-

tory results, with %Recovery values that are generally in the

range of 92–109 with only two samples outside the upper

threshold.
5. Conclusion

In this paper, we have investigated the chemistry, ana-

lytical methodology and the chemometrics interpretation of

results for the determination of carbofuran, isoprocarb and

propoxur carbamate pesticides in food samples by the

kinetics-spectrophotometric method employing the coloured

coupling reaction of the alkaline hydrolysis products of the

carbamates with p-aminophenol (PAP).

After studying the important chemical variables such as

the reaction time and concentration effects of the alkali, the

4-PAP reagent and the potassium periodate oxidant, as well

as the spectro-kinetic issues, a method of analysis was

proposed and tested satisfactorily for the analysis of the

individual carbamates. The LOD was found to be in the

range of 0.1–0.3 mg l�1, which compares well with LOD

from previous work (0.15–0.3 mg l�1 [25]). In addition, we

showed that many other commonly found organophospho-

rus and organochloro pesticides do not interfere with the

analysis because they essentially do not react with the

coupling reagent 4-PAP.

However, in field practice the pesticides are applied as

a mixture, and, consequently, the methodology required

for the simultaneous determination of the pesticides was
the RBF-ANN methoda

Found (Ag g�1) Recovery (%)

PRO CAR ISO PRO CAR ISO PRO

8.0 10.1 14.6 9.8 101 120 103

8.0 10.7 14.2 8.2 107 115 92

8.0 10.1 13.2 9.1 101 92 98

8.0 10.0 13.5 9.8 100 96 109

re as in Tables 5a and 5b.
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investigated. In this context, the data from the hyphenated

kinetic-spectrophotometric technique may be processed by

either three-way data unfolding or decomposition by

trilinear modeling. Both methodologies were applied in

this study—the first in conjunction with a number of

different RBF-ANN models and the second with the

PARAFAC and the NPLS procedures. In addition, spectral

and kinetic data matrices were studied separately, and

some common pretreatments of the data matrices such as

y-mean centering and normalization as well as spectral

derivatives were applied. In all, 10 different calibration

models were constructed with the use of RBF-ANN, PC-

RBF-ANN, URBF-ANN, NPLS1, NPLS2, PARAFAC,

BP-ANN, DBRF-ANN, SRBF-ANN and KRBF-ANN

chemometrics methods. The models were validated with

the use of synthetic ternary mixtures of carbamates and

figures of merit, %RPEs and %Recoveries were collected.

On this basis, the model performance was investigated

with the aid of the multi-criteria ranking program,

PROMETHEE and GAIA. This analysis showed that the

best performing chemometrics methods were RBF-ANN

and PC-RBF-ANN, followed by two possible alternative

but somewhat less well performing methods, URBF-ANN

and NPLS1. In addition, the current method performance

was compared with recent similar past studies, and

suggested that the RBF-ANN methodology has consis-

tently outperformed the more common prediction methods

such as PLS and PCR as well as BP-ANN.

Finally, the most successful RBF-ANN calibration model

was applied for the prediction of the carbamate pesticides in

a selection of locally purchased vegetables and fruit with

satisfactory results.
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