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a b s t r a c t

A rapid non-separative spectrofluorometric method based on the second-order calibration of
excitation–emission matrix (EEM) fluorescence was proposed for the determination of napropamide
(NAP) in soil, river sediment, and wastewater as well as river water samples. With 0.10 mol L−1 sodium
citrate–hydrochloric acid (HCl) buffer solution of pH 2.2, the system of NAP has a large increase in flu-
orescence intensity. To handle the intrinsic fluorescence interferences of environmental samples, the
alternating penalty trilinear decomposition (APTLD) algorithm as an efficient second-order calibration
method was employed. Satisfactory results have been achieved for NAP in complex environmental sam-
ples. The limit of detection obtained for NAP in soil, river sediment, wastewater and river water samples
were 0.80, 0.24, 0.12, 0.071 ng mL−1, respectively. Furthermore, in order to fully investigate the perfor-
mance of second-order calibration method, we test the second-order calibration method using different
alibration maintenance calibration approaches including the single matrix model, the intra-day various matrices model and the
global model based on the APTLD algorithm with nature environmental datasets. The results showed the
second-order calibration methods also enable one or more analyte(s) of interest to be determined simul-
taneously in the samples with various types of matrices. The maintenance of second-order advantage
has been demonstrated in simultaneous determinations of the analyte of interests in the environmental
samples of various matrices.
. Introduction

With the development of modern second-order instruments
hich generate a lot of second-order data, second-order calibration
ethods are gaining widespread acceptance by the analytical com-
unity. Second-order calibration method allows concentrations

nd spectral profiles of the sample components to be extracted
n the presence of any number of unexpected constituents [1–4].
his property, named the “second-order advantage”, is especially
onvenient when analysts handle complex matrices. In recent
ecades, a great variety of second-order calibration methods have
een produced for a three-way data array, such as parallel fac-
or analysis (PARAFAC) [5,6], generalized rank annihilation method
GRAM) [7], multivariate curve resolution-alternating least squares

MCR-ALS) [8], alternating trilinear decomposition (ATLD) [9], self-
eighed alternating trilinear decomposition (SWATLD) [10] and

lternating penalty trilinear decomposition (APTLD) [11]. Taking

∗ Corresponding author. Tel.: +86 731 88821818; fax: +86 731 88821818.
E-mail address: hlwu@hnu.cn (H.-L. Wu).

039-9140/$ – see front matter © 2011 Elsevier B.V. All rights reserved.
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© 2011 Elsevier B.V. All rights reserved.

into advantage of the property, it enables several analytes of inter-
est to be determined simultaneously in one set of matrix samples,
which has been demonstrated and applied in many analytical fields
[12–16], e.g. pharmaceuticals, biological matrices, foods, environ-
mental matrices and synthetic samples. On the other hand, it also
enables one or more analyte(s) of interest to be determined simul-
taneously in samples with various types of matrices, there are a few
applications in this aspect. For example, testosterone propionate
was determined in several cosmetics using excitation–emission
matrix fluorescence with the aid of second-order calibration meth-
ods [17].

The maintenance of second-order advantage from day to day or
in various different matrices is an interesting problem when an ana-
lytical method is proposed for rapid routine daily use. The PARAFAC
model applied to excitation–emission matrix (EEM) fluorescence
signals and through the global models strategy has been proved
useful to predict accurately samples measured on different days, by

different analysts and even in the presence of non-modeled inter-
ferents by Giméneza et al. [18]. In addition, the prediction quality
of second-order calibration as a function of the size of the calibra-
tion set, the number and degree of overlap of new interferents and
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2.4. Analytical procedure
Fig. 1. Structure of napropamide (NAP).

he type and magnitude of noise was investigated by Rinnan [19],
nd the guidelines were given on how to implement predictions in
ARAFAC-based second-order calibration. However, there has not
een much work on the comparison of prediction quality for the
ingle matrix model (the calibration set combined with one-matrix
amples), the intra-day various matrices model (the calibration set
ombined with environmental samples of different matrices on the
ame day) and the global (inter-day various matrices) model (two
alibration sets combined with environmental samples of different
atrices on different days). The maintenance of the second-order

dvantage has not been fully demonstrated one or more analyte(s)
f interest are determined in samples with various types of matri-
es.

Herbicides are chemicals that often employed to kill weeds
ithout causing injury to desirable vegetation. Napropamide

N,N-diethyl-2-(1-naphthalenyloxy) propanamide], is a highly
ffective broad-spectrum amide herbicide and widely used as pre-
mergence herbicide weeding out most annual monocotyledon
nd broadleaf weeds in many agricultural cultivations, such as tea,
round nut, citrus, tobacco, and tomatoes [20]. However, the toxic-
ty of this herbicide has been studied, which showed that inhalation,
ontact with eyes, skin and clothing and prolonged and repeated
xposure must be avoided [21]. Furthermore, due to its long half-
ife (approximate 70 days), the residue of napropamide in soils may
ffect the growth of succeeding crops. Besides, its property of mod-
rate adsorption/desorption on soils also makes napropamide fairly
obile and leaching, thus resulting in contamination of wastew-

ter, rivers and river sediments [22]. Therefore, its high use on
grarian activity resulted in increasing need for sensitive analyt-
cal methods for napropamide determination in different matrices,
uch as soil, wastewater, river water, and river sediments.

Owing to its intrinsic sensitivity, ease of use, and availability
f instruments, fluorescence spectroscopy provides a valuable tool
o analytical chemists. Nevertheless, fluorescence signal peak of
ubstance is usually broad, so in complex mixtures the signal will
e overlapped. Moreover, when a given sample carries unexpected
uorescent constituents that have not been modeled during the cal-

bration phase, a convenient way of quantifying analytes of interest
n complex mixtures is by resorting to higher-order data coupled to
he second-order advantage. The structure of napropamide (Fig. 1)
as a naphthalene ring, which connects with a conjugate double
ond system; it can give off strong fluorescence in proper condi-
ions [23]. So, in this paper, we have attempted to make use of
xcitation–emission matrix (EEM) fluorescence to estimate herbi-
ide napropamide in various environmental samples with the aid
f second-order calibration method.

In the present study, we developed a rapid and sensitive
on-separative excitation–emission fluorescence method for the
etermination of herbicide napropamide in soil, river sediment,
astewater and river water samples using the APTLD algorithm as
second-order calibration method. The figures of merit involving
he sensitivity (SEN), the selectivity (SEL) and the limit of detection
LOD), as well as the limit of quantification (LOQ) were investigated.
n addition, a comparison of prediction qualities among the single
 (2011) 325–332

matrix model, the intra-day various matrices model and the global
model in the APTLD algorithm-based second-order calibration has
been done in this work.

2. Experimental

2.1. Reagents and chemicals

All reagents and chemicals used were of analytical reagent
grade. Napropamide (NAP) (purchased from Dr. Ehrenstorfer Cor-
poration, Germany, content > 99.5%) was used without further
purification. All glass wares were previously soaked in chromate
lotion overnight, and then rinsed with ultrapure-grade water prior
to the use. A stock solution of 50.0 �g mL−1 was prepared by accu-
rately weighing the required amounts of NAP and dissolving in
acetonitrile and diluting with ultrapure-grade water in a 100 mL
brown volumetric flask, and then stored at 4 ◦C in a refrigerator until
used. The working solutions of NAP were daily prepared by diluting
the stock solutions with ultrapure-grade water. The 0.10 mol L−1

sodium citrate–hydrochloric acid (HCl) buffer solution of pH 2.2
was prepared.

2.2. Instrumentation and software

All of the fluorescence measurements were performed on an F-
4500 fluorescent spectrophotometer (Hitachi, Japan), which was
equipped with a continuous 150-W Xenon arc lamp and interfaced
to a personal computer. In all cases, a 1.00 cm quartz cell was used
at room temperature. In the MATLAB environment all home-made
programs were written and further used for data analysis. All calcu-
lations were carried out on a microcomputer under the Windows
XP operating system.

All of the spectral surfaces were recorded at excitation wave-
lengths varying from 250 to 310 nm in 2 nm steps, and emission
wavelengths varying from 320 to 396 nm in 2 nm steps with
a scanning rate of 1200 nm min−1. The excitation and emission
monochromator slit widths were 5.0 nm, respectively. For a single
sample, a matrix of size of 39 × 31 was obtained. The used spectral
ranges were selected after a suitable consideration of the spec-
tral regions corresponding to maximum signals for the analyte and
avoiding useless background signals, such as Rayleigh and Raman
scattering.

2.3. Environmental sample collection and preparation

The soil samples and river sediment samples were collected
from the cropland and the bank of the Xiangjiang River in
Hunan Province of China, respectively. The collected samples
were stored in plastic bags and dried at room temperature,
and then ground with a mortar. Firstly, 100 mL of solvent
(methanol:acetonitrile = 1:1, v/v) were added to 100 g soil and
river sediment samples, respectively. Secondly, the mixtures were
shaken vigorously for 30 min and left for a whole day for adequate
extraction of NAP. Finally the mixtures were filtered and the fil-
trates were evaporated to dryness, and then the residues were
reconstituted with ultrapure-grade water. The wastewater samples
and river water samples were collected from a pool in residential
area and the Xiangjiang River in Changsha, China, respectively. Both
water samples were filtered through filter paper to remove sus-
pended sediments and solid materials. The filtrates were stored at
4 ◦C in the refrigerator before being used.
The first calibration set consisting of nine calibration samples (at
concentrations 30, 50, 70, 90, 120, 140, 160, 180, 200 ng mL−1) was
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Table 1
Results from APTLD analysis in single matrix model of soil samples (S), sediment samples (D), wastewater samples (W), and river water samples (R), respectively.

Sample no. Actual value of NAP (ng mL−1) Recovery (%)

S D W R S D W R

P1 60 100 100 80 108.7 92.1 105.5 97.9
P2 80 130 130 100 105.4 100.8 104.1 101.5
P3 100 150 150 130 99.7 97.7 102.0 100.8
P4 130 170 170 150 97.6 104.8 102.7 100.2
P5 150 – 190 170 96.8 – 101.7 90.8
P6 170 – 200 190 107.2 – 102.3 95.4
Average recovery (%) 102.6 ± 4.5 98.9 ± 4.0 103.0 ± 1.2 97.8 ± 3.1
RMSEP (ng mL−1) 6.72 6.89 4.89 8.93
REP (%) 5.84 5.01 3.12 6.31
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he root-mean-square error of prediction (RMSEP) can be calculated in terms of
rediction samples, cact and cpred are the actual and predicted concentrations of th
ere cave is the average concentration of analyte in prediction samples.

onstructed; at the same time, six soil samples and four river sedi-
ent samples were spiked with suitable amounts of standard NAP

olutions. The final analyte concentrations for prediction samples
ere within the concentration range of the calibration samples as

isted in Table 1. The spectra of ultrapure-grade water blank solu-
ion and each soil, river sediment blank solution were recorded
n triplicate experiments during the whole analytical procedure.
he fluorescent spectra were measured in random order according
o the sample number using the experimental parameters stated
nder Section 2.2.

At the next day, the second calibration set of eight samples
at almost the same concentration as the first calibration set)
as constructed. In addition, six prediction samples were con-

tructed by spiking wastewater and river water with NAP to yield
oncentrations as shown in Table 1, respectively. The spectra of
ltrapure-grade water blank solution and each wastewater, river
ater blank solution were recorded in triplicate experiments dur-

ng the whole analytical procedure. The fluorescent spectra were
easured in random order according to the sample number using

he experimental parameters stated under Section 2.2.

.5. Chemometric analysis

Suppose a given sample produces a data matrix of size I × J,
here I and J denote the number of data points in the first and sec-

nd dimensions, respectively. In the case of excitation–emission
atrix fluorescence, I is the number of emission wavelengths and

is the number of excitation wavelengths. If K samples, consisting
f calibration samples and prediction samples, are stacked, a three-
ay data array X is obtained with dimensions of I × J × K. A trilinear
odel for such a three-way array X has the form:

ijk =
N∑

n=1

ainbjnckn + eijk, i=1, 2, . . . , I, j=1, 2, . . . , J, k=1, 2, . . . , K. (1)

ere xijk is the element of X, ain, bjn and ckn are the elements of the
× N matrix A corresponding to the emission spectral profiles, the
× N matrix B corresponding to the excitation spectral profiles and
he K × N matrix C corresponding to the relative concentrations,
espectively. eijk is the element of a three-way residual array E. N
enotes the number of factors, which is really the total number of
etectable physically meaningful components of interest as well as
he interferents and the background.

Second-order calibration requires decomposition of a three-way
ata array and regression of relative concentration of the com-
onent(s) of interest in sample space against the corresponding

tandard concentrations. For decomposition of a three-way data
rray, several algorithms have been suggested.

The alternating penalty trilinear decomposition (APTLD) algo-
ithm was developed by our group [11]. The method decomposes
rmula as RMSEP = [1/(M − 1)
m=1

(cact − cpred) ] , where M is the number of
ytes, respectively. The relative error of prediction (REP): REP = (100 × RMSEP)/cave,

three-way data arrays by utilizing the alternating least-squares
principle and the alternating penalty constraints to minimize three
different alternating penalty errors simultaneously. The APTLD
algorithm can avoid the two-factor degeneracy problem and relieve
the slow convergence problem. In addition, it is insensitive to the
estimated component number, thus it avoids the difficulty of deter-
mining a correct component number for the model. The APTLD
theory was well documented [11], so it is not described here.

2.6. Figures of merit

With the aim of evaluating the results obtained by using the
above second-order calibration algorithm, the figures of merit
including the sensitivity (SEN), the selectivity (SEL), the limit of
detection (LOD) and the limit of quantification (LOQ) are reckoned.
In second-order calibration, they are understood in terms of the
useful concept of net analyte signal (NAS), firstly developed by Lor-
ber [24]. The sensitivity (SEN) for a particular analyte is estimated
according to the net analyte signal at unit concentration [25], and
the selectivity (SEL) is estimated in terms of the ratio of the sensitiv-
ity to the total signal [26]. The following equations can be obtained
to estimate the SEN and the SEL in the present work:

SEN = k{[(ATA)
−1

]nn[(BTB)
−1

]nn}
−1/2

, (2)

SEL = {[(ATA)
−1

]nn[(BTB)
−1

]nn}
−1/2

. (3)

Here nn designates the (n,n) element of a matrix, k is the total
signal for component n at unit concentration, in this paper, and k is
also the parameter converting scores to concentrations.

The limit of detection (LOD) is calculated with the formula:
LOD = 3.3 s(0) [27,28], where s(0) is the standard deviation in the
predicted concentrations of the analyte of interest in three blank
samples. The limit of quantification (LOQ) is computed according
to LOQ = 10 s(0).

3. Results and discussion

According to the aforementioned wavelength range selection, at
the suggested optimum condition the interfering effects of Rayleigh
and Raman scattering are at the lowest levels. However, in the
analysis of environmental samples, such as soil, river sediment,
wastewater and river water, simple pretreatment is necessary to
convert soil and river sediment samples into liquid form prior to the
measurement, while wastewater and river water samples are used
directly except for filtering the suspended solid materials and sed-

iments. Whereas, such simple pretreatment is usually not selective
enough, and often partial interfering matrices from environmental
samples are co-extracted with the component of interest. More-
over, the spectral overlapping between the NAP and ingredients
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ig. 2. The excitation–emission matrix fluorescent spectra of NAP and blank envir
d) blank wastewater sample and (e) blank river water sample.

rom environmental samples is very significant and hinder the
irect fluorescent quantification of NAP in these matrices. The

hree-dimensional fluorescent spectra of pure NAP and blank envi-
onmental samples are shown in Fig. 2. As can be appreciated, heavy
uorescence overlapping between the analyte and the environ-
tal samples: (a) pure NAP, (b) blank soil sample, (c) blank river sediment sample,

mental background of the samples occurs in the chosen region,
restricting the use of univariate method. Fortunately, a modern

approach to overcome this problem is the advanced second-order
chemometric method, which might light to a new avenue to replace
the “physical or chemical separation” with “mathematical separa-
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Fig. 3. Normalized excitation (a) and emission (b) profiles, which were resolved
from EEM fluorescence of soil, river sediment, wastewater and river water sam-
ples by the APTLD method, respectively. Solid, long-dash, short-dash, dash-dot-dot,
dash-dot lines represent the spectral profiles of NAP, interference of soil, river sedi-

Therefore, the specific implementation as well as the study of daily
various matrices model and global (inter-daily various matrices)
model will be discussed in detail in the following part.

Table 2
Figures of merit for quantitative analysis of NAP in soil samples (S), river sedi-
ment samples (D), wastewater samples (W) and river water samples (R) by APTLD
algorithm.

Figures of merit S D W R

RMSEP (ng mL−1) 6.72 6.89 4.44 7.70
Y.-N. Li et al. / Tala

ion” strategy through separating the signals of target analyte(s)
way from those of uncalibrated background or interferences. In
his paper, the APTLD algorithm was recommended to assay the
oncentrations of NAP in soil, river sediment, wastewater and river
ater samples simultaneously, which fully exploit the “second-

rder advantage”.

.1. Single matrix model

Soil samples. The prediction set of six soil samples was combined
ith the first calibration set to construct a three-way data array

f size 39 × 31 × 15, which was then decomposed by the APTLD
lgorithm.

River sediment samples. For recovery analysis of river sediment
amples, a size of 39 × 31 × 13 data array, here the number 13
orresponds to nine calibration samples plus four river sediment
amples, was obtained. Subsequently, the three-way data array will
e treated with the APTLD algorithm.

Wastewater samples. A recovery study by spiking six wastewater
amples of NAP was carried out. The six wastewater samples was
ombined with the second calibration set to construct a three-way
ata array of size 39 × 31 × 14, which was treated with the APTLD
lgorithm.

River water samples. For quantification of NAP in river water
amples, a prediction set of six river water samples was con-
tructed. The calibration set and the river water samples were put
ogether making one data array of size 39 × 31 × 14, here the num-
er 14 corresponds to eight calibration samples plus six river water
amples, The three-way data array was decomposed by the APTLD
lgorithm.

The property of the “second-order advantage” is powerful and
he second-order calibration methods can not only determine the
oncentration of the analyte(s), but also can extract the profiles
f analyte(s) from different matrices, it has been proved that the
pectral profiles of the analyte(s) in different complex matrices are
lmost the same [29–31]. Therefore, although three-way arrays
f the soil, river sediment, wastewater and river water samples
ere decomposed respectively, the resolved excitation–emission

pectral profiles of NAP together with the different interferences of
nvironmental samples were plotted in one figure, i.e. Fig. 3.

Fig. 3 shows the resolved excitation–emission spectral profiles
ogether with the actual one of NAP in different environmen-
al samples using the APTLD algorithm. Fig. 3(a) and 3(b) shows
he excitation spectral profile and the emission spectral pro-
le, respectively. These emission and excitation spectral profiles
ere collected into the matrices A and B, respectively. One can

bserve that the spectral profile of NAP and the spectral profile of
he interferences of different environmental samples were over-
apped heavily. Therefore, it is difficult to determine NAP in the
nvironmental samples in a straightforward way using sensitive
pectrofluorimetry without further separation. From the figures,
he resolved spectral profile of NAP and the actual one are almost
he same, which implies the good ability of qualitative analysis of
he second-order calibration methods. The results from the pre-
ictions for the different environmental samples are summarized

n Table 1. The average recoveries of NAP were (102.6 ± 4.5)%,
98.9 ± 4.0)%, (103.0 ± 1.2)% and (97.8 ± 3.1)% in soil, river sed-
ment, wastewater, and river water samples, respectively. The
oot-mean-square errors of prediction (RMSEP) of NAP were 6.72,
.89, 4.89 and 8.93 ng mL−1 in soil, river sediment, wastewater, and
iver water samples, respectively. And the relative errors of pre-
iction (REP) of NAP in soil, river sediment, wastewater and river

amples were 5.8%, 5.0%, 3.1%, 6.3%, respectively.

For the sake of evaluating the performance of the proposed
pproaches, the figures of merit including the sensitivity (SEN),
he selectivity (SEL), the limit of detection (LOD), and the limit of
ment, wastewater, river water samples, respectively. The dotted line denotes actual
NAP.

quantification (LOQ) for the determination of NAP in different envi-
ronmental samples including soil, river sediment, wastewater, and
river water samples, were investigated and summarized in Table 2.
The LODs for NAP in soil, river sediment, wastewater, and river
water samples were calculated to be 0.80, 0.24, 0.12, 0.071 ng mL−1,
respectively.

One can find that the second-order calibration method based
on the APTLD algorithm can yield satisfactory predictive capac-
ity for determination of NAP in different environmental samples.
However, the power of the “second-order advantage” could not
be completely appreciated until its capacity to determine the ana-
lyte(s) in various nature matrices simultaneously is demonstrated.
SEN (mL ng−1) 4.80 4.65 2.91 3.40
SEL 0.39 0.38 0.23 0.27
LOD (ng mL−1) 0.80 0.24 0.12 0.071
LOQ (ng mL−1) 2.42 0.74 0.36 0.21
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which indicated that the obtained results are accurate and reliable.
With the aid of the spectral profiles extracted, the correspond-

ing column in the relative concentration modes to the NAP can
be found to evaluate the actual concentrations of NAP in envi-
30 Y.-N. Li et al. / Tala

.2. Intra-day various matrices model

Soil and river sediment samples. The first calibration set of nine
alibration samples, six soil samples and four river sediment sam-
les were measured in the same day. We have attempted to stack
he calibration data set and two different matrix sets together to
onstruct a new three-way data array of size 39 × 31 × 19, and then
he three-way data array was decomposed by the APTLD algorithm.
able 3 collects the results of NAP in intra-day various matrix sam-
les.

Wastewater and river water samples. As the aforementioned, the
econd calibration set of eight samples, six wastewater samples
nd six river water samples were prepared in the next day. A new
hree-way data array of size 39 × 31 × 20, here the number 20 rep-
esents eight calibration plus six wastewater samples and six river
ater samples, was obtained. Subsequently, the three-way data

rray was treated with the APTLD algorithm. The results of NAP in
aily various matrices samples are listed in Table 3.

From Table 3, the average recoveries of NAP were (101.6 ± 4.3)%,
99.3 ± 3.9)%, (103.1 ± 1.2)% and (97.1 ± 3.1)% in soil, river sed-
ment, wastewater, and river water samples, respectively. The
oot-mean-square errors of prediction (RMSEP) of NAP were 6.39,
.88, 4.95 and 9.48 ng mL−1 in soil, river sediment, wastewater, and
iver water samples, respectively. And the relative errors of pre-
iction (REP) of NAP in soil, river sediment, wastewater and river
amples were 5.6%, 5.0%, 3.2%, 6.7%, respectively.

The results showed that there was no significant difference
etween the results of the intra-day various matrices model and
hose of the single matrix model. It was proved that the second-
rder calibration also enables one or more analytes of interest to
e determined in various matrices simultaneously with one cali-
ration set, which save much time for analysis.

.3. Global (inter-daily various matrices) model

Joining the two calibration sets and four different environmen-
al samples sets, we obtained the global model which included
he variability from day to day and of different matrices. A new
hree-way data array of size 39 × 31 × 39 was constructed. Sub-
equently, the three-way data array will be decomposed by the
PTLD algorithm. Prior to the analysis, in order to ensure the per-

ormance of the adopted algorithms because of the complexity of
he four different matrices samples, the core consistency diagnos-
ic (CORCONDIA) test [32] was used to determine the number of
omponents in the present work. A two-component model was
onstructed according to the results from the CORCONDIA test.
ig. 4 shows the core consistency values as a function of the number
f components. As can be appreciated, a two-component model has
core consistency value of 100%, while a three-component model
as a core consistency value less than 40%, which means that two

s the appropriate number of components in the analysis. Addi-
ionally, in the analysis of environmental samples, even though the
ngredients are different from matrix to each other, the extracted
omponents from different matrices may be analogous and some
f them have such highly similar fluorescent properties that the
roposed approaches cannot resolve these into separated factors.
herefore, two components indicated the NAP and interference
rom environmental matrices, respectively.

Fig. 5 shows the actual spectral profiles and the profiles from
he decomposition of the three-way data array abovementioned by
sing the APTLD algorithm with two factors. The profile associated
ith the excitation mode is shown in Fig. 5(a) and the profile related
o the emission mode is shown in Fig. 5(b). The figure indicated that
he spectral profiles of interference from the environmental sam-
les spread all measured wavelength, both excitation and emission
avelengths, and overlap with NAP spectral profile. Looking at the
Fig. 4. Core consistency values as a function of the trial number of components for
the analysis of the inter-daily various environmental matrices samples.

profiles one can judge the difficulty in analyzing the environmental
samples of various matrices. Moreover, the dotted line denotes the
actual spectral property of NAP. It can be observed that not only
are the resolved excitation and emission spectral profiles of NAP
nearly the same as the actual one, but also the structures of the
excitation and emission profiles of the interesting analyte are not
affected by the variety of the data array constructed model chosen,
Fig. 5. Normalized excitation (a) and emission (b) profiles, which were resolved
from EEM fluorescence of environmental samples by the APTLD method with two
factors. Solid and medium-dash lines represent the spectral profiles of NAP and
interference of environmental samples. The dotted line denotes the actual NAP.
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Table 3
Results from APTLD analysis in the intra-day various matrices model of soil samples (S), sediment samples (D), wastewater samples (W), and river water samples (R),
respectively.

Sample no. Actual value of NAP (ng mL−1) Recovery (%)

S D W R S D W R

P1 60 100 100 80 107.0 92.7 105.6 96.8
P2 80 130 130 100 104.1 101.2 104.1 100.7
P3 100 150 150 130 98.7 98.0 102.0 100.3
P4 130 170 170 150 96.8 105.2 102.7 99.8
P5 150 – 190 170 96.1 – 101.7 90.3
P6 170 – 200 190 106.5 – 102.4 94.9
Average recovery (%) 101.6 ± 4.3 99.3 ± 3.9 103.1 ± 1.2 97.1 ± 3.1
RMSEP (ng mL−1) 6.39 6.88 4.95 9.48
REP (%) 5.56 5.00 3.16 6.69

Table 4
Results from APTLD analysis in the global model of soil samples (S), sediment samples (D), wastewater samples (W), and river water samples (R), respectively.

Sample no. Actual value of NAP (ng mL−1) Recovery (%)

S D W R S D W R

P1 60 100 100 80 100.2 88.3 113.7 108.3
P2 80 130 130 100 98.7 97.4 110.0 109.5
P3 100 150 150 130 94.1 94.5 107.3 106.9
P4 130 170 170 150 93.0 101.8 107.0 105.4
P5 150 – 190 170 92.6 – 105.9 94.9
P6 170 – 200 190 103.1 – 106.5 99.4

r
c
N
s

F
T
a

Average recovery (%)
RMSEP (ng mL−1)
REP (%)
onmental samples through a linear regression. The correlation
oefficients of NAP obtained by using the APTLD algorithm with
= 2 was 0.9929. The concentrations of NAP in the environmental

amples of various matrices are summarized in Table 4, together

ig. 6. EJCRs plots for NAP in environmental samples of various matrices: (a) soil sample
he asterisk (*) indicates the ideal points (0,1), long-dash, dotted and solid lines correspon
nd the global model, respectively.
97.0 ± 3.7 95.5 ± 4.1 108.4 ± 2.3 104.1 ± 4.6
7.34 8.67 13.50 8.66
6.38 6.31 8.62 6.11
with the percentage of recovery. The average recoveries acquired
from soil, river sediment, wastewater and river water samples
were (97.0 ± 3.7)%, (95.5 ± 4.1)%, (108.4 ± 2.3)% and (104.1 ± 4.6)%,
respectively.

s, (b) river sediment samples, (c) wastewater samples and (d) river water samples.
d to the EJCRs from the single matrix model, the intra-day various matrices model
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Single matrix model and intra-day various matrices model
ere very similar in behavior, which was also expected. From

ables 1, 3 and 4, we can see that there was no remarkable dis-
repancy between the results obtained by single matrix model and
hose provided by intra-day various matrices model. It proved that
he second-order calibration methods have the ability to deter-

ine the analytes in various matrices simultaneously. The results
n Table 4 are not so good as the results in Tables 1 and 3. Moreover,
or the sake of a further investigation into the accuracy of the three
ypes model based on the APTLD algorithm in environmental sam-
les, an intra-laboratory testing of accuracy of analytical methods
rom recovery assays, i.e. linear-regression analysis of the actual
ersus the predicted concentrations was applied [33]. The calcu-
ated intercept and slope were compared with their theoretically
xpected values (0,1), based on the elliptical joint confidence region
EJCR) test. If the ellipses contain the values (0,1) for intercept and
lope, respectively, showing the reference values and results do
ot present significant difference at the level of 95% confidence
nd the elliptic size denotes precision of the analytical method,
maller size corresponds to higher precision [34]. Fig. 6 gives the
esults of EJCRs for NAP in soil, river sediment, wastewater and
iver water samples with the APTLD algorithm in three types mod-
ls, respectively. From the figure, it showed that the ellipses include
he theoretically expected values of (0,1) labeled with a star (*), and
he elliptic size corresponding to the global model is bigger than
hose related to the single matrix model and the intra-day various

atrices model, indicating the accuracy of the used methodology.
hese results further proved that the three types of models based
n the APTLD algorithm could allow for accurate determination of
AP in soil, sediment, wastewater and river water samples, and

he single matrix model and the intra-day various matrices mod-
ls are better than global model. Such a result may be ascribed to
wo reasons, in the global model, the data of different day were
tacked together, the variability from day to day was existed [18];
n the other hand, the prediction quality may be affected by the
atio of size of calibration set and size of prediction set; for the
ame calibration set, the more prediction samples, the error may be
igger.

. Conclusion

We developed a rapid, simple and selective method for the
irect determination of napropamide (NAP) in the environmental
amples of various matrices. It was based on the APTLD analy-
is of the excitation–emission matrix fluorescent spectra of NAP.
nly with a simple pretreatment procedure, satisfactory results
ould be obtained for NAP in the environmental samples with var-
ous types of matrices, even in the presence of the interferences
f environmental samples, fully exploiting “second-order advan-

age”. Furthermore, the figures of merit, i.e. sensitivity, selectivity
nd limit of detection, as well as limit of quantification, were eval-
ated. Moreover, the single matrix model, the intra-day various
atrices model and the global (inter-daily various matrices) model

[

[
[
[

 (2011) 325–332

were investigated by the second-order calibration method based
on the APTLD algorithm, which demonstrated the maintenance of
the “second-order advantage” in simultaneous determinations of
the analyte of interest in the environmental samples of various
matrices. The calculated results revealed that such an approach
can become a promising alternative for practical applications in
environmental quality control to achieve the higher sensitivity and
enhance the selectivity.
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