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Recent Developments in Multivariate Calibration

Jon Gabrielsson and Johan Trygg

Research Group for Chemometrics, Institute of Chemistry, Umed University, Umed, Sweden

This review covers the area of multivariate calibration; from pre-processing of data prior to
modeling and applications of regression methods for calibration and prediction. The impor-
tance of pre-treatment of data is highlighted with many of the recently developed methods
together with traditional methods. Several articles provide comparisons between different pre-
processing methods. Methods for data from coupled chromatographic methods, which have
found increasing use and where data pre-processing is a prerequisite for multivariate modeling,
are also included. Many of the novel chemometric methods deal with model complexity and
interpretation. A diverse set of applications are also presented and references are also given to
early papers, making it possible to acquire a deeper knowledge of methods of interest.

Keywords pre-processing, spectroscopy, coupled chromatographic techniques, multivariate cali-

bration, prediction

INTRODUCTION

Multivariate calibration is used to develop a quantitative re-
lation between the predictor variables in X and the response
variables in Y. Multivariate calibration has had several enhance-
ments/extensions in recent years (1) that have found widespread
use in analytical sciences.

Often, systematic variation not relevant for the prediction of
Y is present in X. Examples of such systematic variations in
spectroscopy can be baseline, drift and scatter effects, as well as
spectra of impurities and background. Pre-processing of data is
then applied to remove systematic variation not related to the Y
matrix. In this review we discuss different pre-processing meth-
ods for spectroscopic techniques commonly applied in multivari-
ate calibration. There is an increasing use of chromatographic
instruments coupled to spectroscopic detectors. Data generated
using these techniques have to be processed prior to multivariate
data analysis. Commonly applied processing methods for data
from different instruments are reviewed.

Development of chemometric methods in the area of mul-
tivariate calibration and prediction is covered in this article. A
wide range of diverse applications of multivariate calibration
methods are presented that encompass commonly used analyti-
cal techniques.

Pre-Processing
The aim of data pre-processing is to remove unwanted sys-
tematic variation such as baseline shifts, scatter effects and
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effects from uncontrolled external factors. Methods generally
applied can be divided into two categories. The first category
consists of classical methods for spectral normalization and
smoothing and differentiation, e.g., multiplicative scatter cor-
rection (MSC, EMSC), standard normal variate (SNV) trans-
formation, Savitzky and Golay smoothing and first and second
derivatives (2-5). The second category consists of methods for
variable selection and dimensionality reduction and has received
considerable attention over the past decade.

Orthogonal signal correction (OSC) filters have been devel-
oped to remove systematic variation in the descriptor matrix, X
that is not correlated to the response matrix, Y.

The general, single component OSC model of X can be ex-
pressed by:

X = topZ—i—E where t,= Xw,,and t, LY

The OSC component should:

 contain (large) systematic variation in X;

e be predictive using X (in order to be applied to future
data);

¢ be orthogonal to Y;

Wold et al. published the original work on OSC (6). Soon
after, a number of papers described alternative OSC methods.
Fearn and Hoskuldsson modified the OSC algorithm to make it
more theoretically clear, although producing slightly different
results (7, 8). The DOSC method by Westerhuis et al. (9) used
a generalized inverse of the X matrix in the OSC method, and
in the OSC method by Trygg (10) this is replaced by a partial
least squares (PLS) based approach model. Li et al. incorporated
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both the Wold OSC method and the Fearn OSC method into a
hybrid OSC method (11). The piecewise orthogonal signal cor-
rection method by Feudale et al. modified the OSC method by
Fearn to perform it in a piecewise manner (12). Later, Feudale
also used the multi-scale property of the discrete wavelet trans-
form to apply an OSC filter on each frequency band separately
(13).

Please note that the modeling results of applying different
OSC algorithms will vary, although all OSC methods have the
same overall objective. Nicely written reviews can be found also
in Svensson et al. (14) and Goicoechea et al. (15).

In the paper by Eriksson et al., OSC and wavelet analysis were
applied on fluorescence data related to a white sugar production
process (16). In the study by Blanco et al. OSC was applied to
minimize the spectral differences in near infrared (NIR) spec-
tra of two types of samples of active pharmaceutical ingredient
(API): production samples and laboratory samples (17). Samp
et al. applied OSC to improve a NIR calibration model for wort
fermentability in brewing (18).

Hansen presented a pre-processing method called indepen-
dent interference reduction (IIR) (19). IIR has similarities to
OSC. In IIR two data sets are used; a principal component anal-
ysis (PCA) is performed on one data set and by projecting the
second data set onto this, the interference part of this data set
is obtained. This variation is then removed to yield the cor-
rected data for multivariate calibration. An application to Fourier
transform infrared (FT-IR) data for determination of acetone is
presented.

Direct orthogonalization (DO) was presented by Andersson
in 1999 (20). Ferndndez Pierna et al. investigated the effects of
DO before applying principal component regression (PCR) and
PLS for two polymer and two NIR data sets (21). DO did not
significantly improve the predictive ability of the PLS models
compared to classical pre-processing methods. However, it is
suggested that DO can be used to obtain a better understanding
of the variation present in the data.

Rodriguez et al. optimized and applied a method combining
DOSC and classical least-squares (CLS) to the determination of
the content of antioxidants and organic acids in rubber by NIR
spectroscopy (22). A validation set was used to compare results
obtained with PLS, including several spectral pre-processing
methods, to OSC methods. The number of predictive compo-
nents after applying OSC based methods decreased while the
predictive ability was similar for all investigated methods.

In a study by Stordrange et al. multivariate calibration models
based on NIR spectroscopy were developed for prediction of the
initial reactant and an impurity in a synthesis of contrast media
(23). The objective was to replace an existing off-line monitor-
ing by high performance liquid chromatography (HPLC). Apart
from conventional pre-processing methods such as normaliza-
tion, differentiation and MSC, OSC and optimized scaling were
tested. Optimized scaling gives a scaling vector for each sample
(24). Except for optimized scaling, which uses PCR, modeling

was performed by PLS. The best predictive ability was achieved
using optimized scaling on differentiated data.

In nuclear magnetic resonance (NMR) based metabonomics
the interpretation of biological data can be confounded by vari-
ation not related to the biological responses, such as fluctua-
tions in either experimental conditions or in physiological sta-
tus. Beckwith-Hall et al. applied OSC to 1H-NMR of biofluids
in order to minimize the inherent physiological variation in the
samples as well as the inter- and intra-spectrometer variation
during data acquisition (25).

Moisture and protein content of alfalfa samples were ana-
lyzed by NIR diffuse reflectance spectroscopy and multivariate
calibration methods by Azzouz et al. (26). Derivatives, SNV,
MSC, De-trending and OSC were applied to the spectroscopic
data. It was found that in general the pre-processing methods
yielded similar predictions of moisture and protein content if
enough PLS components were used. In a study by Fardim et al.
multivariate calibration based on NIR spectroscopy was applied
to kraft pulps (27). Differentiation using the first-derivative,
Kubelka-Munk transformation, or a combination of both was
used as pre-processing techniques. PLS models with two to
seven PLS components and good predictive ability were estab-
lished for determination of mechanical and optical properties
of the pulp. Models were validated by using cross-validation
methodology and a comparison of measurements.

Waulfert et al. proposed a method called Continuous Piece-
wise Direct Standardization for removing temperature effects in
NIR spectra to improve predictions of ternary mixtures of al-
cohol and water (28). Martens et al. presented a pre-processing
method for data from process spectrometers and other multi-
channel instruments (29). The method is based on a covariance-
weighted pre-processing technique and the objective is to com-
bine the advantages of soft modeling with prior knowledge.
Spectra or estimates of the unwanted components are used in
the pre-processing step to remove this variation from the sub-
sequent calibration model. Arnold et al. (30) presented a proce-
dure where the pure component spectra of both target analyte
and possible interferences are used in the calibration model. The
utility of the method was illustrated by an analysis of calibra-
tion models ternary mixtures of sugars. Martens et al. applied
EMSC to diffuse transmission NIR spectra of powder mixtures
of protein and starch in order to separate the effects of physical
light-scattering from chemical light absorbance, thus simplify-
ing the multivariate calibration model (31).

In the study of Roger et al., a pre-processing method called
external parameter orthogonalisation (EPO) is presented (32).
The objective of EPO is to remove the influence of external
parameters in order to improve the robustness of a calibration
model for online measurement of sugar content in fruit using
NIR spectroscopy. It is an alternative to variable selection and
is close to the method by Hansen (19), but with the difference
that the sample size used can be small and that the response
parameter does not need to be constant. Hageman et al. provide a
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comprehensive account of methods for dealing with temperature
influences on NIR spectra (33).

A spectrophotometric method for the simultaneous determi-
nation of cobalt, nickel and palladium was developed by Arab
Chamjangali et al. Due to high spectral overlapping for these
components this is a difficult system to determine. A PLS model
was compared to a combination of DOSC-PLS. OSC and DOSC
were applied to NIR spectra of roast coffee in order to enhance
the robustness and reliability of multivariate calibration mod-
els. In the paper by Pizarro et al. PLS models were developed
to quantify the ash content and lipids in roasted coffee (34).
The pre-processing methods based on OSC were compared to
results from original data and the data corrected by derivation,
SNV and MSC. It was found that for both responses, DOSC and
a combination of differentiation and OSC gave PLS calibration
models with improved prediction abilities. In order to enhance
model performance two OSC (Wold and Hoskuldsson) filters
were compared as pre-processing techniques by Polldnen et al.
(35). The overall objective of the study was to develop stable
PLS calibration for solute concentration measurement in batch
cooling crystallization processes. The prediction errors for two
external test sets were used to decide the best model.

Yu and MacGregor presented an alternative approach to OSC
based on post-processing a standard PLS model with canonical
correlation analysis (CCA) (36). The paper points to problems
related to OSC, e.g., over-fitting and uncertainty regarding the
number of OSC components to extract. Methods based on OSC
+ PLS and PLS 4 CCA were compared on an artificial data set
with one part related and one part unrelated to Y. The authors
claim little risk of over-fitting, simpler computation and a better
estimate of Y-related variation using the PLS + CCA approach.

Zeaiter et al. have written two review articles on the topic of
robustness of multivariate calibration methods. The first part is
a review of definitions of robustness for multivariate calibration
and methods for evaluating robustness (37). The focus of the
second article is to present an overview of pre-processing meth-
ods commonly applied to data based on IR spectroscopic tech-
niques in multivariate calibration (38). Vogt et al. proposed two
improved PCR methods for correction of drift in spectroscopic
methods (39). The methods were compared to Savitzky-Golay
pre-processing followed by conventional PCR.

Woody et al. investigated transfer of PLS calibration mod-
els among four NIR spectrometers for a quantitative analysis
of polymers (40). A comparative study of second derivatives,
MSC, finite impulse response filtering, slope and bias correc-
tion, model updating (MU), and OSC was conducted. It was
found that both OSC and MU yielded robust PLS models with
enhanced predictive ability that outperformed the other studied
methods. Andrew and Fearn introduced a method called transfer
by orthogonal projection for deriving calibrations that are robust
to between-instrument variation (41). This would enable cali-
bration transfer without instrument adjustment. The method in-
volves identifying directions in the spectral space in which most
between-instrument variability lies and to remove this variation

from the spectral data, i.e., the calibration spectra are orthog-
onalized with respect to this variation. Leion et al. evaluated
several calibration transfer methods for NIR diffuse-reflectance
data from a pharmaceutical formulation (42).

In the article by Janné et al. spectroscopic data is used in com-
bination with hierarchical PCA and PLS (H-PCA and H-PLS)
for characterization and classification of a filler in pharmaceu-
tical tablet formulation (43). The H-PCA method gave a more
accurate classification in the scores plot compared to MSC pre-
processing. An H-PLS model was applied to build a calibration
model between attenuated total reflectance (ATR) FT-IR spectra
and measured tensile strength.

Wavelet Transform

The use of the wavelet transform in literature has primarily
focused on the compression and noise reduction of separate sig-
nals and less on the analysis of multiple signals. Wavelets can
be used as a pre-processing step in multivariate analysis (MVA),
to build multivariate calibration models or time series models.
Wavelets approximate eigenfunctions in many systems, and can
produce approximate de-correlations of autocorrelated signals
(44). As mentioned previously, Eriksson et al. used wavelets
on process fluorescence data, in combination with other pre-
processing methods, such as OSC (16). Artursson et al. applied
wavelets to pre-processing and compression in multivariate cal-
ibration (45). Bos and Vrielink and Alsberg selected the wavelet
scales that were optimal for classification of IR spectra (46, 47).
Recently, Galvao et al. used both the X and Y matrix in a multi-
variate calibration setting in an attempt to optimize the selection
of wavelet coefficient variables in the final calibration model
(48).

The multi-scale approach is to calculate a multivariate model
on each scale separately and then recombine the filtered data to
allow reconstruction. No compression is achieved, but the multi-
scale nature of the signals is taken into account as is the ability
of wavelets to separate individual features in the data. Bakshi
et al., Nonou et al. and Luo et al. successfully used wavelets
in multi-scale analysis and the modeling of process data for
use both off-line and on-line (44, 49, 50). Bjork et al. applied
the multi-scale approach to acoustic process measurements as
input for PLS (51). They applied the Fourier transform on each
wavelet scale to make the coefficients time-invariant, which is
very useful for time series and 2D images.

Tan et al. has developed a dual-domain regression method
based on the discrete wavelet transform and the PLS regression
method (52). First, the discrete wavelet transform is used to pre-
process NIR spectral data into multiple frequency bands. Each
one of these frequency bands are used as input for PLS regres-
sion. A similar wavelet transform coupled with PLS regression
approach has been proposed by Cocchi et al. (53).

Coelho et al. proposed an approach that maximise wavelet
compression by adjusting the quadrature mirror filter bank in
combination with the newly developed successive projection
algorithm (54).
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In a study by Chen et al. a method based on wavelet prism
and OSC for eliminating interference sources in NIR spectra of
a four component aqueous sugar solutions is proposed (55).

Pre-Processing for Coupled Chromatographic Data

The use of coupled chromatographic techniques, e.g.,
gas chromatography-mass spectrometry (GC-MS) and liquid
chromatography-mass spectrometry (LC/MS), has increased in
over the last 5 years, much due to extensive use in the omics area
(56-58). In contrast to a IH-NMR spectrum, GC-MS and LC-
MS data must be processed before MVA. The reason is the two-
dimensional nature (chromatogram-mass spectra) of the data for
each sample. For a review of earlier work on resolution of two-
way data from hyphenated chromatographic instruments, see
Liang and Kvalheim (59). For data, curve resolution or deconvo-
lution methods are mainly applied for data processing, see e.g.,
Halket et al. and Jonsson et al. (60, 61). This gives a resolved
spectral and chromatographic profile for each detected com-
pound. The 1-D multivariate profile used to characterize each
sample is made up of the integrated areas of all detected chro-
matographic peaks. An automated procedure for background
correction and resolution of multicomponent data was published
by Shenetal. (62). The performance of the method was evaluated
on data from HPLC diode array detection (DAD), flow injection
analysis (FIA) DAD, and. Eide et al. studied mutagenicity of
mixtures of polycyclic aromatic compounds with (63). Chro-
matograms were resolved using an automated curve resolution
procedure and then integrated in order to be used as input in a
PLS model for mutagenicity. In the work by Jalali-Heravi and
Borough and resolution techniques were used for determination
of fatty acids in fish oil (64). In Schauer et al. the correspond-
ing mass spectrum and retention time are used for identification
purposes (65).

Curve resolution is also applied on data, see e.g. Idborg-
Bjorkman et al. (66). In the work of van Zomeren et al. the
performances of five curve resolution methods were evaluated
using HPLC-DAD data (67).

Whitson and Maeder made an extension to evolving factor
analysis (EFA) (68). The method, termed exhaustive EFA, con-
nects the start and end of concentration windows by systematic
rank analysis of all possible submatrices. Chen et al. presented a
method for recursive evolving spectral projection as a solution to
discordance problems between rank maps and elution patterns in
conventional EFA when defining concentration windows (69).
A number of MCR methods were applied to resolve on-flow
LC-NMR data containing eight closely eluting compounds by
Wasim and Brereton (70).

Jiang et al. proposed a simplex based self-modeling curve res-
olution (SMCR) method that was evaluated on HPLC-DAD data
(71). Berbel et al. applied MCR with alternating least squares
(MCR-ALS) for background correction and for resolving and
quantifying coeluted analyte mixtures in HPLC coupled to volta-
metric detection (72). Peré-Trepat et al. used MCR-ALS for cor-
rectly resolving data for mixtures of multiple biocide compounds

standard samples and environmental samples (73). MCR-ALS
has also been applied for in situ monitoring of chemical reactions
with FT-IR and NIR (74-76). Jiang et al. published a review on
the developments in SMCR (77).

Li et al. applied MCR-ALS methods to second-order data
from capillary electrophoresis DAD for the determination of
dinitrotoluene isomeric compounds (78). The paper by Bel-
tran et al. describes a method for determination of quinolones
ciprofloxacin and sarafloxacin in chicken muscle samples with
capillary zone electrophoresis (79).

In the article by van Zomeren et al. augmented curve res-
olution was applied to data matrices from HPLC and micel-
lar electrokinetic chromatography with DAD detection for drug
impurity profiling (80). A method for the alignment between
wavelength scales of both detectors termed wavelength shift
eigenstructure tracking was proposed.

Another alternative is to apply a peak detection algorithm
that identifies all chromatographic peaks and use their integrated
areas as the multivariate profile characterizing that sample, see
e.g., the work by Andreev et al. (81).

Plumb et al. investigated a combination of liquid chromatog-
raphy/time-of-flight mass spectrometry and PCA for detection
of metabolites in biological samples (82).

Vivé-Truyols et al. presented two papers describing a pro-
gram for analysis of chromatograms with minimal user inter-
action (83, 84). Another alternative proposed by Allen et al. is
to sum the chromatographic direction to create a 1-D multivari-
ate profile produced by the total intensity over all mass spectral
channels (85).

A semi-automatic method, where chromatograms are con-
verted into semi-quantitative variables, was developed by
Christensen et al. (86). Recently partly alternative methodolo-
gies have been applied to data by Jonsson et al. (61, 87) and
data (88) where all samples are processed simultaneously and a
common set of descriptor variables are extracted.

Nordén et al. applied PCA and PLS discriminant analysis
(PLS-DA) to data from clinical urine samples (89). The objec-
tive of the study was to assess the information contained in such
data and use that information in the search for clinical biomark-
ers. In the work by Idborg et al. data from LC coupled to elec-
trospray ionization mass spectrometry of rat urine samples were
pre-processed with a dimensionality reduction method and two
commercially available software packages for peak detection
and MCR (90). The processed data were used for metabolic
fingerprinting using PLS-DA.

Olivieri described how unfolded PLS and residual bilin-
earization, in combination, results in a second-order multivariate
calibration method that is capable of achieving the second-order
advantage (91). This allows concentration and spectral profiles
to be extracted directly from second-order data.

Multivariate Calibration
Flaten and Walmsley presented an approach based on Design
of Experiments (DoE) for selecting the calibration model (92).
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Six factors were varied according to DoE; type of regression
method, scaling, Box—Cox transformation, OSC pre-treatment,
differentiation, and number of components.

Multivariate design (MVD) is an important tool to en-
sure a representative and balanced training set for multivariate
modeling. Multivariate calibration in process analytical chem-
istry, quantitative structure activity relationships in medicinal
and pharmaceutical chemistry, and data mining are application
areas covered in the paper by Wold et al. (93). Designs suit-
able for MVD are discussed as well as how and when to apply
them in multivariate calibration. Jgrgensen and Nas presented
a general approach based on DoE for situations where com-
plex raw materials that lack controllable factors are used (94).
A factorial design for controlled factors was combined with raw
materials used as block variables. The utility of the method is ex-
emplified with FT-IR characterization of milk samples in cheese
production.

New Methods for Multivariate Calibration and Prediction

Jiang et al. proposed a new procedure for selection of wave-
length intervals, moving window partial least-squares regres-
sion (MWPLSR), for multicomponent spectral analysis (95).
The whole spectral region is scanned with PLS models of a
moving window. Kasemsumran et al. applied MWPLSR to NIR
spectroscopy of phosphate buffer solutions for simultaneous de-
termination of human serum albumin, gamma-globulin, and glu-
cose at 37°C (96). The most informative spectral regions were
identified using MWPLSR and the predictive ability was com-
pared to reports in the literature.

Zhang et al. presented two alternative PLS methods, aver-
aged and weighted PLS (APLS and WPLS), that compute the
(weighted) average of PLS models with different complexity
(97). The resulting models were less dependent on deciding
the correct number of PLS components. The predictive abil-
ity in terms of root mean squared error pf prediction of the
methods was comparable to that of ordinary PLS for three real
data sets. By combining PLS and boosting Zhang et al. pro-
posed a method more resistant to over-fitting called boosting
PLS (BPLS) (98).The method of boosting originated in the field
of machine learning and combines a set of less complex models
in one model (99). In comparisons to ordinary PLS on seven real
data sets BPLS was found to have similar predictive ability.

Marbach proposed a new method for multivariate calibration
that combines the best features of “classical” and “inverse” cal-
ibration (100). Provided that a response spectrum of the analyte
of interest exists and the spectra of known concentrations are
available, the covariance of spectral noise can be estimated and
the optimum solution can be calculated. The method is demon-
strated on a publicly available data set.

Continuum regression (CR) encompasses the ordinary least
squares (OLS), PCR and PLS regression methods by the use
of a tuning parameter in the model estimation. Qannari et al.
describes a new CR approach referred to as simple CR (S-CR)
(101). It is based on two variable parameters, the number of

model components (latent variables) and a tuning parameter.
The range of the tuning parameter between 0 and 1 that corre-
sponds to the OLS and PLS solution respectively. Serneels has
developed a robust version of the CR framework by using robust
estimators based on trimmed variance (102). This combines the
benefits of a robust calibration technique and the versatility of
CR. For an overview of earlier CR methods see de Jong et al.
(103).

Support vector machines (SVM) are an approach to regres-
sion and classification recently introduced in chemometrics from
the field of machine learning (104—106). Belousov et al. give an
overview of SVM and examine the performance of SVM in clas-
sification (107). Cogdill and Dardenne provide an introduction
to SVM regression (SVR) for application to NIR spectroscopy
(108). Least squares SVM (LS-SVM) is also compared to PLS
and artificial neural networks for regression and classification
on four data sets. Zomer et al. described a procedure involving
active learning SVM (AL-SVM) for sample selection in clas-
sification (109). The greatest benefit from AL-SVM was found
when there was intermediate separation between classes.

Trygg and Wold (10) recently developed the Orthogonal PLS
method (OPLS), which is a recent modification of the PLS
method that facilitates model interpretation. The main idea of
OPLS is to separate the systematic variation in X into two parts,
one that is linearly related (and, therefore, predictive) to Y and
one that is unrelated (orthogonal) to Y. For a single Y-variable,
the OPLS model will always reduce down to a single predictive
component. Later Trygg proposed an extension called O2PLS
(110), that provides separate models of the joint and orthogo-
nal variation in both X and Y. This makes the O2PLS model
predictive in both directions (X-Y).

In the review by Svensson et al. OPLS is compared to OSC
filters (14). Also, some interesting properties of OPLS are dis-
cussed by Verron et al. (111). It is shown that the number of
PLS components to correct is not important, and that the pre-
diction quality for an OPLS corrected PLS model is equal to a
PLS model with small number of components. For multivariate
calibration the main benefit is thus reduction of the number of
PLS components rather than improved predictions. Ergon pre-
sented an alternative to OPLS using ordinary PLS and similarity
transformation as a post-processing method (112).

Cloarec et al. applied the OPLS method for extracting poten-
tial biomarkers in IH-NMR metabonomic data based on an an-
imal model of insulin resistance (113). For multivariate spectral
and chromatographical data, the ability to estimate pure con-
stituent profiles provides a valuable diagnostic tool of interpre-
tation. Trygg demonstrated that inverse calibration methods, in-
cluding OPLS, can also provide an estimate of the pure spectral
profiles by a simple rotation of the regression coefficient matrix
B, namely BB™B)! (114).

Net Analyte Signal Theory in Multivariate Calibration
A generalization of the original figures of merit, e.g., sen-
sitivity, selectivity, signal-to-noise ratio and limit of detection,
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which allowed the parameters to be estimated for multivariate
data, was presented by Lorber (115). Later, Lorber et al. showed
that estimation of the net analyte signal (NAS) was possible also
for the inverse calibration models (116). Brown reviewed theo-
retical and practical aspects of the NAS concept in multivariate
calibration and identified inconsistencies and limitations of NAS
theory in the presence of e.g., measurement errors (117).

NAS is defined as the part of the signal which is orthogonal to
the spectra of the other components. Improved methods for es-
timating NAS in inverse calibration models have been proposed
by e.g., Faber (118), Ferré et al. (119), and Bro and Andersen
(120).

Muiioz de la Peiia et al. studied the determination of binary
mixtures by stopped-flow kinetic analysis and performed a com-
parative study of NAS-based methods and PLS (121). In a study
by Vivé-Truyols et al. multivariate selectivity (SEL) and scalar
NAS were used as objective functions in the optimization of a
LC method (122). Martinez Galera et al. applied a NAS-based
method to determine carbendazim, fuberidazole and thiabenda-
zole in water samples and calculated figures of merit (123). The
performance of the investigated method was found to be similar
to PLS. An account of NAS in multivariate applications can be
found in the article by Ferré and Faber (124). The objective of the
paper is to present a unified approach to multivariate calibration
and prediction based on NAS methods.

A method based on NAS for product quality control, NAS
statistical quality control, was proposed by Skibsted et al. (125).
In line with NAS theory the method separates the systematic
variation of the product, which enhances interpretability and
troubleshooting.

Utilizing the concept of NAS Boschetti and Olivieri proposed
a method for pre-processing spectroscopic data by orthogonal
projection onto the space of the studied component, thus cre-
ating a set of net analyte signals for quantifying the desired
mixture component (126). This method has been evaluated by
Goicoechea and Olivieri (15, 127).

Applications to Spectroscopic Data

The feasibility of replacing conventional chemical testing in
the chemical quality control of a pharmaceutical intermediate,
7-Amino-cephalosporanic acid, with NIR spectroscopy was in-
vestigated by Andre (128). Correct classification was obtained
after appropriate pre-processing and scaling. Chen et al. applied
NIR to seawater to model and predict ion concentrations us-
ing PCA, CCA and PLS (129). Févotte et al. used fiber-optic
NIR spectroscopy to investigate features of polymorphic tran-
sitions observed during the crystallization and the filtration of
an API (130). Calibration with NIR data was used to provide
measures of the polymorphic composition of the solid product.
Several industrial applications of the described methods are dis-
cussed. IR spectroscopy was applied for in situ monitoring of a
crystallization process by Polldnen et al. (131). ATR FT-IR spec-
troscopy provided valuable process information and the results
demonstrate that multivariate techniques provide the powerful

tool for rapid evaluation of spectral data and also enable more
reliable quantification of polymorphic composition of samples.
Rodrigues et al. developed a PLS calibration method based on
NIR for monitoring the outlet concentration of an APl in an ionic
exchange elution process (132). The process analytical technol-
ogy initiative by the Food and Drug Administration in the United
States will increase the use of NIR spectroscopy (133).

Lestander and Rhen applied the factorization of PLS pro-
posed by Ergon termed bi-orthogonal PLS (134) to NIR data of
biofuels to model and predict moisture, ash content and gross
calorific value (135).

An online application of Raman spectroscopy for monitoring
of an industrial process separating aromatic compounds was in-
vestigated by Estienne et al. (136). Sivakesava et al. compared
FT mid-IR and FT-Raman spectroscopy for monitoring and pre-
diction of glucose, ethanol and optical density in a fermenta-
tive production (137). O’Grady et al. presented a pseudo-second
derivative of Raman spectra to eliminate effects of intense lumi-
nescence backgrounds in spectra recorded with charge-couple
device detectors (138). In a study by Johansson et al. Raman
spectroscopy was evaluated for quantitative assessment of APIin
conventional wet granulated pharmaceutical immediate release
tablets (139). Romero-Torres et al. presented a study combining
Raman spectroscopy with multivariate calibration and predic-
tion for quantitatively characterizing tablet coating variations
(140).

Karlberg and Torgrip describe how FIA can be improved by
applying chemometric methods when developing a FIA method
and for treating raw data acquired from a FIA detection system
(141). DoE has proved to be useful to optimize FIA methods.

Robust Calibration Models

A method for constructing robust calibration models by se-
lecting robust variables was investigated by Swierenga et al.
(142). The method is compared with a traditional global cali-
bration model approach.

Thomas and Ge presented an approach to robust calibration
models based on DoE that included instrumental and environ-
mental factors in the model building (143). Despagne et al.
evaluated PLS, locally weighted regression (LWR) and neural
networks in the development of a robust calibration model for
water content in a distillation process (144). The calibration
model was based on NIR data, which contained non-linear ef-
fects due to changes in temperature and variations between the
different batches. Mittermayr et al. calculated wavelet coeffi-
cients to remove background variation from spectroscopic data
and then applied linear regression to obtain a robust calibration
model (145). In the article by Larrechi and Callao a practical
strategy for introducing NIR spectroscopy and multivariate cal-
ibration methods in industrial applications is described (146).
The utility of NIR spectroscopy for online applications is dis-
cussed. Various univariate and multivariate control techniques
are described together with potential applications. Sahni et al. in-
vestigated the problems that might occur in calibration transfer
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due to variations in distance between the transmittance fiber-
optic probes (147). A number of methods were compared on
data measured at five different probe distances on samples var-
ied according to a mixture design. Zachariassen et al. developed
an online process monitoring and control system based on NIR
and PLS for improving prediction and dosing of ammonia in
production (148).

Multivariate Calibration in Process Applications

Andersson et al. presented a method for real-time analysis of
film coating on pharmaceutical pellets in an industrial process
using a diffuse reflectance fiber-optic NIR probe (149). Process
conditions were varied according to DoE and the good predictive
ability of the calculated model also enabled end-point detection
with high precision. Nordon et al. investigated a low-field NMR
spectrometer for use at-line and successfully applied multivari-
ate calibration models on a methacrylamide process (150).

In the paper by Chang et al. an approach based on LWR model
with an extended library is presented for improving the perfor-
mance of NIR online multivariate calibration models (151). Cho
and Kim proposed a method for predicting future observations
in batch modeling with library selection of the most similar past
batch trajectory for a new batch (152). This trajectory is then
used as the basis for predicting the unknown part of the new
batch.

Bilinear and trilinear PLS models were used to model the
performance and predict the resulting API concentration in an
industrial fed-batch fermentation process in a study by Lopes
and Menezes (153).

In a study by Skoglund et al. wood chip properties were
predicted online using a visible wave length range (VIS) spec-
trometer (154). PLS models for pine, bark and dry content were
generated in lab scale based on DoE. A NIR spectrometer, cal-
ibrated via DoE to make the same predictions as did the VIS
spectrometer, was also evaluated for a shorter time period, with
similar results. Jonsson et al. presented an approach based on
NIR spectroscopy and multivariate data analysis for online con-
trol and monitoring of pulpwood chip properties (155). A mov-
ing average of predicted values was more suitable for process
monitoring and control. Lab data were compared to the filtered
on-line predictions with good agreement for moisture and pine
chip contents.

Non-Linear Effects in Calibration Data

In the study by Thissen et al. the performance of SVM and
PLS are compared for spectroscopic data (156). For Raman spec-
troscopy SVR was used successfully on low-resolution spectra.
SVR was also found to give better predictions for the studied NIR
system, which was affected by temperature induce non-linear ef-
fects. Rantanen et al. developed a non-linear calibration model
with NIR and process data for in-line moisture measurement
during fluid bed granulation (157). Thissen et al. and Chauchard
et al. also investigated LS-SVM as a method for non-linear mul-
tivariate calibration (158, 159). SNV pre-processing was found

to improve the model robustness for LS-SVM. In the work by
Stordrange et al. regression methods suited for handling non-
linear effects in data were compared to PCR and PLS on NIR
spectra from a pharmaceutical process (160). Oliveira-Esquerre
et al. published two papers describing an application of linear
and non-linear modeling techniques for predicting biochemical
oxygen demand of an aerated lagoon of a pulp and paper mill
(161, 162). Li et al. presented a recursive nonlinear PLS algo-
rithm for modeling non-linear behavior in processes (163).

Uncertainty Estimation in Multivariate Calibration Models

Fernandez Pierna et al. described a number of methods useful
for detecting outliers in prediction (164). They conclude that un-
certainty estimation in combination with the convex hull method
is a good complement to existing techniques, e.g. Mahalanobis
distance and potential functions and robust techniques. In the
paper by Linder and Sundberg calibration of hyphenated instru-
ments is discussed with focus on predictions of concentrations
of new samples (165).

Faber and Bro develop approximate expressions for calculat-
ing sample-specific standard errors of prediction for multi-way
data (166). Simulated tri-linear data were used in the example
and modeled with unfold-PLS and tri-PLS methods. Olivieri
studied and described a simple approach for uncertainty propa-
gation in multivariate calibration when data have been prepro-
cessed by either OSC or net analyte pre-processing methods
(167).

Fernandez Pierna et al. and Faber et al. compare various ap-
proximate expressions for sample-specific standard error includ-
ing Monte Carlo simulation methods on NIR data sets (168,
169). Faber also compared resampling methods for assessing
the uncertainty in multivariate regression coefficients with an
approximate variance expression method and concluded that it
provides a viable alternative.

Andersen and Bro discussed the influence of different error
contributions on the predictions of multivariate regression mod-
els with an example the estimation of water content of fish fillets
from low-field NMR (170). In the paper by Reis and Saraiva
multivariate linear regression methods that incorporate data un-
certainties are compared (171).
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