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Abstract
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Liquid chromatography–mass spectrometry (LC-MS) has become an important analytical on-
line technique, capable of producing large amounts of data with high selectivity and sensitivity.
Optimal use of the sophisticated instrumentation can be attained if the analytical chemists are
guided to perform the proper experiments and to extract the useful information from the
acquired data. In this thesis, strategies and methods concerning these two issues are presented.

LC-MS method development will benefit from fundamental understanding of the processes
involved. An experimental procedure was designed to determine the coefficients in a model for
the electrospray process. By relating these coefficients to the experimental conditions, the
influence on signal level and sensitivity for presence of matrix compounds was studied.

For the optimization of LC-MS methods, strategies based on empirical modelling were
worked out. Comparisons were made between artificial neural network (ANN) modelling and
linear modelling tools, and a genetic algorithm was implemented to explore the ANN models.

Visual interpretation and multivariate analysis of LC-MS data is hampered by background
signals and noise, and a digital filter for background suppression and signal-to-noise
improvement was developed. It is also important to indicate the presence of overlapping peaks,
and a strategy for the assessment of peak purity was therefore worked out. These methods and
several established methods were implemented in an add-on program (LC-MS Toolbox 1.0) for
information extraction of LC-MS data.

Ultimately, the data produced with LC-MS can be separated into the mass spectra, the
elution profiles and the concentrations of the analytes, e.g. with PARAFAC modelling. The
trilinear data structure assumed may, however, be distorted by variations in the LC conditions
causing retention time shifts. An improved algorithm for time warping that can compensate for
some of these deviations was worked out, and its performance as a pre-processing tool for
PARAFAC was examined.
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1. Introduction

A general trend in analytical chemistry is to produce more and more data per sample.
This is due to increasing analytical demands for higher specificity and sensitivity, and
has been facilitated by developments in instrumentation and computer systems, making
large amounts of data possible to produce and store with good economy. In order to
make efficient use of the sophisticated analysis systems present, there is a need for
methods that can help the analytical chemists to perform good experiments and to
extract the relevant information from the acquired data. Such methods are collected
under the discipline of chemometrics.

One of the recent important instrumental developments, giving high selectivity and
sensitivity for complex samples, is the hyphenation of liquid chromatography with mass
spectrometry (LC-MS). The use of LC-MS in analytical chemistry has shown an
exponential increase ever since the introduction of commercial instruments with
interfaces based on atmospheric pressure ionisation in the 1980s. LC-MS has now
become an important tool in, e.g., pharmaceutical drug development, protein
characterisation (proteomics) and environmental control.

This thesis deals with how to increase the flow of chemical information from analytical
methods based on LC-MS. Such an improved performance can be achieved by method
development, as discussed in Papers I-III, and by data processing, as discussed in
Papers IV-VI.

Analytical method development can be separated into optimization and validation, of
which the first issue is discussed in this thesis. For LC-MS methods, several processes
are involved and a good starting point for the optimization would be chosen from
fundamental understanding of these processes (Paper I). The complexity of the system
also means that further optimization preferably should be guided by the use of empirical
models (Papers II and III).

The data produced with an LC-MS system are of second order; the data points represent
intensity as a function of both retention time and m/z ratio. Full use and interpretability
of this information can be attained by the application of chemometrics. Ultimately, the
data can be separated into the mass spectra, the elution profiles and the concentrations
of the solutes in the sample. This separation can be performed with multiway modelling
(Paper VI) and is facilitated if non-ideal properties of the data are first removed. Such
data pre-processing may involve background subtraction (Paper IV) and retention time
alignment (Paper VI). The models might be less accurate in the presence of co-eluting
compounds; hence assessment of the peak purity is also of interest (Paper V).
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2. Liquid chromatography-mass spectrometry

For decades, the liquid chromatograph has been a working horse in the separation of
organic compounds. At the same time the mass spectrometer has been an important and
sensitive tool for structure elucidation. By hyphenating the two techniques, a very
powerful instrumental set-up is achieved. However, interfacing the two techniques is
not straightforward since the solutes leaving an LC column are dissolved in mobile
phase at atmospheric pressure, while the MS is constructed to detect gas phase ions in
vacuum.

One of the first attempts for on-line LC-MS experiments were reported by Tal'roze et
al., using a capillary inlet interface [1]. Several other types of interfaces have been
suggested, including, e.g., thermospray [2] and fast atom bombardment [3]. The
breakthrough for LC-MS was, however, the development of two techniques for
atmospheric pressure ionisation (API): the electrospray ionisation (ESI) [4] and the
atmospheric pressure chemical ionisation (APCI) [5].

ESI and APCI are both 'soft' ionisation techniques generating mainly protonated or
deprotonated ions. The two techniques can be considered as complementary since ESI
involves solution chemistry and APCI gas phase chemistry, although it can be hard to
select a preferred method for a given compound. Generally APCI is preferred for less
polar compounds with moderate acid-base properties in solution, while ESI should be
the method of choice for more polar compounds. With ESI it is also possible to obtain
multiply charged ions for large molecules [6], e.g. proteins and carbohydrates. Thereby
the detection of high molecular weight compounds is facilitated for instruments with
limited m/z range.

Except for the ion source, the main parts of a mass spectrometer are the mass analyser,
where the ions are separated, and the detector counting the ions. Today the most
common mass analysers for LC-MS are those used in quadrupole, time of flight (TOF)
and ion trap instruments.

The high gas load generated by the LC effluent makes the hyphenation with MS
difficult. It is also hard for the MS system to handle the non-volatile buffers often used
in LC. Even though the LC-MS manufacturers are struggling to construct interfaces that
can handle both the flow rates used in conventional LC and the presence of phosphate in
the effluent, the best performance with ESI is still obtained by the use of volatile
buffers, e.g. ammonium acetate, and flow rates below what is normally used in
conventional LC. Hence LC-MS has been one of the driving forces for the development
of miniaturised LC systems [7]. In addition to the MS compatibility, µ-LC has the
advantages compared to conventional LC in higher efficiency at a lower cost and low
sample volume and mobile phase consumption. With µ-LC it is also easier to use the
temperature for selectivity control [8,9].
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Throughout this work, quadrupole instruments with pneumatically assisted ESI
interfaces [10] have been used. These instruments have been hyphenated to both µ- and
conventional LC systems. In the latter case the flow has been split before the ESI
interface.

ESI theory (Paper I)

Electrospray is the dispersion of a liquid into charged droplets caused by the force of an
applied electrostatic field. In the late 1960s Dole et al. [11] were the first to report
studies of this mechanism as a sample introduction technique, capable of producing gas
phase ions at atmospheric pressure. Iribarne and Thomsson reported further studies in
the 1970s [12,13] and in the 1980s several research groups considered electrospray as a
source for gas phase ions detected with MS [14-16].

In ESI [17], an electrostatic field is generated between the spray emitter and the MS
entrance by applying a potential difference between the electrodes. The field induces a
charge separation in the liquid, and thereby formation of an aerosol with a net charge
flow proportional to the current driven by the system. A fraction, f, of this net charge
may leave the droplets as gas phase ions. The exact mechanism [18] for this step is not
known, but the predominant theories are those of Dole et al. [11] and Iribarne and
Thomson [12,13]. The gas phase ions are then sampled, transmitted, and detected by the
MS system with a certain probability, P.

Due to charge repulsion, the main part of the net charge will be situated at the surface of
the droplets. The surface activity of the solute is thus an important parameter as pointed
out in the model by Tang and Kebarle [19]. Enke refined this model by defining a
partition coefficient (K) between the charged surface and the neutral interior of the
droplet [20]. For a system with analyte (A) and electrolyte (E) present, there will be a
competition for the surface sites described by
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where X- is the counter ion and the subscripts s and i stands for surface and interior,
respectively. The response (R) for the analyte can then be described as a function of its
surface concentration

[ ] sA APfR += (2.2)

where [A+]s is some fraction of the net charge concentration [Q]. By measuring the
current I and the liquid flow rate L, [Q] can be determined from
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[ ] FLIQ = (2.3)

where F is the Farraday constant. By incorporating mass balance equations and the fact
that [Q]= [A+]s+[E+]s for the two-component system described above, Enke [20] arrived
at the following equation
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where CA and CE are the total concentrations of analyte and electrolyte, respectively. By
solving this quadratic equation an expression for [A+]s is obtained that can be fitted to
experimental values of RA vs. CA and from which the value of KA/KE can be determined
(Fig. 1).

Fig. 1. Surface concentration of the tetrepentylammonium (TPA) ion vs. the total concentration of
TPA in methanol - water (50/50) with 0.10 mM tetramethylammonium bromide as electrolyte:
(!) experimental data, (o) data points fitted using Eq. 2.4.

In Paper I, an alternative method for determination of KA/KE was presented. This
method is based on the assumption that the instrumental response factor Pf for the
electrolyte can be determined for a one-component system with only electrolyte present,
and then utilised as a constant for a two-component system with both electrolyte and
analyte present. Under this assumption only two experiments are required to determine
[A+]s and [E+]s. By incorporating mass balance, a value for KA/KE can then be directly
calculated from Eq. 2.1 according to
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where the superscript zero indicates the results obtained for the experiment with no
analyte present. Thus the only things that has to be measured in the two experiments are
the current and the response for the electrolyte.

This experimental procedure was in Paper I applied for a series of permanently charged
quaternary ammonium compounds. It was found that the partition factor KA/KE and the
instrumental response factor Pf optimized at different amount of organic modifier in the
mobile phase. This behaviour has several consequences regarding method development.
One is that when optimizing for maximum response, there will exist an interaction
between the amount of organic modifier and the buffer content (the electrolyte).
Another important consequence is that operation at optimal signal conditions might not
be optimal when matrix effects are considered.

In a recent report by Zhou and Cook [21], Enkes’ partition coefficient was expressed as
a function of surface activity, electrophoretic mobility and ion-pairing properties. This
model can be used to further explain some of the results in Paper I. Since the
electrophoretic mobility is inversely proportional to the viscosity, this factor will have a
lower impact on KA/KE for high viscosity mobile phase compositions. Hence high
KA/KE values are expected for such mobile phases, provided that the electrolyte have a
higher mobility. This is fully in agreement with the results obtained for the quaternary
ammonium compounds.
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3. Chemometrics

Svante Wold gave the following definition of chemometrics [22] in 1994: “How do we
get chemically relevant information out of measured chemical data, how do we
represent and display this information, and how do we get such information into data?”
In other words, chemometrics comprises mathematical and statistical methods that
guide the flow of chemical information. Hence chemometrics is a natural extension of
analytical chemistry (Fig. 2).

Fig. 2. The route of analytical chemistry in which chemometrics can play many roles. It can
help the analytical chemist to select the analytical method, comprising all the steps from
sampling to data acquisition, to optimize and validate this method, and finally to interpret
the data and translate it into an answer that can be understood by those who ordered the
analysis.

The concept of a model is central in chemometrics. Depending on the assumptions
made, models can be classified from soft to hard, with the hardest being those described
by physical laws. The complexity of the model determines how the experiments shall be
designed and which tools that can be applied to extract the information from the
acquired data.

The thinking in terms of models has also permeated this work and numerous
chemometric methods have been used. The theory behind those methods will be briefly
described below. Further reading can be found in the references given to each technique
or in general textbooks; see for example Handbook of Chemometrics and Qualimetrics
[23,24].

Principal component analysis

Principal component analysis (PCA) [25] is a standard tool to compress and visualise
large amounts of data. In chemistry, it has been used in a wide range of applications
including, e.g., classification [26], experimental design [27] and multivariate quality
control [28]. In this work PCA have been used for peak purity analysis [Paper V].

Analytical
request

Analytical
answer

Analytical
method

CHEMOMETRICS
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With PCA, a data matrix X (M×N) is decomposed into a bilinear model according to

TTPX = (3.1)

where T (M×Fmax) is the orthogonal score matrix and P (N×Fmax) is the orthonormal
loading matrix. The matrices are arranged so that the columns of T have descending
variance, i.e. so that the first principal component describes most of the variance in X
etc. The value of Fmax (the number of components) equals the rank of X. Due to noise
this value often exceeds the number of components F that is necessary to reconstruct the
relevant information in X. It is then possible to divide the principal components into
primary and secondary components, where the latter contain only noise. Hence the
model (Eq. 3.1) can be truncated into

ETPX += T (3.2)

where E (M×N) constitutes the residuals. It is often of interest to find the optimal
number of components of this model (the pseudo-rank F), and several test procedures
have been suggested for this purpose [29,30]. The resulting model means a projection of
X on so-called latent variables. The co-ordinates along these variables (components)
form the score matrix T.

By plotting the scores of one component vs. another, a score plot is obtained which can
be used to find relations between the objects, e.g. for classification or outlier detection.
Similarly, loading plots can be used to relate the variables and visualise their
contribution to the model.

Multivariate calibration

Methods for multivariate calibration [31] are commonly applied in modern analytical
chemistry, e.g. in NIR spectroscopy [32] and ICP-MS [33]. In this work, multivariate
calibration methods have been used for empirical modelling of chromatographic
behaviour [Papers II,III] and of the signal-to-noise ratio (S/N) obtained for LC-MS
experiments [Paper III].

By multivariate calibration a dependent variable y is related to a multivariate space of
independent variables X according to

eXby += (3.3)

where e constitutes the residuals. The regression coefficient vector b is determined from

yXb += (3.4)
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where X+ is a generalised inverse of X. With multiple linear regression (MLR), X+ is
given by

( ) T1T XXXX −+ = (3.5)

This inverse will exist only if X has full column rank and hence the number of variables
must not exceed the number of samples. As a consequence variable selection [34] may
be necessary. Problems in terms of unstable results will occur if X is close to singular,
e.g. due to co-linearity. An alternative is then to perform PCA on X followed by
regression of y on T, a method referred to as principle component regression (PCR). In
PCR the generalised inverse is given by

( ) T1T
FFFF TTTPX −+ = (3.6)

An optimal value for F can be found by cross- or test set validation [35]. It is not
certain, however, that the principle components describing much variance in X are the
ones most predictive for y. An alternative is to apply partial least squares regression
(PLS) where the decomposition of X is guided to maximise the covariance with y rather
than to describe as much variance in X as possible. In PLS the generalised inverse is
given by

( ) ( ) T1T1T
FFFFFF TTTWPWX −−+ = (3.7)

where W is the loading weights matrix.

Parallel factor analysis

Parallel factor analysis (PARAFAC) [36] can be regarded as an extension of PCA into
higher order data, i.e. data that is dependent on more than two controlled factors. In
chemistry, PARAFAC has been used for, e.g., studies of kinetic systems [37] and in
qualitative and quantitative analysis with UV spectrophotometry [38]. In this work
PARAFAC has been used to model LC-MS data for peptide standard mixtures [Paper
VI].

For a three-way data array X (I×J×K), the PARAFAC model is

ijk

F

f
kfjfifijk ecbax +=∑

=1

(3.8)

where F is the number of factors, eijk is an element of the residual array E (I×J×K) and
aif, bjf and ckf are elements of the loading matrices A (I×F), B (J×F) and C (K×F)
respectively.
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Compared to the bilinear case modelled by PCA, there are a number of important
differences. The first is that unlike PCA, the optimal PARAFAC solution will usually
not be obtained if the factors are calculated sequentially. The consequence is that the
number of factors should be set in advance and the entire model fitted simultaneously.
Another important difference is that the rotational freedom present for bilinear data does
not exist for higher order linearity. The PARAFAC solution is unique, and the contents
of A, B and C can be directly interpreted as physical-chemical properties of X.

After setting the value of F, the PARAFAC model is fitted by alternating least squares
(ALS) [39,40]. It is possible to add constraints to this iterative algorithm, e.g. non-
negativity or unimodality [40]. The unconstrained case will always give the best fit for a
given number of factors. However, by the use of constraints it is possible to incorporate
pre-knowledge of the data, e.g. that a chromatographic elution profile has a single
maximum and that a mass spectrum does not contain negative values. Thereby the
resulting model can be easier to interpret, especially if X is not truly trilinear or contains
high levels of noise.

Artificial neural networks

Algorithms with the purpose to mimic the properties of the human brain are classified
as artificial neural networks (ANNs). Different types of ANNs have been used for a
wide variety of tasks, including, e.g., speech recognition and space travelling. Within
analytical chemistry, ANNs have mainly been used for non-linear calibration [41] and
classification problems [42]. In most of these works, multi-layer feed-forward neural
networks [43] have been the method of choice. In this work ANNs have been used for
empirical modelling of a chromatographic response function [Paper II] and of the S/N
for LC-MS experiments [Paper III].

A multi-layer feed-forward neural network consists of a number of operating units,
referred to as nodes or neurones. The nodes are arranged in layers with one input layer,
one output layer, and at least one hidden layer in between. The number of nodes in the
input and output layers equals the number of independent and dependent variables,
respectively, while the number of hidden nodes must be optimized for the problem at
hand. Each node in a layer is connected to all of the nodes in the next layer, and each
connection is assigned a weight (w). The first operation in a node is to sum the
incoming signals according to

∑=
i

jiij wnet ο (3.9)

The output (oj) from the node j is then given by a function of the sum (netj). Any
differentiable function can be used, but frequently a sigmoidal function is applied
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jnetj −+
=

e1
1ο (3.10)

Once the numbers of hidden nodes and layers have been chosen, calibrating the network
is a matter of optimizing the weights. This is often accomplished iteratively by the
backpropagation learning rule. After initialising the network with random weights,
calibration data is presented to the network and the error (ε) between the network output
(οk) and the experimental data (y) is calculated.

ky οε −= (3.11)

The weights are then adjusted according to

ijjiw οηδ=∆ (3.12)

where η is the learning rate and δ is proportional to the error and the derivative of the
transfer function of the node. For a node in the output layer δ is given by

( )εδ kk netf ′= (3.13)

while δ for a hidden node, where the desired value is unknown, is given by

( )∑′=
k

kjkjj wnetf δδ (3.14)

The learning rate is an important parameter. A low setting for η, i.e. a small step size in
the weight optimization, give accurate results at the cost of slow convergence. There is
also a higher risk for getting stuck at local optima. On the other hand, a high setting may
lead to unstable or even oscillating results. In order to combine the properties of low
and high learning rate, η can be made adaptive as a function of the learning progress.
Another common customisation to prevent oscillations is to invoke a momentum term α
in the weight adjustment according to

( ) ( )nwnw jiijji ∆+=+∆ αοηδ1 (3.15)

where n and n+1 indicates the previous and the current iteration, respectively. A more
robust backpropagation algorithm was proposed Walczak [44]. Other weight
optimisation procedures are also available, all with different merits and drawbacks [45].
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Genetic algorithms

Genetic algorithms (GAs) [46] are suited to solve combinatorial optimization problems.
In analytical chemistry, most applications with GAs have concerned variable selection
[47,48], but it has also been used for other problems, e.g. the resolution of overlapping
chromatographic peaks [49]. In this work, a GA was used to explore ANN models in
order to find optimal parameter settings for LC-MS experiments [Paper III].

The main principle of a GA is the natural selection according to Darwin’s theory of
survival of the fittest [50], and several parallels can be drawn with the evolving forces
of nature. A standard GA is initialised by random selection of a start population of
individuals, each representing a candidate solution to the optimization problem. The
individuals are ranked according to their fitness, i.e. to their success in solving the
problem as measured by an objective function. The individuals are then allowed to
recombine, i.e. exchange variable setting properties, with probabilities related to their
fitness. The offspring forms the new generation, which is evaluated with the objective
function and so on.

A common customisation of the flow chart described above is the introduction of a
mutation step, i.e. low probability random changes in variable settings. This ensures a
more complete search of the candidate solution space, especially for small populations
for which random effects may easily lead to irrecoverable loss of some variable settings
due to what in nature is known as the bottleneck effect.

The individuals of a GA are often represented by bitstrings (chromosomes). The
bitstrings (sequences of ones and zeros) are divided into sections (genes), each
representing a variable setting. For such GAs, a mutation is simply the exchange
between zero and one at a given position. Recombination is often accomplished by so
called 1X recombination as shown in Fig. 3.

Fig. 3. 1X recombination of two individuals from a GA population. The position for the
cleavage is randomly chosen and the offspring is formed by recombining the pieces.

1 0 0 1 0 1 1 1 0 1 0 1

0 1 0 0 1 1 0 0 0 1 1 0

1 0 0 1 0 1 1 1 0 1 1 0

0 1 0 0 1 1 0 0 0 1 0 1

+ +
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4. Optimization

When setting up an analytical method it is often of interest to find the combination of
parameter settings that gives the best results, i.e. to optimize the conditions within the
experimental domain. When only few parameters are considered, this domain can be
studied by varying one parameter at the time. However, as the number of parameters
increases this procedure soon becomes impractical, especially if the effects of the
parameters are not independent of each other. It is then preferable to use a more
efficient optimization strategy.

Multi-parameter optimization strategies [51] can be divided into response surface
methodology and sequential methods. In sequential optimization the experiments are
performed one by one at parameter settings given by a search routine, usually a gradient
search method like the simplex [52]. Thereby the results of the previous experiments
will guide the experimental conditions towards an optimum. A problem is that the entire
experimental domain will usually not be covered, and there is a risk of ending up at
local optimum rather than the global optimum. To avoid this, it is often recommended
to repeat the optimization from a different start position and see if the same optimum is
found.

In response surface optimization, a number of experiments are performed according to
an experimental design. The results are then fitted to a model describing the relationship
between the response and the parameters investigated. The best conditions are then
selected from this model. The choice of experimental design determines how complex
this model can be made. In the early stage of method development, a screening design
with few experiments per parameter can be used to give first estimates for the main
effects. The important parameters can then be modelled by the use of a response surface
design, e.g. a central composite design [53], in order to account for interactions and
non-linearities.

LC optimization (Paper II)

The aim of analytical LC method development is to obtain sufficient resolution for the
solutes within a reasonable analysis time. The chromatographic resolution (Rs) can be
expressed as a function of efficiency (as measured by the plate number N), selectivity
(α) and retention (k) according to
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In LC, the most common way to improve the resolution is to increase the selectivity by
changing the mobile phase. General guidelines for the selection of the mobile phase can
be found in the literature [54] and is often offered by LC manufacturers. There are also
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some hard models that can be utilised, e.g. the linear relationship between the logarithm
of the retention factor and the fraction of organic modifier. Such knowledge can provide
a good starting point and even be sufficient for less demanding separations.

For more complex separation problems, many parameters, with possible interactions,
must be considered. Then optimization with chemometric methods can offer an efficient
pathway. In order to define the goal of the optimization it is necessary to describe the
chromatogram by a single measure. This is often accomplished with a chromatographic
response function (CRF), and some of the most commonly used CRFs are given in
reference [55].

In Paper II, a new CRF was developed, describing the chromatogram as a product of a
quality function (Q=f(Rs)) and a time function (T=f(k)) according to

)ba/(b)ba/(a TQCRF ++= (4.2)

By changing the weights (a and b) it is possible to alter the relative importance of
resolution and analysis time.

In response surface optimization, the CRF can be modelled either as a direct function of
the LC parameters considered or indirectly from retention factor models [56] and the
use of Eq. 4.1 assuming N to be constant. In Paper II, the stationary phase was a protein
for which the properties could be suspected to be dependent on the operating conditions.
Hence the CRF was modelled directly as a function of the investigated parameters
(temperature, pH, buffer concentration and amount of organic modifier).

The idea behind the optimization strategy applied in Paper II was to combine response
surface methodology and sequential optimization and make use of all the acquired data.
After a few initial experiments, a reduced factorial design with a centre point was
planned and the experiments were performed accordingly. A PLS model of the results,
including all the quadratic and interaction parameters, was then used to select the
conditions for the next experiment. This experiment was performed and the result used
to update the PLS model etc. It can be argued that this strategy may lead to local
optima. In order to prevent this, experiments can be performed at regular intervals under
the least explored conditions for the experimental domain, as suggested by Djordjevic et
al. [57].

For the large experimental domain investigated in Paper II it could be suspected that a
quadratic model for the CRF (Eq. 4.2) was insufficient. Hence a comparison was made
between MLR, PLS and ANN modelling of the results. In this study, an ANN model
with eight hidden nodes in a single hidden layer outperformed the other methods in
prediction ability (Table 1). It was also found that none of the models could be used for
extrapolation.



14

Table 1. The root mean squared errors of prediction obtained for validation
of three models of CRF=f(T,pH,%MeOH,[buffer])

MLR PLS ANN
Test set 0.241 0.263 0.091
Validation inside model 0.412 0.359 0.145
Validation outside model 0.692 0.386 0.459

Low prediction ability, however, is not necessarily equivalent with bad optimization
performance. In optimization the important subject is to find the directions where to go
in the experimental domain. In that respect PLS was successful for the chiral separation
of oxybutynin presented in Paper II.

LC-MS optimization (Paper III)

Compared to LC-UV, much more parameters must be considered when setting up an
LC-MS method (Fig. 4). Some of these parameters, particularly the mobile phase
composition, will affect both LC and MS performance (optimization problems of this
kind have been described by Lundstedt [58]). Unfortunately, there is also limited
amount of guidance in the literature how different parameters affect the ESI process
[59], even though several research groups are currently working within this field [60-
62].

Fig. 4. Parameters considered in Paper III for the optimization of LC-MS methods with
electrospray ionisation. (Org. mod.=volume fraction of organic modifier; Buffer=buffer
concentration; Flow=liquid flow rate; NEB=nebuliser gas flow; ISV=ionspray voltage;
d=distance; CUR=curtain gas flow; OR=orifice voltage; RING=ring voltage)

In most published works, API interfaces have been studied and optimized with a one-
parameter-at-a-time approach [63,64]. Among the exceptions are a combined response
surface and simplex optimization reported by Mazsaroff et al. [65] and a response
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surface approach reported by Garcia et al. [66]. Generally the LC performance has not
been considered in these studies.

In Paper III, a stepwise strategy for LC-MS method development was presented. The
first two steps of this strategy involve an LC study and a screening of the parameters
affecting the ion source. In the screening, direct infusion or flow injection of the pure
analytes dissolved in mobile phase is performed according to a screening design. From
the obtained S/N ratios, the parameters with high influence on the signal level and/or
stability can be identified.

The LC study is performed in order to find limits for the mobile phase composition.
How narrow these limits shall be set depends on how much weight the LC performance
shall be given. In many cases it is sufficient to obtain k>1 for all analytes of interest, just
to ensure a separation from polar matrix compounds eluted with the front. The LC study
can then be performed to obtain a simple model of the retention behaviour. In some
cases the LC study must be more thorough. An example is the analysis of enantiomers,
for which the MS offers no selectivity under normal operating conditions. The LC
performance can also be important for quantitative analysis with ESI, where co-elution
may affect the accuracy due to suppression effects [67,68].

The information gathered from the screening and the LC study is then used to determine
the setting for some parameters and the limits for the parameters remaining to optimize.
The final optimization step is performed with infusion or flow injection experiments
according to a response surface design. From the experiments a model is obtained that
relates the S/N ratio to the studied parameters. The choice of design, and thereby also
the complexity of the model, is determined from the number of parameters and to which
category these parameters belong. Some parameters, e.g. the mobile phase composition,
can be considered as slow to adjust, while others, e.g. the orifice voltage, can be
considered as fast. With many parameters left to optimize, it may be necessary to use
separate designs for these categories in order to save experimental time. The 'fast
design' is then performed for each experiment in the 'slow design'. The drawback of this
nested approach is that instrumental drift may influence the models to a higher degree
since the experimental sequence is not completely randomised.

The results from the final experiments can be fitted to an appropriate model with MLR
or PLS. With many parameters and possible non-linearities and interactions present it
can be hard to define a suitable model. An alternative is to apply an ANN model, where
no assumptions of the relationship between the parameters and the response have to be
made. The drawback is that it can, for the same reason, be hard to locate the optimum
for such a model. Here GAs offers an effective way to explore the model. Compared to
other search strategies, like the simplex algorithm, GAs has the advantage of a lower
risk for arriving at local optimum. Such optima can be suspected to be extensively
present for complex ANN models.
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An example of the results in Paper III is the optimization of the LC-ESI-MS analysis of
three estrogens. The parameters considered were the amounts of buffer and organic
modifier, the flow rates of effluent, nebulising gas and curtain gas, the ionspray voltage,
the distance between the spray emitter and the curtain plate, and the voltage settings for
the orifice and the ring electrode (Fig. 4). The results of the screening design for estriol
(Fig. 5) indicated that the mobile phase composition, the nebulizer gas and curtain gas
flows and the orifice voltage were the most important factors. From the LC study,
where the mobile phase composition was varied according to a central composite design
and the obtained retention factors for the three analytes fitted to quadratic models, it was
found that within the experimental domain there was no problem to achieve sufficient
resolution. Further it was found that the retention was mainly determined by the amount
of organic modifier.

Fig. 5. The influnce from nine parameters (cf. Fig. 4) on the S/N for ESI-MS analysis of
estriol according to screening experiments. The 5% significance limits are indicated.

From the results of these studies it was determined that further studies should involve
the significant parameters according to the screening but also the ring voltage since an
interaction with the orifice voltage was suspected. The amount of organic modifier was
studied at high levels since the LC study had shown that this would ensure a reasonable
analysis time. A nested design was applied with the four 'slow' parameters following a
three-level fractional factorial design and the two 'fast' parameters a central composite
design. The S/N values were modelled with an ANN with five nodes in a single hidden
layer. The optimal conditions were then located with a GA and used to obtain the
chromatogram shown in Fig. 6.
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Fig. 6. XIC (m/z 289) for the optimized LC-MS analysis of estriol (1), 4-hydroxyestradiol
(2) and 2-hydroxyestradiol (3).

Paper III also included a comparison between ANN and MLR modelling of the final
experiments. The prediction errors for the test sets were found to be lowest for ANN
when some parameters had been studied at more than three levels (Table 2). An
explanation for this could be that such designs might allow for more complex models
than the quadratic model used for MLR.

Table 2. Root mean squared errors of prediction for validation of MLR and
ANN models of S/N=f(ESI parameters) for three compounds.

MLR ANN
Estriol (5 levels) 10.5 7.9
Ibuprofen (5 levels) 14.1 7.7
Morphine (3 levels) 13.1 16.2
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5. Exploration of LC-MS data

Mathematical description of LC-MS data

The data generated with LC-MS can be organised as an I×J matrix D with I mass
spectra and J ion chromatograms. Contributors to D are analyte signals (A), background
signals (B), and noise (N) according to

NBAD ++= (5.1)

Under ideal conditions, A can be considered as bilinear combinations of concentration
profiles (c) and mass spectra (s) of M analytes:

T

1

T CSscA ==∑
=

M

m
mm (5.2)

Deviations from this ideal behaviour can have different causes, e.g. non-linear detector
response and multimer formation [69,Paper V].

The relevant information to extract is present in S (qualitative analysis) and C
(quantitative analysis). This extraction can be accomplished by different methods, of
which some, e.g. OSCAR [39,70], self-modelling curve resolution [71] and AMDIS
[72,73], can be automated for large-scale applications. The performance of these
methods can be improved by applying data pre-processing methods in order to minimise
the influence of B and N.

LC-MS Toolbox 1.0 (Papers IV and V)

A considerable part of this work has been the development of a chemometrics toolbox
for information extraction from LC-MS data. The toolbox runs under MATLAB v.4.2c
(The MathWorks Inc., Natick, MA), but is currently being upgraded for MATLAB
v.5.3. Included are methods to visualise LC-MS data, methods for background and
noise reduction, methods for peak detection, and methods for peak purity analysis.
When selecting among existing methods, much weight has been given to speed and ease
of use. The methods have also been selected to be general, allowing for analysis of so-
called black systems [74] where no a priori knowledge of the solutes is available.
Methods of interest that have not (yet) been implemented, comprise, e.g., Fourier
filtering [75-77], wavelets [77,78], two-dimensional filtering [79] and several methods
for peak purity analysis [80].

The main purpose of the toolbox is to aid visual interpretation of LC-MS data, but it can
also be useful in data pre-processing for further mathematical analysis. Here the
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contents and performance of the toolbox will be exemplified for an LC-MS analysis of a
rosemary extract [81]. A more complete guide is in preparation [82].

When the program is started, a main menu is shown and the total ion chromatogram
(TIC: the sum of each spectrum versus time) of the current data file is plotted (Fig. 7).

Fig. 7. The initial screen view of LC-MS Toolbox 1.0 exemplified with an LC-MS analysis
of a rosemary extract.

The View menu contains all standard methods to visualise LC-MS data, i.e. the TIC, the
base peak chromatogram (BPC: the maximum signal for each spectrum versus time),
extracted ion chromatograms (XICs: the signal for specified m/z ratios versus time),
contour plotting, and mass spectra. An additional option is the “length ion
chromatogram” (LIC: the length of each spectrum versus time) [83]. The LIC can be
complementary to the TIC and BPC in peak detection for some background
characteristics.

The Background menu contains a method for background subtraction based on
orthogonalisation (OBS: 'Orthogonal Background Subtraction') [83]. When activated,
the user is prompted to select a region representing mainly background. PCA is then
performed on the selected data (Db):
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EPTD += T
bbb (5.3)

If Db is properly chosen, the spectral composition of the background is gathered in one
or a few loading vectors Pb. The entire data set can then be orthogonalised against Pb to
form the background subtracted data set Ds according to

T
bbs PDPDD −= (5.4)

This procedure handles quantitative variations of the background under the assumption
that the qualitative content is relatively constant. Each spectrum in Ds will then
approximate the corresponding net analyte signal (NAS) vector [84,85], i.e. the part of
the spectrum that is orthogonal to the background. In practice, the mass spectra of the
solutes will not be completely orthogonal to the background and hence the results
should only be considered as semi-quantitative.

The Noise menu contains several time domain filters for smoothing of the data in the
chromatographic direction. Well-known and established methods in this category are
the simple moving average [75] and the Savitzky-Golay filter [86]. A robust alternative
is the median filter [75], which can be used for spike removal. The influence from
spikes can also be reduced by the use of a filter that generates the geometric mean of the
data points within a time window of size 2m+1. The idea is that a sequence of adjacent
data points with non-zero signals is needed to give a non-zero response in accordance
with

( ) ( )
)m/(
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121 +








 ∆+= ∏ ; (i=0,±1,…,±m) (5.5)

This procedure is related to the SPC algorithm [87] and the WMSM algorithm [88].
Compared to SPC it has the advantage in representing the signals in the same scale as
the raw data, and with peak heights that are less dependent on the background level.

An optimal S/N improvement for a chromatographic peak with superimposed white
noise is achieved by cross correlating the acquired signal with a proper noise free
representation of the peak, a procedure referred to as matched filtering [89,90]. The
matched filter implemented in the toolbox adopts a Gaussian peak model

)/x(A)x(f
22 2e

2
σ

πσ
−= (5.6)

where A is the area and x is the position relative to the retention time tr. In order to
maintain a matched filter for the entire run, the model peak width (σ) is changed with tr

according to
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rbta +=σ (5.7)

The constants a and b are specific for the chromatographic system in use [91,92] and
can be set by fitting Eq. 5.7 to a number of peaks in the chromatogram. Since the signal
y(t) is sampled with regular intervals ∆t, the cross correlation is implemented as a digital
filter according to

∑ ∆+∆= )ti(k)tti(y)t(z ; (i=0,±1,…,±m) (5.8)

The value of m, controlling the size of the time window, is for practical reasons and
computational speed set to 4σ rounded to the next integer (this window covers
essentially 100% of the peak). The filter coefficients k are given by the model peak (Eq.
5.6) and can be scaled arbitrarily without affecting the S/N of the filtered signal z(t). By
setting A equal to √2, the peak heights will be maintained and the filtering effect is
manifest as noise reduction.

The optimal gain in S/N ratio is achieved at the cost of chromatographic resolution,
since the cross correlation operation for a matched filter will cause a peak broadening
by a factor √2. Another disadvantage with matched filtering is that white noise will
adjust to the same frequency spectrum as the Gaussian peak, thus being harder to
distinguish from real chromatographic peaks [Paper IV]. In Fig. 8 the matched filtering
effects on S/N and peak width is exemplified for the peak at 35 min (cf. Fig. 7).

Fig. 8. XICs (m/z 347) for the peak at 35 min before (a) and after (b) matched filtering.

The GSD menu supports the combination of matched filtering and two-fold
differentiation ('Gaussian Second Derivative') presented in Paper IV. By differentiating
a signal twice, linear background is eliminated and the peaks will appear as sharpened.
These advantages have been utilised quite extensively in GC-MS [93,94]. The drawback
is that the noise is amplified. Hence it is natural to combine the differentiation with a
smoothing filter.
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The two operations filtering and differentiation can be performed in a single step, as
shown already in 1964 by Savitzky and Golay [86]. In GSD, the matched filter
described above is combined with a two-fold differentiation according to

∑ ∆+∆=′′ )ti(k)tti(y)t(z ; (i=0,±1,…,±m) (5.9)

where the filter coefficients is given by the second derivative of the Gaussian model
peak (Eq. 5.6 and 5.7)

)/x()x(C)x(f)x(k
22 222 e σσ −−=′′−= (5.10)

The value of C can be set arbitrarily without affecting the S/N of z″. By normalising to
unit square sum

∑ =∆ 12 )ti(k (5.11)

the noise level is unaffected and the filter effect is manifest as peak amplification. The
degree of peak amplification is proportional to the square root of σ as shown in Paper
IV.

It is especially favourable to combine the data produced by GSD with the BPC
representation. Since the background is suppressed, the BPC baseline will be lowered
accordingly. The baseline will also become more stable when defined by essentially all
detection channels rather than from the intensity of a few channels representing ions
with high background. Together with the peak amplification, this gives an improved
peak detection capability of the BPC. This is illustrated in Fig. 9, which shows the
BPCs in the retention interval 15-35 min (cf. Fig. 7), before and after filtering with
GSD.

Fig. 9. BPCs for the LC-MS analysis of a rosemary extract before (a) and after (b)
treatment with GSD.
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The GSD filtering has several positive effects also in the spectral domain. The mass
spectra obtained at peak maxima will show virtually zero intensity for background ions,
while the ions corresponding to the analytes are amplified. This is illustrated in Fig. 10,
which shows how GSD affects the mass spectrum of the peak at 23.5 min (cf. Fig. 7).

Fig. 10. The mass spectra of the peak at 23.5 min before (a) and after (b) GSD filtering.

Due to the peak sharpening with GSD, the mass spectrum obtained at the peak
maximum will be less influenced by nearly co-eluting compounds with Rs<0.35. On the
other hand close-eluting compounds with higher Rs values may give considerable
negative contributions. In such a case, the presence of an impurity is indicated by
negative values for masses that are unique for the impurity.

The Purity menu supports the procedures included in the strategy for peak purity
assessment presented in Paper V. The strategy involves detection of possible impure
peaks with BPC [95] and fixed size moving window evolving factor analysis (FSMW-
EFA) [96,97], and further analysis of these peaks with local PCA modelling and
comparative mass chromatogram plots (CMCPs).

With BPC, impurities are detected by a change of the most dominant mass within a
peak, as indicated by a plot colour change. Hence, to be detected the impurity must have
a dominant mass that is different from the base peak mass of the main compound, and
also give higher intensity for some position within the chromatographic peak. In Paper
V it was shown that the success of impurity profiling with BPC is highly dependent on
the chromatographic resolution. The strength of the method is that, apart from the basic
requirement, it is insensitive for spectral similarity between the main compound and the
impurity.

With FSMW-EFA the bilinear structure of the data (Eq. 5.2) is utilised. The principle is
that for each point in time, a sub-matrix is formed by the spectra recorded in the
surrounding time window of size 2m+1. The matrix is modelled with PCA (Eq. 3.2) and
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the eigenvalues λ are calculated from the score matrix (λλλλ=diag(TTT)). Finally, the
singular values (θ, the positive square root of λ) or the logarithm of the eigenvalues are
plotted versus time. Thereby a rank map is obtained, where impurities are detected as
peaks in the second and higher order eigenvalue trace. In Paper V, the factors
influencing the detectability for impurities with FSMW-EFA were systematically
investigated. A relationship S/N(θ2)=c∗ f(Rs,%I,σnoise) was found, where %I is the
amount of impurity and c is a factor reflecting the degree of spectral similarity between
the main compound and the impurity. High degree of spectral similarity gives low
values for c, and hence a low detectability. An example of the results for S/N(θ2)
obtained by varying Rs, %I and σnoise is given in Fig. 11.

Fig. 11. The detectability for impurities with FSMW-EFA, measured with the S/N for θ2, as
a function of chromatographic resolution (Rs), amount of impurity (%I) and noise (σnoise).

When the complementary information from BPC and FSMW-EFA has been analysed,
there is a need for further analysis of suspected impure peaks. With a CMCP the XICs
for two ions are plotted versus each other. A retention time difference will then show up
as a loop pattern and peak shape deviations as a bow shape, while perfect agreement
results in a straight line with a slope determined by the peak height ratio [Paper V]. A
problem is that it can be hard to determine which ions to study, especially if the
impurity is present at low level. PCA modelling of the peak cluster can support the
selection, since ions related to the impurity and the main compound will appear at
different angles from origo in the loading plot. In Fig. 12 the peak purity assessment
strategy is exemplified for the peak at 17.5 min. (cf. Fig. 7).
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Fig. 12. Peak purity profiling of an impure LC-MS peak: (a) The FSMW-EFA plot where
the presence of impurity is suspected from the peak for the second singular value; (b) The
BPC where the presence of impurity is suspected from the shift of base peak mass within
the peak; (c) The loading plot of a local PCA model revealing two main directions, one
headed by m/z 331 and one headed by m/z 299; (d) The CMCP for m/z 299 vs. m/z 331
showing the typical loop pattern for a retention time difference.

The Peaks menu contains two methods that can improve the detectability of real
chromatographic peaks. The first method is the CODA algorithm presented by Windig
et al. [98]. With CODA the single channel chromatograms with the highest S/N are
found and used to give a reconstructed TIC, where those with low S/N are zeroed.
Thereby the overall S/N is improved. A problem with this method is to find the dividing
line between high and low S/N. The other method in the menu shows a normalised plot
of the first eigenvalue trace obtained with FSMW-EFA (cf. the Purity menu). The idea
is that real peaks will show a more bilinear data structure than the background and
noise, and hence be better described by the first principal component. In Fig. 13, the
performance is exemplified for the retention interval between 20 and 30 min (cf. Fig. 7).
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Fig. 13. Peak detection in an LC-MS analysis of rosemary: (a) The TIC for the retention
time interval 20-30 min; (b) The corresponding first singular value trace.

Combined use of the methods in the toolbox might result in further data enhancement.
In Paper V, it was shown that the presence of background impairs the peak purity
assessment tools, and hence that pre-processing with OBS could be advantageous. In
Paper IV, it was claimed that the apparent resolution enhancement achieved by GSD
might aid the BPC as a peak purity analysis method. This claim is supported by the
BPCs for a peak cluster obtained in an LC-MS analysis of estrogens [Paper III] shown
in Fig. 14.

Fig. 14. BPCs for a peak cluster, with changes in the base peak mass indicated, before (a)
and after (b) filtering with GSD. The filtering improves the S/N and sharpens the peaks.
Both these effects improve the detectability for the minor compound.
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Combination of OBS and GSD can also be beneficial. This is exemplified in Fig. 15,
which shows the BPCs obtained for the LC-MS analysis of 2 pmol of the anabolic
steroid nandrolone (a five times stronger solution was used in Paper IV) before and after
treatment with OBS and GSD, alone or in combination. A possible explanation for the
effectiveness of this combination is that fluctuations of the background, which may be
enhanced by the GSD filtering, are reduced by the use of OBS.

Fig. 15. BPCs for the LC-MS analysis of a nandrolone standard solution at a concentration
close to the detection limit: (a) no peak is visible for the raw data; (b) after OBS treatment,
the LC front at 1.6 min is visualised; (c) after GSD treatment, the LC front and the
nandrolone peak at 4.6 min is visualised, but also a number of non-significant peaks; (d)
after combined treatment with OBS and GSD, the LC front and the nandrolone peak are
clearly registered.
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6. LC-MS for quantification and classification

Quantitative analysis

Quantitative LC-MS and LC-MS/MS has mainly been performed with quadrupole
instruments operated in the single ion monitoring (SIM) mode and the multiple reaction
monitoring mode, respectively, utilising the selectivity and sensitivity of the MS. The
analytical peaks are then integrated, and the data are fitted to linear models or
polynomials in order to increase the dynamic range. Apparent drawbacks with this
procedure are that only one or a few known analytes can be determined for each run and
that the second order advantage [99], i.e. the possibility of accurate analysis in the
presence of unknown interferents, is sacrificed. Except for arguments like convenience
and data storage problems there is, however, at least one good reason for using the SIM
mode, and that is the improved counting statistics and thereby the higher S/N compared
to the scan mode [100]. In Fig. 16 this is exemplified with an LC-MS analysis of the
anabolic steroid nandrolone.

Fig. 16. LC-MS analysis of 2 pmol nandrolone in: (a) SIM mode with dwell time 200 ms;
(b) Scan mode with dwell time 1 ms. From counting statistics, the S/N is expected to be
approximately 14 times higher in the SIM trace.

The precision obtained in quantitative analysis with LC-MS has been considered as low
compared to LC-UV [101]. A possible reason for this is the additional variance from the
interface, where small variations in the chemical conditions can influence the sensitivity
for the studied ion.

An alternative method, where some interference can be accounted for, is to record entire
mass spectra, integrate over the peak duration and apply a multivariate regression model
like PLS. For co-eluting compounds in GC-MS, Demir and Brereton have shown that
this procedure have some benefits compared to univariate regression [102]. Similar
studies on LC-MS data performed at our laboratory points in the same direction [103].
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With second order data it is possible to apply multiway methods, e.g. GRAM [104,105],
n-PLS [106,107] or PARAFAC [36,108], for quantification (Table 3). A comparative
study in this area was recently reported by Gardner et al. [109]. A problem with such
methods is that irreproducible chromatographic conditions, as discussed below, can
introduce extra factors and hence models that can be hard to interpret and more
influenced by noise.

Table 3. Calibration properties with different data structures.

Zero ordera First ordera Second ordera

Data structure Scalar Vector (I×1) Matrix (I×J)
Calibration Univariate Multivariate Multiway
Rank for K samplesb 1 ≤min(I,K) unknownc

Interferents possible
to detect?

No Yes Yes

Interferents affects
accuracy?

Yes Yes No

a Instrumentation classified according to Sánchez and Kowalski [99]
b Determines how many analytes that can be quantified
c For a 2x2x2 array ten Berge et al. [110] have shown that the rank is 3

A general problem for complex samples is that the presence of unknown interferents
might affect the sensitivity for the analyte. Such interference is not covered by the
second order advantage and it might be necessary to use internal standards [111] or
apply the standard addition method [112].

PARAFAC modelling and the alignment problem (Paper VI)

The data obtained from several LC-MS runs can be organised as a three-way array D
(I×J×K) with I mass spectra, J mass chromatograms and K objects. Each object k
contributes with an (I×J) matrix according to

( ) NScPD += Tdiag kk (6.1)

where P (I×M) contains the elution profiles for M solutes, ck (M×1) the concentrations
of the solutes forming an (M×M) diagonal matrix and S (J×M) the corresponding mass
spectra. When S and P are in common for all objects, as indicated in Eq. 6.1, D is truly
trilinear and suitable for PARAFAC modelling (cf. Eq. 3.8).

Deviations from the trilinear data structure can have several causes including, e.g.,
variations in charge state distribution [113] or non-linear detector response. The single
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largest problem, however, is variations in the elution profiles due to variations in the
chromatographic conditions. An alternative is to apply multiway methods that can
account for such variations, e.g. PARAFAC2 [114,115] or MCR-ALS [116]. Another
approach is to pre-process the data in order to minimise the influence of
chromatographic profile variations. Several such methods for chromatographic
alignment of first order data have been reported [117-120]. There are also some
methods for second order data published, where the spectral information is used to
guide the alignment procedure [121,122].

One algorithm for chromatographic alignment is the correlation optimized warping
(COW) developed by Nielsen et al. [123,124]. In Paper VI the COW algorithm was
modified for use with LC-MS data. The main principle of COW is to find corresponding
time positions (nodes) in a target chromatogram (T) and the chromatogram (P) subject
to alignment. The number of data points between two nodes is then made equal for P
and T by linear time warping. For a segment length (the two nodes included) of mT for
T and mP for P, the warping is performed by determining mT positions pj, in P according
to

( ) sj xj
m
m

p +−
−
−

= 1
1
1

T

P ; j=1,...,mT (6.2)

where xs is the position for the first node in the P segment. The values for the warped P-
segment are then calculated by linear interpolation between the two points in P adjacent
to each pj.

The optimal node sequence, as measured with a benefit function, is found by calculating
all the candidate solutions. This is done in a structured way by so-called dynamic
programming. The size of the candidate solution space is given by the number of nodes
and the value of the slack parameter t. The latter sets the limit for the amount of time
warping, i.e. how much the time axis is allowed to stretch or contract.

The modified COW algorithm presented in Paper VI is different from the original
mainly in three respects: (i) for which chromatogram the node positions are pre-set, (ii)
the shape of the candidate solution space and (iii) the choice of benefit function. In the
modified COW algorithm, the node positions are pre-set for T instead of P. Since this
selection is common for all P, they can be selected carefully in order to focus on key
features in the data. The modified shape of the candidate solution space is shown in Fig.
17. In the original COW algorithm, the extreme points of P are set to correspond to the
extreme points of T. Thus the flexibility is largest in the middle of the chromatogram. In
reality the retention time deviations can be suspected to increase with tr and in the
modified algorithm no positions are fixed, resulting in the largest time shift allowance at
the end of the chromatogram.
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Fig. 17. The shapes of the candidate solution spaces for the original (a) and the modified (b)
COW algorithms.

The benefit function (the function that measures the similarity between segments of T
and warped P) used in the original COW algorithm is the ordinary correlation
coefficient, while the modified algorithm, as default, uses a modified covariance
measure. In Paper VI the properties of different benefit functions were studied.
Comparisons were made between correlation and covariance and between total mean
centering of the data and separate centering of each channel. It was found that for LC-
MS data channel centering outperformed total mean centering in several respects, the
most significant being a higher sensitivity for peak position deviations. An explanation
for this is that the analyte signals in LC-MS are present only for a minor set of the
detection channels. The other channels represent mostly background and noise and their
contributions to the overall covariance are minimised when each channel is centred to
zero mean. The result of the comparison between covariance and correlation was that no
clear guidelines for selection could be given for a general case.

In Paper VI, the modified COW algorithm was used as a pre-processing tool for
PARAFAC modelling of the LC-MS data obtained for five runs (#a-#e) of a peptide
standard. Fig. 18 shows the BPCs for the five objects before and after alignment. Except
for the retention time variation in the raw data, the most apparent difference between the
objects was the almost total absence of the third peak in run #e. The question was
whether a PARAFAC model could reflect this sample-related variation in the presence
of the variations caused by the chromatographic conditions. Therefore a comparison
was made between PARAFAC modelling of the raw data array and the aligned data
array.

Seven factors were used in these models since the data were known to comprise seven
peptides. In order to achieve interpretable results, non-negativity constraints were set on
all modes when calculating the models. For the raw data this PARAFAC model
explained only 59.5% of the total variance. The first mode loadings, representing the
mass spectra, showed high correlation between the factors, while the third mode
loadings, representing the concentrations, included a lot of zeros. Problems were also
found in the second mode loadings, representing the elution profiles, were some of the
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factors contained more than one peak. Altogether this was due to the same peptide being
modelled at different peak positions. In summary, the varying chromatographic
conditions made the seven factors insufficient to describe this data set.

Fig. 18. BPCs of five LC-MS runs of a peptide standard mixture before and after alignment
with the modified COW algorithm.

For the aligned data, the seven factor PARAFAC model explained 97% of the total
variance. The first mode loadings (Fig. 19) could be related to the mass spectra of the
seven peptides, and the second mode loadings (Fig. 20) to the corresponding elution
profiles. The separation of the co-eluting compounds (peak 4 and 5 in Fig. 19) is an
example of the second order advantage. The third mode loadings are related to the
objects. When PCA was performed for this matrix, two components were sufficient to
explain 99% of the variance. In the score plot (Fig. 21), run #e was separated from the
other objects in the PC2 direction. This is in line with the direct observation made on
the BPCs. For non-normalised data, PC1 can be suspected to describe mainly variations
in the total amount of the compounds, while PC2 describes variations in the distribution
between the compounds. The PARAFAC model could then be backtracked to discover
that run #e differed from the other objects mainly by the low level for the third peak.

0 50 100 150 200 250 300
Scan #

a 

b 

c 

d 

e 

0 50 100 150 200 250 300
Scan #

a 

b 

c 

d 

e 



33

Fig. 19. The first mode loadings of a PARAFAC model representing the mass spectra of
bradykinin (1), luteinizing releasing hormone (2), substance P (3), oxytocin (4), metionin
enkephalin (5), bombesin (6) and leucin enkephalin (7).

Fig. 20. The second mode loadings of a PARAFAC model representing the elution profiles
of seven peptides (cf. Fig. 19).
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Fig. 21. The score plot obtained by PCA modelling of the third mode loadings of a
PARAFAC model.
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7. Concluding remarks and future aspects

LC-MS is a powerful instrumental set-up, capable of producing large amounts of highly
selective information. Optimal use of the sophisticated instrumentation and the acquired
data can be attained if LC and MS experts, chemometricians and software developers
work together side by side. My hope is that this thesis can contribute to facilitate such
collaboration.

The analytical chemistry need in life science, combinatorial chemistry and process
analysis is continuously changing towards handling more complex samples at
increasingly higher speed. In addition, demands to monitor this data with high time
resolution is put forward in many areas. These needs have inspired instrumental and
technical developments, e.g. coupled separation systems and hybrid MS instruments,
using chip technology and on-line mass detection.

The trends in chemometrics [125] have always followed the developments in analytical
systems and the computational power available. As the amount and dimensionality of
the data increases, the role of chemometrics is not only to serve the analytical chemists
by guiding the flow of chemical information, but also a requirement for elucidation of
analytical results. Multivariate patterns rather than the absolute amounts of specific
analytes will be increasingly important in many areas, and further developments of the
chemometrics toolbox presented in this thesis should be directed accordingly.

Multiway analysis is by some considered as the new wave in chemometrics, and it is of
no doubt that second and higher order data will be even more common in the future.
The success of multiway analysis is probably depending on algorithmic developments
to account for non-ideal properties of the data. It is also of importance that the statistics
of the methods can be elucidated and understood.
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