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Abstract 
This thesis describes the application of multivariate methods in analyses of genomic DNA 
sequences, gene expression and protein synthesis, which represent each of the steps in the 
central dogma of biology. The recent finalisation of large sequencing projects has given us 
a definable core of genetic data and large-scale methods for the dynamic quantification of 
gene expression and protein synthesis. However, in order to gain meaningful knowledge 
from such data, appropriate data analysis methods must be applied. 
The multivariate projection methods, principal component analysis (PCA) and partial least 
squares projection to latent structures (PLS), were used for clustering and multivariate 
calibration of data. By combining results from these and other statistical methods with 
interactive visualisation, valuable information was extracted and further interpreted. 
We analysed genomic sequences by combining multivariate statistics with cytological 
observations and full genome annotations. All oligomers of di- (16), tri- (64), tetra- (256), 
penta- (1024) and hexa-mers (4096) of DNA were separately counted and normalised and 
their distributions in the chromosomes of three Drosophila genomes were studied by using 
PCA. Using this strategy sequence signatures responsible for the differentiation of 
chromosomal elements were identified and related to previously defined biological 
features. We also developed a tool, which has been made publicly available, to 
interactively analyse single nucleotide polymorphism data and to visualise annotations and 
linkage disequilibrium. 
PLS was used to investigate the relationships between weather factors and gene expression 
in field-grown aspen leaves. By interpreting PLS models it was possible to predict if genes 
were mainly environmentally or developmentally regulated. Based on a PCA model 
calculated from seasonal gene expression profiles, different phases of the growing season 
were identified as different clusters. In addition, a publicly available dataset with gene 
expression values for 7070 genes was analysed by PLS to classify tumour types. All 
samples in a training set and an external test set were correctly classified. For the 
interpretation of these results a method was applied to obtain a cut-off value for deciding 
which genes could be of interest for further studies. 
Potential biomarkers for the efficacy of radiation treatment of brain tumours were 
identified by combining quantification of protein profiles by SELDI-MS-TOF with 
multivariate analysis using PCA and PLS. We were also able to differentiate brain tumours 
from normal brain tissue based on protein profiles, and observed that radiation treatment 
slows down the development of tumours at a molecular level. 
By applying a multivariate approach for the analysis of biological data information was 
extracted that would be impossible or very difficult to acquire with traditional methods. 
The next step in a systems biology approach will be to perform a combined analysis in 
order to elucidate how the different levels of information are linked together to form a 
regulatory network. 
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2. List of Abbreviations 
 

Abbreviation Meaning 
AC auto correlation 
ACC auto cross correlation 
ANN artificial neural network 
ALL acute lymphoblastic leukemia 
AML acute myelocytic leukemia 
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PCA principal component analysis 
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ROI region of interest 
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3. Introduction 

3.1. The molecular essence of being 
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HE FORMATION OF SIMPLE ORGANIC MOLECULES during the first 
million years of Earth's existence laid the foundations from which 

life developed. These molecules reacted with one another to generate the 
four major classes of molecules found in cells: amino acids, nucleotides, 
sugars and fatty acids, all of which can form polymers. It is generally 
believed that the first living systems were based on a class of 
polynucleotides, ribonucleic acids (RNA), which can act both as a catalyst 
and as a heritable template for replication1. Over the course of the 
intervening billions of years, an amazing number of highly specialised 
organisms have evolved from these simple beginnings, based on 
interactions between molecular entities such as DNA, RNA and proteins. 
 
The characteristics of individual human beings derive from a combination 
of their genomic blueprint and the influence of their environment. The 
functions and roles of the individual cells that collectively make up an 
organism are determined by cellular protein levels, which are in turn 
adjusted by regulating the expression of genes; information units encoded 

T 
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in the genome. Along with that of the genes themselves, the evolution of 
these regulatory networks has played a significant role in differentiating 
organisms from one another. 
 
Since the dawn of mankind, we have wondered about our origins and the 
factors that make us what we are. Often, our first steps towards gaining an 
understanding of intriguing phenomena consist of taking measurements. 
Due to the rapid scientific advances in recent decades, we now have large-
scale, high-throughput tools for measuring the levels of the constituents of 
the cell machinery. 
 
The human genome2 and the genomes of the most intensively studied 
model organisms such as the fruit fly3 have been fully sequenced and 
assembled. The sequence information thus obtained is valuable in itself, but 
these projects have also accelerated the development of other new large-
scale, high-throughput methods. The expression levels of tens of thousands 
of genes can now be measured simultaneously using microarray techniques. 
Experiments using techniques such as this generate large and complex 
datasets that cannot be manually analysed. 
 
It is important to understand that most of the value of these experiments 
comes not from the data they generate per se, but from the understanding 
gained through the interpretation of the data. Bioinformatics and 
computational molecular biology are synonymous terms for the use of 
computers in the handling and analysis of biological information to extract 
important knowledge.  
 
The emerging field of systems biology aims to elucidate cellular behaviour 
as a complex system of dynamically interacting biochemical entities. In 
order to achieve this, fundamental developments in separately developing 
research fields need to be combined into a new discipline. This includes the 
combination of sufficiently accurate high-throughput measurement 
techniques and the development of computational methods for the 
meaningful modelling of large dynamic networks.  
 
The efficient modelling of data requires the use of statistical tools.  
Statistical modelling can be seen as the approximation of experimental 
results using mathematical techniques, and is an important part of 
computational molecular biology. Historically, classical statistical methods 
have been very important in the analysis of data and for ensuring that the 
conclusions drawn from such analyses are valid. Recent technical advances 
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and scientific progress have resulted in significant changes in the properties 
of data to be analysed. A snapshot of the behaviour of complex biological 
systems can be obtained by taking measurements at different interconnected 
levels (e.g. genomic sequences, gene expression and protein profiles). The 
datasets thus obtained are often noisy, containing many more variables than 
observations; furthermore, the variables typically correlate with one 
another. Additional, sophisticated methods are required to mine such data 
sets, because of these features and their sheer scale. 

3.2. Chemometrics 

ARIOUS STATISTICAL TOOLS FOR the efficient extraction of 
relevant information from large and complex datasets by means 

of multivariate analysis and modelling have been developed in the course of 
research in chemometrics. Both the name of this scientific field and many 
groundbreaking contributions within it are due to Svante Wold. 
Chemometrics has often been referred to as the statistical aspect of 
chemistry, but today it is applied in a multitude of scientific contexts, 
notably in the biological sciences. An important concept in chemometrics is 
the idea of soft modelling. In contrast to the hard models used in physics, 
which are based on strict mathematical foundations, soft models are 
empirically derived from the analysed data.  
 
The three main areas of chemometrics are: 
i) experimental design,  
ii) data exploration 
iii) multivariate calibration. 
 
The objective of experimental design is to maximise the information 
acquired from experiments, while minimising the number of experiments 
performed. Multivariate analysis can then be performed to extract 
information from the measured data. Principal Component Analysis (PCA) 
is widely used to examine the structure of the data, i.e. to extract the main 
sources of variation and to identify groups, clusters, outliers and other 
seemingly aberrant data points. Partial Least Squares Projections to Latent 
Structures (PLS) is a useful method for relating a descriptor block to a 
response block in multivariate calibration. For example, it might be used to 
determine correlations between levels of individual proteins and cancer. 
Optimized models can be used for diagnosis and interpreted to identify 
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proteins that may be involved in the disease or phenotype. PCA and PLS 
are both multivariate projection methods that can be extensively validated 
and interpreted. 

3.3. Scope of this thesis 

HE TITLE OF THIS THESIS INCLUDES the term computational 
molecular biology, which is often referred to as bioinformatics. 

These two terms are synonyms for the same concept, and refer to the field 
focused on the creation and development of advanced information and 
computational technologies for application to problems in molecular 
biology. The goal of the work presented in this thesis was to apply a 
multivariate approach for data analysis to each of the steps in the central 
dogma of biology, from the genome sequence, through the expression of 
genes and thence to protein levels, and to apply this analysis to suitable 
biological problems.  
 
The papers presented in this thesis describe the application of multivariate 
projection methods and additional computational methods for analysing 
biological information. The interactive presentation of results makes it 
possible to extract information that would be impossible or very difficult to 
obtain using traditional methods. Data from each level, i.e. the genome, the 
transcriptome, and the proteome, were analysed using this methodology. At 
the genomic level whole genome sequence data and single nucleotide 
polymorphisms (SNPs) were analysed. Gene expression analysis was based 
on datasets from experiments in which large-scale microarrays were used 
and from studies using more robust smaller scale northern blot methods. 
Furthermore, multivariate models derived from protein expression profiles 
quantified using SELDI-TOF-MS, a Mass Spectrometric (MS) method, 
were developed. The development of the methodology required the solution 
of a number of problems, including how best to represent data to facilitate 
multivariate analysis, how to normalise the data to focus on the objective of 
the study, and how results should be interpreted. The multivariate 
projection methods PCA and PLS played a central role in these solutions, 
being used for normalisation of data, finding trends and groups in data 
based on genomic fingerprints and for relating cellular levels of proteins 
and genes to diseases or external stimuli such as radiation treatments or 
changes in environmental stimuli.

T 
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4. The central dogma of biology: From DNA 

to proteins 
 

HE CENTRAL DOGMA OF BIOLOGY is the backbone of molecular 
biology describing the information flow from the genetic material 

to proteins4 (Fig 1).  

DNA RNA ProteinProtein
Transcription Translation

Replication  
Figure 1. The central dogma of biology, showing the information flow from the heritable 
information in the DNA to the expression of the catalytic and structural units, proteins. 
 
Data on each individual step and the processes linking them are extensively 
studied in life sciences today as a means to find cures for diseases. The 
genome, which is the total genetic information carried by an organism or a 
cell, is the starting point of the dogma, and encodes two major types of 
information: (i) genes, which encode the proteins that perform the functions 
of life and (ii) cis control elements, which together with transcription 
factors regulate the expression levels of individual genes. Proteins may 
function alone, in complexes, or in networks that arise via protein-protein 
interactions or interactions between proteins and small molecules 5.  
 
Proteins have a predominant role in most biological processes, but cannot 
store and reproduce information. The hereditary information of 
contemporary living cells is stored as DNA. DNA transfers information to 
RNA, which then controls protein synthesis. DNA also controls its own 
replication; the duplication of the genetic material is a crucial part of cell 
division, and errors in this process can lead to mutations that may be fatal 

T 



The central dogma of biology: From DNA to proteins 
 

⎯  14  ⎯ 

or inherited in the genome as SNPs or larger changes. During transcription, 
RNA is synthesised using DNA as a template. The process whereby RNA 
controls the synthesis of proteins is called translation because it entails the 
translation of the information from a nucleic acid sequence to an amino 
acid sequence, in which individual amino acids are connected to form 
proteins1. The somatic (i.e. non-germline) cells in an individual organism 
typically all have the same genetic information. Nevertheless, cells have the 
ability to differentiate and thus acquire specific functionality; the 
combination of such specialised cell types can give rise to highly adaptive 
and specialised organisms. Several regulatory mechanisms are associated 
with each individual step of the central dogma of biology, which are 
essential for fine-tuning cells to allow them to perform their roles and 
functions. Any perturbation of the cell will result in a multigene/multi-
transcript/multiprotein response6. Perturbation of a biological system by 
pathological environmental factors, such as infectious agents and chemical 
carcinogens, may lead to diseases. A major aim of modern drug design and 
life science is to find a way to "backperturb" such diseased systems to their 
healthy states, with the information flow in the central dogma reverting 
back to creating intact cell machinery. 

4.1. DNA replication 

LL ORGANISMS NEED TO DUPLICATE their DNA accurately before 
every cell division. The biochemical machinery involved in 

DNA replication also plays an important role in DNA repair. Watson and 
Crick suggested in 1953 that the replication of the double helix might entail 
the unwinding of the DNA, allowing each strand to act as a template for a 
newly-synthesised strand, thus giving rise to two double helices7. Like 
virtually all metabolic processes, DNA replication is controlled by 
enzymes, notably DNA polymerases, which polymerise nucleotides to form 
the growing strand of DNA. 

4.2. Gene expression: Transcription 

HE GENE IS ONE OF THE FUNDAMENTAL units in the central dogma. 
The precise definition of "gene" is lengthy, and continues to 

evolve as new discoveries are made in the biological sciences. One useful 

A 
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definition is that a gene is a functional unit of DNA that contains the 
necessary information for the cell machinery to create a RNA template that 
is either functional in and of itself or can be translated to a protein. A gene 
contains exons (coding sequences) and often introns (non-coding 
sequences) (Fig 2).  

 
Figure 2. The genomic information is encoded in DNA which is densely packed in 
chromosomes. The genome contains genes, elements that determine the function and 
regulation of proteins to be synthesised. 
 
The final transcript is created by a mechanism called splicing whereby 
exons are assembled and introns are removed (Fig 3). Different splicing 
patterns can generate different RNA transcripts from a single gene. 
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part of a chromosome

gene

regulatory DNA intronexon
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mRNA

DNA transcription
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Figure 3. Most parts of eukaryotic genomes have no known function. The remaining parts 
consist of regulatory elements and coding information. Proteins bind to regulatory regions 
that determine the transcription of genes. A gene contains exons, which are coding 
sequences, and sometimes introns that are non-coding. mRNA transcripts are assembled 
via the process known as ‘splicing’. 
 
Factors affecting the production and stability of mRNA transcripts play 
very significant roles in regulating gene expression and protein levels, and a 
multitude of mechanisms have been adapted for this purpose. Gene 
expression is regulated primarily by the binding of proteins known as 
transcription factors to regulatory sequences in the DNA. This binding 
either activates or deactivates the production of RNA transcripts from 
specific genes. The packaging of DNA in chromosomes is also of vital 
importance in the regulation of gene expression. Three major types of RNA 
are involved in protein synthesis. The nucleotide sequence of messenger 
RNA (mRNA) mirrors that of the DNA from which it was transcribed, and 
determines the amino acid sequence of the synthesised proteins. The actual 
process of protein synthesis is conducted by ribosomes, in which ribosomal 
RNA (rRNA) plays both a structural and a catalytic role. Transfer RNA 
(tRNA) binds to specific amino acids and acts as a substrate in the protein 
synthesis process, delivering specific amino acids to the ribosome as 
dictated by the mRNA sequence. 
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4.3. Protein synthesis: Translation 

ROTEINS ARE THE MAIN CATALYTIC AND STRUCTURAL units of the 
cell machinery. Translation is the process in which the primary 

structure of a protein is determined from the nucleotide sequence in a 
messenger RNA. The translation process takes place in the ribosomes 
where the protein is built up according to the sequence of the mRNA 
transcripts (Fig 4). The mRNA sequence is divided into codons, sequences 
of three consecutive bases, each of which corresponds to a specific amino 
acid. All cells contain a set of tRNAs that bind specifically to different 
codons and carry one of the 20 amino acids used in protein synthesis. The 
order in which specific tRNAs are recruited to the ribosomes is specified by 
the sequence of mRNA codons. The nascent protein is synthesised by the 
formation of a peptide bond between the carboxyl group at the end of the 
growing polypeptide and the amino group of the tRNA-bound amino acid. 
The start of the coding region of the mRNA transcript is signalled by an 
AUG initiation codon to which a tRNA carrying a chemically modified 
amino acid (methionine) will be recruited and will be the first amino acid in 
the protein. Unmodified methionine residues can subsequently be added 
anywhere in the protein sequence, as dictated by the position of methionine 
codons in the mRNA sequence. Termination of protein synthesis occurs 
when one of three stop codons appear in the anterior site of the ribosome. 
The catalytic/structural functionality of proteins can be fine-tuned after 
translation, e.g. by phosphorylation of specific amino acids. 
 

A U G C U CC U G U G C
U A CU A CU A C G A CG A CG A C

codon

po
lyp

ep
tid

e

mRNA

Figure 4. Translation: A protein is 
synthesized according to the sequential 
order of codons in the corresponding 
mRNA transcript. Each of the codons 
recruits a tRNA molecule carrying an 
amino acid that is attached to the 
growing polypeptide. 
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5. Systems biology 
 

YSTEMS BIOLOGY ENDEVAOURS TO quantify all of the molecular 
elements of a biological system, to assess their interactions, and to 

integrate that information into graphical network models (Fig 5). Systems 
biology in a narrow sense is the integration of biological experiments with 
large-scale data analysis and quantitative computer modelling.  
 

 
Figure 5. In systems biology pathways are often represented as interconnected graphical 
networks incorporating information about genes, proteins and metabolites. This image 
shows an Alzheimer-related pathway as represented by the KEGG database8. 
 
Analysis of the vast amount of sequence information acquired has 
significantly added to our understanding of biological systems, raising new 
questions to be answered as well as leading the development of new large-
scale, high-throughput techniques for measuring gene expression levels, 
protein profiles and metabolite profiles. A number of common buzzwords 
are associated with systems biology, such as genomics, transcriptomics, 
proteomics and metabonomics. Each of these terms refers to the large-scale 
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measurement and analysis of data on, respectively, the genome, the total 
pool of transcribed RNA (the transcriptome), total protein levels (the 
proteome), and the total pool of metabolites (the metabonome). If systems 
biology can fulfil its promise and provide a comprehensive understanding 
of biological systems, it will in many ways revolutionize biomedical 
research. However, we are currently witnessing the beginning of this new 
era and there are a multitude of problems that need to be solved, such as the 
questions of how best to design and conduct biological experiments, to 
quantify molecular elements, and to store and analyze data. 

5.1. Measuring the -omes  

5.1.1. The Genome 

HE DISCOVERY OF THE DOUBLE HELIX IN 19537 immediately raised 
the question of how biological information is encoded in DNA. 

The ability to recreate the process of DNA replication led to the 
development of two techniques that transformed biology: a manual DNA 
sequencing method in 1975 and the discovery of the polymerase chain 
reaction (PCR) in 19859. The first complete genome (a viral genome of 
about 5000 bases) was sequenced over a period of a year in 1977-1978. In 
1998 an integrated machine was developed in which DNA sample 
preparation and sequencing were all fully automated. In 2001 a draft of the 
human genome sequence was made available as a result of the joint efforts 
of the Human Genome Sequencing Consortium and the biotechnology 
company Celera2. The results from the sequencing projects illustrated the 
concept of “discovery science” – the idea that all the elements of a system 
(the complete genome sequence and the entire RNA and protein output 
encoded by the genome) can be defined, archived in a database and made 
available to facilitate hypothesis-driven science and global analysis. In 
Paper I we analysed the genomes of three related species with the aim of 
finding a binding site for a protein complex. The demands of the 
sequencing projects prompted the development of efficient large-scale 
sequencing techniques along and other high-throughput tools (for example, 
DNA arrays and MS techniques) for quantifying different kinds of 
biological information, such as levels of mRNAs, proteins, and 
metabolites10. A fairly recent methodology in genetics emerging from the 
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availability of genomic sequences is the analysis of SNPs, which are 
naturally occurring variants in the DNA of a population that affect a single 
nucleotide. SNPs can be used to identify genes associated with disease11, 12 
and to analyse structural features of the genome such as recombination 
hotspots13. A software tool for analysing SNP data is described in Paper II.  

5.1.2. The Transcriptome 

HE TRANSCRIPTOME CAN BE DEFINED AS the total pool of mRNA 
transcripts in a cell or an organism. The total number of genes 

that are expressed in the human genome is not known, but it has been 
speculated that it may be somewhere around 3000014. The origins and 
history of the genome are complex due to the stochastic evolutionary forces 
that have acted on it, and it contains non-functional remnants of old genes 
and duplicates of existing genes15. It has been found that around 40% of the 
open reading frames in a fully sequenced genome have no known function. 
These may represent single genes that are not expressed, do not affect the 
phenotype or whose phenotypic influence does not arise in a simple, 
obvious fashion6.  
 
Microarray techniques, of which Affymetrix oligonucleotide arrays, Agilent 
arrays and cDNA arrays (Fig 6) are the most common, are used for large-
scale, high-throughput measurements of gene expression16, 17. Data 
generated using the Affymetrix platform were analysed in Paper III. The 
design of the microarray chips determines which transcripts can be 
measured and requires the prior identification, by genomic analysis or 
sequencing of expressed sequence tags (ESTs), of transcripts that are likely 
to be expressed. The microarray chips can be conceptualized as grids of 
sensors, each of which can measure the level of transcription of a particular 
gene. This is something of an oversimplification, however, because the 
primary transcript of a gene may be spliced in many different ways, and 
because not all predicted genes will necessarily be functional and 
expressed. On a cDNA chip each transcript to be measured is represented as 
a single spot, whereas on an Affymetrix chip it is split into many shorter 
fragments printed in different positions. Even though these two methods are 
technically different the aims and final results obtained are comparable, 
allowing simultaneous measurements of expression levels of tens of 
thousands of transcript in a single run. 
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Figure 6. In typical cDNA microarray experiments mRNA transcripts from each of two 
types of sample, e.g. tumour and normal, are labelled using green or red fluorescent dye. 
The pooled samples are then allowed to hybridize with the thousands of gene transcripts 
attached to the surface of the microrray chip. The microarray chip is then characterized by 
image analysis, measuring the intensity of each of the two colours at every spot on the 
surface. 
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5.1.3. The Proteome 

HE LARGE-SCALE MEASUREMENT of expressed protein levels 
constitutes a central objective in proteomics. Historically 2D gel 

electrophoresis has been used for high-resolution separation prior to 
characterization by MS methods18. The use of GC or LC methods for 
separation increases proteome coverage and has facilitated the detection of 
membrane proteins and proteins present only in low abundance, neither of 
which are well-detected by 2D gel electrophoresis19. MS instruments using 
mild ionisation techniques such as matrix-assisted laser desorption and 
ionization (MALDI) or Surface Enhanced Laser Desorption/Ionization – 
Time of Flight – Mass Spectrometry (SELDI-TOF-MS) are typically used 
for such studies20. 
 

  
Figure 7. Using the mass spectrometric method SELDI-TOF-MS we characterized each of 
the samples in the study presented in Paper V as a spectral profile of 20000 variables. 
 
In recent years, SELDI-TOF-MS has been used extensively in oncology for 
the characterisation of different tumor types21. Data obtained from such 
studies were analysed in Paper V, and used to develop models of the 
effects of radiation treatment on brain tumours (Fig 7). The specificity of 
these detection methods is highly dependent on the choice of chip, since 
chips with different types of surfaces bind different sets of proteins. A 
common two-step approach to analysing spectrometric profiles involves 
extracting and quantifying the peaks then analysing the resulting matrix of 
peak quantifications. Compared to analysing microarray data, the biological 
characterisation of discriminatory features has not been done in advance 
and need to be performed by additional work in labs. The sequence identity 
of individual proteins can be obtained by digesting samples prior to MS 
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analysis and comparing the restriction patterns thus obtained with those 
stored in databases. 

5.1.4. The Metabonome 

HE AIM OF METABONOMICS IS TO measure the abundance of all 
metabolites in a biological system. Nuclear Magnetic Resonance 

spectrometry (NMR) and MS are the two most commonly techniques used 
for the measurement of metabolite concentrations22. MS instruments are 
often used in conjunction with other systems for separating compounds in 
order to enhance their resolution. One of the advantages of MS is the large 
number of compounds that can be identified and quantified, although the 
number of compounds that can be identified as a proportion of the huge 
possible total is still quite low. The metabonome consists mainly of 
compounds much smaller than the macromolecular proteins of the 
proteome. The identification of compounds that coelute requires the 
application of mathematical curve resolution, which is often called 
deconvolution23. MS studies generate both retention time and molecular 
fragment weight profiles of the analytes, which can be used for the in silico 
characterisation of metabolites. 
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6. Computational molecular biology 
 

IOINFORMATICS AND computational molecular biology have 
received much attention during the last couple of years, and will 

play an increasingly prominent role in the analysis of biological systems 
and drug design in the future. There is no clear definition of the strict 
meaning of these terms, which are sometimes regarded as synonyms for the 
same concept. Bioinformatics was defined as the study of informatic 
processes in biotic systems. Generally speaking, we define it as the creation 
and development of advanced information and computational technologies 
to solve problems in biology, usually molecular biology although it is also 
increasingly being applied in other areas of biology24, 25. It deals with 
methods for storing, retrieving and analyzing biological data, such as 
nucleic acid (DNA/ RNA) and protein sequences, structures, functions, 
pathways and genetic interactions. Traditionalists use a more narrow 
definition and restrict it to the management and analysis of data from 
genome projects and related issues. By contrast, computational biology has 
focused primarily on the statistical (as opposed to physico-chemical) 
modelling of biological phenomena, particularly in the fields of cellular and 
molecular biomedicine. Research in bioinformatics includes the 
development of methods for the storage, retrieval, and analysis of data. 
Bioinformatics is a rapidly developing branch of biology and is highly 
interdisciplinary, using techniques and concepts from informatics, statistics, 
mathematics, chemistry, biochemistry, physics, and linguistics. 
Bioinformatics is often divided into two sub-disciplines, one pertaining to 
information, which involves the management and access of data through 
database systems, and the other pertaining to analysis using a framework of 
mathematical and statistical methods to study the data. Computational 
molecular biology will lead to an understanding of complex biological 
systems by combining these subdisciplines, as described later on in this 
chapter. 
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6.1. Properties of data sets in systems biology  

IOLOGICAL SYSTEMS ARE BY NATURE DYNAMIC since they have to 
be able to adaptively react to changing environmental conditions. 

The digital information in genomes evolves and affects events on three 
timescales: evolutionary (tens to millions of years), developmental (hours 
to tens of years) and physiological (milliseconds to weeks)10. Furthermore, 
the heterogeneity that characterizes biological systems must be kept in 
mind. Different individuals will respond differently to environmental 
perturbations and different populations of cell types may have different 
modes of action. The analysis of a heterogeneous set of samples necessarily 
entails working with noisy datasets, making it hard to separate the noise 
from significant effects. Even when considering a population of cells of 
only one type, individual cells will typically be at different stages of 
development or undergoing different physiological processes5. When 
designing experiments it is often desirable to ensure that individuals in the 
study have the same genetic background and that the influence of 
environmental and behavioural factors is minimised. However, practical 
and ethical considerations make it impossible to subject humans to breeding 
programs, to control all lifestyle-related factors, or to subject people to 
hazardous treatments for the purposes of a study. Even when performing 
experiments on animal systems, there are always substantial amounts of 
biologically related variability to take into account when analysing results.  
 
The success of Mendel's experiments in genetics was due in no small part 
to his decision to study penetrable phenotypes. In most real studies a 
perturbation does not result in an easily-observed phenotypic response. 
There may be no observable change, the change may only be apparent 
when the system is stressed, or the response may be very weak and/or 
transient. There is also a lot of redundancy in the cellular machinery, and 
the presence of genes and proteins with similar functions can make it more 
difficult to perturb the system. The new large-scale methods enable the 
molecular changes to be detected directly rather than by making difficult 
indirect measurements of phenotypic changes. This also makes it possible 
to perform inverse analysis26, i.e. to identify the genetic changes 
responsible for different observed outputs, rather than characterising the 
effects on the outputs of a given perturbation. 
 
Traditionally, studies were conducted by creating a genetic knockout strain 
in which the function of one gene is eliminated. Each knockout strain will 
have a distinct pattern of perturbed gene expression levels for hundreds of 
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mRNAs27. This perturbation will propagate through a web of interactions 
throughout each of the levels of the central dogma of biology down to the 
concentration of metabolites. Modelling this information can then be used 
to elucidate regulatory networks. Biological systems are naturally variable 
and dynamic, and thus introduce noise, and the experimental instruments 
constitute another source of noise in the data. This is a consequence of 
measuring a large number of variables in a small number of samples. 
Higher coverage and efficiency tend to adversely affect precision. At each 
successive level of analysis, from the genome to the metabonome, the 
proportion of features that can be observed decreases28.  
 
Due to practical and economic limitations, typical studies require the 
observation of a large number of variables in a relatively small number of 
samples. Therefore it is important to apply experimental design to 
maximize the information content and coverage of the study.  
 
The presence of a large number of features in a dataset can give rise to a 
phenomenon referred to as the “curse of dimensionality”29. In the machine 
learning community, it is generally accepted that robust classifiers require a 
sample per feature ratio (SFR) of at least 5-10. For microarray data and 
MS, IR or MR spectra in a biomedical context, SFRs are typically 1/20-
1/500. Another problem is the “curse of dataset sparsity”29, which arises 
when there are too few samples in a study to be representative of the 
original statistical distribution of the data. With a low SFR it is important to 
validate models carefully due to the possibility of obtaining results by pure 
chance, particularly when spectral or genomic data are involved, in which 
variables are to a high extent collinear and correlated. Univariate statistics 
and traditional methods like MLR have been extensively applied in such 
analyses, even though the condition of the data makes them unsuitable.  
 
Interpreting large datasets is difficult because of the complexity of 
biological systems and the large number of features. Informative results can 
only be obtained if the data can be distilled into a comprehensive and easily 
interpretable subset of biologically-meaningful features. Even though it is 
often very difficult to comprehensively interpret results, e.g. when 
analysing spectral profiles, models may have very powerful predictive 
properties, for instance for the diagnosis and characterisation of tumour 
types21.  
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6.2. Methods and applications 

HE LARGE GENOME SEQUENCING PROJECTS of recent years required 
the development of new techniques for generating data and new 

computational methods and storage systems to handle the large amounts of 
sequence data they generated2. A major application of these techniques has 
been in the assembly and alignment of contigs into complete sequences for 
the final genome releases. Due to the nature of biological information, 
notably the evolutionary relationships between different systems and the 
redundancy within individual systems, one of the main strategies used in 
bioinformatics has been to infer structure or function by comparisons. 
 
In evolution, new sequences are adapted from pre-existing sequences rather 
than being invented de novo. This is very fortunate for computational 
sequence analysis. At first glance, deciding that two sequences are similar 
is no different from deciding that two text strings are similar. Since 
sequence analysis in its simplest form is a matter of text analysis, 
computational methods for sequence analysis are based on a combination of 
statistics, linguistics and computer science.  
 
Alignment is crucial for all kinds of data analysis and is a core concept in 
sequence analysis. The traditional alignment algorithms are the Needleman-
Wunsch algorithm30 for global alignments and the Smith-Waterman 
algorithm31 for local alignments. Evolving sequences accumulate insertions 
and deletions as well as substitutions, so before the similarity of two 
sequences can be evaluated, one typically begins by finding a plausible 
alignment between them (Fig 8).  
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CGCG CCCATCGCGATTCGCCT

 

Figure 8. One of the main problems in 
sequence analysis and other types of data 
analyses is to ensure that the information is 
correctly aligned. Common problems in 
sequence alignment include dealing with 
duplications, gaps, differences in the 
orders of motifs, mismatches and 
inversions. 

Using the optimal alignment one can compare the similarity of the 
sequences. In addition to the mechanics of alignment and comparison 
algorithms, the scoring system itself requires careful thought, taking into 
account biological features of the macromolecular objects represented by 
the sequences. The use of substitution matrices is an important technique in 
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comparing the similarity of aligned sequences. If two different bases or 
amino acids are aligned at the same position in two different sequences 
between which an evolutionary relationship is suspected, the substitution 
matrix determines how likely it is that the mismatch could have occurred 
assuming that such a relationship exists, and thus how seriously the 
mismatch will be 'penalized'.  
 
Many of the most powerful analysis methods currently available make use 
of probability theory. Some of the most commonly applied probabilistic 
methods are hidden Markov models (HMMs) which are used in a wide 
variety of sequence analysis problems15, 32. Sequence analysis methods such 
as Basic Local Alignment Search Tool (Blast)33 with extensions that rely on 
the basic concepts described above are of crucial importance for efficient 
retrieval and comparison of information deposited in public databases. 
 
New methods based on various statistical foundations, from probabilistic 
machine learning methods to classical regression techniques, have been 
used to mine information from data generated using new large-scale, high-
throughput methods such as microarray analysis and proteomic analysis by 
MS. Hierarchical clustering34, support vector machines (SVMs)35, 36 and 
self organising maps (SOMs)37 are three approaches that are commonly 
used for clustering and classifying large-scale biological datasets. Often, it 
seems that the choice of methods is dictated not by the nature of the data at 
hand but rather by the investigators' personal experience and preferences, or 
simply by software availability. Often results from methods such as 
hierarchical clustering are presented as dendrograms (Fig 9), rather than the 
2D-scatter plots associated with PCA or PLS. 
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Figure 9. Hierarchical clustering is one of 
the main methods applied in microarray 
analysis for clustering data. This example 
shows the clustering of gene-expression 
profiles during autumn senescence in 
aspen38. The preferred way of visualizing 
clustering results from this and similar 
methods is to use dendrograms showing 
the relationships both between samples 
and between genes. This can be compared 
to the use of score plots and loading plots 
for interpreting PCA and PLS models. 
 

In addition to these applications, a multitude of data analysis techniques 
have been developed and used for analysing microarray data. Commercial 
and free computational tools are available, both as server-based internet 
resources and as standalone applications. Three popular sites that provide 
tools and databases that have found general utility in computational 
molecular biology are the European Bioinformatics Institute (EBI), the 
National Center for Biotechnology Information (NCBI) and the ExPASy 
server hosted by the Swiss Institute of Bioinformatics (SIB). Open-source 
tools for the analysis of biological data (e.g. bioperl, biojava, and R) that 
are being developed in ongoing projects dedicated to their development are 
also available on the internet. 
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6.3. Databases 

NUMBER OF INTERNET-BASED publicly-available databases 
collectively constitute a rich and ever-increasing source of 

biological information39. This information includes genomic DNA 
sequences with experimentally determined and computationally predicted 
annotations about genes, introns, exons and transcripts with different splice 
variants. A multitude of protein-related information can also be found, 
including sequences, 3D-structures and annotations. The databases are 
extensively cross-referenced to facilitate the retrieval and comparison of 
related information from different species and from different steps in the 
central dogma, and are often queried using efficient search tools developed 
primarily for sequence-based searches.  
 
There are several communities focusing on specific model organisms such 
as D. melanogaster40, A. Taliana41and C. elegans42. The Gene Ontology 
(GO) Consortium43 includes many databases, including several of the 
world's major repositories for plant, animal and microbial genomes. The 
GO database contains three structured, controlled vocabularies (ontologies) 
that describe gene products in terms of their associated biological 
processes, cellular components and molecular functions in a species-
independent manner. Another useful resource is the Kyoto Encyclopaedia 
of genes and genomes (KEGG) which aims to provide a comprehensive 
computer representation of the cellular processes as interconnected 
pathways8.  
 
New storage formats have also been developed for the exchange and 
storage of new kinds of datasets such as microarray data44, 45. However, 
there remains a lot of scope for new methods that will facilitate the 
comparison of data obtained in different laboratories using different 
platforms and the comparison of methods and results from different sites.
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7. Multivariate projection methods 
 

ULTIVARIATE PROJECTION METHODS are widely used for the 
analysis and modelling of multivariate datasets and were used 

extensively in the analyses presented in this thesis. The two main 
multivariate projection methods applied in chemometrics are PCA and PLS. 
These two methods are well suited for analysing datasets that are ‘ill 
conditioned’ by traditional statistical standards. PCA and PLS can both 
handle cases in which there are more variables then observations (K>N), 
the variables are collinear, there are moderate amounts of missing values, 
and the information is noisy. All of these are common properties of 
biological datasets. An important concept in these methods is that of latent 
variables or underlying structures. A latent variable cannot be measured 
directly but is estimated as a linear combination of directly measured 
variables. A dataset consisting of N observations and K variables can 
theoretically be visualised as a plot of the N samples in a K dimensional 
space. However, the limitations of our cognitive abilities make it very 
difficult to visualise such spaces when K > 3. The latent variables can be 
geometrically interpreted as vectors in the multidimensional space that 
describe as much as possible of the variation in the data and minimise the 
sum of the squared residuals. The combination of multiple components 
creates hyperplanes. 
 
Multivariate projection methods are transparent and can be easily 
interpreted and validated in depth. The dimensional reduction of 
components from the multidimensional space gives results that can be 
geometrically interpreted in two-dimensional and three-dimensional plots. 
Other methods used for modelling multivariate data are artificial neural 
networks (ANNs) and Support Vector Machines (SVMs), which are 
referred to as nonlinear methods. Unlike in SVM and ANN, where data are 
implicitly transformed in the modelling process, PCA and PLS require the 
data to be explicitly transformed or expanded with, for example, quadratic 
terms in order to handle nonlinearity. 
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7.1. PCA 

CA IS USED TO OBTAIN AN overview of data, to find groupings, 
identify outliers and to generate variables that summarise the main 

sources of variation in the data and can be used in subsequent analyses. The 
easiest way to understand PCA is as a projection technique analogous to an 
ordinary window. The three dimensional reality is projected on the two 
dimensional window. The window is oriented so that as much as possible 
of the reality can be seen through it. The central idea of PCA is to extract a 
few, so-called, principal components or scores (t) describing as much as 
possible of the variation present in the data. 
 
The principal components are linear combinations of the original variables 
and are uncorrelated to each other. They can be imagined as mutually 
orthogonal lines in the multivariate space. 
 

EPTEptptptptX AA +′=+′+′+′+′= ...332211  
 
Here, A is the number of principal components and E is the residual matrix. 
For each component, t represents the scores vector and p’ the loadings 
vector. 
 
The principal components can be determined using the NIPALS 
algorithm46 or by Singular Value Decomposition (SVD)47. The scores (t) 
show how the objects and experiments relate to each other. The loadings 
(p) reveal which variables are important for explaining the patterns seen in 
the score plot and can be geometrically interpreted as the angles between 
the principal component and the original variables. Analysis of the scores 
and the loadings facilitates the identification and explanation of important 
groupings in the data. In figure 10 the basic idea behind multivariate 
projection is exemplified by the analysis of a dataset based on the answers 
from a survey about peoples sizes (10 women and 10 men).  
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Figure 10. Illustrative example of a multivariate projection method, PCA. The first two 
principal components can be seen as a plane in the three-dimensional original variable 
space (upper panel) into which each of the points is projected. The projection plane, score 
plot (lower left panel), shows the relationship between the persons in the study. The 
corresponding loading plot (lower right panel) shows the importance and similarity of the 
three original variables for the pattern seen in the score plot. 
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7.2. PLS 

LS IS A MULTIVARIATE REGRESSION METHOD THAT relates the data 
matrix (X, descriptors) to a y-response that can be either singular 

(y) or multiple (Y). PLS has proved to be a powerful tool for finding 
relationships between descriptor matrices and responses, particularly for 
datasets that have more variables than observations and in which the 
variables are noisy and collinear to each other. In the early years of 
multivariate modelling, analysis was commonly performed using a direct 
modelling approach. In direct modelling the choice of what to use as the Y 
block is based on the causality of the data analysis; for example, spectral 
profiles might be regarded as a function of the concentration of individual 
constituents in a sample. Interpretations and analyses of data obtained by 
direct modelling are valid only insofar as all the variation in the samples is 
accounted for in the X matrix. Contemporary multivariate modelling 
typically uses inverse calibration48, in which the variables that are 
expensive and/or difficult to measure are used as responses. With this 
technique, the causality of the data structure does not matter; instead the 
correlation structure within the data is the important issue. A typical 
application in life sciences involves relating X, the expression of genes, to 
y, a binary variable representing the disease state of a patient, which might 
otherwise be difficult to diagnose in early stages.  
 
A regression equation for describing the response y as a linear combination 
of the X matrix and the regression coefficients can be expressed as 
 

FXBy +=  
 
where F is the remaining information that has not been modelled. 
 
A number of different regression methods are used for estimating the 
regression coefficients B. The traditional way of solving this equation is 
with Multiple Linear Regression (MLR).  
 

yXXXB ')'( 1−=  
 
This involves solving the inverse of the covariance matrix ( 1)'( −XX ), 
requiring XX ' to be of full rank and the equation system to have only one 
solution. Most data matrices in chemical and biological modelling are not 
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well conditioned, so the inverse of the covariance matrix cannot be 
calculated. Several methods have been developed to deal with this problem. 
When working with designed data, the variables are orthogonal and the 
inverse of the covariance matrix can be calculated by MLR. In PLS a 
number of orthogonal latent variables are calculated and these replace the 
raw covariance matrix. PLS can also be seen as an ordinary regression 
method for finding the regression matrix B where both the descriptor block 
X and the response block Y are decomposed into latent variables. 
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Where A is the number of PLS components, t is the score vector for X, p is 
the loading vector for X, c is the loading vector for Y, E is the residual 
matrix for X and F is the residual matrix for Y. The PLS theory and 
methods discussed here concern single y-responses. As in PCA, principal 
components are constructed to reduce the dimensions of X. In order to 
obtain the principal components, PLS maximizes the covariance between 
the response variable y and a linear combination of the original variables 

Xwt = , where t is the score vector, X is the data matrix and w is the 
weight vector. For a more in-depth description of PLS, see Garthwaite 
(1994) Burnham (1999), Burnham (1996) and Wold (2001)49-52 and 
references therein. 
 
For classification purposes, PLS discriminant analysis (PLS-DA) is applied. 
In PLS-DA dummy variables are used to describe the classes to which 
different samples can be assigned. This is done by creating pairs of binary 
variables, for example ones and zeros, one for each class, where a one 
signifies that the object belongs to the class concerned, and a zero implies 
that it does not. With a PLS-DA model it is possible to predict whether or 
not an object belongs to a specific class by looking at the predicted class 
variable. A predicted value near 1 implies that the specific sample belongs 
to the class represented by the response variable and a value near 0 implies 
that it does not belong to that class. A PLS-DA model can be seen as a 
regular PLS model with binary and discrete responses instead of continuous 
response. For classification purposes results from multivariate projection 
methods can be used for classification using additional methods such as 
Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis 
(QDA), both of which are based on Bayes’ formula53. 
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7.3. Validation of models 

ALCULATED MODELS ARE EVALUATED both statistically and by the 
interpretation of their results; both elements are equally 

important. The interpretability of models should preferably be evaluated by 
a person with expert knowledge of the subject being studied. The statistical 
evaluation is conducted using appropriate methods. The main purpose of 
statistical evaluation in multivariate modelling is to evaluate the capacity of 
the model to predict the results obtained from new samples, to determine 
how many components should be used to optimise the models’ predictive 
capacity, and to determine which components describe interesting 
information and should be further interpreted.  
 
If too many components are calculated, the models will be overfitted and 
will describe noise in addition to the systematic variation in the data. The 
use of large datasets with small numbers of samples gives rise to a 
significant risk of overfitting models. Models may focus too sharply on the 
modelled data, and should be interpreted with caution. Biological data are 
often noisy and contain many variables; consequently, they are often 
subject to overfitting.  
 
With many variables it is sometimes easy to obtain models by pure chance. 
Internal validation of data using cross-validation is often performed to 
determine a model’s predictive capacity and to determine how many 
components should be used. Cross-validation is the process of removing 
observations from the data in a stepwise procedure, computing a prediction 
model based on the remaining samples and finally testing the calculated 
model by comparing the estimated value with the true value for the 
excluded observations. This process is then repeated by excluding a new 
selection of observations, until all observations have been excluded once. 
Cross-validation can be performed by removing one or many observations 
in every run. Removing one observation in each run is commonly referred 
to as the leave-one-out procedure. Since biological data often include 
replicated samples due to problems of reproducibility, it can be a good idea 
to apply segmented cross-validation, in which entire replicate groups are 
excluded instead of one sample at a time. This is done to avoid including 
data from the same replicate group in both the test and training sets.  
 
To further validate the models a different approach can be applied, in which 
the indices of the response variable are permutated randomly so that the 
row-wise positions of the responses do not agree with those of the rest of 
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the data. If a randomized data set gives high predictive scores the model 
cannot be trusted and fewer components must be used. External validation, 
i.e. predicting the observed outcomes for a number of samples whose data 
were not used in building the model, is a highly-recommended procedure 
for validating models. 
 
There is always a trade off between sensitivity and specificity of models. 
Sensitivity is the fraction of true positives that are correctly predicted by the 
model and specificity is the fraction of true negative samples that are 
correctly predicted by the model. Ideally, a model would have both high 
sensitivity and high specificity. In clinical applications for the diagnosis of 
disease, it is important that the sensitivity is high so that the test does not 
miss any patient that should be treated. Another example is in the 
pharmaceutical industry, where it is important to avoid missing any potent 
drug-like compound in the screening phase. If it is necessary to choose 
between the two in such cases, it is often better to inadvertently study some 
false positives than to miss any true positives.  
 
Applying the pairwise t-test is not a good idea when there are many 
variables due to the increased risk of finding seemingly significant results 
by pure chance. Within microarray analysis t-tests are often used, but the 
results thus obtained must be corrected for multiple testing using measures 
such as Bonferroni correction54, 55. Another approach to validation involves 
the use of multivariate methods for the initial data analysis and the 
subsequent application of classical statistics in the final evaluation stages, 
as described in Paper V. 

7.4. Interpretation of models 

POWERFUL FEATURE OF MULTIVARIATE projection methods is the 
geometric interpretation of results. Scores are interpreted to see 

how observations are related to each other, and loadings can be used to 
interpret the influence of individual variables. Results can be easily 
visualized by using 2D and 3D scatter plots. In PCA it is straightforward to 
analyse the influence of variables since there is only one type of loading, 
namely the p-loadings. With PLS, it is somewhat more difficult because 
there are several different ways to interpret the influence of variables since 
there are two variable blocks in the analysis – the descriptor variables (X) 
and the response variables (Y) – which are related to varying extents. The 
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different ways of analysing the variables in PLS models involve examining 
the p-loadings, w-loadings, w*-loadings or the B-coefficients, all of which 
differ in the extent to which their values reflect variance in the X-block. 
Extensions to traditional multivariate methods have been developed to 
remove variation that is not related to (i.e. is orthogonal to) the response, 
and to separate information that is directly related to the response from the 
information orthogonal to it56, 57.  
 
If the interpretability of the data is to be maximised, it is important to utilise 
as much as possible of the information related to the response. As 
previously mentioned, the various publicly-accessible databases on the 
internet are rich sources of such information, including annotations of the 
structure and function of genomes, genes and proteins. The analysis of 
results is greatly facilitated by the use of powerful interactive methods for 
visualising data. Ideally, the models’ results should be presented in the 
context of the other related information. For example, an analysis of 
descriptor values of chemical compounds should be graphically visualised 
together with the score plots, and analysis of genomic data should be 
presented alongside a graphical presentation of functional annotation. The 
latter was one of the main features in the GOLDsurfer package presented in 
Paper II. 
 
When analysing datatsets with large numbers of variables, for example 
those derived from microarray experiments, it is sometimes necessary to 
have a cutoff limit for which it can be stated with a given degree of 
confidence that only variables whose values exceed that limit are 
significant. The number of statistically significant features identified by the 
model is important for describing that model's performance and for 
comparing it to other methods. One interesting approach for comparing the 
performance of different classification methods used for the analysis of 
microarray data is based on the fact that genes in prokaryotes regulated by 
the same promoter region should be expressed at similar levels58. 
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8. Multivariate modelling in the central 

dogma of biology 
 

HIS CHAPTER DISCUSSES the main findings and methods applied in 
Papers I-V. Results are presented in the order of the central 

dogma, starting with studies on genomes and culminating with studies on 
proteomics.  

8.1. Genomic sequences and SNPs, Papers I-II 

I) Sequence signature analysis of chromosome identity in three 
Drosophila species 

II) GOLDsurfer: Three dimensional display of linkage 
disequilibrium 

 
NCE THE ENTIRE GENOMIC SEQUENCE of an organism has been 
obtained, the next challenge lies in deciphering the information it 

encodes. The most reliable way to determine the function or structure of a 
biological molecule is by direct experimentation. However, it is far easier to 
obtain the DNA sequence of the gene corresponding to an RNA or protein 
than it is to experimentally determine its function or structure. This makes 
computational methods that can infer biological information from sequence 
alone highly desirable15. The aim of sequence analysis is to identify genes 
and to determine their function and how they are regulated. Genomes are 
also analyzed at a higher level, in studies of the organization of DNA in the 
chromosomes and how its organization affects transcription and translation. 
The most fundamental biochemical processes are common to all higher 
organisms, as are a basic subset of genes. Comparative genomics enables 
the functions and regulatory elements of unknown genes to be predicted. 
Analysing sequences is more than an abstract task of string parsing, 
because the whole complexity of molecular biology lies behind the string of 
bases. Various computational methods have been developed for comparing 
sequences. However, alignment of sequences so that they can be compared 

T 

O 



Multivariate modelling in the central dogma of biology 
 

⎯  42  ⎯ 

and the use of algorithms for scoring sequence similarities are critical 
features of all such analyses. 
 
Multivariate data analysis using techniques such as PCA and PLS require 
data to be represented by numerical values in a data structure where each 
column represents the same feature in all samples in the matrix. Numerical 
representations of both amino acids and nucleotides that describe their 
physical/chemical properties, referred to as their principal properties, have 
been developed by the chemometrics group at Umeå University. In 
multivariate modelling of Quantitative Structure Activity Relationships 
(QSARs), these principal properties have been used to relate amino acid 
sequences to structural features of peptides59, 60 and to predict the strength 
of binding to promoter regions61. 
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Figure 11. For computational purposes 
DNA can be characterized by  
(A) a macromolecular representation 
(B) a string of characters of the 
{A,C,G,T} alphabet  
(C) sequence signature analysis, as 
applied in Paper I 
(D) physical/chemical representations 
of nucleotides 
(E) single nucleotide polymorphisms. 

 
Sequences from different genes often vary in length and may differ in their 
orientation and initiation point in the genome. These alignment problems 
must be solved prior to applying any data analysis method. Auto-
covariance methods such as AC and ACC have been used to generate 
representations of sequence data that are independent of size and 
orientation and thus are suitable for multivariate analysis. Like many other 
methods used in computational molecular biology, auto covariance 
algorithms and HMM are not new approaches, and they have traditionally 
been applied for signal analysis in physics. An overview of different ways 
to represent the information in the DNA code is presented in figure 11. 
 
In Paper I we analysed genomic sequences by combining multivariate 
statistics with cytological observations and full genome annotations. We 
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separately counted all di- (16), tri- (64), tetra- (256), penta- (1024) and 
hexa-mers (4096) of DNA and studied their distribution in the 
chromosomes of three Drosophila genomes using PCA. The species 
analysed were D. melanogaster (Dm), D. pseudoobscura (Dp) and D. 
yakuba (Dy). The frequency of occurrence of individual sequence motifs 
depends on both biological and stochastic factors. The expected frequency 
of a specific motif depends on the base composition of the chromosome. If 
the four nucleotides do not have equal frequencies in all chromosomes, the 
results from a non-normalised analysis will reflect the effects of a mixture 
of biological and stochastic factors. It is often difficult to isolate the effects 
of such factors, but a large part of the stochastic component can be removed 
by dividing all motif frequencies by the expected frequencies in a 
normalisation step.  

∏
=

=

=
4

1

)(
i

i

niifNExpected  

N = target sequence length 
i = {G,A,T,C}  
f (i) = frequency of base i in target sequence 
ni = count of base i in the hexamer 
 
Otherwise, biologically interesting motifs may be masked by motifs that are 
common solely by chance. In this study, we used this relatively basic 
normalisation procedure to account for differences in base composition. 
 
There are a few protein complexes that recognise a specific chromosome 
and bind at multiple points along its entire length. In Dm an autosome-
specific protein has been discovered; the Painting of Fourth (POF) protein, 
which binds exclusively to the 4th chromosome62. The fact that individual 
chromosomes can be uniquely targeted raises questions about how they are 
recognised. 
 
PCA analysis of the oligomer scoring of each of the chromosomal 
fragments enabled the F-element to be separated from the other 
chromosomal elements for all three genomes (Fig12A) (because this 
chromosome is the 4th in Dm/Dy and the 5th in Dp, we use the term F-
element63). Analysis of the individual genomes revealed that the x 
chromosomes of Dm and Dy, but not Dp, could be distinguished to some 
degree using penta- and hexa-mers (Fig 12C). It was also found that all of 
the Dp chromosomes are shifted relative to the Dm/Dy chromosomes, 
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suggesting the presence of Dp-specific signatures in addition to the 
chromosome-specific signatures studied here (Fig 12A ). Analysis of the 
results of the raw scoring data showed that the first PCA component mainly 
reflected differences in base composition between the chromosomes. To 
detect more complex and potentially functional motifs hidden by the 
skewed base composition, we normalised our oligomer counting scores 
according to the base composition of each chromosome analysed. The 
resulting separation was nearly identical to that seen in the non-normalised 
analysis, but made it possible to perform a more meaningful analysis of the 
causes of the separation. In Dm we performed the analysis on four datasets 
derived from: the original sequences, the sequences obtained after masking 
simple sequence repeats, the sequences obtained after masking both simple 
and more complex repeats, and after removing everything except the exon 
sequences. The results show that the sequences that separate the F-element 
in the original data are distributed throughout the non-exon F-element 
sequences and cannot be attributed to microsatellites and transposable 
elements. It should be noted that the first component in this PCA (Fig 13A) 
distinguishes the exons from non-exon sequences. In the second 
component, however, all F-element sequences including the exon 
sequences cluster together. We conclude that the F-element exons also 
contain F-element signatures.  
 
To study the linear organisation of the sequence signatures along the 
chromosomes we performed a fragment analysis in which we divided each 
of the Dm, Dy and Dp chromosomes into 100 kb fragments that were then 
individually scored by counting the oligomers. In such analyses it is 
important to eliminate all variation related to differences in nucleotide 
composition. We removed this bias by calculating a PLS model with the 
A/T composition of every fragment as a single response and continued our 
analysis with the residual matrix. The studies performed on the whole 
chromosomes were repeated using these fragment data, generating 
strikingly similar results (Fig 13). The motifs responsible for this separation 
were not the same as those observed in the whole chromosome analysis. 
Nevertheless, this demonstrates the existence of linearly distributed 
sequence signatures that distinguish all F-element fragments from the other 
elements in the three different species. The collective separation of F-
element fragments and the whole chromosomal fragments in the three 
species cannot be attributed to any known repeated elements, and we 
speculate that the signatures we identified have a role in F-element 
identification. 
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Figure 12. Results of PCA of whole chromosome sequences. Chromosomes are colour 
coded as follows (according to the Dm numbering: black = X, yellow =2, blue = 3 and red 
= 4). (A) Score plot (R2=0.87) of the non-normalised hexamer analysis of the three 
genomes Dm, Dp and Dy. (B) Loading plot of the analysis in (A). (C) Score plot 
(R2=0.97) of the normalized hexamer analysis of Dm. (D) Loading plot of the analysis in 
(C). 
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Figure 13. Results of combined PCA of four Dm data sets using hexamers. The four data 
sets used are: the original sequence (□), the Tandem Repeats Finder masked sequence (∇), 
the RepeatMasker masked sequence (*) and the extracted exon sequences 
(◊).Chromosomal origins of the samples are colour coded (black = X, yellow = 2, blue = 3 
and red = 4. (A) Score plot of the probability normalised analysis of whole chromosome 
data. (B) Score plot of the PLS-normalised 100 kb fragment data. 
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The separate whole chromosome analysis of the three species showed that 
the pentamer and hexamer motifs that are most important in distinguishing 
the F-element can be aligned into longer sequences. Examination of the top 
scoring hexamers clearly shows that they are part of a nonamer in Dm (Fig 
14) and Dy, and of a decamer in Dp. 
 

 
Figure 14. Graph showing the 50 hexamers with the highest loadings in the normalised 
Dm PCA. The combination of the eight hexamers into the nonamer is shown. The two 
hexamers not included in the motif are indicated by open boxes. 
 
Furthermore, in all three species, the sequences commonly occur in pairs. 
The finding that these sequences are strongly enriched in the respective F-
elements could not have been made without analysing the non-normalised 
loadings. We compared the positions of nonamer pairs in Dm to the POF 
staining pattern. The genomic regions with few or no pairs correlate well 
with regions on the F-element that do not bind POF. We conclude that even 
though the method is based on relatively short sequence motifs, it still 
provides a potent means for finding longer and more complex sequence 
motifs that may be linked to features of potential biological relevance.  
 
The use of multivariate methods in genomics makes it possible to analyse 
long genomic sequences and retain local and global information in the 
results. Studies can be performed under supervised or non-supervised 
conditions, using any prior knowledge of the sequences. The use of motifs 
longer than tetramers generates results that are less affected by simple 
sequence repeats, but are still computationally feasible to score. Motifs may 
overlap and form longer sequences with higher discriminatory power, 
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thereby increasing the likelihood of identifying longer and more complex 
sequences than if shorter sequences, e.g. trimers, are used. 
 
A more focused approach for analysing variation in the genome is to study 
SNPs, which are common single base pair variations in the DNA. Large-
scale genotyping studies aimed at identifying disease related genes are now 
conducted by characterising SNPs. The full potential of large-scale genetic 
analysis can be unleashed when analysing populations with extensive 
genealogical records. One successful example is the analysis by DeCode of 
the Icelandic biobank by large-scale genotyping of blood samples in order 
to identify potential drug targets64. The BioBank in Umeå is not as 
genealogically defined as the Icelandic BioBank, but it has the advantage 
that a lot of biomedical measurements have already been performed on the 
patients. The availability of data taken both before and after disease 
development allows methods to be developed for the early diagnosis of 
diseases. 
 
The two major processes that generate genetic diversity are mutation and 
recombination. Mutations can arise as a result of malfunctions in the 
process of DNA replication or as a consequence of exposure of the genome 
to mutagenic agents. The innate rescue system of the genome is very 
efficient in preventing this from happening. Nevertheless, changes in the 
DNA occur from time to time and may lead to the disruption of a coding 
sequence, creating a non-functional protein. Alternatively, such events may 
disturb the regulation of a protein important in the cell machinery. Most of 
the time, changes occur in non-coding DNA, which will not affect any 
function. During recombination, two homologous chromosomes exchange 
genetic material during the formation of eggs and sperm. The extent to 
which two SNPs assort randomly on chromosomes depends on the 
recombination rate. Linkage disequilibrium (LD) is the condition in which 
the frequencies of the alleles in two SNPs in a population deviate from the 
values they would have if the genes at each locus were combined at 
random. High-density, chromosome-wide maps of LD are presently being 
constructed in order to elucidate patterns of ancestral recombination and 
selection, and to facilitate the identification of disease genes for complex 
traits in humans65. These large-scale maps are seen as key components of 
future population-based studies of common diseases66. The evaluation of 
trait associations in the context of local LD is already becoming an essential 
feature in association studies, since interpreting the correlations between 
markers helps to interpret observed patterns of marker correlations with 
disease, to identify efficient sets of ‘tagging’ markers11, 12 and to design 



Multivariate modelling in the central dogma of biology 
 

⎯  48  ⎯ 

more focused studies67. The added LD information should help reduce the 
over- and mis-interpretation of association results, which have been a 
serious hindrance to past association studies68. There are many statistical 
measures of LD69. However, nearly all of the LD measures used in complex 
disease association studies are based on pairs of markers, such as the 
popular D’ and r2 metrics.  
 
In Paper II we describe a software tool, GoldSurfer, for the interactive 
visualization and analysis of LD patterns (Fig 15). The development of this 
software was prompted by the need for a tool for working interactively with 
the different file formats that are generally used for analyzing SNP data. 
The functionality was further expanded to support the calculation of basic 
statistical measurements for SNPs such as LD, Hardy-Weinberg 
disequilibrium, allele frequencies and genotyping failure rates. LD is 
calculated by pairwise comparisons of SNPs, resulting in a symmetrical 
data matrix for each type of LD measurement. Visualisation of LD patterns, 
in the form of colour-coded pairwise matrices (e.g., GOLD70) or coloured 
images of the diagonal and near-diagonal elements of a matrix71 have 
become commonplace72, as it is very difficult to critically interpret large 
matrices of LD coefficients in text form. GoldSurfer extends the two 
dimensional view in GOLD70 to show multiple LD measures in 3D. In 
addition, it allows the presentation of measures relating to the diagonal of 
the matrix, such as allele frequency, recombination rate or disease 
association significance as a ribbon over the 3D profile. GOLDsurfer 
allows real-time inclusion/exclusion of markers by direct selection from a 
menu that displays the allele frequencies, Hardy-Weinberg statistics and 
physical map location of each marker. This is useful, for example, for 
examining LD solely between markers with common or rare alleles, for 
excluding those from outside a specific region of interest, or to emphasise 
particular variant types. If DNA sequence and gene coordinates are 
available (directly from Ensembl or the NCBI database), the program has 
an associated popup that provides views of the coding regions and SNP 
locations. GOLDsurfer facilitates LD analysis of SNP data by offering 
convenient functions for interactively mining data based on statistical 
measurements and selecting data. It also provides a powerful graphical 3D 
representation of LD and annotations. It played a very significant role in 
my work on population-based analysis of LD patterns (manuscript in 
preparation). 
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Figure 15. Screenshots from the GOLDsurfer application for interactive analysis and 
visualization of SNP data, showing in the lower right window a three-dimensional 
graphical display of linkage disequilibrium (LD), in which two blocks of high LD can be 
seen. SNP locations, genes and additional statistics is visualised in the upper right window. 
The panel on the left hand side shows a window linked to the visualisation panels and in 
which selections and inclusions /exclusions can be done interactively.  
 
Traditionally genetic studies have been based on data consisting of a large 
number of samples with few variables (markers) and univariate statistical 
methods have been applied. With genome-wide scans and new efficient 
genotyping tools, datasets in which the number of variables vastly exceeds 
the number of observations are being generated. The binary nature of SNPs, 
with two types of alleles, makes it difficult to use a multivariate approach 
by applying PCA and PLS directly to the raw data. The integration of 
GOLDsurfer into the Evince multivariate platform73 provides a natural 
starting point for pursuing the prospect of multivariate analysis of SNP 
data. One potential application of such analysis would be in relating binary 
SNP data to disease classification using direct PLS analysis. The 
interpretation of loadings may reveal positions in the genome that are 
associated with disease. This analysis will not be straightforward due to the 
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multifactorial mechanisms of diseases, involving many different genes and 
environmental factors. New multivariate solutions need to be developed to 
account for interaction effects. By combining genetic studies with large-
scale quantification of gene expression and protein expression it will be 
possible to link genetic polymorphisms to diseases and thus to design more 
focused genotyping studies. 

8.2. Gene expression, Papers III-IV 

III) Interpretation and validation of PLS-models for microarray data 
IV) What affects mRNA levels in leaves of fieldgrown aspen? A 

study of developmental and environmental influences. 
 

HE ABILITY TO ACCURATELY AND EFFICIENTLY quantify mRNA 
transcription has revolutionized the understanding of biological 

systems and provided invaluable information on the genes involved in 
specific pathways and the ways in which their expression is regulated. Gene 
expression can be measured in a large-scale, high-throughput manner using 
microarray techniques, but data obtained in this way suffers from a trade off 
between quality and efficiency, which becomes evident when the data from 
these studies are compared with those obtained by more 'traditional' means 
such as northern blot analysis and new reference methods such as RT-
PCR74. The ideal data mining strategy for interpreting gene expression data 
depends on the experimental design, but the possible approaches can be 
broadly divided into two categories: coordinated gene-expression and 
differential gene-expression analyses. Coordinated gene-expression 
analysis involves the assessment of variations in the expression of a large 
number of genes over a period of time such as during the cell cycle. 
Differential gene-expression analysis generally involves pairwise 
comparisons between normal/abnormal samples, each characterized by 
thousands of genes.  
 
Microarray expression analysis is a powerful tool in functional genomics, 
where the aim is to assess the functional properties of genes. The basic 
assumptions that genes with similar patterns of regulation under different 
conditions have similar functions and may be involved in the same 
pathways are generally used to assign functional properties to unknown 
genes. This information can then be used to map regulatory networks, to 

T 
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find disease-associated genes (potential drug targets) and to identify 
interacting components.  
 
Another important application is in disease classification/diagnosis based 
on expression profiles. Classifying diseases by analysing expression 
profiles provides a new way of determining the correct treatment and thus 
both increasing the success rate and avoiding toxic side effects. Intensive 
efforts have been made in this field, especially in relation to distinguishing 
between different types of cancer. The expression data in such cases are 
highly complex, with many independent sources of variation. Given the 
wealth of gene expression data from microarray experiments, the use of 
suitable techniques for prediction, classification and clustering are 
important in the analysis and interpretation of data. Since microarray data is 
inherently noisy with a large number of highly correlated variables 
measured in a comparatively small number of samples, it is necessary to 
apply data analysis methods that are well suited for this type of ill-
conditioned data. Many papers have discussed the use of PCA and PLS for 
the analysis of coordinated75 and differential53 gene expression.  
 
In Paper III we described the analysis of a well-studied dataset, including 
expression values for 7070 genes derived from 72 samples from leukaemia 
patients reported by Golub et al76. The samples were taken from bone 
marrow or peripheral blood and classified as type ALL (lymphoid origin) 
or AML (myeloid origin). 
 
The pre-normalized Affymetrix data were divided into a modelling set 
consisting of 38 samples and an independent test set consisting of 34 
samples. A PLS-DA model was calculated to classify samples as ALL or 
AML. The two classes were clearly distinguished in both the modelling set 
and the test set (Fig 16). The predictions of the response for the test set 
samples showed that all test set samples, as well as those of the modelling 
set samples, had been predicted correctly. In the three-component PLS-DA 
model only 33.4% of the variance in the X-matrix (gene-expressions) was 
used, indicating that most of the genes are not related to the response 
(AML-ALL separation) at all. 
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Figure 16. Score plot for the PLS-DA model with all 7070 genes discriminating between 
ALL and AML samples. ▲ – ALL modelling set,    ∆ – ALL test set,   ■ – AML 
modelling set, □ – AML test set 
 
The model was validated by a test in which the indices of the response 
variable were permutated randomly so that the row positions of the 
responses did not agree with those of the rest of the data. The R2Y values 
were equally high in all the permuted models to those in the original model. 
This is not surprising, because when there are so many variables and few 
objects there will always be some variables that are correlated with the 
response. In contrast, the Q2 values were low for all the permuted models, 
indicating that the high Q2 in the model is not the result of a chance 
correlation.   
 
A ranking list of the most important genes for distinguishing between ALL 
and AML was constructed by analysing the loading vector of the first 
component of the single-y PLS-DA model, w1. The w1 vector has been 
successfully used for finding genes whose transcription is coupled to the 
cell cycle75. Another method of ranking genes’ importance would be to use 
the VIP value, which is a summation of the absolute values for all the w-
vectors in a PLS model, taking into account how much variance each 
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component explains. This value has the same drawbacks as the regression 
coefficients, i.e. it takes into account all the components in the PLS model. 
 
In order to find a cut-off value, a new X-matrix was created by column-
wise permutation of the elements (Fig 17). This was repeated ten times so 
that the resulting randomised X-matrix consisted of 70700 variables. This 
was done with both the modelling set and the whole data set, in which the 
modelling and test sets were combined. 
 
Using this new permuted X-matrix with 70700 variables, a new PLS-DA 
model was calculated in which the value of the response variable depended 
on the disease classification. The genes were ranked according to the w1-
values. If we are prepared to accept 0.5% false positives in our ranking list 
then 345 (70700 * 0.005) genes will be classified as related to ALL or 
AML in our random data set.  
 

YY Permuted XOrig X

sorted w1sorted w1 0.5%

 
Figure 17. Schematic overview of the permutation procedure to obtain a cutoff value for 
finding significant genes for separating AML and ALL 
The w1-value for the 345th gene in the randomised model was used as a 
cut-off. 
 
144 genes whose w1 values exceeded this threshold were found using the 
modelling set. Using all the data points, including those from the test set, 
revealed 177 genes with loadings above the threshold value. A comparison 
of the top 144 genes from the modelling set and the top 177 genes from the 
merged dataset revealed that 114 of the 144 genes are also present in the set 
of 177 genes. Thus, the overlap between the two lists is imperfect, since 30 
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genes from the list of 144 are not present in the combined list. This 
suggests that the addition of more observations changes the ranking list, i.e. 
some genes become more important and others less so. Notably, the first 34 
genes in the 144 ranking list were among the 177 genes from the ranking 
list based on all observations.  
 
The difference in the lists may arise from the selection of too many genes, 
from the presence of genes with no power to differentiate between ALL and 
AML samples, or from the possibility that the addition of more samples 
actually adds new information that is not present in the modelling set. This 
dataset was also analysed by Nguyen et al53 who applied a procedure in 
which they used PLS as a dimension reduction step and classification using 
Logistic Discrimination (LD) and Quadratic Discriminant Analysis (QDA). 
They also showed that in some cases PLS outperformed PCA in 
dimensional reduction. 
 
In Paper IV we analyzed the abundance of mRNAs expressed from 11 
nuclear genes in leaves of a free-growing aspen (Populus tremula) tree 
throughout the growing season, i.e. from bud burst to leaf abscission. The 
mRNA levels were measured by northern blot analysis (Fig 18).  
 

 
Figure 18. mRNA levels over the growing season as quantified by northern blot analysis.  
 
We used multivariate projection methods to determine the influence of 
environmental factors (i.e. the weather before sampling) and developmental 
responses to seasonal changes at the mRNA level for each of these genes. 
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Twenty-five weather descriptors, including a variable describing the 
number of days since the first day of harvesting, were used in the X-block 
and the normalised expression for each of the 11 genes constituted the Y-
block. The application of multivariate methods, such as PLS made it 
possible to describe mRNA levels as functions of developmental and 
environmental factors. The resulting function, or model, is empirically 
estimated from the experiments throughout part or all of the season. Thus, 
genes can be classified not by their mRNA expression profile in each 
experiment, but rather by the developmental and environmental factors that 
best explain their mRNA levels. To our knowledge, this is the first study in 
which multivariate statistics have been used to study gene expression in 
plants grown under natural conditions in the field.  
 
A PCA time series analysis was performed using the normalized mRNA 
levels for all the genes throughout the season. Seasonal changes in gene 
expression were detected in the score plot for the first two principal 
components, explaining 26% and 23% of the variance, respectively. Data 
related to each of the different phases of the season (pregrowth, growth, 
production and senescence) clustered as separate regions in the scatter plot 
(Fig. 19).  
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Figure 19. Scatter plot of the first two score vectors from the principal component analysis 
of the expression levels of the 11 quantified genes measured over the growing season. The 
different phases of the season – pregrowth (PG), growth (G), production (P) and 
senescence (S) – were clustered as different interconnected regions in the score plot. 
An individual PLS model using the gene expression as single y response 
was calculated for each of the genes in order to determine how it was 
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regulated (Fig 20). It was not possible to derive a model that was valid for 
the whole season for any of the genes. Presumably, mRNA levels depend 
on different mechanisms in the different developmental phases, so different 
variables are important in different phases. Thus, it was necessary to 
develop local models covering shorter time periods. In each case, we used 
the simplest PLS model possible, covering the longest period possible, so 
as to exclude developmental and environmental factors that did not appear 
to influence the gene’s mRNA levels from the final PLS model.  
 
The mRNA levels of all 11 genes exhibited considerable variation, and it 
was possible to identify the factors that correlated most strongly with the 
expression level (and therefore probably regulate the expression) of seven 
of the genes. Of these seven genes, three were regulated primarily by 
environmental conditions and four by developmental state. One of the 
genes could not be modelled, but visual inspection of its expression profile 
strongly suggested that it was developmentally regulated, since it was 
expressed only during the growth phase. The influence of variables in each 
of the PLS models was assessed by examining the w1 loadings. For the 
developmentally regulated genes, the day variable was the single most 
important factor. By contrast, the genes whose expression was primarily 
environmentally-regulated were found to differ in terms of both the number 
of variables included in the final models and the variables that were the 
most influential. 
 

 
Figure 20. Observed/predicted plots and variable weight plots from the individual PLS 
models for (A) a mainly developmentally regulated gene and (B) a mainly environmentally 
regulated gene. 
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One interesting finding was that the weather conditions of the previous day 
could be as important as, or even more important, than those of the current 
day. The expression of three of the genes did not appear to be correlated 
strongly enough to weather or developmental phases to be modelled using 
this approach. Our findings were supported both by previously reported 
results as well as proposed new hypothesis to be addressed in more specific 
studies. It is generally accepted that the levels of expression of genes 
involved in homeostasis and housekeeping are relatively stable, so levels of 
these genes are commonly used for the normalisation of microarray studies. 
In this work, it was found that the expression levels of these genes are not 
as static as expected. The PLS models are local and should be seen as an 
internal characterisation of these data; they are not useful for external 
predictions. 

8.3. Protein expression, Paper V 

V) Changes in protein expression in experimental malignant glioma 
following radiotherapy  

 
ENE EXPRESSION IS OFTEN MEASURED AS a way of monitoring 
protein levels. This raises a fundamental question: how do 

transcriptional responses relate to cellular protein abundance? That is, to 
what extent does the pattern of gene expression, which reflects RNA 
transcription and degradation rates, correlate with the corresponding protein 
levels, which are also influenced by post-translational mechanisms? A 
limited number of studies indicate that the correlation across large data sets 
is generally modest77, 78. Thus RNA and protein analyses should be seen as 
complementary approaches for elucidating the dynamics of a biological 
system. Recent advances in MS technology are starting to enable high-
throughput profiling of the protein content of complex biological samples. 
The data generated within proteomics today consists of mass spectra of 
complex matrices such as blood serum. Proteomics has been recognized as 
a major contributor to efforts to elucidate disease pathways and discover 
biomarkers for drug development. One goal of such studies is to identify 
biomarkers that can serve as diagnostic tools for disease progression and 
susceptibility, as well as for monitoring pharmacological responses. The 
use of protein profiling measurements for multivariate prediction may 
prove to be as robust and sensitive as using a single biomarker. A particular 
area of interest for large-scale, post-genomic data analysis is in analyses of 

G 
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tumour samples within cancer studies20. Cancer arises from multiple 
spontaneous and/or inherited mutations affecting the networks that control 
central cellular events. The evolving states of prostate (and other) cancers 
are reflected in dynamically changing expression patterns of the genes and 
proteins within the diseased cells5. A number of studies have shown the 
power of combining computational methods and measurements of protein 
profiles by MS.  
 
In Paper V we conducted a study to analyse the effect of radiation 
treatment on brain tumour tissue samples by combining protein profiling by 
SELDI-TOF-MS and multivariate techniques. The work was based on an 
experimental design using a rat model79. The animals had identical genetic 
backgrounds and were bred in a controlled environment. This minimized 
the heterogeneity that usually characterizes biological systems and focused 
the study on its intended target. The design employed was a full factorial 
design with two factors, Tumour/Normal and Radiation-Treated/Control. 
Tumorous animals were implanted with a malignant glial tumour. 
Radiation-treated (RT) animals received radiotherapy 12 days after tumour 
implantation. Three animals from each group were sacrificed on days 1, 5, 
7 and 12 after irradiation. Animal models can be invaluable for elucidating 
biological systems, but such experiments are not devoid of ethical 
implications. The experiments were approved by Umeå University animal 
research ethics committee. Animals were characterized as triplicates of 
three different tissue samples each measured by SELDI-TOF-MS. A 
common two-step approach for analysing spectral data in proteomic studies 
involves first extracting and quantifying the peaks, then analyzing the 
resulting matrix of peak quantification. In this work we performed 
multivariate analysis directly on binned, baseline-subtracted and normalised 
whole spectra. Scaling spectral data for unit variance will lead to the 
identification of peaks with concentrations below the detection level of the 
instruments and will therefore model noise. By performing both 
unsupervised modelling (PCA) and supervised modelling (PLS-DA) on 
centred data it was possible to distinguish between tumorous and normal 
samples on each day, without any misclassification. These analyses were 
performed on both control and rt-samples with similar results. A selection 
of plots presenting the results from this analysis performed on day 12 
control samples is shown in figure 21. 
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Figure 21. PLS-DA analysis modelling of the differences in protein profiles measured by 
SELDI-TOF-MS between normal brain tissue (grey) and tumorous brain tissue (black). (A) 
PLS scores t1 vs. t2. Q2Y(cum) = 0.96 for the first two components. (B) first dimension 
PLS loadings (w1) plotted against mass variables. (C) mean spectrum from all nine spectra 
generated from the normal tissue samples. (D) mean spectrum from all nine spectra 
generated from the tumorous tissue samples. The shading of the bars under the spectra in 
(C) and (D) indicate the sign and magnitude of the w1 values: black corresponds to high 
positive w1-values (i.e. parts of the spectra where the tumour samples’ spectra display 
substantially higher relative intensities than the normal samples’ spectra), white 
corresponds to high negative w1-values (i.e. parts of the spectra where the normal samples’ 
spectra have substantially higher relative intensities) and gray corresponds to low w1 
values. 
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To analyze tumour progression over time, PCA was applied to MS data 
obtained from glioma tissue samples from treated and untreated animals 
sacrificed 1, 5, 7 and 12 days following irradiation (Fig 22).  
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Figure 22. PCA-detected time trends in protein expression during tumour progression for 
radiation-treated samples (×) and control samples (□). Samples from different time points 
are indicated in grayscale, with day 1 the darkest coloured and day 12 the lightest. 
 
The first two principal components reveal a distinct time trend in protein 
profiles, associated with the tumour’s ongoing growth and development. 
Comparison of treated and untreated samples from days 1 and 12 also show 
a clear separation between the groups; the protein profiles from the 
untreated samples from day 1 more closely resemble those from day 5 than 
the treated ones do. Similarly, the protein profiles from the treated samples 
from day 12 display a closer resemblance to the protein profiles from day 7 
than the untreated ones do. The profiles from days 5 and 7 display similar 
tendencies, albeit less clearly. These results suggest that tumour 
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progression is retarded by radiation treatment. The trajectory of the 
temporal trend shows a curvature, indicating that there is non-linearity in 
the data. Interpretation of the important variables in this study would have 
necessitated the use of a method such as non-linear mapping capable of 
handling the non-linearity in the data. It would have been impractical to 
expand the dataset by its square and cubic terms80 or to bin the variables by 
the GIFI approach81 due to the large number of variables. The use of 
hierarchical PCA and PLS modelling can facilitate the analysis and 
interpretation of large datasets with different variable blocks and may also 
make it possible to account for non-linearities by expanding the dataset by 
the squares and cubes of its latent variables82. 
 
To find regions of interest (ROIs) in the protein profiles that were 
influenced by radiation treatment, a new data mining approach was applied, 
focusing on protein profiles from day 12, which showed the biggest 
differences between treated and control samples. In regions where notable 
differences between the two compared groups were detected by 
multivariate analysis, further univariate investigations were conducted. 
These analyses were repeated for both the low and high mass regions of the 
pellet and supernatant fractions of the tumour tissue samples. By studying 
the loadings obtained via the applied multivariate methods and relating 
them to the spectral profiles, it is possible to determine which variables are 
most important for distinguishing between groups. In this work we 
identified spectral ROIs as parts of the spectrum where the m/z-variables 
had relatively high absolute w1 loadings. Within each ROI we identified 
protein peaks, defined as m/z-variables where the mean protein profile 
curve had a local maximum. For any given ROI with positive w1-values, 
peaks were identified in the mean spectrum for the treated samples. In ROIs 
with corresponding negative w1-values, the mean spectrum for the control 
samples was used to identify peaks. The extracted peak intensity values for 
the treated and non-treated groups were compared. Since each of the groups 
consisted of samples from only three animals, each analyzed in triplicate, it 
was necessary to confirm that the observed differences between the groups 
were results of the treatment and not simply consequences of differences 
between animals. This was done using a nested linear model with fixed 
effects comparing treatment effects only, with a full model allowing 
differences between rats. When there was little evidence for a difference 
between individuals (p > 0.1), t-test statistics were applied to assess the 
difference between the treated and control groups. Conversely, when there 
appeared to be a difference in peak intensity between different individuals 
(p < 0.1), the differences between the two groups was investigated using a 
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linear mixed effects model. A number of peaks were identified that showed 
statistically significant differences in intensity between treated tumours and 
control tumours. We believe that there may be (a) potential marker(s) 
among the 83 identified peaks for the efficacy of radiation treatment of 
malignant glioma.  
 
The biological interpretation of results from the analysis of proteomic data 
is necessarily different from the interpretation of microarray data because it 
is necessary to subject each peak of interest to further biological 
characterization, whereas in microarray analysis the biological 
characterization is a crucial step in the design of the assay. On the other 
hand, microarrays can only detect transcripts with a counterpart on the chip, 
although this limitation is rapidly being overcome by technological 
advances, improved gene prediction algorithms and the completion of 
genome sequencing projects. The resolution of proteomic analysis by MS is 
somewhat limited in terms of the relative number of features that can be 
identified. This limitation can be overcome to some extent by incorporating 
separation techniques such as gas chromatography (GC) and liquid 
chromatography in the analysis. Our work was focused on analysing tissue 
samples from a controlled animal model. Intense efforts are focused on 
finding diagnostic models for early disease detection based on MS analysis 
of, for example, blood and plasma samples. This may be significantly more 
difficult than the work presented here because the potentially useful 
biomarkers may only be present at concentrations below the limits of 
detection of modern instruments. 
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9. Concluding remarks and future 

perspectives 
 

HE PAPERS PRESENTED IN THIS THESIS show that multivariate 
methods can be applied to the analysis of data related to each of 

the steps of the central dogma of biology. 
 
Genomic sequences 
In Paper I we successfully analysed genomic sequence information by 
combining multivariate statistics with cytological observations and full 
genome annotations. This strategy facilitated the analysis of large amounts 
of sequence data with both global and local interpretation of the results. In 
Paper II, we described a software tool, GOLDsurfer, for the interactive 
graphical analysis of SNP data.  
 
Gene expression 
In Papers III and IV we analysed both small scale (northern blot) and large 
scale (microarray) gene expression data by PCA and PLS, using transcript 
levels to classify disease states and to quantify the influence of 
environmental and developmental factors.  
 
Protein expression 
In Paper V we used PCA and PLS to analyse protein profiles measured by 
SELDI-MS-TOF in order find potential biomarkers for the efficacy of 
radiation treatment of brain tumours. 
 
The applications illustrated here are just examples of the ways multivariate 
methods can be used for the analysis of biologically related data. While the 
results obtained highlight the promise of such methodology for data 
analysis, they also pinpoint some of the risks associated with the analysis of 
large-scale biological datasets. 
 
The experimental techniques described can easily generate vast amounts of 
data. Due to the dynamic nature and heterogeneity of biological systems 
and the limitations in the robustness and sensitivity of the methods used, 

T 
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such data often contain a lot of noise. When analysing noisy data with 
many variables, it is important to validate models to ensure that they are not 
overfitted and that erroneous conclusions are not drawn on the basis of 
stochastic effects. 
 
The biological interpretation of the results can be improved by presenting 
data in an appropriate context, making use of relevant publicly available 
information. Additional information can also be used in the computational 
phase for supervised analysis. One example involves the visualisation of 
genes as an interconnected network reflecting their relationships and using 
colours and shapes of the nodes to show biological annotations from Gene 
Ontologies (GO) and/or PCA-loadings. Biologists want to have results 
presented in formats to which they are accustomed, so in Paper V we 
decided to visualise the influence of variables in models using a gel-view.  
 
The analysis of results from NMR and MS experiments is a traditional part 
of analytical chemistry; a discipline in which numerous publications have 
testified to the broad utility and power of multivariate methods. Sequence 
information is more static than the dynamically changing concentrations of 
macromolecules and is regulated on an evolutionary timescale. 
Nevertheless, sequence data present the greatest problems for multivariate 
analysis. Multivariate methods lack the flexibility to deal with alignment 
problems and should be adapted for more dynamic modelling in order to be 
generally applicable to sequence analysis. Transformation of data using AC 
and ACC are useful to some extent but are of limited utility for 
interpretation. As a follow-up to Paper I, we have applied a Markov Chain 
Monte Carlo (MCMC) approach for finding even more discriminative 
sequence signatures (work in progress). 
 
The high redundancy in biological systems, in which different constituents 
often have the same or similar functional roles, and the multifactorial origin 
of diseases, pose great challenges for data analysis. 
 
Multivariate methods have traditionally been applied in process analytical 
sciences for modelling the dynamics of multivariate systems. Combining 
concepts such as batch modelling and time series analysis with the cross 
referencing and informatics aspects in computational molecular biology 
shows great promise.  
 
In the work underlying this thesis I focused on analysing the separate levels 
individually. The next step is to compare data matrices from different levels 
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of the central dogma. The use of O2PLS allows different types of data to be 
compared directly. With this method it will be possible to determine the 
information that is accounted for in both blocks and the information that is 
uniquely described in the separate blocks. This could be useful for 
elucidating the connections between protein profiles and gene expression 
levels. When analysing different blocks of data with traditional PLS, it is 
necessary to apply hierarchical modelling to individually scale the different 
types so that no data block will influence the model more than the others 
due to its format. 
 
Fulfilling the potential of multivariate approaches to computational 
molecular biology will require the application of 'ground-up' multivariate 
strategies, starting with a multivariate experimental design.
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Abstract
Background: All eukaryotic organisms need to distinguish each of their chromosomes. A few
protein complexes have been described that recognise entire, specific chromosomes, for instance
dosage compensation complexes and the recently discovered autosome-specific Painting of Fourth
(POF) protein in Drosophila. However, no sequences have been found that are chromosome-
specific and distributed over the entire length of the respective chromosome. Here, we present a
new, unbiased, exhaustive computational method that was used to probe three Drosophila genomes
for chromosome-specific sequences.

Results: By combining genome annotations and cytological data with multivariate statistics related
to three Drosophila genomes we found sequence signatures that distinguish Muller's F-elements
(chromosome 4 in D. melanogaster) from all other chromosomes in Drosophila that are not
attributable to differences in nucleotide composition, simple sequence repeats or repeated
elements. Based on these signatures we identified complex motifs that are strongly
overrepresented in the F-elements and found indications that the D. melanogaster motif may be
involved in POF-binding to the F-element. In addition, the X-chromosomes of D. melanogaster and
D. yakuba can be distinguished from the other chromosomes, albeit to a lesser extent. Surprisingly,
the conservation of the F-element sequence signatures extends not only between species separated
by approximately 55 Myr, but also linearly along the sequenced part of the F-elements.

Conclusion: Our results suggest that chromosome-distinguishing features are not exclusive to the
sex chromosomes, but are also present on at least one autosome (the F-element) in Drosophila.

Background
Eukaryotes need to distinguish their individual chromo-
somes in several essential processes. For example, homol-
ogous chromosomes must be aligned during meiosis and
the nuclear positioning of specific chromosomes in inter-

phase is conserved, controlled and important for correct
gene expression [1,2]. Therefore, there must be certain
molecules, most likely proteins, that recognise chromo-
some-specific features. However, few protein complexes
that recognise a specific chromosome and bind at
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multiple points along its entire length are known. One
example is the MSL ribonucleoprotein complex of Dro-
sophila melanogaster, a dosage compensation factor that
equalises expression of sex-linked genes between males
and females – an essential process in animals with an XX-
XY mode of sex determination [3-5]. In this species an
autosome-specific protein has also been discovered; the
Painting of fourth (POF) protein, which binds exclusively
to the 4th chromosome [6]. The chromosome specificity of
POF and MSL appears to have been conserved for a long
period of evolutionary history, suggesting that chromo-
some-specific identifying features have also been con-
served and have functional significance in Drosophila [7].
The fact that individual chromosomes can be uniquely
targeted raises questions about how they are recognised.
There are no known DNA targets that direct the binding of
either the MSL complex or POF, and no sequences have
previously been found that are chromosome-specific and
distributed over its entire length.

The development of appropriate computational methods
is essential for linking functions to linear sequences. The
toolbox for finding cryptic and complex sequence targets
is still developing and most algorithms require extensive
optimisation or a known motif [for a review of current
methods see [8]]. Standard methods, e.g. BLAST and
alignment approaches used in these kinds of analyses
have several limitations, for instance they are neither
exhaustive nor unbiased. To circumvent these limitations,
Brāzma et al. [9] successfully combined a pattern discov-
ery algorithm with clustering of expression data to predict
gene regulatory elements in yeast [see also [10]]. We
present here an alternative way to analyse large amounts
of sequence data using multivariate statistics, combined
with cytological observations and full genome annota-
tions, to find sequence signatures composed of combina-
tions of sequence motifs correlated to chromosomal
regions without imposing any predefined assumptions.
The multivariate approach is efficient in finding weak sig-
nals in large amounts of data. The method is neither
biased nor heuristic, but still very fast. Abe et al. [11] used
a related approach to study large-scale differences
between distant genomes, and Bultrini et al. [12] used
sequence motifs and multivariate statistics to find vocab-
ularies defining intron regions in Drosophila melanogaster
and Caenorhabditis elegans. In the study reported here, our
aim was to use a multivariate approach to identify
sequence signatures correlated to chromosome identity in
Drosophila, and if possible link these signatures to func-
tion. The D. melanogaster genome sequence (release 3)
[13] and its annotation (release 3.2) [14] have been thor-
oughly revised since their first releases and the cytology of
the salivary gland polytene chromosomes (X, 2, 3, 4) pro-
vides a powerful tool for genome studies. Although the D.
yakuba (2004-04-07 assembly) and D. pseudoobscura

(Freeze 1) genome assemblies are not as complete as that
of the D. melanogaster assembly, they provide valuable
resources for attempts to identify conserved, potentially
functional sequences. The three Drosophila species exam-
ined in this study (D. yakuba, D. pseudoobscura and D. mel-
anogaster) all belong to the Sophophora subgenus and are
hereafter referred to as Dy, Dp and Dm, respectively. Dm
and Dy both belong to the melanogaster species group and
Dp to the obscura species group. Dm and Dy are separated
by approximately 12.8 Myr and they are both separated
from Dp by roughly 54.9 Myr [15].

Results
Whole chromosome analysis
To construct data sets for a whole genome analysis, we
scored all positions of all possible di-(16), tri-(64), tetra-
(256), penta-(1024) and hexa-mers (4096) in the genome
sequence of Dm, Dy and Dp. PCA (Principal Component
Analysis) of the scores clearly separated the Muller's F-ele-
ments (the term F-element is used here because this chro-
mosome is the 4th in Dm/Dy and the 5th in Dp [16]) from
all other chromosomes along the first component (Figure
1A). The second component discriminate the non F-ele-
ment chromosomes into two groups: one containing Dp
chromosomes and the other containing the Dm/Dy chro-
mosomes (Figure 1A). The same pattern was observed
when the di-, tri-, tetra-and penta-mers were analysed
(data not shown). However, a large amount of the varia-
tion in the first component can be explained by differ-
ences in nucleotide composition between the
chromosomes (Figure 1B, Table 1). The sequence motifs
that most strongly distinguish the F-elements contain
only A/T nucleotides and are not very complex. To deter-
mine if more complex motifs can be used to separate the
chromosomes, we need to remove most of the variation
caused by the inequalities in their A/T contents. This was
accomplished by dividing all scores by the expected
scores, based on the chromosomal base composition. We
then normalised the scores for all di-, tri-, tetra-, penta-
and hexa-mer sequence motifs. After this normalisation
the chromosomal separation was almost identical to the
separation seen in the non-normalised PCA (Figure 1C
shows results from the tetramer analysis) except when
using penta-and hexamers.

Analysis of the sequence motifs shows that the F-element
separation is no longer solely explained by A/T motifs
(Figure 1D). In the analyses using penta-and hexa-mer
motifs the Dp F-element is more similar to the non F-ele-
ment chromosomes and the Dm/Dy F-elements separates
more from each other (data not shown). The reason for
this became clear when the different genomes were sepa-
rately analysed. In all three species, the F-element sepa-
rated from the other chromosomes along the first
component, regardless of the motif length used (results of
Page 2 of 17
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Results of the PCA of whole chromosome sequences from Dm (❍ ), Dy (�) and Dp (+)Figure 1
Results of the PCA of whole chromosome sequences from Dm (❍ ), Dy (�) and Dp (+). Chromosomes are colour-coded, as 
follows (according to the Dm numbering: black = X, yellow = 2, blue = 3 and red = 4). L and R stand for the left and right arms 
of the metacentric chromosomes, respectively. (A) Score plot (R2 = 0.87) of the non-normalised hexamer analysis. (B) Load-
ing plot of the analysis in (A). (C) Score plot (R2 = 0.84) of the normalised tetramer analysis. (D) Loading plot of the analysis in 
(C). The colouring of the hexamers in (B) and (D) is proportional to the A/T content. Pink is all A/T and blue is all G/C.
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the hexamer analysis are shown in Figure 2). In Dm/Dy
the X chromosome was separated from the other chromo-
somes by the second component, although less markedly
than the F-element. Interestingly, the left arm of chromo-
some X in Dp separates in the second component while
the right arm clusters closer to the other chromosomes.
This is in agreement with the hypothesis that the right arm
of Dp X is a later addition [15]. The left arms of Dm X, Dy
X and the Dp X are separated by the same hexamers. Many
of the motifs causing the strong separation of the F-ele-
ments are the same in all three species. The top scoring
penta-and hexamers can easily be aligned into longer
motifs (Figure 3 shows results from the Dm hexamer anal-
ysis), all of which are supported by hexamers in both
sense and anti-sense orientation.

For further analysis, we excluded parts of the longer motifs
supported by only sense or only anti-sense hexamers. It
should be noted that after the hexamers included in the
longer motifs, there was a clear drop in loading (Figure 3).
This suggests that a longer motif causes overrepresenta-
tion of the top scoring hexamers in the F-element. To ver-
ify the existence and overrepresentation of these predicted

longer motifs, we counted their numbers on all
chromosomes. The longer motifs are clearly more com-
mon on the F-elements compared to the other chromo-
somes (Table 2). In Dm/Dy the F-element motif is the
same, but in Dp the motif is different (Table 2). We find
the hexamers forming the longer motifs only in the nor-
malised analysis. Our normalisation procedure assumes a
random distribution of all nucleotides. If the nucleotide
frequencies on, e.g. the Dm F-element would be highly
influenced by micro satellites or more complex repeats, it
would make the normalisation assumption invalid. How-
ever, this is not the case. When we removed all simple
sequence repeats using Tandem Repeats Finder [17] or
both simple and complex repeats using RepeatMasker
[18] the chromosomal nucleotide compositions stayed
roughly the same (Table 1).

Since Dm is by far the most intensively studied of the three
species we concentrated our efforts on the nine base pair
long motif found in the Dm F-element. Strikingly, in the
F-element this nonamer is often found in pairs, i.e. two
sense or two anti-sense nonamers are often situated close
to each other. Furthermore, when we plotted the distances

Table 1: The length, number of N and A/T content of all chromosomes used in this study.

Original 
sequence length

% N % A/T % removed by 
Tandem 

Repeats Finder

% A/T after 
Tandem 

Repeats Finder 
masking

% Removed by 
RepeatMasker

% A/T after 
RepeatMasker 

masking

Dm
X 21780003 0.10 57.42 2.12 57.34 8.80 56.55
2L 22217931 0.01 58.08 0.81 58.07 6.59 57.54
2R 20302755 0.02 56.55 0.91 56.54 7.88 56.05
3L 23352213 0.05 57.92 0.87 57.93 6.77 57.36
3R 27890790 0.00 57.08 0.68 57.07 5.33 56.60
4(F) 1237870 0.08 64.71 1.17 64.53 26.70 64.58

Dy
X 21591847 3.28 56.73 3.45 56.58
2L 22678881 1.31 57.19 1.56 57.18
2R 21288905 1.39 56.74 1.33 56.75
3L 24977971 2.19 57.57 1.57 57.57
3R 29717196 1.88 56.81 1.47 56.82
4(F) 1395135 2.16 64.53 3.38 64.51

Dp
XL 24630256 4.10 54.22 2.86 54.33
4 26108043 3.64 55.99 2.31 56.02
3 19738113 3.41 53.52 1.50 53.61
XR 24186629 3.87 53.76 3.63 53.96
2 25998849 3.13 55.10 1.86 55.15
5(F) 849497 25.81 61.45 1.02 61.42

The percentages of base pairs removed by Tandem Repeats Finder and RepeatMasker as well as the A/T content of the remaining sequences are 
also given. The Dp chromosomes are listed in the same order as the corresponding Dm chromosomes.
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Results of the separate, normalised, whole chromosome PCA of the three genomes using hexamersFigure 2
Results of the separate, normalised, whole chromosome PCA of the three genomes using hexamers. Chromosomes are col-
our-coded, as follows (according to the Dm numbering: black = X, yellow = 2, blue = 3 and red = 4). L and R stand for the left 
and right arms of the metacentric chromosomes, respectively. (A) Score plot (R2 = 0.97) of the Dm analysis. (B) Loading plot 
of the analysis in (A). (C) Score plot (R2 = 0.99) of the Dy analysis. (D) Loading plot of the analysis in (C). (E) Score plot (R2 = 
0.92) of the Dp analysis. (F) Loading plot of the analysis in (E). The colouring of the hexamers in (B), (D) and (F) is propor-
tional to the A/T content. Pink is all A/T and blue is all G/C.

Dm2L

Dm2R

Dm3L

Dm3R

Dm4

DmX

0

5

-5 0 5 10 15

t[
2

]

t[1]

AAAAAA

AATTAA

ACACAC

ACGCCC

AGCAGC

ATATAT

ATTTAT

CACACA

CACGCC

CAGCAG

CAGCCA

CCCCCC

CCGCCG CGCCCA
CGCCGC

CGTGGC

GCAGCA

GCATTT

GCCCAC

GCCGCC

GCGTGG

GGCAGC

GGCGGC
GGCGTG

GGGCGT

GGGGGG

GTGGGC

GTGTGT

TATATA

TGGCCA

TGGCTG

TGGGCG

TGTGTG

TTAATT

TTTTTT

0

0.1

0.2

0.3

-0.1 0 0.1 0.2 0.3

p
[2

]

p[1]

Dy2LDy2R

Dy3L Dy3R

Dy4

DyX

0

7.5

-7.5 0 7.5 15 22.5 30

t[
2

]

t[1]

AAAAAA

ACACAC

ACCGCC ACGCCC

ACGGAC

AGCAGC

ATATAT

CACACA

CACGCC

CAGCAG

CCACGC

CCCACA

CCCCCC

CCGCCC
CGCCCA

CGTGGC

CTGCTG

CTTGGC

GAGCTG

GCAGCA

GCAGCC

GCCACG
GCCAGC

GCCCAC

GCCGCC

GCGTGG

GCTGCT

GGCGGT GGCGTG

GGGCGG

GGGCGT

GGGGGG

GTCCGT

GTGGGC

GTGTGT

TATATA

TCCGTC

TGCTGC

TGGCTG

TGGGCG

TGTGTG

TTGGCC

TTTTTT

0

0.075

0.15

0.23

0.3

-0.075 0 0.075 0.15 0.23 0.3

p
[2

]

p[1]

Dp2

Dp3

Dp4

Dp5

DpXL

DpXR

-5

0

5

-5 0 5 10 15

t[
2

]

t[1]

AAAAAA

ACACAC

ACATAC

ACATATAGAGAG
AGCAGC

AGGCAG

AGGGGG

ATACAT

ATATAT

ATATGT
ATCGAT

ATGTAC

ATGTAT

CACACA

CAGCAG

CATATG

CCCCCC

CCGCCC
CCTGCC

CGCCCC

CTCTCT

CTGCTG

GAGAGA

GAGGAG

GCCCCC

GCTGCT

GGGGCA

GGGGGA

GGGGGG

GTACAT

GTATGT

GTGTGT

TACATA

TATATA

TATATG

TATGTA

TCCCCC

TCTCTC

TGCCCC

TGCTGC
TGTACA

TGTATA

TGTATG

TGTGTG

TTTTTT

-0.2

-0.1

0

0.1

0.2

-0.2 -0.1 0 0.1 0.2

p
[2

]

p[1]

A

B

C

D

E

F

Page 5 of 17
(page number not for citation purposes)



BMC Bioinformatics 2005, 6:158 http://www.biomedcentral.com/1471-2105/6/158
between the 192 motifs in the F-element we found that
three different distances between them are overrepre-
sented. Considering the 192 nonamers as 91 pairs, nine
are separated by 17 (± 2) bp, 13 by 28 (± 1) bp and 10 by
79 (± 3) bp. In the subsequent analyses, we defined a pair
as two nonamers separated by no more than 146 bp.
According to this definition, 51% of the nonamers are
organised in such pairs. The remaining nonamers seem to
be randomly distributed in relation to each other. Only
one pair on the entire F-element consists of one sense and
one antisense nonamer. The nonamer pairs are even more
enriched on the F-element than the nonamer (Table 2). To
assess whether this frequency of pairs is higher than
expected by mere chance we randomised the positions of
all 192 nonamers in a simulation repeated 10 million
times, and calculated the number of pairs in each case.
Since less than 51% of the nonamers were paired in every
run, we conclude that the observed nonamer pair fre-
quency significantly exceeds the expected frequency. This
strongly suggests that the nonamers exist in pairs, are
important for the separation of the F-element in Dm and
might confer a selective advantage. The Dy nonamers and
Dp decamers also occur in pairs (Table 2).

One of the atypical features of the Dm F-element is the
specific binding of the protein POF. To determine if the
nonamers or nonamer pairs are correlated to the binding
of POF to the F-element, we mapped POF binding sites on
polytene chromosomes (Figure 4A,B). It is difficult to
map polytene bands beyond cytological position 102E5
so we limited this analysis to the region 102A-102E5.
Comparison of the sequence positions of the nonamer
pairs (Figure 4C) with the staining pattern of POF protein
on the polytene F-element (Figure 4B) showed that
regions with few or no pairs correlate well with regions
lacking POF binding. The genomic sequence correspond-
ing to the cytological regions that do not bind POF com-
prises 59% of the sequence from positions 1 to 830,000.
79% of the nonamer pairs and 61% of the nonamers are
located outside these regions. We tested the significance of
these results in a simulation, repeated 10 million times, in
which we randomised the positions of the nonamers and
the nonamer pairs. In all of these simulations the number
of nonamers or pairs was lower than the observed num-
bers in the POF-binding regions.

The separation of the X chromosome seen in Figure
2A,C,E is due to simple sequences such as An, Tn, C/An and

Graph showing the 50 hexamers with the highest loadings in the normalised Dm PCAFigure 3
Graph showing the 50 hexamers with the highest loadings in the normalised Dm PCA. The combination of the eight hexamers 
into the nonamer is shown. The two hexamers not included in the motif are indicated by open boxes.

0

0,02

0,04

0,06

0,08

0,10

0,12

0,14

0,16

0,18

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50

Hexamers Loading
tgggcg 0,1649
gggcgt 0,1646
gtgggc 0,1432
acgccc 0,1264
ggcgtg 0,1245
cgccca 0,1151
cgtggc 0,0916
cacgcc 0,0906
gcccac 0,0890
gcgtgg 0,0799
cggaca 0,0628
ggcgtt 0,0628
gggcgg 0,0609
tgtccg 0,0601
ccacgc 0,0601
acccgt 0,0577
gggcgc 0,0576
ccgtcc 0,0568
tacccg 0,0567
gccacg 0,0562

c g t g g c

g c g t g g

5' 3'G T G G G C G T G

3' 5'C A C C C G C A C

t g g g c g
cg g

g g
g t

c
g

g t g

c c c g c a
a c c c g c

c c g c a c
c a c c c g

g g c g t g
Page 6 of 17
(page number not for citation purposes)



BMC Bioinformatics 2005, 6:158 http://www.biomedcentral.com/1471-2105/6/158
G/Tn repeats in both the non-normalised and the normal-
ised analysis. This finding is in agreement with in situ
hybridization data showing that C/An and G/Tn repeats are
common on the X chromosome [19]. Positions of the hex-
amers that separate chromosome X show no clear correla-
tion to the binding sites of the MSL complex defined by
Demakova et al. [20] (data not shown).

In an effort to determine the origin of the sequences caus-
ing the chromosomal separation in Dm seen in both the
non-normalised and normalised PCA we repeated the
analysis on three additional data sets. To evaluate the con-
tribution of simple sequence repeats we masked the
genome using Tandem Repeats Finder [17] and to evalu-
ate the contribution of both simple and more complex
repeats we used RepeatMasker [18]. We also merged all
exon sequences of the different chromosomes. We then
analysed the four datasets simultaneously, both with and
without normalisation (Figure 5). The resulting plots
show that the enrichment of simple A/T rich sequences on
the F-element (seen in the non-normalised PCA, Figure
1B) cannot be explained by differences in repetitive ele-
ments. These sequence signatures were not removed by
masking simple or more complex repetitive elements,

Table 2: The number of longer motifs and pairs of motifs per 
Mbp on the different chromosomes.

F-element 
motifs / Mbp

Pairs / Mbp Sum of included 
hexamers / Mbp

Dm gtgggcgtg/cacgcccac
X 55.8 4.5 2069.1
2L 42.4 2.6 1770.3
2R 44.1 3.1 1926.8
3L 39.5 2.3 1761.3
3R 36.7 1.3 1867.7
4(F) 154.4 39.6 1875.7

Dy gtgggcgtg/cacgcccac
X 74.4 17.8 2247.3
2L 115.9 51.6 2319.5
2R 111.2 47.8 2337.3
3L 90.6 36.7 2132.7
3R 116.4 53.4 2399.1
4(F) 597.1 325.3 4810.2

Dp tacatatgta
XL 102.5 16.4 3269.7
4 44.8 4.1 2319.1
3 66.2 6.8 2588.3
XR 56.2 5.5 2408.1
2 41.5 3.7 2313.3
5(F) 244.3 23.8 6890.8

The sum of the hexamers making up the longer motifs per Mbp are 
also given.

Localisation and mapping of POF on salivary gland F-element in DmFigure 4
Localisation and mapping of POF on salivary gland F-element 
in Dm. (A) F-element stained with DAPI, showing cytological 
map positions. (B) F-element stained with anti-POF antibody. 
White lines indicate regions with weak POF staining. (C) 
Number of nonamers (grey) and nonamer pairs (black) per 
10 kbp. The x-axis scale is in 100 kbp. White areas indicate 
regions of weak POF staining seen in (B). The sequence posi-
tions of the polytene chromosome bands are according to 
Dm annotation release 3.2. The genomic sequence 1 to 830 
kpb shown in (C) corresponds to cytological region 102A to 
102E5.
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implying that they are present in all non-exon sequences
on the F-element (Figure 5A). Interestingly, the F-element
exons do not share these sequences, but they still clearly
separate from the exon sequences of the other
chromosomes. Furthermore, the simple sequences that
separate the X chromosome from the others distribute all
over the non-exon sequences. In the PCA in which we
accounted for differences in nucleotide composition, the
separation was similar compared to the non-normalised
analysis, except that the exons of the X chromosome sep-
arated from the exons of the other chromosomes (Figure
5B). It should be noted that the first component
distinguishes between the exon sequences and the other
sequences. The second component, however, separates all
types of F-element sequences from the other chromo-
somal sequences. We conclude that the overrepresenta-
tion of some sequence signatures on the F-element cannot
be attributed to either the high A/T content or the
enrichment of repeated elements and that they are present
in both exon and non-exon sequences. The general pat-
terns we see are clearly not dependent on the type of
sequence studied or differences in base composition.

In addition, we note that in the normalised PCA the
RepeatMasked F-element separates more clearly from the
original F-element sequence (Figure 5B) than in the non-
normalised analysis. Many sequence signatures are shared
by the F-elements in all four datasets. Examination of the
top-scoring sequence motifs clearly shows that the Repeat-
Masked F-element lacks the nonamer motif described
above (data not shown). We therefore studied the output
file from RepeatMasker in further detail. According to
RepeatMasker, 95.3% of the nonamer motifs reside
within DINE-1 elements, and thus seem to be closely
linked to them. The DINE-1 element has previously been
shown by in situ hybridisation to be enriched on the Dm
F-element [21]. We also note that in the DINE-1 sequence
defined in the Repbase Update [22,23] there is a duplica-
tion of approximately 60 base pairs, each of which con-
tains a nonamer pair, and in both pairs the individual
nonamers are separated by 29 base pairs.

We also masked the genomes of Dy and Dp using Tandem
Repeats Finder. Since these genomes have not yet been
annotated we could not use exons or RepeatMasker. The
PCA results of the original sequences and the masked
sequences in these species are virtually identical (data not
shown).

Fragment analysis
In the whole chromosome analysis we identified
sequence signatures that are enriched on different chro-
mosomes, but we did not investigate their linear organisa-
tion along the chromosomes. Therefore, to find sequence
signatures evenly distributed over the chromosomes that

are capable of distinguishing one chromosome from the
others, we fragmented each of the Dm, Dy and Dp
genomes into 100 kb fragments. We then scored the posi-
tions of all possible di-, tri-, tetra-, penta-and hexa-mers in
the 100 kb fragments of all chromosomes from each of
the genomes. The first component of a PCA of these data
mainly reflects differences in nucleotide composition
between the fragments. Since the nucleotide composition
can vary both between chromosomes and within single
chromosomes we need to remove this variation in the
dataset. One possibility would be to exclude the first com-
ponent, but some of the variation caused by A/T skewing
could still remain in the higher order components. To spe-
cifically remove the influence of variations in the base
composition we created a Partial Least Squares (PLS)
model using the non-normalised hexamer scores and the
A/T content as a single response. We then used the resid-
ual matrix, after removing the variance described by the
first component, for subsequent PCA analysis. The resid-
ual matrix is a normalised scoring matrix in which the var-
iance in the data related to the base composition of the
target sequence has been removed. The performance of
the normalisation was evaluated by plotting the score val-
ues of the first component against the base composition
of the fragments. As expected, the scores showed an
almost perfect correlation with the base composition of
the fragments (data not shown).

PCA of the approximately 3600 fragments from all three
species showed that the 33 F-element fragments cluster,
and separate with minor overlaps from the other chromo-
somal fragments in the second component (Figure 6
shows results from the hexamer analysis). In the tri-and
tetra-mer analyses, the overlap with other chromosomes
was more extensive than in the di-, penta-and hexa-mer
analyses (data not shown). In the first component of the
hexamer PCA, roughly a third of the Dp fragments cluster
separately from other chromosomal fragments. The third
component separates many of the Dm/Dy X chromosomal
fragments from the others, but only when using penta-
and hexa-mers (data not shown). The sequence signatures
responsible for the separation of the F-element are not the
same as in the whole chromosome analysis and cannot
easily be combined into longer motifs. For a full listing of
the loadings for all 4096 hexamers for the first two com-
ponents in the PCA see Additional file 1. In conclusion,
the fragment analysis showed the existence of F-element-
specific sequences that not only have been conserved for
approximately 54.9 Myr, but also are linearly distributed
along the sequenced part of the F-elements in Dm, Dy and
Dp. Based on this conservation we speculate that there are
sequence signatures that have a function for F-element
identity.
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The combined PCA of four Dm data sets using hexamersFigure 5
The combined PCA of four Dm data sets using hexamers. The four data sets used are: the original sequence (�), the Tandem 
Repeats Finder masked sequence (Ќ), the RepeatMasker masked sequence (*) and the extracted exon sequences ( ). (A) 
Score plot (R2 = 0.93) of the non-normalised analysis. (B) Score plot (R2 = 0.82) of the normalised analysis.
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When we plotted the scores from the second component
(which separates the F-elements) against the chromo-
somal position we find that on average the Dp fragments
are shifted towards the F-element fragments (Figure 7
shows results from the hexamer analysis). The centromere
proximal regions of the non F-element chromosomes in
all species are shifted towards the F-element fragments
and the distal regions in the opposite direction. This pat-
tern is not as clear in Dp as in Dm and Dy.

In the same way as for the whole chromosome study, we
repeated the fragment analysis on chromosomes from the
three species after masking them by Tandem Repeats
Finder. The results from this masked dataset did not differ
in any significant way from the prior analysis (data not
shown). For Dm, we also masked the fragmented genome
using RepeatMasker. A combined PCA with the original

data, Tandem Repeats Finder masked data and Repeat-
Masker masked data showed that the F-element signatures
distributed over the entire chromosome are not connected
to either simple or complex sequence repeats (Figure 8
shows results from the hexamer results). In this analysis
many X chromosomal fragments separated from the other
fragments.

Interestingly, we note that in every PCA we performed
most motifs had almost identical loading to their reverse
complements. This was true for both the whole chromo-
some analysis and the fragment analysis, regardless of
whether normalisation was applied and the motif length
used. Baisnée et al. [24] have studied the reverse comple-
ment symmetry of DNA more thoroughly, but even
though it seems to be universal, the underlying cause is
not yet fully understood.

The hexamer PCA (R2 = 0.22) of 100 kb fragments (n = 3564) of the three genomes Dm (❍ ), Dy (�) and Dp (+)Figure 6
The hexamer PCA (R2 = 0.22) of 100 kb fragments (n = 3564) of the three genomes Dm (❍ ), Dy (�) and Dp (+). Chromo-
somes are colour-coded, as follows (according to the Dm numbering: black = X, yellow = 2, blue = 3 and red = 4). The loadings 
are presented in Additional file 1.
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Discussion
Sequence signature analysis
In this work, we separately counted all di-(16), tri-(64),
tetra-(256), penta-(1024) and hexa-mers (4096) and

studied their distribution in the chromosomes of three
Drosophila genomes using PCA. Short motifs (up to
tetramers) can be rapidly scored and analysed. However,
the frequencies of such short motifs are strongly influ-

Scores from the second component in Figure 6 plotted against the linear order of the 100 kb fragments on the individual chro-mosomes from Dm (❍ ), Dy (�) and Dp (+)Figure 7
Scores from the second component in Figure 6 plotted against the linear order of the 100 kb fragments on the individual chro-
mosomes from Dm (❍ ), Dy (�) and Dp (+). Chromosomes are colour-coded according to the Dm/Dy numbering (black = X, 
yellow = 2, blue = 3 and red = 4). This should be noted when examining the Dp fragments. Proximal regions of Dm and Dy 
chromosomes are indicated by arrows.
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enced by the abundance of simple sequence repeats.
Motifs longer than tetramers are less affected by simple
sequence repeats, but are computationally more demand-
ing to analyse. Sometimes, when a group of sufficiently
long sequences, e.g. hexamers, are found to be
overrepresented in a genomic sequence, they overlap and
form longer sequences with higher discriminative power,
thus increasing the chance of identifying longer and more
complex sequences than if shorter sequences, e.g. trimers,
are used.

The frequency of a sequence motif depends on both bio-
logical and stochastic factors. The expected frequency of a
specific motif depends on the base composition of the
chromosome. If the four nucleotides do not have equal
frequencies in all chromosomes, the results from a non-

normalised analysis will reflect the effects of a mixture of
biological and stochastic factors. It is often difficult to iso-
late the effects of such factors, but a large part of the sto-
chastic component can be removed by dividing all motif
frequencies by the expected frequencies in a normalisa-
tion step. Otherwise, biologically interesting motifs may
be masked by motifs that are common solely by chance.
In this study, we used relatively basic normalisation pro-
cedures to account for differences in base composition.
However, our multivariate approach could easily be
extended to account for differences related to sequence
complexity [see e.g. [25]] or any kind of prior knowledge
about the target sequence.

The combined PCA of 100 kb fragments (n = 3399) of three Dm data sets based on hexamersFigure 8
The combined PCA of 100 kb fragments (n = 3399) of three Dm data sets based on hexamers. The three data sets used are: 
the original sequence (�), the Tandem Repeats Finder masked sequence (Ќ) and the RepeatMasker masked sequence (*). 
Chromosomal origins of the fragments are indicated by colour (black = X, yellow = 2, blue = 3 and red = 4).
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Whole chromosome analysis
In many respects, the F-element in Dm (the 4th chromo-
some) is an atypical chromosome. It has an overall length
of ~5 Mb, 3–4 Mb of which consists of simple satellite
repeats and does not contain any known genes [26]. The
remaining portion (1.23 Mb) has been sequenced and
covers the cytogenetic bands 101E-102F on polytene sali-
vary gland chromosomes. However, the banded portion
appears to be a mosaic of unique DNA interspersed with
moderate and low copy repetitive DNA [21,27-30]. The F-
element is largely heterochromatic in nature. The hetero-
chromatic protein HP1 and the modified histone, methyl-
ated H3Lys9, have been found to be associated with most
of the F-element [31,32]. In accordance with its hetero-
chromatic nature, the F-element has a higher A/T content
compared to the other chromosomes. A high density of
transposable elements (approximately six times higher
than in the other chromosomes) is found in the Dm F-ele-
ment [33]. Another interesting feature of the F-element is
that it is decorated by the chromosome-specific protein,
POF (Painting of fourth), which specifically "paints" the
entire chromosome [6]. The F-element is an atypical auto-
some and has been suggested to have a closer kinship with
the X chromosome than with the other autosomes
[16,34]. The F-element has been suggested, partly on the
basis of studies of the distant relative D. busckii, to origi-
nate from the X chromosome [35,36]. The binding of POF
to the F-element is reminiscent of the binding of the Dro-
sophila dosage compensation complex to the male X
chromosome, which mediates its hypertranscription
[reviewed by [4,5]]. In D. busckii, POF binds to the male X,
further supporting the suggested relationship between the
X chromosome and the F-element [6].

All chromosomes differ to some extent in nucleotide fre-
quencies, with the F-element being extreme in this respect,
having a high A/T content in all three species studied.
When the raw data was analysed the F-elements in all
three species separated collectively from the other
chromosomes (Figure 1), due to differences in their con-
tents of simple sequences containing only A and T. In Dm
we performed the analysis on four datasets, derived from
the original sequence, and the sequences obtained after
masking simple sequence repeats, both simple and more
complex repeats and after removing everything except the
exon sequences. The results show that the simple A/T
sequences, which separate the F-element in the original
data, are distributed throughout the non-exon F-element
sequences and cannot be attributed to microsatellites and
transposable elements. It should also be noted that the F-
element exons separate equally well from the exons of
other chromosomes. The X chromosome also separates
from the other chromosomes, albeit to a lesser extent, due
to differences in their simple sequences. The same chro-
mosomal separation is seen regardless of the motif length

used. As shown in Figure 1, all of the Dp chromosomes are
shifted relative to the Dm/Dy chromosomes, suggesting
the presence of Dp-specific signatures in addition to the
chromosome-specific signatures studied here.

To detect more complex and potentially functional motifs
hidden by the skewed base composition, we normalised
our scores according to the base composition of each
chromosome analysed. As shown in Figure 1C, the result-
ing separation was nearly identical to that seen in the non-
normalised analysis (Figure 1A). The Dm F-element was
clearly separated even after removal of repeated elements
from the genome (Figure 5B). It should be noted that the
first component in this PCA (Figure 5B) distinguishes the
exons from non exon sequences. In the second compo-
nent, however, all F-element sequences including the
exon sequences, cluster together. We conclude that the F-
element exons also contain F-element signatures.

The separate analysis of the three species showed that the
pentamer and hexamer motifs that are most important for
distinguishing the F-element can be aligned into longer
sequences. Examination of the top scoring hexamers
clearly shows that they are part of a nonamer in Dm and
Dy, and of a decamer in Dp. These sequences are strongly
enriched in the respective F-elements (Table 2), although
the individual hexamers in Dm are not enriched in the
non-normalised analysis. Since Dm is the only annotated
species, we concentrated our investigation on the Dm/Dy
nonamers. Plotting the positions of these nonamers in the
Dm F-element showed that they commonly occur in pairs,
separated by no more than 146 bp, all but one of which
consists of two sense or two anti sense nonamers. The
individual nonamers are enriched roughly four-fold in the
F-element, while the pairs are enriched about 15-fold. The
nonamers and decamers are also organised in pairs in Dy
and Dp respectively (Table 2). We conclude that even
though the method is based on relatively short sequence
motifs, it still provides a potent means for finding longer
and more complex sequence motifs.

Since POF is a protein that specifically paints the Dm F-
element, we tested the possibility that the nonamer or
nonamer pairs may be correlated to POF-binding sites.
For this purpose, we stained polytene chromosome prep-
arations using POF antibodies. After carefully mapping
the banded regions, we compared the positions of non-
amer pairs to the POF staining pattern. The genomic
regions with few or no pairs correlate well with regions on
the F-element that do not bind POF (Figure 3). We
hypothesise that the nonamer pairs have a function and
are directly or indirectly involved in POF binding to the F-
element in Dm. However, this hypothesis needs to be ver-
ified experimentally. Since POF will not bind to a translo-
cated Dm F-element [6] the nonamer pairs are not
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sufficient by themselves for recruiting POF. If the pairs
have a function, it is possible that some variation is
allowed within the nonamer and that there are motifs of
differing strength. According to our RepeatMasker analy-
sis of the F-element, 95.3% of the nonamers are located
within DINE-1 elements. As shown in Figure 2B, the hex-
amers forming the nonamer are important for the separa-
tion of the F-element. Nevertheless, after removing
virtually all of the nonamers using RepeatMasker (Figure
5B) F-element separation was retained, indicating that
other signatures, apart from the nonamer, help distin-
guish the Dm F-element.

In an extensive study of local deletions flanking a transp-
soson reporter Sun et al. [37] showed that the genomic
region 400000 to 440000 of the Dm F-element is
euchromatic. A nearby region induces gene silencing and
is therefore considered to be heterochromatic. Sun et al.
[37] attribute this to local induction of heterochromatin
by the 1360 (hoppel) element. According to their model
the 1360-induced heterochromatin can spread, but only
~10 kb or until encountering competition from euchro-
matic determinants. In this context, it should be stressed
that this "euchromatic" region is enriched in DINE-1 frag-
ments containing the nonamer pair region. We speculate
that these nonamer-containing DINE-1 fragments act as
euchromatic determinants. We have previously proposed
that POF is involved in a chromosome-specific gene regu-
latory mechanism [7]. It should be noted that according
to our cytological mapping POF binds within this euchro-
matic region (370000 to 430000).

Fragment analysis
In the whole chromosome analysis we identified
sequence signatures that are overrepresented in different
chromosomes, but we did not study the linear organisa-
tion of the sequence signatures along the chromosomes.
Instead, we divided each of the Dm, Dy and Dp chromo-
somes into 100 kb fragments to check for the presence of
sequence signatures that can distinguish fragments of spe-
cific chromosomes from those of other chromosomes,
especially signatures distributed over the whole chromo-
some. For such an analysis it is important to remove all
variation connected to differences in nucleotide composi-
tion. Using a Partial Least Squares (PLS) model with A/T
composition of every fragment as a single response we
removed this bias. Strikingly, when the approximately
3600 fragments from all three species were analysed using
PCA based on di-, penta-and hexa-mers the 33 F-element
fragments clustered together (Figure 6). The motifs
responsible for this separation were not the same as in the
whole chromosome analysis. Nevertheless, this demon-
strates the existence of sequence signatures that are capa-
ble of separating all F-element fragments from the three
different species. Based on the relationship of these

species we conclude that these signatures have been con-
served for at least 54.9 Myr [15]. These conserved motifs
are also linearly distributed along the sequenced part of
the F-elements (Figure 6). The F-elements from the three
species have high A/T contents and are probably all
enriched in mobile and repeated elements. However, the
motifs separating the F-element fragments are not con-
nected to simple sequence repeats since masking such
repeats did not alter the results. In addition, the Dm F-ele-
ment fragments clustered together when the original
sequence was analysed together with sequences in which
both simple and complex repeated elements had been
masked (Figure 8). Therefore, the collective separation of
F-element fragments in the three species cannot be attrib-
uted to any known repeated elements, and we speculate
that the signatures we identified have a role in F-element
identification. The X chromosomal fragments of Dm/Dy,
but not Dp, can also be separated to some degree using
penta-and hexa-mers.

As shown in Figure 7, some non F-element fragments are
more similar to the F-element fragments. These non F-ele-
ment fragments are the centromere proximal regions of
Dm/Dy chromosomes 2 and 3. The heterochromatic
nature of the F-element in Dm is well established, e.g. by
its enrichment of HP1 and H3K9 methylation [31]. In our
analysis, the proximal regions of chromosomes 2 and 3 in
Dm/Dy showed similarity to the F-element. It is interest-
ing that an anti-metH3K9 antibody decorates the proxi-
mal regions of chromosomes 2 and 3 as well as the F-
element in Dm. The proximal region of X is also stained,
but to a much lesser extent using this antibody (JL unpub-
lished results). We note that the same pattern is present in
Figure 7. We must consider the possibility that chromatin
similarities cause the partial overlap of the F-element and
the proximal regions of chromosomes 2 and 3 (and that
the heterochromatic nature of the F-element caused its
observed separation from the other chromosomes). It is
difficult to fully separate chromosome-and chromatin-
specific effects. Sequences that have high A/T contents and
are enriched in repetitive elements tend to be heterochro-
matic. As shown in Figures 5 and 8, the F-element separa-
tion was retained after normalising for differences in A/T
content. Furthermore, the results were not significantly
different when simple sequence repeats were removed
using Tandem Repeats Finder, or when simple sequence
repeats and repetitive elements were removed using
RepeatMasker. The findings even apply to the exon
sequences. Thus, we conclude that our methodology is
capable of detecting chromosome-specific sequences.

Conclusion
We have shown that the F-elements of three species that
separated roughly 55 Myr ago share sequences that are dis-
tributed over the entire chromosomes. These sequences
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are not related to their unusually high A/T contents or any
known repeated elements. In conclusion, our results
support the existence of sequence signatures that confer
chromosome specific integrity in Drosophila.

Methods
Hexamer scoring
We scored all positions of all possible di-(16), tri-(64),
tetra-(256), penta-(1024) and hexamers (4096) in the
genome sequence of Dm, Dy and Dp. Every motif was
counted in each target sequence. Full-length chromo-
somes and 100 kb fragments were used as targets. Scoring
was done by a sliding window approach, sliding one
nucleotide at a time. The scoring function gives a two
dimensional data-matrix with target sequences as objects
(rows) and the total score for each motif as variables
(columns). By dividing each element in the matrix by the
length of its target sequence a relative score is obtained.
Prior to analysis all data were mean-centred, i.e. each
value was adjusted by subtracting the average value for the
corresponding variable. All scoring and data normalisa-
tion procedures were performed using custom software
developed in C, Java and Perl. The software can be
obtained, on request, from the corresponding author.

Multivariate analysis
Principal Component Analysis – PCA
The central idea of PCA is to extract a few, so-called, prin-
cipal components describing most of the variation present
in the data. The principal components are linear combina-
tions of the original variables and uncorrelated to each
other.

where t are the scores, p the loadings, A is the number of
principal components and E is the residual matrix. The
principal components can be determined using the
NIPALS algorithm [38] or by Singular Value Decomposi-
tion (SVD) [39]. The scores (t) show how the objects and
experiments relate to each other. The loadings (p) reveal
variables that have an important influence on the patterns
seen in the score plot.

Partial Least Squares – PLS
PLS is a multivariate regression method that relates the
data matrix (X, the scoring data) to single (y) or multiple
(Y) response(s). PLS has proved to be a powerful tool for
finding relationships between descriptor matrices and
responses, especially when there are more variables than
observations and the variables are co-linear to each other
and noisy. In our study, PLS was used to normalise the
data by removing the variance in the scoring data that was
correlated to the A/T content of the chromosome frag-
ments. The PLS theory and methods discussed here

concern single y-responses. As in PCA, principal compo-
nents are constructed to reduce the dimensions of X. In
order to obtain the principal components, PLS maximizes
the covariance between the response variable y and a lin-
ear combination of the original variables t = Xw, where t is
the score vector, X is the data matrix and w is the weight
vector. For a more in-depth description of PLS, see [40-42]
and references therein.

where t is the score vector for X, A is the number of PLS
components, p is the loading vector for X, c is the loading
vector for Y, E is the residual matrix for X and F is the resid-
ual matrix for Y.

All multivariate analyses and visualisations were per-
formed using the Evince software package http://
www.umbio.com.

Data normalisation
Probability normalisation
The probability of successfully aligning a motif to a target
depends on the base composition of the motif sequence
and the target sequence. For example, the chance of find-
ing a given A/T-rich motif is relatively high in an A/T-rich
target due to their similarity in base composition. Proba-
bility normalisation removes this systematic bias from the
data. Each value is normalised by dividing the observed
number of hits by the expected number of hits. The initial
scoring is performed as described above, except that the
scores are not divided by the target sequence length. The
number of expected hits was calculated as follows:

where N is the target sequence length, i = {G,A,T,C}, f(i)
= frequency of base i in the target sequence and ni = count
of base i in the hexamer.

Fragment normalisation
To remove all variance in the scoring matrix obtained
from the 100 kb fragment analysis that was solely related
to the base composition of the target sequences, a differ-
ent normalisation was applied, in which we created a PLS
model with the base composition of every fragment as a
single y-response and the scoring matrix as an x-matrix. By
removing the variance explained by the first component a
residual matrix was obtained, in which all variation
caused by differences in base composition amongst the
fragments had been removed. The residual matrix E was
calculated as follows:

X t p t p t p t p E TP EA A= + + + + + = +1 1 2 2 3 3
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E = x - tp'

Where x is the hexamer scoring matrix, t = PLS-scores for
the 1st component and p' = PLS-loadings for the 1st com-
ponent.

The normalised data were then used for PCA analysis of
the fragmented genome.

Repeat masking
RepeatMasker [18] was run using default parameters,
MaskerAid [43] and the Drosophila library file from
Repbase [22,23]. Tandem Repeats Finder [17] was run
using default parameters and a maximum period size of
500.

Polytene chromosome staining
Polytene chromosomes from 3rd instar larvae of wild type
Dm were prepared and stained essentially as previously
described [44]. Salivary glands were fixed in 2% formalde-
hyde in PBS, 0.1% Triton X-100, 0.2% NP-40 for 30 sec-
onds followed by 2 minutes in 50% acetic acid, 1%
formaldehyde. Polytene chromosomes were squashed as
previously described [44]. The slides were washed for 30
minutes in 1 × PBS, 0.1% Triton X-100, transferred to
blocking solution (0.1 M maleic acid, 0.15 M NaCl, 1%
Boehringer blocking reagent) and incubated for 30 min-
utes at room temperature. The slides were then incubated
overnight at 4°C with a rabbit polyclonal anti-POF
primary antibody [6]. The slides were washed for 2 × 10
minutes in 0.1 M maleic acid, 0.15 M NaCl, 0.3% Tween
20 and blocked for 30 minutes. As a secondary antibody,
a donkey anti-rabbit conjugated with Cy3 (Jackson Labo-
ratories) was used, diluted 1:400 and incubated at room
temperature for 2 hours. The squashes were counter-
stained with DAPI (1 µg/ml) and washed for 2 × 10 min-
utes before mounting with Vectashield (Vector).
Chromosomes were analysed using a Zeiss Axiophot
microscope equipped with a KAPPA DX20HC CCD cam-
era. Images were assembled, contrasted and merged elec-
tronically using Adobe Photoshop. Well spread F-
elements were mapped according to Saura et al. [45] and
POF-binding regions were defined. To correlate cytologi-
cal positions to sequences we used the Dm genome release
3.2. Since all sequences are annotated to cytological bands
and POF binds preferentially to interbands we used
regions with no POF binding for comparison. This is the
reason why regions lacking POF binding are used for the
correlation study.
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ABSTRACT
Summary: GOLDsurfer is a java-based analysis and graphics
program for three-dimensional plotting of linkage disequi-
librium (LD). Simultaneous presentation of LD measures,
including recombination rate estimates and disease associa-
tion statistics, helps to clarify LD patterns and facilitates
interpretations based on multiple indices of local genetic data.
Availability: GOLDsurfer is available at www.umbio.com and
is embedded with the Evince graphical software package.
Contact: fredrik.pettersson@chem.umu.se

High density chromosome-wide maps of linkage disequilib-
rium (LD) are presently being constructed with the aim of
elucidating patterns of ancestral recombination and selec-
tion and facilitating the identification of disease genes for
complex traits in humans (Cardon and Abecasis, 2003).
These large-scale maps are seen as key components of future
population-based studies of common diseases (Gibbs et al.,
2003). Evaluating trait associations in the context of the
local LD is already becoming an essential feature in associa-
tion studies, as interpreting the correlations between markers
helps to interpret observed patterns of marker correlations
with disease, identify efficient sets of ‘tagging’ markers
(Goldstein et al., 2003; Johnson et al., 2001) and design
more focused studies (Zondervan and Cardon, 2004). The
added LD information should help to reduce the over- and
mis-interpretation of association results that have been a
serious hindrance to past studies (Weiss and Terwilliger,
2000).

There are many statistical measures of LD (Weir, 1996).
Nearly all the LD measures used in complex disease asso-
ciation studies are based on pairs of markers, such as the
popular D′ and r2 metrics. Newer methods have recently been
developed to provide direct estimates of recombination rates
between loci (Li and Stephens, 2003; McVean et al., 2002),

∗To whom correspondence should be addressed.

which are complementary to pairwise LD and relevant for dis-
ease gene mapping as well as for evolutionary inference and
population comparisons.

Visualization of LD patterns, in the form of colour-coded
pairwise matrices [e.g. GOLD (Abecasis and Cookson, 2000)]
or coloured images of the diagonal and near-diagonal elements
of a matrix (Dawson et al., 2002) have become common-
place (Walsh et al., 2003), as it is very difficult to critically
interpret large matrices of LD coefficients in text form. How-
ever, because there are a large number of LD measures, each
of which has a different set of assumptions and properties
and thus provides a different overview of the data, manual
evaluation of many different plots is required to obtain an
accurate and consistent interpretation. This practice is incon-
sistent and subjective. Moreover, some of the measures have
recognized biases (Weiss and Clark, 2002) and in public-
ations it is often only possible to present one such plot
(usually based on D′ estimates). This limits the interpretab-
ility of each study and may lead to discrepancies between
studies.

We have developed a three-dimensional (3D) graphics pack-
age, GOLDsurfer, that can accommodate multiple matrices of
different pairwise LD measures. The program extends the 2D
view in GOLD (Abecasis and Cookson, 2000) to show mul-
tiple LD measures in 3D. In addition, it allows presentation of
measures relating to the diagonal of the matrix such as allele
frequency, recombination rate or disease association signific-
ance as a ribbon over the 3D profile. The program is designed
flexibly so that the different dimensions reflect the differ-
ent statistical measures across the same region. For example,
Figure 1 contrasts the traditional 2D view of colour-coded
LD in a genetic region (panel A), with a 3D view in which
the D′ statistic is shown in terms of colour and the corres-
ponding χ2-statistic is depicted in peak amplitude (panel B).
Panel C superimposes recombination rate estimates as a rib-
bon over the LD plot. Within this general framework, a variety
of different measures can be plotted simultaneously (e.g. D′,
r2, χ2, P -value, recombination rate, association test-statistic)
or, alternatively LD measures from different populations can
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Fig. 1. Graphical displays of linkage disequilibrium. (A) Shows pairwise LD coefficients (D′) in an illustrative genomic region using the
traditional GOLD-based matrix colour coding method (Abecasis and Cookson, 2000). (B) Depicts the same region in 3D, plotting the χ2-value
for each pairwise value in amplitude and D′ in colour. The program allows pairwise values to be plotted as colour and height, using a variety
of different colouring schemes. The ribbon in (C) incorporates estimates of recombination rate between adjacent pairs of markers [here,
calculated using the PHASE program (Stephens et al., 2001)]. The ribbon function can display any values for markers on the matrix diagonal,
such as disease association statistics, allele frequencies, Hardy–Weinberg outcomes and missing data proportions.

be evaluated simultaneously. This allows one to view, for
example, the effects of allele frequency on LD measures or
the similarity/differences of recombination rate estimates and
LD. The java toolkit in which the program was constructed
provides a number of colouring schemes and allows mouse-
based rotation of the image. In the simplest application, the
image can be laid flat to produce a 2D image equivalent to that
in 2D displays such as the popular GOLD program (Figure 1A
versus Figure 1B and C).

GOLDsurfer allows real-time inclusion/exclusion of mark-
ers by direct selection from a menu which displays the allele
frequencies, Hardy–Weinberg statistics and physical map loc-
ation of each marker. Selection of markers on the menu
automatically highlights or excludes those in the 3D display.
This may be used for example, to examine LD between mark-
ers with only common or rare alleles, to exclude those from
outside a specific region of interest, or to emphasize particu-
lar variant types. If DNA sequence and gene coordinates are
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available (directly from Ensembl or the NCBI database), the
program has an associated popup that provides views of the
coding regions and single nucleotide polymorphism (SNP)
locations. The popup is linked to the 3D view, so that selec-
tion of specific SNPs on the gene-viewer results in highlighted
areas of the 3D plot, and vice versa.

Although the visualization in GOLDsurfer is more flex-
ible than the standard 2D displays, the differences between
GOLDsurfer and conventional arrays are not limited to flexib-
ility or convenience: visual examination of multiple measures
simultaneously can alter interpretation of trends in the data.
For example, the D′ measure ranges from 0–1 to reflect the
magnitude of LD. Although values near 1.0 reflect high cor-
relations between markers, they also arise when one of the
alleles is rare. In this case, 2D plots show high apparent LD
which is actually the result of allele frequency, not marker
correlation. By displaying D′ together with the P -value or
χ2, the rare-allele effects are minimized, and only the sig-
nificant LD becomes apparent (the variance of the estimates
would be ideal in this case, but these are unavailable for some
LD measures such as D′). This enhancement is shown in the
colour dimension of Figure 1A and B, where it may be seen
that high and significant LD is only apparent in two main
quadrants, whereas many regions which are non-significant
but have high D′ are streaked throughout the image. Consid-
eration of the D′ measure alone (bright colours) would have
suggested that specific markers have long range LD which
are, in fact, mostly due to sampling effects.
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Introduction 

Using microarray technologies gene expression can be monitored on a 
genomic scale in a high throughput manner. The full power of these techniques 
is becoming apparent as the sequence information from large-scale genomic 
sequencing projects such as HUGO is becoming available. An important 
advantage of microarray experiments is that their relatively low cost and 
convenience facilitates detailed and systematic studies1-3. The genomes of the 
higher eukaryotes contains thousands of potential genes. With microarray 
analysis the global expression of these genes can be monitored on a single chip 
in a single experiment. 

 
Every microarray study results in a data matrix where the number of 

variables (genes) far exceeds the number of observations (experiments). 
Microarray expression data is often ill-conditioned, as it is noisy and variables 
are collinear with a high degree of missing values. Poor reproducibility is a 
major issue. Thus, the main problem is no longer to obtain the data but to extract 
the information that is embedded in the data. As classical statistical methods 
such as pairwise t-tests are not well suited for handling such kinds of data 
structure, demands for new, better-suited techniques are emerging. Today, 
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techniques such as hierarchical clustering, k-means clustering and self-
organizing maps are used for analyzing microarray expression data.   

 
The use of microarrays has in many ways revolutionized gene-expression 

analysis with a large number of interesting applications. The ideal data mining 
strategy to select to interpret microarray data depends on the experimental 
design, but possible approaches can be broadly divided into two categories: 
coordinated gene-expression and differential gene-expression analyses. 
Coordinated gene-expression analysis involves the assessment of variations in a 
large number of genes over a period of time such as during the cell cycle. 
Differential gene-expression analysis generally consists of pairwise comparisons 
between normal/abnormal samples. We focus on the latter in this paper.   

 
Microarray expression analysis is a powerful tool in functional genomics, 

where the aim is to assess the functional properties of genes. The basic 
assumptions that genes with similar patterns of regulation under different 
conditions have similar functions and may be involved in the same pathways are 
generally used to assign functional properties to unknown genes. This 
information can then be used to map regulatory networks, to find disease-
associated genes (potential drug targets) and to identify interacting components.  

 
Another important application is in disease classification/diagnosis based 

on expression profiles. Diseases with similar symptoms may have different 
underlying mechanisms and should be treated according to their underlying 
mechanisms rather than the symptoms. For instance, tumors with similar 
histopathological appearance can follow significantly different clinical courses 
and show different responses to treatment. Classifying diseases by analyzing 
expression profiles provides a new way of determining the correct treatment and 
thereby both increasing the success rate and avoiding toxic side effects. 
Intensive efforts have been made in this field,  especially in relation to 
distinguishing between different types of cancer. The expression data in such 
cases are highly complex, with many independent sources of variation. The 
success of this approach is highly dependent on the development of clustering 
and classification methods that can analyze the resulting data with the highest 
possible specificity and sensitivity. As well as being accurate, it is also 
important for the analytical methods to be fast and interpretable, both 
statistically and biologically. The methods applied today perform reasonably 
well, but not without generating some misclassifications. 

 
 

PLS, partial least squares, has proven to be a powerful method for 
performing multivariate statistical analysis on similarly ill-conditioned datasets 
in the field of chemometrics4. PLS has recently been applied to studies of 
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coordinated5 as well as differential gene-expression6. As previously mentioned, 
microarray data are often very noisy due to the experimental procedure and they 
often cover a large number of variables that far exceeds the number of 
observations. When analyzing this kind of data there are two obvious risks: it is 
easy to derive over-fitted models with poor predictability, and with a huge 
number of variables there is an increasing risk of getting false positives purely 
by chance. In this work we investigate how to check if a PLS model is over-
fitted or not, and how to determine which genes are most important for 
discriminating between biological samples of different types. One important 
step is to define a cut-off value for which one can say with a certain degree of 
confidence that all the genes giving a higher value are correlated to the 
response.      

Experimental 

In this project we have analyzed a well-studied dataset including expression 
values for 7070 genes derived from 72 samples from leukemia patients reported 
by Golub et al.7. The samples were prepared and categorized according to 
histopathological appearance and marker-specific recognition at collaborating 
hospitals. The samples were taken from bone marrow or peripheral blood and 
classified as type ALL (lymphoid origin) or AML (myeloid origin). The data 
were divided into a modeling set consisting of 38 samples and an independent 
test set consisting of 34 samples. The chips used were of Affymetrix type and 
the gene-expression levels were pre-normalized. Nguyen et al. have also 
analyzed this data set in an earlier study with PLS.6 

Methods 

PLS-DA 

In PLS-DA dummy variables are used for describing the classes to which 
different samples can be assigned. This is done by creating pairs of binary 
variables, one for each class, with for example ones and zeros, where a one 
signifies that the object belongs to the class concerned, and a zero implies that it 
does not. With a PLS-DA model it is possible to predict whether or not an 
object belongs to a specific class by looking at the predicted class variable. A 
value above 0.5 implies that the specific sample belongs to that class and a value 
below 0.5 implies that it does not belong to it. 
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Generation of  a ranking list 

When we know that we have a good model and we can make predictions, 
the next step is to identify genes that can be used differentiate between ALL and 
AML samples. The obvious way to do this is to examine the regression 
coefficients from the PLS model and rank them according to size. Genes that 
have high regression coefficients with AML, or ALL, are likely to be 
upregulated in AML, or ALL, respectively. The problem with using such 
regression coefficients is that they are affected by the variation in the X-matrix 
that is not correlated to the response8. The O2-PLS algorithm by Trygg et al8 
gives a PLS model which only describes the variance that is correlated to the 
response. This is done by first removing the non-correlated variance in the X-
matrix. Another way to remove the variation in the X-matrix is to use some of 
the OSC-algorithms that are available, but they are not as straightforward to 
apply as the O2-PLS algorithm.  
 

Trygg et al8 also showed that, for a single PLS model, the first weight 
vector of a PLS model, w1, is the best estimate of how important a variable is 
for describing the response. Later components are only needed for correcting the 
predictions made by the first component for all the variation in the X-matrix that 
is not correlated to the response, but still affects the prediction. The w1 vector 
has been successfully used for finding genes with cell cycle-coupled 
transcription5. Another alternative for ranking genes’ importance would be to 
use the VIP value, which is a summation of the absolute value for all the w-
vectors in a PLS model, taking into account how much variance each 
component explains. This value has the same drawbacks as the regression 
coefficients, i.e. it takes into account all the components in the PLS model. In 
this study we used ordinary PLS to construct all the models, but used the weight 
vector, w1, for estimating the importance of the variables. 

Finding a cutoff value 

The next step, after making a ranking list of the importance of each gene, is 
to find a cut-off value for which one can state, with a certain degree of 
confidence, that all the genes with a higher value are correlated to the response. 
This can be done by, for example, using random genes for finding an 
appropriate cut-off value. If the genes are only permuted, the same error 
distribution and variance is kept whereas the correlation to the response is 
changed. This approach was used for finding a cut-off value for the number of 
genes with cell cycle-coupled transcription5. 
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A PLS model is calculated using the randomized data set and the w1-vector 
is used for finding an appropriate cut-off. To avoid skews when comparing the 
results the weight vector is not normalized to unit length as it generally is, since 
normalization would increase the weights for the simulated genes. 

 
The importance of the significance level of the regression can be illustrated 

by considering the last candidate gene in the ranking list. If the expression 
profile of this gene is not related to ALL or AML the probability of scoring at 
least this highly, purely by random chance, is (100*α) percent. That is, the p-
value for the specific gene is α. Conversely, the probability that the gene’s 
expression is genuinely related to ALL or AML is approximately equal to (1- α). 
The smaller the value of α, the fewer false positives there will be among the 
candidate genes, but also the more false negatives there will be among the genes 
with values below the threshold.  

  
Multivariate analysis was performed with Evince software (UmBio AB, 

Umeå, Sweden). 

Results and Discussion 

PLS-DA model for ALL/AML 

Figure 1 shows the two first t-scores plotted against each other for a PLS-
DA model describing the differences between ALL and AML. The two types 
are clearly separated in the figure, both for the modeling set and the test set. The 
fact that the separation is seen in the test set as well as the modeling set is 
reassuring, since these samples did not contribute to the model and thus their 
separation is not a consequence of an over-fitted model. This is always a 
potential problem when there are many thousands of variables and relatively 
few observations. The predictions of  the response for the test set samples show 
that all test set samples, as well as the modeling set samples, have been 
predicted correctly.  
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Using an external test set is the best way to evaluate the predictive power of 
a model, but it is not always possible to have an external test. However, as 
shown below, there are alternative ways to evaluate the predictive power of a 
model. 

Figure 1 Score plot for the PLS-DA model with all 7070 genes 
discriminating between ALL and AML samples. ▲ – ALL modeling set,    
∆ – ALL test set,   ■ – AML modeling set, □ – AML test set 

 
The PLS model with three components explains 95.8% (R2Y) of the 

variance in Y, with a corresponding cross-validated value (based on seven 
cross-validation groups) of 80.6% (Q2). Only 33.4% of the variance in the X-
matrix (gene-expressions) are used, indicating that most of the genes are not 
related to the response (AML-ALL separation) at all. 
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Validation of Q2 and R2Y 

Figure 2 Validation of the Q2 and R2Y values from the PLS model for 
ALL and AML. The x-axis shows the correlation between the original y-
response and the permuted y-response. The box and triangle up to the right 
are from the original non-permuted model while all the others are from the 
models with a permuted y-response. Notably, all the models have a high 
R2Y but only the original model has a Q2 higher than 0.8. ♦– Q2 original 
PLS model ▼– R2Y original PLS model ◊– Q2 permuted PLS models    
∇– R2Y permuted PLS 

 
These values can be further validated by a permutation test where the 

response is permuted and new models are calculated using the permuted 
response. If R2Y and Q2 are as high as they are in the original model the 
statistical values for the model are not trustworthy, since even a random 
response and, hence a random model, can give equally high values.  Figure 2 
shows the results from such a permutation study where 50 permutations have 
been made. One can see that the R2Y value is equally high for all the permuted 
models as it is for the original model, top right. This is not surprising since 
when there are so many variables, and few objects, there will always be some 
variables that are correlated with the response. In contrast, the Q2 values are 
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low for all the permuted models. This indicates that the high Q2 for our model is 
not due to a chance correlation.  

Comparing w1 and regression coefficients 

Figure 3 shows the coefficients from the PLS model plotted against the first 
weight vector, w1. As can be seen in the figure, there is a correlation between 
these two sets of coefficients, but there are also genes that deviate from the 
regression line. Thus, if a ranking list was generated from these two different 
vectors, the ordering of the genes would not be the same. 
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Figure 3 Regression coefficients from the PLS model with three 
components vs. the first weight vector, w1.

  

Finding a cut-off value 

A new X-matrix was created by column-wise permutation of the elements. 
This was repeated ten times so that the resulting randomized X-matrix consists 

pek3_microarray.doc Printed 2005-10-07  8 



 

of 70700 variables. This was both done both for the modeling set and for the 
whole data set, in which the modeling and the test sets were combined. By 
merging the data sets more observations are included in the analysis, and more 
genes may appear above the threshold value. 

 
Using this new X-matrix, with 70700 variables, a new PLS-DA model was 

calculated, with belonging to the class of interest as the response. The genes 
were ranked according to the w1-values. If we are prepared to accept 0.5% false 
positives in our ranking list then 345 (70700 * 0.005) genes will be classified as 
related to ALL or AML in our random data set. If we now transfer the w1-valus 
for the 345th gene to our real model, we can use it as a cut-off. This results in 
144 genes being scored above the threshold for the modeling set. If all the 
observations are used, from both the test and modeling sets, 177 genes have 
scores above the threshold value. 
 

 Comparing the top 144 genes from the modeling set and the top 177 
genes from the merged dataset reveals that 114 of the 144 genes are also present 
in the set of 177 genes. Thus, there is not a perfect overlap between the two lists 
since 30 genes from the list of 144 are not present in the combined list of 177. 
This suggests that when we add more observations, the ranking list also 
changes, i.e. some genes become more important and others less important. 
Further, the first 34 genes in the 144 ranking list are among  the 177 genes from 
the ranking list based on all observations.  

 
This difference may be related to the selection of too many genes, or to 

genes with no power to differentiate between ALL and AML samples, or to the 
possibility that the addition of more samples actually adds new information 
which is not present in the modeling set.  

Discussion and Conclusions 

In this work we have successfully used a multivariate projection method, 
PLS-DA, to classify leukemia samples on a molecular basis. We have obtained 
predictive models with the ability to discriminate between tumors of myeloid or 
lymphoid origin with no misclassifications. PLS-DA is highly useful for 
obtaining predictive models with the ability to discriminate between different 
types of samples, but we still have to be cautious to avoid constructing models 
that are over-fitted and to make sure that genes do not end up high in a ranking 
list purely by coincidence. Traditionally, when analyzing PLS models variables 
are ranked by their regression coefficients. This may be misleading since 
systematic variation in the X-matrix that is not related to the response 
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contributes to the regression coefficients. Another option is to rank the genes by 
their w1 values. Our study shows that genes are differently ranked using the two 
different ways of interpreting the variables. We have also presented a way of 
defining a cut-off value for which one can state, with a certain degree of 
confidence, that all of the genes with a higher value in a ranking list are 
correlated to the response. When using all observations from both the test and 
modeling sets 177 genes scored above the threshold value at a significance level 
of 0.5%. Models can be validated by permuting the dataset so that response 
values are randomly shifted between the different observations. All permuted 
models showed poor predictive properties (Q2) while the correlation (R2Y) was 
always high. This is a consequence of the large number of genes considered 
(7070).    
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What Affects mRNA Levels in Leaves of Field-Grown
Aspen? A Study of Developmental and
Environmental Influences1
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We have analyzed the abundance of mRNAs expressed from 11 nuclear genes in leaves of a free-growing aspen (Populus
tremula) tree throughout the growing season. We used multivariate statistics to determine the influence of environmental
factors (i.e. the weather before sampling) and developmental responses to seasonal changes at the mRNA level for each of
these genes. The gene encoding a germin-like protein was only expressed early in the season, whereas the other tested genes
were expressed throughout the season and showed mRNA variations on a day-to-day basis. For six of the genes, reliable
models were found that described the mRNA level as a function of weather, but the leaf age was also important for all genes
except one encoding an early light-inducible protein (which appeared to be regulated purely by environmental factors under
these conditions). The results confirmed the importance of several environmental factors previously shown to regulate the
genes, but we also detected a number of less obvious factors (such as the variation in weather parameters and the weather
of the previous day) that correlated with the mRNA levels of individual genes. The study shows the power of multivariate
statistical methods in analyzing gene regulation under field conditions.

All genes are regulated by complex, gene-specific
combinations of factors, including nutrient status,
physicochemical conditions, developmental events,
and a host of environmental parameters. In the cell,
the information received through several signaling
pathways is integrated and used to regulate gene
expression by modulating critical variables such as
the amount and DNA-binding activity of specific
transcription factors. The classical method to eluci-
date factors that influence expression levels of a gene
is to grow the organism under controlled conditions
while varying one, or a few, factors at a time. How-
ever, in natural environments, organisms are ex-
posed to conditions that are highly variable, and
fluctuations are often both irregular and stochastic
(for example, attacks by pathogens). As a conse-
quence, plants have been obliged to evolve strategies
to cope with such fluctuations. This may be particu-
larly important for plants that are unable to move to
avoid extreme, potentially lethal, variations in these
factors. We decided to take an alternative approach,
namely to exploit recent advances in statistics to
elucidate factors influencing gene expression in as-

pen (Populus tremula) leaves grown under natural
conditions. We describe here the methods used and
results of this analysis.

Gene regulation is a complex process: Not only
may a wide range of input signals be involved, but
regulatory processes affecting expression may also
operate at several different levels. For instance, tran-
scription initiation, mRNA half-life, and translation
efficiency may all be affected. The ultimate measure
of gene expression, the amount of biologically active
protein in the cellular compartment where the gene is
functionally active, is often not easy to quantify. So,
we decided to measure mRNA levels that are not
only relatively easy to quantify but are also indicative
of wider adjustments in the plant’s polypeptide com-
position in response to changes in the environment.
Thus, we measured the mRNA levels of 11 different
genes in leaves of a field-grown aspen tree through-
out the whole growing season, i.e. from bud burst to
leaf abscission, and used multivariate statistics to
correlate gene expression with meteorological data
to see whether the genes were under the control of
environmental factors, developmental processes, or
both. Here, “environmental factors” refers to weather
parameters on the day of sampling or the days be-
fore, whereas “developmental processes” refers to
mechanisms responsible for transitions between
phases, such as leaf flush and growth cessation, in-
duced by longer term environmental cues during the
growth season. Leaf flush in aspens native to Umeå
typically occurs around June 1, and leaf expansion
continues up to about June 20. No apparent changes
to the foliage take place after this point until mid-
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September, when autumn coloration develops and
the leaves are finally shed at the end of September. It
is worth noting that the foliage develops synchro-
nously: All leaves on a single tree are of the same age
and most likely in the same developmental stage. In
the interpretation of the results, we use the term
development to refer to day dependence. We selected
genes on the basis of expressed sequence tag se-
quencing data (Bhalerao et al., 2003) that had high
expression levels in aspen leaves and, therefore, were
expected to yield sufficiently precise information to
derive quantitative models. We included genes en-
coding germin-like protein (Glp), which is strongly
expressed in young leaves, and metallothionein (Mt)
and ubiquitin (Ubq), which are highly expressed in
the autumn (Bhalerao et al., 2003). Three selected
genes are known to be stress-induced: Genes encod-
ing PSII protein subunit S (PsbS) and early light-
induced protein (Elip) are induced by light stress (C.
Külheim, J. Keskitalo, K. Wissel, M. Sjöström, and S.
Jansson, unpublished data) and dehydrin (Deh) by
low temperatures (Welling et al., 2002). The gene
encoding the small subunit of Rubisco (RbcS) was
selected to represent “standard” photosynthetic
genes, and cytochrome C oxidase (Cox) was selected
to represent genes associated with electron transport
in the mitochondria. In addition, we included genes
encoding chloroplastic gluthamine synthase (Gs), hi-
stone 2B (H2B), and a cell wall-associated Pro-rich
protein (Prp) as controls because we saw no apparent
reasons for them to be regulated by weather
conditions.

By applying multivariate methods, such as partial
least squares (PLS; Wold et al., 1984), mRNA levels
can be described as functions of developmental and
environmental factors. The resulting function, or
model, is empirically estimated from the experiments
throughout a whole season. Instead of classifying
each gene by its mRNA level profile for each exper-
iment, it is then possible to classify each gene accord-
ing to the developmental and environmental factors
that best explain its mRNA levels.

RESULTS

We used the 11 probes to follow changes in the
amounts of homologous mRNAs over the growing
season. For simplicity, in the following text we refer
to the mRNAs hybridizing to each of the probes
under most stringent conditions as mRNA from a
single gene. This can, as in other studies dealing with
species where the full genome sequence has not been
determined, not easily be verified, but two genes so
similar that they will be cross-hybridizing under
these conditions are likely to have identical func-
tions, so in a study like this, this is a reasonable
simplification. The expression patterns of the 11
genes over the growing season all differed according
to the mRNA measurements. Some, like Deh (Fig. 1),

showed large day-to-day variations but no apparent
longer-term trends, indicating that they are regulated
primarily by environmental factors. Others appeared
to be regulated mainly by developmental processes.
For example, Glp mRNA was only found in June,
whereas Mt mRNA increased steadily as the leaves
aged (Fig. 1). Yet others showed trends in mRNA
abundance, combining features of both environmen-
tal and developmental patterns. RbcS, for example,
had a consistently high mRNA level in June, but later
in the growing season, the levels appeared to be
regulated by environmental factors. The mRNA blots
for all the 11 genes are presented in the supplemen-
tary material. An overview of the weather conditions
during the whole period is found in Figure 2.

To get high-quality expression data allowing
meaningful statistical analysis, the raw data were
subjected to an elaborate normalization and quanti-
fication process. All blots were hybridized with an
rRNA probe to correct for loading differences, and a

Figure 1. mRNA levels over the growing season. RNA from aspen
leaves, harvested on the indicated dates, was hybridized with Deh,
Mt, and Glp and rRNA probes. ST, Standard RNA preparation, used
to normalize hybridization signals from different gels.

Figure 2. Weather conditions during the growing season. Black cir-
cles, Maximum temperature (degrees Celcius) of the sampling day;
black squares, minimum temperature; white triangles, mean temper-
ature; gray bars, rainfall (millimeters per day); black bars, average
wind (meters per second).
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standard mixture was applied to each gel, allowing
comparison of hybridization signals for the same
gene on different gels. The resulting expression data
were then calculated for each sample from corrected
hybridization signals measured with a phosphor im-
ager. The expression profiles for all the genes are
given in Figures 3 to 5. Figure 3 also presents results
from the PLS models (see below).

PCA Analysis

A PCA analysis was done on the normalized
mRNA levels for all the genes throughout the season.
An initial PCA analysis showed that the June 6 sam-
ple was a strong outlier; therefore, it was excluded
from this analysis. This day and the day preceding it
were unusually rainy and cold. Seasonal changes in
gene expression were detected in the score plot for
the two first principal components, explaining 26%
and 23% of the variance, respectively (Fig. 6). The
different phases of the season, identified as separate
regions of the scatter plot, related to different stages
of leaf development. Phase 1 (May 22–June 1) corre-
sponded to the “pregrowth” period before the start
of rapid leaf expansion. Phase 2 (June 9–June 22)
coincided with the “growth” period when rapid leaf
expansion occurred. Phase 3 (June 26–September 1)
was designated the “productive phase.” Phase 4
(September 5–September 29) corresponded to leaf
senescence. The only ambiguity in these assignments
occurred in the transition between phases 3 and 4
because the September 8 scores appeared in the
phase 3 region. Apart from this, the different devel-
opmental stages were well separated by the expres-
sion patterns.

PLS Models for Each Gene

It was not possible to derive a model that was valid
for the whole season for any of the genes. Presum-
ably, mRNA levels depend on different mechanisms
in the different developmental phases, resulting in
different variables that are important for different
phases. So, instead, local models (covering shorter
time periods) had to be developed, and for each gene,
we present here the model that successfully de-
scribed its expression pattern for the longest period
(Fig. 3). In each case, we used as simple a PLS model
as possible, i.e. developmental and environmental
factors that did not appear to influence the gene’s
mRNA levels were excluded from the final PLS
model. In the following sections, we discuss the data
related to each of the 11 genes.

For Cox, only the later part of the season (11 ob-
servations; August 25–September 29) could be suc-
cessfully modeled. The most important factors were
Day (the number of days since the 1st d of harvest-
ing) and relative humidity, both of which had a
negative effect on expression, whereas Sun had a
positive contribution. In other words, expression was
positively correlated to sunlight and low humidity
and was weaker later in the season. The similarity in
size of the two bars for the two Sun parameters (for
the sampling day and the day before) in Figure 2
shows that the amount of sunlight the day before the
sampling day was as important as the amount of
sunlight on the sampling day.

The expression of Deh was modeled for the whole
season except for the period covered by the first five
sampling occasions (May 22–June 6). As expected, its
expression was strongly positively correlated to low
temperatures on the sampling day (as shown by the
large negative orange bars in Fig. 3) and, to a lesser
extent, on the previous day. Interestingly, large vari-
ations in temperature, wind, and relative humidity
also had a positive effect on its mRNA levels. Fur-
thermore, Deh showed a fairly low Day dependency,
even though the PLS model was based on a large
interval. This shows that Deh is mainly environmen-
tally regulated in aspen leaves.

Elip could only be modeled in the “productive
phase” or, more precisely, between June 12 and Au-
gust 22. During this period, the expression of Elip
was also positively correlated to high light and neg-
atively correlated to rain and high humidity. These
factors also influence its expression in the “senes-
cence phase” according to C. Külheim, J. Keskitalo,
K. Wissel, M. Sjöström, and S. Jansson (unpublished
data), but our data provided no evidence to support
this assertion. Descriptors from the sampling day for
all weather parameters are most important for the
model. Large deviations from 20°C also make a pos-
itive contribution to its expression. This model shows
the smallest Day dependency of all models; thus, the
mRNA levels are only environmentally regulated.

Mt mRNA levels were modeled from June 6 to
September 15. The slope of the seasonal expression
profile can be modeled using Day as single variable,
indicating that the Mt gene was mainly developmen-
tally regulated and gradually induced as the leaf
aged. By including four more descriptors describing
Sun, Wind, and Temp (all affecting expression nega-
tively), seasonal peaks can be roughly described.

The model for RbcS included all phases except the
initial pregrowth phase. Only a few descriptors were
included in the model, in which Day was the most

Figure 3. Observed/predicted plots and variable weight plots for the six modeled genes. Left, Observed (black) and
predicted (red) seasonal expression profiles; right, variable weight plots. Large, positive bars imply that the corresponding
descriptor has a strong positive influence on the expression of the modeled gene, and large negative bars imply the opposite
effect. No reliable conclusions can be drawn from the small bars. Bars are color coded according to their descriptor type,
and indices in the lower part of the column plot refer to entries in Table I.
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Figure 3. Legend on facing page.
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important factor. High light was correlated with high
expression, whereas deviation from 20°C and high
humidity was correlated with low mRNA levels.
Thus, developmental processes were most important
(the highest mRNA levels occurred during leaf ex-
pansion), but environmental factors modulated the
RbcS mRNA levels.

Ubq was modeled for 31 observations ranging from
June 6 to September 26. The expression of Ubq has a
flat profile with a slight increase over time. High
Temp and low Sun have positive correlation with its
expression. Thus, Ubq mRNA levels were mainly
determined by weather factors during most of the
season, but late in the “senescence phase,” the gene
was induced by developmental factors.

For the remaining five genes, no valid models were
obtained, although all showed variations in mRNA
levels over the season (Figs. 4 and 5). For Glp, the
expression pattern is clear: The gene is only ex-
pressed during the “growth phase” and is turned off
for the rest of the growth season. H2B had high
mRNA levels on June 6, during the transition from
the “pregrowth” to the “growth phase,” coinciding
with the expected peak of cell division activity in the
leaves. Surprisingly, the second highest mRNA level
was recorded on September 29, when the leaves were
soon to be abscised. Between these two peaks, the
mRNA levels fluctuated considerably without any
obvious trend. For PrP, Gs, and PsbS mRNA, fluctu-
ations were large but did not appear to be correlated
strongly enough to weather or developmental phases
to be modeled using this approach.

DISCUSSION

We have used multivariate statistics to determine
the main factors influencing mRNA levels of 11 dif-
ferent genes expressed in aspen leaves. Although
environmental influence of plant metabolism is a

central issue in ecophysiology and has been studied
with advanced statistics (see e.g. Ekblad et al., 1995;
Luwe, 1996), this is, to our knowledge, the first study
where multivariate statistics have been used to study
gene expression in plants grown under natural con-
ditions in the field. All 11 genes showed considerable
variations in mRNA levels, and for seven of them, we
were able to identify the factors most correlated with
the expression level, thus probably regulating the
gene expression. For one, Glp, the developmental
influence was clearly dominant because it was only
expressed in the “growth phase.” For two genes (Deh
and Elip), only weather parameters were of clear
importance, and for the remaining four (Cox, Mt,
RbcS, and Ubq), both developmental processes and
environmental factors were important. Regulatory
factors have been identified previously for seven of
the tested genes in aspen: Deh, Elip, Glp, Mt, Ubq,
and PsbS. The importance of the previously identi-
fied factors was confirmed for four of these genes in
this study: Deh was induced by low temperatures,
Elip by high light and low temperatures, Glp was
expressed early in the season, and both Mt and Ubq
mainly late in the season. The only exception, for
which the importance of previously identified factors
was not confirmed, was PsbS. An earlier, more de-
tailed analysis has shown that the PsbS mRNA level
could be totally predicted by weather factors under
some circumstances but developmental factors in
others (Külheim et al., 2002). This pattern was either
not presented in the growth season studied, or our
analytical methods were insufficiently sensitive to
elucidate the important factors. The result for RbcS is
reasonable considering what is known about the pho-
tosynthetic reaction: High light has been shown to
induce Rubisco levels in many other species (Ander-
son et al., 1995); also, more dark reaction, as com-
pared with light reaction, components are expected

Figure 4. Relative gene expression for Gs and PsbS over the whole
season. It was not possible to generate a PLS model for either of these
two genes.

Figure 5. Relative gene expression for Glp, H2B, and Prb over the
whole season. For these three genes, it was not possible to generate
a PLS model. Judging by the expression profile of Glp, it is clearly
developmentally regulated.
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to be needed in low temperatures, which slows down
enzymatic activity, and drought, which leads to sto-
matal closure. These observations indicate that PLS
could correctly extract important parameters from
the very complex data set. For dissecting the impor-
tance of highly correlated variables (such as Temp,
Sun and Day), standard multiple linear regression
methods have less analytical power than PLS. How-
ever, although multivariate methods can dissect com-
plex phenomena, there are also cases where the eye is
able to see patterns that the models miss. For exam-
ple, Mt and Ubq were prominently induced in the
late stages of senescence, but the number of data
points (days) was too low to generate a statistically
reliable model showing this induction.

In addition to these known factors that induced the
selected genes, many unexpected factors were de-
tected, e.g. the induction of Cox by high light,
drought, and low temperatures in the autumn, the
induction of Mt by low temperatures and low light
and its repression by wind, and the repression of Ubq
by high light and low temperatures. It is tempting to
speculate on the biological implications of these find-
ings. It is, for example, possible that stress factors
that promote leaf senescence and chlorophyll break-
down (high light, drought, and cold) induce mito-
chondrial activity because respiration has to be re-
sponsible for a larger proportion of the energy
generation in the leaf when photosynthesis is im-
paired. However, such hypotheses have to be ad-
dressed in more specific studies.

It was also interesting to see that the weather fac-
tors of the previous day could be as important (as in
the case of Cox) or even more important (as in the
case of Ubq) than those of the current day. We have
found recently that the PsbS gene is also regulated

primarily by the previous day’s weather (C. Külheim,
J. Keskitalo, K. Wissel, M. Sjöström, and S. Jansson,
unpublished data). Although this is not surprising
from a biological perspective, it is a feature that
probably would not have been detected in “classical”
molecular biological experiments. This again shows
the strength of the multivariate methods.

Another factor that could easily be overlooked in
traditional gene expression studies is the importance
of variation, here illustrated by Deh, which was in-
duced by variable weather. Although variation is
highly relevant to an organism in its natural environ-
ment and a factor that ecologists often consider, it is
traditionally neglected by molecular biologists. Vari-

Figure 6. Scatter plot of the two first score vectors from the principal
component analysis (PCA) analysis. The different phases of the sea-
son are color coded as follows: orange, phase 1 (pregrowth); blue,
phase 2 (growth); green, phase 3 (productive phase); and red, phase
4 (senescence).

Table I. Description of the weather descriptors used for the PLS
modeling

Identification nos. refer to the column plots in Figure 4.

Identification
No.

Weather
Descriptor

Explanation

1 Day No. of days since the 1st d of
harvesting

2 Rain_tot Cumulative rainfall (mm) on the
day of harvesting

3 Rain_tot-1 Same as Rain_tot but for the day
prior to harvesting

4 Rain_tot-2 Cumulative rainfall (mm)
5 RH_mean Mean humidity (%)
6 RH_mean-1 Same as RH_mean but for the

day prior to harvesting
7 RH_std36 SD of humidity
8 Sun_tot Cumulative solar radiation

(W m�2)
9 Sun_tot-1 Same as Sun_tot but for the day

prior to harvesting
10 Wind_mean Mean wind velocity (m s�1)
11 Wind_mean-1 Same as Wind_mean but for the

day prior to harvesting
12 Wind_std36 SD of wind velocity
13 Temp_max Maximum temperature (°C)
14 Temp_max-1 Same as Temp_max but for the

day prior to harvesting
15 Temp_mean Mean temperature (°C)
16 Temp_mean-1 Same as Temp_mean but for the

day prior to harvesting
17 Temp_min Minimum temperature (°C)
18 Temp_min-1 Same as Temp_min but for the

day prior to harvesting
19 Temp20_mean Absolute value of the deviation

of Temp_mean from 20°C
20 Temp20_max Absolute value of the deviation

of Temp_max from 20°C
21 Temp20_min Absolute value of the deviation

of Temp_min from 20°C
22 Temp20_mean-1 Absolute value of the deviation

of Temp_mean-1 from 20°C
23 Temp20_max-1 Absolute value of the deviation

of Temp_max-1 from 20°C
24 Temp20_min-1 Absolute value of the deviation

of Temp_min-1 from 20°C
25 Temp_std36 SD of temperature over the 36 h

before harvesting
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ation may be particularly stressful for plants (that are
sessile), and we hope that this work could inspire
other researchers to address the importance of vari-
ation for gene expression more carefully. For exam-
ple, increasing the ability to cope with rapid fluctu-
ations in light was shown recently to be the probable
functional significance of a process regulating pho-
tosynthetic light harvesting (Külheim et al., 2002).

As stated in the introduction, gene regulation is a
very complex phenomenon. It is possible that our
results would have been different, at least in part, if
we had performed the study in a different year. For
example, the summer in the year 2000 was unusually
wet, and the influence of short-term fluctuations in
rainfall on gene expression, which were minor this
year, may be greater in summers when low soil water
content is a severe stress factor for the tree. Never-
theless, we believe that the results demonstrate that
the multivariate techniques and genomic tools (DNA
microarrays) that we have developed have the po-
tential to address sophisticated questions about the
interactions between plants and their environment.

MATERIALS AND METHODS

Plant Material and RNA Preparation

Leaves (about 20 per sampling) were collected twice a week from a
free-growing aspen (Populus tremula) tree on the Umeå University campus
(63° 50�N, 20° 20�E) from May 22 to October 3, 2000, on each occasion at 11
to 12 am. They were snap frozen in liquid nitrogen and stored at �70°C until
RNA was extracted and prepared according to Bhalerao et al. (2003). The
RNA concentration was determined in microtiter plates by labeling with the
fluorescent dye provided in the RiboGreen RNA Quantitation Kit (Molec-
ular Probes, Leiden, The Netherlands) as described by the manufacturer,
followed by quantitation with a SpectraMax Gemini Microplate Spectroflu-
orometer (Molecular Devices, Sunnyvale, CA).

DNA Probes

Clones encoding the various proteins were selected from the PopulusDB
(http://www.upsc.nu): Mt, UA31BPD11; Cox, UA17CPG08; H2B, I004P48;
RbcS, I001P90; Prp, UL56P.G09; Gs, G065P67Y; Glp, C043P24U; Deh,
UA14CPF09; Elip, I001P19; Ubq, I037P11; PsbS, I001P27; and an rRNA
probe. The selected expressed sequence tag clones were amplified by PCR in
50-�L reaction volumes containing 10� reaction buffer, 4 �L of 25 mm
MgCl2, 2 �L of 10 mm dNTP, 8 pmol plasmid-specific 5� and 3� primers, and
2 units of Taq-DNA-Polymerase (Perkin-Elmer Applied Biosystems, Foster
City, CA). The PCR products were excised from polyacrylamide gels and
purified using a QIAquick Gel Extraction Kit (Qiagen, Hilden, Germany) as
described by the manufacturer. Twenty-five nanograms (10 ng for the rRNA
probe) of the probes was labeled with �-32P-dCTP, using the RadPrime
DNA Labeling System (Invitrogen, Stockholm, Sweden), again as described
by the manufacturer.

RNA Blotting and Hybridization

RNA was separated, blotted, and hybridized according to Ganeteg et al.
(2001). Three micrograms of each sample and a “standard RNA” prepara-
tion (ST; used to calibrate hybridization signals between gels) were dena-
tured with glyoxal and separated in 1.2% (w/v) agarose gels. The ST was
prepared by pooling equal portions from all RNA samples collected over the
season. The final wash was in 0.1� SSC � 0.1% (w/v) SDS at 65°C. For
reprobing, filters were stripped gently by washing the blots in hot 0.1%
(w/v) SDS solution for 5 to 10 min at 70°C. No membranes were stripped
more than three times.

mRNA Analysis

The signal intensities of the hybridization products were quantified by
counting the �-decay in a PhosphorImager (Molecular Imager System GS-
505/525, Bio-Rad Laboratories, Hercules, CA) and processing the acquired
data with Molecular Analyst software (version 2.1.1, Bio-Rad). rRNA hy-
bridization intensity was used to quantify the relative loading of the sample
and standard RNA on the gels. All northern blots were hybridized once with
a 32P-labeled rRNA probe and quantified as described above. Sample and ST
gene expression intensities were normalized after background subtraction
to their respective rRNA intensities using correction factors determined by
relating each rRNA signal to the strongest signal in the same lane of
transferred RNA. The sample and ST intensities were multiplied by the
correction factors thus derived, adjusted in accordance with the respective
total amount of RNA loaded onto the agarose gel, and transferred to nylon
membranes. The corrected signal intensities were then normalized to those
of the ST by calculating the ratio of the sample to the ST expression
intensities. For each probe, data were normalized to the maximum expres-
sion (set to 100%). The normalized data set was used for further analysis.

Weather Descriptors

Relevant weather descriptors were calculated from data collected at a
weather station located on the University of Umeå campus about 50 m from
the tree from which the leaves were harvested. The weather station is super-
vised by the department of applied physics and electronics at the University
of Umeå, and data are collected hourly throughout the year. For the modeling
procedure, 24 descriptors were calculated describing temperature, sun, rain,
humidity, and wind. Most variables were calculated for both the day of
sampling and the day preceding the sampling. Weather descriptors were
based on data for the 10, 36, or 48 preceding hours, depending on the interval
of interest. Descriptors with the suffix 36 are based on the 36-h interval
preceding harvesting. Rain_tot-2 refers to rainfall in the 2 d before harvesting.
All other descriptors are based on the 10-h interval preceding harvesting. All
weather descriptors are further explained in Table I.

Multivariate Analysis

Two methods of multivariate data analysis were used in this work. PCA
(Jackson, 1991; Joliffe, 1986) was used to analyze expression-based cluster-
ing, whereas PLS regression (Wold et al., 1984) was used to model gene
expression from weather conditions.

The central idea of PCA is to extract a few so called principal components
which describes as much as possible of the variation present in the data. The
principal components are linear combinations of the original variables and
uncorrelated to each other.

X � t1p1� � t2p2� � t3p3� � . . . � tApA� � E � TP� � E

where A is the number of principal components, and E is the residual
matrix.

The principal components can be determined using the NIPALS algo-
rithm (Wold, 1966) or by singular value decomposition (Joliffe, 1986). The
scores (t) show how the objects, experiments, are related to each other. The
loadings (p) reveal which variables are important for the patterns that can be
seen in the score plot.

PLS is a multivariate regression method that relates the data matrix X,
here the weather conditions, to a y response that can be either single (y) or
multiple (Y). PLS has proved to be a powerful tool for finding relationships
between descriptor matrices and responses when there are more variables
than observations, the variables are collinear to each other, and they are
noisy. In the article, the response is the mRNA levels of the different genes.
The PLS theory and methods discussed in this report concern single y
responses. As in PCA, principal components are constructed to reduce the
dimensions of X. To obtain the principal components, PLS maximizes the
covariance between the response variable (y) and a linear combination of
the original variables (t � Xw), where t is the score vector, X is the data
matrix, and w is the weight vector (for a more in-depth description of PLS,
see (Burnham et al., 1996, 1999; Garthwaite et al., 1994, and refs. therein).

X � t1p1� � t2p2� � t3p3� � . . . tApA� � E � TP� � E

Y � t1c1� � t2c2� � t3c3� � . . . tAcA� � F � TC� � F
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where A is the number of PLS components, p is the loading vector for X, c
is the loading vector for Y, and E and F are the residual matrices for X and
Y, respectively.

It has been shown recently that the first weight vector, w1, for the PLS
model is the best estimate for how important a variable is for describing the
response (Trygg and Wold, 2002). The obvious way is to look at the regres-
sion coefficients from the PLS model and rank them according to their size.
The problem with the regression coefficients is that they are affected by the
variation in the X matrix that is not correlated to the response (Trygg and
Wold, 2002).
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ABSTRACT 

Purpose: Radiotherapy is one of the mainstays of GBM treatment. This 

study aims to investigate and characterize differences in protein expression 

patterns in brain tumor tissue following radiotherapy, in order to gain a 

more detailed understanding of the biological effects. 

Methods: Rat BT4C glioma cells were implanted into the brain of 2 groups 

of 12 BDIX-rats. One group received radiotherapy (12 Gy single fraction). 

Protein expression in normal and tumor brain tissue, collected at four 

different time points after irradiation, were analyzed using Surface 

Enhanced Laser Desorption/Ionization - Time Of Flight - Mass 

Spectrometry (SELDI-TOF-MS). 

Results: Mass spectrometric data were analyzed by Principle Component 

Analysis (PCA) and Partial Least Squares projection (PLS). Using these 

multivariate projection methods we detected differences between tumors 

and normal tissue, radiation treatment-induced changes and temporal 

effects. Several peaks whose intensity significantly changed after 

radiotherapy were discovered. 

Conclusions: The prompt changes in the protein expression following 

irradiation might help elucidate biological events induced by radiation. The 

combination of SELDI-TOF-MS with PCA and PLS seems to be well 

suited for studying these changes. In a further perspective these findings 

may prove to be useful in the development of new GBM treatment 

schedules. 

 

Key words: Glioblastoma, Radiotherapy, Proteomics, SELDI, Rat, PCA, 

PLS 

 

2



INTRODUCTION 
 
 Despite significant efforts, the outcome of treatments for glioblastoma 
(GBM) has so far been disappointing. After a multimodal approach 
including surgery, postoperative radiotherapy and chemotherapy the 
median survival is still only 10-12 months. The characteristic features of 
GBM – including diffuse infiltrative growth, intensive neovascularisation 
and intrinsic resistance to both ionizing radiation and most 
chemotherapeutic agents – make the disease difficult to treat1, 2. Therefore, 
there is an urgent need to improve conventional treatment modalities and/or 
develop new ones. However, several problems are associated with the 
development of new approaches for the treatment of GBM. 

 One problem is that more rapid methods are needed to evaluate the 
biological effects of conventional glioma treatment modalities in new 
combinations. Today the results of treatment are usually evaluated 
radiologically several months after treatment, which is unsatisfactory for a 
fast growing tumor like GBM. Such methods are of equal importance in the 
development of new treatments targeting specific biological mechanisms, 
where treatment efficacy may be detected by molecular means prior to 
radiological response. Another major obstacle that needs to be overcome in 
order to improve treatment outcome is the lack of basic pathophysiologic 
knowledge of the effects of glioma treatment. 

 Recently new experimental techniques utilizing mass spectroscopy (MS) 
for analyzing protein expression patterns in various tumor conditions have 
yielded in better insight into human tumors3, 4. In malignant glioma it is 
possible to distinguish between tumor and non-malignant brain tissue, as 
well as between different grades of glioma, using direct-tissue analysis by 
Matrix Assisted Laser Desorption/Ionization (MALDI) MS and subsequent 
cluster analysis5. To date, however, the main focus of studies employing 
these proteomics methods has been to detect biological markers for early 
diagnosis of disease. For example, specific serum protein patterns have 
recently been detected in patients with different grades of astrocytomas6. 
Similar results have also been obtained in studies of prostatic carcinoma7, 8, 
breast cancer9 and ovarian cancer10 etc. In the investigation presented here 
we utilized Surface Enhanced Laser Desorption/Ionization Time of Flight 
Mass Spectroscopy (SELDI-TOF-MS)11 to characterize changes in protein 
patterns in tumor tissue following radiotherapy in an experimental rat 
glioma model. The data acquired were analyzed using the multivariate 
projection methods Principal Component Analysis (PCA) and Partial Least 
Squares – Discriminant Analysis (PLS-DA). These analytical data 
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projection methods have proved to be powerful tools for analyzing 
multivariate data obtained in diverse biomedical studies using a wide range 
of methods, including separation techniques such as High Performance 
Liquid Chromatography (HPLC), Gas Chromatography (GC) and Liquid 
Chromatography (LC), spectroscopic methods, e.g. Nuclear Magnetic 
Resonance (NMR) and Mass Spectroscopy (MS), and combinations of 
separation and spectroscopic methods such as GC/MS and LC/MS. For 
example, in an early study Wold et al used PCA to discriminate between 
normal and brain tumor tissues as described by 105 GC peaks, with only a 
few observations in each group12. More recently, PCA and PLS have been 
commonly applied as data analysis tools in metabonomics studies of 
complex  data structures obtained in NMR, GC/MS and LC/MS 
analyses7,13. 
 

MATERIALS AND METHODS 

Rat glioma model 

 The previously described syngenic BT4C rat glioma model was used for 
this investigation14, 15. The BT4C rat glioma model is characterized as a 
malignant glial tumor16. BT4C cells growing in log phase were suspended 
in Dulbecco´s modification of Eagle´s MEM (DMEM) (GIBCO, Paisley, 
Scotland) supplied with 5% BDIX rat serum to a concentration of 2x104 
cells in 5 uL. Inbred BDIX rats were anesthetized with a 1:1 mixture of 
Hypnorm® (fluanisone 10 mg/mL and fentanyl citrate 0.315 mg/mL) and 
Dormicum® (Midazolam 5mg/mL) of which 0.5 mL was given per 100 g 
rat. Xylocain (10 mg/mL) was used for local anaesthesia under the scalp 
prior to incision. Using a stereotactic technique, 5 uL of the cell suspension 
was implanted 3.5 mm to the right of bregma at a depth of 4.5 mm into the 
right caudate nucleus. Special care was taken to prevent cell reflux through 
the burr hole, which was finally covered with bone wax. During the 
implantation procedure cells were kept on ice and viability was monitored 
by intermittent tryphan blue staining. After implantation animals were 
housed in a controlled environment with 12 h light/dark cycles and 
provided food and water ad libitum. Animals were monitored by an 
experienced animal keeper during the whole length of the experiment. 
 A total of 24 animals were implanted and divided into two groups of 12. 
One group received radiotherapy delivered as a 12 Gy single fraction 12 
days after tumor implantation, while the other served as an untreated 
control group. Radiotherapy was given as whole brain irradiation using a 
conventional 4 MV linear accelerator. Three animals from each group were 
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sacrificed 1, 5, 7 and 12 days after irradiation. Tumor tissue was carefully 
dissected from each animal and snap frozen. In addition the contralateral 
normal frontal brain was collected and frozen. Tissue was stored at –80 C° 
until analyzed. 

 The experiments were approved by Umeå University’s animal research 
ethics committee. 

Tissue handling 

 Tissue samples of approximately 0.2 g were thawed and homogenized 
using a Dounce Tissue Grinder (Kimble/Kontes, Vineland, New Jersey, 
USA) in 400 uL homogenization buffer 1 (100 mM HEPES, pH 7.4, 100 
mM NaCl, 0.5% CHAPS). 0.8 mL homogenization buffer 1 was added to 
the homogenate and the mixture was allowed to incubate on ice for 30 min 
before centrifugation at 20,000 rpm for 20 min in 4 °C. The supernatant 
was collected and two volumes of protein-denaturing buffer (8M Urea, 1% 
CHAPS, PBS) were added. The mixture was incubated on a shaker at 4 °C 
for 30 min, then snap frozen in liquid nitrogen and stored at -80 °C. The 
pellet fraction was rehomogenized in 400 uL homogenization buffer 2 (5 M 
Guanidine-HCl, 50 mM Tris (pH 8.0), 0.5% CHAPS) and incubated on ice 
for 3 h before centrifugation at 20,000 rpm for 20 min at 4 °C. The new 
supernatant fraction was collected and diluted in two volumes 
homogenization buffer 2, snap frozen and stored at –80 C°. Both 
homogenization buffers contained EDTA-free protease inhibitor (Roche 
Applied Science, Indianapolis, IN, USA). The protein content of each 
sample was determined using the BCA (bicinchoninic acid) assay (Pierce 
Biotechnology, Inc., Rockford, IL, USA) and the mean of three individual 
readings was used to determine the appropriate dilution required for the 
SELDI analysis. 

SELDI-TOF-MS 

 SELDI is characterized by its selective binding of a subset of all proteins 
in a given sample to a ProteinChip® (Ciphergen Biosystems, Inc., Fremont, 
CA, USA). Several different types of ProteinChip® surfaces are available 
that bind protein with different specific properties. The proteins that do not 
bind specifically to the selected array surface are removed in subsequent 
washing steps, thereby achieving a reversed chromatography effect. The 
binding and washing conditions can easily be adjusted to increase (or 
decrease) the stringency of the selection of proteins to be analyzed. The 
bound proteins are subsequently analyzed in the TOF mass spectrometer, 
yielding a specific protein profile for each individual sample. 
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 A number of different types of array and binding buffers were initially 
examined for this experiment. An IMAC30 array and a phosphate binding 
buffer (0.1 M PO4, pH 7.5, 0.5 M NaCl) was found to be the most suitable 
combination, providing higher spectrum quality and a larger number of 
peaks than the other tested options. A Biomek 2000 Laboratory Automation 
Workstation robot (Beckman Coulter, Inc., Fullerton, CA, USA) was 
utilized for all array preparation and sample application steps in 
combination with a MicroMix5 shaker (Diagnostic Products Corporation, 
Los Angeles, CA, USA), which was employed for all array incubation 
steps, set to program 5 and amplitude 20. 

 IMAC30 arrays were assembled into a Bioprocessor (Ciphergen 
Biosystems, Inc.), charged with Zn2+ by adding 50 uL 100 mM ZnSO4 and 
left to equilibrate for five minutes at room temperature. The Bioprocessor 
was subsequently emptied and the metal charging step was repeated. To 
remove unbound metal ions the arrays were then washed twice with 100 uL 
1 mM HEPES for five min. Thereafter the arrays were equilibrated three 
times with 100 uL binding buffer for 5 min, after which the samples were 
applied. 

 Samples from one fraction at a time were thawed and diluted in binding 
buffer to a concentration of 0.15 ug/uL in a 96-well plate on ice, mixed on a 
MicroMix5 shaker for 2 min then transferred to the Biomek 2000. 100 uL 
of each diluted sample was added to the Bioprocessor and allowed to 
incubate for 1 hr. All samples were processed and applied to the arrays in 
triplicates, according to a completely randomized scheme. To facilitate 
assessment of the method reproducibility, identically treated standard 
quality control (QC) samples were added onto a number of random spots 
per Bioprocessor. In order to remove unbound sample the arrays were then 
washed with 150 uL binding buffer three times for 5 min, followed by two 
1 min washes with 150 uL 1 mM HEPES. 

 Prior to matrix addition the Bioprocessor was dismantled by removing 
the top and gasket and the arrays were air-dried. Thereafter, 2 deliveries of 
1 uL saturated sinapinic acid (Ciphergen Biosystems, Inc.), diluted in 50% 
acetonitrile and 0.5% trifluoroacetic acid, were added to each spot on the 
arrays. 

 Arrays were analyzed in a TOF mass spectrometer (PBS-II; Ciphergen 
Biosystems, Inc.). Mass spectra were generated in positive ion mode using 
an accelerating voltage of 20 kV. Each spot was analyzed twice, with 
individual settings optimized for different mass regions. To analyze the 
lower mass region (2-20 kDa), the laser intensity was set to 210 and 215 for 
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the pellet and supernatant fraction samples respectively, the detector 
sensitivity to 7 and the focus lag times was 782 ns. To analyze the higher 
mass region (20-50 kDa), a laser intensity of 260 and a detector sensitivity 
of 10 was used in conjunction with a focus lag time of 1328 ns for both 
fractions. Mass spectra were acquired by averaging the data from 192 laser 
shots fired at 16 different positions within each spot. Different positions 
were used to acquire high and low mass spectra. The mass spectrometer 
was externally calibrated using an all-in-one-protein standard (Ciphergen 
Biosystems, Inc.). 

Data Analysis 

 Spectral data were acquired using SELDI-TOF-MS. Baseline subtraction 
was performed on all spectra using Ciphergen Proteinchip® Software. Data 
from both fractions (supernatant and pellet) were then exported as raw 
spectra files in .csv format. For the high mass region, data in the interval 
20-50 kDa were exported for multivariate analysis. We applied a lower 
limit cutoff of 2.5 kDa to the low mass region to avoid all matrix-related 
noise, and hence exported data in the interval 2.5-20 kDa for multivariate 
analysis. All multivariate analyses were carried out using Evince 1.1 
(Evince for PC, Mac and Linux, Umbio: Umbio AB, C/O Uminova 
Innovation AB, Box 7978, 907 19 Umeå, Sweden). 

 The QC samples were used to evaluate the method reproducibility, and 
thus were treated separately. All low mass range spectra generated from the 
QC samples were normalized together in the interval 2.5 to 20 kDa using 
the Ciphergen ProteinChip® Software. The program was set to calculate 
noise within the same mass region and peak clusters to be compared were 
then automatically selected, utilizing the Biomarker Wizard tool in 
Ciphergen Proteinchip® Software with the following settings; first pass 
signal to noise ratio = 5, min peak threshold = 50% of all spectra, cluster 
mass window = 0.3% of mass, second pass signal to noise ratio = 2. 
Information on the detected peak clusters was finally exported in .csv 
format for reproducibility calculations. 

Data Pre-processing for multivariate analysis 

 The values for the different m/z variables were not consistent between 
the many different spectra. For meaningful comparison of many spectra, 
each has to be built up by the same set of well defined variables. Therefore, 
using a binning procedure, each spectrum was transformed into 5000 
variables, to be analyzed by multivariate projection methods such as PCA 
and PLS-DA. All bins corresponded to small mass intervals (3.5 Da and 7 
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Da for the low mass and the high mass data, respectively) represented by 
the mean value of the intensities therein. This process also had a smoothing 
effect on the spectra. Each spectrum was then normalized individually by 
dividing all of the variables in it by the mean intensity of the spectrum. 

 Prior to the multivariate analysis data were then transformed (centered) 
by subtracting each variable by its mean. 

Principal Component Analysis (PCA) 

 The central idea of PCA is to extract a few, so-called, principal 
components describing as much as possible of the variation present in the 
data. The principal components are linear combinations of the original 
variables and uncorrelated to each other. Here t represents the scores 
vectors and p’ the loadings vectors for each component. A is the number of 
principal components and E is the residual matrix. 
 
X t1 p1

' t2 p2
' t3 p3

' . .. t A pA
' E T P' E   (eq. 1) 

 
 The principal components can be determined using the NIPALS 
algorithm17 or Singular Value Decomposition (SVD)18. The scores (t) show 
how the objects and experiments relate to each other. Objects close to each 
other in a score plot are similar to each other in terms of the variables that 
influence the plotted components. The loadings (p) reveal the variables that 
are important for the patterns seen in the score plot. By examining the 
scores and the loadings important groupings in the data can be identified 
and explained. 

Partial Least Squares (PLS) 

 PLS is a multivariate regression method that relates the data matrix (X, 
descriptors) to a y-response that can be either single (y) or multiple (Y). 
PLS has proved to be a powerful tool for finding relationships between 
descriptor matrices and responses, especially when there are more variables 
than observations and the variables are collinear to each other and noisy. 
The PLS theory and methods discussed here concern single y-responses. As 
in PCA, principal components are constructed to reduce the dimensions of 
X. In order to obtain the principal components, PLS maximizes the 
covariance between the response variable y and a linear combination of the 
original variables t = Xw, where t is the score vector, X is the data matrix 
and w is the weight vector. For a more detailed description of PLS, see 
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Burnham (1996)19, Burnham (1999)20, Garthwaite (1994)21, Wold (2001)22 
and references therein.  
 
X t1 p1

' t2 p2
' t3 p3

' . . .t A pA
' E T P' E

Y t1c1
' t2c2

' t3c3
' . .. tA cA

' F TC' F (eqs. 2 and 3) 

 
t = score vector for X 
A = the number of PLS components 
p = loading vector for X 
c = loading vector for Y 
E = residual matrix for X 
F = residual matrix for Y 
 
 When using PLS for discriminant analysis (PLS-DA), dummy variables 
are used to describe the classes to which different samples can be assigned. 
This is done by creating pairs of binary variables for each class, for 
example ones and zeros, where a one signifies that the object belongs to the 
class concerned, and a zero implies that it does not. With a PLS-DA model 
it is possible to predict whether or not an object belongs to a specific class 
considering the predicted class variable. A predicted value greater than 0.5 
implies that the sample belongs to that class and a value lower than 0.5 
implies that it does not belong to it. In this work, the group classifications 
used are treated versus untreated brain tumor tissue and normal versus 
tumor tissue from the untreated control group. 

Validation of models 

 To determine the ideal number of components to calculate and analyze 
in order to optimize the interpretability and predictive power of any 
multivariate model, it must be validated. Components that do not explain a 
significant amount of variation should not be analyzed and interpreted since 
they may mainly describe noise. We choose here to restrict the analysis to  
principal components that had relatively large eigenvalues and visually 
appeared to describe variation related to the classification. For each 
component a R2X value was calculated, representing the percentage of 
variation described in the data. These values are presented for each PCA-
model.  

 In order to make valid predictions from a PLS model it is important not 
to overfit it, i.e. to avoid fitting it to random noise in the observed data. To 
ensure that this is avoided, appropriate validation techniques need to be 
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applied. Cross-validation, an example of an internal validation procedure 
used here, involves removing observations from the data in a stepwise 
procedure, computing a prediction model based on the remaining samples 
and testing the calculated model by comparing the estimated values with 
the empirically obtained values for the excluded observations. This process 
is then repeated by excluding a new selection of observations, until all 
observations have been excluded once. Finally a prediction error term is 
calculated, the prediction error sum of squares (PRESS), defined as: 

   (eq. 4) 
2

1
)(∑

=

∧

−=
cvObs

i
ii YYPRESS

where cvObs is the number of observations in the test set, Yi is the observed 

value for observation i in the test set and  is the predicted value for the 
same observation. PRESS is used, in turn, for calculating Q2Y: 

∧

iY

  (eq. 5) SSPRESSYQ /0.12 −=

where SS is the sum of squares for Y. Q2Y can be described as the 
percentage of the response (Y) that will be correctly predicted for a set of 
new observations using the current model. Cross validation can be 
performed by removing one or many observations in every run. Removing 
one observation in each run is commonly referred to as the leave-one-out 
procedure. Since our data contains replicate groups, we applied segmented 
cross-validation in which entire replicate groups were excluded instead of 
one sample at a time, to avoid including data from the same replicate group 
in both the test- and training-sets. 

 To further validate the models a different approach was also applied, 
simply referred to as Validate, in which the indices of the response variable 
were randomly permutated so that the row-wise positions of the responses 
did not agree with those of the rest of the data. If a randomized data set 
gave high predictive scores the model could not be trusted. 

 Finally, an external calibration method was also employed. In this 
procedure an external test set was excluded and a model was calculated 
from the remaining training set. This model was then used to predict the 
response for the test set. The prediction error was calculated in a similar 
way to that used in the cross-validation, except that the prediction was only 
performed once and for the full test set.  
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Identification and Analysis of Regions of Interest (ROI) 
 In regions where differences between two compared groups were 
detectable by means of multivariate analysis, we wanted to further 
investigate them univariately. By studying the loadings from the 
multivariate analyses and relating them to the scores, one can find the most 
important variables for separating the groups. It has been shown that, for a 
single component PLS model, the first loading vector, w1, provides the best 
estimate of the importance of a given variable, for describing the response. 
Later components are only needed for correcting the predictions made by 
the first component for all the variation in the X-matrix that is not 
correlated to the response, but still affects the prediction23. For example, 
m/z-variables with high absolute w1-values contribute heavily to the group 
separation. In this study we identified mass spectrometric regions of 
interest (ROI) as parts of the spectrum where the m/z-variables had 
corresponding absolute loading values greater than 0.015 (ROI: |w1| > 
0.015) for low mass data and 0.010 (ROI: |w1| > 0.010) for high mass data. 
The small number of samples did not allow the use of statistical 
permutation analysis to determine these cutoff limits15. These regions of 
interest were subjected to additional investigation, as follows. Within each 
ROI we identified protein peaks, defined as m/z-variables where the mean 
protein profile curve had a local maximum. For any given ROI with 
positive w1-values, peaks were identified in the mean spectrum based on 
the spectra for the group with positive scores in the first component, i.e. the 
group with binary response 1 in the PLS-DA model. In regions of interest 
with corresponding negative w1-values, the opposite mean spectrum was 
used to identify peaks, i.e. the mean spectrum based on the spectra for the 
group with binary response 0. Since the high mass regions of all protein 
profile curves displayed a large amount of small amplitude noise, they were 
smoothed prior to peak detection using a five point adjacent averaging 
algorithm. The relative peak intensity for all remaining peaks was extracted 
from every individual spectrum in both groups. To compensate for possible 
mass shifts, intensity values from individual spectra were selected as local 
maximum intensities (peaks) within +- 0.2% of the m/z-value defined as a 
peak in the mean spectrum. In cases where more than one peak was 
identified in the scanned mass interval, the one with the closest m/z-value 
to that of the mean peak in question was extracted. The peak intensity 
values of the treated and the non-treated groups were then compared.  

 Since each of the groups consisted of samples from only three animals, 
each analyzed in triplicate, we needed to confirm that observed differences 
between the groups were due to treatment effects and not to differences 
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between animals. This was done using a nested linear model with fixed 
effects comparing treatment effects with a full model allowing differences 
between rats. When there was little evidence of a difference between 
individuals (p > 0.1), t-test statistics were applied to assess the differences 
between treated and control animals. Conversely, when there appeared to 
be a difference in peak intensity between different individuals (p < 0.1), the 
differences between the two groups were investigated using a linear mixed 
effects model (lme). In this model not only the measurement error within 
each rat but also the sampling of individual rats was assumed to be a 
random effect while the treatment effect was assumed to be fixed. All 
univariate analysis was done utilizing the freeware R 2.1.124. 
 

RESULTS 

Protein Profiling Quality Control 

 Randomly spotted QC samples were analyzed together with the rest of 
the samples to assess method reproducibility. For the pellet fraction a total 
of 12 QC samples were analyzed together with the rest of the sample 
material in two Bioprocessors. Here 16 peaks were selected and compared, 
resulting in a coefficient of variance (CV) of 20.1 percent. For the 
supernatant fraction 14 QC samples were analyzed and16 peaks were 
selected with a resulting CV of 16.5 percent.  

Comparing Normal and Tumor Tissues 

 The protein expression pattern from tumor tissue was compared with 
that from contralateral normal brain tissue, with the purpose of validating 
the strategy. PCA applied to each dataset from the separate time points 
disclosed obvious separations between tumor samples and normal samples 
for all datasets (data not shown). 

 Fig. 2C and D shows the mean spectra for the low mass region from 
both groups, derived from nine individual spectra from the supernatant 
fraction from untreated rats sacrificed 24 days after implantation. 
Application of PLS-DA to the data yielded a complete separation of the two 
groups in the first dimension (Fig. 2A). 

 In Fig. 2B the PLS-DA loadings (w1) are plotted for each variable on 
the m/z-axis, to illustrate which variables, i.e. parts of the spectra, are the 
most important in the separation of the two groups. Variables on the m/z-
axis with a relatively high absolute w1-value were more important for the 
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separation than those with a relatively low absolute value, meaning that 
high absolute values in w1 corresponded to m/z-variables discriminating 
between the two groups.  

Outliers 

 Initially all datasets were analyzed separately with PCA, and possible 
outliers were identified. Two single observations were removed, one from 
the day 7 dataset and one from the day 12 pellet dataset.  The first one 
displayed very large residuals (see eq. 1) and the second was discovered to 
be a clear outlier in score space. They both displayed protein profiles highly 
dissimilar to the other two observations in the triplicate set. Furthermore, 
two complete sample triplicates were removed since it was clear they 
belonged to a different dataset, one from day 5 and one from day 7 after 
irradiation. 

Changes in Protein Expression Over Time In Treated and Untreated 
Control Tissues 

 Application of PCA to mass spectrometric data obtained from glioma 
tissues (both fractions and both mass ranges) from treated and untreated 
animals sacrificed 1, 5, 7 and 12 days after irradiation revealed distinct time 
trends in protein profiles (Fig. 3A), associated with the tumor’s successive 
growth. There was also a clear distinction between treated and untreated 
samples from days 1 and 12, since the protein profiles from the untreated 
samples from day 1 display a closer resemblance to the protein profiles 
from day 5 than the treated ones. Similarly, the protein profiles from the 
treated samples from day 12 displayed a closer resemblance to the protein 
profiles from day 7 than the untreated ones. The profiles from days 5 and 7 
displayed similar tendencies, but less clearly. 

 Fig 3B and C illustrate how a few protein peaks develop over time in 
untreated (control) and treated samples, respectively. 

Treated vs. Untreated Tumors 

 Comparing treated and untreated tumor samples from each individual 
time point reveals unambiguous separation between the classes for days 1 
and 12 after irradiation. Data collected on days 5 and 7, however, does not 
separate the classes, although there are some weak tendencies towards 
separation present in some of the fraction subsets to these data (data not 
shown). 
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 Samples from both the treated group and the untreated control group 
collected on day 12 after irradiation (24 days after implantation) were 
investigated by PCA to detect differences in complete protein profiles 
related to treatment effects. Datasets from the different mass ranges were 
analyzed separately and datasets from the two fractions were treated both 
separately and together (Fig. 4). The treated and control samples could be 
separated in all datasets analyzed. Therefore discriminating information 
was obtained throughout the whole mass spectra, as well as in both the 
analyzed protein fractions. 

External validation of PLS-DA. 

 The PLS-DA model based on the low mass dataset from the supernatant 
fractions of samples collected 12 days after treatment modeling the 
differences in protein profiles between irradiated and non-irradiated control 
samples, was externally validated. A test set consisting of six samples, one 
sample triplicate from the control group and one sample triplicate from the 
irradiated group, were removed from the modeling step. A PLS-DA model 
was calculated based on the remaining samples, and the model was then 
used for predicting whether the samples in the test set were irradiated or 
not, based on their protein profiles. As can be seen in Fig. 6 all samples 
were assigned to the correct group: an observed value of 1 representing 
irradiated samples and a value of 0 control samples. 

Analysis of Regions of Interest (ROI) 

 PLS-models were calculated for each of the separate datasets from day 
12 after irradiation (see Table 1). The previously described peak 
identification strategy was applied to the variable loadings from these 
models. 

 In the supernatant fraction we found 31 peaks, out of a total 47 peaks in 
the ROIs, in the low mass region that displayed significantly different 
expression patterns after therapy. In the high mass region the corresponding 
numbers were 12 out of 35 peaks. For the pellet fraction we found that 17 
out of 37 peaks in ROIs showed significantly differentiated expression 
patterns in the low mass region, and 17 peaks out of 28 in the high mass 
region (Table 2 lists peaks with a significantly altered level of expression). 
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DISCUSSION 
 
 The results of this study show that high throughput mass-spectrometric 
protein profiling, combined with multivariate analysis methods such as 
PCA and PLS-DA, are excellent methods for investigating and comparing 
protein expression from brain tissue extracts. The data revealed distinct 
differences between glioma and normal brain tissues, and between groups 
of radiotherapy-treated and untreated glial tumors in an experimental 
glioma animal model. Furthermore, this method also permits tumor 
progression to be monitored over time, since protein profiles from different 
time points during tumor growth formed distinct subgroups when modeled 
with PCA. These findings clearly suggest that the tumor protein expression 
pattern in the BT4C model successively and systematically changes over 
time. Moreover, by analyzing animals subjected to radiotherapy in the same 
manner, it becomes apparent that this systematic progression is changed by 
radiotherapy treatment. To our knowledge, this is the first study indicating 
that it may be possible to follow treatment responses to radiotherapy with a 
high throughput mass-spectroscopic method applying multivariate 
statistical methods. 

 Using our multivariate model for analyses we could clearly differentiate 
between glioma and normal brain tissue. This is consistent with previous 
studies on both glioma25, 26 and other types of tumors27. 

 In Fig. 2 both of the mean spectra display prominent peaks at about 7500 
Da which, judging by the loadings, strongly influence the PLS model. A 
valid question is therefore whether the observed difference in masses for 
these particular peaks is real or an artifact related to instrument drift over 
time. It is, however, reasonable to assume that the observed difference is in 
fact real, since all of the samples were analyzed simultaneously and in a 
randomized fashion, which should minimize the occurrence of such 
artifacts. This hypothesis was also confirmed by extracting the exact m/z-
values for each individual spectrum in the two groups and comparing them 
between the groups with a t-test, which indicated that the peaks had 
significantly different masses (data not shown).  

 It is well known that protein expression profiles differ both between 
tumors with different histopathologic grades25, 28 and between different 
tumor stages29, 30. However, to our knowledge, the finding that the tumor 
protein expression profile changes over time in histologically identically 
tumors is a novel finding. This may be due to molecular changes in the 
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tumor cell biology alone, but changes in the tumor-host interaction may 
also contribute. In our experience, however, the BT4C cells grow 
homogenously in the rat brain without any obvious visible changes in the 
cellular distribution within the tumor, until late in the course of progression 
when necrosis may appear. Necrosis is generally not present at the time 
points when tissues were sampled in this study. Therefore, the observed 
changes in protein expression were not clearly correlated to gross 
morphological changes in the tumors. For this study we found it most 
important to account for this variation of protein expression over time in 
our comparative analyses. Therefore all comparisons between tumors were 
done on tissues harvested at the same time point after implantation. 

 When irradiating patients with brain tumors the treatment induces acute 
and late undesirable clinical side effects31, 32. Presumably there should be 
changes at the molecular level that constitute the basic pathophysiology for 
these effects. However, our knowledge of the molecular effects of 
irradiation and other treatment regimens is limited. One study has 
demonstrated changes in white blood cell gene expression following whole 
body irradiation33 and another have demonstrated changes in protein 
expression following molecular therapy in a mouse mammary carcinoma34. 
Greater understanding of both positive and negative effects of different 
treatments is of outmost importance to improve treatment results, in terms 
of managing side-effects and prolonging the survival of glioma patients. 

 In the present study we found clear differences between irradiated and 
non-irradiated glioma tissue. In total, summing the findings in all separate 
datasets, 80 peaks were found to have significantly altered expression 
levels 12 days after radiotherapy treatment. These proteins or protein 
fragments may include potentially interesting markers of treatment 
outcome. The majority of significantly changed peaks were observed in the 
low mass regions of the mass spectra. It may be suggested that many of 
these peaks are fragments of larger functional proteins. 

 A common objective of many investigations has been to identify 
molecular markers that could be used to follow the progression or 
regression of tumors. However, only a few studies have focused on finding 
a marker for early tumor detection in glioma6 and quantification of 
treatment efficacy 34, 35. Such a marker could be of considerable clinical 
importance, also for malignant glioma. Among the protein peaks we 
identified that helped to distinguish irradiated tumors from non-treated 
tumors, some could be involved in the pathogenesis of clinically observed 
side-effects while others may represent protein markers that could be used 
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to evaluate therapeutic efficacy. So far, no marker for radiation-induced 
cytotoxicity in malignant glioma has identified and clinically established. 
Whether any of the identified peaks in this paper will fulfill the criteria as a 
marker will be subject to further studies. 

 In the BT4C glioma, tumor progression involves changes in the overall 
protein expression profile, as shown in this study (Fig. 3). Both treated and 
untreated control tumor samples displayed clear time trends when modeled 
with PCA. Interestingly, at two of the time points measured (1 and 12 days 
after irradiation) there were clear differences between protein profiles from 
treated and untreated control samples. In both instances the untreated 
samples seemed to have progressed further than their radiotherapy-treated 
counterparts. More specifically, protein expression profiles from untreated 
samples from day 1 after irradiation showed greater resemblance than 
treated samples from the same time point to the day 5 protein profiles. In 
much the same way, treated samples from day 12 after irradiation displayed 
greater similarity to protein profiles from day 7 than the untreated samples 
from the same time point. Treated and untreated control samples from days 
5 and 7 after irradiation displayed the same tendencies, but much less 
clearly. Taken together these findings could indicate that tumor progression 
was slower in treated samples than in untreated samples. 

 By applying multivariate analysis techniques we were able to use all our 
data for analysis. In doing so we circumvented the difficulty of selecting 
peak clusters for analysis in the initial analysis. Instead, we used insight 
gained from the initial multivariate analysis to select regions of interest 
from which all possible protein peaks were selected for further univariate 
analysis. This is in marked contrast to various other studies in which peaks 
were selected before any comparative analysis was applied6. We believe 
that our technique offers a less biased and more accurate differentiation of 
the groups studied. 

 As emphasized above, multivariate projection methods were essential 
statistical tools in this investigation. PCA was used to assess the similarity 
of different samples according to their protein profiles and to detect 
groupings. A dataset with n variables can theoretically be visualized by 
plotting the observations in an n-dimensional space. However, it is 
impossible for us to view data efficiently in more than three dimensions 
because of the cognitive limitations of the human mind. PCA is an 
unsupervised method, which tries to find the directions in the 
multidimensional space that explains most of the variation in the data. The 
PLS method is similar to PCA but is supervised in the way that it tries to 
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optimize the correlation between the principal components with the 
response. The response can be either continuous or discrete and PLS 
models can be used for predictive purposes. If the response is discrete and 
binary the modeling procedure is called PLS-DA. The previously described 
methods have useful properties for analyzing proteomics data. They are 
well suited for analyzing data where the number of variables greatly 
exceeds the number of observations. They also deal efficiently with noisy 
and correlated variables, which are often observed in spectral data. It has 
been generally accepted by the machine-learning community that robust 
classification requires a sample per feature to ratio (SFR) of at least 5-10. 
For mass spectra in a biomedical context SFRs are typically in the range 
1/20-1/500. In machine-learning approaches such as neural networks the 
conventional solution is to reduce the feature space dimensionality by 
variable selection36. The multivariate methods described and used herein 
rely on linear algebraic operations and are transparent in contrast to neural 
nets (for example), which are often seen as black boxes. Thus, the influence 
of specific variables in the models can be evaluated, facilitating the 
identification of peaks and regions of interest. 

 One of the shortcomings of the present study is that the number of 
animals in each group was relatively small. From a data analysis 
perspective it is always preferable to have a larger number of observations. 
On the other hand, since the study focused on a controlled, inbred animal 
model in which all individuals are basically genetically identical, we 
believe that the differences between the different groups studied should 
outweigh the individual variations within the groups. We also took 
appropriate measures to adjust for possible individual effects when the 
results were statistically compared, in order to avoid erroneous conclusions. 

 It is possible that the specificity of the current study could have been 
improved by employing a more selective approach to tissue sampling, such 
as laser capture micro dissection, to analyze only the tumor cell 
compartment of the tumor, rather than mixtures of tumor and stroma cells, 
as in the present study. However, a tumor consists of two interacting 
cellular compartments and in our opinion it is important to study both 
compartments in the search for tumor biomarkers. Important biomarkers 
may be expressed by tumor stromal cells, such as endothelium, under the 
influence of tumor cells. 

 The candidate biomarkers for treatment effects described herein need to 
be further characterized to gain additional insight into the biology of 
radiotherapy. Such knowledge may be valuable for understanding brain 
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tumors and, ultimately, how to treat them. Furthermore, if similar protein 
expression differences can be detected in a readily accessible bodily fluid, 
such as serum or micro dialysis samples, they could be rapidly and reliably 
analyzed as treatment efficacy markers. This could take us one step closer 
to the ultimate possibility of individualizing treatment modalities and 
monitoring the effects instantly.  

 Moreover, biomarkers may be of great importance in future clinical 
trials of novel signal transduction inhibitors. A large number of candidate 
agents are awaiting clinical evaluation (#132), which could be greatly 
accelerated if suitable biochemical methods (such as the tools and analysis 
methods described herein) were available to complement conventional 
radiological methods and to help find specific new biomarkers for different 
treatment modalities. 

 The use of protein expression profiling may also be important in neuro-
oncology for the subclassification of tumors, as a complementary approach 
to the morphological and genomic methods currently used. For instance, it 
may help to distinguish between primary and secondary GBM37, and to 
monitor treatment responses. It could also facilitate attempts to elucidate 
and monitor the chemosensitivity and treatement efficacy of anaplastic 
oligodendroglioma with 1p and 19q chromosomal deletions38. 

 Based on both the cross-validated Q2 values of our PLS models and the 
small-scale external validation, our methodology shows great potential for 
accurately predicting important characteristics of samples from their protein 
expression profiles. However, in order to create robust and predictive 
models that could be applied to new samples this kind of analysis needs to 
be performed on significantly larger datasets, covering a wider array of 
instrumental and experimental factors. 

 To conclude, using mass spectrometry and multivariate analysis we have 
demonstrated differences in protein expression pattern between 
experimental rat glioma and normal brain. We found variations over time in 
protein expression concomitant with the tumor progression in vivo. 
Irradiation of the tumors induced changes in protein expression that 
allowed the irradiated tumors to be clearly distinguished from the non-
treated tumors. We believe that the 80 identified peaks discriminating 
irradiated from non-irradiated tumors may include useful markers for the 
efficacy of radiation treatment of malignant gliomas. 

 

19



REFERENCES 
 
1. Yang X, Darling JL, McMillan TJ, et al. Radiosensitivity, recovery 

and dose-rate effect in three human glioma cell lines. Radiother 
Oncol 1990;19:49-56. 

2. Glioma Meta-analysis Trialists (GMT) Group. Chemotherapy for 
high-grade glioma. The Cochrane Database of Systematic Reviews, 
Issue 3: John Wiley & Sons, Ltd; 2002. 

3. Reyzer ML, Caprioli RM. MALDI mass spectrometry for direct 
tissue analysis: A new tool for biomarker discovery. Journal Of 
Proteome Research 2005;4:1138-1142. 

4. Wiesner A. Detection of tumor markers with ProteinChip((R)) 
technology. Current Pharmaceutical Biotechnology 2004;5:45-67. 

5. Venter JC, Adams MD, Myers EW, et al. The sequence of the 
human genome. Science 2001;291:1304-+. 

6. Liu J, Zheng S, Yu JK, et al. Serum protein fingerprinting coupled 
with artificial neural network distinguishes glioma from healthy 
population or brain benign tumor. J Zhejiang Univ Sci B 2005;6:4-
10. 

7. Adam BL, Qu Y, Davis JW, et al. Serum protein fingerprinting 
coupled with a pattern-matching algorithm distinguishes prostate 
cancer from benign prostate hyperplasia and healthy men. Cancer 
Res 2002;62:3609-3614. 

8. Banez LL, Prasanna P, Sun L, et al. Diagnostic potential of serum 
proteomic patterns in prostate cancer. J Urol 2003;170:442-446. 

9. Laronga C, Becker S, Watson P, et al. SELDI-TOF serum profiling 
for prognostic and diagnostic classification of breast cancers. Dis 
Markers 2003;19:229-238. 

10. Petricoin EF, Liotta LA. SELDI-TOF-based serum proteomic 
pattern diagnostics for early detection of cancer. Current Opinion in 
Biotechnology 2004;15:24-30. 

11. Merchant M, Weinberger SR. Recent advancements in surface-
enhanced laser desorption/ionization-time of flight-mass 
spectrometry. Electrophoresis 2000;21:1164-1177. 

12. Wold S, Albano C, Dunn III WJ, et al. Multivariate analytical 
chemical data evaluation using SIMCA and MACUP. Scientific 
Symposum: Patteren Recognition in Analytical Chemistry. 
Matrafured, Hungary; 1982. pp. 157-188. 

 

20



13. Eriksson L, Antti H, Gottfries J, et al. Using chemometrics for 
navigating in the large data sets of genomics, proteomics, and 
metabonomics (gpm). Anal Bioanal Chem 2004;380:419-429. 

14. Issaq HJ, Veenstra TD, Conrads TP, et al. The SELDI-TOF MS 
approach to proteomics: protein profiling and biomarker 
identification. Biochem Biophys Res Commun 2002;292:587-592. 

15. Johansson D, Lindgren P, Berglund A. A multivariate approach 
applied to microarray data for identification of genes with cell 
cycle-coupled transcription. Bioinformatics 2003;19:467-473. 

16. Bergenheim AT, Elfverson J, Gunnarsson PO, et al. Cytotoxic 
Effect and Uptake of Estramustine in a Rat Glioma Model. 
International Journal of Oncology 1994;5:293-299. 

17. Wold S. Estimation of principal components and related models by 
iterative least squares, in PaR Krishnaiah, ed, Multivariate Analysis. 
New York: Academic press; 1966. 

18. Jolliffe IT. Principal component analysis. New York: Springer-
Verlag; 1986. 

19. Burnham AJ, Viveros R, MacGregor JF. Frameworks for latent 
variable multivariate regression. Journal Of Chemometrics 
1996;10:31-45. 

20. Burnham AJ, MacGregor JF, Viveros R. A statistical framework for 
multivariate latent variable regression methods based on maximum 
likelihood. Journal Of Chemometrics 1999;13:49-65. 

21. Garthwaite PH. An Interpretation Of Partial Least-Squares. Journal 
Of The American Statistical Association 1994;89:122-127. 

22. Wold S, Sjostrom M, Eriksson L. PLS-regression: a basic tool of 
chemometrics. Chemometrics And Intelligent Laboratory Systems 
2001;58:109-130. 

23. Trygg J. O2-PLS for qualitative and quantitative analysis in 
multivariate calibration. Journal of Chemometrics 2002;16:283-293. 

24. R Development Core Team. R: A language and environment for 
statistical computing. Vienna, Austria; 2005. 

25. Iwadate Y, Sakaida T, Hiwasa T, et al. Molecular classification and 
survival prediction in human gliomas based on proteome analysis. 
Cancer Res 2004;64:2496-2501. 

26. Zhang R, Tremblay TL, McDermid A, et al. Identification of 
differentially expressed proteins in human glioblastoma cell lines 
and tumors. Glia 2003;42:194-208. 

27. Melle C, Kaufmann R, Hommann M, et al. Proteomic profiling in 
microdissected hepatocellular carcinoma tissue using ProteinChip 
technology. Int J Oncol 2004;24:885-891. 

 

21



28. Ware ML, Berger MS, Binder DK. Molecular biology of glioma 
tumorigenesis. Histol Histopathol 2003;18:207-216. 

29. Cheung PK, Woolcock B, Adomat H, et al. Protein profiling of 
microdissected prostate tissue links growth differentiation factor 15 
to prostate carcinogenesis. Cancer Res 2004;64:5929-5933. 

30. Roblick UJ, Hirschberg D, Habermann JK, et al. Sequential 
proteome alterations during genesis and progression of colon 
cancer. Cell Mol Life Sci 2004;61:1246-1255. 

31. Costello A, Shallice T, Gullan R, et al. The early effects of 
radiotherapy on intellectual and cognitive functioning in patients 
with frontal brain tumours: the use of a new neuropsychological 
methodology. J Neurooncol 2004;67:351-359. 

32. Swennen MH, Bromberg JE, Witkamp TD, et al. Delayed radiation 
toxicity after focal or whole brain radiotherapy for low-grade 
glioma. J Neurooncol 2004;66:333-339. 

33. Amundson SA, Grace MB, McLeland CB, et al. Human in vivo 
radiation-induced biomarkers: gene expression changes in 
radiotherapy patients. Cancer Res 2004;64:6368-6371. 

34. Reyzer ML, Caldwell RL, Dugger TC, et al. Early changes in 
protein expression detected by mass spectrometry predict tumor 
response to molecular therapeutics. Cancer Res 2004;64:9093-9100. 

35. Gadducci A, Cosio S, Carpi A, et al. Serum tumor markers in the 
management of ovarian, endometrial and cervical cancer. Biomed 
Pharmacother 2004;58:24-38. 

36. Somorjai RL, Dolenko B, Baumgartner R. Class prediction and 
discovery using gene microarray and proteomics mass spectroscopy 
data: curses, caveats, cautions. Bioinformatics 2003;19:1484-1491. 

37. Kleihues P, Ohgaki H. Genetics of glioma progression and the 
definition of primary and secondary glioblastoma. Brain Pathology 
1997;7:1131-1136. 

38. Cairncross JG, Ueki K, Zlatescu MC, et al. Specific genetic 
predictors of chemotherapeutic response and survival in patients 
with anaplastic oligodendrogliomas. J Natl Cancer Inst 
1998;90:1473-1479. 

 
 

 

22



Fig. 1. Representative protein profiles from six different tumor samples, all 

taken 12 days after irradiation. The y-axes denote the relative normalized 

intensity and the x-axes the different m/z-variables. The different mass 

regions for each sample are plotted in separate panels, low mass (2.5-20 

kDa) to the left and high mass (20-50 kDa) to the right. The top three 

panels show profiles from animals in the untreated control group (A-C) and 

the bottom three profiles from radiotherapy-treated (12Gy in a single 

fraction) animals (D-F). 

 

Fig. 2. PLS model based on low mass range (2.5-20 kDa) data from the 

supernatant fraction of three normal tissue (gray) and three tumor tissue 

samples (black). All samples are from the untreated control group, 

sacrificed 24 days after implantation and analyzed in triplicate. A, PLS 

scores t1 vs. t2. Q2Y(cum) = 0.96 for the first two components. B, first 

dimension PLS loadings (w1) plotted against mass variables. C, low mass 

range, mean spectrum derived from all nine spectra generated from the 

normal tissue samples. D, low mass range, mean spectrum derived from all 

nine spectra generated from the tumor tissue samples. The shading of the 

bars under the spectra in C and D indicates the sign and magnitude of the 

w1-values for each m/z-variable: black corresponds to high positive w1-

values (i.e. parts of the spectra where the tumor samples’ spectra display 

substantially higher relative intensities than the normal samples’ spectra), 

white corresponds to high negative w1-values (i.e. parts of the spectra 

where the normal samples’ spectra have substantially higher relative 

intensities) and gray corresponds to low w1-values. The color coding is the 

same in the blown-up region of the spectra (inset), but scaled according to 

the minimum and maximum w1-values associated with that region. 
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Fig. 3. PCA reveals a time trend in protein expression during tumor 

progression (A). R2X(cum) = 0.65 for the first two components. × and ■ 

represent treated and untreated samples, respectively, and the different 

colors represent samples harvested at different time points after treatment, 

as follows: blue = 1 day; green = 5 days; yellow = 7 days; red = 12 days. 

Panels B and C display mean protein profiles within a specific spectral 

region, derived from untreated and treated samples, respectively. The 

samples are from the same time points as above and using the same color 

coding. 

  

Fig. 4. PCA of data collected 12 days after treatment from different 

fractions and mass regions clearly distinguishes treated and untreated tumor 

samples. All panels represent the first two PCA scores vectors plotted 

against each other (t1 vs. t2), × and ■ represent treated and untreated 

samples, respectively. A, supernatant, low mass region (2.5-20 kDa). B, 

supernatant, high mass region (20-50 kDa). C, pellet, low mass region. D, 

pellet, high mass region. E, pellet and supernatant, low mass region. F, 

pellet and supernatant, high mass region. 

 

Fig. 5. Two spectral regions of interest (ROI), defined as segments where 

m/z-variables displayed absolute w1-values greater than 0.015 (for low 

mass regions). A, spectral image of two ROI, plotting the mean spectra 

from samples collected in the supernatant fraction 12 days after treatment, 

comparing treated (gray) and untreated (black). B, same two ROI as in A 

with all individual samples plotted. The shading of the bars under the 

spectra indicates the sign and magnitude of the w1-values (see Fig. 2) 
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derived from the PLS-DA model that underlies the localization of ROI. The 

right hand peak in both panels corresponds to peak 10147.5 in Table 2. 

There was no clear evidence that the left hand peak was significantly 

altered by radiotherapy, so it is not listed in the table. 

 

Fig. 6. External validation of a PLS-DA model of the effect of radiation 

treatment based on data from tumor samples collected 12 days after 

treatment. A predicted value close to 1 implies that the sample belongs to 

the radiation-treated group (×), based on the protein profile of its low mass 

range supernatant fraction and a predicted value close to 0 implies that it 

belongs to the control group (■). All samples in the external test set (black) 

and the calibration set (grey) were correctly classified using the single-

component PLS-DA model. Q2 = 0.83. 
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Figure 2 
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Figure 3 
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Figure 4 
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Figure 5 
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Figure 6 
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Table 1. Statistical details of each separate PLS model underlying the 

localization of the spectral regions of interest.  

 

Table 2. Peaks within regions of interest that significantly changed after 

radiotherapy. The left panel represents peaks in the supernatant fraction, 

and the right peaks in the pellet fraction. The Bin (m/z) column lists the 

beginning of the bin interval in which each peak was found (the bin sizes 

for the low mass and high mass regions are 3.5 Da and 7 Da, respectively). 

The Mean (Ctrl) and Mean (Rt) columns present each peak’s normalized 

mean intensity in the untreated control group and the radiotherapy-treated 

group, respectively. The level of significance is indicated by asterisks, as 

follows: p < 0.001, ***; p < 0.01, **; p <= 0.05, *. Finally, the far right 

column notes the statistical test – Linear Mixed Effects (lme) or Students’ t-

test (t) – that was used to test whether the differences in intensity of the 

respective peak between groups were significant or not. 
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Table 1 
 

Model A R2X(cum) R2Y(cum) Q2Y(cum)
Low Sup 2 0.636 0.906 0.818
High Sup 2 0.818 0.881 0.788
Low Pel 2 0.531 0.888 0.713
High Pel 2 0.530 0.968 0.902  
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Table 2 
 

Bin (m/z) Mean (Ctrl) Mean (Rt) sign. test Bin (m/z) Mean (Ctrl) Mean (Rt) sign. test

Low mass Low Mass
2612.0 7.81E-04 1.70E-03 *** t 2916.5 2.09E-03 6.91E-04 ** t
2671.5 4.13E-04 7.03E-04 ** t 3046.0 6.54E-04 2.49E-04 ** t
2794.0 2.31E-03 5.83E-04 *** t 3081.0 3.28E-03 1.13E-03 ** t
2909.5 6.16E-04 2.15E-04 *** t 3200.0 1.66E-03 5.37E-04 *** t
2979.5 7.87E-04 4.12E-04 ** t 3214.0 4.75E-04 1.97E-04 ** t
3119.5 7.64E-04 1.86E-04 *** t 3501.0 2.38E-03 1.45E-03 * t
3263.0 1.21E-03 6.70E-04 * t 6752.5 1.06E-03 6.05E-04 ** t
3333.0 2.59E-03 1.49E-03 * t 7256.5 2.00E-03 1.08E-03 * t
3382.0 3.15E-04 6.93E-04 *** t 7284.5 1.78E-03 9.36E-04 ** t
3427.5 7.97E-04 4.67E-04 ** t 7508.5 2.10E-03 4.64E-03 * lme
3826.5 4.00E-03 1.90E-03 *** t 7652.0 3.06E-04 7.61E-04 ** lme
3903.5 6.70E-04 2.98E-04 *** t 7718.5 2.42E-04 5.73E-04 ** lme
4411.0 3.01E-03 1.02E-03 * lme 8152.5 6.24E-04 1.27E-03 ** lme
4442.5 1.24E-03 2.07E-03 *** t 8677.5 8.06E-04 5.39E-04 * t
4502.0 1.22E-03 7.73E-04 *** t 9087.0 8.48E-04 5.59E-04 * t
4551.0 4.26E-04 8.24E-04 *** t 9696.0 1.12E-03 1.39E-03 * t
4617.5 4.04E-04 2.17E-04 *** t 9804.5 1.77E-03 3.36E-03 * lme
5006.0 4.31E-04 7.13E-04 * lme
5072.5 1.14E-03 6.27E-04 *** t High mass
5153.0 2.23E-03 2.55E-03 lme 20021 3.00E-04 4.15E-04 lme
5226.5 9.68E-04 5.41E-04 *** t 20686 9.29E-04 2.94E-04 *** t
5377.0 6.96E-04 1.04E-03 * lme 20882 8.15E-04 3.12E-04 * lme
5667.5 3.15E-04 9.62E-05 * lme 21120 5.35E-04 1.36E-04 *** t
5695.5 3.81E-04 1.47E-04 ** lme 21386 3.24E-04 1.88E-04 t
6049.0 3.40E-04 1.08E-04 *** t 21540 3.23E-04 1.28E-04 ** t
6178.5 1.66E-03 8.28E-04 *** t 25432 3.35E-04 4.15E-04 * t
6231.0 4.70E-04 2.49E-04 *** t 25446 3.33E-04 4.13E-04 * t
6535.5 7.68E-04 3.66E-04 ** lme 25467 3.20E-04 4.10E-04 * t
7473.5 1.39E-03 3.66E-04 *** t 25670 2.33E-04 3.70E-04 *** t

10147.5 3.00E-03 1.48E-03 ** lme 25852 1.69E-04 2.92E-04 *** t
10357.5 4.41E-04 2.36E-04 ** lme 25887 1.75E-04 2.92E-04 ** t
13063.0 6.12E-04 2.56E-04 ** lme 25936 1.61E-04 3.15E-04 *** t

25950 1.59E-04 3.11E-04 *** t
High mass 26062 2.41E-04 3.54E-04 * t

20063 2.74E-04 9.99E-05 *** t 29492 9.22E-04 7.93E-04 * t
20203 2.68E-04 1.00E-04 * lme 30143 3.68E-04 2.97E-04 * t
20441 4.60E-04 2.03E-04 * lme 48651 3.31E-04 4.79E-04 ** t
20896 3.06E-04 1.42E-04 * lme 48700 3.36E-04 4.84E-04 ** t
21015 2.83E-04 1.10E-04 *** t
21029 2.81E-04 1.11E-04 * lme
27231 5.11E-04 2.63E-04 * lme
27252 5.18E-04 2.62E-04 * lme
27735 2.55E-04 1.25E-04 * lme
27987 2.58E-04 1.30E-04 * lme
29737 2.56E-04 1.64E-04 *** t
30521 3.16E-04 2.40E-04 * lme

Supernatant Pellet
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