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G R A P H I C A L A B S T R A C T
� A new residual modeling for non-
bilinear data is presented.

� The problem is addressed by extract-
ing the interference profile with
MCR-ALS.

� Total synchronous fluorescence
spectroscopy are conveniently mod-
eled.

� The novel algorithm perform better
than known second-order algo-
rithms.
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A B S T R A C T

A new residual modeling algorithm for nonbilinear data is presented, namely unfolded partial least
squares with interference modeling of non bilinear data by multivariate curve resolution by alternating
least squares (U-PLS/IMNB/MCR-ALS). Nonbilinearity represents a challenging data structure problem to
achieve analyte quantitation from second-order data in the presence of uncalibrated components. Total
synchronous fluorescence spectroscopy (TSFS) generates matrices which constitute a typical example of
this kind of data. Although the nonbilinear profile of the interferent can be achieved by modeling TSFS
data with unfolded partial least squares with residual bilinearization (U-PLS/RBL), an extremely large
number of RBL factors has to be considered. Simulated data show that the new model can conveniently
handle the studied analytical problemwith better performance than PARAFAC, U-PLS/RBL and MCR-ALS,
the latter modeling the unfolded data. Besides, one example involving TSFS real matrices illustrates the
ability of the new method to handle experimental data, which consists in the determination of
ciprofloxacin in the presence of norfloxacin as interferent in water samples.
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1. Introduction

Nowadays, there is a widespread acceptance in the analytical
community of the growing need for the study of increasingly
complex samples by improving the available analytical methods. In
thefieldof chemometrics, this fact is linked to the intensive research
ofnewmulti-waydatagenerationand its consequentmodelingwith
suitable algorithms [1–3]. Multi-way instrumental data carry the
intrinsic potential to achieve the second-order advantage, which in
principle permits analyte quantitation in samples containing
unexpected constituents (i.e., sample concomitants not included
in the calibration set). This property is especially interesting in the
field of complex sample analysis owing to the fact that it allows
building calibration models with a limited number of standards,
maintaining quality of analyte prediction ability regardless of the
presence of interferences, and without the need of previous
chromatographic or electrophoretic separation.

A literature search on the available second-order algorithms
capable of coping with the second-order advantage reveals an
interesting fact: most of them call for the property of trilinearity.
According to Olivieri et al. [1], the following requirements are
necessary to fulfill the multilinearity property: (I) constancy of
profiles across the different samples for each component; (II)
signal linearly related to the analyte concentration; and, (III)
bilinear signal for a given sample. The property of bilinearity
implies that a single component data matrix can be decomposed
into the product of two vectors, each containing the component
profile in one of the two data dimensions (a well-known example
of this kind of data is an excitation–emission fluorescence matrix,
EEM). This can be condensed in the concept of rank of a matrix, i.e.,
the number of bilinear terms needed to reproduce the data matrix.
If the rank is close to the number of responsive constituents, the
matrix is bilinear. When the three-way array built with standards
and test data matrices follow the trilinear structure, parallel factor
analysis (PARAFAC) [4] seems to be the appropriate algorithm,
because of its inner trilinear structure. A three-way array can then
be built with a set of second-order X data matrices. Each data
element in the array can be modeled by the following equation:

xijk ¼
XN

n¼1

ainbjnckn þ eijk (1)

where N is the total number of chemical constituents generating
the measured signal, ain is the relative concentration or score of
component n in the i-th sample, and bjn and ckn are the intensities
in the instrumental channels (or data dimensions) J and K,
respectively. The values of eijk are the elements of the three-
dimensional array E, representing the residual error, and having
the same dimensions as X. Summation in Eq. (1) implies that the
individual signals of the matrix constituents are additive. Usually
the loadings are normalized to unit length, and collected into the
loading matrices B and C, of size J�N and K�N respectively. The
scores are collected into the score matrix A (size I�N), which
reflects the relative concentration values of the various constit-
uents in all samples. This information is used in the context of
calibration to build a univariate plot. This plot allows the prediction
of analyte concentrations in unknown samples by projecting its
score onto the fitted line.

Very recently, Olivieri and Escandar discussed the different kind
of second-order data that can be gathered in the lab; their
characteristics and the most convenient algorithm to be employed
in each case [5]. Especial attention is paid onwhat they called “the
Cinderella type 3 data”, nontrilinear data which involve nonbi-
linear datamatrices, i.e., different spectral profiles for a component
in a single sample. This is one of the most difficult problems to be
solved. A reduced number of articles have been published dealing
with nonbilinear data from single sample components [6–11]
generated by (1) tandem mass-spectrometry (MS2) [6], (2) total
synchronous fluorescence spectroscopy matrix (TSFSM) [7–9], (3)
ultrafast time-resolved spectroscopy [10], and (4) two-dimension-
al nuclear magnetic resonance spectroscopy [11]. TSFSM data sets
are not bilinear due to the fact that synchronous spectral profiles
vary with the offset between excitation and emissionwavelengths
[7–15]. MS2 data sets are not bilinear because each fragment of a
single compound has a specific MS pattern in the second MS
dimension, making it impossible to describe the MS2 data in terms
of one MS profile in each dimension [6].

To the best of our knowledge, there are only two
publications, which have been reported by our group, exploiting
the second-order advantage on TSFSM data for quantitation
purposes [8,9]. Essentially, synchronous spectroscopy consists
in simultaneously scanning both the excitation and the
emission monochromators while maintaining a constant wave-
length interval (Dl) between them. The judicious choice of Dl
values along with the reduction of excitation and emission band-
widths often provides the spectral simplification needed to
overcome severe overlapping in the analysis of multi-component
samples.

Spectral simplification is always possible under proper
instrumental parameters [16]. Unfortunately, in some cases
synchronous fluorescence spectroscopy needs to be combined
with a multivariate calibration method. This is particularly true
for the direct analysis of complex samples of unknown
composition having multiple fluorescence species [14]. In
addition to resolving spectral overlapping, the chosen algorithm
should be able to handle nonbilinear signals. Although U-PLS/
RBL has been proposed for this task [5], the RBL procedure only
works properly when data from unexpected components are
bilinear. This is due to the fact that RBL models the signals of
unexpected components via singular value decomposition (SVD)
[17]. Therefore, the number of components needed to model the
data may be extremely large, precluding the possibility of
modeling the full variability of the data by only using a few of
the first components. Thus, RBL will probably fail to model the
matrix, not because of inability to model a nonbilinear matrix,
but because of the fact that the large series of bilinear
components that would be required to do so is truncated in
some arbitrary way, i.e., if fifteen RBL components are necessary
to model the variability of one interferent, this number should
be truncated because it is not practical, or even feasible,
especially when more than one interferent should be consid-
ered.

In an earlier work [8], the second-order advantage was
gained from TSFSM data modeling with both U-PLS/RBL and
MCR-ALS, but in the latter case the second-order data were
previously unfolded assuming that the unfolded-TSFSM data set
have a bilinear structure [12], i.e., the strategy consisted in
modeling first-order responses with MCR-ALS, and exploiting
the potentiality of the correlation constraint [18].

Herein, we present a novel method that comprises nonbi-
linear partial least squares followed by the modeling based on
MCR-ALS with the correlation constraint. During the interferent
modeling step, profiles corresponding to interfering species are
extracted by MCR-ALS processing of unfolded data and
incorporated into a step which updates the PLS scores in order
to minimize the residual of the model. The new algorithm has
been named unfolded partial least squares with interference
modeling of non bilinear data by multivariate curve resolution
by alternating least squares (U-PLS/IMNB/MCR-ALS). Both
simulated and experimental data sets are used to compare
the prediction ability of the new method to conventional U-PLS/
RBL, PARAFAC and the previously mentioned unfolded MCR-ALS.
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2. Experimental

2.1. Simulations

Simulations of nonbilinearmatriceswere carried out in order to
illustrate the behavior of the new second-order calibration
algorithm U-PLS/IMNB/MCR-ALS and to compare its performance
with other algorithms: PARAFAC (which requires the bilinearity
fulfillment), U-PLS/RBL (which needs to add a large number of
factors in order to succeed) and unfolded MCR-ALS (which can fail
if the system is highly complex). The simulated system considered
the presence of a single analyte in the calibration samples, and the
analyte and one concomitant in the test samples. As such, its
proper resolution requires adherence to the second-order advan-
tage. Nonbilinear matrices were generated from the noiseless
excitation and emission profiles shown in Fig. 1.

The same spectral profiles were used to generate an excitation–
emission matrix for each sample component. Fig. 2 shows the
contour plot of an EEM corresponding to a mixture of both
components. Data matrices built in this way had a dimension of
100�100. Every row in the box inside the EEM contour plot
corresponds to a synchronous fluorescence spectrum (diagonal
elements of thematrix starting at sensor 1 and ending at sensor 50)
hypothetically recorded at a given Dl value.

A calibration set of five matrices only containing the analyte at
nominal concentrations of 1.0, 2.0, 3.0, 4.0 and 5.0 (in arbitrary
units, a.u.) was built. The size of every matrix was 25�50 (50 data
points corresponding to the spectral dimension, and 25 to the
offset dimension). One set of 9 test samples was created containing
both analyte and interferent. The concentrations were set
according to Table 1. Significant amounts of the interferent were
established using a central composite design.

Fig. 3 shows the simulated nonbilinear data obtained for the
two compounds at each one of the 25 wavelength offsets. It should
be noted that although the way of obtaining the simulated data
cannot be exactly the same as when real spectra are recorded; the
simulated spectra trend is the same as that observed for
experimental data.

A further approximation to a real experimental data set was
made by adding noise to all simulated spectra from a Gaussian
distribution having a standard deviation equal to 1% of the
[(Fig._1)TD$FIG]

Fig. 1. Simulated excitation (A) and emission (B) spectra of analyte (blue solid line) and
figure legend, the reader is referred to the web version of this article.)
maximum calibration signal. The final values were employed to
build the calibration and validation data sets. The second-order
nonbilinear data for each of the 9 test sampleswere then combined
to those from the calibration set, and each sixteen-sample data set
(five standards in triplicate plus the test sample) was submitted to
second-order calibration with PARAFAC, U-PLS/RBL, unfolded
MCR-ALS and the novel U-PLS/IMNB/MCR-ALS. Analyte predictions
were stored for statistical analysis and future comparison.

2.2. Experimental system

The experimental system consisted in the determination of
ciprofloxacin (CPF) inwater samples in the presence of norfloxacin
(NOR), which was used as the potential interferent due to its
common occurrence and the strong spectral overlapping with CPF.

2.2.1. Chemicals and reagents
Analytical reagent-grade chemicals and ultrapure water,

obtained from a Milli-Q water purification system from Millipore
(USA), were used throughout the experiments. Ciprofloxacin (CPF)
and norfloxacin (NOR) were obtained from Fluka (Switzerland).
Lichrosolv1 HPLC grade methanol and glacial acetic acid were
purchased from Merk (Germany). Sodium dodecyl sulfate (SDS),
tris-[hydroxymethyl] aminomethan (Tris) and yttrium nitrate
were obtained from Cicarelli (Argentina), Applichem (Germany)
and Sigma (USA), respectively.

Stock solutions of CPF (300.0mgL�1) and NOR (250.0mgL�1)
were prepared by dissolving the appropriate amounts of each
fluoroquinolone in methanol. Solutions were stored in the dark at
4 �C. Working standards were freshly prepared by diluting stock
solutions to the desired concentrations with Milli-Q water. Tris
buffer 0.2mol L�1 was prepared in Milli-Q water and adjusted to
pH 4 with glacial acetic acid and a pH meter Hanna Instrument
(USA). SDS 0.3mol L�1 and yttrium 0.02mol L�1 solutions were
prepared by appropriated dilution of the solid drugs in Milli-Q
water.

2.2.2. Calibration and validation samples
Five standard calibration solutions of the analyte (two

replicates) were prepared in the concentration range from
100 to 500ngmL�1. In addition, five standard solutions of NOR
interferent (dashed red lines). (For interpretation of the references to colour in this
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Fig. 2. Simulated excitation–emission matrix for a mixture containing the analyte
and a single interferent. The rows inside the box contain the simulated synchronous
spectra at different wavelength offsets.
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in the concentration range from 200 to 600ngmL�1 were
prepared. The validation set consisted of seven samples prepared
in concentrations ranging from 150 to 450ngmL�1 and 250 to
550ngmL�1, for CPF and NOR, respectively.

Calibration and validation samples were prepared by measur-
ing appropriate aliquots of the standard solutions of each
quinolone, placing them into 2.00mL volumetric flasks to obtain
the desired concentrations, adding 20.0mL of yttrium 0.02mol L�1,
200.0mL of Tris buffer 0.2mol L�1 and 100.0mL of SDS solution
0.3mol L�1 and completing to the mark with Milli-Q water. All of
the samples were prepared in duplicate. The selected concen-
trations for the studied drugs are within those found in biological
fluids and environmental samples [19].

2.2.3. Instrumentation
All measurements were performed with a Varian Cary Eclipse

fluorescence spectrophotometer (Agilent Technologies, Germany)
equipped with a xenon flash lamp. Excitation and emission band-
pass were kept at 5nm and the detector’s voltage was 600V. The
fluorescence characteristics of CPFandNORwerefirstly investigated
Table 1
Results obtained when modeling simulated data with PARAFAC, U-PLS/RBL, MCR-ALS a

Sample Analyte nominal concentration Interferent nominal concentra

(arbitrary unity)

V1–1 1.59 1.59
V1–2 4.41 1.59
V1–3 3.00 3.00
V1–4 1.00 3.00
V1–5 4.41 4.41
V1–6 5.00 3.00
V1–7 1.59 4.41
V1–8 3.00 1.00
V1–9 3.00 5.00
REP% – –

a The number of responsive components was set by analyzing the residuals of the le
b The number of interferents was set on 3 for all the samples as a compromise value
c Two components were considered.
d One factor extracted by MCR-ALS (see Eq. (9) text).
byrecordingexcitationandemissionspectrafrom262to358nmand
391 to509nm, respectively. Datapointswere collectedat4nmsteps
for excitation and 0.5nm steps for emission. Hence, the size of each
excitation–emission data matrix (EEM) was 237�25. Synchronous
fluorescencespectrawererecordeduponsampleexcitationbetween
250.9 and 358nm, each 4nm. Synchronous offsets varied from80 to
200nmat 5nmwavelength intervals. The resulting size of each TSFS
data matrix was 217�25.

2.3. Software for chemometric analysis

All calculations were done using MATLAB 7.10 [20]. PARAFAC
and U-PLS/RBL were applied with the MVC2 graphical user
interface written in MATLAB by Olivieri et al. [21] and available
on the Internet [22]. MCR-ALS was implemented using the
concentration correlation constraint developed by R. Tauler [18].
All performed simulations and the new U-PLS/IMNB/MCR-ALS
method were implemented using in-house routines.

3. Theory

3.1. The U-PLS/RBL model

The first calibration step of this algorithm employs concentra-
tion information solely from known standards and excludes
information from the unknown sample [23]. The I calibration data
matrices Xc,i (size J�K, where J and K are the number of channels
in each dimension) are vectorized (unfolded) and used to
calibrate–along with the vector of calibration concentrations y
(I�1)–a usual U-PLS model. This calibration provides a set of
loadings P and weight loadings W (both of size JK�A, where A is
the number of latent factors), as well as regression coefficients v
(size A�1). Techniques such as leave-one-out cross-validation
allow for the acquisition of the A parameter [24]. In the absence of
unexpected agents in the test sample, v can be employed to
estimate the analyte concentration via the following equation:

yu ¼ tTuv (2)

where tu is the test sample score obtained by projection of the
(unfolded) data for the test sample (xu) onto the space of the A
latent factors:

tu ¼ ðWTPÞ�1WTXu (3)

When unexpected constituents occur in Xu, the sample scores
given by Eq. (3) are not suitable for analyte predictionwith Eq. (2).
nd U-PLS/IMNB/MCR-ALS

tion Predicted concentration
(arbitrary unity)

PARAFACa U-PLS/RBLb MCR-ALSc U-PLS/IMNB/
MCR-ALSd

3.31 1.74 1.84 1.60
6.21 4.56 4.69 4.45
6.45 3.30 3.47 3.27
4.38 1.28 1.46 0.89
9.61 4.84 5.01 4.71
8.45 5.30 5.00 4.98
6.76 1.76 2.25 1.63
4.11 3.10 3.18 3.10
8.93 3.26 3.75 3.06
152.9 10.3 18.7 5.9

ast-squares fit of the three-way data array to the trilinear model (A=2).
.
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Fig. 3. Simulated synchronous spectra of analyte (A) and inteferent (B) generated at 25 wavelength offsets.
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In the presence of unexpected constituents, the residuals of the U-
PLS prediction step [sp, see Eq. (4)] become abnormally large in
comparison to the instrumental noise:

Sp ¼ k ep kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðJK � AÞp ¼ k xu � PðWTPÞ�1ÞWTxu kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðJK � AÞp ¼ k xu � Ptu kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðJK � AÞp (4)

where || � || indicates the Euclidean norm.
The case of unexpected sample constituents can be handled by

RBL, an algorithm that models interference effects via SVD. This is
achieved by minimizing the norm of the residual vector (eu) while
fitting the sample data to the sum of the relevant contributions to
the sample signal. For single component interference, the
following equation applies:

xu ¼ PtuRBL þ vec gintbintðcintÞT
h i

þ eu (5)

where bint and cint are the left and right eigenvectors of Ep and gint
is a scaling factor obtained during the following SVD procedure:

ðgint;bint; cintÞ ¼ SVD1ðEpÞ (6)

where Ep is the J�K matrix obtained after reshaping the JK�1 ep
vector of Eq. (4), and SVD1 indicates taking the first principal
component.

The RBL procedure consist inmaintaining thematrixof loadings
P in Eq. (5) constant at the calibration values and tu is varied until ||
eu || is minimized. During this minimization step, profiles for the
unexpected constituents are continually updated through Eq. (5).
The minimization can be carried out using a Gauss–Newton (GN)
procedure starting with tu from Eq. (4). Once || eu || is minimized in
Eq. (5), the analyte concentrations are provided by Eq. (2), by
introducing the final tuRBL vector found by the RBL procedure.

The number of unexpected constituentsNunx can be assessed by
comparing the final residuals su with the instrumental noise level:
Su ¼ k eu kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
JK � Nc � Nunx

p (7)

where eu is from Eq. (5). A plot of su versus the trial number of
components will show a decreasing trend. The highest sp value in
the plot corresponds to a number of components equal to A, i.e. the
number of latent variables used to describe the calibration data.
The correct number of components is then graphically obtained
from a stabilized su value that is compatible with the experimental
noise.

3.2. The U-PLS/IMNB/MCR-ALS model

The new procedure described herein (IMNB/MCR-ALS) over-
comes the RBL difficulty to handle the nonbilinear structure of data
having a reduced number of components. The basic idea of IMNB/
MCR-ALS is similar to that of the classical RBL method, which is to
minimize the norm of the residual vector eu computed by fitting
the relevant contributions of the calibration data set and the
contribution of interfering concomitants (see Eq. (5)). The main
difference is the use of MCR-ALS. This algorithm is implemented to
extract a vector profile for each interferent from an augmented
matrix D [of size (I +1)� JK] built with both the I unfolded
calibrationmatrices xc,iT (of size 1� JK) and the unfolded unknown
test sample xuT (1� JK):

D ¼ xu
Tjxc;1

Tjjxc;2
Tj:::jxc;I

T� �
(8)

The augmented matrix D is decomposed by MCR (see below
restrictions that need to be applied):

D ¼ CST þ EMCR (9)

where C [of size (I +1)� F, being F the number of components
estimated by PCA that should be equal to the number of calibrated
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Fig. 4. Schematic representation of the application of MCR-ALS with correlation constraint to the decomposition of a simulated data matrix. The matrix results from five
standard unfolded TSFS matrices and one validation sample containing both analyte and interferent. The procedure was used to generate both spectral profile and
concentration of the interferent necessary to minimization in Eq. (11).
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components plus the number of interfering agents] contains the
concentration scores, and ST (of size F� JK) contains the profiles of
calibrated and interfering components. In the case of a single
calibrated analyte and a single interferent:

S ¼ sintjsc½ � (10)

where sint (JK�1) and sc (JK�1) are the vectors containing the
profiles of the interferent and the calibrated analyte, respectively
(see Fig. 4).

The possibility to apply constraints to better model the shapes
of the C and ST profiles occurs during ALS optimization. Non-
negativity can be applied to both concentration profiles and their
related resolved spectra. Another possibility –which is explored in
the present work – is to apply a correlation constraint to obtain
concentration values in the real concentration scale [18]. In each
iterative cycle of the resolution analysis, this constraint performs a
regression model between the calculated MCR-ALS concentration
[(Fig._5)TD$FIG]

Fig. 5. Scheme illustrating how the new U-PLS/IMNB/MCR-ALS method works. See
text for explanation of symbols.
values (in arbitrary units) and the reference concentration values
that are known from the calibration samples. The established
regressionmodel is then used to update the values of the MCR-ALS
concentration profiles to the real concentration scale. The outcome
of this step provides a straightforward correlation among the
values of the final resolution concentrations and the real
concentrations in the sample.

In the final step, the contribution of the interferent, extracted
from the ST matrix and its corresponding concentration value, is
then modeled in the IMNB/MCR-ALS procedure according to the
following expression:

xu ¼ PtuIMNB þ cintsint þ eu (11)

where cint is the concentration score for the interferent in the test
sample.

Fig. 4 illustrates the decomposition of a matrix built with data
extracted from the simulated example and composed of five
unfolded calibration matrices and one unknown sample. The
unfolded TSFS vector corresponding to the interference spectral
profile (sint) and its score (cint) are obtained from the MCR-ALS
decomposition.

The minimization of || eu || with the IMNB/MCR-ALS procedure
is carried out by keeping P constant at the calibration values and
obtaining new PLS scores (tuIMNB) with a linear fit by projecting (xu
– cint sint) onto the generalized inverse of P in Eq. (11). Then, the
substitution of tu for the final value of the tuIMNB vector in Eq. (2)
provides the analyte concentration in the sample. The complete
process is outlined in Fig. 5.

Finally, it shouldbe taken intoaccount that thiskindofvectorized
structure will behave in a bilinear way only if the nonbilinear
deviation pattern of the response is very reproducible among
samples. This happens in synchronous fluorescence spectroscopy,
but may not happen in other examples of nonbilinear systems.

3.3. PARAFAC

As previously mentioned, PARAFAC [4] appears to be the
appropriate algorithm to handle data that follow the trilinear
structure, i.e., the three-way array built with a set of bilinear
second-order data (see Eq. (1)). In the present work, we use
PARAFAC to show how the bilinearity loss affects themodeling and
prediction ability of this type of algorithm.

4. Results and discussion

4.1. Simulated data

The strong overlapping that exists among the spectral features
of the analyte and the interferent at all Dl values (see Fig. 3) calls
for an algorithm with the second-order advantage. Table 1
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summarizes the results obtained with PARAFAC, U-PLS/RBL, MCR-
ALS and U-PLS/IMNB/MCR-ALS. The extremely poor recoveries
(relative error of prediction, REP%>100) obtained for the nine
solutions of the test sample data set are due to the inability of
PARAFAC to handle the nonbilinear structure of the analyzed data.
The number of responsive components (A =2) used to build the
calibration model was obtained by analyzing the residuals of the
least-squares fit of the three-way data array.

In the application of U-PLS/RBL, the number of latent variables A
is assessed with the leave-one-out cross-validation criterion [24].
Since in our case the only responsive component in the calibration
samples was the analyte, A was equal to 1. The contribution of
unexpected components (Nunx) was evaluated by applying the RBL
method to the test sample data. The analysis of the residuals su
obtained with the RBL procedure was done according to Eq. (7).
Table 2 shows the variation of the residuals and predictions for
validation sample V1–1. The tabulated figures indicate that the
residual (0.010) stabilizes at Nunx = 3. Considering the presence of a
single interferent in the test sample, the necessity of introducing a
larger number of components to better modeling the contribution
of the interference becomes evident. In this case, in which one
unexpected compound is considered, three components allow to
obtain a recovery of 109.4%. On the other hand, if a large number of
components is considered (Nunx = 15), the prediction notably
improves, reaching to a recovery of 100.6%. Unfortunately, this
excessive number of componentsmakes the strategy impracticable
in the case of two ormore unexpected components. The U-PLS/RBL
predictions (usingNunx = 3 as a compromise value, i.e. the large
series of bilinear components that would be required to do so is
truncated in some arbitrary way) for the nine samples of the
validation set are summarized in Table 1. Although the results are
better than those obtained with PARAFAC, the predicted concen-
trations are still far from satisfactory. Once again, it should be
stated that the results could be improved using Nunx = 15, but we
consider this as an unfeasible approach.

Similar consideration can be made with the MCR-ALS modeling
with unfolded data. In this case, it is expected that the second-
order advantage can be exploitedwith first-order data, as achieved
with data presenting lower overlapping [18]. However, predictions
are still poor owing to the high complexity of the simulated system
(see Fig. 3), although they are better than those gathered with
U-PLS/RBL with Nunx = 3.

The prediction results obtained via the U-PLS/IMNB/MCR-ALS
algorithm for the nine validation samples are summarized in the
Table 2
Number of unexpected components, residuals and predicted concentration of analyte in v
PLS/RBL. Calibration fit residue=0.0010.

Number of unexpected components (Nunx) Sample residual after RB

0 0.0670
1 0.0100
2 0.0026
3 0.0010
4 0.0010
5 0.0010
6 0.0009
7 0.0009
8 0.0009
9 0.0009
10 0.0009
11 0.0009
12 0.0008
13 0.0008
14 0.0008
15 0.0008

a Predicted concentration in arbitrary unities.
b Recovery (%) = (predicted/nominal)�100.
last column of Table 1. The better values obtained with this
algorithm in all cases account for its superior ability to modeling
the nonbilinear interference. In this case, it can be postulated that
using the profile retrieved by MCR-ALS in the minimization step
(Eq. (11)) has a similar effect aswhen using ca.15 factors in the SVD
decomposition of the residual matrix in the RBL procedure
(Eq. (6)).
4.2. Experimental system

CPF and NOR are fluoroquinolones, antibacterial agents widely
used in human and veterinarymedicine. Consequently, these drugs
end up in wastewaters coming from hospital and municipal
emissions, whereas veterinary drugs are excreted by the animals
and are released in the manure. Residues of these antibiotics have
been reported in the natural environment in many countries [19].
Therefore, monitoring of low quantities of these compounds from
different environmental matrices is essential for human health
protection and environmental control.

Recently, Tong et al. reported the enhancement of enrofloxacin
(another fluoroquinolone) synchronous fluorescence signal based
on the yttrium(III)-perturbed luminescence [25]. Although the
strategy is advantageous in the sense of improving the figures of
merit, it precludes the discrimination of the signals originated by
the analyte and CPF or NOR, used as interferences. Thus, the object
of the present work was to record second-order TSFSM and
modeling them with a suitable second-order algorithm which
allows the quantitation of CPF in the presence of NOR as
interferent.

It should be remarked that the excitation and emission spectra
are highly overlapped, especially in the excitation spectra (see
Fig. 6), and that the modeling of EEMs with U-PLS/RBL furnishes
very poor results (data not shown). On the contrary, synchronous
spectra present some slight differences that can be appreciated by
visual inspection of Fig. 7. Therefore, some improvement in the
prediction results could be expected if the data are conveniently
modeled.

Table 3 summarizes the results obtained with PARAFAC, U-PLS/
RBL, MCR-ALS and U-PLS/IMNB/MCR-ALS. Although PARAFAC
provided considerably better results than those reported in Table 1,
the worst results were still obtained with this algorithm (relative
error of prediction, REP% 55.1). The number of responsive
components (A =2) used to build the calibration model was
alidation sample number 1 (nominal concentration equal to 1.59) when applying U-

L procedure Predicted concentrationa Recovery (%)b

2.59 162.9
2.04 128.3
1.86 117.0
1.74 109.4
1.74 109.4
1.74 109.4
1.74 109.4
1.74 109.4
1.72 108.2
1.71 107.5
1.71 107.5
1.71 107.5
1.71 107.5
1.70 106.9
1.62 101.9
1.60 100.6
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Fig. 6. Excitation and emission spectra of CPF 300ngmL�1 (blue solid lines) and
NOR 300ngmL�1 (red dashed lines). (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)
[(Fig._7)TD$FIG]

Fig. 7. Synchronous spectra of CPF 300ngmL�1 (blue solid line) and NOR
300ngmL�1 (red dotted line) generated at different wavelength offsets (between
80 and 200nm, each 10nm). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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obtained as described previously for the simulated system. The
same is true for all calculations involving U-PLS/RBL modeling.
Since the calibration samples were pure CPF standard solutions,
Table 3
Results of the experimental data set corresponding to ciprofloxacin quantitation in the

Sample CFP NOR. Predicted
(ngmL�1)

nominal concentration
(ngmL�1)

PARAFACa

1 410 290 550
2 450 400 640
3 300 550 520
4 190 510 400
5 300 250 320
6 190 290 260
7 150 400 280
REP% – – 55.1

a The number of responsive components was set by analyzing the residuals of the le
b Value between parenthesis corresponds to number of interferents being considere
c Two components were considered.
d One factor extracted by MCR-ALS (see Eq. (9) text).
the number of latent variables (A) was equal to 1. The behaviors of
the number of unexpected components (Nunx) and the residuals
(su) were similar to those observed for the simulated system. By
using one component for modeling the calibration data and a
variable number of unexpected components (ranged from 4 to 8),
U-PLS/RBL provides better REP% than PARAFAC (see Table 3).
Similar considerations to those for the simulated system can be
made when applying MCR-ALS.

The best results are attainedwith U-PLS/IMNB/MCR-ALS, which
provided a REP% value of 11.8. The latter supports the fact that the
correct modeling of the interferent signal allows for a similar
performance to that obtained when an extremely large number of
factors is considered in the RBL procedure, as was commented for
the simulated system. Finally, it is important to note that a pre-
concentration step is necessary to reach the sensitivity required for
water monitoring of these emerging contaminants. In this sense,
we achieved a 1000-fold pre-concentration by using solid phase
extraction with C18 membranes. Thus, concentration levels of
200 ppt of CPF and NOR could be measured in real samples by the
presented method.

5. Conclusions

The second-order advantage for modeling strong spectral
overlapping from data with nonbilinear structure has been
achieved with a new algorithm that couples unfolded partial least
squares withMCR-ALS. The enhanced prediction ability of the new
method – U-PLS/IMNB/MCR-ALS – was demonstrated with both
simulated and experimental data. Its prediction ability was
compared to the performances of three well-known second order
calibrationmethods, namelyU-PLS/RBL,MCR-ALS and PARAFAC. In
all the investigated systems, the new method showed better
prediction ability than the established methodologies.

Further work will be needed to deeply understand the behavior
of specific algorithms in relation to the presently analyzed data. In
addition, issues such as figures of merit computation should be
focused, in order to make better comparisons among different
algorithms. In this report, two examples having a single analyte
and a single interferent have been studied. Although the results are
promising, additional work is being carried out in our lab to
confirm these trends inmore complex samples inwhich additional
analytes and potential interfering components occur.
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