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Abstract

Ž . Ž .Direct trilinear decomposition DTD and multivariate curve resolution-alternating least squares MCR-ALS methods are
two of the most representative three-way resolution procedures. The former, non-iterative, is based on the resolution of the
generalized eigenvectorreigenvalue problem and the latter, iterative, is focused on the optimization of initial estimates by
using data structure and chemical constraints. DTD and MCR-ALS have been tested on a variety of three-way simulated data
sets having common sources of variation in real response profiles, such as signal shift, broadening or shape distortions caused
by noise. The effect of these factors on the resolution results has been evaluated through the analysis of several parameters
related to the recovery of both qualitative and quantitative information and to the quality of the overall data description. Con-
clusions inferred from the simulated examples help to clarify the performance of both methods on a real example and to
provide some general guidelines to understand better the potential of each method. q 1998 Elsevier Science B.V. All rights
reserved.
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1. Introduction

Curve resolution methods are usually applied in
the framework of Mixture Analysis. Extended work
has been reported concerning the resolution of single
matrices and the necessary conditions to recover the
real response profiles have been recently stated by

w xManne in two theorems 1 . When these require-
ments are not fulfilled, the decomposition of a bilin-

w xear matrix is subject to ambiguities 2,3 and the true
solutions are not obtained.

) Corresponding author.

Many of the limitations associated with the reso-
lution of a single matrix are partially or completely

Žovercome when several matrices the so-called three-
. w xway data sets are treated together 4 . Three-way

resolution methods always introduce a significant
improvement in the recovery of the true response
profiles and have the additional benefit of providing
quantitative information.

Two tendencies prevail within the family of three-
way resolution methods: the use of non-iterative pro-
cedures, the solutions of which are based on the reso-
lution of a generalized eigenvaluereigenvector prob-

w xlem 5,6 ; and the application of iterative methods,
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focused on the optimization of initial estimates by
using suitable data structure and chemical constraints
w x3,7–10 .

Ž . w xDirect trilinear decomposition DTD 6 and mul-
tivariate curve resolution-alternating least squares
Ž . w xMCR-ALS 3 methods are good representatives of
the former and the latter tendencies, respectively.
General advantages and drawbacks are recognised for
both methods. DTD is fast, user-friendly and fur-
nishes unique solutions. However, trilinear data

Žstructure is always assumed i.e., common concentra-
tion profiles and spectra for the same species in the

.different appended matrices and it is not possible to
input data structure and chemical information to pre-
vent meaningless solutions. ALS optionally assumes
trilinearity and therefore, can work with non-trilinear

Žmatrices sharing only one order in common either
.rows or columns . Input of external information in the

resolution procedure is also allowed and use of data
w xpoint weighting is possible 11 . Despite these advan-

tages, unique solutions are not always guaranteed
when the trilinearity constraint is not applied, the it-
erative optimization slows down the resolution pro-
cess and more demanding user intervention is re-
quired.

w xSuccessful chemical applications of DTD 12,13
w xand MCR-ALS 14–17 have been reported, but there

is a lack of comparative literature on the perfor-
mance of these two methods. This work presents the
results of both methods on a variety of simulated
three-way data sets including common sources of
variation in real chemical data, such as signal shifts,
broadening or distortions caused by the presence of
noise. Knowledge of these synthetic data sets allows
a sound assessment of the performance of both meth-
ods in terms of recovery of the response profiles,
quantification, and quality of the overall data de-
scription. Conclusions inferred from this theoretical
study are used afterwards to interpret the DTD and
MCR-ALS results when applied to a real example
w x12 and some general guidelines are suggested to take
advantage of the capabilities of both procedures.

2. Theory

Both DTD and MCR-ALS work with the original
Ž .tensor or stack of matrices D to obtain three smaller

Žmatrices X, Y and Z for DTD and C, S and Z for
.MCR-ALS containing information associated with

the evolution of the pure compounds profiles in each
of the three directions of the initial three-way data set.
Thus, the results coming from a typical data set
formed by several high-performance liquid chro-

Žmatography with UV diode array detection HPLC-
.DAD samples would be a first matrix having pure

chromatographic profiles, a second, including pure
spectra and a third one, containing information on the
relative concentration of each compound in the dif-
ferent samples.

The three-way data set decomposition is carried
out differently by DTD and MCR-ALS, as shown in
Fig. 1. The picture shows how trilinearity is inher-

Žently assumed in DTD X, Y and Z provide only one

Ž .Fig. 1. Three-way data decomposition according to a direct tri-
Ž . Ž . Ž .linear decomposition DTD and b alternating least squares ALS

resolution methods.
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.profile per compound for all the stacked matrices ,
whereas MCR-ALS allows independent modelling for
the concentration profiles in D , D , . . . unless the1 2

trilinear constraint is introduced in the resolution
process. As can be seen in the picture, the pairs of

Ž . Ž . Ž .matrices X,C , Y,S and Z,Z contain the same
Žkind of information i.e., concentration profiles,

.spectra, and quantification of components , obtained
by DTD and MCR-ALS, respectively. Detailed ex-

w x w xplanations about DTD 6,18 , MCR-ALS 3,4 and
their related algorithms are reported in the literature
and will not be given in this section; only the main
steps of each method will be mentioned for a better
understanding of the comparative study.

The working procedure of DTD can be summa-
rized as follows:
Ž .i Application of Singular Value Decomposition to
the row-wise, column-wise, and tube-wise un-
folded matrices coming from the original tensor.
Ž .ii Construction of the basis sets formed by the

Ž . Ž .row space scores U , the column space scores V ,
and the first two vectors of the tube space scores
Ž .W .
Ž .iii Determination of two representative pseu-
dosamples G and G by projection of the origi-1 2

Ž .nal tensor on the U, V, W basis sets.
Ž .iv Determination of X and Y matrices from the
resolution of the generalized eigenvaluereigen-
vector problem for matrices G and G .1 2
Ž .v Least-squares estimation of Z, given X and Y.
MCR-ALS operates following the sequence be-

low:
Ž .i Determination of the number of compounds of
the column-wise unfolded matrix.
Ž . Žii Building of the initial estimates matrix either

Ž . Ž ..concentration profiles C or spectra S .
Ž .iii Selection of the constraints to be input in the

Žiterative resolution process e.g., non-negativity,
.unimodality, selectivity, trilinearity, . . . .

Ž .iv Optimization of the initial estimates by using
a constrained alternating least squares procedure
until the convergence criterion is fulfilled. Each it-
erative cycle includes the calculation and con-

Ž .straint of the C and S matrices see Fig. 1 .
Ž .v Determination of the relative concentration of
each particular compound in the different data ma-

Ž .trices Z matrix as the ratio between the area of
its resolved concentration profile in a matrix C i

and the area of the same compound in another data
matrix C included in the same simultaneous anal-j

ysis and taken as reference.
Both DTD and MCR-ALS algorithms have been

w ximplemented in a set of MATLAB routines 19 . For
the sake of simplicity in the abbreviations in text and
figures, the MCR-ALS method will be called in the
rest of the text, ALS.

3. Data sets

3.1. Simulated data sets

All the three-way data sets are formed by two ap-
Ž .pended matrices D and D sized 110=44 repre-A B

senting a typical binary chromatographic system. In
all the examples, the areas of the concentration pro-
files for compounds 1 and 2 are 25:75 in D matrixA

and 70:40 in D matrix. The chromatographic pro-B

files have been simulated as slightly tailed Gaussian
Ž .peaks s s 5 channel units and a homoscedastic

noise with a standard deviation of 0.01% A hasmax

been added to all data matrices, unless stated other-
wise. This low noise level is introduced to see more
clearly the effect of variations other than noise intro-

Žduction i.e., variations of signal position or signal
.shape on the resolution results. When the effect of

noise is assessed, more realistic noise levels are used.
Four basic trilinear systems are proposed to repre-

sent the variety of real situations, namely:
System 1: resolution between peaks, Rs s 0.2,
similar spectra.
System 2: Rss0.2, dissimilar spectra.
System 3: Rss0.8, similar spectra.
System 4: Rss0.8, dissimilar spectra.
In all the simulated data, resolution has been de-

Ž .fined as: RssD t r 2s q2s , where D t is theR 1 2 R

difference between the maxima of the two simulated
peaks and s and s are the standard deviations of1 2

their basic Gaussian profiles.
Fig. 2 shows the spectra used in the different sim-

ulations. Variations in real data like shift effects, sig-
nal broadening or noise addition are generated by
modifying D or both D and D in the chromato-B B A

graphic direction according to the effect to be stud-
ied as explained below. No more than one cause of
variation is simulated in each three-way data set for
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Ž .Fig. 2. Spectra used in the simulations of a systems 1 and 3, and
Ž .b systems 2 and 4.

the sake of simplicity in the interpretation of the re-
sults. The spectra of components 1 and 2 do not
change shape or position when going from matrix DA

to D in any of the simulated data sets.B

3.2. Simulations related to signal shift

For each basic system, four three-way examples
representing different signal shift levels are gener-
ated. In all of them, D matrix is not modified,A

whereas the peaks related to compounds 1 and 2 in
D matrix are shifted apart from their initial positionB

by 1, 2, 4 or 6 channels, depending on the shift in-
tensity. The peak shapes are not modified in any of
the two appended matrices.

3.3. Simulations related to changes in signal width

For each basic system, four three-way examples
representing different signal width changes are gen-
erated. D matrix remains invariant, whereas signalA

widths of compounds 1 and 2 are modified in matrix
D by changing the s value used in the generationB

of the peaks. Thus, Dssy1 and y2 simulate situ-
ations of signal narrowing and Dssq1 and q2

Žaccount for signal broadening please note that Ds is
.expressed in channel units . No changes in the peak

positions are introduced in any of the two appended
data matrices.

3.4. Simulations related to signal distortions caused
by noise

The effect of noise pattern and noise level is taken
into account in the different simulations. Peak shapes
and positions in matrices D and D are not modi-A B

Žfied. Two noise levels standard deviation of noise
.equal to 0.01% A and equal to 0.5% A andmax max

Žthree noise patterns homoscedastic, heteroscedastic
.'A signal and heteroscedastic A signal are com-

bined in the six simulations generated for each basic
system, as shown below:

hol ™ noise standard deviation: 0.01% A .max

Noise pattern: homoscedastic.
hsl ™ noise standard deviation: 0.01% A .max

Noise pattern: heteroscedasticAsignal.
hql ™ noise standard deviation: 0.01% A .max'Noise pattern: heteroscedasticA signal .
hoh™noise standard deviation: 0.5% A . Noisemax

pattern: homoscedastic.
hsh™noise standard deviation: 0.5% A . Noisemax

pattern: heteroscedasticAsignal.
hqh™noise standard deviation: 0.5% A . Noisemax'pattern: heteroscedasticA signal .

4. Results and discussion

4.1. Comments on the simulated data

Both DTD and ALS have been run assuming the
existence of two compounds in all the three-way data
sets. DTD has been applied in the different unfolding
directions and the results presented in this work are
those related to the direction giving the best data fit.
The Alternating Least Squares method has always
been used introducing the non-negativity constraint in
both chromatographic and spectral directions and the
unimodal constraint in the chromatographic profiles.
All the examples have adopted chromatographic pro-
files as initial estimates. The initial concentration
profiles for systems 1, 3 and 4 have been built apply-

w xing the needle search methodology 20 . The spectral
selectivity detected by using local rank detection

w xmethods, such as FSMW-EFA 21 , has been taken
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into account to build the initial estimates of system
Ž .2. In this case, column vectors chromatograms

placed in spectral selective zones of the original data
matrices have been selected to be input as initial
chromatographic profiles. The use of random esti-
mates has been avoided. Owing to the special fea-
tures of the chemical data sets that monitor the evo-

Žlution of a process e.g., a chromatographic elution,
.the development of a reaction, . . . , initial estimates

based on the internal structure of the data set can be
easily obtained by using a big variety of data analy-

Ž w xsis methods e.g., Evolving Factor Analysis 22 ,
w x .SIMPLISMA 23 , or the ones mentioned above .

These estimates, which were directly derived from the
mathematical analysis of the data sets and which do
not include information imposed externally by the
chemist, are always better starting points than ran-
dom estimates for this kind of structured data sets.
The alternating least squares method has been run
twice for each example: first, forcing trilinear struc-
ture in the model and second, without doing so. To
make a difference between the results coming from
these two different options, the acronyms ALSf and
ALS will be used hereafter to refer to the presence or
absence of the trilinear constraint in the iterative op-
timization procedure, respectively.

The performance of DTD and the Alternating least
squares methods have been compared through the
observation of several parameters related to the qual-
ity of the final results. The recovery of the qualita-
tive information, i.e., chromatographic and spectral
profiles, is assessed by looking at the dissimilarities
between the true response profiles and the profiles
obtained by using the resolution methods.

2(dis x , x s 1yr x , xŽ . Ž .calc true calc true

where x and x are the response profile calcu-calc true

lated with ALS or DTD and the true response pro-
file, respectively, and r is the correlation coefficient
between these two factors.

The quality of the overall data description is re-
lated to the percent of lack of fit, and is calculated as
follows:

2eÝ i jk
i , j ,k

% lack of fits100
2d) Ý i jk

i , j ,k

where e is the residual of the ijk th element of thei jk

three-way data set, found as the difference between
the element in the original tensor and the same ele-
ment reproduced by using the results of the resolu-
tion method and d is the ijk th element of the orig-i jk

inal three-way data set. The quantification ability has
been evaluated with a relative parameter of compari-
son between the true concentration ratios of a com-
pound in the D and D matrices and the same con-A B

centration ratios obtained from the resolution results.
The mathematical expression of this last parameter is

Žshown below the ith subscript indicates the different
.compounds in the data set .

2
c ci ,A i ,A

yÝ ž / ž /ž /c ci ,B i ,Bi true calc% rsdzs100 2ci ,A) Ý ž /ci ,Bi true

The conclusions inferred from the comparison of
the DTD and alternating least squares methods
change completely if the variation introduced in the
three-way data sets is associated with a loss of the

Žtrilinear data structure i.e., changes in width and
. Žsignal position or if it is not i.e., signal distortions

.produced by noise . In order to clarify the under-
standing of the conclusions, two separated sections
are devoted to explaining the results obtained for tri-
linear and non-trilinear data sets.

4.2. Comments on the resolution of non-trilinear data
( )sets effect of changes in width and signal position

As a general rule, ALS works much better than
DTD and ALSf in all aspects when trilinearity is
broken, owing to its greater flexibility in the mod-
elling of the response profiles. The best performance
of ALS in these situations is specially clear when the
analyzed three-way data sets have selectivity in the

Žchromatographic direction data sets coming from
. Žsystem 3 , in the spectral direction data sets coming

. Žfrom system 2 or in both of them data sets coming
.from system 4 , as shown in the example of Fig. 3.

Indeed, when selectivity is present, there are no am-
biguities in the decomposition of the augmented ma-

w xtrix by ALS 3 and the minimal dissimilarities be-
tween the true and the calculated profiles are due to
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Fig. 3. Effect of the signal shift on the resolution of the three-way data sets generated by modifying the basic system 3. Solid lines: DTD;
Pointed lines: ALS; Dashed lines: ALSf; Compound one: squares; Compound two: circles; Compounds in D matrix: filled symbols; Com-A

Ž .pounds in D matrix: empty symbols. Legends: e.g., DTD 1A , the number and the letter between parentheses when existing indicate theB
Ž . Ž .compound 1 or 2 and the data matrix D or D for which a certain parameter has been determined.A B

Žthe noise added to all data sets please note that for
binary systems, the conditions required by Manne’s
theorems for the correct resolution of data matrices
coincide with the presence of selectivity for both

.compounds . When neither spectral nor chromato-
graphic selectivity exists, as in system 1, ALS still
performs better in most of the cases, as shown in Figs.
4 and 5. Only some reversals in this tendency can be
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Fig. 4. Effect of the signal shift on the resolution of the three-way data sets generated by modifying the basic system 1. Legends, line and
symbol patterns are the same as in Fig. 3.

found when the departures of trilinearity are ex-
tremely small or when these departures are associ-
ated with an increase in the overlapping between

Žcompounds i.e., moderate positive signal broaden-
. Žing . In the latter case, there is a critical zone q2)

.Ds)q1 where the negative effects caused by the
increase of correlation in the chromatographic direc-
tion on ALS and by the loss of trilinearity on DTD
and ALSf are comparable. Such a behavior is spe-
cially noticed in the recovered response profiles,
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Fig. 5. Effect of width signal changes on the resolution of the three-way data sets generated by modifying the basic system 1. Legends, line
and symbol patterns are the same as in Fig. 3.

which are actually linear combinations of the pure
profiles. This distortion in the profiles shape also in-
fluences the quantification ability in the DTD and the
alternating least squares procedures. On the one hand,

Žvariations in the form of the profiles i.e., in matrices

.X and Y modify the least-squares calculation of the
Z matrix in DTD and, on the other hand, these varia-
tions are also associated with changes in the peak area
of the different compounds, this parameter being used
to obtain the quantitative information in the ALS and
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ALSf. In contrast to the parameters above, the lack
of fit is only severely affected by losses of trilinear-
ity. In DTD and ALSf, the non-trilinear contributions
present in the data and excluded from the model
Žwhich would account for the shifts or shape varia-
tions for the same compound in the two treated ma-

.trices , are responsible for the increase in the lack of
fit. Owing to the greater flexibility in the modelling
of the profiles, ALS always has more freedom in the
data reproduction, though using linear combinations
of the real solutions, when there is no selective infor-
mation in the system and, therefore, the data fit is al-
ways better than for methods with trilinear structure
imposed. This behavior and the possibility of calcu-
lating this parameter for real data sets provide an ad-
ditional method to check the existence of trilinear
structure in real three-way data sets since non-trilin-
ear systems will always have a significantly greater
lack of fit for DTD than for ALS when the same
number of compounds is used in the resolution pro-
cess.

Figs. 4 and 5 clearly show the factors that nega-
tively affect the different resolution methods.
Whereas DTD and ALSf are mainly influenced by

Žtrilinearity losses i.e., by increases in the signal shift
or in the changes of signal width, whatever their

.sign , ALS is more sensitive to variations in the cor-
relation between the response profiles of the data set.
Thus, improvements in the ALS results are associ-
ated with a decrease in the overlapping between

Žcompounds i.e., big signal shifts or signal narrow-
.ing and the opposite effect is promoted by increases

Žin the correlation between profiles i.e., signal broad-
.ening .

In all the comments above, DTD and ALSf have
been put in the same group when compared with
ALS. However, noticeable differences between them
derive from the distinct way to include the trilinear
condition in their resolution processes. DTD works on
the whole data set to obtain the trilinear combination
of response profiles that best fit the original data. This
strategy gives priority to the data fit over the recov-
ered shape for the response profiles. ALSf operates
one by one on each column of the augmented con-
centration matrix to get the best common and con-

w xstrained profile for each compound 24 . In contrast
to DTD, ALSf is more focused on the quality of the
individual response profiles than on the global fit. The

explanations above are in agreement with the general
tendencies observed in Figs. 4 and 5, where ALSf
provides smaller dissimilarities and errors in quan-
tification, whereas DTD shows lower lack of fit. The
larger lack of fit in the ALSf models is related to the
removal of both the non-trilinear contributions and
the trilinear information not in agreement with the
constraints imposed in the optimization procedure
Že.g., non-unimodal and negative parts of the concen-

.tration profile, . . . . The larger distortions in the re-
sponse profiles found when DTD is applied are due
to the acceptance of any kind of profile shape, pro-
vided that it keeps the trilinear condition.

4.3. Comments on the resolution of trilinear data sets
( )effect of noise addition

An unavoidable element in the real data sets is the
presence of noise. This factor alone does not induce
trilinearity losses unless it appears simultaneously
with some of the data variation sources mentioned
above. The simulated examples are used to analyze
the stability of the resolution methods against the only
introduction of different noise levels and patterns in
the data sets.

All the tested three-way resolution methods are
more affected by increases in the noise level than by
variations in the noise pattern. Generally speaking,
both DTD and ALSf provide more satisfactory re-
sults than ALS for the original noisy data sets.

The best performance of DTD and ALSf is more
evident when there is no selectivity in the 3-way data
set, as shown in Fig. 6. In this case, owing to the in-
trinsic trilinear structure of the data sets and the
forced trilinear character of the resolution results,
both methods are able to reach the real unique solu-
tions. In contrast, ALS suffers from the ambiguity
associated with the decomposition of the bilinear ma-
trices lacking selective information and the profiles
obtained, though correctly reproducing the original
data, are linear combinations of the true response
profiles. The results obtained with DTD and ALSf are
fairly similar. For the sake of speed and for easy ap-
plication, DTD is more recommendable to treat tri-
linear three-way data sets with no selective informa-
tion.

The application of the tested resolution methods to
data sets with selective information, i.e., to the ex-
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Fig. 6. Effect of noise on the resolution of the three-way data sets generated by modifying the basic system 1. Legends, line and symbol
patterns are the same as in Fig. 3. Noise description of the data sets: hol™noise level: 0.01% A Noise pattern: homoscedastic. hoh™max

0.5% A , homoscedastic. hsl™0.01% A heteroscedasticAsignal. hsh™0.5% A , heteroscedasticAsignal. hql™0.01% A ,max max, max max

heteroscedasticA6signal. hqh™0.5% A , heteroscedasticA6signal.max

amples coming from systems 2, 3, and 4, offers a
Ž .rather different situation see Fig. 7 . DTD, ALS and

ALSf all get unique solutions in a very good agree-
ment with the true profiles. Uniqueness in ALS is due
to the presence of selectivity in the data sets. Never-
theless, DTD and ALSf usually show a subtle superi-

ority with respect to ALS, although some occasional
reversals in this behavior can be found in some con-
crete simulations. Such a difference can likely come
from the lesser introduction of noise in the profiles
recovered by DTD and ALSf. Therefore, DTD, ALSf
and all other resolution methods modelling the re-
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Fig. 7. Effect of noise on the resolution of the three-way data sets generated by modifying the basic system 3. Line and symbol patterns are
the same as in Fig. 3. Noise description are the same as in Fig. 6.

sponse profiles by only taking the trilinear informa-
tion of the data set, i.e., the common information
shared by all the matrices treated together, perform a
smoothing effect on the profiles obtained owing to the
non-inclusion of the diverse noise contributions in the
resolution process. In consequence, the profiles so
recovered are more similar to the true noise-free sig-
nals than those obtained by using more flexible
methods, such as ALS, where the presence of noise

in the final profiles can only be suppressed if it dis-
torts the profiles in such a way that the constraints
imposed in the optimization procedure are not re-
spected.

5. Comments on a real example

The selected example consists of thin layer chro-
w xmatographic data with fluorescence detection 8 . The



( )A. de Juan et al.rChemometrics and Intelligent Laboratory Systems 40 1998 19–3230

matrices contain glycine andror glutamine as ana-
lytes and two contributions owing to background ef-
fects, which are also modelled as additional com-
pounds. The three-way data sets are formed by three
matrices of glycine standards, three of glutamine
standards and three having mixtures of both analytes.
The two background contributions are present in all
matrices. To compare the performance of the resolu-
tion methods, the data sets called experiments 1a and
2, have been chosen. Both data sets have the struc-
ture mentioned above. Experimental details about
these data can be found in the original work.

A prior exploratory analysis shows the presence of
a high noise level in the data sets. The application of
EFA and FSMW-EFA reveals the lack of selectivity
in any of the directions of the 3-way data sets. Such
a feature is due to the existence of background con-
tributions during the whole elution process and to the
big chromatographic and spectral overlap between the
two analytes, glycine and glutamine.

The internal structure of the data sets can be
known through the comparison of the lack of fit re-
lated to the ALS and DTD results. ALS has been run
using the non-negativity constraint in both chromato-
graphic and spectral directions. Unimodality has been
applied to the concentration profiles of glycine and
glutamine, whereas the background profiles have not
been forced to respect this constraint. DTD results are
those obtained in the unfolding direction giving the
best data fit. ALS gives a lack of fit significantly
lower than that of DTD for both experiment 1a
Ž . Ž8.29% vs. 17.3% and experiment 2 9.58% vs.

.15.46% and therefore, the data sets are clearly non-
trilinear.

Experiment 1a and experiment 2 are classified
within the group of non-trilinear systems without se-
lective information. According to the conclusions in-
ferred from the simulated examples, the choice of
ALS would be clear if there was complete or partial
selectivity in the system. As this is not so, this real
example can be placed in the critical zone where both
DTD and ALS solutions, the first, because of the
non-trilinear structure of the data and the second, be-
cause of the big overlap between compounds and the
high noise level, are comparably damaged. In this
situation, all the resolution methods can fail to find
out the true solutions, but the application of both DTD
and ALS can provide complementary information in

Ž . Ž .Fig. 8. Spectra recovered for glycine 1 and glutamine 2 in ex-
Ž . Ž .periment 1a solid lines and experiment 2 dashed lines by using

DTD and ALS.

order to obtain solutions as close as possible to the
real ones.

A rather general observation is the best perfor-
mance of ALS to recover the qualitative information.
This is due to the inclusion of the non-trilinear con-
tributions to build up the concentration profiles and
the spectra and to the more reproducible procedure
followed in the modelling of the response profiles by
using the suitable chemical constraints. Fig. 8 shows
the robustness of the ALS modelling procedure
through the comparison of the glycine and glutamine
spectra recovered for the two three-way data sets
studied independently, experiment 1a and experiment
2. As DTD works to have the best trilinear combina-
tion of response profiles and no constraints are used
to control the profiles shape, the variability of the
spectra between different analogous data sets is much
larger and depends on how far from the trilinear situ-
ation the different data sets are.

In contrast to the qualitative aspects of the resolu-
tion methods, there is no fix rule to know which
method will provide the best quantification. Depend-
ing on how far the system from the trilinear condi-
tion is and on some other data features, such as the
noise level, the quantification ability can turn out to
be better either by applying ALS or using DTD. There
is no objective way to know which method must be
chosen to quantify a real data set unless, as in the
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Table 1
Correlation coefficients from the calibration lines obtained com-
paring actual and predicted concentrations

a aExperiment DTD ALS

Glycine Glutamine Glycine Glutamine

1a 0.930 0.993 0.836 0.860
2 0.362 0.693 0.871 0.920

a Ž Ž .Six samples the three suitable standards glycine or glutamine
.and the three values from the mixture matrices are used to obtain

each correlation coefficient.

present example, some standards are available. In this
case, the method having a better predictive ability for
the known standards will consequently quantify more
accurately the unknown samples. Table 1 shows the
quantitative information found by DTD and ALS for
the experiment 1a and experiment 2 data sets. DTD
is the best method to quantify the first data set, that
is likely close to be trilinear, and ALS behaves better
to quantify the second. The poor quantitative perfor-
mance of DTD in this last case must be attributed to
the larger departure from trilinearity of the data set
experiment 2.

6. Conclusions

The existence of selectivity and the internal struc-
Žture of the three-way data set trilinear or non-trilin-

.ear are the key features in the selection of the most
suitable resolution procedure. Therefore, the first step
is to classify the real data set according to these two
properties. The comparison of the lack of fit obtained
with DTD and ALS is proposed as a simple method
to confirm the presence or absence of trilinearity in a
three-way data set, i.e., if the lack of fit for ALS is
clearly lower than for DTD using models with the
same number of components, the system is non-tri-
linear, and vice versa if the lack of fit for DTD is
equal or lower than for ALS. The presence of selec-
tivity can be easily found by applying local rank
analysis, such as FSMW-EFA.

DTD and ALSf work much better than ALS with
trilinear systems lacking selectivity. The presence of
selectivity in the data sets makes the ALS results
comparable to those coming from DTD and ALSf,
though the smoother solutions of the latter are usu-

ally slightly better. Within DTD and ALSf, the first
one is normally chosen because of the speed and easy
applicability.

ALS is the best method to deal with non-trilinear
data sets. Systems lacking selectivity and having a
slight departure of trilinearity, as the real example
presented, are the only ones showing solutions of
similar quality with all the tested resolution methods.
In these situations, ALS appears to be more robust in
the modelling of the response profiles whereas either
DTD or ALS can provide a best quantification.

7. Additional information

Graphical results completing those shown in the
text about shift effect, change of signal width, and
noise addition on the resolution results are available
on request.
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