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Multivariate Curve Resolution (MCR) from 2000:
Progress in Concepts and Applications

Anna de Juan

Chemometrics Group Department of Analytical Chemistry, Universitat de Barcelona, Diagonal, 647.

08028 Barcelona, Spain

Roma Tauler
IIQAB-CSIC. Jordi Girona, 18, Barcelona, Spain

This work is mainly oriented to give an overview of the progress of multivariate curve resolution
methods in the last 5 years. Conceived as a review that combines theory and practice, it will
present the basics needed to understand what is the use, prospects and limitations of this family
of chemometric methods with the latest trends in theoretical contributions and in the field of

analytical applications.
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systems

MULTIVARIATE CURVE RESOLUTION: EXTRACTING
THE UNDERLYING MEASUREMENT MODEL

Analytical chemistry provides a vast number of examples
of multicomponent systems. Nowadays, samples are far from
simple and often contain many components to be simultane-
ously analysed (think of the generation of —omics data) or a
few interesting analytes in the presence of many other chemical
interferences (e.g., in environmental samples). More complex
instrumentation is needed to cope with these systems in an effi-
cient way and, equally needed are tools to handle and interpret
the information obtained.

For the sake of simplicity, let us start with a clear example (a
two-component chromatographic system with DAD detection).
The HPLC-DAD system provides a two-way data set, a matrix
D, with an elution and a spectral direction. Rows and columns of
the data matrix will be spectra or elution profiles, respectively.
Figure 1 and Eqs. [1-3] describe in detail the raw measurements
and the underlying model of pure contributions.

D =Dy +Dg (1]
D= cAsX + chg [2]
D = CSsT [3]

Address correspondence to Anna de Juan, Chemometrics Group,
Department of Analytical Chemistry, Universitat de Barcelona, Diag-
onal, 647, 08028 Barcelona, Spain. E-mail: anna.dejuan@ub.edu

Thus, the landscape of raw absorbances can be easily de-
composed on the pure signals related to A and B, D, and Dp
(see Figure 2a and Eq. [1]). Each one of these landscapes, Dj,
is obtained from a dyad of profiles D; = cisiT, where siT is a unit
pure spectral profile and ¢; is a concentration profile (elution
profile in HPLC) that represents the weight (abundance) of that
particular compound along the row direction in the data set (see
Figure 2b and Eq. [2]). Finally, the additive model in Eq. [2] can
be expressed in a more compact way, grouping together all the
concentration profiles and all spectra in the C and ST matrices,
respectively (Figure 2¢ and Eq. [3]). This last expression is the
most common way to express the Beer—Lambert law in matrix
form and, by extension, the bilinear MCR model (1-7).

The goal of MCR is, thus, passing from the mixed non-
selective information that comes from the instrument (D) to the
real contributions of the pure components in our system (repre-
sented by the profiles in C ands ST) without using any behaviour
model or a priori information about the system. How to do this
in the most efficient and reliable way has been the task of MCR
research from early days till present (1-5).

Exploration in MCR

MCR is, by definition, a model-free or a soft-modeling
method that focuses on describing the evolution of the experi-
mental multicomponent measurements through their pure com-
ponent contributions. So, strictly speaking, only the matrix D of
raw measurements is needed to perform the analysis. Neverthe-
less, exploring the data sets can provide information about the
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FIG. 1. The measurement model of a two-component HPLC-DAD system. (a) Described as an additive model of pure signal
contributions, (b) described as a model of additive dyads of pure concentration profile and spectrum, (c) described as a bilinear

model of concentration profiles and spectra.

number and evolution of components or in the form of initial
estimates of concentration or response profiles. This previous
information can orient the resolution process and improve sig-
nificantly the final results obtained. The most usual resolution-
oriented chemometric tools belong to the family of local rank
analysis methods and to procedures for pure variable selection.

Local rank analysis methods perform repeated PCA analy-
ses in small parts of the data set (the so called row or column
windows) with the aim of knowing how the number and distri-
bution of components evolve along the data set. The design of
these windows, gradually growing in size or with a fixed size
and moved along the data set, and the way to plot the results
obtained in all the performed window PCA analyses determine
the final information obtained.

Local rank analysis methods are particularly relevant in the
study of processes, where the concentration profiles of the dif-
ferent components evolve smoothly and, often, following a se-
quential pattern, i.e., the first component emerging is the first
decaying and so forth. Using gradually growing windows, mim-
icking the stepwise progress of a process, the evolution of the
number of significant components indicates the process stage
(e.g., time, pH value, temperature) at which the different com-
ponents emerge and decay (8, 9). In sequential processes, the
proper use of this information can provide concentration win-

dows, i.e., the rows in the data set (process variable interval)
where a particular component is present (10), and approximate
concentration profiles for the different components (4, 11, 12).
Evolving Factor Analysis was the parent method for local rank
analysis of processes, from which most recent algorithms derive
(8-10). Modifications are oriented to confirm the sequential evo-
lution of components in unknown processes (13), to improve the
setting of concentration windows (14) or to overcome problems
linked to the analysis of rank-deficient processes (15).

Local rank analysis based on the use of fixed size windows
covers the whole data set through the systematic study of small
moving windows. The results inform about the local complexity
of the data set, i.e., about how many components overlap in
the different data set regions enclosed by the windows (16,
17). This information locates selective regions in the data set,
i.e., windows with only one component, which are crucial in
resolution analysis. Playing with the size of these windows,
more capability to detect the presence of minor species (with
larger windows) or more specificity in setting the boundaries
of the different local rank regions (with smaller windows), can
be achieved (18). Fixed Size Moving Window Evolving Factor
Analysis has been the model for all recent algorithms (16). The
fact that the whole data set is studied in small pieces makes
these methods suitable for data sets that have a global smooth
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FIG. 2. Common constraints used in iterative MCR approaches.

variation in the concentration direction, such as processes (19,
20), or a local smooth pattern, such as spectroscopic images,
where windows are designed so that the original 2D or 3D pixel
neighbourhood is kept (21).

Methods of pure variable selection find the most represen-
tative row or column profiles for the different components in
a data set. Most of these methods are indirectly helpful to de-
termine the number of components in the data set and, when
selectivity conditions are favourable, the row or column profiles
obtained can be directly associated with pure concentration or re-
sponse profiles and the resolution of the system can be achieved.
Some of these procedures work on the abstract space of principal
components (22, 23), whereas others use the space of the real
measurements (24—27). The latter are most commonly used and,
among them, SIMPLISMA, the pioneering approach, is still the
most popular (24). Recent modifications of SIMPLISMA imply
the combined use of raw and second derivative data for a better
variable selection (28) and the use of the maximum angle among
profiles as selection criterion in derived methodologies, such as
SMAC (stepwise maximum angle calculations) (29). Pure vari-
able selection methods play an important role in data sets where
a smooth, sequential process direction is missing, because the

performance of these approaches is not affected by the lack of
ordering in the row or column directions. This fact explains that
SIMPLISMA has encountered an extensive application in spec-
troscopic images (30-34) or environmental data (35, 36).

Non-Iterative Approaches

Most non-iterative resolution methods rely on combining in-
formation of small sections of a data set (subspaces) constructed
from global and local rank information to obtain the pure com-
ponent profiles. These subspaces can be concentration windows
or regions of the data matrix that hold particular properties (pres-
ence or absence of particular components). In many non-iterative
methods, the C or the S profiles are recovered one at a time and
the paired matrix (S or C, respectively) is obtained afterwards
through a single least-squares step, according to the model in
Equation [3].

Window Factor Analysis (WFA) (37), Subwindow Factor
Analysis (SFA) (38), or Heuristic Evolving Latent Projections
(HELP) (39) are among the first and most significant approaches
within this category. WFA recovers the concentration profile
of each component using the original data set and the zero-
concentration window of the component to be resolved, i.e., all
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rows out of the concentration window. With this information, a
vector representing the spectral variation of the component of
interest uncorrelated to all other components is obtained. This
vector, combined appropriately with the original data set, yields
the sought concentration profile. SFA recovers the pure response
profile of each component. The knowledge of the concentration
windows is used in such a way that each pure spectrum is cal-
culated as the intersection of two subspaces with only the com-
pound to be resolved in common. HELP recovers one at a time
the dyad of concentration profile and spectrum for each com-
ponent. It starts finding a selective concentration region for the
component to be resolved. This selective region provides directly
the component spectrum and the concentration profile is recov-
ered using appropriately the selective and the zero-concentration
window. Deflating the matrix by subtraction of the signal contri-
bution of the resolved component helps to find new ‘selective’
regions for other components in the deflated matrix that were
not present in the original data set.

Most recent algorithms are usually evolutions of the parent
approaches, such as Orthogonal Projection Resolution (OPR)
from WFA (40) or Parallel Vector Analysis (PVA) from SFA
(41). From the brief descriptions of the methods above, it can
be easily noticed that a key point is the correct definition of
the concentration windows and research has also gone in this
direction (42). In terms of applicability, the main limitation of
these methods stems from the fact that data sets need to have a
sequential (or very ordered) concentration direction where con-
centration windows can be reasonably well set, i.e., the field of
application is restricted to the analysis of evolving systems (pro-
cesses, chromatography). Nevertheless, when a data set shows
the suitable properties of component overlap in the concentration
and spectral direction (43), these methods provide unique and
correct solutions. An additional advantage is also linked to the
one-at-a-time recovery of concentration profiles or spectra that
can make these methods useful when only partial information
of a system, such as the pure spectra or the pure concentration
profiles of certain components, are of interest (44, 45).

Iterative Approaches

Iterative resolution approaches are currently considered the
most popular MCR methods due to the flexibility to cope with
many kinds of data structures and chemical problems and to the
ability to accommodate external information in the resolution
process. All of them share a common step of optimisation (of C
and/or ST matrices) that starts from initial estimates of C or ST
that evolve to yield profiles with chemically meaningful shapes,
tailored according to chemical or mathematical information in-
cluded in the optimisation process under the form of constraints
(46-53). Iterative Target Transformation Factor Analysis, I'T-
TFA, (46, 47) and Multivariate Curve Resolution-Alternating
Least Squares, MCR-ALS (48-51) were the first approaches,
although other methodologies with different principles, such as
Gentle or Resolving Factor Analysis, RFA (52, 53) have ap-
peared afterwards. General improvements applicable to most

iterative methods above are linked to the explanations in the
next paragraphs.

Constraints, defined as chemical or mathematical properties
that should hold the resolved profiles, have been and still are an
active field of research. Improvements have included the defi-
nition of new kinds of constraints and the progress in their im-
plementation, trying to modify the profiles as smoothly as pos-
sible. Adding up to the classical constraints of non-negativity,
unimodality, closure and the equality constraints linked to se-
lectivity or to the use of known profiles (4, 49) the most out-
standing contribution has been the introduction of the so-called
hard-modeling constraints (see Figure 2). Until recently, sys-
tems were either hard- or soft-modelled. Hard-modeling fitted
chemical data according to rigid models built from mathemati-
cal expressions that could define a physicochemical behaviour
or, in a general sense, the shape of a signal or a profile. To do so,
all the data set variation had to be described by that particular
model (54, 55). Nowadays, hard models have been introduced
in MCR as constraints to act in a partial or a total manner on
concentration or response profiles (56-58). The main benefit is
that models can be used that describe only part of the variation
of the data set (e.g., the evolution of some components) whereas
the rest of the system (the remaining components) can be soft-
modelled. These constraints have allowed the hard-modeling of
processes in the presence of inert interferences (soft-modelled)
(59, 60) and the calculation of physicochemical parameters as
additional outcomes of MCR. Because of the strength of this
kind of constraint, the ambiguity in the resolved profiles is sup-
pressed or significantly minimized (61, 62) and the chances to
resolve severely overlapped concentration profiles and signals
are substantially increased. Examples of hard-modeling con-
straints include incorporation of kinetic models (56-58, 63, 64),
enzymatic models (60, 65, 66) or equilibria (59, 67) in concen-
tration profiles and inclusion of signal shape models, such as
peak-shaped functions for voltammetric measurements (68) or
exponential decay curves in NMR DOSY data (69).

Profiles get their form modified by the action of constraints.
The harsher the modification is, the further the profile goes
from the smooth form that it has in reality. When corrections
by constraints are too abrupt, divergences can appear in the op-
timisation process and the net effect of the constraint may not
be as positive as expected. Constraint implementation should
try to incorporate a smooth way to modify the profile shape
and should permit a certain flexibility in the fulfillment of the
constraint conditions to account for the experimental noise or
for instrumental effects on the measurement. Smoothness has
been often achieved by least-squares implementations of con-
straints (70-72) and different degrees of tolerance have been
achieved by the use of penalty functions (73). These improve-
ments have been particularly interesting in complex systems,
where perturbations in the natural form of profiles can affect
convergence more significantly and in the application of equal-
ity constraints (i.e., constraints that incorporate information on a
partially or totally known profile shape), due to the unavoidable
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FIG. 3. Augmented MCR bilinear models. (a) model for a row-wise augmented matrix, (b) model for a column-wise augmented

matrix, (¢c) model for a row- and column-wise augmented matrix.

small differences between the real profile shape and the known
references. Nevertheless, classical substitution approaches that
also allow for variable degrees of tolerance are interesting for
they tend to allow a major flexibility in the combination of ap-
plied constraints and in the choice of profiles or directions to
be constrained. Besides, their application in systems that natu-
rally obey the imposed constraints leads also to the best fit when
convergence is achieved.

A great MCR milestone was the extension of these methods
beyond two-way data sets (49, 74-77). Classical MCR ambi-
guity problems get significantly reduced with the possibility to
analyse structures with richer information (three-way data or
row- and/or column-wise augmented matrices) (see Figure 3).
Data fusion or multiset analysis are names given now to the
merged measurements coming from one or more experiments
monitored by different techniques but, well before these names
were coined, MCR had already been applied to this and to other
kinds of merged data arrangements. Data fusion responds of-
ten to the hyphenated or multi-way nature of modern instru-
ments (coupling several detection systems or acquiring several
responses at a time) (78—82) but, other augmented data arrange-
ments, like multibatch or multiprocess data sets, are equally in-
teresting (83—87). Bearing in mind the basic idea of resolution,
i.e., the recovery of the pure component information from a data
set in a set of pure profiles, we must not forget that many multi-
way methods, such as PARAFAC, PARAFAC2, TUCKER, have
been often used for resolution purposes, although they do not

fall into the classical MCR denomination (88). In this sense,
it is interesting to note that MCR on augmented data can im-
pose typical multi-way structures, such as trilinear (76, 89) and
Tucker models (90), in the form of constraints and apply them to
the complete set of profiles or to some of them. When extended
MCR or multi-way methods are applied for resolution purposes,
quantitative information linked to the data set can be obtained
(59, 66, 91-95). Quantification by MCR presents advantages
with respect to classical multivariate calibration approaches for
it needs neither the knowledge nor the inclusion of interferences
in the calibration model and the number of standards can be ex-
tremely low (even only one). The now extended use of MCR for
quantitative purposes has promoted studies on the typical qual-
ity parameters of quantification (96, 97) and the emergence of
new approaches that use the resolved concentration profiles by
MCR as input in two- or multi-way calibration methods instead
of the raw data sets (98).

Uncertainty in MCR
Although MCR gives astounding results from the sole use of
raw experimental measurements, the profiles recovered may be

affected by the so-called rotational and/or intensity ambiguities
(6, 7, 49). Going back to the MCR model,

D =CSsT
can be written as:
D =CTT!ST
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where T stands for any transformation matrix and this gives:
D=CS" whereC'=CTandS" =T 's"

This is the mathematical formulation of the rotational ambiguity,
which means that we may obtain the same optimal lack of fit in
the description of the data set D using sets of profiles (C’ and
S?) shaped differently from the true ones (C and S). Even in the
absence of rotational ambiguity, Eq. [3] can still be rewritten as:

n l T
D ; (ki c,> (ki s7) (4]
which means that the dyad of resolved profiles (¢; s;) for each
pure component can present profiles with the sought shape but &;
times smaller, (1/k;)c;, or bigger, k; siT , than expected. The extent
of ambiguity can be significantly decreased or even suppressed
by the use of constraints. The more constrained a system is, the
fewer the possible profile combinations that fulfill the required
shape and intensity conditions and fit optimally the data set D.

Ambiguity has always been the Achille’s heel of multivariate
curve resolution. Only recently there have been solid attempts to
evaluate the extent of this phenomenon in the MCR resolved pro-
files (99-103). Ambiguity is component and profile-dependent
and, within the same data set, we may find components or pro-
files which lack ambiguity and others that have it in a large
extent. Some of the latest tendencies opt for determining, one at
a time for each component, the minimum and maximum bound-
aries of the feasible solution bands for the dyad of resolved
profiles. The general idea is finding the ‘boundary’ dyads of
profiles that provide the maximum and the minimum contribu-
tion of the component signal to the overall signal measured. The
maximum and minimum boundaries should correspond to pro-
files that respect the constraints and should be part of a global
set of profiles including all components and reproducing the
data set with the optimal fit. All these conditions are set under
different forms of optimisation problems and these approaches
are valid for data sets with unlimited number of components
(99, 100).

Other methodologies question whether the minimum and
maximum boundaries really enclose all possible feasible pro-
files and, whether defined as maximum and minimum of signal
contributions, they really represent the ‘extreme’ solutions. In-
stead of the boundaries, these alternative approaches display the
band or the area enclosing all feasible solutions using visual
tools or geometry concepts for this purpose (101, 102). How-
ever, their applicability restricts right now to 2- or 3-component
systems. No matter the methodology used, it is very clear the
dramatic decrease of ambiguity introduced by the effect of con-
straints and, above all, the major effect obtained when going
from analysis of two-way data to the analysis of augmented data
matrices (multi-way) (100, 101, 104, 105). Although there has
been much progress in the knowledge and evaluation of ambi-
guity in MCR, works are developing and we shall see progress
in years to come.

No matter the amount or the lack of ambiguity in the solu-
tions, a common source of uncertainty in the results comes from
the error in the experimental measurements. Finding analytical
expressions that can help in the evaluation of error propagation
in the MCR resolved profiles is extremely difficult, but there are
strategies to obtain approximate estimates of the error linked to
the resolution results (105, 106). Most of them obtain the er-
ror estimates as the average of a huge number of simulated or
real replicate measurements. Simulations of replicates can in-
clude: repeated resolutions of data matrices with some rows or
columns missing or with some complete matrices missing (in
three-way data sets, jackknife methods) (107, 108), resolutions
of a particular data set after having added some noise to the mea-
surements (noise-added method) (109, 110) or construction of
replicates adding noise to a noise-free simulated or reproduced
data set (Monte Carlo approach) (106). Although the uncertainty
induced in the resolved profiles by ambiguity and by noise effect
arise from distinct sources and should be estimated separately,
there is a thin border between the two when noise gets very
large because of the ambiguity induced by the worse definition
of concentration and spectral windows

Applications

MCR has been used since the origin for process analysis or,
using a more general expression, for multicomponent evolving
systems, but new areas of application appear that do not fit this
definition. Typical MCR examples ranged from reaction moni-
toring at laboratory scale or at an industrial level to all kinds of
hyphenated chromatographic or flow injection separations (75—
98). These applications constitute still the most common fields
of use of MCR. Advances in this context have gone in the di-
rection of analysing data sets that are far beyond the classical
two-way data table and that reflect the progress in analytical
instrumentation and data analysis. Thus, processes tend to be
monitored with multitechnique strategies (coming from mul-
tiresponse instruments or from separate measurements) (78—82)
or taking multibatch or multiexperiment data sets (75, 83-98).
These strategies have greatly improved the understanding of
complex processes, like those involving biomolecules, that may
include events happening at very different levels and that need
specific multitechnique monitoring (68, 79, 81, 111, 112). In
process analysis, Process Analytical Control has also benefited
from multibatch analysis, setting methodologies to monitor and
control the evolution of systems (75, 83—87). Process monitor-
ing with instrumentally challenging 2-way measurements, such
as 2D NMR (113), 2D DOSY NMR (69), with diverse kinds
of electrochemical measurements (114) and with fast spectro-
scopies (115) have also been proposed.

Analytical characterisation and determination, often based
on separation or flow injection techniques, has found clear im-
provement in resolution and quantification through the use of
data arrangements combining standard and sample runs (91-95)
and, eventually, multitechnique detection, such as LC-DAD-MS
experiments (116). MCR allows for very flexible combinations
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of information, e.g., chromatographic runs resolved well can be
combined with routine fast overlapped runs coming from short
columns (92), minor impurities can be more easily identified in
augmented sample analysis (117), analytes in complex biologi-
cal, food, industrial or environmental samples can be analysed
(75, 91-95,97, 118, 119).

In all the classical applications mentioned above, MCR is an
obvious data analysis option, since the application of constraints
(in the iterative methods) or the setting of concentration windows
(in non-iterative methods) take advantage of the smooth contin-
uous shape of the pure component profiles in both the response
(S) and the concentration (C) direction. More challenging data
sets are those where the concentration direction does not fol-
low a global patterned shape, but just some local composition
relationship. Measurements, such as spectroscopic images, en-
vironmental data or many of the —omics data sets, fall into this
category.

Spectroscopic imaging has emerged in the last decade as
a particularly powerful experimental measurement due to the
presence of spatial-dependent information on the sample com-
position. Compounds spread and overlap on the scanned 2D or
3D image and the goal of data analysis is providing reliable dis-
tribution maps and characterization of the pure compounds in
the image. Such a goal is well met by MCR, since the image
data variation responds to the bilinear model that describes any
pixel spectrum in the image as the linear combination of the sig-
nal contribution of its components. Making an image data cube

(x x y x A) suitable for MCR analysis requires only unfolding
the cube into a data table that contains all pixel spectra. After
the resolution analysis, the pure spectra of the constituents are
recovered as well as their related pure distribution maps, once
the profiles in C are folded back to recover the original spa-
tial image structure (see Figure 4). MCR image resolution has
gained relevance during the last years (30-34, 120, 121) and
efforts are now focused on the use of spatial information, com-
ing from exploratory methods based on the local rank analysis
of image areas (21) or from the application of pixel classifica-
tion tools (122), under the form of image-specific constraints.
Many advances are still to come to improve the incorporation
of information into the image resolution process and to extend
the simultaneous analysis of several images (32) to the analysis
of data sets scanned with different techniques, as a function of
time, and depth.

Environmental information, coming from geographical, sea-
sonal or compartmental monitoring can also be organized under
the form of data tables, where the rows refer to geographical
sites, seasonal times and the column variables are compound
concentrations, physicochemical parameters, toxicological in-
dexes or any other kind of data of environmental interest. Al-
though the bilinear nature of this data is not as clear as for
a spectroscopic measurement, it is well accepted that the to-
tal profile of a sample (the row that contains all the measured
parameters in the table) can be the result of the contribution of
different environmental sources, with a particular compositional
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SVOC compounds (121). Compositional profile, average geographical and month profiles for a particular pollution source.

profile. This is the basis of the so-called receptor models (123,
124). ST and C would contain, in this context, the compo-
sition profiles of the different environmental sources and the
geographical, seasonal, and source apportionment profiles, re-
spectively. Figure 5 shows an example of environmental data
analysis, where a data set containing monthly environmental
tables of semivolatile organic compounds (SVOCs) concentra-
tions collected at 48 sampling points in Portugal is analysed
(125). The data arrangement and the profiles resolved for a par-
ticular pollution source, where the compositional profile, the ge-
ographical and the month profiles are obtained, is shown. MCR
and other factorization approaches, such as Positive Matrix Fac-
torization (PMF) (126, 127), multilinear engine (ME) (128) or
unmix (129, 130), and most multi-way data analysis tools have
been adapted to the analysis of 2-way or multi-way environ-
mental data [131-133]. Specific contributions of MCR and re-

lated techniques to environmental analysis include the analysis
of multidimensional data arrangements, incorporation of noise
information in the factorisation process (126—130), incorpora-
tion of environmental parameters, such as weather parameters,
wind speed and direction (134, 135) in the source modeling
and the combination of the results obtained with typical geo-
statistical tools, such as Geographic Information Systems (GIS)
(136).

Biological data are also a relevant field of application of
MCR. Apart from the invaluable help of this method for the
analysis and interpretation of biological processes, as essen-
tial as protein folding or DNA-drug interactions, for which
no general physicochemical model is available [81, 110, 112,
137, 138], MCR finds a new challenging area in the new gen-
eration of -omics data (genomics, proteomics, metabolomics,
...). These are biological high-throughput data that contain
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FIG. 6. Resolution of a DNA microarray. Sample profiles cluster samples according to their genic response. Over- and underex-
pressed genes (out of the area limited for the dashed lines) in the gene expression profiles characterise the nature of the clustered
salient samples in the related sample profile. (Sample profiles are realistic and come from ref. (137); microarray picture and gene
expression profiles are schematic representations of the real data set).

information about thousands of components. Metabolomic anal-
ysis is often performed with GC or LC/MS measurements.
The chromatograms obtained contain a huge amount of com-
ponents and classical global MCR of the complete data set is
not feasible. Strategies are being introduced that use MCR in a
semiautomated stepwise fashion on small time windows to re-
cover all registered components (139). Microarrays are a typical
tool used in genomics to identify genes and to know about their
functions and expression levels under different conditions. In
this case, a microarray data matrix D is sized (samples x genes).
Samples can be cells under different conditions, e.g., normal vs.
tumour cells, and a d;; element in the data matrix is the expression
of a certain gene in a particular cell. The bilinear model D = SGT
contains gene expression profiles in GT and sample profiles in S.

For a dyad of a resolved microarray component, i.e., (sj, giT) the
relationship between the most over- and underexpressed genes
in gl with the most salient samples in s;can give indications on
the genetic link of certain diseases. Figure 6 shows schemat-
ically the resolution of a microarray; in this case, the sample
profiles are those obtained for a data set formed by samples
showing two kinds of leukemia (140). The most salient samples
in each resolved sample profile refer to one of the two kinds
of leukemia. For details on the gene expression interpretation,
see reference (141). Since microarray numerical measurements
come from fluorescence imaging data, efforts are also focused on
the improvement of resolution of the raw microarray image for a
better translation between the spectroscopic value and the gene
expression quantification (121). Other metabolomics data are
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generated under very carefully designed conditions with the aim
of identifying and relating metabolites with diseases or to under-
stand the response to different treatments. Those data enclose
very different levels (e.g., individuals, time, and experimental
measurement) and give rise to the so-called multiset analysis.
New methodologies are born to deal with these demanding data
set structures (142, 143) and MCR can also have a future for the
treatment of some of these problems.

CONCLUSIONS

MCR is a classical and, at the same time, a fully alive data
analysis tool that is still in progress in terms of theoretical de-
velopments and new applications. Much development can still
be foreseen in different areas, such as the incorporation of new
kinds of information and models that respond to mathematical
data structure and to properties of new measurements and pro-
cesses, the increase in complexity of the data arrangements and
the understanding and estimation of the uncertainty linked to the
resolved profiles.
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