
Talanta 65 (2004) 806–813

Strategies for solving matrix effects in the analysis of sulfathiazole
in honey samples using three-way photochemically induced

fluorescence data
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Abstract

A widely employed compound for honey treatment, sulfathiazole (ST), was determined in commercial honey samples, employing a
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u the second-
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ombination of photochemically induced fluorescence excitation–emission matrices (EEMs) and chemometric processing of th
econd-order data. Parallel Factor Analysis (PARAFAC) and Self-Weighted Alternating Trilinear Decomposition (SWATLD) meth
sed for calibration. An appropriately designed calibration with a set of standards composed of 18 samples, coupled to the use of
rder advantage offered by the applied chemometric techniques, allowed quantitation of sulfathiazole in spiked commercial hone
o previous separation or sample pretreatment steps were required. The results were compared with other calibration methods su
nd PLS-1 that produced good results on synthetic samples but not on the investigated commercial honey samples.
2004 Elsevier B.V. All rights reserved.
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. Introduction

Sulfonamides constitute a group of drugs which are widely
sed in veterinary and medical practice. Thus, residues of

hese drugs may remain in food of animal origin. Differ-
nt methods of analysis of these drugs in foods and feeds
ave been reported[1,2]. In this context, the most investi-
ated foods have been milk, honey, meat, fish and eggs[3–6].
he main part of the proposed methods are based on liq-
id chromatography with UV[6–8] or fluorimetric[3,9] de-
ection. Spectrofluorimetric[10] and capillar electrophoresis
11] methods have been also established. For the determina-
ion of sulfonamides in honey HPLC[9,12,13]methods have
een mainly proposed and only one photometric method has

∗ Corresponding author. Tel.: +34 924289375; fax: +34 924289375.
E-mail address:dbohoyo@unex.es (D. Bohoyo Gil).

been established[14]. The European Legislation does not
Maximum Residue Limits (LRM) for antibiotics in honey

Sulfathiazole (ST), 4-amine-N-(2-tiazolil) benzenesul
amide is used for the treatment of honey and the analy
its residues is of interest. Total ST has been determined
acid hydrolysis and fluorimetric detection coupled to HP
was performed by derivatization with fluorescamine[4–16].
Sulfathiazole such as theN-1-substituted sulfonamides, a
weakly fluorescent compounds, but fluorescence emiss
these drugs can be photoinduced by UV irradiation[10,17].
Because sulfonamides are polar compounds, severe m
influences usually occur resulting in complicated clea
procedures and low recoveries in food analysis.

Multivariate calibration is gaining acceptance for the
termination of analytes in complex mixtures. Full-spect
multivariate calibration methods offer the advantage of s
in the determination of the components of interest, av
ing separation steps in the analytical procedure. P

039-9140/$ – see front matter © 2004 Elsevier B.V. All rights reserved.
oi:10.1016/j.talanta.2004.08.055
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least-squares (PLS) has become the usual first-order multi-
variate tool because of the quality of the obtained calibration
models, the ease of implementation and the availability of
software. An interesting characteristic of PLS is that calibra-
tion can be performed by ignoring the concentrations of all
other components except the analyte of interest. However, all
first-order methods, including PLS, are sensitive to the pres-
ence of unmodeled interferents. This situation is encountered
when dealing with natural samples of complex composition,
such as the presently studied honey samples.

A good alternative to the problem of unexpected in-
terferents is to move to second-order data[18]. Exam-
ples of bilinear second-order data are LC–UV, GC–MS and
excitation–emission fluorescence matrices (EEMs). Interest-
ingly, the decomposition of a three-way data array (obtained
when second-order data for a set of samples are grouped)
is often unique, allowing relative concentrations and spec-
tral profiles of individual sample components to be extracted
directly. This permits correction for uncalibrated sample con-
stituents, a property which has been named the “second-order
advantage”[19]. It is fully exploited by the parallel factor
analysis PARAFAC[20] and self-weighted alternating trilin-
ear decomposition SWATLD[21] models, which operate in
a three-step mode: (1) trilinear decomposition of the spectral
cube formed by stacking the calibration matrices together
w on-
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stacking the training matrices is a cube. ForI samples the cube
dimensions areI × J×K. Provided the data follow a trilinear
model, the cube can be written as a sum of tensor products
of three vectors for each fluorescent component. Whenan,
bn andcn collect the relative concentration (I× 1), excita-
tion (J× 1) and emission (K× 1) profiles for componentn,
respectively, the data cubeF- can be written as[25,26]

F- =
N∑

n=1

an ⊗ bn ⊗ cn + E

In this expression⊗ indicates the tensor product,E is a resid-
ual error term with the same dimensions asF- andN is the
total number of responsive components. The column vectors
an, bn andcn are collected into the three loading matricesA,
B andC. An interesting characteristic ofF- is that it can be
decomposed giving access to spectral profilesB andC, and
relative concentrationA, of individual components in theI
samples whether there are chemically known or not. In theory
this characteristic should allow to obtain the concentration of
calibrated components in the presence of any number of un-
calibrated components.

We have used underlined bold capital letter for cubes; bold
capital letter for matrices; bold lowercase for vectors and
italics for scalars.

We have applied PARAFAC and SWATLD to obtain ST
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ith that of the unknown sample, (2) calibration of the c
entration scale by linear regression and (3) prediction b
er or extrapolation of the unknown in the pseudo univa
raph. The PARAFAC algorithm is based on a least-squ
inimization, whereas SWATLD uses a procedure know
lternating trilinear decomposition. EEMs have been us
ombination with these chemometric methods for quan
ive analysis of biological compounds. In this context, qu
ification of chlorophylls and pheopigments[22], antitumora
23], anti-inflamatory[3] and anticonvulsant[23] drugs and
ntibiotics[4,24]have been proposed. On the other hand
ARAFAC application to food samples has been scarce[5,6].

In this paper, PARAFAC and SWATLD methods have b
pplied to determine ST in honey using, for the first ti
hotochemically induced fluorescence excitation–emis
atrices (PIF-EEMs). The results were compared with th
ay matrix calibration data analysed byN-way partial least
quares regression (N-PLS), and two-way calibration
nalysed by partial least-squares regression (PLS-1)
ethod allows to obtain ST concentration in complex ho

ample matrices without interference from the matrix c
onents.

. Theory

.1. Three-way trilinear data theory

When a sample produces aJ × K data matrix as it is th
ase of PIF-EEMs (J= number of excitation wavelengt
ndK = number of emission wavelengths) the obtained
oncentration in the presence of the uncalibrated compo
f the honey matrix. These two methods are becoming
nd more employed by chemometricians for analyzing th
ay data, and the software required for its implementa

s easily available on the Internet[27]. Issues relevant to th
pplication of the models are: (i) how to establish the n
er of components, (ii) how to identify specific compone

rom the information provided by the array decomposi
nd (iii) how to calibrate the model in order to obtain ab

ute concentrations for a particular component in an unkn
ample.

Bro [20] suggested obtaining the number of respon
omponents (N) by consideration of the internal param
nown as core consistency, which is a measure of how
given model is able to reproduce the so-called Tucker
f a cube of data[28]. The core consistency is calculated
function of a trial number of components. It remains n
value of 100 when the number is less than or equal t

ptimum; for higher component numbers it drops below 5
Identification of the chemical constituent under invest

ion is done with the aid of the profilesB andC, as extracte
y PARAFAC and SWATLD, and comparing them with tho
f a standard solution of the analyte of interest.

Absolute analyte concentrations are obtained after pr
alibration, since only relative values (A) are provided
ecomposing the three-way data array. Experimentally

s done by using the information for the set of standard
nown composition. The calibration procedure involves
omposing an array formed by joining the matrices for tI
raining samples with that for the unknown.
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2.2. Figures of merit

Figures of merit furnished are the sensitivity (SEN), se-
lectivity (SEL) and analytical sensitivity (γ). For an ana-
lyte SEN is defined as the net signal at unit concentration;
SEL is the ratio between SEN and the total signal, as sug-
gested by Kalivas and co-workers[29]. The analytical sen-
sitivity (γ ), as in univariate calibration, is the ratio between
SEN and the spectral noise which is calculated by replicate
blank measurements. The inverse (γ−1) establishes the mini-
mum concentration difference that can be appreciated by the
method, regardless of the specific technique, equipment and
scale employed[30]. The limit of detection (LOD)[31,24]
is calculated as LOD = 3.3 S(o), where S(o) is the standard
deviation in the concentration estimated for different blank
samples.

2.3. Software

All calculations were done using MATLAB 5.3[32]. A
routine for PLS-1 was used following a previously known
algorithm[24]. Those for N-PLS and PARAFAC are avail-
able on the Internet[27] although a useful MATLAB graph-
ical interface was developed for easy data manipulation and
graphics presentation[24]. This interface provides a simple
m ing
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at 342 nm, when exciting at 251 nm. The emission signal is
maximum in an ethanol:water (20:80)(v/v) and weakly acid
medium. The pH is fixed with acetic/acetate buffer solution
of pH 4.75, and the optimal irradiation time is 5 min. Un-
der these conditions a linear relation PIF-ST concentration is
found between 0.30 and 3.00�g mL−1.

The photochemically induced fluorescence excitation–
emission matrices (PIF-EEMs) were measured every 5 nm in
the excitation range comprised between 200 and 300 nm and
every 1 nm in the emission range comprised between 300 and
400 nm. The ST photochemically induced fluorescence (PIF)
emission spectrum was recorded between 300 and 400 nm,
exciting at 251 nm.

All experiments were performed with analytical-reagent
grade chemicals. Stock solutions consisted of 100�g mL−1

of ST (Sigma). Standard solutions of ST were obtained
by suitable dilutions. Buffer solutions consisted of acetic
acid/sodium acetate 0.5 M of pH 4.75.

Five honey samples from different countries were used:
Spain, Germany, Belgium, Canada and Switzerland.

3.2. Recommended procedure for ST determination in
honey

3.2.1. Honey samples
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ean of loading the data matrices into the MATLAB work
pace before running PARAFAC, SWATLD and N-PLS.

The calculated excitation and emission profiles prov
y the former two are separately plotted, in order to a
sers to identify the analyte of interest. The pseudo-univa
alibration graph[33] corresponding to this particular co
onent is then displayed. Once this is done, the result
onveniently shown in terms of predicted concentration
nalytical figures of merit.

. Experimental

.1. Apparatus and reagents

Fluorescence measurements were carried out on an
nco Bowman Series 2 spectrofluorophotometer equi
ith a 150 W Xe lamp, connected to a PC Pentium III
rocomputer running under Windows 98 (through a G
EEE-488 interface). Data acquisition and analysis were
ormed by the use of AB2 software. In all cases, 1.00
uartz cells were used.

An Osram 200 W HBO high pressure mercury lamp w
n Oriel model 8500 power supply was used for irradia
T solutions. The photochemical set-up included a light
onsisting of a fan, a mercury lamp and a quartz lens. A
ard Hellma 1.00 cm quartz fluorescence cuvette was p
n an optical bench at 30 cm from the mercury lamp. The

utions were magnetically stirred during the UV irradiatio
Sulfathiazole is a non-fluorescent sulfonamide. The U

adiation of its solutions induced a fluorescent emission (
Honey of 10 g were weighed, and then contaminate
piking known volumes of a concentrated ST aqueou
ution. The samples were left at room temperature du
0 min and then diluted with deionised water to 100 m
volumetric flask. A suitable volume of this solution w

laced in a 25 mL volumetric flask, and 3 mL of 0.5 M bu
olution, 5 mL of ethanol and deionised water were add
nal volume.

.2.2. Calibration and test sets
For calibration, six samples by triplicate set, making a t

f 18 samples, was built (Cal1–Cal18). Sulfathiazole con
rations were comprised between 0 and 3�g mL−1. A suit-
ble volume of this solution was placed in a 25 mL volume
ask, and 3 mL of 0.5 M buffer solution, 5 mL of ethanol a
eionised water were added to final volume. Honey and

bration samples were irradiated for 5 min. Additionally,
amples (Val1–Val6) were built with analyte concentrat
ifferent from those employed for calibration but within th
orresponding calibration range.Table 1summarize the use

able 1
alibration and test sets

ample Sulfathiazole
(mg L−1)

Sample Sulfathiazo
(mg L−1)

al1 0.0 Val1 0.4
al2 0.5 Val2 0.8
al3 1.0 Val3 1.6
al4 2.0 Val4 1.8
al5 2.5 Val5 2.2
al6 3.0 Val6 2.6
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concentration in calibration and test set. Emission spectra and
EEMs were measured in random order.

4. Results and discussion

Fig. 1 shows the PIF-EEMs corresponding to a standard
ST sample in wide spectral emission and excitation ranges,
showing the presence of Rayleigh scattering. To avoid the
presence of signals that are uncorrelated with the target con-
centrations of the studied analyte, EEMs were in all cases
recorded in the sensible excitation and emission ranges shown
in Fig. 2A and B, where only the analyte contributes to the
overall fluorescence intensity, that is, emission from 300 to
400 nm at 1 nm intervals and excitation from 210 to 290 nm at
5 nm intervals. It can be observed that the fluorescent compo-
nents of honey show signal overlapping with the ST signal.
Thus, if the second-order advantage is not used the analy-
sis is not possible. In this context, PARAFAC and SWATLD
methodologies have been applied to obtain higher spectral in-
formation and a greater spectral differentiation between the
honey components and the analyte.

4.1. Test set results

d for
t ave-
l S-1
m the

set of calibration samples leading to an optimum number
of factors equals to 2, as estimated according to Haaland’s
criterium[34]. Prediction on the six test samples using this
PLS-1 model led to good recoveries. Three-way EEM data
for the test set of six samples were also analyzed by N-PLS,
PARAFAC and SWATLD. Specific details on the implemen-
tation of PARAFAC and SWATLD methods will be given
below in connection with the study of honey samples. In-
deed, these models give comparably good results, for the set
of artificial samples, composed of only sulfathiazole, as sum-
marized inTable 2.

4.2. Honey samples results

The results obtained for honey samples contaminated
with ST clearly illustrate the meaning and usefulness of the
second-order advantage. On the basis of models trained with
the calibration samples Cal1–Cal18, neither PLS-1, nor N-
PLS (modelled with unidimensional emission spectra and
EEMs, respectively) was able to produce acceptable results
on honey samples. Specifically, relative errors of predic-
tion (REP) were unacceptably large in all cases. The results
obtained with N-PLS and PLS-1 are collected inTable 3.
This is due to the presence of fluorescent honey compo-
n nt in
t mis-
s from
t nd,
Unidimensional fluorescence emission data recorde
he calibration samples (at the compromise excitation w
ength of 251 nm) were first analyzed using the PL

ethod. Leave one out cross-validation was applied to
Fig. 1. Three-dimensional plot of the EEM for standard s
ents whose influence has not been taken into accou
he calibration set. These components not only exhibit e
ion intensities that overlap with the fluorescence signal
he analyte (Fig. 2A) but are also intrinsically variable a
ample of ST, showing the presence of Rayleigh scattering.
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Fig. 2. Three-dimensional plot of the EEM for honey sample recorded in restricted excitation and emission wavelength ranges. EEM (A) for an uncontaminated
sample and (B) for a contaminated sample.

Table 2
Predictions in artificial samples applying different calibration methods

Component Method

PLS-1 N-PLS PARAFAC SWATLD

REP (%) %Ra REP (%) %Ra REP (%) %Ra REP (%) %Ra

Sulfathiazole 2.8 104 (2) 3.0 104 (2) 2.8 103 (2) 2.6 103 (2)

REP (%): relative error of prediction; %R: average recovery.
a Values between parentheses correspond to the standard deviations computed for the recoveries of the six test samples.

thus, difficult to model if the second-order advantage is not
employed.

Although N-PLS is an efficient way of handling three-way
data such as those presently employed, this regression model
cannot be trained by including the unknown sample into the
calibration data cube, since concentration information is un-
available for unknowns. For reasons explained above, N-PLS
do not allow obtaining information on uncalibrated interfer-
ing agents, such as honey.

PARAFAC and SWATLD were applied, separately for
each type of honey, to data cubes formed by PIF-EEMs for

Table 3
Results obtained when applying PLS-1 and N-PLS analysis to honey samples
contaminated with sulfathiazole

Added Predicted (PLS-1/N-PLS)a

Spain Germany Belgium Canada Switzerland

– 0.20/0.90 0.10/0.51 0.30/1.39 0.09/0.50 0.43/1.22
0.10 0.60/0.96 0.21/0.60 0.58/1.49 0.20/0.62 0.48/1.33
0.30 0.95/1.28 0.70/0.95 0.75/1.70 0.50/0.70 0.75/1.60
0.70 1.15/1.48 0.90/1.25 1.02/1.95 0.8/1.10 1.18/1.87
1.70 2.06/2.26 1.85/2.14 1.86/2.60 1.80/2.09 1.92/2.66

RMSEP 0.2/06
REP (%) 26.8/73.5

RMSEP: root-mean-square error of prediction; REP (%): relative error of
p

m-
b

six calibration samples, prepared by triplicate (Cal1–Cal18),
together with a honey sample. The concentrations of these
samples are comprised into the range of linearity above men-
tioned in the PIF method.

For selecting the number of spectral components for each
honey sample the core consistency analysis has been applied
[28]. Fig. 3shows the value obtained for the 18-sample cube
when studying the honey sample from Spain. As can be seen,
the core consistency drops to a very low value when using

F f the
t r the
s

rediction.
a Sulfathiazole concentration (�g mL−1) predicted. In all cases, the nu

er of spectral components is 2.
ig. 3. Plot of the PARAFAC core consistency values as a function o
rial number of components, for the cube composed of the EEM fo
ample of honey from Spain, and the 18 calibration EEMs.
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Fig. 4. (a) Emission profiles provided by a two components PARAFAC model (B matrix) used to process the cube formed by sample honey from Spain and
the 18 calibration samples. The components are labeled according to the contribution of the overall variance. (b) Excitation profiles (C matrix). (c) Normalized
experimental emission spectra for the one studied analyte, usingλexc = 250 nm. (d) Normalized experimental excitation spectra (λem = 340 nm).

three spectral components to model the cube, suggesting that
N = 2 is a sensible choice. The same number of factors was
also found for the remaining honey samples, showing that
although the calibration samples were built starting from the
one pure analyte, the presence of honey adds new fluorescent
components to the data cube, collectively considered as a
single extra component by PARAFAC and SWATLD.

Fig. 4 shows the plot of loading matrices provided by
PARAFAC when processing the honey sample from Spain,
together with the calibration set, excitation and emission
spectral profilesB andC (Fig. 4a and b). The components
have been labelled with the order assigned by the model.
In this case, analyte appears in the first place because it is
the origin of the main fluorescence intensity. PIF-emission
and PIF-excitation experimental spectra of pure standard ST
(Fig. 4c and d), have been compared allowing to assign com-
ponent 1 to ST and component 2 to matrix honey.

The prediction results for the honey samples are listed in
Tables 4 and 5. Honey samples contaminated with 10, 30, 70
and 170�g ST g−1 of honey that are equivalent, according
to the sample procedure, to ST concentrations of 0.10, 0.30,
0.70 and 1.70�g mL−1 into the 25 mL volumetric flacks, re-
spectively, were used. The statistical analysis shows mean
prediction errors for sulfathiazole determination that are com-
parable to those found in the artificial samples.

4.3. Figures of merit

The study based on PARAFAC and SWATLD pseudo-
univariate calibration also furnishes figures of merit. The
standard errors in predicted concentrations have been re-
ported inTables 4 and 5. The root-mean-square error of pre-

diction, RMSEP= [1/(I − 1)
∑I

1(Cact − Cpred)2]
1/2

, where

Table 4
Results obtained when applying PARAFAC analysis to honey samples contaminated with sulfathiazole

Added Predicted

Spaina Germanya Belgiuma Canadaa Switzerlanda

– 0.001 (0.01) – 0.002 (0.01) – –
0.10 0.091 (0.01) 0.089 (0.01) 0.089 (0.006) 0.088 (0.007) 0.09 (0.01)
0.30 0.29 (0.01) 0.28 (0.01) 0.29 (0.01) 0.28 (0.01) 0.28 (0.01)
0.70 0.65 (0.02) 0.70 (0.02) 0.69 (0.01) 0.64 (0.01) 0.72 (0.02)
1

R
R

R r of pre
n in pa
.70 1.56 (0.06) 1.69 (0.06)

MSEP 0.03
EP (%) 4.2

MSEP: root-mean-square error of prediction; REP (%): relative erro
a Sulfathiazole concentration (�g mL−1) predicted. Standard deviatio
1.65 (0.06) 1.58 (0.07) 1.57 (0.06)

diction.
rentheses. In all cases, the number of spectral components is 2.
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Table 5
Results obtained when applying SWATLD analysis to honey samples contaminated with sulfathiazole

Added Predicted

Spaina Germanya Belgiuma Canadaa Switzerlanda

– – – – – –
0.10 0.10 (0.01) 0.10 (0.01) 0.09 (0.01) 0.089 (0.007) 0.09 (0.01)
0.30 0.29 (0.01) 0.29 (0.01) 0.30 (0.01) 0.28 (0.01) 0.28 (0.01)
0.70 0.66 (0.02) 0.70 (0.02) 0.69 (0.01) 0.64 (0.01) 0.72 (0.02)
1.70 1.58 (0.05) 1.70 (0.06) 1.67 (0.06) 1.58 (0.05) 1.55 (0.06)

RMSEP 0.02
REP (%) 2.8

RMSEP: root-mean-square error of prediction; REP (%): relative error of prediction.
a Sulfathiazole concentration (�g mL−1) predicted. Standard deviation in parentheses. In all cases, the number of spectral components is 2.

Table 6
Analytical figures of merit

PARAFAC SWATLD

Sensitivity (SEN), FU (L mg−1) 1.77 1.72
Selectivity (SEL) 0.85 0.86
γ−1 (L−1 mg) 0.005 0.005
LOD (mg L−1) 0.02 0.02

FU: fluorescence units (arbitrary).

I is the number of prediction samples,Cact andCpred are the
actual and predicted concentrations, respectively; and relative
error of prediction REP (%)= (100/c̄) × RMSEP, where ¯c

is the average component concentration, are included.
The standard deviation in the concentration (S(o)) was

estimated for nine different blank samples. The analytical
figures of merit for both methods are collected inTable 6.

In order to gain further insight into the accuracy of these
methods, linear regression analysis of nominal versus found
concentration values was applied for each procedure. The
estimated intercept and slope (ˆa and b̂, respectively) were
compared with their ideal values of 0 and 1 using the ellipti-
cal joint confidence region (EJCR) test[35]. Fig. 5shows the

F ons of
p and
S

EJCRs for the two employed modes when either PARAFAC
or SWATLD are applied. As can be seen, the ellipses contain
the theoretical (a= 0, b= 1) point, but the elliptic size corre-
sponding to the PARAFAC algorithm mode is significantly
larger. From the inspection ofFig. 5 it can be concluded on
improvement in the predictive ability of SWATLD compared
to PARAFAC.

5. Conclusions

The fluorimetric determination of sulfathiazole (ST) using
second-order multivariate calibration techniques is demon-
strated to be feasible. A photoinduced previous process dras-
tically increases the native ST fluorescence. The application
of the second-order advantage by using the three-dimensional
excitation–emission matrices, allows the ST determination in
the presence of unknown interferences in ST spiked honey
samples. Slightly better results in the honey samples analysis
are obtained by application of SWATLD calibration com-
pared to PARAFAC. Adequate recovery values are obtained
in all cases when several honeys from different countries are
analyzed. The proposed methodology has demonstrated to be
adequate for routine analysis in the control of contamination
of sulfathiazole in honey.

A

ain
( l to
t a
d

R

lat.

ig. 5. EJCRs for the slope and intercept corresponding to regressi
redicted vs. added concentrations of sulfathiazole applying PARAFAC
WATLD. The black circle mark the theoretical (a = 0, b= 1) point.
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