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Abstract
With the increasing availability of high-throughput systems for parallel monitoring of
multiple variables, e.g. levels of large numbers of transcripts in functional genomics
experiments, massive amounts of data are being collected even from single experiments.
Extracting useful information from such systems is a non-trivial task that requires
powerful computational methods to identify common trends and to help detect the
underlying biological patterns. This thesis deals with the general computational
problems of classifying and integrating high-dimensional empirical data using a latent
variable based modeling approach. The underlying principle of this approach is
that a complex system can be characterized by a few independent components that
characterize the systematic properties of the system. Such a strategy is well suited for
handling noisy, multivariate data sets with strong multicollinearity structures, such as
those typically encountered in many biological and chemical applications.

The main foci of the studies this thesis is based upon are applications and extensions
of the orthogonal projections to latent structures (OPLS) method in life science
contexts. OPLS is a latent variable based regression method that separately describes
systematic sources of variation that are related and unrelated to the modeling aim (for
instance, classifying two different categories of samples). This separation of sources
of variation can be used to pre-process data, but also has distinct advantages for
model interpretation, as exemplified throughout the work. For classification cases, a
probabilistic framework for OPLS has been developed that allows the incorporation
of both variance and covariance into classification decisions. This can be seen as
a unification of two historical classification paradigms based on either variance or
covariance. In addition, a non-linear reformulation of the OPLS algorithm is outlined,
which is useful for particularly complex regression or classification tasks.

The general trend in functional genomics studies in the post-genomics era is to perform
increasingly comprehensive characterizations of organisms in order to study the associ-
ations between their molecular and cellular components in greater detail. Frequently,
abundances of all transcripts, proteins and metabolites are measured simultaneously in
an organism at a current state or over time. In this work, a generalization of OPLS is
described for the analysis of multiple data sets. It is shown that this method can be
used to integrate data in functional genomics experiments by separating the systematic
variation that is common to all data sets considered from sources of variation that are
specific to each data set.

Keywords: Chemometrics, orthogonal projections to latent structures, OPLS, O2PLS,
K-OPLS, kernel-based, non-linear, regression, classification, Populus
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Abstract

With the increasing availability of high-throughput systems for parallel mon-
itoring of multiple variables, e.g. levels of large numbers of transcripts in
functional genomics experiments, massive amounts of data are being collected
even from single experiments. Extracting useful information from such sys-
tems is a non-trivial task that requires powerful computational methods to
identify common trends and to help detect the underlying biological pat-
terns. This thesis deals with the general computational problems of classi-
fying and integrating high-dimensional empirical data using a latent variable
based modeling approach. The underlying principle of this approach is that a
complex system can be characterized by a few independent components that
characterize the systematic properties of the system. Such a strategy is well
suited for handling noisy, multivariate data sets with strong multicollinearity
structures, such as those typically encountered in many biological and chem-
ical applications.

The main foci of the studies this thesis is based upon are applications and ex-
tensions of the orthogonal projections to latent structures (OPLS) method in
life science contexts. OPLS is a latent variable based regression method that
separately describes systematic sources of variation that are related and unre-
lated to the modeling aim (for instance, classifying two different categories of
samples). This separation of sources of variation can be used to pre-process
data, but also has distinct advantages for model interpretation, as exemplified
throughout the work. For classification cases, a probabilistic framework for
OPLS has been developed that allows the incorporation of both variance and
covariance into classification decisions. This can be seen as a unification of
two historical classification paradigms based on either variance or covariance.
In addition, a non-linear reformulation of the OPLS algorithm is outlined,
which is useful for particularly complex regression or classification tasks.

The general trend in functional genomics studies in the post-genomics era
is to perform increasingly comprehensive characterizations of organisms in
order to study the associations between their molecular and cellular compo-
nents in greater detail. Frequently, abundances of all transcripts, proteins and
metabolites are measured simultaneously in an organism at a current state or
over time. In this work, a generalization of OPLS is described for the analysis
of multiple data sets. It is shown that this method can be used to integrate
data in functional genomics experiments by separating the systematic varia-
tion that is common to all data sets considered from sources of variation that
are specific to each data set.
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Sammanfattning

Funktionsgenomik är ett forskningsområde med det slutgiltiga målet att ka-
rakterisera alla gener i ett genom hos en organism. Detta inkluderar studier
av hur DNA transkriberas till mRNA, hur det sedan translateras till protei-
ner och hur dessa proteiner interagerar och påverkar organismens biokemiska
processer. Den traditionella ansatsen har varit att studera funktionen, regle-
ringen och translateringen av en gen i taget. Ny teknik inom fältet har dock
möjliggjort studier av hur tusentals transkript, proteiner och små moleky-
ler uppträder gemensamt i en organism vid ett givet tillfälle eller över tid.
Konkret innebär detta även att stora mängder data genereras även från små,
isolerade experiment. Att hitta globala trender och att utvinna användbar in-
formation från liknande data-mängder är ett icke-trivialt beräkningsmässigt
problem som kräver avancerade och tolkningsbara matematiska modeller.

Denna avhandling beskriver utvecklingen och tillämpningen av olika beräk-
ningsmässiga metoder för att klassificera och integrera stora mängder empi-
riskt (uppmätt) data. Gemensamt för alla metoder är att de baseras på latenta
variabler : variabler som inte uppmätts direkt utan som beräknats från andra,
observerade variabler. Detta koncept är väl anpassat till studier av komplexa
system som kan beskrivas av ett fåtal, oberoende faktorer som karakterise-
rar de huvudsakliga egenskaperna hos systemet, vilket är kännetecknande för
många kemiska och biologiska system. Metoderna som beskrivs i avhandling-
en är generella men i huvudsak utvecklade för och tillämpade på data från
biologiska experiment.

I avhandlingen demonstreras hur dessa metoder kan användas för att hitta
komplexa samband mellan uppmätt data och andra faktorer av intresse, utan
att förlora de egenskaper hos metoden som är kritiska för att tolka resultaten.
Metoderna tillämpas för att hitta gemensamma och unika egenskaper hos re-
gleringen av transkript och hur dessa påverkas av och påverkar små molekyler
i trädet poppel. Utöver detta beskrivs ett större experiment i poppel där re-
lationen mellan nivåer av transkript, proteiner och små molekyler undersöks
med de utvecklade metoderna.
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Notation

The following notation will be used throughout. Scalars are denoted by italic lower-
case or upper-case letters, e.g. n or K. Vectors are denoted by bold, lower-case
letters, for instance p, and are assumed to be column vectors unless otherwise
stated. Matrices are denoted by bold upper-case letters, for instance X, with
optional dimensionality specification, e.g. [N ×K]. Matrix inverses are denoted by
X−1.

The following symbols generally have a pre-defined meaning. For clarity, subscripts
will be used in contexts where the intended meaning is ambiguous.

Symbol Size Description
N Number of samples (observations).
K Number of measured variables.
M Number of variables in the response (variables to predict).
A Number of latent variables.
X [N ×K] Data matrix containing the collected data used for analysis.
x Vector of length K containing collected data from one

observation.
Y [N ×M ] Response matrix containing values or class categories

to be predicted.
y Response vector of length N containing values or class

categories to be predicted.
B [K ×M ] Coefficient matrix.
T [N ×A] Score matrix.
P [K ×A] Loading matrix.
W [K ×A] Weight matrix.
K [N ×N ] Kernel matrix.
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cDNA Complementary DNA
DA Discriminant Analysis
DoE Design of Experiments
ESI Electrospray Ionization
F-DA Fisher Discriminant Analysis
GC-MS Gas Chromatography coupled with Mass Spectrometry
GO Gene Ontology
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MCCV Monte Carlo Cross-Validation
MLR Multiple Linear Regression
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OSC Orthogonal Signal Correction
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O2PLS Bidirectional OPLS
PCA Principal Component Analysis
PLS Partial Least Squares
SIMCA Soft Independent Modeling of Class Analogy
SVD Singular Value Decomposition
UV Unit Variance
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Preface

Functional genomics studies in the post-genomics era have largely focused on the de-
velopment and application of profiling technologies for parallel global analyses, i.e.
measurements of all detectable species represented in the transcriptome, proteome
and metabolome/metabonome of organisms or parts of organisms [1–5]. The ac-
quired measurements are commonly referred to as omics data. The aim is to study
organisms as integrated systems of genetic, protein, metabolic, pathway and cellu-
lar events in order to achieve a more comprehensive picture of the interplay between
molecular and cellular components. This global profiling approach has become fea-
sible mainly due to the increasing availability of the equipment required for high-
throughput characterization of biological samples, notably microarray systems for
large-scale measurement of transcript levels [6] and chromatographs coupled with
mass spectrometers for measuring levels of proteins or metabolites [7].

A practical consequence of these developments is that massive amounts of data
are being collected from biological samples, i.e. levels of tens of thousands of
transcripts, proteins or metabolites in organisms in certain states at a given time,
or over time, are being simultaneously measured. This is not only creating logistical
problems but is also making data integration one of the main challenges in post-
genomics functional genomics studies.

This thesis deals with the general computational problems of classifying and inte-
grating high-dimensional empirical data using a modeling approach based on latent
variables. The aim is to develop and evaluate computational methods with proper-
ties that allow applications in life sciences. In order to achieve optimal performance
for such applications, the developed methods must be predictive, interpretable and
handle multicollinearity appropriately. The utilized latent variable based model-
ing approach is based on the underlying principle that a complex system can be
reduced to a few independent components that describe the main systematic prop-
erties of the system. Such a strategy is well suited to handle multivariate data sets
with strong multicollinearity structures, noise and missing data, which are typi-
cal features of data acquired in functional genomics experiments. The described
methodological developments are general but mainly exemplified and evaluated for
life science applications, using omics data sets.
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Chapter 1

Background

This chapter describes two different areas that are fundamental to the presented
work. First, the analytical platforms used in typical functional genomics studies,
their scope and the characteristics of the data they provide that are important to
consider when evaluating the measurements are outlined and discussed. Second, key
concepts of mathematical modeling are introduced. A few selected mathematical
modeling methods that are of particular relevance to the presented work are also
described in some detail.

1.1 Functional genomics

Functional genomics is a field of molecular biology in which the ultimate aim is to
assess the function of each gene in the genomes of studied organisms. This includes
the study of transcriptional regulation, the proteins resulting from translation and
the ways in which these proteins interactively support, catalyze, regulate and oth-
erwise affect the organisms’ physiological processes. The traditional approach to
inferring gene function has been to study the regulatory mechanisms, the encoded
protein and metabolic roles of one particular gene at a time. However, with the
increasing availability of sequenced genomes and technological advances, the fo-
cus of functional genomics studies has shifted towards global profiling of all genes
(transcriptomics), proteins (proteomics) and biochemical processes (metabolomics
or metabonomics). The aim is to simultaneously measure the abundances of all
transcripts, proteins and metabolites in an organism (or parts of an organism, e.g.
specific tissues) in a certain state at a given time or over time. Organisms are thus
treated as integrated systems of genetic, protein, metabolic, pathway and cellular
events in order to obtain a higher level of understanding of the interplay between
their molecular and cellular components.

1.2 Instrumentation used in functional genomics studies

Since functional genomics studies typically involve measurements of several different
types of biomolecules, various types of instrumental systems are used, which share
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the ability to rapidly measure the abundances of tens of thousands of molecules from
biological samples in parallel. They include (inter alia) DNA microarray systems
for transcript profiling and chromatographs coupled with mass spectrometers for
protein or metabolite profiling. Both of these instrumental platforms are described
in the following subsections.

1.2.1 DNA microarray technology for transcript profiling

Microarray technology is used to quantify vast numbers of biomolecules in parallel.
Although microarray platforms can be used to quantify proteins [8], this section
will focus on DNA microarrays, in which abundances of messenger RNA (mRNA)
molecules are measured, giving a global snapshot of processes and regulation at
the transcript level at a given point in time. Transcript profiling, using DNA
microarray technology, is typically used to infer the regulatory patterns of genes and
the proteins they encode, although many cellular regulatory mechanisms are known
to be post-transcriptional (see for example [9, 10]). Nevertheless, DNA microarray
technology has proven to be highly useful for studying gene function and behavior
in functional genomics contexts [11,12].

Several kinds of DNA microarray systems are available; the two main types being
cDNA microarrays [6] and high-density oligo-nucleotide microarrays [13]. The work
underlying this thesis mainly involved use of cDNA microarrays (or data acquired
by such systems); hence they will be the primary focus of this section.

cDNA microarrays consist of solid surfaces (typically glass) to which cDNA probes
from a library are attached at pre-defined positions. RNA samples to be measured
are reverse-transcribed to cDNA, labeled with fluorescent dyes and allowed to hy-
bridize to the probes. Superfluous material is washed away and fluorescence signals
generated by laser-induced excitation of the residual probes (which are assumed
to be proportional to the expression levels of the RNA species in the sample) are
measured. Typically, two RNA samples, labeled with different fluorophores (for
instance Cy5 and Cy3), are measured together on the same surface (referred to as
competitive hybridization) to compensate, at least partly, for variations in probe dis-
persion and concentration. Each measurement yields an image of the fluorescence
signals, which are converted into numerical data describing the relative expression
levels of each microarray element [14]. Each microarray slide typically measures
the abundances of transcripts from one sample, and the quantitative information
acquired from all of the samples is used in the final analysis.

Numerous factors can affect the outcome of a microarray experiment through the
introduction of systematic biases during experimental data generation. For in-
stance, variations in the properties of the dyes (e.g. the degree of dye incorporation
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and sensitivity to bleaching), irregularities on the slide surface, differences in probe
printing and scanner properties can all influence the quantification process. In at-
tempts to minimize the effects of these systematic sources of bias on the analytical
results, the data are frequently normalized prior to any biological interpretation (see
for example [15]). The subject of DNA microarray normalization will be discussed
in more detail in the Results section for Paper III.

1.2.2 Chromatography coupled with mass spectrometry for
protein and metabolite profiling

Several analytical techniques are used in functional genomics experiments to quan-
tify protein fragments (peptides) and small biochemical compounds (metabolites)
in relation to mRNA transcription. Two of the most commonly used instrumental
platforms for these purposes are Nuclear Magnetic Resonance (NMR) spectroscopy
and chromatography coupled with mass spectrometry (chromatography-MS). Only
the chromatography-MS based techniques will be considered here, in particular Gas
Chromatography-Mass Spectrometry (GC-MS) and Liquid Chromatography-Mass
Spectrometry (LC-MS) [7], in which a chromatographic step is used to separate and
quantify compounds followed by a mass spectrometric step used for identification.

1.2.2.1 GC-MS

In GC-MS, a sample is first introduced into a capillary column. Compounds in the
sample then elute from the column at differing times that mainly depend on the
temperature, their boiling points and strength of their interactions with the sta-
tionary phase. The time it takes a compound to pass through the column is referred
to as its retention time. Compounds that boil at low temperatures generally elute
from the column prior to those with a high boiling point; thus introducing a sep-
aration. The eluted material is continuously introduced into a mass spectrometer,
which breaks the compounds into ionized fragments with specific mass to charge
(m/z) ratios, yielding characteristic mass spectra for each compound. Together
with the (relative) retention times the mass spectra can be used to identify the
compounds [7].

GC-MS only works for compounds that have a reasonably low boiling point. If
compounds are not sufficiently volatile they must be derivatized. This generally
involves the addition of trimethylsilyl (TMS) to various functional groups. The
main intention is to reduce the compounds’ capacity to form hydrogen bonds and
thus lower their boiling points [16]. The overall characteristics of GC-MS make the
analytical platform suitable for profiling of metabolites, where it has found great
use (see for example [17]).
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1.2.2.2 LC-MS

LC-MS is an analytical platform used (inter alia) for profiling metabolites [17] and
high-throughput characterization of proteins in complex samples [18]. In LC-MS,
compounds are separated according to their relative affinities for a mobile phase
and a stationary phase while in solution. The most common chromatographic
arrangement is the reverse phase system, in which a hydrophobic stationary phase
is used, in conjunction with a mobile phase that is initially hydrophilic but gradually
becomes more hydrophobic, so polar compounds generally elute before hydrophobic
compounds [7].

One of the most potentially problematic components of an LC-MS system is the
interface between the chromatograph and the mass spectrometer. Molecules in
liquid must be transferred to the gas-phase prior to the mass spectrometry stage. A
frequently employed process for this purpose is ElectroSpray Ionization (ESI) [7,19],
in which the liquid from the chromatographic system is introduced into the ion
source through a needle, and an electric potential is applied to its tip, causing
charged droplets containing solvent and analyte to form. The droplets shrink in
size as the solvent evaporates, forming gradually smaller droplets, until eventually
only the analyte is present. These purified droplets are subsequently introduced
into the mass spectrometer for characterization.

1.3 Computational methods for life science applications

In this section, the basic concepts of modeling are introduced, with particular fo-
cus on mathematical models. The mathematical modeling methods that are of
particular relevance to the presented work are described in some detail.

1.3.1 Concepts of modeling

Models are used to summarize and explain general properties of a system in a
form that is easier to understand. Conceptually, there are many different kinds of
models, a few of which are listed below.

• Iconic models are representations of physical objects. For instance, a minia-
ture toy car is an iconic model of a real car.

• Graphical models are graphical abstractions of physical or non-physical ob-
jects. For instance, a map of Sweden is a graphical model of the country.
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• Mathematical (quantitative) models can be formulated using a mathematical
expression. For instance, the formula y = mx+ b is a mathematical model of
a straight line.

In this context, modeling is taken to refer solely to mathematical models. Math-
ematical models are essentially of two types. Fundamental or hard models are
derived from theories of physical relationships, e.g. the thermodynamic laws. In
many practical situations, however, it is not possible to derive a fundamental model
for a system. The alternative then is to study the system of interest by repeated
measurements and to derive models indirectly from the observed data. Such math-
ematical models are denoted empirical or soft mathematical models. The accuracy
and precision of empirical models are inevitably hindered to varying degrees by
measurement noise and they only have local validity, i.e. they are not necessary
applicable under all situations. However, despite these limitations, empirical mod-
eling approaches can be highly useful for studying complex relationships and have
found great use in chemical and biological studies in the absence of fundamental
models (see for instance [20,21]).

1.3.2 Learning from empirical data

Let us assume that we have measured a number of parameters, for instance the
amounts of various kinds of foods consumed by N volunteers, and want to identify
direct links (if any) between the measured parameters and the volunteers’ body
mass indices (BMI). How do we proceed in order to "learn" these properties from
the data?

Empirical mathematical models make use of the observed data in two fundamen-
tal steps. First, principal characteristics of the data are identified, in the training
phase. The properties of the model can then be used for interpretation, e.g. to
evaluate whether or not there is a link between the food intake and BMI, and
potentially which particular food types have the strongest influence. The charac-
teristics identified in the training phase can be subsequently applied to new data,
collected using the same procedures as those used to collect the training data set,
in a prediction phase.

In mathematical notation, the data in one matrix X of size [N × K] (e.g. con-
sumption of K food types from N volunteers) is used to predict some property of
another matrix Y [N ×M ] (e.g. BMI of the N volunteers). A general formula-
tion of a linear empirical mathematical model is shown in Equations 1.1-1.2. In
Equation 1.1 (training phase), the coefficients B [K ×M ] are approximated from
the training data in X and Y according to some function. Various solutions to
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the general problem formulation in Equation 1.1 are described in more detail in
subsections below. The coefficient matrix B, or other properties of the model, can
be used to interpret the observed effects. In Equation 1.2, the derived coefficients
are used to estimate the properties of new data (prediction phase).

B = f(X,Y) (1.1)

Ŷ = XB (1.2)

1.3.3 Chemometrics

Chemometrics is a computational field for the planning of experiments and for
the subsequent analysis of experimental multivariate data. As the name suggests,
chemometrics was initially applied mainly to strictly chemical problems, primar-
ily concerning the interpretation of spectral data [22]. However, since chemometric
methodology is general, and many of the problems are common to contemporary bi-
ological research it is also being increasingly applied to address diverse biochemical
and biological problems [23].

There are two main aspects of chemometrics. The first is design of experiments
(DoE) concerning experimental planning [24, 25]. DoE is typically used prior to
any data collection to ensure that the resulting data are suitable for analysis, but
it can also be used to select representative, non-redundant sample sets for fur-
ther characterization [26, 27]. The second is multivariate analysis (MVA), which
refers to techniques used to analyze high-dimensional empirical data in order, for
instance, to predict the concentrations of various compounds in certain samples
from their spectral profiles [28] or to classify various groups of samples from their
gene expression profiles [29]. Figure 1.1 shows an overview of the steps involved in
planning experiments, collecting data and analyzing the data using this chemomet-
ric approach. Although DoE is certainly an important initial step, the focus in this
thesis is on aspects of MVA, so the methods described will be exclusively from this
category.

1.3.4 Latent variable based modeling

Although numerous data-driven methods are now used in chemometric contexts, the
vast majority exploit the notion of latent variables. A latent variable is defined as a
variable that is not directly observed but inferred from other variables, referred to
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Figure 1.1: Overview of an experimental procedure according to a chemometric ap-
proach. The final part, including supervised empirical modeling, is the focus of the pre-
sented work.

as manifest variables. The underlying principle of latent variable based modeling is
that a complex system can be characterized by a few independent components that
describe the general and systematic properties of the system. These latent variables
are hence derived from the data set and describe principal features of the data
according to some modeling aim (objective function), for instance maximization of
variance or covariance, as will be described in later subsections. The latent variable
based modeling methodology is well suited to handle high-dimensional, noisy data
with strong multicollinearity structures (see for example [30]).
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1.3.5 Interpretation of latent variables by projection

The latent variables define a subspace of the original multivariate space which typ-
ically generates a simplified description of the data, which are then interpreted
implicitly by projecting the original observations and variables onto the latent vari-
ables. Figure 1.2 shows a situation with 100 observations (N = 100) and two
variables (K = 2), where the dashed line describes a latent variable. The original
observations are perpendicularly projected onto the latent variable. The coordi-
nates of the observations in this new coordinate system are traditionally called
scores and are denoted by the matrix T [N × A], where A denotes the number of
latent variables. Typically, the score matrix consists of A score vectors that are
mutually orthogonal (linearly independent). The score matrix T = [t1, t2, ..., tA] is
used to relate the observations to one another, in order to detect trends, tendencies
and outlying samples.

While T only concerns the observations, it is also possible to relate the latent
variables to the original (manifest) variables. The matrix P [K × A] describes the
direction in each dimension of the hyperspace formed by the latent variables. P
(Equation 1.3) is commonly referred to as the loading matrix and describes the
covariance between T and the manifest variables in X.

P = XTT(TTT)−1 (1.3)

1.3.6 Why latent variable based methods?

There are two main advantages of latent variable based methods.

• Robustness to multicollinearity. The original developments of latent vari-
able methods were initiated due to the problems of multicollinearity present
in chemical data, for instance spectral data. While some methods cannot sat-
isfactorily handle highly multicollinear data (see separate discussion on this
subject below), the latent variable modeling approach performs optimally in
the presence of multicollinearity.

• Interpretation. Independent systematic effects present in the observed data
will each be described by a single latent variable, allowing them to be indi-
vidually interpreted. This is highly beneficial for interpreting models with
multiple effects, such as those often obtained from biological and biochemical
data sets.
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Figure 1.2: Overview of the latent variable concept. (A) Measured values for two highly
correlated variables. (B) A latent variable (dashed line) is used to characterize the data,
in this case based on the maximum variance. (C) The original variables are projected
perpendicularly onto the latent variable (solid lines) to form score values. (D) The score
values t after the projection. Note that the simplified case of K = 2, which is shown for
visualization purposes, can be generalized for any number of dimensions.

1.3.7 Pre-processing multivariate data

In order to be able to extract relevant information from a data matrix X the
data must often be pre-processed. The most common procedure for this purpose
is mean-centering, which involves subtracting the mean of each measured variable
from each value of the respective variables in the data set. Since variables usually
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correspond to columns in X, this procedure is sometimes also referred to as column-
centering. After column-centering, the mean value of each variable taken over all
observations will be zero. This pre-processing step is routinely used, mainly because
the objective is to model the variation in the data rather than to determine the
location (offset) of the variables. Consequently, all of the matrices described in this
thesis are assumed to be column-centered unless otherwise stated.

Apart from adjusting the offset, in certain situations it may also be sensible to unify
the spread of the variables by scaling the data. This is done in situations where
the magnitude of the variables differs e.g. due to use of different measurement
units, which would otherwise cause higher-magnitude variables to have overly strong
influence when extracting information from X. This problem is usually addressed
by applying unit variance (UV) scaling, in which each variable is divided by its
standard deviation. The procedure of column-wise mean-centering and scaling to
unit variance is commonly known as variable standardization [31].

1.3.8 Supervised and unsupervised modeling approaches

There are two main categories of empirical mathematical modeling: supervised and
unsupervised. Supervised modeling refers to empirical computational methods that
use the data in one matrix X to predict some property of another matrix Y. During
the training phase, properties of Y are used to guide the construction of the model
for X, hence the term supervised. This is the scenario described in the initial
section on empirical mathematical models. Unsupervised modeling, in contrast,
only utilizes the observed data in X. Although unsupervised methods can be used
for supervised tasks, such as classification, they are mainly applied in exploratory
analyses, which can be useful preliminary procedures for ensuring that the data
have acceptable quality, for identifying expected and unexpected trends and for
detecting outlying observations.

1.3.8.1 PCA

Principal Component Analysis (PCA) is probably the most widely used unsuper-
vised latent variable based method for exploratory analysis (see for instance [32,33]).
The objective function in PCA is to explain as much as possible of the (remaining)
variance in X by each latent variable. A PCA model can be calculated using either
iterative methods or through Singular Value Decomposition (SVD). An example of
a latent variable maximizing the explained variance is shown in Figure 1.2B.

Let A∗ denote the maximum number of latent variables that can be derived from a
matrix X using PCA. A∗ ≤ K but frequently A∗ << K due to multicollinearities
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in X. From a practical perspective, only a few of the latent variables with the
highest explained variance will typically be of interest. This is due to the inevitable
presence of stochastic features (noise) in experimental data. If A < A∗ latent
variables are used instead, the PCA model can be described as in Equation 1.4.
The model includes a residual matrix E [N ×K], which is assumed to explain the
low-variance stochastic events. One of the benefits of this approach is that much
of the noise is excluded from the interpretation of T and P, but it also introduces
the possibility of using it as a noise-reduction filter.

X = TPT + E (1.4)

Finding a suitable value of A is not always trivial in practical situations in the
presence of noise. Several heuristic approaches have been described for this, e.g.
stopping when the amount of variance decreases below a certain threshold (e.g. the
Kaiser eigenvalue-one criterion) or using cross-validation [34,35].

1.3.8.2 SIMCA

PCA can be used to classify different categories of samples, although no explicit
information regarding the classes is used in the model. One PCA-based technique
that is commonly used in chemometrics is the Soft Independent Modeling of Class
Analogy (SIMCA) method [36], which is based on disjoint PCA models of samples
from each class according to Equation 1.4. Each PCA model will have a distribution
of the residuals E for the training data. When new samples are predicted by the
model, their residuals are calculated (Epred) and compared to the training residuals
E. The SIMCA method uses a F-test to calculate the probability of the predicted
residuals Epred and the training residuals E having equal variance. This probability,
which is essentially an outlier test, is then used to assess whether the predicted
samples belong to the class or not. SIMCA classification is based on the variance
in the data; hence only the relative magnitude of variables is utilized, not the
multivariate mean. This subject is discussed in more detail in the Results section
for Paper I.

1.3.8.3 MLR

The task of supervised linear modeling is to predict the properties of a matrix Y
using only the (measured) information in X. It can be shown that the optimal
solution to this problem, in terms of minimizing the sums of squares of the residu-
als (the mismatch between predicted and measured values), is the multiple linear
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regression (MLR) method (see for example [22,37]). This method is sometimes also
called Ordinary Least Squares (OLS) and is described in Equations 1.5-1.7.

B = X+Y (1.5)

X+ = (XTX)−1XT (1.6)

Ŷ = XB (1.7)

The MLR solution rests heavily on the X+ factor, known as the pseudo-inverse of
X. Although MLR is a simple and elegant solution to predictive modeling, it is
unfortunately not robust to multicollinearities in X (see for instance [38] on this
subject). In the majority of chemical and biological applications, multicollinearity
is a ubiquitous feature, hence alternative solutions are needed. One option is to
employ stepwise MLR, in which variable selection is incorporated into the MLR
model construction (see for instance [22]). Other alternatives are latent variable
based models, which are discussed in following subsections.

1.3.8.4 PLS

Partial Least Squares (PLS) is a supervised regression method based on latent
variables [30, 39]. The objective in PLS modeling is to identify latent variables
from X that maximize the squared covariance with the response matrix Y [40,41].
This has to be done in the presence of noise and systematic variation unrelated to
X. PLS effectively solves the problem of multicollinearities in MLR by utilizing the
projected score matrix T, which summarizes the systematic effects in X in relation
to Y. As previously, the score matrix consists of A score vectors that are mutually
orthogonal (linearly independent), implying that T has full rank. Instead of using
the inverse of XTX, the inverse of TTT is employed, which will always be defined
since the vectors constituting T are orthogonal. The PLS model of X (Equation
1.8) is equal to the corresponding PCA model (Equation 1.4), although T and PT
are generally not the same. The coefficient matrix B is defined in Equation 1.9.
Again, T is the score matrix, P is the loading matrix, E is the residual and W
[N ×A] is a weight matrix describing covariance between X and Y.

X = TPT + E (1.8)
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B = W(PTW)−1(YTT(TTT)−1)T (1.9)

In order for the PLS solution to be able to predict properties of new samples, all
systematic effects in X must become incorporated into T. This includes sources of
variation that are linearly independent of the response Y; hence there is no formal
constraint that a given score vector ti will have any correlation with Y. This may
seem confusing, but in order to obtain good predictions, it is necessary to deal
with systematic variation (e.g. baseline effects) in the data even though they are
independent of the response.

One potential problem with PLS lies in the interpretation of the score vectors in
T. For instance, it is frequently of interest to study latent variables that have a
high correlation with Y in order to find important manifest variables (e.g. spec-
tral regions or transcripts). However, there is no guarantee that there will be a
single latent variable with this property in a PLS model. This is due to the pres-
ence of systematic effects unrelated to the response [41], which can complicate the
interpretation of the underlying chemical or biological effects.

1.3.8.5 OSC

Orthogonal Signal Correction (OSC) is a method for identifying and removing the
systematic patterns in X that are linearly independent (orthogonal) to Y [42]. This
is intended as an initial filtering step, prior to any predictive modeling. Despite
the fairly straightforward definition: to remove variation that is orthogonal to Y,
multiple ways of achieving this have been described in the literature [41–45].

Modeling OSC-filtered data using PLS effectively solves problems associated with
interpreting the PLS score matrix T since the Y-orthogonal variation is removed.
However, not all Y-orthogonal variation in X needs to be removed, only the vari-
ation that adversely affects the subsequent modeling step. There are now two
different models (the OSC model and the PLS model) that need to be validated
in terms of model complexity (e.g. the number of latent variables A). Clearly, the
properties of the OSC-filter will influence those of the PLS model, in ways that are
notoriously difficult to evaluate.

1.3.8.6 OPLS

Orthogonal projections to latent structures (OPLS) is a supervised regression method
based on latent variables [45]. The OPLS method can be seen as the PLS method
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with an integral OSC filter. The main advantage of using OPLS compared to OSC
and PLS separately lies in the model validation step. With one model instead of
two disjoint models, it is possible to assess the effects of adding additional latent
variables on a model’s predictive ability and generalization error directly.

In practical terms, what OPLS does is to separate the variation in T derived from
PLS into two parts: Tp [N×Ap] and To [N×Ao]. Tp is a projection onto the latent
variables describing the covariance between X and Y [40] and To is a projection
onto the latent variables describing systematic but Y-orthogonal variation. The
OPLS model of X is defined in Equation 1.10. The separation of Y-predictive and
Y-orthogonal variation allows the effects in the data to be separately inspected,
which can greatly facilitate interpretation [46,47].

X = TpPTp + ToPTo + E (1.10)

Consider the following example to highlight the potential differences between PLS
and OPLS. Spectral data have been collected from samples representing two dif-
ferent classes of observations. The goal is to find a set of latent variables in the
multivariate space that describe the maximum separation between the classes (in a
least-squares sense) in the presence of class-independent systematic variation and
noise. X [200× 1000] contains the spectral data and Y [200× 1] contains the class
assignments in the form of binary values. The predicted values of the response Ŷ
will be identical for both the PLS and OPLS models. However, the latent variables
are frequently rotated, as shown in parallel in Figure 1.3 for a PLS model with two
latent variables (A = 2) and an OPLS model with one Y-predictive and one Y-
orthogonal component (Ap = 1, Ao = 1). In PLS, the direction separating samples
from the two categories is a combination of both score vectors, complicating inter-
pretation of classification-related variation. In the corresponding OPLS model, the
predictive score vector tp,1 describes the class separation while the Y-orthogonal
component to,1 captures the within-class variation.

1.3.8.7 O2PLS

O2PLS is a generalization of OPLS for bidirectional modeling of X and Y [48,49].
In a typical two-block scenario, both X and Y are of high dimensionality and
none of the data sets are natural end-points. This kind of situation could occur in
cases where measurements of a set of samples have been acquired in parallel using
two different techniques and the overlap across the outputs is to be determined
[50, 51]. There are several methods for dealing with multi-block data, for instance
Canonical Correlation, which finds latent variables that maximize the correlation
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Figure 1.3: Illustration of the differences between PLS and OPLS in a classification case.
The dashed line shows an approximate decision boundary between the two categories of
samples. (A) The PLS solution with two latent variables has a decision boundary involving
both t1 and t2. This complicates the identification and interpretation of classification-
related variation. (B) The OPLS solution finds a separate direction related to class
separation and another direction that characterizes the within-class variation.

across X and Y [37]. The unique property of O2PLS in relation to other two-
block modeling approaches is its capacity to identify joint covariation between two
data sets while acknowledging systematic variation that is unique to each data set.
This is provided by the integral OSC-filters that are used to identify X-specific and
Y-specific sources of systematic variation.

A graphical representation of an O2PLS model is shown in Figure 1.4. The O2PLS
model of X [N×K] is defined in Equation 1.11, where Tp [N×Ap] is the predictive
score matrix, W [K ×Ap] is the predictive weight matrix, To [N ×AY o] is the Y-
orthogonal score matrix, PY o [K×AY o] is the Y-orthogonal loading matrix and E
[N×K] is the residual matrix of X. The model of Y [N×M ] is defined in Equation
1.12, where Up [N×Ap] is the predictive score matrix, C [M×Ap] is the predictive
weight matrix, Uo [N ×AXo] is the X-orthogonal score matrix, PXo [M ×AXo] is
the X-orthogonal loading matrix and F [N ×M ] is the residual matrix of Y.

X = TpWT + ToPTY o + E (1.11)

Y = UpCT + UoPTXo + F (1.12)
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Figure 1.4: Overview of the O2PLS model components for X and Y.

The most important points from Equations 1.11-1.12 can be summarized as follows.

• There is a linear relationship between Tp and Up (Tp-Up correspondence),
describing the multivariate associations between X and Y.

• Model of X (Equation 1.11):

– Variation in X that systematically co-varies with Y is described by
TpWT .

– Systematic variation that is present in X but is orthogonal to Y is de-
scribed by ToPTY o.

• Model of Y (Equation 1.12):

– Variation in Y that systematically co-varies with X is described by
UpCT .

– Systematic variation that is present in Y but is orthogonal to X is de-
scribed by UoPTXo.

• The dimensionality of each of the various matrices in Equations 1.11-1.12 is
determined partly by the dimensionality of X and Y, but also partly by Ap
(the number of predictive components), AY o (the number of Y-orthogonal
components) and AXo (the number of X-orthogonal components). These
parameters are data-specific and need to be estimated using an appropriate
procedure, such as cross-validation [34,35].
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Chapter 2

Results

In this chapter, results and conclusions from Papers I-V are outlined and discussed.
Common features of all of these papers are that they describe developments and
applications of predictive, interpretable computational methods based on latent
variables. Paper I covers the development of a latent variable based framework
for classifying samples based on both between-class differences and within-class
variation. Paper II deals with the problem of non-linear mapping to find complex
associations between pairs of data sets, while retaining the separate modeling of
response-related and response-independent sources of variation. Paper III out-
lines the use of the OPLS method for removing unwanted systematic sources in
DNA microarray data, primarily for use as an initial filtering step. Paper IV
describes how the bidirectional O2PLS method can be used to integrate transcript
and metabolite data, exemplified by its application to data acquired in a study
of hybrid aspen (Populus tremula × P. tremuloides). Paper V extends advances
reported in Paper IV and presents an integrative approach for analyzing transcript,
protein and metabolite data acquired in parallel from hybrid aspen samples.

2.1 Paper I: A probabilistic framework for OPLS
classification

One of the most prevalent uses of latent variable based methods is for classifica-
tion; the separation of samples into two or more categories (classes). This field is
commonly referred to as discriminant analysis (DA). When dealing with classifica-
tion cases, the response matrix Y is typically constructed as a binary matrix based
on known class labels. Each column in Y corresponds to one of the M available
classes, each row corresponds to an observation (sample) and each element is either
1 (sample belongs to the class) or 0 (sample does not belong to the class). For
simplicity, it will be assumed that no samples belong to several classes.

Predictions Ŷ generated by a multivariate classification model, such as a PLS-DA
or OPLS-DA model, will be in the form of continuous values that are estimates of
the binary matrix Y employed for training. In order to assess class membership,
which is the ultimate aim of classification, one must define a decision rule to convert
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the class estimates into a classification decision. For PLS-DA, fixed or optimized
thresholds have commonly been employed (see for example [52, 53]) in two-class
cases. However, if the classes are heterogeneous or differ in size, such strategies will
typically not be optimal choices for assessing class membership.

This paper describes how predictions Ŷ from an OPLS model can be converted
into probabilities of measurements belonging to a certain class, providing a more
intuitive interpretation of the classification results for a given measurement and
supporting the use (inter alia) of prior probabilities to handle unbalanced class
sizes. The proposed probabilistic framework is then used to introduce a modifier
that utilizes the unique property of the OPLS model: the Y-orthogonal score matrix
To. This modifier is helpful for cases where the within-class variability differs
substantially amongst the various classes.

2.1.1 Bayesian probability theory

According to Bayesian probability theory, the probability of a measurement xk
(denoting row vector k from X) belonging to a class i can be expressed using
Bayes’ rule (Equations 2.1-2.2). Here, p(xk|classi) denotes the class-conditional
probability density function, P (classi) denotes the prior probability, p(xk) denotes
the evidence (ensuring that the total probability sums to one) and P (classi|xk)
denotes the posterior probability. By selecting the class with the highest posterior
probability, a Bayes-optimal decision is performed [31]. This, in turn, minimizes
the probability of making a misclassification.

P (classi|xk) = p(xk|classi)P (classi)
p(xk)

(2.1)

p(xk) =
M∑
j=1

p(xk|classj)P (classj) (2.2)

The prior probability P (classi) is relatively easy to approximate from, for instance,
the observed fractions of observations in each class. The key player in Equation 2.1
is the class-conditional probability density function p(xk|classi), which is typically
unknown and can be very problematic to approximate.

20



2.1.2 Outlining a probabilistic framework for OPLS
classification

In Paper I, the following indirect approach for estimating the class-conditional
probabilities was employed. First, an OPLS model is used to calculate a scalar
value ŷi for each class i (Equation 2.3), where bi is a set of coefficients estimated
from the model. The value of ŷi is the initial approximation of class i from the
model. The estimation of the class-conditional probability of the vector xk from
Equation 2.1 can now be replaced by the scalar ŷi as in Equation 2.4.

ŷi = gi(xk) = xkbi (2.3)

P (classi|ŷi) = p(ŷi|classi)P (classi)
p(ŷ)

(2.4)

p(ŷ) =
M∑
j=1

p(ŷj |classj)P (classj) (2.5)

The class-conditional probability density function p(ŷi|classi) is still unknown. The
problem involved in determining it can be simplified somewhat by assuming that
p(ŷi|classi) ~ N(µ̂i, σ̂i), i.e. that ŷi is a random variable from the normal distribu-
tion. The task then becomes to approximate the unknown parameters µ̂i and σ̂i for
the distribution of class i. The best approximation of µ̂i is the expected value E[ŷi]
while σ̂i can be estimated using resampling methods such as cross-validation [34,35]
or bootstrapping (see for instance [54]). In Paper I, Monte Carlo Cross-Validation
(MCCV) [35] was utilized to approximate σ̂i. Since cross-validation was also uti-
lized to estimate model parameters (e.g. the number of latent variables), two nested
rounds of cross-validation were performed.

In addition to the information in ŷi, arising from the predictive components in Tp,
discriminatory information may also be available in the Y-orthogonal components
To. This may at first seem contradictory, since the Y-orthogonal matrix To is
linearly independent of the class-labels in Y. However, if the classes exhibit great
differences in within-class variation, the information contained in To can be used
for discriminatory purposes. An example of such a situation has already been
illustrated in Figure 1.3, in which one of the classes exhibits considerably higher
within-class variation than the other. Thus, it is possible to classify some of the
observations into a distinct category based solely on the amplitude of To.
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By using both the between-class differences and the within-class variance to as-
sign class memberships, the two historical classification paradigms based on either
variance (SIMCA) or covariance (PLS) are unified. This strategy shares a con-
ceptual link with the classical Fisher Discriminant Analysis (F-DA) method [55],
where the ratio of the between-class variation and the within-class variation is to
be maximized. Unfortunately, however, the original F-DA method is unable to
deal satisfactorily with multicollinearities (cf. MLR), which makes it unsuitable for
addressing many chemical and biological problems.

Due to the constraints imposed on the Y-orthogonal score matrix To, part of
the variation that is of interest for discrimination may end up in the residual E.
Hence, a more general way of implementing this classification strategy is to use the
amplitude from the principal components of ToPTo + E. An outline of this strategy
can be seen in Equations 2.6-2.7, where principal components are extracted from
the Y-orthogonal variation.

Z = ToPTo + E (2.6)

Z = TPCAPTPCA + EPCA (2.7)

It is now possible to define class-specific boundaries in the TPCA space by utilizing
Hotelling’s T2 statistics [56]. This multivariate t-test is defined in Equation 2.8,
where t2

PCA,a denotes the value from score vector a for observation k and s2
PCA,a,i

denotes the variance of the elements in tPCA,a belonging to class i. This can be
used to define the simple modifier in Equation 2.9, where T 2

crit,i is Hotelling’s T 2

value at a (1 − α) significance level given A principal components and (N − A)
degrees of freedom for class i.

T 2
PCA,i =

A∑
a=1

t2
PCA,a

s2
PCA,a,i

(2.8)

P (classi|T 2
PCA,i) =

{
0 if T 2

PCA,i > T 2
crit,i

1 otherwise
(2.9)

The probability used to make the final classification decision for observation k can
be reformulated as in Equation 2.10, by incorporating both between-class differences
and the within-class variation.
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P (classi|ŷi, T 2
PCA,i) = P (classi|ŷi)P (classi|T 2

PCA,i) (2.10)

The implicit assumption of the methodology used for classification in Equation 2.10
is independence between Ŷ and TPCA. This assumption should always be checked
by investigating the origin of the sources of variation in TPCA prior to using the
method in classification decisions.

2.1.3 Comparing different decision rules

The ability of the outlined method and other, related methods to classify observa-
tions successfully was compared using two real and one simulated data sets. The
set of evaluated decision rules are defined below. Item 1 is a simple heuristic for
assigning class membership based on a fixed threshold (see for example [52]), while
items 2-4 are all Bayes-optimal decision rules [31] that are intended to minimize
the probability of misclassification, but utilize different sources of information to
perform the final class assignment.

1. The DRfixed decision rule. Any observation is assigned to class i iff
ŷi ≥ 1/M .

2. The DRmax decision rule. Any observation is assigned to the class i with
the highest value of ŷi = gi(xk), i.e. gi(xk) ≥ gj(xk) ∀j 6= i.

3. The DRdensity decision rule. Any observation is assigned to the most prob-
able class i according to Equation 2.4, i.e. P (classi|ŷi) ≥ P (classj |ŷj) ∀j 6= i.

4. The DRdensity−o decision rule. Any observation is assigned to the most
probable class according to Equation 2.10, i.e. P (classi|ŷi, T 2

PCA,i) ≥
P (classj |ŷj , T 2

PCA,j) ∀j 6= i.

2.1.4 Summary and conclusions

Based on the results from the three evaluated data sets (described in more detail
in Paper I), the following conclusions can be drawn:
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• The Bayes-optimal decision rules (DRmax, DRdensity and DRdensity−o) out-
perform DRfixed in terms of classification success.

• DRmax, DRdensity and DRdensity−o are internally comparable in terms of
classification rates, although the probability density based methods generally
produce less discrepancy between the true positive and the true negative as-
signments. The later methods also provide a more intuitive explanation of
the classification assessments by using probabilities, which facilitate interpre-
tation.

• The introduced DRdensity−o decision rule can increase the classification as-
signments in the presence of high-magnitude sources of within-class variation.
In the absence of such variation, it performs comparably to the DRdensity de-
cision rule.

2.2 Paper II: A reformulation of the OPLS algorithm for
kernel-based learning

All of the computational methods discussed so far are used to find linear relations
between latent variables extracted from a data matrix X and a response matrix
Y. In certain situations, however, there are systematic relations across these data
sets that are not linear; generally referred to as non-linear associations. One way
in which the presence of such non-linear associations can be detected is by looking
for systematic trends in the residuals of a linear model. However, to make full use
of non-linearities for predictive purposes, tailor-made methods must be employed.

The aim of the study reported in Paper II was to reformulate the linear OPLS
method to support non-linear modeling, while retaining the separate modeling of
Y-predictive and Y-orthogonal sources of variation. This can be highly beneficial
for interpreting unknown systematic variations in the data, e.g. between-batch
differences or continuous instrumental drift over time. The paper describes the
algorithmic rearrangements that have to be applied in detail and discusses the
suitability of the method for biological applications.

2.2.1 Kernel-based methods

The most straightforward and common approach for modeling non-linearities is to
extend the data matrix X according to some general function, e.g. by introducing
lower-order polynomials (see for instance [57]). The general way to express this
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procedure is to state that the original data are transformed from the input space
X ∈ RK into a high-dimensional feature space F ⊆ RK∗ by a mapping function
φ(·), defined as xi ∈ RK 7→ φ(xi) ∈ F ⊆ RK∗ ∀i = 1 . . . N (where xi represents
row vector i in X). The implicit expectation is that the applied map φ(·) will lead
to improved linear correlations between φ(X) and Y in the generated feature space
F .
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Figure 2.1: Overview of the way in which a non-linear mapping can be used to improve
the performance of a linear model. (A) The original variable space, in which the two classes
are clearly not linearly separable. (B) The new transformed variables in the feature space
after employing a suitable mapping function. (C) A linear model is fitted in the feature
space, in which the classes are linearly separable. (D) The linear model in the feature
space corresponds to a non-linear model in the original space.
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An example of this procedure is shown in Figure 2.1. Here, the separation between
two classes based on two measured variables is clearly not linear in the original
space. However, after applying the appropriate mapping function φ(·), the sepa-
ration of the classes becomes linear in the feature space. In the original variable
space, the corresponding decision boundary is non-linear.

In practical situations, the explicit computation of φ(X) may require impractical
amounts of memory and be too expensive to calculate. This can be circumvented
by applying what is commonly referred to as the kernel trick [58], as follows. Define
dot products as κ(x,y) = 〈φ(x), φ(y)〉, known as the kernel function. Define the
kernel Gram matrix K [N × N ] with entries Ki,j = κ(xi,xj) (where xi and xj
correspond to the ith and jth row vector in the descriptor matrix X, respectively).
Under the constraint that all calculations involving X can be expressed as dot
products, known as dual form [59], then K can be used as an efficient replacement
for φ(X).

With proper use of the kernel function, one can hence avoid the explicit mapping
of X into high-dimensional spaces and instead utilize the kernel matrix K. Only
functions with certain characteristics (bound by the constraints outlined in Mercer’s
theorem [60]) can be used as the kernel function κ(·). The choice of kernel function
is critical since it determines the transformation type and characteristics of the
feature space F . Frequently employed kernel functions involve polynomial kernels
or radial basis kernels (see for example [59]).

It had previously been shown that the PCA [61] and PLS [62, 63] algorithms can
be reformulated in dual form to support the kernel trick. Paper II describes the
corresponding algorithmic rearrangements required to use kernel-based OPLS (K-
OPLS). This allows complex relations between X and Y to be modeled while retain-
ing the separate modeling of Y-predictive and Y-orthogonal sources of variation.

2.2.2 K-OPLS model estimation and prediction

The introduced kernel-based OPLS method (K-OPLS) is described in two algo-
rithms, designated 1 (training) and 2 (prediction). A parallel explanation of the
relation to the original OPLS algorithm is included for clarity. The contents of
Algorithms 1-2 are only meant to schematically describe the various steps in the
K-OPLS algorithm in relation to the OPLS algorithm; for details consult Paper II.

Several points in Algorithm 1 are worth highlighting. First, the kernel matrix
needs to be deflated in two separate ways in steps 7 and 8 as a direct consequence
of the rearrangements in dual form. Recall that the kernel matrix is created from
two matrices X1 and X2. For the simplest linear kernel, K = X1XT2 . In some
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instances XT2 Up is used to implicitly represent the weight matrix W, implying
that this part of the kernel matrix should remain unchanged throughout. In other
instances, however, X2 should be deflated by the Y-orthogonal variation as usual.
Second, all of the vectors and matrices involving the variable dimension K are
reformulated and expressed implicitly in order to support the kernel trick. Third,
results obtained using K-OPLS with the linear kernel K = X1XT2 are theoretically
identical to results obtained using the OPLS method. Hence, K-OPLS can be seen
as a generalization of OPLS in terms of flexibility to model different associations
between variables.

Algorithm 1 Estimation of K-OPLS model

1: Calculate A Y-predictive loadings C by eigenvalue decomposition of YTKY.
Corresponds to singular value decomposition of YTX to estimate the weight
matrix W in the OPLS algorithm.

2: Calculate Y-scores as Up ← YC. Same in the OPLS algorithm.
3: for each Y-orthogonal component i (if any) do
4: Calculate predictive scores Tp ← KTUp. Corresponds to Tp ← XW in the

OPLS algorithm.
5: Calculate a Y-orthogonal loading cio by eigenvalue decomposition. Corre-

sponds to singular value decomposition of ETTp in the OPLS algorithm to
find the Y-orthogonal weights wio.

6: Calculate a Y-orthogonal score vector tio. Corresponds to tio ← Xwio in the
OPLS algorithm.

7: Deflate the kernel matrix in one direction for the Y-orthogonal variation.
Not applicable in the OPLS algorithm.

8: Deflate the kernel matrix K in both directions for the Y-orthogonal variation.
Corresponds to deflation of X for the Y-orthogonal variation in the OPLS
algorithm.

9: end for
10: Re-calculate the predictive score matrix using the deflated kernel matrix as

Tp ← KTUp. Corresponds to Tp ← XW using the X matrix which is deflated
by the sequential removal of Y-orthogonal variation in the OPLS algorithm.

11: Calculate the Up − Tp coefficients as Bt ← (TpTTp)−1TpTUp. Same in the
OPLS algorithm.

2.2.3 Using K-OPLS in life science studies

The K-OPLS method can be used for both regression and classification tasks. It
performs optimally in cases where the number of variables is much greater than
the number of observations. Typical applications include non-linear regression and
classification problems involving omics data sets (see [64] for an example). The
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Algorithm 2 Prediction by K-OPLS model

1: for each Y-orthogonal component i (if any) do
2: Calculate the predictive score matrix Tptest ← Ktest,trainUp. Corresponds

to Tptest ← XtestW in the OPLS algorithm.
3: Calculate a Y-orthogonal score vector tiotest . Corresponds to tiotest ←

Xtestwio in the OPLS algorithm.
4: Deflate the kernel matrix Ktest,train in one direction for the Y-orthogonal

variation. Not applicable in the OPLS algorithm.
5: Deflate the kernel matrix Ktest,train in both directions for the Y-orthogonal

variation. Corresponds to deflation of X for the Y-orthogonal variation in
the OPLS algorithm.

6: end for
7: Re-calculate the predictive score matrix Tptest ← Ktest,trainUp using the de-

flated Ktest,train. Corresponds to Tptest ← XtestW in the OPLS algorithm,
where Xtest is deflated by the sequential removal of Y-orthogonal variation.

8: Calculate the estimated response matrix as Ŷ ← TptestBtCT . Same in the
OPLS algorithm.

properties of the K-OPLS method make it particularly useful in cases where de-
tecting and interpreting patterns in a data set is of interest, such as cases where
instrumental drift over time has occurred in GC-MS metabolic profiling analyses,
or there is a risk of systematic disparities between experimental batches collected
on different days. Furthermore, K-OPLS modeling can be used to detect and model
structured noise (Y-orthogonal variation) that may be present as a result of the
biological system itself, by interpreting the Y-predictive and Y-orthogonal score
components. The separation of Y-predictive and Y-orthogonal variation in the
feature space is unique to the K-OPLS method and is not present in any other
kernel-based methods.

2.2.4 Availability of the K-OPLS method

An open-source implementation of K-OPLS for both MATLAB (The Mathworks,
Natick, MA, USA) and R [65] is available at http://kopls.sourceforge.net/
[64]. The package is licensed under the GNU General Public License and includes
functionalities for model training (Algorithm 1), prediction of new (unknown) sam-
ples (Algorithm 2) and model evaluation by cross-validation [34, 35]. A set of
diagnostic tools and plot functions is also included to simplify the visualization of
data, e.g. for detecting trends or for identifying outlying samples.
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2.2.5 Summary and conclusions

The K-OPLS algorithm has been outlined and its suitability for life science ap-
plications has been discussed. A K-OPLS model using the linear kernel function
K = XXT is theoretically identical to a corresponding OPLS model. By using
more complex kernel functions, it is possible to model non-linear relations between
X and Y. This can improve the predictive ability of the model considerably when
there are strong non-linear associations between descriptor and response variables.
It is still possible to estimate the Y-predictive and Y-predictive latent variables in
the feature space. This can be highly beneficial for purposes such as interpreting
systematic variations in the data due to unknown causes, such as between-batch
differences or continuous instrumental drift over time.

2.3 Paper III: Using OPLS as a normalization step for
DNA microarray data

Dual-channel cDNA microarrays are now routinely used in genomics studies to
quantify simultaneously the expression levels of tens of thousands of mRNA species.
During the measurements, however, there are several steps where unwanted sources
of systematic variation may be introduced (see for example [14]). The most common
sources are listed below.

1. Array bias refers to a systematic offset between two identical samples mea-
sured using different microarrays.

2. Dye bias refers to systematic bias introduced by using different dyes for
competitive hybridization. The dyes typically have slightly different physi-
cal properties, which may lead to signals from one dye being systematically
higher than those from another dye.

3. Spatial bias refers to discrete regions on the microarray surface having dis-
tinctly stronger or weaker signals than others, which could be due to factors
such as irregularities on the surface interfering with the washing of superflu-
ous material.

4. Any combination of the above.
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All of these sources of bias are present in typical cDNA studies together with the
treatment effects, which are the measurements of interest. The most complex situ-
ations clearly arise in cases where there are interactions between the effects of these
sources of variation (Item 4 above), e.g. array-dye or spatial-dye synergism, which
may become confounded with the treatment effect, adversely affecting biological
interpretation of the results.

There are many ways of dealing with these problems [15]. To counter array bias, one
measurement/dye on each dual-channel microarray is typically used as a reference.
Then, by calculating the ratio between the strengths of treatment and reference
signals, it is possible to cancel or at least minimize the array effect. The dye
effect can be reduced by assuming that most of the elements on the array are
unaffected by the treatment. Hence, the logged ratio of the treated sample and the
reference should be centered at zero. By adjusting for this potential offset, while
also acknowledging a dependency between the dye effect and the signal intensity, it
is possible to reduce the dye effect (see, for example, the loess method [66]). By
applying this procedure locally to selected spatial regions, one can also reduce the
spatial bias significantly under the same assumptions [67].

The use of a reference sample implies that half of the measurements and costs
will be devoted to the reference sample, which is typically of no biological interest.
However, by carefully selecting the pairs of samples on each microarray [68], it is
possible to minimize confounding between treatment and bias effects, while utilizing
both channels on the microarray. Resolving the pure treatment effect then becomes
slightly more complex, and is typically done using linear models [69], which are
essentially variations of the MLR method described by Equation 1.5.

This aim of the study reported in Paper III was to develop and evaluate a new strat-
egy for normalizing microarray data using OPLS. The strategy does not rely on the
assumption that most microarray elements are not affected by the treatment, and
it is applicable to single-channel [13], dual-channel [6] and multi-channel [70] data.
Using this procedure, all measurements are normalized together while acknowl-
edging the sample treatments, making it possible to remove unwanted systematic
effects from the data.

2.3.1 Using OPLS to normalize microarray data

Consider the simplified model of the sources of variation in microarray data X as
described in Equation 2.11. Here, X represents the original channel-wise microarray
data, S the treatment effect, Q unwanted effects (i.e. any combination of array, dye,
spatial and other biases) and F denotes any residual variation. This model shares
distinct similarities to the OPLS model in Equation 1.10, duplicated in Equation
2.12 for clarity.
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X = S + Q + F (2.11)

X = TpPTp + ToPTo + E (2.12)

In order to approximate the treatment effects in Tp using OPLS, information re-
garding the sample treatments must be employed. Essentially, the response matrix
Y is constructed as a binary matrix based on the sample category labels. This is
essentially a classification problem as described in more detail in Section 2.1. It is
now possible to remove the Y-orthogonal sources of variation from the treatment
effect as in Equation 2.13, which is the normalization step.

Xnorm = X−ToPTo (2.13)

2.3.2 Fundamental assumptions

The outlined procedure relies on a number of assumptions. First, the treatment
effect must be (close to) linearly independent of the different biases. This is typically
ensured by applying a careful experimental design before preparing and analyzing
the samples [68]. Second, no strong signal-variance dependencies must be present in
the data since they could introduce confounding between the treatment effects and
the remaining effects. Since intensities are used instead of ratios, such problems can
be removed using appropriate transformation functions, which may include simple
transformations, such as the log-transform or more complex methods for difficult
cases [71, 72]. Third, the categories of all samples must be known a priori. For
instance, if the aim of the study is to classify different types of cancer that are not
known beforehand, the methodology is not applicable.

2.3.3 Comparing different normalization methods

After describing the new OPLS normalization strategy, its utility was quantitatively
assessed and compared with that of seven commonly employed methods, by apply-
ing them all to three microarray data sets including spiked controls, i.e. data from
experiments in which it was known whether or not a small subset of the microarray
elements were differentially expressed. Consequently, it was possible to use the data
to rank the success of different normalization strategies in detecting or rejecting dif-
ferential expression. Two of the data sets were obtained from dual-channel cDNA
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microarray analyses while the third was obtained using Affymetrix single-channel
arrays. The criteria used to assess the methods were the abilities to detect dif-
ferential expression (true positives) and to reject non-differential expression (true
negatives) subsequent to normalization.

The results indicated that the outlined OPLS-based strategy was consistently ranked
highest for all of the evaluated data sets according to the ranking criteria based on
the spiked controls. Illustrative results obtained by applying the different normal-
ization methods to the dual-channel H8k data set can be in Table 2.1 [73].

Table 2.1: Results from microarray normalization of the H8k data set. Methods high-
lighted in bold performed best in terms of average frequencies (shown as percentages) of
detecting and rejecting known cases of true positive and true negative differential expres-
sion.

Method True positives True negatives Average performance

Raw 85.4% 100% 92.7%
VSN 98.4% 98.3% 98.4%
Loess 98.4% 98.3% 98.4%
Median 98.4% 98.3% 98.4%
ANOVA 99.0% 98.3% 98.6%
OLIN 100% 97.9% 99.0%
PT-loess/Tq 100% 98.3% 99.2%
PT-loess 100% 98.3% 99.2%
OPLS 100% 98.3% 99.2%

Legend:

Raw = Non-normalized data, VSN = Variance stabilization normalization [71, 72],

Loess = Local regression [66], Median = Median normalization, ANOVA = Analysis of Variance [74, 75],

OLIN = Optimized Local Intensity-dependent Normalization [76],

PT-loess/Tq = Print-tip loess [67] coupled with Tquantile normalization [77],

PT-loess = Print-tip loess normalization [67], OPLS = Orthogonal projections to latent structures [45].

2.3.4 Summary and conclusions

The OPLS method can be employed as a normalization step for DNA microar-
ray data. This methodology obviously shares a close conceptual resemblance to
the original orthogonal signal correction (OSC) applications [42], where the aim
is to remove response-independent sources of variation. This strategy has pre-
viously been successfully used for filtering data, primarily spectral data. Thus,
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it is not surprising that the outlined strategy also worked well on the unwanted
systematic variation seen in DNA microarray data. Another advantage of using
the demonstrated OPLS-based normalization strategy, in comparison to many tra-
ditional techniques, is that intensities are used rather than ratios. This makes
the method generally applicable for single-channel, dual-channel and multichannel
data, although its suitability for multi-channel data still remains to be evaluated
in practice.

2.4 Paper IV: Integration of transcript and metabolite data
using O2PLS

The focus of functional genomics studies in the post-genomics era has been on
comprehensive characterization of samples using global profiling techniques, in-
volving parallel monitoring of transcripts (transcriptomics), proteins (proteomics)
and biochemical processes (metabolomics or metabonomics). Consequently, mas-
sive amounts of data are being collected from biological samples in certain states
at a given time or over time. Data integration involving such massive amounts of
data is one of the key challenges in post-genomic functional genomics studies [78].

The aim of Paper IV was to demonstrate the suitability of the O2PLS method for
integrated analysis of omics data, as exemplified by its applicability to data acquired
from a study of hybrid aspen (Populus tremula × P. tremuloides) in which general
properties of the samples were known beforehand. The properties of O2PLS allows
joint transcript-metabolite variation and sources of variation that are unique to
each analytical platform to be separately considered. These characteristics can be
highly useful for interpreting the results, which is illustrated throughout.

2.4.1 Related methods for integrating omics data

The most commonly used approach for analyzing and integrating omics data is
based on analyses of pair-wise univariate correlations between all pairs of variables
(e.g. transcripts and metabolites). Significantly strong associations are typically
determined according to some pre-defined correlation threshold and subsequently
visualized by graph-based methods. This straightforward approach has been shown
to be successful in numerous studies (e.g. [1–4, 79, 80]) and will be referred to as
pair-wise correlations.

One of the few latent variable based methods that have been applied for integrating
large data sets is PCA (see for example [5]). Such an approach can be performed by
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extracting principal components from the data sets separately, under the assump-
tion that the major variance structures in the data sets overlap. Alternatively, PCA
can be used on concatenated data sets, and the pre-dominant variance structures
can be subsequently extracted. This requires the application of appropriate scaling
procedures to ensure that the data sets can contribute equally to the calculated
principal components.

2.4.2 Comparing different methods for integration

The performance of the outlined O2PLS method has been evaluated in parallel with
pair-wise correlations and PCA, using the described data. All of the methodologies
were used to extract significant associations between transcripts and metabolites
according to a method-specific permutation test. Two main aspects of the results
were evaluated in Paper IV. First, the number of overlapping significant variables
detected by each method was used to highlight differences between methods. Sec-
ond, the annotations of the significant variables were discussed in relation to the
known sample properties. Here, overrepresented functional groups were identified
according to the Gene Ontology (GO) categorizations of gene functionality [81] in
order to assess whether the identified associations were biologically sound, which is a
qualitative assessment of the results (unlike the quantitative assessments described
in Papers I and III).

The generated O2PLS model is composed of three joint latent variables and one
metabolite-specific latent variable, as recommended by Monte Carlo Cross Valida-
tion (Figure 2.2). The results from feature selection show that only one transcript
and four metabolites were identified as significant by all of the integrative analy-
sis methods (Figure 2.3). This is a rather striking result, clearly highlighting the
fact that the computational approach used to integrate data is an important factor
to consider when attempting to detect biological associations. PCA identified the
lowest proportions of unique transcripts and metabolites, suggesting that it is ap-
proximately intermediate between the other two methods. Based on the properties
of the methods, this is a reasonable and partly expected result.

The biological assessment of the significant transcripts and metabolites shows that
the results from O2PLS are most consistent and conform well to the prior informa-
tion about the samples. For instance, effects on nucleotide metabolism and the cell
division cycle were detected, which are known to be affected during similar exper-
iments [82, 83]. The corresponding biological results for the pair-wise correlations
indicate that metal ion homeostasis was also affected, which is difficult to explain,
given the sample properties. PCA detected effects on numerous groups of various
categories, including wounding and cell wall catabolism with no distinct consensus;
hence, the interpretation of the PCA results is not straightforward.
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Figure 2.2: Results from O2PLS-based integration of the transcript and metabolite data
sets. The joint variation is composed of three latent variables, accounting for 38.0% of the
variation in the transcript data set and 60.8% of variation in the metabolite data set. The
metabolite data set additionally has a platform-specific source of variation, accounting for
9.7% of the total variation.

2.4.3 Summary and conclusions

Paper IV illustrates how the O2PLS method can be used to integrate omics data, by
applying it to data obtained from parallel measurements of transcripts and metabo-
lites in hybrid aspen samples. Results obtained from the O2PLS-based integration
were evaluated in parallel with results generated by pair-wise correlations and PCA.
Each of the methods yielded highly dissimilar results for this data set. However,
according to a qualitative assessment of the outcome, based on a priori information
regarding the samples, O2PLS detected the most biologically relevant transcripts
and metabolites. Hence, it can be concluded that the outlined O2PLS framework
provides a viable alternative for integrating functional genomics data.

2.5 Paper V: Combined profiling and integrated analysis of
transcript, protein and metabolite data

The work described in this paper had three main aims. The first was to evaluate
the advantages of using a combined profiling approach for transcript, protein and
metabolite data. The second was to develop (and implement) methodology for inte-
grative analysis of data provided by three different analytical platforms. The third
was to investigate molecular events underlying the perturbations in several hybrid
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Figure 2.3: Results after feature selection using pair-wise correlation analysis, PCA
and O2PLS. The numbers in parentheses denote the percentages of the total number of
significant variables that are unique to that specific method. Only one transcript and
four metabolites are common to all analysis methods. The overlap is greatest for PCA,
suggesting that it is an approximate intermediate of all three methods.

aspen mutants, using the data acquired by the parallel monitoring of biomolecules
in the mutants and controls.

2.5.1 Study background

The study involved integrated transcript, protein and metabolite profiling of steady-
state systems of three genotypes of hybrid aspen (Populus tremula × P. tremu-
loides). The first genotype was the wildtype (WT), which was included as a refer-
ence. The second genotype, denoted G5, contained several anti-sense constructs of
the gene PttMYB21a, which significantly retard the growth of the transgenic plants,
relative to the growth of wild type plants. The closest ortholog to PttMYB21a in
Arabidopsis thaliana is AtMYB52 [84]. The third genotype G3 contained only one
anti-sense construct of PttMYB21a and hence displayed a similar but less distinct
phenotype to G5. Xylem samples from all three genotypes were collected from three
internode positions of the plants (denoted internodes A-C), corresponding to a de-
velopmental gradient. The design of the experiment corresponded to a multi-level
full-factorial design [24] (Figure 2.4 for an overview). This comprehensive sampling
made it possible to study both the internode and genotype effects separately as well
as any potential synergism between these factors.

36



In
te

rn
o

d
e 

(g
ro

w
th

) g
ra

d
ie

n
t

Genotype categories

Genotype
Internode

G3
A

A B
WT

A
G5

A

G3
B

WT
B

G5
B

G3
C

WT
C

G5
C

Genotype
Internode

Genotype
Internode

Genotype
Internode

Genotype
Internode

Genotype
Internode

Figure 2.4: Outline of the design of the study reported in Paper V. (A) Overview of the
sample categories (i.e. samples from the three internodes, A-C, from plants representing
the three genotypes, G5, G3 and WT, in a 3 × 3 grid). Transcript, protein and metabolite
abundances in samples of all nine categories were measured in parallel. The smaller open
circles provide legends for the larger filled circles. (B) Image of a poplar tree. Samples
from internode category A were cut 5 cm from the top and 10 cm down the stem, internode
category B at internode 20 (marked with the red band) for 10 cm and internode category
C at internode 30 for 10 cm.

2.5.2 Integrative analysis procedure using O2PLS

The O2PLS method [49] was originally developed for integrated modeling of pairs of
data sets. Here, however, three sets of transcript, protein and metabolite data were
characterized in parallel. Multiple O2PLS models were utilized for this purpose to
identify joint covariance from the transcript data through the protein data to the
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Figure 2.5: The different steps employed to identify joint and platform-specific variation
for three data sets by means of O2PLS. (A) First, the joint covariance structures from
the transcript and protein data sets are identified. Second, the joint covariance structures
from the joint transcript-protein variation (from the first step) and the metabolite data
are utilized to identify the joint covariance between all data sets. (B) Third, the joint
covariance structures are removed from each data set and data set specific systematic
variation is extracted.

metabolite data. The computational procedure used is described in Algorithm 3
and is illustrated in Figure 2.5.

Algorithm 3 Step-wise procedure for analyzing the three omics data sets

1: Identify the joint covariance structures from the transcript and protein data
using O2PLS.

2: Use the joint structures from the transcript-protein model in Step 1 and the
metabolite data, to identify the joint covariance between all three data sets
using O2PLS.

3: Analyze the joint covariance structures for each data set separately.
4: Remove the joint covariance structures and extract data set specific systematic

variation for each data set.
5: Analyze the residual matrices (without joint covariance structures) separately

using PCA.

2.5.3 Connecting transcript, protein and metabolite levels

The joint variation in the data provided by all three profiling platforms was calcu-
lated according to Algorithm 3. This joint variation describes two distinct effects
that are common to the data provided by all of the profiling techniques. The first
joint effect is that of an internode gradient, reflecting the common growth patterns
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of the samples, regardless of their genotypes. The second joint effect is a separation
of the genotypes, regardless of the internode. These effects, hereafter referred to
as the internode effect and the genotype effect, respectively, essentially reflect the
variations included in the experimental setup (Figure 2.4). This confirms the hy-
pothesis that the integrative approach can capture the essential characteristics of
the samples, since no information regarding the experimental setup was employed
in the modeling.

Due to the transparency of the utilized methods, both of these effects can be di-
rectly related to between-sample differences in the transcript, protein and metabo-
lite profiles, in order to place the results in a biological context. The integrated
analysis both confirmed known links between transcripts, proteins and metabolites
and revealed a number of potential associations. Transcripts found to be strongly
associated with the internode effect are related to photosynthesis and protein trans-
lation. Their expression tends to be strongest in the primary growth region (in-
ternode A), and declines basipetally. Most of the identified proteins are related to
protein translation, elongation and glucose metabolism. The increased metabolism
in the highest internodes in turn requires essential amino acids, which are elevated
at the metabolite level in these internodes.

The perturbed gene, PttMYB21a, is known to primarily affect lignin biosynthesis
and plant growth characteristics [84]. It should be noted that the normal growth
gradient and the separation of the mutant genotypes appears to be independent
of one another. This suggests that both the G5 and G3 mutants share the essen-
tial developmental processes of a normal plant with a few exceptions that cause
their growth to be retarded. Several transcripts coding for factors that are es-
sential for cell growth, including tubulin, actin-depolymerizing factor (ADF) and
protein translation elongation factors, show decreased transcription levels in the
G5 mutant, due to the introduced anti-sense constructs. The behavior of the pro-
tein translation elongation factors is of particular interest since they are affected
both by the internode gradient and the genotype effect. Numerous factors in-
volved in the lignin biosynthesis are also heavily affected in the mutants, notably
reductions in G5 mutants in transcript levels of several enzymes involved in lignin
biosynthesis, e.g. Caffeoyl-CoA O-methyltransferase (CCoAOMT), Caffeic acid
3-O-methyltransferase (COMT), Cinnamoyl-CoA Reductase 1 (CCR1), Cinnamyl-
alcohol dehydrogenase (CAD) and chorismate synthase. The behavior of the G5
mutant conforms surprisingly well with characteristic changes in tension wood as
illustrated in previous studies [85]. The changes at the transcript level can, in turn,
be linked to changes at the metabolite level, for instance changes in levels of quinic
acid, which is also related to lignin biosynthesis.

The effects on tubulin, COMT and CCoAOMT can also be seen at the protein
level, but in the opposite direction. While transcript levels are decreased in the G5
mutant, the protein levels are elevated. This negative correlation does not apply to
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all identified transcripts and proteins, and hence is in part specific to the G5-related
changes in transcript and protein abundance. This can partly be explained by
the complex post-transcriptional regulatory mechanisms that are present in many
higher-level organisms [10]. However, to characterize the behavior of the G5 mutant
to a full extent, further investigations and follow-up experiments will be required.

2.5.4 Omics-specific sources of variation

For all data sets, the joint variation was deflated from the original data set and a
PCA model was subsequently generated with the number of latent variables A rec-
ommended by cross-validation. In terms of explained variation, there is a consensus
among the three profiling technologies as approximately one third of the variation
is platform-specific. This signifies events that have no correspondence across all
data sets, but are nonetheless interesting and important to study from a biological
perspective. It has already been shown that the joint variation captures all known
effects related to the sample properties (Figure 2.4), hence no other trends were
expected to be seen in the specific sources of variation. Investigation of the system-
atic omics-specific sources of variation revealed that this was indeed the case (not
shown). These effects were instead largely linked to housekeeping-like events, which
are not traceable to corresponding molecular events by the other omics technolo-
gies, and are either results of the effects being completely unrelated or, possibly,
they reflect the technologies’ lack of full globality.

2.5.5 Summary and conclusions

Paper V deals with the integration of biological data obtained using multiple profil-
ing technologies in order to quantify and interpret the significance of transcript, pro-
tein and metabolite abundances (Figure 2.4). Multiple O2PLS models were used to
capture the joint variation structures in all data sets (Algorithm 3 and Figure 2.5).
Biological properties that can be tracked from changes in transcript levels through
protein levels to metabolite abundances relate to a common developmental gradient
shared by the three genotypes. In addition, genotype-specific perturbations in the
lignin biosynthesis, causing disturbances in growth characteristics, can be seen at
all profiling levels. The remaining (platform-specific) systematic variation reflects
events that have no clear correspondence across all the omics data sets. Profiling at
multiple levels enables the separation of the sources of systematic variations that
are platform-specific from those that can be linked across the different platforms. In
the examined cases this variation was primarily related to housekeeping-like events,
but it could potentially reveal biologically distinct platform-specific features.
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Chapter 3

Summary and conclusions

This thesis covers the development and application of latent variable based com-
putational methods. The outlined methods are predictive, interpretable and can
cope with multicollinearity in the measured data. Specifically, this work describes
extensions and use of the OPLS method for applications in functional genomics
studies. The unique feature of OPLS is its ability to separately describe systematic
variation that is related and unrelated (orthogonal) to the modeling aim. This can
be highly useful for interpretation of the underlying chemical or biological effects,
which is exemplified throughout.

In the first parts of the work underlying this thesis, various extensions of the OPLS
modeling framework were developed and their utility was examined. In the studies
reported in Paper I, OPLS-based classification was investigated. Classification of
samples from different categories is one of the most common problems in biological
studies, and hence it is a task of great importance. Several rules for deciding the
class membership of samples were formalized and compared, each based on different
sources of information. Most strategies were shown to be comparable in terms of
classification rates, although the suggested probability density based methods gen-
erally yield less discrepancy between true positive and true negative assignments.
These methods also provide a more intuitive explanation of the classification as-
sessments using probabilities, which is advantageous for interpretation. Paper II
considers characteristics of non-linear modeling. It shows that the original linear
OPLS algorithm can be reformulated as an efficient non-linear equivalent, while re-
taining the ability to separately describe systematic variation that is predictive and
orthogonal to the response matrix. This can be beneficial for interpreting known
and unknown systematic variation in the data, such as variations associated with
class differences or continuous instrumental drift over time.

In later stages, the usefulness of the OPLS method and the bidirectional exten-
sion O2PLS in functional genomics studies was assessed. Paper III presented
OPLS as a pre-processing (normalization) step to remove unwanted systematic ef-
fects from DNA microarray data. Based on a comprehensive evaluation of three
data sets, compared in parallel to several common normalization strategies, OPLS-
based normalization yielded highly competitive results. The applicability of the
O2PLS method for integrating transcript and metabolite data from hybrid aspen
was evaluated in Paper IV. The properties of O2PLS allow separate modeling of
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joint transcript-metabolite variation as well as sources of variation that are spe-
cific for each platform. Results obtained using O2PLS were compared to those
obtained using a pair-wise correlation approach and PCA, which yielded remark-
ably dissimilar results. A qualitative assessment of the identified transcripts and
metabolites showed that the O2PLS results conformed most closely with prior in-
formation about the samples. Hence, O2PLS-based modeling appears to offer a
viable alternative for integrating functional genomics data. Paper V describes a
comprehensive biological study of a developmental gradient in plants representing
several genotypes of hybrid aspen. Transcript, protein and metabolite abundances
in all samples were measured in parallel. Using an integrative modeling approach
based on O2PLS, it was shown that a common developmental gradient effect and
genotype effects could be detected in data provided by all of the omics techniques.
The genotype-related effects can be tracked to perturbations in the lignin biosynthe-
sis, which retard growth in the mutants. The remaining, omics-specific systematic
variation is primarily related to housekeeping-like events that have no clear corre-
spondence across the different data sets. Profiling at multiple levels is required to
separate specific effects from joint effects and supports the use of combined profiling
for focused analyses.

3.1 Future perspectives

In all of the outlined studies a global modeling approach was adopted to analyze
the measured data; implying the simultaneous use of all measured variables. This
is a good strategy for finding dominant trends and effects in a data set. However,
in the presence of measurement noise, effects that are only present for a selected
subset of variables may be partly concealed in a global analysis. In the future,
the aim should be to apply the methods that have been developed here to local
models based on subsets of variables. This approach should provide complementary
information regarding less distinct effects in a given study, especially in combined
profiling studies where data have been collected using multiple omics techniques.
Such subsets could be based either on functional annotations (see for example [86])
or, if necessary, on properties of the observed data using clustering methods (see,
for instance [31,87]).

42



Chapter 4

Acknowledgements

Under min tid i Umeå har jag kommit i kontakt med många människor som på ett
eller annat sätt gjort denna avhandling möjlig. Alla dessa förtjänar ett stort tack,
dock några lite extra.

Ett stort tack till min huvud-handledare Johan som gett mig ett enormt förtroende
redan från första dagen och låtit mig forska i stort sett fritt. Jag har lärt mig
oerhört mycket om det mesta under den här tiden. Tack även till mina biträdande
handledareMichael ochHenrik som framförallt fått rycka in under min inledande
tid som doktorand.

Min vän och samarbetspartner Mattias R förtjänar ett extra tack för alla intres-
santa diskussioner om kemometri och annat som kan dyka upp över en öl eller två.
Tack även till Åsa som stått ut med mig under mina intensiva besök i London.

Latus rectum: Erik för spelkvällar, sportevenemang, chipsskålar och allt som kan
tänkas hända under nästan 10 år i Umeå. Till slut blev dock din längtan efter
Piteå alltför stark... Lars för alla upptåg: båtturer, fester och en miljon bilder på
Carolina Klüfts rumpa.

Stefan för din goda smak gällande hockeylag och för alla ångestfyllda stunder
framför TV:n, i soffan eller på O’Learys. SM-guld 2078...

Andreas för att du halvt om halvt fungerade som mentor vid min första tid på
UPSC och för ett gott samarbete över åren.

Daniel förtjänar ett stort tack för alla fikaraster, luncher, innebandy-bataljer, över-
nattningar och allt annat som kan få en att glömma det som väntar på skrivbordet.

Tack till Henning för raka diskussioner om allt möjligt och för trevliga besök på
både respektabla och suspekta klubbar i Berlin.

Roland för ciderkorv, blommiga hundar, omogna skämt och möten med håriga
män.

Tack till alla på f.d. organisk kemi för forsknings-fria stunder i fikarummet. Min
ex-rumskamrat Hans S för att du lärt mig att man kan vara politiskt inkorrekt

43



som livsstil (samt att jag aldrig ska flytta till Älvsbyn). Suss för att du lärde mig
uttrycket "kakelbajsare" (och en del annat). Anton som är avdelningens skönaste
finne. Knatti för att du är grymt schysst samt att du fått mig att förstå att
man ibland kan säga ganska lite med en fascinerande mängd ord. Ida för trevliga
pratstunder på udda tider. Hans A som alltid verkar ha nya intressen och laster.
Erik C som tålmodigt stått ut med mina rapp på innebandy-planen. Frippe
för att du förstått att silly season är minst lika viktigt som synteser. David N
som alltid har ett film-citat nära till hands. Jon som möjligen är Berghems mest
underskattade enduroförare. Övriga som vägrar låta sig summeras med en mening.

Industri-veteranerna Erik J och Torbjörn L som dykt upp för diskussioner lite
nu och då både på kontoret och konferenser.

Jan K och Stefan J för att ni gav mig chansen på UPSC och indirekt påbörjade
min doktorandtid. Tack även till Thomas M för gott samarbete.

Tack till Mattias R, Johan och Andreas för genomläsning av avhandlingen.

Tack till <fyll i ditt namn här>, som säkerligen förtjänar att nämnas men som
jag uppenbarligen glömt.

Ett jättestort tack till mamma Elisabeth och pappa Ingemar som alltid ställt
upp som rådgivare och stöd både när livet varit lätt att leva och när det mesta gått
i moll. Man kan prata om allt i en bastu... Tack även till mina syskon Mattias,
Markus och Mia för att ni stöttat och uppmuntrat.

Tack till svärföräldrarna Margaretha och Erland för mycket god mat och en
kökssoffa som gett mig välbehövlig återhämtning emellanåt.

Slutligen ett enormt tack till Karin för att du stöttat mig obegränsat under den
här tiden.

44



Bibliography

[1] Hirai MY, Klein M, Fujikawa Y, Yano M, Goodenowe DB, Yamazaki Y, Kanaya
S, Nakamura Y, Kitayama M, Suzuki H, Sakurai N, Shibata D, Tokuhisa J,
Reichelt M, Gershenzon J, Papenbrock J, Saito K: Elucidation of gene-to-
gene and metabolite-to-gene networks in arabidopsis by integration of
metabolomics and transcriptomics. J Biol Chem 2005, 280(27):25590–5.

[2] Kleno TG, Kiehr B, Baunsgaard D, Sidelmann UG: Combination of ’omics’ data
to investigate the mechanism(s) of hydrazine-induced hepatotoxicity in
rats and to identify potential biomarkers. Biomarkers 2004, 9(2):116–38.

[3] Kolbe A, Oliver SN, Fernie AR, Stitt M, van Dongen JT, Geigenberger P: Com-
bined transcript and metabolite profiling of Arabidopsis leaves reveals
fundamental effects of the thiol-disulfide status on plant metabolism. Plant
Physiol 2006, 141(2):412–22.

[4] Oresic M, Clish CB, Davidov EJ, Verheĳ E, Vogels J, Havekes LM, Neumann E,
Adourian A, Naylor S, van der Greef J, Plasterer T: Phenotype characterisation
using integrated gene transcript, protein and metabolite profiling. Appl
Bioinformatics 2004, 3(4):205–17.

[5] Rischer H, Oresic M, Seppanen-Laakso T, Katajamaa M, Lammertyn F, Ardiles-
Diaz W, Van Montagu MC, Inze D, Oksman-Caldentey KM, Goossens A: Gene-to-
metabolite networks for terpenoid indole alkaloid biosynthesis in Catha-
ranthus roseus cells. Proc Natl Acad Sci U S A 2006, 103(14):5614–9.

[6] Schena M, Shalon D, Davis RW, Brown PO: Quantitative monitoring of gene
expression patterns with a complementary DNA microarray. Science 1995,
270(5235):467–70.

[7] de Hoffmann E, Stroobant V: Mass spectrometry: Principles and applications. Chich-
ester: John Wiley & Sons, 2nd edition 2001.

[8] MacBeath G, Schreiber SL: Printing proteins as microarrays for high-
throughput function determination. Science 2000, 289(5485):1760–3.

[9] Anderson L, Seilhamer J: A comparison of selected mRNA and protein abun-
dances in human liver. Electrophoresis 1997, 18(3-4):533–7.

[10] Alberts B, Bray D, Lewis J, Raff M, Roberts K, Watson JD: Molecular Biology of
the Cell. Garland Publishing Inc., 3rd edition 1994.

[11] Andersson A, Keskitalo J, Sjödin A, Bhalerao R, Sterky F, Wissel K, Tandre K,
Aspeborg H, Moyle R, Ohmiya Y, Bhalerao R, Brunner A, Gustafsson P, Karlsson
J, Lundeberg J, Nilsson O, Sandberg G, Strauss S, Sundberg B, Uhlén M, Jansson S,
Nilsson P: A transcriptional timetable of autumn senescence. Genome Biol
2004, 5(4):R24.

[12] Moreau C, Aksenov N, Lorenzo MG, Segerman B, Funk C, Nilsson P, Jansson S,
Tuominen H: A genomic approach to investigate developmental cell death
in woody tissues of Populus trees. Genome Biol 2005, 6(4):R34.

45



[13] Lockhart DJ, Dong H, Byrne MC, Follettie MT, Gallo MV, Chee MS, Mittmann
M, Wang C, Kobayashi M, Horton H, Brown EL: Expression monitoring by
hybridization to high-density oligonucleotide arrays. Nat Biotechnol 1996,
14(13):1675–80.

[14] Holloway AJ, van Laar RK, Tothill RW, Bowtell DD: Options available–from
start to finish–for obtaining data from DNA microarrays II. Nat Genet
2002, 32 Suppl:481–9.

[15] Quackenbush J: Microarray data normalization and transformation. Nat
Genet 2002, 32 Suppl:496–501.

[16] Halket JM, Waterman D, Przyborowska AM, Patel RK, Fraser PD, Bramley PM:
Chemical derivatization and mass spectral libraries in metabolic profiling
by GC/MS and LC/MS/MS. J Exp Bot 2005, 56(410):219–43.

[17] Dunn WB, Ellis DI: Metabolomics: Current analytical platforms and
methodologies. TrAC Trends Anal Chem 2005, 24(4):285–294.

[18] Aebersold R, Mann M: Mass spectrometry-based proteomics. Nature 2003,
422(6928):198–207.

[19] Fenn JB, Mann M, Meng CK, Wong SF, Whitehouse CM: Electrospray Ionization
for Mass-Spectrometry of Large Biomolecules. Science 1989, 246(4926):64–71.

[20] Johansson D, Lindgren P, Berglund A: A multivariate approach applied to
microarray data for identification of genes with cell cycle-coupled tran-
scription. Bioinformatics 2003, 19(4):467–73.

[21] Zomer S, Brereton RG, Carter JF, Eckers C: Support vector machines for the
discrimination of analytical chemical data: application to the determi-
nation of tablet production by pyrolysis-gas chromatography-mass spec-
trometry. Analyst 2004, 129:175–181.

[22] Martens H, Naes T: Multivariate Calibration. Chichester: John Wiley & Sons 1992.

[23] Wiklund S: Spectroscopic Data and Multivariate Analysis: Tools to Study
Genetic Perturbations in Poplar Trees. PhD thesis, Umeå University 2007.

[24] Box G, Hunter W, Hunter J: Statistics for Experimenters: An Introduction to Design,
Data Analysis, and Model Building. New York: Wiley 1978.

[25] Lundstedt T, Seifert E, Abramo L, Thelin B, Nyström A, Pettersen J, Bergman
R: Experimental design and optimization. Chemometrics Intell Lab Syst 1998,
42(1-2):3–40.

[26] deAguiar P, Bourguignon B, Khots M, Massart D, PhanThanLuu R: D-optimal
designs. Chemometrics Intell Lab Syst 1995, 30(2):199–210.

[27] Olsson IM, Gottfries J, Wold S: D-optimal onion designs in statistical molec-
ular design. Chemometrics Intelligent Lab Syst 2004, 73:37–46.

46



[28] Berntsson O, Danielsson LG, Lagerholm B, Folestad S:Quantitative in-line moni-
toring of powder blending by near infrared reflection spectroscopy. Powder
Technol 2002, 123(2-3):185–193.

[29] Nguyen DV, Rocke DM: Tumor classification by partial least squares using
microarray gene expression data. Bioinformatics 2002, 18:39–50.

[30] Wold S, Sjöström M, Eriksson L: PLS-regression: a basic tool of chemometrics.
Chemometrics Intell Lab Syst 2001, 58(2):109–130.

[31] Duda RO, Hart PE, Stork DG: Pattern Classification. John Wiley & Sons, 2nd
edition 2001.

[32] Jolliffe I: Principal Component Analysis. New York: Springer, 2nd edition 2002.

[33] Wold S, Esbensen K, Geladi P: Principal Component Analysis. Chemometrics
Intell Lab Syst 1987, 2(1-3):37–52.

[34] Wold S: Cross Validatory Estimation of the Number of Components in
Factor and Principal Components Models. Technometrics 1978, 20:397–406.

[35] Shao J: Linear-Model Selection by Cross-Validation. J Am Stat Assoc 1993,
88(422):486–494.

[36] Wold S: Pattern recognition by means of disjoint principal components
models. Pattern Recogn. 1976, 8:127–139.

[37] Johnson R, Wichern D: Applied Multivariate Statistical Analysis. Upper Saddle River
(NJ): Prentice-Hall 2002.

[38] Dempster AP, Schatzoff M, Wermuth N: A simulation study of alternatives to
ordinary least squares. J Am Stat Assoc 1977, 72:77–91.

[39] Wold S, Ruhe A, Wold H, Dunn WI: The collinearity problem in linear regres-
sion. The partial least squares approach to generalized inverses. SIAM J
Sci Stat Comput 1984, 5:735–743.

[40] Trygg J: Parsimonious Multivariate Models. PhD thesis, Umeå University 2001.

[41] Höskuldsson A: Variable and subset selection in PLS regression. Chemomet-
rics Intell Lab Syst 2001, 55:23–38.

[42] Wold S, Antti H, Lindgren F, Öhman J: Orthogonal signal correction of near-
infrared spectra. Chemometrics Intell Lab Syst 1998, 44:175–185.

[43] Sjöblom J, Svensson O, Josefson M, Kullberg H, Wold S: An evaluation of or-
thogonal signal correction applied to calibration transfer of near infrared
spectra. Chemometrics Intell Lab Syst 1998, 44:229–244.

[44] Westerhuis J, de Jong S, Smilde A: Direct orthogonal signal correction. Chemo-
metrics Intell Lab Syst 2001, 56:13–25.

47



[45] Trygg J, Wold S: Orthogonal projections to latent structures (O-PLS). J
Chemometrics 2002, 16:119–128.

[46] Eriksson L, Toft M, Johansson E, Wold S, Trygg J: Separating Y-predictive and
Y-orthogonal variation in multi-block spectral data. J Chemometrics 2007,
20:352–361.

[47] Whelehan OP, Earll ME, Johansson E, Toft M, Eriksson L: Detection of ovarian
cancer using chemometric analysis of proteomic profiles. Chemometrics Intell
Lab Syst 2006, 84:82–87.

[48] Trygg J: O2-PLS for qualitative and quantitative analysis in multivariate
calibration. J Chemometrics 2002, 16:283–293.

[49] Trygg J, Wold S: O2-PLS, a two-block (X-Y) latent variable regression
(LVR) method with an integral OSC filter. J Chemometrics 2003, 17:53–64.

[50] Rantalainen M, Cloarec O, Beckonert O, Wilson ID, Jackson D, Tonge R, Rowlinson
R, Rayner S, Nickson J, Wilkinson RW, Mills JD, Trygg J, Nicholson JK, Holmes
E: Statistically integrated metabonomic-proteomic studies on a human
prostate cancer xenograft model in mice. J Proteome Res 2006, 5(10):2642–55.

[51] Gabrielsson J, Jonsson H, Airiau C, Schmidt B, Escott R, Trygg J: The OPLS
methodology for analysis of multi-block batch process data. J Chemometrics
2006, 20(8-10):362–369.

[52] Keun H, Ebbels T, Antti H, Bollard M, Beckonert O, Holmes E, Lindon JC, Nichol-
son JK: Improved analysis of multivariate data by variable stability scal-
ing: application to NMR-based metabolic profiling. Anal Chim Acta 2003,
490:265–276.

[53] Bylesjö M, Eriksson D, Sjödin A, Sjöström M, Jansson S, Antti H, Trygg J:
MASQOT: a method for cDNA microarray spot quality control. BMC
Bioinformatics 2005, 6:250.

[54] Efron B, Tibshirani RJ: An Introduction to the Bootstrap. Chapman & Hall/CRC
1994.

[55] Fisher RA: The Use of Multiple Measurements in Taxonomic Problems.
Ann Eugenics 1936, 7:179–188.

[56] Hotelling H: The generalization of Student’s ratio. Ann Math Statist 1931,
2:360–378.

[57] Wajima T, Fukumura K, Yano Y, Oguma T: Prediction of human clearance
from animal data and molecular structural parameters using multivariate
regression analysis. J Pharm Sci 2002, 91(12):2489–2499.

[58] Aizerman M, Braverman E, Rozonoer L: Theoretical foundations of the poten-
tial function method in pattern recognition learning. Automat Rem Contr
1964, 25:821–837.

48



[59] Shawe-Taylor J, Christiani N: Kernel Methods for Pattern Analysis. Cambridge Uni-
versity Press 2004.

[60] Mercer J: Functions of positive and negative type and their connection with
the theory of integral equations. Philos Trans Roy Soc London 1909, A209:415–
446.

[61] Rosipal R, Girolami M, Trejo L, Cichocki A: Kernel PCA for feature extraction
and de-noising in nonlinear regression. Neural Comput Appl 2001, 10(3):231–
243.

[62] Rännar S, Lindgren F, Geladi P, Wold S: A PLS kernel algorithm for data sets
with many variables and fewer objects. Part 1: Theory and algorithm. J
Chemometrics 1994, 8(2):111–125.

[63] Rosipal R, Trejo L: Kernel partial least squares regression in Reproducing
Kernel Hilbert Space. J Mach Learn Res 2002, 2(2):97–123.

[64] Bylesjö M, Rantalainen M, Nicholson JK, Holmes E, Trygg J: K-OPLS package:
Kernel-based orthogonal projections to latent structures for prediction
and interpretation in feature space. BMC Bioinformatics 2008, 9:106.

[65] The R project for statistical computing [http://www.r-project.org/].

[66] Yang Y, Dudoit S, Luu P, Speed T: Normalization for cDNA microarray data.
In Microarrays: Optical Technologies and Informatics, Volume 4266. Edited by Bit-
tner M, Chen Y, Dorsel A, Dougherty E, Proceedings of SPIE 2001:141–152.

[67] Yang YH, Dudoit S, Luu P, Lin DM, Peng V, Ngai J, Speed TP: Normalization
for cDNA microarray data: a robust composite method addressing single
and multiple slide systematic variation. Nucleic Acids Res 2002, 30(4):e15.

[68] Churchill GA: Fundamentals of experimental design for cDNA microarrays.
Nat Genet 2002, 32 Suppl:490–5.

[69] Smyth GK: Linear models and empirical Bayes methods for assessing differ-
ential expression in microarray experiments. Stat Appl Genet Mol Biol 2004,
3:Article3.

[70] Forster T, Costa Y, Roy D, Cooke HJ, Maratou K: Triple-target microarray
experiments: a novel experimental strategy. BMC Genomics 2004, 5:13.

[71] Huber W, von Heydebreck A, Sultmann H, Poustka A, Vingron M: Variance sta-
bilization applied to microarray data calibration and to the quantification
of differential expression. Bioinformatics 2002, 18 Suppl 1:S96–104.

[72] Huber W, von Heydebreck A, Sueltmann H, Poustka A, Vingron M: Parameter
estimation for the calibration and variance stabilization of microarray
data. Stat Appl Genet Mol Biol 2003, 2:Article3.

[73] Smyth GK, Michaud J, Scott HS:Use of within-array replicate spots for assess-
ing differential expression in microarray experiments. Bioinformatics 2005,
21(9):2067–75.

49



[74] Kerr M, Martin M, Churchill G: Analysis of variance for gene expression mi-
croarray data. J Comput Biol 2000, 7(6):819–837.

[75] Wolfinger R, Gibson G, Wolfinger E, Bennett L, Hamadeh H, Bushel P, Afshari C,
Paules R: Assessing gene significance from cDNA microarray expression
data via mixed models. J Comput Biol 2001, 8(6):625–637.

[76] Futschik M, Crompton T: Model selection and efficiency testing for normal-
ization of cDNA microarray data. Genome Biol 2004, 5(8):R60.

[77] Bolstad BM, Irizarry RA, Astrand M, Speed TP: A comparison of normalization
methods for high density oligonucleotide array data based on variance and
bias. Bioinformatics 2003, 19(2):185–93.

[78] Joyce AR, Palsson BO: The model organism as a system: integrating ’omics’
data sets. Nat Rev Mol Cell Biol 2006, 7(3):198–210.

[79] Gygi SP, Rochon Y, Franza BR, Aebersold R: Correlation between protein and
mRNA abundance in yeast. Mol Cell Biol 1999, 19(3):1720–30.

[80] Tohge T, Nishiyama Y, Hirai MY, Yano M, Nakajima J, Awazuhara M, Inoue E,
Takahashi H, Goodenowe DB, Kitayama M, Noji M, Yamazaki M, Saito K: Func-
tional genomics by integrated analysis of metabolome and transcriptome
of Arabidopsis plants over-expressing an MYB transcription factor. Plant
J 2005, 42(2):218–35.

[81] The Gene Ontology [http://www.geneontology.org/].

[82] Devitt M, Stafstrom J: Cell cycle regulation during growth-dormancy cycles
in pea axillary buds. Plant Mol Biol 1995, 29(2):255–65.

[83] Horvath DP, Anderson JV, Chao WS, Foley ME:Knowing when to grow: signals
regulating bud dormancy. Trends Plant Sci 2003, 8(11):534–40.

[84] Karpinska B, Karlsson M, Srivastava M, Stenberg A, Schrader J, Sterky F, Bhalerao
R, Wingsle G: MYB transcription factors are differentially expressed and
regulated during secondary vascular tissue development in hybrid aspen.
Plant Mol Biol 2004, 56(2):255–70.

[85] Andersson-Gunnerås S, Mellerowicz EJ, Love J, Segerman B, Ohmiya Y, Coutinho
PM, Nilsson P, Henrissat B, Moritz T, Sundberg B: Biosynthesis of cellulose-
enriched tension wood in Populus: global analysis of transcripts and
metabolites identifies biochemical and developmental regulators in sec-
ondary wall biosynthesis. Plant J 2006, 45(2):144–65.

[86] Hannah MA, Heyer AG, Hincha DK: A global survey of gene regulation during
cold acclimation in Arabidopsis thaliana. PLoS Genet 2005, 1(2):e26.

[87] Eisen MB, Spellman PT, Brown PO, Botstein D: Cluster analysis and dis-
play of genome-wide expression patterns. Proc Natl Acad Sci U S A 1998,
95(25):14863–8.

50


