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Abstract

Three-way partial least squares (PLS) was applied to kinetic—spectrophotometric data. The coupling reaction of diazo-
tized sulfanilamide with o-, m- and p-amino benzoic acid (ABA), and with orciprenaline (ORQ), to give azodyes was moni-
tored. Three binary mixtures of substrates, i.e., 0-ABA /ORC, m-ABA /p-ABA and 0-ABA /m-ABA, with different values
of the rate constant ratio and spectra which overlapped seriously were studied. The spectra of the mixtures were scanned
with a 2 nm resolution every 30 s during ca. 15 min. The data sets contained from 30 X 36 to 30 X 48 time—wavelength
data. Nine mixtures of each binary combination of substrates were used for calibration, thus the three-way calibration data
sets contained from 9 X 30 X 36 to 9 X 30 X 48 concentration-time—wavelength data. The two-way PLS modelling was
constructed on the basis of single wavelength kinetic curves, and the three-way PLS modelling was applied to series of
three-way data arrays consisting of a number of selected wavelengths each (up to the whole spectra). The results based on
three-way data arrays were better than that of ordinary PLS, particularly with mixtures having both a low rate constant ratio

and small spectral differences.

1. Introduction

Together with the introduction of advanced instru-
mentation capable of generating multi-dimensional
data arrays, three- and multi-way methods of data
analysis have provoked the interest of chemists and
many applications have been described [1-15]. In
quantitative analysis, a calibration set with data taken
at increasing concentrations of the analytes is neces-
sary. Therefore, concentration provides one dimen-
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sion of the signal—concentration data array. To con-
struct a three-way array, the other two dimensions can
be provided by two-dimensional instrumentation in-
cluding excitation—emission fluorimetric scans, or
separation techniques coupled to UV-visible, in-
frared, or mass spectrometric detection. Another way
of generating a two-dimensional data array is to fol-
low a chemical reaction with an instrument provid-
ing uni-dimensional scans, e.g., a diode-array UV—
visible spectrophotometer. The kinetic—spectropho-
tometric information obtained, together with the mul-
tivariate calibration at several concentrations, gives
rise to a three-way data array which can be useful to
resolve mixtures of compounds with very similar
properties.
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Multicomponent determinations is an area of great
interest in the context of kinetic analysis [16]. Since
many years ago, mixtures of analytes have been re-
solved on the basis of their different reaction rates by
the method of proportional equations [17,18]. How-
ever, only a small fraction of the data collected is
used, which leads to poor precision. More recently,
simultaneous nonlinear regression of the rate con-
stants and the initial concentrations of the analytes has
been used [19-21]. Also, the Kalman filter is widely
used for the kinetic determination of analytes in mix-
tures, and many applications have been described
[22-27]. The linear form of the Kalman filter re-
quires invariant rate constants to be assumed from run
to run which is a serious drawback, since the rate
constants are functions of many experimental condi-
tions. By employing the nonlinear form of the filter,
known as the extended Kalman filter, invariant rate
constants are not required and the rate constants and
other calibration factors can be incorporated into the
filter model [27-29]. An algorithm which uses the
Kalman filter for the simultancous determination of
analytes using first- and second-order kinetic data has
been developed [30].

To adequately apply these methods, however, the
model should be known completely, and the parame-
ters of the model, e.g., rate constants, molar absorp-
tivities and so on, should be accurately determined
during calibration. These are ‘hard-modelling’ meth-
ods in which an ignored factor introduces large er-
rors. This happens frequently in kinetic analysis when
factors such as side reactions, catalytic effects or a
temperature drift are not included in the kinetic
model. In multicomponent analysis the possible in-
teractions between the analytes which can reinforce or
reduce the overall signal can also occur. To consider
one or several of these factors can extraordinarily
complicate both the model and the calibration proce-
dure, thus hindering application of hard-modelling
methods to real samples. Thus, owing to the com-
plexity of the real world, the scope and applicability
of hard-modelling methods is severely limited.

On the contrary, no limits derived from the com-
plexity of the system are dictated by the so-called
soft-modelling methods. Thus, soft-modelling meth-
ods can be universally applied to systems of all types
without almost any previous knowledge about the
system, e.g., the nature and even the number of sig-

nificant parameters (such as how many unknown
concentrations) involved in the system can be ig-
nored. In soft-modelling methods, such as principal
component regression (PCR) and two- and multi-way
partial least squares (PLS) regression, no model is
previously assumed, and an empirical model is de-
rived from the data themselves. Usually, the model is
constructed from a series of mixtures known as the
calibration set. Very often in PCR and PLS a linear
approach is assumed. In linear soft-modelling, the re-
lationships between the evaluated parameters and the
measured signal should be linear, or at least it should
be possible to obtain linear relationships by applying
some kind of transformation to the signal, to the
evaluated parameters or to both the signal and the
parameters, Otherwise, an error which is partitioned
among the evaluated parameters is produced. These
calibration techniques have been scarcely applied to
kinetic data [31,32], especially to three-way kinetic—
spectral data arrays.

The two-way PLS calibration method has been
widely used to multicomponent analysis of equilib-
rium systems, and also the PLS technique has been
extended to the treatment of three-way data array by
Wold et al. [2], which has been extensively used in
chromatography [8—10]. In this work, binary mix-
tures of compounds were resolved by two- and three-
way PLS using kinetic data taken at a single wave-
length, and two-way kinetic—spectral data provided
by a photodiode array detector, respectively. The po-
tential of these techniques for the kinetic determina-
tion of mixtures of drugs was evaluated. The cou-
pling reaction of diazotized sulfanilamide with the o-,
p- and m-amino benzoic acids, and with or-
ciprenaline to yield intensely coloured azo dyes, was
monitored. Binary mixtures of the substrates with
different ratios of the rate constants, and partially
overlapped spectra of the products, were studied. The
advantage of the three-way PLS relative to ordinary
two-way PLS is discussed.

2. Theoretical

Lowercase bold characters are used for column
vectors, uppercase bold characters for two-way ma-
trices, and underlined uppercase bold characters for
three-way matrices. The transpose of a matrix or a
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vector is represented by the superscript T. Unless
otherwise stated, lowercase and uppercase plain
characters are used as running indices and to indicate
the number of dimensions of the vectors or matrices,
respectively. Lowercase and uppercase plain charac-
ters are also used for scalars.

In linear PLS no model is required, but a linear
relationship between the response, i.e., the ab-
sorbance, and the evaluated parameters, i.e., the ini-
tial concentrations of the analytes, should exist. Let
us assume a mixture containing L active substrates,
C,, which couples with a single reagent, R, follow-
ing a first- or pseudo-first order reaction:

C,+R—-P

In the systems used in the experimental part, the
change of absorbance is due only to the change in the
concentration of the products, P,. If it is assumed that
the absorbances are additive and follow the Lam-
bert—Beer law, we can write:

Ai,j=ZS,-,,c,[1—exp(—k,tj)] (1)

where A, ; is the change of absorbance of the mix-
ture at the time ¢; (j=1, ..., J) and the wavelength
A G=1, ..., D), S, is the sensitivity (the molar
absorptivity multiplied by the optical path length) of
P, at A,, c, is the initial concentration of C, (I =1,
..., L), and k, is the corresponding rate constant. If
the model of Eq. (1) is followed, a linear relationship
between A, ; and ¢, exists. However, this linear rela-
tionship is preserved in many other instances, as far
as both the Lambert—Beer and additivity laws and the
first- or pseudo-first order behaviors are followed.
Other conditions are not required. Thus, for instance
if the analytes also absorb, Eq. (1) should be re-
placed by:

A= ch[si,1+ (S;‘,I_Si,l)exp(_kltj)] (2

where S;, is the sensitivity with respect to the ana-
lytes. Furthermore, if the products are not stable and
are hydrolysed following a first order law, Eq. (1) is
replaced by:

ki,
R —
2,1 1,7
X[exp(—kutj) —CXP(—sztj)] (3)

where k, ; and k,, represent the first-order rate con-

Ai,i = ZSi,l

stants for the formation and hydrolysis of the P,
products, respectively. In both Egs. (2) and (3) a lin-
ear relationship between A, and c, is preserved.
Therefore, any of the Egs. (1), (2) or (3) can be writ-
ten as:

A=Ts,ck, = SCK (4)

where A is a I XJ matrix which contains all the
wavelength~time information, s, is the sensitivity
vector of P,, and k, is a vector containing the kinetic
information for the /th component and whose generic
element is {1 — exp(—k;,t,)} or any other function of
t;. Thus, S (={s;}) is an I X L matrix containing the
spectral information of the analytes, K (= {k}) is an
L X J matrix which represents the kinetic informa-
tion, and C is the L X L diagonal matrix of the initial
concentrations of the analytes.

Egs. (1)—(4) are not used as models for the cali-
bration and evaluation processes, but only as a way
to show that a linear relationship between the re-
sponse and the concentrations to be estimated exists.
An alteration of the model, such as the situation rep-
resented by Egs. (2) or (3) with respect to Eq. (1),
would bring much trouble to model-based methods,
but causes no effects when soft-modelling techniques
are used, because no explicit model is necessary to be
adopted in the latter. To construct the prediction
model, a calibration set constituted by N mixtures of
known composition and different concentrations of
the substrates should be measured. From this N X[
X J three-way data array, the following three-way
response model is obtained:

Anij = ZSiICnIKjI (5)
or:
A=Ys,®¢,®k, (6)

where A is a N X I XJ three-way response data ar-
ray, and A, ; Is its generic element; ¢, is the vector
of the concentration of the /th analyte in the N mix-
tures, and the symbol ® represents the tensor prod-
uct (outer product) [2}.

The PLS based on two blocks of matrices is well
known and widely used in analytical chemistry. The
matrices (e.g., X and Y) are decomposed into score
matrices and loading matrices, with the constraint that
the score vectors of the same component (factor, or
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latent variable) are connected by the so-called inner
relation. The PLS model for matrix form data is:

X=Xt,pl +E=TP'+E

Y=2uq! +F=UQ"+F (7
U=TB+H

and the prediction equation for Y is:
Y=TBQ'+F (8)

where the typical elements of the T and U matrices
are t,, and u,, respectively.

The generalization of PLS to the three-way data
arrays X and Y was described by Wold et al. [2]. As-
suming that X and Y consist of the predictors and the
values to be predicted, respectively, three-way PLS
leads to the following model:

Xnij=ztnspsij+e in=1,...,N;i=1,...,1;

nijs
j=1,...,J

Y, =32u,qu;+ s n=1,...,N;i=1,...,M;
j=1,...,P )

which can be written in matrix—tensor form:

X=T@P +E

Y=U®Q' +F (10)

and

U=TB+H (11)

where P is a three-way matrix with typical element
DPsijo and Q, E and F are analogous to P. The orders
of X and Y can be different, and in this study, Y(CO)
had a lower order than X(A) The PLS decomposi-
tion of two blocks of matrices and the three- -way data
array is illustrated in Fig. 1.

To estimate the parameters in the three-way model
of Eq. (10), Wold suggested to unfold the three-way
array in the direction which leaves the first mode in-
tact, which in our case is the concentration mode
(1,2]. Thus, the model parameters ¢, p,,;, u,, and
q,;; are estimated on the basis of the unfolded data
matrices A and C.

Following the analogy between this procedure and
the procedure which is normally used to process ki-
netic data monitored on a single wavelength, the slice
of the three-way response A referred to one wave-

t u

———
7 Qlq) 4
—r

Fig. 1. A schematic view of the PLS modelling for two- and three-
way data arrays: PLS model with one latent variable for two blocks
of matrices X and Y (upper part) and for the three-way data array
X and data array Y (or Y) (lower part). The dashed lines represent
the possible absence of the third dimension.

length was picked out and used to construct the ordi-
nary (two-way) PLS calibration model.

The NIPALS algorithm [33] was used to calculate
the latent variables in both three-way and ordinary
PLS, and cross validation (by the leave-one-out
method) was adopted to determine the number of la-
tent variables to be retained.

3. Experimental
3.1. Apparatus

An HP 8452A diode array spectrophotometer
(Hewlett-Packard, Palo Alto, CA, USA) provided
with a 1-cm quartz cell was used. The pH values were
adjusted with a Crison MicroPH 2001 pH meter pro-
vided with a combined glass electrode. A 500 w1 pis-
ton pipette was used to start the reactions. A 486 IBM
compatible microcomputer was used to control the
spectrophotometer and to acquire and treat the data.
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Data acquisition began 10 s after starting the reac-
tions. The data files produced by the HP 89531A op-
eration software (Hewlett-Packard) were processed
by the author’s own programmes which were written
in MATLAB (MathWorks, Sherborn, MA, USA).

3.2. Reagents, solutions and procedures

Reagent grade o-, m- and p-amino benzoic acid
(ABA) (Merck, Darmstadt, Germany), orciprenaline
(ORC) (kindly donated by Boehringer-Ingelheim,
Barcelona, Spain), sulfanilamide (Sigma, St. Louis,
MO, USA), sulfamic acid, sodium nitrite and sodium
dodecyl sulphate (SDS) (Fluka, Buchs, Switzerland),
and citric acid (Panreac, Barcelona, Spain) were used.
Distilled demineralized water (Barnstead, Sybron,
Taunton, MA, USA) was used throughout. The
molecular structure of the reagents is shown in Fig.
2. The coupling reaction is

H-Ar-R + Ar-N=N"

Substrate Electrophilic agent

— Ar-N=N-Ar-R+H"*
Azodye

To buffer the pH, mixtures containing citric acid
and sodium hydroxide were prepared. The final buffer
concentration was 0.25 mol 17! in all cases. To pre-
pare the stock solutions of the substrates, 17.5 mg
0-ABA, 17.5 mg m-ABA, 18.5 mg p-ABA and 56.3
mg ORC were dissolved in 1 ml ethanol, and diluted

M (m

R H

CHj
R'= COOH ino- m-or p- position NH

)
CH

/ N\
H3C CHj3
(1)

HzNﬁ@N—N"
0

Fig. 2. Molecular structure of the reagents: (I) amino benzoic acids;
(I1) orciprenaline; (III) diazonium ion of sulfanilamide.

Table 1
First-order rate constants for o-, m-, and p-ABA, and ORC at dif-
ferent pH values in a 2% SDS medium

Substrates * Amay (nm) pH k+s,
(s7'x107%)°

o-ABA 370 4.10 6.31+0.12
ORC 406 4.10 1.20+0.03
m-ABA 360 3.90 8.16 +0.40
p-ABA 368 3.90 1.67+0.11
o-ABA 370 3.80 4.48+0.08
m-ABA 360 3.80 7.14+0.07

* ABA, amino benzoic acid; ORC, orciprenaline.
® Obtained from three solutions with different substrate concentra-
tions.

with water to 50 ml. The 4 X 10~2 mol 17! sulfanil-
amide stock solution was prepared in 0.3 mol 17!
HCI. The 0.2 mol 17! NaNO,, 0.5 mol 1 ! sulfamic
acid and 20% SDS solutions were made with water.

To prepare the 1 X 1072 mol 17! diazonium ion
solution, 12.5 ml sulfanilamide was introduced in a
50 ml volumetric flask, 15 ml NaNQO, solution was
added, the mixture was allowed to react for 10 min,
15 ml sulfamic acid was added to destroy the excess
nitrite, and after 15 min the solution was made up to
the mark with water. The diazonium ion solution was
renewed daily.

Binary mixtures of the substrates were prepared by
introducing aliquots of the corresponding stock solu-
tions, 20 ml buffer solution and 2.5 ml SDS into a 25
ml volumetric flask, and the volume was completed
with water. A 2.25 ml volume was transferred into a
dry 1-cm quartz cell, the reaction was started by in-
jecting 0.25 ml diazonium ion solution, and a key-
board button was simultaneously pressed to start the
data acquisition period (¢ = 0). Mixing was facili-
tated by bubbling the solution in the cell four times
with the piston pipette. The spectra were scanned ev-
ery 30 s, from ¢ = 10 s to ¢ = 910 s. One point every
2 nm was obtained (the data acquisition resolution of
the HP8452A spectrophotometer). The blank was
prepared in the same way in the absence of the sub-
strate. The blank absorbance matrix was always sub-
tracted from the sample absorbance matrices before
processing the data. Owing to the perturbations and
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Fig. 3. Kinetic curves (left) and azodye spectra (right) for 5.06 X 1075 M 0-ABA (1) and m-ABA (2).

noise, the first spectrum (¢ = 10 s) was rejected and,
therefore, each kinetic data set consisted of 30 spec-
tra.

4. Results and discussion

4.1. Optimization of the reaction conditions

Since only the basic form of the substrates reacts,
coupling with diazonium ions is largely affected by
pH [34]. Thus, at pH values lower than 3.5, the reac-
tions were too slow, and at pH values higher than 5.5,

Table 2

some of the analytes coupled in less than 1 min,
which was not suitable for the manual mixing proce-
dure used. Also, at pH values higher than 5.5, the ab-
sorbance of the reagent blank was large. This has
been shown to be due to hydrolysis of the diazonium
ion to yield a phenol which couples with the excess
reagent [35]. Also, at higher pH values, the azo dyes
were unstable, and the absorbance decreased rapidly
after reaching a maximum value. It was observed that
the addition of SDS alleviated this problem and,
therefore, a final concentration of 2% SDS was used.

To evaluate the rate constants, three solutions of
each substrate at increasing concentrations were pre-
pared, the procedure given above was applied, and the

Composition of the mixtures used for calibration (orthogonal design) and evaluation of the PLS procedures

Experiment 0-ABA /ORC °® m-ABA /p-ABA ° 0-ABA /m-ABA °
No. ® (X107 3 mol 17 1) (X107 % mol171) (X107 mol 17 1)
1 2.759/3.456 1.839,/1.945 2.299,/2.299
2. 4.139/3.456 3.219/1.945 2.299/3.679
3 5.518/3.456 4.598,/1.945 2.299/5.058
4 2.759/5.184 1.839,/3.403 3.679,/2.299
5 4.139/5.184 3.219/3.403 3.679/3.679
6 5.518/5.184 4.598,/3.403 3.679/5.058
7 2.759/6.912 1.839/4.861 5.058,/2.299
8 4.139/6.912 3.219/4.861 5.058,/3.679
9 5.518/6.912 4.598 /4.861 5.058/5.058
10 3.679/4.320 2.759/3.889 3.219/2.759
11 3.679/6.048 3.679/2.917 4.139/4.599
12 4.599/4.320 2.299/3.403 4.139/2.759
13 4.599 /6.048 3.219/2.431 3.219/4.599

* 1-9, calibration set; 10—13, evaluation set.
b ABA, amino benzoic acid; ORC, orciprenaline.
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corresponding kinetic curves were fitted. The Powell
nonlinear fitting algorithm was used [36]. The results
are given in Table 1, and showed a large variation of
the rate constants with pH. The 0-ABA /ORC mix-
tures had the largest spectral and kinetic differences
between the two analytes, whereas for the o-
ABA /m-ABA mixtures, the ratio of the rate con-
stants was the smallest, of about 1.6, and the spectra
overlapped seriously. The kinetic curves and the
spectra of the azo dyes obtained with two 0-ABA and
m-ABA solutions are shown in Fig. 3. It can be ob-
served that the m-ABA azodye was not stable, which
is not considered in Eq. (1).

Table 3

217
4.2. Multivariate calibration

To establish the calibration sets, nine mixtures of
each binary combination of substrates were prepared
following an orthogonal design. To evaluate the pre-
dictive capacity of the PLS methods for each combi-
nation of substrates, the corresponding evaluation sets
were prepared. The concentrations used were within
the ranges embraced by the calibration sets (Table 2).
For each binary combination, and on the basis of sin-
gle wavelength kinetic curves, a two-way PLS cali-
bration model was constructed. Three-way modelling
was applied to series of three-way data arrays con-

The estimated error AARE of the evaluation mixtures (experiments 10—13 listed in Table 2) by using two- and three-way PLS with different

sizes

No. of wavelengths Wavelength range used in the evaluation (A A) and the corresponding AARE (%) °

Substrates *
0-ABA /ORC 1 AX: 350 362
AARE: 85 6.5
6 AAX: 350-360 374-384
AARE: 75 2.6
12 AAX: 350-372 374-396
AARE: 5.1 2.4
24 AAX: 350396 398-444
AARE: 24 3.1
48 AAX: 350-444
AARE: 26
m-ABA /p-ABA 1 AX: 350 362
AARE: 45 4.2
5 AX: 350-358 370-378
AARE: 4.4 4.1
10 AA: 350-368 370-388
AARE: 43 4.0
20 AX: 350-388 390-428
AARE: 4.1 3.1
41 AA: 350-430
AARE: 4.1
0-ABA/m-ABA 1 AA: 350 358
AARE: 13 11
6 AA: 350-360 362-372
AARE: 53 35
12 AA: 350-372 374--396
AARE: 4.2 4.2
24 AA: 350-386 388-420
AARE: 59 4.1
36 AX: 350-420
AARE: 41

374 386 398 410 422 434 422
4.0 25 2.5 29 36 50 6.1
386-396 398-408 410-420 434-444
2.4 2.8 3.1 39
398-420 422-444
3.0 4.1
378 394 406 414 422 430
4.1 4.0 38 4.6 9.1 15
380-388 390-398 400-408 420-428
4.0 4.0 3.1 5.1
390-408 410-428
3.1 2.6
366 374 382 390 398 406 414 420
14 17 17 19 21 23 25 15
374-384 386-420 398-408 410-420
4.5 3.4 4.4 9.1
398-420
33

* ABA, amino benzoic acid; ORC, orciprenaline.
® AARE is the average absolute relative error defined in Eq. (12).
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sisting of a number of selected wavelengths each. The
number of selected wavelengths was increased until
the whole spectra was included in the calibration
model. The average absolute relative error (AARE)
used for the evaluation of the results was

Cut ~Cuy

)»

X 100
n=11=1 Cui

AARE = = (12)
NXL

where ¢,; is the estimate for the true concentration,
Cpre

The results of two-way PLS for the three combi-
nations of substrates are given in Table 3. The results
obtained by three-way PLS with an increasing num-
ber of wavelengths are also listed in the same table,
and the errors yielded when the whole spectrum was
used are given in Table 4. As shown in Table 3, the
0-ABA /ORC mixtures gave satisfactory results with
most of the single wavelength PLS. In contrast, for
the m-ABA /p-ABA mixtures, the PLS model based
on single wavelength information gave a much higher
error. These mixtures presented a similar rate con-
stant ratio but a more serious spectral overlap than the
0-ABA /ORC mixtures which can explain the differ-
ence. With both combinations of substrates, the re-
sults were worse at the ends of the wavelength range,
where the molar absorptivities were low, and there-

Table 4

fore, where the absorbance change produced by the
reaction was small. When the information taken at
several wavelengths was simultaneously used by
three-way PLS, the results improved. However, when
the wavelengths associated with larger values of the
molar absorptivity were used, no advantage of the
three-way PLS was obtained with respect to the sin-
gle wavelength PLS. On the contrary, the single
wavelength PLS method did not provide acceptable
results when applied to the 0-ABA/m-ABA mix-
tures (AARE was higher than 10%). With three-way
PLS, and when the number of selected wavelengths
was increased, the results improved dramatically. The
results given by at least 12 wavelengths were quite
acceptable.

The optimal number of the latent variables used in
the PLS modelling was different for the three combi-
nations of substrates. For the 0-ABA /ORC and m-
ABA /p-ABA pairs, the optimal number of latent
variables retained in the PLS model was always two
to three, no matter how many wavelengths were used
to construct the PLS model. In contrast, for the o-
ABA /m-ABA mixtures, and when a single wave-
length was used for modelling, usually seven to eight
latent variables were required. When the number of
wavelengths increased, the number of latent vari-
ables for optimal prediction decreased, and when the
whole spectrum was used, two latent variables were

Estimated concentrations and relative errors for the evaluation mixtures (Nos. 10-13 in Table 2) by three-way PLS based on the whole
spectrum (48, 41 and 36 wavelengths for the 0-ABA/ORC, m-ABA/p-ABA and o-ABA /m-ABA mixtures, respectively)

Experiment o-ABA Deviation ORC Deviation
No. (mol17' x 107%) (%) (mol 17! X 107°) (%)

10 3.596 —-23 4.254 —15

11 3.675 -0.1 5.901 —24

12 4.732 2.9 4.268 -1.2

13 4.432 -3.6 5.638 —6.8

m-ABA (mol 17! X 1077)

Deviation (%)

p-ABA (mol 17! X 107%) Deviation (%)

10 2.743 —-0.6
11 3.736 1.5
12 2.545 11.

13 3.301 2.6

0-ABA (mol 17! x 1077)

Deviation (%)

3.873 —-04
2.782 —4.4
3.551 4.3
2.238 -79

m-ABA (mol 17! x 107°) Deviation (%)

10 3.312 =27
11 4.186 1.1
12 4.456 7.7
13 3.058 -5.0

2.872 4.1
4.713 25
2.934 6.3

4,737 3.0
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Fig. 4. Plot of predictive error sum of squares (PRESS) versus number of latent variables for the 0-ABA /m-ABA mixtures when a single

wavelength (384 nm, left) and the whole spectrum (right) were used.

enough to provide a good prediction, which is con-
sistent with the fact that the system contained only
two independent variables. The PRESS (prediction
error sum of squares) versus the number of latent
variables for a single wavelength and for the whole
spectrum of the 0-ABA /m-ABA mixtures is given in
Fig. 4.

5. Conclusion

With three-way PLS the potential of the diode ar-
ray detector to quasi-simultaneously provide kinetic
and spectral data can be fully exploited. In compari-
son to PLS applied to single wavelength kinetic data,
advantages of the three-way PLS are found in solv-
ing binary mixtures with both a low rate constant ra-
tio and small spectral differences, or alternatively,
with small relative changes in the signal. In addition,
it has been shown that both PLS methods gave good
results in the presence of the side reactions of de-
composition of the azo dyes. This could be due to the
linear nature of the effect produced by the side-reac-
tion on the response, if the model of Eq. (3) was fol-
lowed, but also to the potential of PLS and other lin-
ear soft-modelling methods to take care of moderate
deviations from linearity. This would not be the case
for any hard-modelling procedure, where the factors
not considered in the model would degrade their per-
formance very much. Application of hard-modelling
techniques to industrial, environmental or biomedical

samples is limited owing to the interference and ma-
trix effects produced by the many factors which are
ignored, or which would complicate the model ex-
cessively. However, as far as a linear behavior would
be present, and in spite of the complexity of the ma-
trix, PLS yields good results, which should stimulate
the development of applications in these fields.
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