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Abstract Matrix augmentation is regularly employed in ex-
tended multivariate curve resolution-alternating least-squares
(MCR-ALS), as applied to analytical calibration based on
second- and third-order data. However, this highly useful con-
cept has almost no correspondence in parallel factor analysis
(PARAFAC) of third-order data. In the present work, we pro-
pose a strategy to process third-order chromatographic data
with matrix fluorescence detection, based on an Augmented
PARAFAC model. The latter involves decomposition of a
three-way data array augmented along the elution time mode
with data for the calibration samples and for each of the test
samples. A set of excitation–emission fluorescence matrices,
measured at different chromatographic elution times for drink-
ing water samples, containing three fluoroquinolones and un-
calibrated interferences, were evaluated using this approach.
Augmented PARAFAC exploits the second-order advantage,
even in the presence of significant changes in chromatograph-
ic profiles from run to run. The obtained relative errors of
prediction were ca. 10 % for ofloxacin, ciprofloxacin, and
danofloxacin, with a significant enhancement in analytical

figures of merit in comparison with previous reports. The
results are compared with those furnished by MCR-ALS.

Keywords Liquid chromatography . Third-order data .

Fluoroquinolones .Water samples .Augmented parallel factor
analysis

Introduction

Nowadays, analytical laboratories have the capacity to gener-
ate a wide variety of second- and higher-order instrumental
data. Whenever these data are conveniently modeled, signifi-
cant enhancement in basic analytical properties can be
achieved [1]. The implementation of multi-way calibration
has become an interesting way to improve the quality of the
results when developing analytical methods to be applied for
the quantitation of target analytes in complexmatrices, such as
those present in biological and environmental samples [1, 2].

High performance liquid chromatography (HPLC) can be
combined with spectroscopic techniques [UV-visible diode-
array detection (DAD), fast-scanning fluorescence detection
(FSFD), or mass spectrometric detection (MS)], producing
spectral-elution time second-order data [1]. Interestingly,
when full selectivity in the chromatographic separation cannot
be achieved, second- or higher-order multivariate calibrations
can be implemented to the corresponding three- or multi-way
arrays, even in the presence of unexpected components, a
property known as the second-order advantage [3]. It should
be stressed that the application of higher-order calibration in
the chromatographic field furnishes additional benefits such as
decreasing cost and time of analysis, contributing to the green
analytical chemistry principles [4].
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As regards third-order multivariate calibration, suitable data
arrays can be generated with chromatographic systems
equippedwith a proper detection device. One common example
of third-order data involving chromatography is comprehensive
two-dimensional gas chromatography coupled to (time of flight)
mass spectrometric detection (GC×GC-TOFMS) [5]. Another
example is the recording of excitation-emission matrices
(EEMs) as a function of elution time. In the latter case, a first
attempt was recently made by performing several chromato-
graphic runs, and recording the emission spectra for every run
at a different excitation wavelength across the excitation spectra
of the compounds of interest. This methodology was applied to
the determination of chlorophylls a and b and pheophytins a
and b in olive oil [6]. Another procedure for third-order data
generation was carried out collecting chromatographic fractions
every 2 s, obtaining an EEM for each collected fraction. This
methodology was applied for quantitative purposes for the first
time, allowing the quantitation of two quinolones in water sam-
ples in the presence of unknown components [7].

In theory, it is possible to extend the concepts and algo-
rithms associated to second-order data to third-order data [8,
9]. Therefore, several algorithms were proposed to process
third-order chromatographic data but, as mentioned above,
few practical applications have been reported [6–8]. If the
latter data are registered for a group of samples, a four-way
array can, in principle, be constructed, in which case the sim-
plest model is the (low-rank) quadrilinear one, implying that:
(1) the three instrumental profiles for each constituent are the
same in all samples, and (2) the events taking place in the data
modes are independent of each other [8]. When this occurs, to
extract useful information from the data, four-way parallel
factor analysis (PARAFAC) [10] and some variants [11, 12]
may be the best choices. In this regard, the data generated in
this work (elution time-EEM data) will be quadrilinear if the
elution time profiles show no timemisalignments among sam-
ples. Unfortunately, chromatographic data usually present var-
iations in constituent profiles in the time mode from sample to
sample. Multivariate curve resolution coupled to alternating
least-squares (MCR-ALS) [13] is one of the most appropriate
models for this kind of problem. Under the latter approach,
two of the three data modes must be unfolded to create a data
matrix for each sample so that the latter could then be arranged
into a bilinear super-augmented matrix [5]. The unfolding
operation is performed on the modes where the component
profiles do not change from sample to sample (i.e., the spectral
excitation and emission modes). An alternative is to align or
synchronize the data in the elution time mode using warping
procedures [14], which may restore the quadrilinearity of the
data and make them amenable to PARAFAC modeling.
Finally, strategies exist based on PARAFAC variants such as
PARAFAC2 [10], which is more flexible regarding changes in
elution profiles from sample to sample, although this latter
approach is less useful in the presence of interferents [15].

In principle, an Augmented PARAFAC strategy is capable
of processing third-order chromatographic-EEM data via a
three-way array, which maintains the original data structure
[8]. For each test sample, an augmented three-dimensional
array in the elution time direction is produced by appending
the data for the calibration samples to those for each test sam-
ple. The approach is analogous to matrix augmentation in
calibration with MCR-ALS, but in the former case, the de-
composition of the data in the three modes (exCitation,
emission, and augmented elution time) is unique and may
not require restrictions.

In sum, if third-order data are quadrilinear, a four-way
PARAFAC model would be the best choice, both regarding
the retrieval of pure component properties along the different
data modes and analyte predictive ability. This would also be
the case if non-quadrilinear data of chromatographic origin
can be adequately synchronized, although this does not appear
to be a straight-forward procedure in the case of complex
samples. Better alternatives are those based on augmentation
along the elution time mode, such as MCR-ALS and
Augmented PARAFAC, to be compared in the present report.
Finally, PARAFAC2 appears to be less flexible towards sam-
ples containing uncalibrated interferences.

Concerning the target analytes of the present work,
fluoroquinolones (FQs) were chosen as models to show the
potentiality of the proposed strategy of third-order data gener-
ation and pertinent modeling with Augmented PARAFAC.
FQs are highly useful antibacterial agents that are widely used
in human and veterinary medicine, being administrated in
large quantities to humans and animals. Consequently, these
drugs end up in wastewaters coming from hospital and mu-
nicipal 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 [16]. Therefore, monitoring of low quantities
of these compounds from different environmental matrices is
essential for human health protection and environmental con-
trol. A large number of methods for the determination of FQs
in environmental waters have been published, especially in-
cluding liquid chromatography with fluorescence (LC-FD) or
mass (LC-MS) detection [17]. Recently, the quantitation of
eight quinolones in ground water samples, with ultrasound-
assisted ionic liquid dispersive liquid–liquid microextraction,
prior to high-performance liquid chromatography and fluores-
cence detection, has been published, reporting limits of detec-
tion between 0.8 and 13 ng L–1 [18]. On the other hand, two
reports were very recently published proposing methods for
quantitation of FQs in water using HPLC-FSFD and capillary
electrophoresis with DAD coupled to second-order calibration
[19, 20].

In the present report, a study comparing Augmented
PARAFAC and MCR-ALS was carried out. The purpose is
two-fold: on one hand, we demonstrate that third-order
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instrumental data can be processed using a model (Augmented
PARAFAC), which best preserves the original data structure,
potentially leading to better selectivity and sensitivity. On the
other, we show the benefits of the proposed strategy to deter-
mine simultaneously three FQs in drinking water samples
from different sources, in the presence of uncalibrated com-
pounds. The method is in accordance with the green analytical
chemistry principles, since it implies decreasing cost and time
of analysis.

Theory

Three-way Augmented PARAFAC

Constituent profiles may change from sample to sample along
any of the three instrumental modes of third-order data [8].
However, in our experimental approach, only the elution time
mode is affected by these changes. The approach applied at
present implies the building of an augmented trilinear (strictly
speaking, low-rank trilinear) three-way array. Certainly, the
augmentation operation should be done along the mode where
the profile changes occur among samples. The main advantage
of this strategy is that the model could, in principle, be uniquely
decomposed into excitation, emission, and augmented elution
time profiles without applying any restriction at all [8].

In the present report, the augmented three-way array Xap is
created along a combined sample-elution time mode [8], and
has dimensions P×K×L (P=IJ), where I, J, K, and L are the
number of samples, elution times, excitation, and emission
wavelengths, respectively. The corresponding Augmented
PARAFAC model can be represented by

xap;pkl ¼
XN

n¼1

aap;pnbap;kncap;ln þ eap;pkl ð1Þ

where decomposition is accomplished in three loading matri-
ces Aap, Bap, and Cap, with sizes P×N, K×N, and L×N, re-
spectively (N is the number of responsive components). The
model residuals are collected into Eap, whose sum of squared
elements is minimized during data processing [21]. The ma-
trix Aap collects the augmented profiles along the combined
sample-elution time modes and carries concentration informa-
tion regarding the responsive constituents in a similar manner
to the profile matrix retrieved in the augmented mode of
MCR-ALS (Cmcr, see Electronic Supplementary Material).

Augmented PARAFAC can be implemented through a typ-
ical alternating least-squares process. The initialization of the
model was made from the experimental excitation and emis-
sion spectra. The value ofN can be estimated by consideration
of the Augmented PARAFAC residual error (i.e., the standard
deviation of the elements of the array Eap in Equation 1 [21].

In general, this parameter decreases with increasing N, until it
stabilizes at a value compatible with the instrumental noise. A
reasonable choice for N is the smallest number of components
for which the residual error is not statistically different from
the instrumental noise.

After convergence, the matrices Aap, Bap, and Cap serve to
properly characterize the experimental system, since they
gather similar information to that furnished by MCR-ALS.
Indeed, Bap contains the excitation spectra, and Cap the emis-
sion spectra of the chemical constituents under investigation.
A combined form of these profiles can be found inMCR-ALS
into the (Smcr

T) matrix of Equation 1S, as shown in the
Electronic Supplementary Material. On the other hand, Aap

contains information relative to the analyte concentrations,
in the same way as theCmcr matrix of Equation 1S. In analogy
with MCR-ALS, absolute analyte concentrations are obtained
after calibration because the three-way array decomposition
only provides relative values inAap. In view of the fact that the
resolved chromatographic profile for each component in the
matrix Aap consists of merged calibration and test profiles,
caution must be taken when building the univariate calibration
graph against analyte concentrations. Component scores are
generated from the elements ofAap according to the following
expression:

gap i; nð Þ ¼
Xi J

p¼1þ i−1ð Þ J
aap p; nð Þ ð2Þ

in which gap(i,n) is the score for the component n in the ith
sample, extracted from the nth chromatographic sub-
profile of Aap.

The three-way Augmented PARAFAC model of
Equation 1 should be unique and would not require
constraints for successful decomposition [8]. However,
as discussed below for the studied water samples, some
constraints were necessary for adequate resolution.
Therefore, the new strategy includes the option to re-
strict the system with similar constraints to those regu-
larly employed in the case of MCR-ALS (i.e., non-
negativity and unimodality), which can be imposed on
individual profiles along each mode and in each sub-
array of the augmented data set. Also, the correspon-
dence among species and samples in the case of sam-
ples containing uncalibrated interferents can be applied.
Figure 1 shows the flow chart of the Augmented
PARAFAC model. For a better understanding, it is rec-
ommended to see Figure 1S in the Electronic
Supplementary Material, which corresponds to the flow
chart of the MCR-ALS model, and compare it with
Figure 1.

Details on MCR-ALS are provided in the Electronic
Supplementary Material for comparison.
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Experimental

Chemicals and reagents

All standards were of analytical grade. Ofloxacin (OFL) and
enoxacin (ENO) were provided by Sigma, Seelze, Germany.
Ciprofloxacin (CPF) and danofloxacin (DNF) were purchased
from Fluka, Buchs, Switzerland. Marbofloxacin (MRF) was
provided by Molekula, Shaftesbury, UK. Methanol and ace-
tonitrile, both of LC grade, were obtained from J.T. Baker,
Deventer, The Netherlands. Ultrapure water was obtained
with a Milli-Q water purification system from Millipore,
Bedford, USA. Acetic acid was purchased from Cicarelli
(San Lorenzo, Argentina) and sodium acetate trihydrate was
provided by Anedra (Tigre, Argentina).

Calibration, validation and real samples

Stock standard solutions of the five pharmaceuticals were pre-
pared in methanol, all at a concentration of 350 mg L−1, and
were maintained at 4 °C in the dark. Working standard solu-
tions were prepared daily by dilution of the stock standard
solutions in water. Tap, commercial mineral, and well water
were used to prepare the test samples.

A calibration set of 12 standard samples was prepared by
transferring appropriate aliquots of OFL, CPF, and DNF stock
solutions to 25.0 mL volumetric flacks and completing to the
mark with ultrapure water. The calibration set was built fol-
lowing a fractional central composite design (α=1.41) with
one center replicate. The final concentrations were between

0.0 and 100.0 μg L−1 for OFL, between 0.0 and 150.0 μg L–1

for CPF, and between 0.0 and 25.0 μg L–1 for DNF.
A 10-sample validation set was built considering concen-

trations of OFL, CPF, and DNF different than those used for
calibration. Additionally, MRF and ENOwere incorporated at
different concentrations as uncalibrated interferences in the 10
validation samples. The validation set was prepared by trans-
ferring appropriate aliquots of the stock solution of each FQ to
25.0 mL volumetric flacks and completing to the mark with
ultrapure water.

Six real samples were spiked at three different concentra-
tion levels for each FQ.MRF and ENOwere also incorporated
as uncalibrated interferences. Real samples were prepared by
transferring appropriate aliquots of the stock solution of each
FQ to 25.0 mL flasks and completing to the mark with tap,
commercial mineral, or well water.

Finally, all solutions were subjected to pre-concentration
data collection and processing in the same way. Final concen-
trations in validation and real samples are summarized in
Tables 1 and 2.

Solid-phase extraction (SPE) procedure

The SPE experiments were performed using commercial
Oasis HLB cartridges (Milford, USA) preconditioned with
1.0 mL of methanol and 2.0 mL of ultrapure water. Samples
(25.0 mL) were introduced into the preconditioned cartridges
at a flow rate of approximately 3 mL min–1. After that, the
cartridges were washed with 2.0 mL of ultrapure water. Since
the elution was performedwith 250.0μLmethanol, a 100-fold

Fig. 1 Flow chart of Augmented
PARAFAC to third-order
chromatographic-EEM data
processing
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pre-concentration factor was achieved. The extract was
injected directly into the chromatographic system.

HPLC-EEM procedure

The chromatographic studies were performed on an Agilent
1100 LC instrument (Agilent Technologies, Waldbronn,
Germany), equipped with degasser, quaternary pump,
autosampler, oven column compartment, UV-visible diode

array detector, fluorescence detector, and the ChemStation
software package to control the instrument, data acquisition,
and data analysis. The analytical column used was a Zorbax
Eclipse XDB-C18, 75 mm×4.6 mm, 3.5 μm particle size
(Agilent Technology).

The column temperature was controlled by setting the oven
temperature at 35 °C. The mobile phase consisted in a
10 mmol L−1 acetic acid buffer (pH=4.0) acetonitrile-
methanol mixture (71:9:20, v/v). Samples were analyzed in

Table 1 Results obtained for validation samplesa

Sample Ofloxacin Ciprofloxacin Danofloxacin

Nom. Pred. Nom. Pred. Nom. Pred.

MCR-ALS AP MCR-ALS AP MCR-ALS AP

1 20.0 21.1 20.1 90.0 99.3 92.5 25.0 27.1 23.2

2 20.0 19.3 19.7 150.0 131.0 121.7 15.0 16.4 15.9

3 60.0 51.1 52.1 30.0 44.9 58.5 5.0 5.3 5.1

4 100.0 101.0 99.7 90.0 95.8 90.9 5.0 8.6 8.9

5 60.0 68.1 70.1 150.0 144.8 147.0 25.0 28.4 28.8

6 100.0 98.9 99.1 150.0 132.7 136.9 15.0 17.8 18.2

7 100.0 104.1 101.0 30.0 21.0 22.0 5.0 7.4 7.6

8 20.0 31.0 31.7 30.0 58.0 51.7 2.0 4.0 4.0

9 60.0 45.3 55.2 30.0 19.8 25.6 8.0 9.6 9.4

10 60.0 55.1 72.3 60.0 54.2 44.3 2.0 5.3 2.6

RMSEP 7 7 14 16 2 2

REP (%) 14.5 13.8 19.0 21.5 19.9 19.1

a Nom. = nominal, Pred. = predicted, AP=Augmented PARAFAC, all concentrations in μg L–1 , REP (%), relative error of prediction, RMSEP, root
mean square error of prediction in μg L–1

Table 2 Results obtained for real samplesa

Sample Ofloxacin Ciprofloxacin Danofloxacin

Added Pred. Added Pred. Added Pred.

MCR-ALS AP MCR-ALS AP MCR-ALS AP

Tap

20.0 30.6 17.4 30.0 26.3 25.0 3.5 3.2 2.9

60.0 81.2 63.8 90.0 78.6 91.2 5.5 7.5 7.6

Ground

60.0 61.9 65.3 90.0 86.6 89.5 2.2 2.7 2.6

40.0 32.2 26.2 60.0 60.5 62.9 9.0 12.8 12.4

Mineral

20.0 12.5 19.1 30.0 19.7 17.0 2.2 1.9 1.9

40.0 41.1 49.9 60.0 91.1 81.3 9.0 9.5 9.2

Rec (%) 106 98 98 97 116 113

RMSEP 11 7 14 10 2 2

REP (%) 21.3 15.0 19.1 14.0 14.4 13.1

a Nom. = nominal, Pred. = predicted, AP=Augmented PARAFAC, all concentrations in μg L–1 , REP (%), relative error of prediction, RMSEP, root
mean square error of prediction in μg L–1 , Rec (%): average recovery
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isocratic mode. The complete analysis was carried out in
3 min. The flow rate was maintained at 1.80 mL min−1.
Samples were filtered through 0.22 μm nylon membrane fil-
ters before injection.

At the end of the chromatographic procedure, each fraction
was collected every 2 s in a 96-wells plate, which is usually
employed for enzyme-linked immunosorbent assays
(ELISA). The collection started after 37 s from the initial time
of the chromatographic run, and it continued during 50 s, in
such a way that 25 fractions were collected for each run. The
ELISA plate was set at the end of the LC instrument and
operated with a homemade device, which automatically
moves the plate, allowing the collection of 60 μL in every
well. This volume was optimized according to the smaller
volume that can be read by the fluorimeter.

All spectrofluorimetric measurements were performed using
a Perkin-Elmer LS-55 luminescence spectrometer (Waltham,
USA) equipped with a plate reader accessory coupled to an
optical fiber and a gated photomultiplier connected to a PC
microcomputer via a RS232C connection. Excitation-
emission fluorescence matrices were collected varying the
emission wavelength between 380 and 500 nm each 2.5 nm,
and registering the excitation spectra from 260 to 340 nm each
2.5 nm. Hence, the size of each data matrix was 17×25. The slit
widths for both excitation and emission monochromators were
fixed at 10 nm, and the detector voltage at 600 V.

Software

The ChemStation software (Agilent Technologies) was
employed for LC instrument control. Two graphical user in-
terfaces (GUI) were written in Processing 2.0b6 [22] for serial
communication between the computer and ArduinoUNO (op-
erating the sampler) [23], and to the fluorimeter. Visual con-
trols were made from the Processing control P5 controller
library form, which can be incorporated into the processing
integrated development environment (IDE) after installation.
The first GUI was made for controlling the Arduino board by
sending parameters for automatic sampling (delay, number of
wells, time between wells) or to manually controlling the po-
sition in real time. The second GUI was installed in the PC for
communication with the fluorimeter, and was responsible for
sending parameters to the fluorimeter (wavelengths, slits, scan
speed, number of wells) and for sequentially plotting spectra
once theywere collected. Themodel ArduinoUNO board was
programmed with the IDE 1.0.1 language.

All employed models were implemented in MATLAB 7.6
[24]. Those for applying MCR-ALS are available in the
Internet at http://www.mcrals.info/. Augmented PARAFAC
was developed as an in-house code inspired in those provided
by Bro in his webpage http://www.models.life.ku.dk/
nwaytoolbox/download.

Results and discussion

Third-order data generation

Figure 2A shows a chromatogram for validation sample No. 1
(Table 1) containing OFL, CPF, DNF, MRF, and ENO (these
two latter compounds were added as unexpected compo-
nents), registered at λexc=291 nm and λem=495 nm. As can
be seen, the five substances cannot be completely separated by
the chromatographic method, but the procedure only requires
84 s to be carried out, attaining the highly recommended green
analytical chemistry principles [4]. On the other hand,
Figure 2B shows excitation and emission spectra of OFL
(λexc=291 nm, λem=495 nm), CIP (λexc=273 nm, λem=
448 nm), DNF (λexc=278 nm, λem=441 nm), MRF (λexc=
295 nm, λem=505 nm), and ENO (λexc=265 nm, λem=
424 nm), allowing us to conclude about the high complexity
of the system under study. Interestingly, the selectivity can be
improved taking advantage of the differences in the excitation
and emission spectra. Thus, 25 fractions were collected every
2 s for each chromatographic run, and then complete EEMs
were registered for each collected fraction. Figure 3 shows the
contour plots of six EEMs corresponding to different fractions
collected between 41 and 62 s for validation sample No. 1. A
visual inspection of this figure makes it apparent the large
amount of information that can be obtained by collecting the
data using the above commented procedure.

It should be stressed that the simultaneous quantitation of
OFL, CPF, and DNF in the presence of two uncalibrated
compounds, which highly interfere in the analysis (see
Figures 2 and 3), has been performed for the first time by
using the present approach. Hypothetically, this methodolo-
gy has the potentiality of being adapted to a high number of
complex chromatographic applications and, in this way, it
may contribute with a two-fold improvement to new
chromatographic-chemometric techniques: (1) it can be im-
plemented to solve a fairly tough problem in the field of
chemometrics (i.e., the misalignment of analyte chromato-
graphic peaks in different runs [25] because under this
new paradigm the changes in peak shapes are naturally in-
corporated as a feature for each analyte, and (2) as the num-
ber of third-order applications increases, new analytical ad-
vantages may be uncovered and added to the already known
second-order advantage of third-order data [26].

On the other hand, by obtaining an EEM at every chro-
matographic time, more information will be available com-
pared with the recording of the emission spectrum at a single
excitation wavelength (or vice versa), selected as a compro-
mise between the optimal wavelengths for each analyte.
Consequently, maximum information for every target analyte
can be gathered exciting at all possible wavelengths, with the
interesting advantage, independently of the chemometric
modeling, that excitation and emission wavelengths are
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optimized, and useful information for peak identification can
be retrieved.

Finally, it is worth mentioning that the methodology
employed here is not the only form to collect third-order
chromatographic EEM data. Until now, two additional
strategies were proposed: (1) several chromatographic
runs were performed for each sample, recording emission
spectra of each one at different excitation wavelengths,
which were selected according to the excitation spectra
of the compounds of interest [6], and (2) a single chro-
matographic run was performed for each sample, record-
ing EEMs in several fractions [7]. In the present work, the
latter experimental procedure was adopted because it is
experimentally simpler than the former one, and avoids
lack of reproducibility between successive injections for
the same individual sample.

MCR-ALS modeling

With the purpose of quantitating OFL, CPF, and DNF in val-
idation and test samples, super-augmented data matrices were
built for each unknown sample by suitably appending the
ca l ib ra t ion da ta matr ices (Dmc r ; see Elec t ron ic
Supplementary Material). The following constraints were ap-
plied during the ALS optimization to get physically meaning-
ful solutions: (1) correspondence between common species in
the different data matrices, (2) concentration and spectral pro-
files were constrained to be non-negative, and (3) unimodality
was imposed in all concentration sub-profiles. The number of
components was estimated by singular value decomposition,
and it was used to build the initial estimations, the spectra of
which were obtained by selection of the so-called purest var-
iables [27]. After MCR-ALS decomposition of Dmcr

Fig. 2 (A) Chromatogram for
validation sample No. 1 (Table 1)
containing the three quantitated
FQs and the two unexpected
components, registered at
λexc=291 nm and λem=495 nm.
(B) Excitation and emission
spectra of CPF, blue solid line;
OFL, red dashed line; DNF, green
dotted line; MRF and ENO, grey
lines. Each of these spectra was
obtained at the optimum
excitation and emission
wavelengths for each compound

A new modelling strategy for third-order HPLC-EEM 2005

Author's personal copy



according to Equation 1S, the concentration information
contained in Cmcr was used to construct the pseudo-
univariate graph by plotting the analyte concentration scores
against the nominal analyte concentrations (see Equation 2S).
The analyte predictions are displayed in Tables 1 and 2.

Figure 4 shows the profiles retrieved by MCR-ALS for
validation sample No. 1. The model outputs are presented in
Figure 4A and B (time and unfolded EEM profiles, respec-
tively). Figure 4C shows the emission and excitation profiles
of all compounds present in the sample, obtained via refolding
of the profile matrix in the non-augmented mode (Smcr

T; see
Electronic Supplementary Material). This refolding was made
for each component by first reshaping the corresponding row
of (Smcr

T) into a matrix, submitting the latter to singular value
decomposition, and taking the first left and right eigenvectors
as estimations of the true component profiles in both data
modes. This process is essential to reliably determine that
the obtained information is in good agreement with the exper-
imental data. This is in contrast to Augmented PARAFAC,
which directly retrieves excitation and emission spectral pro-
files for each component. More importantly, the sensitivity of
the MCR-ALS may be lower than that of Augmented
PARAFAC because the data are unfolded, as mentioned
above. Nevertheless, in the present case, the refolded spectral

profiles for the analytes and the interferents were very similar
to the experimental ones, which are shown in Figure 2B. This
is consistent with the obtained analytical performance, as can
be appreciated in Table 1.

Regarding the time profiles, it is important to note
that each component profile (analytes or interferents) is
composed of concatenated chromatograms (the calibra-
tion set and the test sample), i.e., each time profile is a
vector of size 325×1, (325=25×13, corresponding to 25
time sensors, 12 calibration samples, and 1 test sample,
i.e., 13 samples). It is worth recalling that the matrix
Cmcr is of size 325 × 5 (three analytes and two
interferents). The individual columns of Cmcr are sub-
mitted to Equation 2S to predict the concentration of
the analytes of interest in the sample test. It is important
to notice that significant shifts are present in the analyte
chromatographic profiles from run to run. In fact, for
the analyzed sample shown in Figure 2, there are dif-
ferences between 4 and 9 s in peak maxima for OFL,
CPF, and DNF among the 13 chromatographic runs.
The shift ranges are shown on the top of Figure 4A
as time bars, and represent more than 10 % of the total
chromatographic time. The retrieved profiles are in good
agreement with the experimental data (not shown).
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Fig. 3 Contour plots of six EEMs corresponding to different fractions: 41-42 s, 45-46 s, 49-50 s, 53-54 s, 57-58 s, and 61-62 s, collected for the
validation sample No. 1. The presence of analyte peaks are indicated
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Fig. 4 Profiles retrieved by
MCR-ALS analysis of third-order
data for validation sample No. 1
(Table 1), containing the three
quantitated FQs and two
unexpected components. (A)
Temporal profiles, with time bars
indicating the maximum shifts for
each analyte; (B) unfolded EEM
profiles; (C) refolding of unfolded
EEM profiles to obtain the
excitation and emission profiles
(see text). CPF, blue solid line;
OFL, red dashed line; DNF, green
dotted line; profiles for MRF and
ENO in grey lines
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Augmented PARAFAC modeling

In principle, the application of this model only involves an
initialization step because no constraints are necessary due
to the fact that the decomposition of a trilinear three-way array
is often unique [8]. However, preliminary results based on
unrestricted decompositions were inadequate. In any case,
further research is required on additional third-order experi-
mental data in order to conclude on the need of applying
restrictions during the least-squares fit to the Augmented
PARAFAC model.

In order to improve the versatility of the new strategy, the
same kind of constraints regularly applied in MCR-ALS were

implemented, i.e., unimodality, non-negativity, and corre-
spondence among analytes and samples (for more details,
see above). In the case of the validation samples, during opti-
mization the following constraints were appropriate: (1) con-
centration and spectral profiles were constrained to be non-
negative, (2) concentration sub-profiles were restricted to be
unimodal, and (3) correspondence between components and
samples was included, informing the algorithm that
interferents were absent from the calibration samples.

Augmented PARAFAC was then used to determine the
concentrations of OFL, CPF, and DNF simultaneously in the
test samples, which contain MRF and ENO as potential
interferents. At first, an augmented three-way array was built

Fig. 5 Profiles retrieved by
Augmented PARAFAC for
validation sample No. 1 (Table 1),
containing the three quantitated
FQs and two unexpected
components. (A) Temporal
profiles; (B) excitation and
emission profiles, obtained by
fixing the sensor values at λexc=
295 nm and λem=452 nm (for
more details, see text). CPF, blue
solid line; OFL, red dashed line;
DNF, green dotted line; both for
profiles and time bars, MRF and
ENO, grey lines
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by appending an unknown sample plus the 12 calibration ar-
rays. Upon optimization, both the number of five pure com-
ponents (three analytes and two interferents) and their spectra
were estimated according to the Theory section. Finally, and
analogously to MCR-ALS model, the concentration informa-
tion contained in Aap was used to construct the univariate
graph by plotting the analyte concentration scores
(Equation 2) against the nominal analyte concentrations. The
predictions obtained are displayed in Tables 1 and 2.

Figure 5 shows the profiles resolved by Augmented
PARAFAC for the validation sample No. 1. In contrast to
MCR-ALS, the output includes the individual excitation and
emission spectral profiles (Figure 5B) as well as time profiles
(Figure 5A). As shown for MCR-ALS modeling, the spectral
profiles are in good agreement with the experimental data
(Figure 2B).

With regard to the matrixAap (which includes the unfolded
profiles along the combined sample-elution time modes and
contains concentration information regarding the responsive
constituents), its meaning and information content is analo-
gous toCmcr in the context of MCR-ALS. Hence, Augmented
PARAFAC is also able to identify substantial shifts in elution
time shapes of the analyte profiles, as Figure 5A shows (see
the time bars on top of the time profiles, implying differences
of up to 9 s in the 13 runs for OFL, CPF, and DNF).
Interestingly, these results are very consistent with both
MCR-ALS and experimental data.

Comparison of quantitative results

In order to compare the performance of the two models in
terms of predictive ability and figures of merit when modeling
the present third-order data, predictions obtained on the 10
validation samples and the six real samples presented in
Tables 1 and 2 were statistically compared using the random-
ization test proposed by Van der Voet to compare prediction

errors [28]. The result indicates that the root mean square
errors of prediction (RMSEPs) found by MCR-ALS are not
significantly different than those obtained by Augmented
PARAFAC, since the probability values obtained for the three
analytes is considerably smaller than the critical level of 0.05.

Regarding the set of validation samples, Figure 6 shows the
MCR-ALS and Augmented PARAFAC predicted concentra-
tions of OFL, CPF, and DNF as a function of the nominal
values. In each sample analyzed, the potential interferents
MRF and ENO were added at random concentrations. In line
with the statistical analysis mentioned above, the performance
of the new strategy is matched satisfactorily with MCR-ALS.
Indeed, as can be seen in Table 1, acceptable relative errors of
prediction (REP, in %) are achieved in all cases. Interestingly,
it is not only as satisfactory as those obtained by MCR-ALS
but also as good as the results reported in similar, less complex
cases [7].

Table 3 shows the computed figures of merit for the models
employed when analyzing the validation set samples. While
expressions for MCR-ALS figures of merit are known [29],
appropriate expressions for Augmented PARAFAC have not
been developed [30]. In this work, we have used an extension
of the previously derived expressions [30], although they may
be overoptimistic. It should be emphasized that the enhance-
ment in sensitivity (SEN) and excellent values of limits of
detection (LODs) and limits of quantification (LOQs) were
found for both models for OFL, CPF, and DNF, and similar
to those for third-order analysis of water samples of lower
complexity [7]. Also, better figures of merit were found for
Augmented PARAFAC in comparison with MCR-ALS for all
the analytes.

We finally discuss the results concerning the real samples.
Because drinking waters did not contain the studied FQs, they
were spiked with the analytes and also with the potential
interferents, and a recovery study was carried out. Three dif-
ferent water samples (tap, mineral, and underground) were

Fig. 6 Plots of predicted
concentrations of the studied
analytes as a function of the
nominal values in test samples
with interferences. (A)
MCR-ALS; (B) Augmented
PARAFAC. OFL, black circles;
CPF, white triangles; DNF, white
squares
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tested, each containing two different analyte levels, which
were in the concentration ranges indicated in the
Experimental section. The complexity of these samples is very
similar to the validation samples and, thus, the profiles re-
solved by bothmodels are essentially the same as those shown
in Figure 4 (MCR-ALS) and Figure 5 (Augmented
PARAFAC). The results in terms of the elliptical joint confi-
dence region (EJCR) accuracy test are shown in Figure 7. The
elliptical domains obtained for all samples, analytes and
models contain the theoretically predicted values for the slope
(1) and intercept (0), and therefore the methods can be con-
sidered accurate. Interestingly, some improvement in preci-
sion is detected for Augmented PARAFAC, since the size of
its EJCR is smaller than for MCR-ALS.

Finally, it should be noted that PARAFAC2 was also ap-
plied, but the results were not satisfactory owing to the poor
predictions obtained with this algorithm. As was commented
above, PARAFAC2 is more flexible regarding changes in elu-
tion profiles from sample to sample, but it is less useful in the
presence of interferents, as is the case of the system under
study in this work [15].

Augmented PARAFAC is an adequate option for processing
chromatographic third-order data, furnishing acceptable results in
samples containing various calibrated analytes and interferents.
Moreover, the performance of the new strategy is as good as that
for MCR-ALS for third-order chromatographic data.

Conclusions

Third-order data obtained through excitation–emission matrices
at different elution times were employed to simultaneously de-
termine three fluoroquinolones in tap, underground, andmineral
waters spiked with uncalibrated components. To process these
data, a new PARAFAC model inspired in the augmentation
concept of MCR-ALS was implemented. Augmented
PARAFAC achieves the second-order advantage even in the
presence of sample-to-sample changes in temporal profiles, sim-
ilarly to MCR-ALS. The analytical method saves cost and time,
and is in accordance with the green analytical chemistry princi-
ples, preserving acceptable analytical qualities. Indeed, the rel-
ative error predictions (in %) found for OFL, CPF, and DNF in
drinking water samples (15.0 %, 14.0 %, and 13.1 %, respec-
tively) are even better than those found by MCR-ALS (21.3 %,
19.1 %, and 14.4 %, respectively). The two applied strategies
for processing third-order chromatographic-EEM data were rig-
orously compared. The proposed Augmented PARAFAC ap-
proach shows a number of advantages. One of them is the
possibility of processing the measured data in the original
three-dimensional structure, instead of unfolding the data to
arrays of lower dimensions. This eventually leads to improved
analytical predictions and better figures of merit, as demonstrat-
ed through a suitable experimental example.
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