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Abstract
To construct a complete map of the human proteome landscape is a vital part of the total understanding of
the human body. Such a map could enrich the mankind to the extent that many severe diseases could be
fully understood and hence could be treated with appropriate methods.
In this study, immunohistochemical (IHC) data from ~6000 proteins, 65 cell types in 48 tissues and 47 cell
lines has been used to investigate the human proteome regarding protein expression and localization. In
order to analyze such a large data set, different statistical methods and algorithms has been applied and by
using these tools, interesting features regarding the proteome was found. By using all available IHC data
from 65 cell types in 48 tissues, it was found that the amount of tissue specific protein expression was
surprisingly small, and the general impression from the analysis is that almost all proteins are present at all
times in the cellular environment. Rather than tissue specific protein expression, the localization and minor
concentration fluctuations of the proteins in the cell is responsible for molecular interaction and tissue
specific cellular behavior. However, if a quarter of all proteins are used to distinguish different tissues types,
there are a proportion of proteins that have certain expression profiles, which defines clusters of tissues of
the same kind and embryonic origin.
The estimation of expression levels using IHC is a labor‐intensive method, which suffers from large
variation between manual annotators. An automated image software tool was developed to circumvent this
problem. The automated image software was shown to be more robust then manual annotators, and the
quantification of expressed protein levels of the stained imaged was in the same range as the manual
annotations.
A more thorough investigation of the stained image estimations made by the automated software revield a
significant correlation between the estimated protein expression and the cell size parameters provided by
the automated software. To make it feasible to compare protein expression levels across different cell lines,
without the cell line size bias, a normalization procedure was implemented and evaluated. It was found that
when the normalization procedure was applied to the protein expression data, the correlation between
protein expression values and cell size was minimized, and hence comparisons between cell lines regarding
protein expression is possible.
In addition, using the normalized protein expression data, an analysis to investigate the degree of
correlation between mRNA levels and proteins for 1065 gene products was performed. By using two
individual microarray data sets for estimation of RNA levels, and normalized protein data measured by the
automated software as estimation of the protein levels, a mean correlation of ~0.3 for was found. This
result indicates that a significant proportion of the manufactured antibodies, when used in IHC setup, are
indeed an accurate measurement of protein expression levels.
By using antibodies directed towards human proteins, plasma samples were investigated regarding
metabolic dysfunctions. Since plasma is a complex sample, an optimization regarding protocol for
quantification of expressed proteins was made. By using certain characteristics within the dataset, and by
using a suspension bead microarray, the protocol could be evaluated. Expected characteristics within the
dataset were found in the subsequent analysis, which showed that the protocol was functional. Using the
same experimental outline will facilitate future applications, e.g. biomarker discovery.
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INTRODUCTION

1. Information flow in biological systems
Dogma!
The word has a certain dignity and power. In ancient days it was often associated with
religious doctrines, which dictated the thoughts and behavior of multitudes of people.
A more recent example, which has been around for just 50 years is the dogma of
molecular biology, yet the process it refers to dictates much more than the behavior of
people. Life as we know it depends on it.
The dogma of molecular biology, briefly, refers to a flow of information physically
incorporated in three classes of biomolecules – deoxyribonucleic acid (DNA),
ribonucleic acid (RNA) and proteins – that results in the construction, maintenance
and reproduction of all known organisms. Indeed, the word protein derives from the
Greek word prota, meaning building blocks.
DNA
DNA is a molecule responsible for storing genetic information and carrying this
information through generations of individuals. In living organisms, DNA contains
segments that are blueprints of information required for the synthesis of proteins.
Such segments are called protein‐coding genes. However, genes are not necessarily
protein‐coding, but rather a gene can be more loosely defined as “A locatable region of
genomic sequence, corresponding to a unit of inheritance, which is associated with
regulatory regions, transcribed regions and/or other functional sequence regions” [1].
In humans, there are approximately 20,500 protein‐coding genes [2]. Evidence of the
DNA’s involvement in heritage was first published by Hershey and Chase in 1952 [3],
and shortly thereafter the structure, shape and basic inheritance mechanism of the
DNA molecule was established, by Watson and Crick (1953) [4].
The DNA molecule is shaped as a double helix, in which the sugar/phosphate
“backbones” are intertwined and four different molecules (or bases), Adenosine (A),
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Guanine (G), Thymine (T) and Cytosine (C), form the adjoining parts between the
backbones. Due to steric and chemical constraints, an A base can only interact with a T
(and vice versa), via two hydrogen bonds, and a C can only interact with a G, via three
hydrogen bonds. Due to the complementary characteristics of the two strands of a
DNA molecule all information stored in the DNA molecule can be derived utilizing the
information from only one of the strands in the double helix. In humans and other
higher eukaryotes, the DNA is packed into denser structures (chromatin) with the
help of histone proteins, and the level of DNA density varies throughout the life cycle
of a living cell. Loosely packed DNA is more active than heavily packed DNA, which is
inert and very inactive.
Another important aspect of DNA is its ability to change. The DNA molecule is the
source of evolutionary development, but even very minor alterations in the DNA can
have a wide range of consequences. Most changes do not affect the living organism
carrying the DNA, but in some cases they have adverse effects (sometimes lethal) on it
and in rare events the alterations can cause evolutionary advantages. Such alterations
always have a certain probability of occurring each time a cell division take place, i.e.
each time the DNA molecule is replicated prior to the daughter cells receiving copies.
RNA
In primordial times it is believed that ribonucleic acid (RNA) was once the blueprint of
life [5], but during the course of time its functions appear to have shifted since it is
more prone to evolutionary changes than DNA, and thus less reliable for storing
information over generations. However, for some viruses the RNA molecule is still
responsible for the storing information. RNA is a single‐stranded molecule that
contains Uracil (U) instead of Thymine (T) as one of its four bases. RNA carries out
many tasks within living organisms, but one of the most widely recognized is its role
in transcription, in which a specific enzyme generates RNA by transcribing a specific
DNA segment and the RNA is then translated into a protein. Thus, the amount of RNA
reflects the state of the living cell. Further, RNA regulates gene expression, it can have
enzymatic properties, and it is much more abundant within cells than DNA.
Proteins
Proteins are the building blocks of life and they are key constituents and constructors
of all tissues, organelles, and other components of cells. From a chemical perspective,
the proteins are by far the most complex molecules within the kingdoms of life. They
are assembled from pools of 20 different amino acids into proteins. The length of
which varies between different proteins, and the number of potentially different
assembly variants when building a protein is huge. Based on the typical length of a
human protein, there are ca. 20^300 different sequence possibilities when assembling
a protein sequence. However, the function of a protein is not solely determined by its
amino acid sequence, but also by other characteristics like its structure and various
modifications. The primary sequence of a protein is folded in a unique way, creating
the secondary structure, consisting of geometrical structures like α‐helices and β‐
sheets. The secondary structure is, in turn, also folded in a unique way, called the
tertiary structure, which in some cases may result in a fully functional protein. In
other cases, the tertiary structures of some proteins are further combined with other
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tertiary structures, forming a quaternary structure. Despite this enormous potential
variability in protein folding, the structural state(s) of each type of protein created are
generally highly constrained. Through the mechanisms of evolution, proteins with
unfavorable fold structures are discarded and those with functional folds are retained.
Further, there is a certain bias towards specific motifs of amino acids which tend to be
strongly conserved in proteins “families” e.g. various classes of proteases, receptors
and enzymes. Beside their structural characteristics, posttranslational modifications
also modulate the function of proteins. Such modifications often govern their activity,
for example if the protein has to migrate to a specific location (e.g. serum or an
anchoring location) before it can fulfill its functions, its targeting may involve post‐
translational modifications.
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2. Omics
In recent decades, life science has taken a leap from hypothesis‐driven, small‐scale
experiments, towards (or back to) discovery‐driven research, and the generation of
massive amounts of data. The paradigm shift has created a niche for numerically‐
oriented sciences, like mathematics and statistics, to merge with traditional life
science approaches. The molecular dogma, which has traditionally been described as
Gene ‐> RNA ‐> Protein, is nowadays more accurately described by the terms, Genome
‐> Transcriptome ‐> Proteome, with massive increases in informational complexity in
the same order [6]. The difference between the respective traditional fields and the
corresponding “–omics”, is that the foci of the “omics” is on all of the respective
entities covered by the traditional approaches, e.g. genomics refers to analyses of the
total genomes, while genetics considers one or a few genes within a genome. The
genome is more or less static, while the transcriptome reflects the extent of
trancription of all the transcribed genes, and the numbers, types and dynamic ranges
of the transcripts may vary enormously. The translated transcripts give rise to the
proteome, where additional modifications may add additional variants. Various ways
of profiling and quantifying the constituents of the three –omes mentioned above
(genomes, transcriptomes and proteomes) have been developed to gain insights into
their characteristics and functions, and further methods are continuously emerging. It
should also be noted that there is another ome, the metabolome, consisting of all the
small molecular weight substances present in the cell. Techniques are also being
developed to explore the metabolome, but they will not be considered in this thesis.
Genomics
Genomics has many applications, in increasingly diverse fields (especially since the
full human genome was published [7, 8], prompting an explosion in the scope of
potential studies:, including effects of mutations on gene expression profiles, analysis
of diseases states, promoter analyses, association studies, chromatin studies, heterosis
and epigenetics [9‐13].
Genomic techniques and methods
The most widely used methodology within genomics is sequencing, which means
determining the sequence of the four bases within a DNA molecule. Until very
recently, large‐scale sequencing was based on Sanger techniques that were
cumbersome and did not generate large amounts of data by current standards [14].
However, in 1995 a new method was developed, utilizing a sequencing‐by‐synthesis
approach. Unlike earlier techniques, in which the sequencing was performed using
templates that had to be synthesized in advance to determine a DNA sequence,
sequencing‐by‐synthesis basically generates signals that reflect the incorporation of a
nucleotide in a growing DNA sequence. One of the earliest sequencing‐by‐synthesis
methods was pyrosequencing [15], in which luciferase is used to generate light signals
in every incorporation event by utilizing ATP. In 2005, the pyrosequencing technique
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was highly parallelized, resulting in major increases in throughputs [16]. Recently,
additional techniques have been developed, also exploiting the sequencing‐by‐
synthesis approach [17, 18]. An international prize, the Archon X prize, worth US$10
million [19], has been established to foster attempts to improve sequencing quality
and speed, to be awarded to any team that sequences 100 human genomes in 10 days,
at a cost less than US$10000 per genome.
Transcriptomics
Generally, transcriptomics refers to attempts to quantify the transcripts within cells.
For protein‐coding genes, the basic rationale is that the level of mRNA transcripts
reflects the cell’s needs for translated proteins. There are complications regarding the
degree of correlation between levels of mRNA transcripts and protein levels [20‐22],
but at least for a certain proportion of the transcriptome, the levels of the mRNAs do
reflect the cell’s needs for corresponding proteins. There is evidence, for instance, that
some transcribed RNAs are involved in regulation [23], enzymatic reactions [24] and
other functions within the cell machinery. Recent research has revealed increasing
complexities in transcriptional regulation, as shown by data compiled in the
encyclopedia of DNA elements (ENCODE), which is intended eventually to identify and
precisely locate all of the protein‐coding genes, non‐protein coding genes and other
sequence‐based functional elements contained in the human DNA sequence [25, 26].
Trancriptomic techniques and methods
The transcriptome is generally investigated by analyzing the types and numbers of
RNA molecules present at specific time points within a cell. Various methods for
estimating RNA levels have been developed, but the methods of choice for several
years have been microarray‐based approaches and Serial Analysis of Gene Expression
(SAGE) [27, 28]. Essentially, in microarray analysis sets of probes are synthesized or
spotted onto a solid surface and RNA samples (targets) to be analyzed are
fluorescently labeled and then hybridized with them. The characteristics of the probes
vary depending on the application, but generally they reflect the genes from the
organisms under investigation. In typical experiments relative differences between
two RNA samples (e.g. from two kinds of cells) are measured, after labeling each
sample with fluorophores. Further, the samples can either be hybridized onto a
common array or onto separate arrays. The fluorophores on the arrays are quantified
and the relative amounts of the RNA species in the samples can then be estimated.
Microarrays have evolved and diversified, from spurious arrays containing a few
cDNA clones, to (inter alia) full exon coverage arrays, SNP arrays, full genome arrays
for mRNA expression analysis and micro RNA arrays among others [17, 29‐31].
Microarrays have become standard tools for determining transcriptional levels,
although they do not always yield highly reproducible results and issues regarding
quantification of target RNAs have not been fully resolved
In coming years, the large‐scale sequencing technologies will enter the transcriptional
analysis experimental space, as costs per sequenced base are scaled down. Since many
copies of each transcript are present within a transcriptome, the real challenge will lie
in ensuring full coverage of all transcripts in amounts that are detectable by the
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sequencing method. The distributions of transcripts are approximately Pareto‐
distributed [32], so there will be a tendency to pick up many different sequence reads
that originate from very abundant transcripts, while rare transcripts will be very
difficult to detect. Further, in order to detect all transcripts, sequencing with several‐
fold‐coverage of all the genes will be needed, or scarce transcripts will be missed.
There have been some initial attempts to use sequencing to explore the
transcriptome, in which a shotgun RNA sequencing approach has been utilized [33,
34]. The key benefits of using sequencing‐based methods rather than microarrayas
are that no prior knowledge about the transcribed data is required and no cross‐
hybridization occurs.
Proteomics
The proteome is usually defined as all proteins within a specified domain, such as a
cell or a sample. The number of proteins can vary, depending on how the different
proteins are defined. There is a genome‐based definition, according to which the
proteome is defined as the gene products, regarding all variants of protein entities
encoded by one gene collectively as one kind of protein [35]. A wider definition of the
proteome differentiates between different splice forms, so that each variant of every
protein is regarded as a unique entity and, hence, different splice forms are regarded
as different proteins [36]. Further, once proteins are synthesized from the mRNA they
often undergo modifications, so‐called posttranslational modifications, which can
change their shapes and sizes. These modifications are usually phosphorylations, in
which phosphates are coupled to the proteins, or glycosylations, in which sugar
groups are coupled to the surface of the proteins.
When a protein is glycosylated, the total mass of the sugars can be much greater than
the weight of the amino acids [37]. Functionally, the proteins are the main
components within living cells, since they are involved in almost all living processes.
The functions of proteins are also often location‐dependent, i.e. proteins are often only
fully functional when they have migrated to a designated space. Proteins reside in
every part of the human body, and since spinal fluid, urine and serum do not contain
nucleic acids, the only substances than can be used for diagnostic investigations
within these fluids are the proteins (or the metabolome – which is not considered
here).
Techniques and methods for investigating the proteome
Until recently there were no techniques with sufficient scope for large‐scale
proteomic investigations, but methods and techniques that might be suitable for
investigating the whole proteome are now emerging, which is presented in the next
chapter of this theisis.
Historically, a technique in which protein samples are separated by exploiting
differences in their net charge and size called 2‐dimensional gel electrophoresis [38],
has been extensively used. The robustness and resolution of techniques that utilize
these properties have greatly increased in recent years, but there is still a long way to
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go before they could be used to analyze the complete proteome, due to a lack of
sufficiently high‐throughputs and low sensitivity.
The main technology for identifying and quantifying proteins within complex samples
is mass spectrometry [39‐41]. Prior to an MS analysis an initial protein separation
step is required, which can be done using HPLC, 2D‐gels or another suitable format. In
the separation step the proteins in the sample can be divided into various fractions,
thereby enhancing the resolution of the analysis. The sample is then digested using
enzymes that cleave the amino acid sequence at specific positions. After the cleavage,
the sample will consist of short peptides, in some cases from many different proteins.
The sample is then subjected to MS, in which the peptides are ionized using one of
various approaches: Matrix assisted laser desorption/ionization and electrospray
being the most common for molecular biotechnology applications [42].
The ionized peptides are then identified by one of a variety of systems, the most
common being time‐of‐flight (TOF), quadrupoles or Fourier‐transform ion cyclotron
resonance systems. Each combination of ionization and subsequent analysis
technique has specific advantages and disadvantages. Further, using a dual mass
spectrometry approach, called tandem mass spectrometry, the individual peptides can
be fragmented into individual amino acids that can be analyzed [43]. This method can
enhance the mass spectrometry, since the first MS separates the peptides, and the
second MS can sequence the peptides that are of most importance for the experiment
at hand.
Mass spectrometry can be used for the relative quantification of proteins within a
sample, by incorporating a labeling step in which isotopically labeled reagents are
utilized [44]. The isotope is used to measure relative differences amongst peptides
within a sample. Large numbers of different proteins can now be relatively compared
in this way [45]. Mass spectrometry has many features that resemble relative
transcriptional analysis using microarrays, and many of the statistical approaches
applied are similar. In addition, mass spectrometry can be utilized to calculate the
absolute number of proteins within a complex sample. Generally these methods use
standard curves based on spiked peptides [46, 47] or classifiers [21] to estimate the
abundance of proteins in a sample.
Multidimensional protein identification technology (Mudpit) is a more recent, semi‐
automated approach in which protein samples are separated using HPLC, and the
solution is often physically linked to a mass spectrometer [48]. In this way, several
samples can be analyzed in a rapid, straightforward manner.
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Antibodybased proteomics

3.1 Antibodies
Antibodies are large ~400 kDa proteins that play an essential role in the humoral
immune response in vertebrates. In humans, antibodies are produced by B‐cells,
which are white blood cells. Briefly, B‐cells produce antibodies when a host is
subjected to toxins, viruses or bacteria (antigens) that enter the body [49]. Antibodies
have the potential to bind many variants of particles that trigger an antibody
response.
The shape of antibodies, which was elucidated in the 1960s [50], can be simplistically
described as that of the letter Y, composed of two reciprocal structures. Each of the
two structures is constituted by a heavy polypeptide chain and a light polypeptide
chain, (see figure 1), conjugated through sulfide bonds. The tips of the two arms of the
Y‐shape are made of both the light and the heavy chains, and form the antigen‐binding
domain.
Variable regions
Heavy chain

Constant region
on light chain

Light chain

Constant region
on heavy chain

Figure 1. The shape of the an antibody, which has two separate chains, (one light and one heavy)
which are further separated into a constant domain and a variable domain. The variable domains
are positioned at the tips of the two arms of the antibody.

The binding domain has three regions that are of special interest, usually called the
hyper variable domains, (more formally CD1, CD2 and CD3), since they must possess
great potential variability to be able to bind large numbers of antigen variants. The
binding domains are loop regions between two adjacent beta sheets and are
constituted by different amino acids, depending on which B‐cell produces the
antibody. The hyper‐variable domains are generated through rearrangements of
immunoglobulin genes and a process called junctional diversity in the assembly of
mRNA transcripts, which basically means that the assembly of the transcripts has
stochastic aspects in which the end‐to‐end pasting of gene fragments can overlap in
different ways, thereby increasing the variability of the functional space [49].
Binding specificity is a key feature of antibodies. Since they are key components of the
immune system, and thus must have the potential to bind many different proteins,
there is a possibility that dysfunctional antibodies may arise that bind to the host’s
own cells. If a binding event between an antibody and a host‐produced protein occurs,
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an autoimmune response may be induced. To minimize such occurrences in humans,
the B‐cells have a maturity stage in the thymus, in which the affinity of the antibodies
for the organism’s own cells is tested, and if they prove to bind to host cells the B‐cells
are terminated. However, despite these mechanisms that rigorously control the
binding events, autoimmune diseases like rheumatoid arthritis, multiple sclerosis and
diabetes mellitus type I still occur.
The main affinity‐contributing parts of an antibody are the variable domains, but the
core of the Y also makes subtle contributions to its affinity [51], and the cellular
response of the host, such as microphage activity, passage through epithelia, etc. The
core part, or rather the constant part, of the antibody determines its isotype. In
mammals, there are at least five different isotypes of antibodies: IgA, IgE, IgD, IgG and
IgM, with characteristic differences in their constant parts, and some of the antibody
isotypes are multimers of antibody molecules, such as dimers, pentamers, etc.
Antibodies have many biotechnical applications, since they can bind so many different
proteins, and they are being considered with increasing interest by many medical
companies. In order to have therapeutic characteristics, it must be possible to deliver
an antibody to target sites within a patient, it must have a suitable half‐life, and bind
specifically to a target to avoid side effects [52]. Today, antibodies are produced by
one of two basic routes, polyclonal or monoclonal, depending on the desired
characteristics of the antibody, and production constraints.
Polyclonal antibodies
Polyclonal antibodies (pAbs) are antibodies per se. They are produced within a host
(often a rabbit, mouse or a hen) in response to immunization with an antigen. The
resulting antibodies are collected by retrieving the host blood and/or spleen, and
purified using protein G or protein A affinity reagents. The antibodies that are
produced in this manner are collections of different antibodies, produced by different
B‐cell clones, and will display a spectrum of binding capacities to the antigen, ranging
from weak to strong. Thus, pAbs have the advantage of multi‐epitope binding, which
makes them suitable for applications using various technical platforms, e.g. Enzyme‐
linked‐Immunoassays (ELISA) [53]. A major drawback of producing polyclonal
antibodies is the low amount of antibody that can be retrieved from a single
immunization event. Usually, specific antibodies of interest account for only ca. 1 % of
the total amount of antibodies produced. Further, different immunizations give rise to
antibodies with different binding spectra, so use of pAbs is not favorable in cases
where there is a need for high reproducibility.
Monoclonal antibodies
In 1975, Köhler and Milstein successfully fused a B‐cell with an immortal cancer cell
[54]. The resulting cell, which was named a hybridoma, had the ability to
constitutively produce clone‐specific antibodies. Since a hybridoma has the ability to
grow in vitro, the hybridoma cell line could thrive and produce large amounts of
antibodies. The antibodies produced from hybridoma cell lines are monoclonal,
meaning that they only have one variant of paratope, which makes them suitable for
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therapeutic applications, but their technological use is limited, since the epitopes on
the target proteins may change due to treatments applied in some applications, e.g.
they may be denaturated in immunohistochemical analysis and have native
comformations invivo. Thus, in certain technological applications such as ELISA,
antibodies that utilize multiple epitopes may be preferable to antibodies that
recognize a single epitope. Further, the production of antibodies using hybridomas
has been time‐consuming and costly to date. However, a great advantage of
monoclonal antibodies is that the hybridomas can be frozen, but still be able to
produce antibodies after thawing .
Monospecific antibodies
Monospecific antibodies are polyclonal antibodies that have been purified using
antigen affinity purification methods [55, 56]. As the name implies, the retrieved
antibodies are specific towards the antigen the antibodies were raised against. The
main advantage of monospecific antibodies is that antibodies targeting more than one
epitope are present in the purified mixture, which can thus be utilized in applications
where the antigen may be in native, partly denatured or fully denatured forms.
Monospecific antibodies are also relatively cheap to manufacture, and can be
generated in a short time. However, their sources are not renewable, and since there
are mixtures of paratopes within antigen‐purified antibodies, there will be batch‐to‐
batch variations in the generated monospecific antibodies and consequently they may
have unwanted cross‐reactivity. Further, monospecific antibodies do not have defined
amino acid sequences, making them unsuitable for protein‐engineering applications.
Recombinant single chain variable fragment (scFv)
Antibodies have proven to be excellent for affinity‐based applications in which
specific protein‐binding events are key steps, and they are still the most widely used
agents for such purposes. However, they have some characteristics that can be
problematical for use in some technological or therapeutic applications, e.g.
applications such as molecular imaging of tumors, in which the circulation time of the
affinity reagent has to be sufficiently short to acquire good images, and therapeutic
uses in which characteristics like diffusion, internalization, systemic clearance and
penetration may be important. Such requirements sometimes preclude the use of
antibodies, but it may be possible to meet them using molecules called recombinant
single chain variable fragment, (scFv)[57].
Briefly, an scFv (which has a molecular weight of ca. 28 kDa) consists of two antibody
variable domains (VLand VH) joined by a flexible polypeptide. The benefit of using such
small affinity‐based molecules is that some of the technological and therapeutic
problems associated with antibodies can be addressed using them, but scFvs
produced to date have been prone to aggregate, lose affinity and have low solubility.
However, there have been discoveries of scFv‐like immune molecules in camelids and
sharks [57], which have single chain variable fragments associated with a FC part.
Since these molecules are both involved in the immune responses of their host
animals and lack a light chain it may be possible to develop scFvs based upon them
that have less adverse characteristics than those produced to date.
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Other affinity molecules
Antibodies are not the only types of versatile binding molecules. A range of different
affinity molecules are reviewed in Binz et al [58]. Various properties may be offered
by these molecules, besides specificity, that have varying desirability depending on
the application, including cost effectiveness, fast production in vitro by bacterial hosts
or therapeutic parameters like an appropriate serum half‐life, penetration ability or
intracellular activity. For intracellular applications, the reducing environment in the
cytoplasm often causes problems that may have to be addressed by using protein
binders that do not rely on disulfide bridges.

3.2 Large‐scale generation of antibodies
In order to use antibodies as affinity reagents to explore the characteristics of the
proteome, large numbers of antibodies have to be generated. The primary use of the
antibodies also has to be considered, since some production schemes are not suitable
for producing antibodies for some applications. In addition, there are several options
regarding the manufacturing procedures that have to be considered, partly depending
on whether the proteome is defined in a gene‐based manner, or if post‐translational,
splice or other variants are also going to be addressed.
In 2002 a Swedish initiative to produce monospecific antibodies for all human
protein‐coding genes, called the Human Proteome Resource Initiative was launched
[59]. Antibodies are being produced in this initiative utilizing small fragments that are
representative of the proteins, denoted Protein Expressed Sequence Tags (PrESTs). To
date, the HPR initiative has generated ~6000 antibodies, and roughly 10 antibodies
are being added every day. It is estimated that some time in 2014 the HPR initiative
will have generated an antibody for all human protein‐coding genes. The antibodies
are validated using extensive testing procedures, and all antibodies that fulfill certain
qualities are displayed in a web‐based portal called the Human Protein Atlas
(www.proteinatlas.org), where images of immunohistochemically‐stained tissues are
shown. In addition, the results of the different validation tools can be accessed,
making it possible for the viewer to estimate the quality of the antibodies in all kinds
of applications, such as Western blots or immunohistochemical analyses.
In 2008, an additional initiative was launched in Australia, called the Monash
Antibody Technologies Facility (MATF), which also aims to produce large numbers of
antibodies [60], more specifically monoclonal antibodies to all human protein‐coding
genes. The process of generating antibodies has only recently begun, but initial results
look promising. The MATF initiative is a semi‐automated facility in which every step
in the monoclonal antibody production procedure is being automated. The MATF
initiative is closely affiliated with the commercial company Tecan®. The MATF
participants are planning to use the validation platform established by the HPR
initiative.
Another large‐scale initiative is the Clinical Proteomic Technologies Initiative (CPTI),
hosted by the US National Institute of Health (NIH) [61]. The overall objective of this
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effort is to find biomarkers for a large set of common diseases. Participants in the
CPTI intend to utilize the Argonne National Laboratory for producing monoclonal
antibodies. The CPTI will validate the antibodies in a facility that is designed for
biomarker discovery and the goal is to make three monoclonal antibodies for every
human protein‐coding gene.
In addition, an initiative for producing recombinant single chain variable fragments
(scFvs) was launched at the Sanger Institute of Technology in Cambridge in 2003. The
goal was to select the best scFv binder to every human protein, using affinity
purification with phage display and bead‐based flow cytometry assays. This approach
generates a large amount of binders per protein, and in an initial experiment 7200
scFvs were created for 290 targets [62]. However, the Sanger initiative has been
discontinued due to production bottlenecks in protein generation for scFv purification
and storage of all that generated data [63].
In years to come, the number of antibodies targeting specific genes in the human
genome will inevitably increase, and by the beginning of the next decade, antibodies
corresponding to the products encoded by most human genes will be available. The
next task for evaluating the proteome using antibody‐based techniques will probably
be to further investigate the different isoforms of proteins, e.g. proteins with different
amino acid sequences encoded by the same gene due to differences in splicing, and/or
Single Nucleotide Polymorphisms (SNP) in the alleles encoding them. In addition, the
possibilities to accurately investigate PTMs of all proteins will expand.

3.3 Antibody applications in proteomics
3.3.1 Immunohistochemistry
Antibody‐based assays using antibodies can have many different applications, but a
few specific methods are of particular interest for proteomic analyses. A
straightforward, well‐known method for determining the localization of expressed
proteins within tissue samples or cell lines is immunohistochemistry (IHC). IHC
(derived from: immuno, (Latin for exempt; histo, Greek for tissue or fiber; and chem,
Egyptian for “earth”), is used to detect and quantify antigens, utilizing the binding
capacity of antibodies [64]. In a typical IHC experiment, a tissue of interest is treated
with appropriate chemicals to preserve it, antigens within it are then “retrieved” and
epitopes are linearized. The preservation is done to keep the tissue intact, antigen
retrieval refers to a process whereby the binding domains for the antibody are
exposed, and linearization refers to changing the conformation of proteins into linear
sequences, which comprise the epitopes recognized by many antibodies. Antibodies
that have bound to a specific antigen (primary antibodies) are then exposed to
additional antibodies (the secondary antibodies) that are conjugated with a suitable
label, typically an enzyme that has the ability to react with specific compounds that
can be quantified, or a fluorophore that can be detected by light emitted after
excitation at an appropriate wavelength. IHC has been used in clinical applications for
several years, especially in cancer diagnostics. However, the technique is neither very
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fast, nor suitable for high‐throughput experiments. To address these issues, Kononen
et al. introduced Tissue Microarray (TMA) procedures in 1998 [65]. A TMA consists of
small spots obtained from diverse tissues, embedded in a suitable matrix, each of
which can be exposed to identical IHC treatments. Thus, IHC responses of many
tissues can be compared simultaneously, greatly enhancing both the throughput and
reproducibility of IHC procedures. Usually, the arrays are manufactured in large
batches, ensuring low array‐to‐array variability [66].
Several other important factors have to be considered to make IHC analyses
sufficiently reproducible for comparing samples robustly, and to enable protein
expression to be quantified. One factor that is a common source for variation is the
treatment of the tissues, or cells, that are utilized in the IHC analyses. Specimens are
usually placed in a fixative as soon as possible after they have been collected to
conserve their structure and constituents as much as possible. This is often achieved
using formalin (4 % formaldehyde) as a fixative. The specimen is then embedded in a
suitable medium, for example paraffin, but the delay between obtaining the sample
and embedding it may differ substantially between occasions, and thus contribute to
variations between samples. The choice of fixative and slicing of the paraffin blocks
are also important aspects. Use of an inappropriate fixative for the antigen of interest
can lead to misleading results, and even if the paraffin block is quite consistently
sliced, different types of tissues can easily be mixed up in cases where the boundaries
between them are not distinct, e.g. tumor specimens can easily be mixed up with
surrounding tissues [67].
Another step that is important in IHC is the antigen retrieval (AR). The AR process
influences the amount of antigen that is accessible for the antibody to bind, and hence
affects the overall estimates of expression levels. It is important to have standardized
protocols for AR, and use of TMAs can help to minimize AR‐related differences
between samples.
Traditionally, the goal of immunohistochemical analysis has been to distinguish
whether a protein is expressed or not, but recently the potential of IHC to identify
regulatory molecules has become apparent. However, the potential use of IHC in this
context has placed new demands on interpretation of the IHC output data, in terms of
both ensuring validity and maximizing the information that can be acquired.
Quantitative estimates of protein abundance are required to evaluate molecular
pathways correctly, and to elucidate mechanisms such as those involved in the
development of disease states. Several ways to quantify levels of protein expression
have been introduced using various scoring methods. H‐score, Quick‐score and Allred
score [68] are scoring systems that grade IHC images in distinct steps, usually
between numerical values (e.g. 1 – 4 for Quick‐score). To increase the dynamic range
of the data, there are ongoing attempts to increase the range across large differences
in concentrations, for instance by spectral imaging, in which multiple images at
different wavelengths are gathered from an IHC‐stained tissue, and many different
chromagens may be used [69]. This is beneficial, since signals from more than one
antibody can be observed in the same IHC image, allowing reference staining of a well‐
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categorized protein to be included in the same image. In addition, there have been
some attempts to use fluorescently‐labeled antibodies, which also allow a reference
approach to be applied [70].

3.3.2 Protein microarrays

In order to unravel large protein networks and obtain a more profound understanding
of biological processes, methods capable of measuring all non‐redundant proteins
within a sample (“multiplex assays”) need to be developed. No single technique
developed to date has the potential to measure all the proteins within a sample. The
suspension bead array systems available to date can measure limited numbers of
proteins in a sample, and the immunohistochemical applications are more focused on
localizing proteins than quantifying them within complex samples. Mass spectrometry
has proved to be a reliable method for quantifying and identifying peptides within
complex samples, but it has several limitations, in terms of cost, throughput,
sensitivity, protein target bias and resolution [71, 72]. Systems that do provide true
potential for complete proteome measurements are antibody microarrays [73, 74],
consisting of large sets of antibodies attached to a solid support, to which a sample is
applied that is labeled with a signaling group (e.g. a fluorophore), or a secondary
antibody conjugated with a signaling group is bound to the protein in a sandwich‐like
arrangement. However, a sample on a microarray does not have to be analyzed using
antibodies. Other affinity‐based molecules that have proven to be useful for this
purpose are scFvs, F(ab2)‐fragments of antibodies or other recombinant antibodies
[75]. Most antibody microarrays used to date have been monoclonal or polyclonal
antibody arrays. Antibody microarray have many diagnostic applications in clinical
contexts, but they have been used in few published cases to date, and in order for
them to become commonly used clinical assays, the technology has to be improved.
Notably, to make a proteome array (an array for all proteins), the risk of cross‐
reactivity has to be eliminated, and the dynamic range of the measured amount of
protein, in all settings, has to be improved to cover all levels of possible biological
relevance. To achieve these goals, standardized production settings, sample handling
protocols and data analysis procedures are required.
Another technique that takes advantage of the binding capacities of antibodies is
suspension bead arrays, developed by Luminex [76], in which affinity‐based
interactions can be used to detect and/or semi‐quantify proteins. Suspension bead
array technology is designed to work with samples in solution, which makes it
suitable for analyzing samples derived from plasma or serum. In suspension bead
array analyses color‐coded polystyrene beads coupled to affinity molecules of interest
(e.g. antibodies, oligonucleotides, small peptides or receptors) are used. In a typical
suspension bead array experiment, the analyte is coupled to a fluorophore and
following binding between the analyte and the molecule coupled to the bead, flow
cytometry is used to decode the bead and measure the amount of bound analyte.
The flow cytometer works with two lasers, one for the bead, and one for detecting the
fluorophores that are used. The current format of the suspension bead array system
allows 100 different analytes per sample to be analyzed in a 96‐well format. Future
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development of the technology will make it feasible to increase the number of
analytes, as well as the number of samples that can be analyzed simultaneously.
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Data mining

Omics‐related technologies generate large datasets, and hence there is a need for
accurate ways to analyze such datasets. Accordingly, many statistical techniques and
computer‐implemented algorithms to treat and analyze data have been developed
recently, and whenever a new technology appears a suitable statistical method, or
new algorithm, to interpret the generated data is usually developed. For instance,
several methods for rapidly producing gene expression data using microarray
methods were developed during the mid‐1990s, but methods for accurately
interpreting the outcome of the experiments were developed later, and there will
probably be a similar sequence in proteomic developments.
Several methods are now available for all kinds of applications to analyze data,
depending on the problem addresses, personal preferences, experience, knowledge
and computational feasibility.

4.1 Pre‐processing and normalization
Pre‐processing and normalization are transformations of data that are applied to
make it easier to draw accurate conclusions regarding an experiment. Pre‐processing
is a step in which meaningful characteristics of the data are extracted or enhanced,
and sometimes it is essential for subsequent analytical procedures. A common pre‐
processing step is the logarithmic transformation of data, which is frequently applied
to microarray data, where the aim is usually to investigate relative differences in gene
expression. Another important attribute of logarithmic transformation is related to
data distributions. Again, consider microarray data, where the raw data from the
scanned microarrays often have a distribution similar to that shown in figure 2 a.
Following logarithmic transformation, the distribution of the data becomes more
similar to a Gaussian (normal) distribution, as shown if figure 2 b. which is more
convenient for many statistical applications.

a)

b)

Figure 2. Examples of raw and logarithmic transformation data.

Normalization can be described as a data transformation procedure that aims to
reduce the systematic differences across datasets. Typically, normalizations are
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justified by one or more prior assumptions, e.g. that data should fit a certain
distribution and that the mean of the data should be more close to a certain value.
For example, in two‐color microarray data analysis, a prior assumption is that the
gene expression ratio of the two conditions that are compared on the microarray
should have a distribution with a zero mean. If the data do not have a near‐zero mean,
due to experimental bias (such as variations in the incorporation efficiency of dyes in
the RNA‐labeling), the data are transformed using an appropriate normalization
method. Protein expression levels measured using the suspension bead array system
provide further examples, where the values that represent protein expression for a
specific sample may be divided by those for a reference sample. In such cases the
overall expression across all samples should be around zero. There are many different
normalization methods, but typically they are suitable for some technologies or
specific data analysis approaches, but not for others. Four different normalization
approaches will be briefly discussed here.
One fast, reliable method is curve fitting or linear regression normalization, which is a
parametric approach. In linear regression, a linear model is fitted to the data, then the
fitted data are subtracted from the original data. If the normalization is successful, this
procedure shifts the data to a mean close to zero, and the method can adjust slight
curvature in the data. The method is not necessarily limited to linear models, but any
polynomial can be fitted to the data. However, if a high‐order polynomial is fitted to
the data, there is a high risk of over‐fitting the data, and the generalization of the
transformation is in jeopardy.
Another similar method is the Lowess or Loess method. Lo(w)ess stands for Locally
weighted polynomial regression. This is a non‐parametric linear regression method in
which a local linear function is calculated, based on the data. Briefly, a sliding window
is used to divide the dataset into narrow intervals, in each of which a polynomial is
fitted to the data. The maximum order of the polynomial is one in Lowess and two in
Loess. Further, the data points close to the point of adjustment have more influence on
the polynomial fitting than data points further away. The procedure continues by
sliding the window to the right, along the data, discarding some data from the left, but
capturing new data from the right. A new polynomial will be fitted for each local
dataset, and this procedure will continue until some cutoff parameters are fulfilled.
Lo(w)ess normalization has proven to be a very robust procedure for microarray
data[77].
A method that is useful for normalizing data that are not ratios, and hence do not need
to be zero‐centered, is quantile‐quantile normalization, which is based on several
distributions from repeated measurements. Briefly, quantile‐quantile normalization
compares distributions obtained from several measurements (e.g. several assays) and
ranks the values in each distribution. The values that are ranked in the same position
are averaged across the different distributions, and this is followed by a sorting, in
which the data are positioned in the original positions.
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4.2 General statistical methods
According to www.dictionary.com, statistics is “the science that deals with the
collection, classification, analysis, and interpretation of numerical facts or data, and
that, by use of mathematical theories of probability, imposes order and regularity on
aggregates of more or less disparate elements”. An eloquent statement of the value of
statistical knowledge is: “A knowledge of statistics is like knowledge of a foreign
language or algebra; it may prove of use at any time under any circumstances” [78].
Statistics comprises a whole research field by itself, so this is not an attempt to cover
the whole area, but rather a few methods and statistical approaches that were used in
the work underlying this thesis, will be mentioned.

4.2.1 T‐tests

At some point in a scientific career two groups have to be compared to assess whether
or not there is a significant difference between them in terms of a typical parameter. A
very common approach for comparing data in applied statistics is to compare groups,
or samples (i.e. entities that are representative of certain classes). In experiments with
clinical purposes, a sample is often group of patients who have a specific disease or
have been subjected to a specific treatment.
By far the most frequently employed statistical method to compare two groups is
Student’s t‐test [79]. The t‐test is, simply put, a comparison of the mean values of two
groups, divided by an estimate of their two variances (either a common variance or an
individual variance per group). Prior to the calculation of the t‐test statistic, a
hypothesis has to be formalized. The common approach is to set a so‐called Null
hypothesis, i.e. that there is no difference between the two groups.
The t‐test equation is either:

t=

x − µ0
s
n

if a single group is compared to a single value or

€

t=

x − y − δ0
1 1
s
+
n1 n 2

if the variance is a pooled estimate for the two groups, where the x and y are values
from the respective groups, s is the variance estimate, n1 and n2 are the numbers of
values within each group
€ and δ0 is a parameter to which the difference should be
compared, usually zero.
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The resulting value is a t‐score, which is compared to the t‐distribution with a group‐
size dependent degree of freedom. If a t‐score above or below a certain value is
obtained it can be considered to be statistically significant, and the Null hypothesis
can be rejected. In many scientific studies a p (probability) value is reported. This is
appropriate in many cases, since a fixed significance threshold does not have to be
stated in advance. Instead, p values should be regarded as continuous levels of
significance, in which a very small p value indicates that the Null hypothesis should be
rejected. The p value is, simply put, the probability of the result shown by the acquired
data occurring by chance, if the Null hypothesis was indeed true

4.2.2 ANOVA
ANOVA is an abbreviation for Analysis Of Variance, in which the statistical rules
applied in the t‐test are used to conduct tests between more than two groups
simultaneously [80]. The method is suitable for cases where the intention is not to
elucidate specific pair‐wise comparison that are important, but to assess whether or
not there are significant differences between several groups. Briefly, in ANOVA an
estimate of the variance within groups is compared to the variance between groups.
The ratio of the two variance estimates is then compared to an f‐distribution and if the
ratio is significantly different from 1 there is deemed to be a significant difference
between the investigated groups. Both ANOVA and t‐tests are special applications of
the generalized linear model, which will not be discussed further here.

4.2.3 Multiple testing adjustments
Whenever a statistical test is conducted, there is a certain risk of a so‐called false
positive occurring. This refers to cases where the outcome of the test indicates that
the NULL hypothesis should be rejected, but the Null hypothesis is actually true.
Numerically, for instance, if the achieved p value obtaines is 0.05, there is a 5 %
chance of the result being a false positive and, to extrapolate, if 100 tests are
conducted that yields p values of 0.05, five results out of the 100 are likely to be false
positives.
Several methods to counter this problem have been developed, called multiple testing
adjustments. Different multiple adjustment methods are suitable for different
circumstances, depending on the problem to be avoided. If, for example, it is essential
to avoid all false positives, e.g. when building a bridge and an estimate of the
durability of a bearing girder has to be made, the method should ensure there is a
wide margin of error, but in other applications, for example microarray studies, a few
false positives may be acceptable in order to be certain that all of the significant
differences in the analyzed samples are detected. In the next section, a few of many
different multiple adjustment methods are explained.
Sidak correction
Generally, the probability of making a misinterpretation is:

1− (1− p) R ,

€
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which can be expressed as

α e = 1− (1− α c ) R or α c = 1− R 1− α e
where α e is the overall significance level and α c is the single comparison [81]. For
example, if 1000 tests are conducted, with a threshold overall significance level of 5
€
€ p value of
%, an individual

α c = 1− 1000 1−
€ 0.05 ⇒ α c = 5.13e − 05

€

is considered to be significant.
Bonferroni
€correction
The Bonferroni correction is an approximation of the Sidak correction, where

α e = 1− (1− α c ) R

is approximated using

αc =

αe
.
R

Simply, the individual p value should be lower than the experimental p value/number
of tests [82].

€ stepwise correction
Holm’s
€
A less stringent approach is Holm’s stepwise correction method. In this method, all p
values that are generated from statistical tests are ordered in increasing values. A
stepwise adjustment is then made, in which the p value in a specific position in the
ranked list of p values is checked using:

pi <

αe
R − i −1

to test whether the p value at position i is indeed significant or not. So, whenever the
individual p value at position i is lower than:

€
€
€

αe
,
R − i −1

where α e is the overall significance level, i is the ranking position and R is the
number of experiments, the test is significant according to Holm’s step‐wise
correction method [83]. €

€

€
False discovery rate (FDR)
The key feature of using false discovery rates is that a threshold can be set on the
number (or proportion) of false positives that are acceptable in an analysis. This
approach is usually implemented when there is prior knowledge of the experimental
setup. For example, if the possibility that 1000 proteins are differentially expressed is
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examined using a t‐test, and experience suggests that 100 of them should really be
differentially expressed, the number of discoveries can be set to 100, then by using the
formula:

i αe
,
n p0

pi <

€

where α e is the overall significance level, i is the ranked position, n the number of
experiments and p0 the proportion parameter, the adjusted p value can be derived.
However, the estimate of €p0 can be difficult to set, and this is usually determined by
experience or by a small scale pilot
€ study [84, 85].

€

Correlation
€
Correlation is €
a mathematical approach that is used to investigate whether or not
there is a relationship between two random variables. The correlation can be
computed in various ways, using either a parametric or non‐parametric approach. The
parametric way involves estimating two parameters from the two samples: the mean
and the variance. These four parameters (two from each variable), are combined
according to:
n

∑ ((X
ρ xy =

i

− X)(Yi − Y ))

i=1
n

n

∑ (X

i

− X)

2

∑ (Y − Y )

i=1

2

i

i=1

n −1

n −1

and the resulting value rho (ρ), is the correlation coefficient. By definition, the
correlation can take any value between 1 (designating perfect positive correlation)
and ‐1 (designating
perfect negative correlation). Further, using the parametric
€
correlation coefficient that has been calculated using the formula:

t=

r n −2
1− r 2

an associated p value, which states the significance of the correlation, can be derived.
This means that the two parameters that determine the significance of the correlation
value are the actual correlation
coefficient and the number of values from each
€
variable that are used for the correlation calculation.
The non‐parametric approach utilizes rank positions for each value within each
parameter, and the actual numbers play no significant role in the calculation. The
method is less sensitive to outliers, which can skew the data. The downside of using a
non‐parametric correlation is that the correlation coefficient is not associated with
any p value.
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4.3 Alternative ways to mine a large dataset
Various methods can be utilized to investigate trends within large datasets, often (but
not always) based on statistical approaches. In addition, advances in computer
science, (or rather machine learning), have made substantial contributions to
methods for “mining” datasets. Only a few methods will be touched upon here, but
there is increasing interest in these methods, since research efforts are generating
much larger datasets than ever before.
The methods that are commonly applied in machine learning can be divided into
several categories, e.g. supervised learning (which includes classification
applications), non‐supervised learning, semi‐supervised learning, reinforcement
learning, transduction and learning to learn. The distinction between these categories
is that the supervised methods require a certain input by the user before they can be
applied in an analysis, in contrast to the non‐supervised methods, which do not need
prior input before they are used [86]. The input in supervised learning is usually a
parameter input, but it may also involve assigning data to classes according to some
criteria of interest. Semi‐supervised learning is, as the name implies, a hybrid between
supervised and non‐supervised learning [87]. Reinforcement learning is generally
concerned with the way in which an agent should act in an environment so as to
maximize some notion of long‐term reward, which differs from supervised learning in
the sense that there are no correct input/output pair structures, or correction of sub‐
optimal actions [88]. Transduction is similar to supervised learning, but does not
involve the construction of an explicit function [89] and learning to learn is an area of
computer science in which the actual learning process is studied [90].
Aspects of biological science, in which machine learning methods have been utilized
include DNA sequencing and analysis of gene expression data acquired using
microarrays [91, 92]. In fact, in many cases the sole goal of an experiment has been to
produce a fancy figure using the latest machine learning approach [78]. However, one
should bear in mind that these analysis methods are not ultimate goals, but rather
steps on the way to fully understanding complex biological structures or processes.
Further, there have been elated reports that secrets have been discovered by simply
applying algorithms to large datasets [93], but one should be aware that there is no
magic involved in machine learning, and no hidden power, but rather a setup of
identifiable methods and techniques that can extract useful information from data. In
the remainder of this chapter, a few methods will be touched upon, all which can be
classed as supervised or non‐supervised learning methods.

4.3.1 Metrics

Often when applying one of the various analysis techniques the ultimate goal is to
group entities that have similar characteristics. Hence, similarity is a feature of
interest for all of these techniques, and the optimal way to measure it is a key issue. In
this context, similarity usually refers to the distance or metric between the entities in
a dataset, which in turn reflects relationships between all the entities within the
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dataset. The metric can take many forms, but there are some universal axioms that
have to be followed when defining a distance, namely: symmetry, positivity and the
triangle inequality. The symmetry axiom states that the distance from A to B has to be
equal to the distance from B to A. The positivity axiom states that the distance must be
positive; there are no negative distances. Finally, the triangle inequality states that the
distance from A to B should be shorter than or equal to the total distances from A to a
third entity C, and from C to B. Some different metrics are presented below.
Euclidean distance
The Euclidean distance is the most intuitive of all metrics. In principal, the Euclidean
distance is the distance that would be measured with a ruler between two points in a
two dimensional coordinate system. More formally, the Euclidean distance can be
expressed as:
n

∑ (x

i

− y i )2

i=1

Standardized Euclidean distance
If the variables within a dataset are highly dispersed, the usual Euclidean distance
may not be the best choice.
The absolute distance for a variable with very small
€
variation might also be very small compared to that of another variable that is highly
dispersed. The variable with the small variation might then have very weak influence
on the results yielded by the data analysis procedures. In such cases using
standardized Euclidean distance may be better, calculated using the formula:
n

1

∑s
i=1

2
i

(x i − y i ) 2

Correlation distance
Sometimes the correlation is of interest, especially when the absolute numbers of the
variables are of less importance
than the “trends” of the data. When applying the
€
correlation coefficient as a distance, a transformation has to be made (usually 1 – the
correlation coefficient) since the Pearson correlation coefficient varies between ‐1 and
1.
Mahalanobis distance
Besides sounding kind of cool, the Mahalanobis distance shares, in principle, the same
rationale as the standardized Euclidean distance, but instead of only shrinking or
expanding the data along the axes in the Cartesian space, the Mahalanobis
transformation is more flexible, and can apply “standardization” along any direction
[94], using the formula:

(x − y)T S −1 (x − y) ,

€
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where x and y are two n‐dimensional vectors, and the data can be distorted according
to the choices expressed in S. If S is an identity matrix, the Mahalanobis distance is
identical to a Standardized Euclidean metric.
When to use the different distances
Generally, there is no optimal metric for all purposes, rather their suitability depends
on the analysis being performed. In some cases the metric of choice is simply
determined by a trial and error approach, but for some cases rationales can be applied
for selecting the metric based on data types and the experimental setup. For instance,
if trends between different entities rather than the absolute values of some dataset
are of primary importance, a correlation metric should be selected rather than
Euclidean distance.

4.3.2 Some supervised methods
The benefit of using supervised methods compared to unsupervised methods is that
more information is put into the analysis. However, without good knowledge about
the analyzed system the results from supervised analysis can be misleading because
the input parameters may be inappropriately chosen.

4.3.2.1 K‐mean clustering

K‐means clustering is a supervised method in the sense that the number of expected
clusters is used as an input in the learning process [95]. Once the user has determined
the number of clusters, the algorithm works by placing a center (usually randomly), as
the initiation point for each cluster in the dimension space of interest.
All members within the dataset are then iteratively assigned to a specific cluster
depending on the distance metric. Since the initiation position in the experimental
space varies from time to time, the results from k‐means clustering can differ between
runs. Additional disadvantages of k‐mean clustering are that the positions of the
patterns within the clusters do not necessarily reflect their relationships in the input
space and the relationships between clusters can be difficult to interpret.

4.3.2.2 Classifiers

Classifiers comprise a subtype of supervised methods in which the goal is to classify
samples using a trained algorithm. A suitable task for these methods may be classify
tumors using data for measured entities, e.g. gene or protein expression patterns. In
order to construct reliable classifiers, the data for which the classifier are constructed
are divided into a training set and a test set, where the training set is used to train the
classifying algorithm, while the test set is used for validation purposes. The main
purpose is to create a robust classifier, which has good generalization properties. The
partitioning of the training set and test set can vary depending on the application.
Sometimes the application is very suitable for the experimental data being addressed,
but generally the classification has proven to be difficult to generalize to a wider
degree, making the classifiers inappropriate, as yet, for clinical usage. However, there
may be future uses for these learning algorithms, when increasingly large datasets are
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available for mining and their important features can be revealed. Specific kinds of
classifiers have not generally been applied to specific kinds of biological data, and
there has been no clear benefit of using more complex classifiers [96], rather their
performance appears to be highly data and application dependent.

4.3.2.3 Perceptrons and neuronal networks (NNs)

The word “perceptron” has no clear definition, although the word is often applied to
the learning procedure in which a hyperplane is constructed to separate classes in a
dataset [97]. The hyperplane is defined, or learned, by applying a neuronal network
composed of a number of nodes. The nodes have associated weights, which are used
in the classification of the classes in the data. The weights are usually numbers
between 0 and 1, and the weights are learned by the algorithm by applying a
commonly used method called back‐propagation. Initially, use of neuronal network‐
based perceptrons was restricted to linear separable problems, but with the addition
of more layers into the neuronal networks, non‐linear problems have become solvable
[98]. Figure 3 presents an example of a perceptron based on neuronal networks.

Figure 3. A schematic diagram of a onelayer perceptron. The weights are pictured as blue arrows,
the input data as white circles and the output classification as the blue circle. The hidden layer,
sometimes referred to as the actual perceptron, is depicted as black circles.

The weights of the perceptron are changed during the optimization or learning
process, so that the optimum weightings are obtained in terms of minimizing (or
optimizing) misclassifications. In general, neuronal network‐based perceptrons map
the data to a lower dimension than the original data, where non‐linear problems
become linear.

4.3.2.4 Support Vector Machines (SVMs)

SVMs are learning algorithms that have many different applications, one (for which
SVMs have gained popularity in recent years) being classification [89]. Generally, SVM
learning algorithms seek the best way to maximize the differences between different
classes in a dataset. The goal is to maximize the differences between the classes as
unambiguously as possible. This process is also called maximum‐margin classification.
SVMs are linear classifiers, which means that classes are separated by constructing a
hyper plane, which separates the data. In a simple case, the hyper plane is a line in a
two‐dimensional space. The instances in the data points, from each class, that are
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adjacent to the hyper plane, are called support vectors. There is always at least one
support vector from each class and often more. Further, the hyper plane is defined by,
and is solely dependent on, the support vectors. This means that the data from the
support vectors do not contribute or can cause disturbance to the SVM classifier
implying that SVMs are robust classifiers, even though they are also affected if the
support vectors are changed.
The maximum‐margin classification comes with a trade‐off, since the stability of the
system depends on the strictness of penalizing misclassifications. In 1995 the SVM
method was adjusted by implementing a soft margin method, in which if the hyper
plane did not successfully classify the data, misclassifications were accepted but the
splitting procedure was made as clean as possible [99]. In addition, in 1992 the
applicability of the classifier was extended beyond linear separable data, since it was
found that if there is a dataset for which the data are non‐separable in the same
dimension as the input data, the data can be projected to a higher space [100], in
which they might be separable, see figure 4. The main problem associated with
projecting the data into a higher space is in finding a space in which the data is
actually separable. SVMs solves this problem by applying a technique called the kernel
trick, where the dimension is found by applying a function called kernel, which is
basically a mapping function between dimensions that can take various forms, such as
polynomial, radial basis function kernel or sigmoidal [101].

Figure 4, the left image shows inseparable data of two classes. The right image shows the data after
projection to a higher space (three dimensions), where the data are linearly separable. The gray
area indicates the hyperplane that separates the two classes.

In addition, an alternative to using neuronal networks to define the class‐separating
perceptron, (the hyperplane), is the kernel trick.
A pratical difference between using NNs and SVMs are that training is costly in NN,
but cheap in SVMs. NNs map the data to lower dimensions, whereas SVMs map the
data to higher dimensions. The space searched using NNs has multiple local minima,
in contrast to SVMs where the method has unique local minima. In practical terms, the
NNs are more computer‐intensive, but both methods offer acceptable accuracy.
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4.3.3 Some unsupervised methods

Unsupervised methods are used to find trends in a dataset that are not
straightforward to detect. In unsupervised methods there are no inputs of any kind,
the algorithms are merely applied to the data in order to find patterns and trends.

4.3.3.1 Principal component analysis (PCA)

Principal Component Analysis is a method that reduces uninformative aspects within
a dataset [102]. In technical terms, Eigen values are calculated from a covariance
matrix based on the parameters of interest. By definition, PCA rotates of the original
dataset to a new dimension, such that the most variation is scattered along the axis of
the new dimension (Principal Component, PC). Hence, the first PC accounts for the
most variation. The second PC is constrained to be orthogonal to the first PC, which
might not always coincide with the second to largest direction of the variation, see
figure 5.

Figure 5. The left image shows data plotted in the same coordinates system as the original variables.
Using PCA, the coordinate system is altered, so that it follows the largest variation direction in the
data set. The second principal component is orthogonal to the first principal component.

PCA is used to effectively “catch” the trends in data and the user can determine the
number of PCs (dimensions) that the data should be reduced to, by investigating how
much variance is accounted for by respective PCs. The maximum number of
components is the same as the original dimensionality of the data.

4.3.3.2 Singular value decomposition (SVD)

Singular value decomposition is a similar approach as PCA, but the mathematical
principles are slightly different. However, there is a direct relationship between PCA
and SVD [103].

4.3.3.3 Independent Component Analysis (ICA)

Independent Component Analysis (ICA) is also a similar approach to PCA, but with
less constraints [104]. The components calculated using ICA do not need to be
orthogonal, so the maximum variation is guaranteed for every component, see figure
6.
Figure
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4.3.3.4 Self‐organizing maps (SOM)

Kohonen’s self‐organizing feature mapping is a clustering approach that utilizes
neuronal networks to detect common trends within certain entities [105, 106]. SOM is
a similar approach to the PCA, in the sense that one of the key features is dimensional
reduction, so that data can be more intuitively interpreted and visually
comprehended. This is done by choosing an arbitrarily‐sized array, which can have
any preferred dimension, and using this array as an output layer of the analysis. Each
entity of the array contains information about the original dataset. By applying an
iterative procedure the entities in the output layer are changed to whatever
characteristics are of major importance in the original data. In the output layer, the
different classes in the dataset that are dependent on the entities will form clusters,
which are similar in nature depending on the chosen metric. Initially, each entity in
the array is given a random value that has the same dimension as the original data. In
each round during the analysis, a specific feature from the original data is picked, and
then the best match in the array is found. The specific entity in the array is changed, so
that the initial values of the entity become more like the original value. The neighbors
of the best matching entity are then affected in a similar manner as the best match, but
to a minor extent, decaying with a (usually) Gaussian rate from the best matching
entity.
EXAMPLE
Consider 100 different colors, defined by their RGB (Red, Green and Blue) numbers,
which are three numbers ranging from 0 – 255. For example, yellow has RGB numbers
of 255, 255 and 0. Consider a two‐dimensional lattice (array) of 4 * 4. In order for the
SOM to work correctly, the values are usually normalized to values between 0 – 1. All
colors from the initial data are then checked to determine which entity in the
randomly initiated lattice that has the best match. After the best match is found, the
neighbors and the best match are adjusted to a set parameter called the learning rate,
so they become more like the original color. Finally, the array obtains a distinct
pattern, depending on the colors in the original dataset. See figure 7.

Figure 7. The original data to the left, in which a set of shades, representing four different colors is
shown. Using SOM, the more complex dataset to the left can be reduced to the less complex dataset
to the right, in which the different shades have been reduced to the original colors thus revealing
the colors that were present in the original data set.

4.3.3.5 Hierarchical clustering

Hierarchical clustering is a clustering approach that yields a tree, whose appearance
reflects aspects of the data [107]. The tree is built up either from top to bottom or
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from bottom to top and it is divided in a hierarchical pattern, in which the data
features are either placed in the same cluster initially and then split up, or all of the
data feature are initially independent cluster, which are then assembled into larger
clusters as the tree is built up.
To calculate new distances from an assembled cluster to all other clusters in the
assembly process, the distances between constituents of different clusters are
established using one of many so‐called linkage methods (a few examples of which are
single, average, complete, median and centroid linkage).
Single linkage takes the closest members of the two clusters, which represent the new
distance. The average methods take the average of all distances between the members
of the different clusters. The complete methods take the largest distance between the
members of different clusters. The centroid takes the mean value of all
representatives within a cluster. See figure 8.

Figure 8. Examples of different linkage methods. a) Single, b) average linkage, c) complete linkage
and d) centroid linkage, in which the centroids are indicated by the white circles in the middle of the
two clusters.

An example of hierarchical clustering involving five entities (A, B, C, D and E) with an
arbitrary expression of (1,7,2,10,13) for each of the samples is calculated as follows.
First, the distance between A and C is the smallest, so A and C are fused in the same
cluster. Then, depending on the agglomeration method, a new value is given to A‐C. In
this example we use the centroid, which is the mean value of 1 and 2 (1.5). Then
round two starts, by checking which two of the remaining entities are closest. In this
example D and E are closest, and have a centroid value of 11.5. In the final round, DE
and B are the closest clusters and generate the DEB cluster, which form the next level
of the hierarchical tree. A final assembly of the tree is show in fig 9.

Figure 9. A dendrogram obtained from hierarchical
clustering using the expression values 1,7,2,10 and 13
for the identities A, B, C, D and E respectively. The
vertical distances in the dendrogram represent the
distances that are determined by the chosen metric.
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5.

Human Proteome Resource

In order to analyze the proteome using an antibody‐based approach, the Human
Proteome Resource has initiated a proteome‐wide generation of antibodies, aiming to
obtain at least one antibody per gene. To date, roughly 6000 antibodies have been
generated, covering ~5000 genes. In the HPR initiative monospecific antibodies and
tissue microarrays are being utilized to discover the function and localization of all
human proteins. The production of the monospecific antibodies follows a pipeline
with several distinct steps that has been optimized in terms of costs versus
production rates. The steps include the design of protein epitope signature tags
(PrESTs), cloning, protein production, immunization, antibody retrieval and
immunohistochemical analysis. All these steps are performed as separate working
modules and within each module there are several control steps to ensure that high
quality antibodies are produced. See figure 10 for a schematic outline of the HPR
pipeline.

Figure

10.

Workflow

of

antibody

manufacture by the Human Proteome
Resource Initiative. Reproduced with
permission of Lisa Berglund and Erik
Björling.
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The papers this thesis is based upon are mainly concerned with immunohistochemical
image generation, analysis and data output, and the evaluation of antibodies produced
by the HPR initiative
Design of the protein epitope signature tags.
The general aim of the PrEST design is to find a part of each protein that is unique,
fairly small, and devoid of features that might interfere with protein expression, e.g.
transmembrane regions or signal peptides. The PrESTs are around 450 nucleotides
long, and currently two PrESTS are being designed for each protein, using BLAST
[108] with a sliding window approach, where the uniqueness is quantified using the e‐
values in the BLAST reports, which reflect the probability of retrieving the same
sequence alignment result purely by chance. The transmembrane regions are tested
using TMHMM, PHOBIUS, MEMSAT‐3, SPLIT‐4 prediction tools [109‐112], and the
signal peptides are tested using Signal‐P, PHOBIUS prediction tools [111, 113]. Once
the PrEST regions have been found, suitable primer sequences are determined.
Cloning
The PrEST region is amplified from total RNA using the primers that were determined
by the PrEST design and a polymerase chain reaction (PCR). The DNA is cloned into a
pAff8c plasmid, in which additional functional units that facilitate purification, like His
‐ ABP‐tag, are present. The plasmid and its PrEST construct are transformed into an
Escerichiacoli strain and to ensure that the correct sequence has been inserted, all
clones are sequenced. The sequence from the analysis must correspond to the original
sequences determined by the PrEST design, otherwise they are discarded.
Purification
When the Ecoli has produced an antigen of interest, the bacteria are harvested, and
the antigen is purified using the His‐tag and automated affinity chromatography
techniques, such as immobilized affinity chromatography (IMAC). The purity and
weight of the proteins are checked using SDS‐PAGE gels and mass spectrometry
respectively.
Immunization
Once the correct antigen has been produced, it is used to immunize animals. Rabbits
are utilized as the main antibody producers, and currently one rabbit is used to
produce antibodies against one protein. The antigen is immunized with Freund’s
adjuvant to stimulate a strong immune response by the host.
Antibody retrieval
The antibodies are collected using two columns: one with His6 – ABP and one with
PrEST antigen coupled to the matrix. After purification, the polyclonal antibody sera is
termed monospecific. The quality of the purified monospecific antibodies is tested
using a microarray with several PrESTs including the PrEST of interest, and Western
blotting using extracts of human plasma, liver, tonsil and two cancer cell lines (RT‐4
and U‐251 MG).
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Immunohistochemistry
To elucidate the localization of the protein the antibody has been raised against and to
quantify the protein, immunohistochemical staining is used. Briefly, tissue
microarrays (TMAs) containing samples from 48 different normal tissues, 20 common
types of cancer tissues, 47 different cell lines and 12 clinical cell samples (i.e. from 12
patients) are utilized (if only the cell lines are referred to, the abbreviation CMA will
be used hereafter). The TMAs are challenged by a primary antibody (the antibody
produced by the HPR initiative) followed by a secondary anti‐rabbit antibody, which
binds to the primary antibody. Finally, 3,3´‐diaminobenzidine (DAB) is used to detect
the binding areas of the primary antibody via an enzymatic reaction catalyzed by
conjugated horse peroxidase, which is coupled to the second antibody. In order to
obtain accurate estimates of protein levels from the staining, the relationship between
these variables is determined using a series of dilutions of the primary antibody and a
small test panel of tissues within a specific TMA designed for testing purposes. Once
the magnitude of the concentration has been determined by visual inspection, the
complete TMA with a full set of tissues, cancer tissues and cell lines is used.
Scanning
The TMAs are scanned at 40x and 20x magnifications for the cell and tissue spots,
respectively, and the resulting tagged image file format (TIFF) images all represent a
spot from the slides, via a localization algorithm. The images are reassembled from
smaller features to a complete picture of the TMA.
The scanned images retrieved from the immunohistochemically stained tissue
microarrays are used to estimate the abundance of a specific protein, by scoring them
according to the intensity of staining in specific cell types within each tissue, and the
proportion of the specific cell types that are stained. The resulting score is a combined
result from the fraction and intensity values, where the intensity is classified as
strong, moderate, weak or negative, and the fraction is classified as >75 %, 75 – 25 %,
<25 % or rare. Each antibody is assigned a score for each tissue, and the values range
from white to red, where red corresponds to high expression, and white corresponds
to an image with virtually no expressed protein. The scores derived from the intensity
and fraction permutations are shown in table 1.
The score is a weighted result derived from three individual images, and if some
image is discordant it is omitted. In cases where the images have different scores, the
more highly expressed score is consistently used.
Using an immunohistochemical approach for quantifying a protein has some inherent
problems. Notably, it is difficult to estimate the staining level of an antibody, and the
subjective estimate of the staining probably introduces variation, depending on the
investigator performing the image analysis. In particular, when the intensity is
moderate, the derived intensity values show greater variation [114]. Another issue
regarding the use of chromogenic DAB‐derived intensity values is that they have a low
dynamic range. DAB is excellent for addressing questions like whether or not a
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protein is expressed. However, recently research foci have shifted from questions
with binary answers to attempting to assess continuous variables, such as changes in
levels of proteins expressed in response to therapeutic treatments [115].
Intensity

Fraction

Score

Strong

>75 %

Red

Strong

75-25 %

Red

Strong

<25 %

Orange

Strong

Rare

Orange

Moderate

>75 %

Orange

Moderate

75-25 %

Orange

Moderate

<25 %

Yellow

Moderate

Rare

Yellow

Weak

>75 %

Yellow

Weak

75-25 %

Yellow

Weak

<25 %

White

Weak

Rare

White

Negative

>75 %

White

Negative

75-25 %

White

Negative

<25 %

White

Negative

Rare

White

Table 1. Scoring scheme for the protein expression data obtained using the antibodies produced by
the Human Protein Resource Initiative. The intensity and fraction parameters are estimated by
pathologists.

Currently, automated immunohistochemical analysis tools are still in their infancy,
but there are examples in which automatically generated results have proved to be
more robust than results obtained by manual analysis. Generally, complex images like
images of human tissues are difficult to analyze using automated image analysis
methods like image fractionation or pattern recognition. However, an approach that
can make serious attempts to analyze such images is Automated Quantitative Analysis
(AQUA) [70], in which signals are generated using a Cy5 flourophore that provides a
greater dynamic range of intensity estimates than DAB. The AQUA approach seems to
have been used with some success in determining survival outcomes associated with
different classes of breast cancer and malignant melanoma [116, 117]. In addition, an
automated approach is being used to evaluate the staining intensities of the CMAs in
the HPR initiative.
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5.1 Handling data from the Human Proteome
Initiative
The data format for the scores generated within the HPR initiative is an ordinal
variable, meaning that the difference in intensity levels does not have real numbers,
but rather different categories that reflect the differences in intensity, albeit derived
from numerical categories. In order to analyze the data generated by the HPR
initiative quantitative transformation from the ordinal nature to a numerical structure
is necessary.
Two issues that have to be addressed are the way in which this this transformation
should be done, and how large the distances (numerically speaking) should be
between the different intensity levels. For instance, how large should the distance be
between yellow and red intensities? To evaluate this, an approach utilizing both
manual and automated quantification methods was applied. This analysis indicated
that suitable values for the different colors were 1, 10, 50 and 250 for white, yellow,
orange and red, respectively. The differences between the estimated intensity levels
will have effects on the mean parameter in cases where groups of cell and tissues are
compared with each other.
The sections above discuss general aspects of the HPR Initiative, and other issues
related to the studies this thesis is based upon. The following sections briefly outline
more specifically the studies described in Papers I‐V.

5.2 Analysing 65 human tissues and cells using
immunohistochemical staining from ~6000
antibodies (Paper I)
In order to obtain a richer understanding of the proteome in human cells and tissues a
global analysis was applied to immunohistochemical data obtained from 2.5 million
immunohistochemical images of samples representing 65 cell types from 48 human
tissues stained using ~6000 antibodies representing ~5000 genes. The data were
assembled in a 6000 * 65 matrix, and the matrix was subjected to hierarchical
clustering using Kendall’s tau correlation metric. The main reason for using
correlation metric in the clustering procedure was that the absolute expression was
not of primary interest, but rather the expression profile across different tissues since
the expression levels for different protein may be biased due to differences in the
amounts of antibodies used on different tissue microarrays. A direct comparison of
expression values can thus be misleading.
The resulting dendrogram, illustrated in figure 11, showed a general trend that
harmonizes well with current embryological and histological knowledge. More
specifically, the dendrogram showed five major clusters, corresponding to tissues
containing hematopoetic cells, mesenchymal cells, cells in the central nervous system,
cells with squamous differentiation, and glandular and transitional epithelial cells.
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Some tissues were deviant in the dendrogram, but these tissues are associated with a
higher degree of specialization.

central nervous
system
glandular and
transitional epithelia

squamous
epithelia

endocrine cells

hematopoietic
system

ectodermal
endodermal
mesodermal

mesenchymal cells

Figure 11. A dendrogram generated using hierarchical clustering showing tissuedependent
expression of antibodies across 65 cell types in 48 human tissues.

As shown in figure 11, the dendrogram also displayed a bias dependent on
developmental origin i.e. the tissue clusters and their developmental origins often
coincided. Further, the developmental origin was found to contribute to sub‐cluster
patterns within the tissue clusters. For example, the glandular and transitional cell
cluster was further divided into a gastro‐intestinal cluster, which solely included
tissues derived from endoderm development.
A subset of commercial antibodies and internally generated antibodies verified by
Western blots, yielded the same hierarchical structure as the full dataset, apart from
minor fluctuations in which the relative positions of the five main clusters were
interchanged. In addition, when analyzing the protein expression levels, it was found
that the majority of the proteins are expressed at some level in almost every tissue
and cell type. The combined intensity levels for the proteins (yellow plus orange plus
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red intensities) yielded a mean total expression of approximately 70 % for all
investigated proteins in all cell types. There were only a few exceptions, namely in the
central nervous system and stroma, in which the overall expression was significantly
lower (~50 %) and kidney cells in tubili and glandular cells, in which overall
expression was significantly higher (~80 %).
Further, when the protein expression levels were expressed in terms of proportions of
proteins expressed in a specific number of cells (from 0 to 65), and graded as either
expressed (having at least a weak staining score), or strongly expressed (having
strong staining scores), almost a third of all proteins were found to be expressed in 60
tissues or more. This finding supports the conclusion drawn from the previously
mentioned data that protein expression is ubiquitous, underlining recent findings that
almost all genes are transcribed at all times [26]. On the other hand, the proportions
of strongly expressed proteins indicated that only a few proteins are expressed at high
levels in all tissues. In addition, few examples of tissue‐specific expression were
detected, although in the hierarchical clustering a few groups were apparent in the
resulting heat‐map showing tissue‐specific behavior, namely the central nervous
system, hematopoetic, squamous and glandular cells of the gastro‐intestinal tract.
Furthermore, most of the proteins found in these groups were known markers for the
respective groups
In all, the data that have been assembled from the Human Proteome Resource
Initiative has interesting features and it is reassuring that known protein markers
behave as expected. Further, another interesting finding was that, like RNA
transcription, most proteins seem to show a ubiquitous expression.

5.3 A high‐throughput strategy for protein
profiling in cell microarrays using automated
image analysis (Paper II)
In the HPR project, data from cell tissue microarrays (CMAs) are analyzed using
automated software, since the images from individual cells spread out on a cell
microarray are generally easier to interpret using automated software than
immunohistochemically labeled tissues. The automated analytical procedure in the
HPR project is implemented by software called TMAx, which breaks the images down
into small segments, then reassembles them, discovering patterns in the process using
the information obtained from the segments. The reassembly is done using
approaches in which either individual pixels are classified (pixel‐based methods), or
several pixels are used simultaneously to detect and constitute a pre‐defined pattern,
or object (object‐oriented methods).
The patterns are defined using logical expressions like AND, OR, MAX, MIN etc., which
reassemble the images from relatively small structures (like nuclei) to larger
structures (whole cells), and the intensity estimates are derived using parameters that
are quantified by the cell microarray automated analyzer during the image processing.
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The software used within HPR analyzes the scanned images and delivers many
parameters, which are combined to estimate the intensity of the stained images.
Briefly, five parameters are used to estimate expression levels, called “area strong
intensity”, “area moderate intensity”, “area weak intensity”, “cellular area” and
“number of cells”. Currently, the intensity area units are multiplied by a weight factor
(3,2,1), summed and multiplied by the cellular area parameter. The result is divided
by the “number of cells parameter”, as in:

Expression =

€

((1× α ) + (2 × β ) + (3 × γ )) × ϕ
θ

where α , β , γ ,ϕ and θ are: the percentages of weak intensity, moderate intensity and
strong intensity cellular areas; the cellular area (in pixels); and the number of cells,
€
respectively. The weighting parameters have been trimmed empirically by comparing
TMAx quantifications with manual annotations. The number of cells parameter is used
€
as a discriminator
concerning the reliability of the estimated intensity levels, where
the intensity is set to non‐available (NA) if the number of cells is below 20.
In order to evaluate the instrumentation, automatic annotations of CMA images were
compared to manual annotations provided by seven annotators, using a randomly
selected set of 200 images, in terms of intensity levels and fractions of stained cells.
Generally there was a high level of concordance for both parameters between the
annotations provided by the seven manual annotators and the automated TMAx
software, with correlation coefficients of 0.91, when the values from the seven
annotators were averaged. The discrepancies between the manual annotators and the
automated software were greatest for the cases where the staining was neither strong
nor weak, but moderate. Furthermore, the variation among manual annotations was
larger than that of the automated annotations. In all, these findings indicate that the
automatic system provides quantifications in the same range as manual annotators,
and that the system is robust.

5.4 The correlation between cellular size and
protein expression levels ‐ Normalization for
global protein profiling (paper III)
A feature of the analysis of the CMAs detected using automated software (TMAx) was
that larger estimates of protein abundance were obtained from larger cells. Therefore
the cell size bias, and the utility of possible normalization approaches to minimize it,
was evaluated in the study described in Paper III.
Combining the TMAx software output parameters stained area intensity (low, median
or strong) and number of cells, to estimate protein expression, it was clear that a
normalization procedure had to be applied to obtain accurate protein expression

MARCUS GRY

39

across cell lines. Two different normalization procedures were tested, one in which an
adjustment was made using a cell size only parameter, and another in which a global
expression parameter was used to adjust the output values. The cell size only
parameter, which is estimated by the TMAx software, was clearly correlated with the
estimates of protein abundance (R=0.82), so the automated software had a tendency
to yield higher estimates of protein expression for larger cells. In order to correct this
dependence, data from ~1900 CMAs were collected and mean cell size values for the
47 cancer cell lines and the 12 clinical cell samples were calculated. The obtained
average cell size vector (average cell size values for all cell lines) was used to
normalize the protein expression estimate. The normalized values were much more
weakly correlated with cellular size than the unadjusted values.
The global expression parameter was calculated by adding all ~1900 individual
expression values for each cell line. The sum for each cell line was scaled so that the
cell line with the largest value was set to one and the values for all other cell lines
were adjusted accordingly. The resulting global expression vector had a positive
correlation to the cell size only normalization vector; hence cell size dependence is
also present in the global expression vector, but in contrast to the cell size only vector,
the global expression vector contains all experimental biases, including cell size, in the
estimation of protein abundance. The global expression vector was used to normalize
the data for each protein expression. After the normalization the correlation between
protein expression values and the cell size parameter was found to be very close to
zero. The principle for calculation of the two normalization vectors is outlined in
figure 12.

Figure 12. Data from CMAs obtained using ~1900 antibodies are used to calculate mean values for
each cell line that appears on the CMAs from the cellular size parameter, which are stored in one
vector. The sums of protein expression values are stored in another vector.

To investigate whether the normalization procedure had the desired effects, protein
pairs were randomly sampled, and the correlation coefficients between the pairs were
calculated. The mean correlation values for the non‐normalized, cell size‐normalized
and global expression‐normalized protein pairs were 0.25, 0.01 and 0.00, respectively.
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In addition, individual groups of protein that are localized in specific areas in the cell
were checked regarding their respective expression values before and after the
normalization procedure. The subcellular locations were cytoplasm, nucleus,
membrane and mitochondrion. The consensus from the analysis was that the specific
groups did not deviate significantly from the general trends in the dataset.
The main conclusion from this analysis was that normalizing the protein expression
values for each measurement with the summed expression values from 1900
individual CMAs is an appropriate procedure.

5.5 Correlation between RNA and protein
expression profiles in 23 human cell lines
(paper IV)
Basic assumptions underlying many microarray‐based experiments, in which results
of RNA analyses are frequently extrapolated to estimate ratios of corresponding
proteins, are that DNA makes RNA makes proteins, and that there is a direct
relationship between RNA levels and protein levels. Therefore, in the study described
in Paper IV correlations were assessed between RNA expression levels in 23 cell lines
obtained from cDNA and oligo microarray analyses, and protein expression levels
estimated utilizing tissue microarrays and automated quantification software. To
ensure that the microarray data were as accurate as possible a filtration was applied
(only gene and protein pairs for which representative data from each cell line were
available were considered), and two independent microarray platforms (oligo and
cDNA) were utilized to obtain good estimates of the RNA levels.
The mean correlation coefficients after filtration were 0.28 for the oligo microarray
and protein comparison, 0.23 for the cDNA and protein comparison and 0.53 for the
oligo and cDNA comparison. The medians between all the comparisons were in the
same vicinity, indicating that the data did not include many outliers.
The distribution of correlation coefficients in the oligo versus protein comparison
seemed to be bimodal, the higher mean value originating from genes and proteins that
showed a high correlation. A gene ontology analysis for this group of genes showed
that the highly correlating genes and proteins are mainly involved in cell structure
and cell maintenance. Further, when a Venn diagram was constructed using the genes
and proteins that had higher correlation coefficients than 0.5 in each comparison, a
group of 192 common genes and proteins was found. This group had a bias towards
cell maintenance and membrane localization.
In addition, hierarchical clustering was applied to the three individual datasets, using
the 192 genes that were found in common in the Venn diagram. The resulting
dendrograms had quite similar appearances, the sub‐clusters within them showing
bias related to characteristics of the cell lines, such as their source tissues. Further,
two branches of the dendrogram reflected growth conditions of the cells, since lines
cultured in suspension and adherent growing cells clustered in two separate
branches. The similarity in the dendrograms shows that each technological system
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applied provided biologically meaningful data, and using this analytical approach, the
correlation coefficient is indicative of the quality of the antibody, since if an antibody
has poor quality (i.e. binds to proteins non‐specifically or is strongly subject to some
other kind of interference), the correlation between RNA and protein expression is
likely to be low. However, this may not be the only possible reason for a weak
correlation. There are also biological factors, like RNA retention and differences
between protein and RNA turnover rates, which can cause low correlation coefficients
between RNA and proteins levels. On the other hand, if the correlation is high, the
binding of the antibody is likely to represent the expression of the protein well, since
the correlation between the RNA and protein levels is high, and thus this approach can
be utilized to estimate the quality of the antibodies.

5.6 Using antibodies in a suspension array format
(paper V)
Methods for using antibody arrays to estimate expression levels of multiple proteins
in biological systems are continuously being developed and improved. Currently there
are two main platforms. One is based on planar arrays, consisting either of printed
antibodies that are used to measure protein contents in matrices such as sera, or
printed samples of the matrices that are challenged by fluorescently‐conjugated
antibodies. The other platform is based on suspension bead arrays, in which color‐
coded beads conjugated with antibodies are utilized to measure the quantities of
proteins in complex samples. Fluorescence offers a wider dynamic range than
immunohistochemical staining, and the intensity estimates it provides are continuous
variables, which are better suited for some analytical methods. The signal intensities
collected in the analyses do not reflect the true amounts of proteins in the samples,
but they are suitable for comparative and/or relative analyses of protein expression,
and they can be utilized to estimate absolute quantitative amounts of proteins using a
standard curve obtained from proteins that have been spiked into the sample. Since
many diseases cause protein markers to leak into bodily fluids, plasma and serum
samples are commonly used in clinical diagnostics. However, serum and plasma
samples are complex systems. For instance, just 22 proteins account for 99% of the
total protein content of plasma, but the plasma is believed to contain more than 10000
different proteins, displaying a dynamic range of ten orders of magnitude or greater
[118, 119]. The complexity of serum and plasma complicate analysis of such samples.
In the study reported in Paper V, the main purpose of utilizing the suspension bead
array system was to measure a selected number of proteins related to metabolic
dysfunctions in a cohort of patients. A further aim was to optimize the experimental
procedures for labeling and analyzing serum samples. A set of 27 antibodies was used
to detect 20 different proteins, using a cohort of more than 200 patients. The cohort
included both di‐ and mono‐zygotic twins and serum had been collected from some
twins on more than one occasion. The samples were split among three 96‐well plates,
and on each plate a quadruplicate of pooled reference sample was present. The

42

GLOBAL ANALYSIS OF HUMAN CELLS AND TISSUES USING ANTIBODIES

intensities measured by the suspension bead array instrument were transformed
using:

y=

X MFI − Smin
Smax − atot

and the data were transformed to log‐2 logarithmic ratios, were the numerator was
the value from an individual patient and the denominator was obtained from the
plate‐specific pooled reference
samples. Following this step, hierarchical clustering
€
was applied, using a Pearson correlation metric. In addition, correlation coefficients
were calculated for specific groups in the dataset, such as the two types of twins, and
samples collected on different occasions from the same patient. The resulting
correlation coefficients for the monozygotic and dizygotic twins were 0.38 and 0.29,
respectively, and the coefficient for the first and second sampling occasions was 0.37.
In order to establish the significance of the correlation coefficients, pairs of patients
were randomly sampled and the mean correlation coefficient for these pairs was
found to be extremely low, just 0.01. Since the monozygotic group should theoretically
be most homogenic, these results strongly indicate that the labeling procedure works
well, and that despite the complexity of the samples the assays yield interesting data.

5.7 Concluding remarks
The proteome is a complex entity due to the apparent difficulty in defining what the
proteome is. The Proteome can be defined as one protein per gene (the gene‐based
proteome), every modification of every protein (the PTM based proteome) or
anywhere in between. Today, a majority of the research community is aiming towards
a gene‐based definition of the proteome, in order to make it possible for a first draft of
the proteome.
The human proteome resource is a large‐scale attempt for such a first draft using
immunohistochemistry as the main assay. The production of affinity purified
polyclonal antibodies towards significant parts of all human proteins has thus far
been a successful project. Presently, the Human Proteome Atlas contains 6000
antibodies, which has been validated through different assays, and analyzed on
numerous tissue images. The protein localization and expression levels can be
determined by this approach, and in addition, the manufactured antibodies can be
used in other applications for all kind of purposes.
The analysis performed in this thesis indicates that the antibodies are indeed markers
for the protein that they were designed to interact with. The analysis also shows that
protein expression contributes to tissue divergence, based on function and embryonic
origin, however, not in a tissue specific way, but rather a global expression with
fluctuations across different cell types and tissues.
One application, in which monospecific antibodies can be utilized, is analysis of serum
samples, which is a challenging task due to the sample complexity. In experiments

MARCUS GRY

43

using sera and Human Proteome Resource antibodies, the function of the antibodies
seems to fulfill the expectations. To measure protein abundance using
immunohistochemistry can be difficult. A flora of different approaches and scoring
systems are used in clinical applications, which aggravates standardization of the
assay. By introducing automated software, the problems with immunohistochemistry
are partly solved, although it is difficult to estimate the performance of the method.
The molecular dogma, DNA makes RNA makes protein, still holds. However, the
correlation between RNA and proteins is gene dependent, and challenging to measure
in more complex organisms. Still, for the cases where the correlation is shown to be
constituently positive, the correlation can be an indication whether the RNA and/or
the protein levels are accurately measured.
When will the proteome be complete? At present rate, Human Proteome Resource will
have at least one antibody per protein in the year 2014. At that stage, a complete map
of the human gene‐based proteome will exist. The contribution of data will by then
not solely been generated by the Human Proteome Resource, since there are
additional initiatives that are presently in their starting phases which will contribute
to the knowledge of the human proteome. In the years to come, the integration of the
”omics” related sciences will probably expand and substantially increase the
knowledge of molecular biology. In a future not to long from now, we will be able to
cure severe diseases like cancer, aids and malaria.
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Abbreviations
ANOVA
AQUA
AR
BLAST
cDNA
CMA
CPTI
DAB
DNA
ENCODE
ELISA
FDR
HIS6
HPLC
HPR
ICA
Ig
IHC
IMAC
kDa
LO(W)ESS
MATF
mRNA
MS
Mudpit
NIH
NN
pAb
PCA
PCR

analysis of variance
automated quantitative analysis
antigen retrieval
basic local alignment search tool
complementary deoxyribonucleic acid
cell microArray
clinical proteomic technologies initiative
3,3´-diaminobenzidine
deoxyribonucleic acid
encyclopedia of DNA elements
enzyme-linked immunosorbent assay
false discovery rate
hexahistidyl
high performance liquid chromatography
human proteome resource
independent component analysis
immunoglobulin
immunohistochemistry
immobilized metal ion affinity chromatography
kilodalton
locally (weighted) polynomial regression
monash antibody technologies facility
messenger ribonucleic acid
mass spectrometry
multidimensional protein identification
national institute of health
neuronal networks
polyclonal antibody
principal component analysis
polymerase chain reaction
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PrEST
PTM
RNA
SAGE
ScFv
SDS-PAGE
SNP
SOM
SVD
SVM
TIFF
TMA
TOF
US$
VH
VL

protein expressed sequence tag
posttranslational modification
ribonucleic acid
serial analysis of gene expression
single chain variable fragment
sodium dodecyl sulfate polyacrylamide gel electrophoresis
single nucleotide polymorphism
self-organizing maps
singular value decomposition
support vector machines
tagged image file format
tissue microarray
time-of-flight
United States dollar
variable domain of the antibody heavy chain
variable domain of the antibody light chain

45

46

GLOBAL ANALYSIS OF HUMAN CELLS AND TISSUES USING ANTIBODIES

Acknowledgments
Nu till sist så har man kommit till sista sidan som skall skrivas. Det hela har varit en process
som onekligen har tagit en hel del i anspråk, men som har gett tillbaka väldigt mycket. Med
detta sagt, har jag några personer som jag skulle vilja tacka.
Mina handledare:
Peter Nilsson, för att jag kunde börja HPR‐array gruppen när det blev knapert, och för att du
alltid har tid för en pratstund. Dina batik tröjor förtjänar också ett tack. Sedan kommer jag
aldrig att glömma din glidtackling på Henrik W när vi spelade fotboll på Nässlingen, tala om
respekt!
Mathias Uhlen, för att vara väldigt kunnig på, ja nästan allt. Trots en fullmålad kalender finns
det nästan alltid tid för ett effektivt 55 sekundersmöte. Det lutar åt att vi ror hem 3‐årsprojektet
till sist.
Joakim Lundeberg, för den första tiden. Det var du som var delvis ansvarig för att jag började
doktorandspåret, och jag är väldigt tacksam för detta.
Andra personer som betytt mycket utan någon inbördes prioritetsordning:
De andra professorerna: PerÅke, Stefan och Sofia, för att ni gör plan 3 till ett bra ställe att
arbeta på.
Fredrik Pontén för att ha koll på patologi och immunohistokemi, och mycket annat. Utan din
sakkunskap hade jag inte haft många rätt.
HPR‐Hela Human Proteome Resource för att ni skapar något stort, och bra.
HPR‐Uppsala fraktionen, för att ni lät mig sitta hos er i slutet.
Lisa, Linn, Åsa och Christina, för att ha möjligheten och tid att skicka data med 3 sekunders
varsel.
Erik B, för att du lyckas hålla koll på hela systemet, samt för data‐generering.
Innebandygänget, härligt med en genomkörare då och då.
Arraygruppen, Max, Emilie, Daniel, Valtteri, Johan, Esther, Emelie och Christian och några
till, för tiden när microarrayer var allt.

MARCUS GRY

47

Serumarraygruppen, Jochen, Mårten, Rebecca, Ronald och nytillkomna Maja och Ulrika samt
Peter, för att ni lät mig sitta med på lååånga möten ibland.
Jochen, for fruitful discussions regarding life, golf, science and pipetting.
Alla labassar som jag har fått förmånen att umgås med, Jojje, Johan R, Carl, Johanna S, Nina,
Jesper, Maja, Karin och några till som gör att det ibland är roligt att vara ute på lab.
Mina rumskamrater genom tiderna: Per U, Valtteri, Martin, Kristoffer, Maria, Johoanna, Erik
V, Johan L, Karin, Sebastian, Jorge, Malin (hmm….lång lista. Har nog varit kvar lite för länge).
John, Jochen och Sara för vetskapen om att vetenskapliga överläggningar kan förenas med 200
meters drivrar.
Sara S och Anna A I Uppsala, för att vitiligo och BCC projekten gick i hamn, samt alla andra
projekt som jag har gjort i samarbete med er.
Emma L för att vara grym på forskning, och att vara från Norrland. Normaliseringsprojektet
blev lättsålt på grund av dig.
Erik V, för att man nästan alltid kan fråga dig om något, börsen, Transnistrien, och ER‐
retention, inget är Erik främmande.
Daniel, för projektet med Nature‐potential, dataproblematik och spelkvällar.
Henrik, min exjobbare, som verkar blooma ut
Valtteri, dels för att ha gjort så att jag började med forskning, samt för att ha varit en viktig go‐
to‐guy under doktorerandet.
Genetechgruppen, för att trots att jag bytte lag i halvtid, så tittar ni inte snett på mig.
Anna W och Annelie för att det är ni som egentligen gör hela jobbet.
Johan L, my wingman, nu har det gått många år där vi har suttit, skrattat, supit och pratat. Nu
kanske det kommer att minska i omfattning, men du skall veta att det har varit otroligt
berikande att ha dig där.
Mina föräldrar AnneCharlotte och LarsÅke, med respektive, för att ha skapat mig, och för att
hos er kan man andas ut när det blir för mycket.
Mina svärföräldrar Siv och Stig för att ha skapat min underbara fru.
Min son Jonah, som på något sätt kom att betyda allt för mig
Min underbara fru Hanna, som har stöttat mig genom den här tiden, och är helt grym på allt.

Detta arbete har finansierats med anslag från Knut och Alice Wallenbergs stiftelse.

48

GLOBAL ANALYSIS OF HUMAN CELLS AND TISSUES USING ANTIBODIES

MARCUS GRY

49

References
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.

Gerstein, M.B., et al., What is a gene, post-ENCODE? History and updated definition.
Genome Res, 2007. 17(6): p. 669-81.
Clamp, M., et al., Distinguishing protein-coding and noncoding genes in the human genome. Proc
Natl Acad Sci U S A, 2007. 104(49): p. 19428-33.
Hershey, A.D. and M. Chase, Independent functions of viral protein and nucleic acid in growth
of bacteriophage. J Gen Physiol, 1952. 36(1): p. 39-56.
Watson, J.D. and F.H. Crick, The structure of DNA. Cold Spring Harb Symp Quant
Biol, 1953. 18: p. 123-31.
Mansy, S.S., et al., Template-directed synthesis of a genetic polymer in a model protocell. Nature,
2008. 454(7200): p. 122-5.
Crick, F., Central dogma of molecular biology. Nature, 1970. 227(5258): p. 561-3.
Lander, E.S., et al., Initial sequencing and analysis of the human genome. Nature, 2001.
409(6822): p. 860-921.
Venter, J.C., et al., The sequence of the human genome. Science, 2001. 291(5507): p. 130451.
Birchler, J.A., D.L. Auger, and N.C. Riddle, In search of the molecular basis of heterosis.
Plant Cell, 2003. 15(10): p. 2236-9.
Carninci, P., et al., Genome-wide analysis of mammalian promoter architecture and evolution.
Nat Genet, 2006. 38(6): p. 626-35.
Choi, J.K. and Y.J. Kim, Epigenetic regulation and the variability of gene expression. Nat
Genet, 2008. 40(2): p. 141-7.
Sinden, R.R., Molecular biology: DNA twists and flips. Nature, 2005. 437(7062): p. 1097-8.
Wang, W.Y., et al., Genome-wide association studies: theoretical and practical concerns. Nat Rev
Genet, 2005. 6(2): p. 109-18.
Sanger, F., S. Nicklen, and A.R. Coulson, DNA sequencing with chain-terminating
inhibitors. Proc Natl Acad Sci U S A, 1977. 74(12): p. 5463-7.
Ronaghi, M., M. Uhlen, and P. Nyren, A sequencing method based on real-time
pyrophosphate. Science, 1998. 281(5375): p. 363, 365.
454. [cited; Available from: http://www.454.com/.
Illumina Inc. [cited; Available from: http://www.illumina.com/pages.ilmn?ID=203.
Solid.
Archon X prize. [cited; Available from: http://genomics.xprize.org/.
Gygi, S.P., et al., Correlation between protein and mRNA abundance in yeast. Mol Cell Biol,
1999. 19(3): p. 1720-30.
Lu, P., et al., Absolute protein expression profiling estimates the relative contributions of
transcriptional and translational regulation. Nat Biotechnol, 2007. 25(1): p. 117-24.
Shankavaram, U.T., et al., Transcript and protein expression profiles of the NCI-60 cancer cell
panel: an integromic microarray study. Mol Cancer Ther, 2007. 6(3): p. 820-32.
Mattick, J.S., The functional genomics of noncoding RNA. Science, 2005. 309(5740): p.
1527-8.

50

GLOBAL ANALYSIS OF HUMAN CELLS AND TISSUES USING ANTIBODIES

24.

Konig, H., et al., Splicing segregation: the minor spliceosome acts outside the nucleus and controls
cell proliferation. Cell, 2007. 131(4): p. 718-29.
Birney, E., et al., Identification and analysis of functional elements in 1% of the human genome by
the ENCODE pilot project. Nature, 2007. 447(7146): p. 799-816.
ENCODE, The ENCODE (ENCyclopedia Of DNA Elements) Project. Science, 2004.
306(5696): p. 636-40.
Schena, M., et al., Quantitative monitoring of gene expression patterns with a complementary
DNA microarray. Science, 1995. 270(5235): p. 467-70.
Velculescu, V.E., et al., Serial analysis of gene expression. Science, 1995. 270(5235): p. 4847.
Affymetrix. [cited; Available from: http://www.affymetrix.com/.
Agilent.
Nimblegen.
Kuznetsov, V.A., G.D. Knott, and R.F. Bonner, General statistics of stochastic process of
gene expression in eukaryotic cells. Genetics, 2002. 161(3): p. 1321-32.
Cloonan, N., et al., Stem cell transcriptome profiling via massive-scale mRNA sequencing. Nat
Methods, 2008. 5(7): p. 613-9.
Mortazavi, A., et al., Mapping and quantifying mammalian transcriptomes by RNA-Seq. Nat
Methods, 2008. 5(7): p. 621-8.
Agaton, C., M. Uhlen, and S. Hober, Genome-based proteomics. Electrophoresis, 2004.
25(9): p. 1280-8.
Mann, M. and O.N. Jensen, Proteomic analysis of post-translational modifications. Nat
Biotechnol, 2003. 21(3): p. 255-61.
Alberts, B., et al., The molecular biology of the cell. 2002, New York: Garland Science.
Gorg, A., et al., The current state of two-dimensional electrophoresis with immobilized pH
gradients. Electrophoresis, 2000. 21(6): p. 1037-53.
Downard, K.M., Historical Account: Francis William Aston: the man behind the mass
spectrograph. Eur J Mass Spectrom (Chichester, Eng), 2007. 13(3): p. 177-90.
de Hoffman, E.S., V., Mass Spectrometry. 2002, Chichester: John Wiley & Sons.
Linschneid, M., Handbook of Analytical Techniques. 2001. 580-626.
Fenn, J.B., et al., Electrospray ionization for mass spectrometry of large biomolecules. Science,
1989. 246(4926): p. 64-71.
deHoffman, E. and V. Stroobant, Mass Spectrometry: Principles and Applications. 2003,
Toronto: John Wiley and Sons.
Ong, S.E., et al., Stable isotope labeling by amino acids in cell culture, SILAC, as a simple and
accurate approach to expression proteomics. Mol Cell Proteomics, 2002. 1(5): p. 376-86.
Cox, J. and M. Mann, Is proteomics the new genomics? Cell, 2007. 130(3): p. 395-8.
Gerber, S.A., et al., Absolute quantification of proteins and phosphoproteins from cell lysates by
tandem MS. Proc Natl Acad Sci U S A, 2003. 100(12): p. 6940-5.
Silva, J.C., et al., Absolute quantification of proteins by LCMSE: a virtue of parallel MS
acquisition. Mol Cell Proteomics, 2006. 5(1): p. 144-56.
Liu, H., D. Lin, and J.R. Yates, 3rd, Multidimensional separations for protein/peptide analysis
in the post-genomic era. Biotechniques, 2002. 32(4): p. 898, 900, 902 passim.
Kuby, J., Immunology, 3rd ed. 1997: W.H. Freeman and Company.
Porter, R.R., The hydrolysis of rabbit y-globulin and antibodies with crystalline papain. Biochem
J, 1959. 73: p. 119-26.

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.

MARCUS GRY

51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.

51

Torres, M. and A. Casadevall, The immunoglobulin constant region contributes to affinity and
specificity. Trends Immunol, 2008. 29(2): p. 91-7.
Imai, K. and A. Takaoka, Comparing antibody and small-molecule therapies for cancer. Nat
Rev Cancer, 2006. 6(9): p. 714-27.
Engvall, E. and P. Perlmann, Enzyme-linked immunosorbent assay (ELISA). Quantitative
assay of immunoglobulin G. Immunochemistry, 1971. 8(9): p. 871-4.
Kohler, G. and C. Milstein, Continuous cultures of fused cells secreting antibody of predefined
specificity. Nature, 1975. 256(5517): p. 495-7.
Lipman, N.S., et al., Monoclonal versus polyclonal antibodies: distinguishing characteristics,
applications, and information resources. ILAR J, 2005. 46(3): p. 258-68.
Olive, C., I. Toth, and D. Jackson, Technological advances in antigen delivery and synthetic
peptide vaccine developmental strategies. Mini Rev Med Chem, 2001. 1(4): p. 429-38.
Holliger, P. and P.J. Hudson, Engineered antibody fragments and the rise of single domains.
Nat Biotechnol, 2005. 23(9): p. 1126-36.
Binz, H.K., P. Amstutz, and A. Pluckthun, Engineering novel binding proteins from
nonimmunoglobulin domains. Nat Biotechnol, 2005. 23(10): p. 1257-68.
Uhlen, M., et al., A human protein atlas for normal and cancer tissues based on antibody
proteomics. Mol Cell Proteomics, 2005. 4(12): p. 1920-32.
Monash. [cited; Available from: http://www.matf.monash.org/.
CPTI. [cited; Available from: http://proteomics.cancer.gov/.
Schofield, D.J., et al., Application of phage display to high throughput antibody generation and
characterization. Genome Biol, 2007. 8(11): p. R254.
Blow, N., Antibodies: The generation game. Nature, 2007. 447(7145): p. 741-4.
Warford, A., W. Howat, and J. McCafferty, Expression profiling by high-throughput
immunohistochemistry. J Immunol Methods, 2004. 290(1-2): p. 81-92.
Kononen, J., et al., Tissue microarrays for high-throughput molecular profiling of tumor specimens.
Nat Med, 1998. 4(7): p. 844-7.
Hsu, F.D., et al., Tissue microarrays are an effective quality assurance tool for diagnostic
immunohistochemistry. Mod Pathol, 2002. 15(12): p. 1374-80.
Taylor, C.R. and R.M. Levenson, Quantification of immunohistochemistry--issues concerning
methods, utility and semiquantitative assessment II. Histopathology, 2006. 49(4): p. 411-24.
Walker, R.A., Quantification of immunohistochemistry--issues concerning methods, utility and
semiquantitative assessment I. Histopathology, 2006. 49(4): p. 406-10.
Macville, M.V., et al., Spectral imaging of multi-color chromogenic dyes in pathological specimens.
Anal Cell Pathol, 2001. 22(3): p. 133-42.
Camp, R.L., G.G. Chung, and D.L. Rimm, Automated subcellular localization and
quantification of protein expression in tissue microarrays. Nat Med, 2002. 8(11): p. 1323-7.
Borrebaeck, C.A. and C. Wingren, High-throughput proteomics using antibody microarrays: an
update. Expert Rev Mol Diagn, 2007. 7(5): p. 673-86.
Kingsmore, S.F., Multiplexed protein measurement: technologies and applications of protein and
antibody arrays. Nat Rev Drug Discov, 2006. 5(4): p. 310-20.
Templin, M.F., et al., Protein microarray technology. Drug Discov Today, 2002. 7(15): p.
815-22.
Templin, M.F., et al., Protein microarrays: promising tools for proteomic research. Proteomics,
2003. 3(11): p. 2155-66.

52

GLOBAL ANALYSIS OF HUMAN CELLS AND TISSUES USING ANTIBODIES

75.

Wingren, C., et al., Microarrays based on affinity-tagged single-chain Fv antibodies: sensitive
detection of analyte in complex proteomes. Proteomics, 2005. 5(5): p. 1281-91.
Luminex. [cited; Available from: http://www.luminexcorp.com/.
Yang, Y.H., et al., Normalization for cDNA microarray data: a robust composite method
addressing single and multiple slide systematic variation. Nucleic Acids Res, 2002. 30(4): p.
e15.
Draghici, S., Data Analysis Tools for DNA Microarrays. 2003, London: Chapman &
Hall/CRC. 478.
Student, The probable error of a mean. Biometrika, 1908. 6(1): p. 1-25.
Fisher, R., Studies in crop variation. I. An examination of the yield of dressed grain from
Broadbalk. Journal of Agricultural Science, 1921. 11: p. 107-135.
Sidak, Z., Rectangular confidence regions for the means of multivariate normal distributions.
Journal of the American statistical Association, 1967. 62: p. 626-633.
Bonferroni, C.E., Il calcolo delle assicurazioni su gruppi di teste, chapter: "Studi in Onore del
Professore Salvatore Ortu Carboni". 1935. Rome: p. 13-60.
Holm, S., A simple sequentially rejective multiple test procedure. Scandinavian Journal of
Statistics, 1979. 6(65-70).
Benjamini, Y.H., Y., The control of the false discovery rate: A practical and powerful approach to
multiple testing in multiple testing under dependency. Journal of the Royal Statistical Society,
1995. 57(1): p. 289-300.
Benjamini, Y.H., Y., The control of the false discovery rate in multiple testing under dependency.
Annals of Statistics, 2001. 29(4): p. 1165-1188.
Kotsiantis, S.B., Supervised Machine Learning: A Review of Classification Techniques.
Informatica, 2007. 31: p. 249-268.
Chapelle, O.S., B. Zien, A., Semi-Supervised Learning. MIT Press, 2006.
Kaelbling, L.P., Littman, M.L., Moore, A.W., Reinforcement Learning: A Survey. Journal
of Artifical Intelligence Research, 1996. 4: p. 237-285.
Vapnik, V.N., Statistical Learning Theory. 1998: Wiley.
Caruana, R., Multitask learning: A knowledge-based source of inductive bias. Machine
Learning, 1997. 28: p. 41-75.
Chiu, S.H., C.C. Chen, and T.H. Lin, Using support vector regression to model the correlation
between the clinical metastases time and gene expression profile for breast cancer. Artif Intell Med,
2008.
Furey, T.S., et al., Support vector machine classification and validation of cancer tissue samples
using microarray expression data. Bioinformatics, 2000. 16(10): p. 906-14.
Witten, I.H.F., E., Data Mining: Practical Machine Learning Tools and Techniques, 2nd ed.
2005: Elsevier.
Johnson, R.A.W., D.W, Applied Multivariate Statistical Analysis. 1998: Prentice-Hall.
Forgy, E.W., Cluster Analysis of multivariate data: efficiency vs interpretability of classifications.
Biometrics, 1965. 21: p. 768-769.
Michiels, S., S. Koscielny, and C. Hill, Prediction of cancer outcome with microarrays: a
multiple random validation strategy. Lancet, 2005. 365(9458): p. 488-92.
Minsky, M.L.P., S.A., Perceptrons. 1969, Cambridge: MIT Press.
Bishop, C.M., Neural Networks for Pattern Recognition. 1995, New York: Oxford
University Press.
Cortes, C.V., V., Support-vector Networks. Machine Learning, 1995. 20.

76.
77.

78.
79.
80.
81.
82.
83.
84.

85.
86.
87.
88.
89.
90.
91.

92.
93.
94.
95.
96.
97.
98.
99.

MARCUS GRY

100.
101.
102.

103.

104.
105.
106.
107.
108.
109.
110.
111.
112.
113.
114.
115.
116.

117.

118.
119.

53

Vapnik, V.N., The Nature of Statistical Learning Theory. 1995: Springer Verlag.
Boser, B.E.G., I.M Vapnik V.N. A training algorithm for optimal margin classifiers. in 5th
Annual ACM Workshop on COLT. 1992. Pittsburgh.
Raychaudhuri, S., J.M. Stuart, and R.B. Altman, Principal components analysis to summarize
microarray experiments: application to sporulation time series. Pac Symp Biocomput, 2000: p.
455-66.
Wall, M.R., A. Rocha, L.M., Singular value decomposition and principal component analysis,
ed. D.P.D. Berrar, W. Granzow, M. Vol. A Practical Approach to Microarray Data
Analysis.
Bell, A.J.S., T.H., An information-maximisation approach to blind separation and blind
deconvolution. Neuronal Computation, 1995. 7(6): p. 1004-1034.
Kohonen, T., Learning Vector quantization. Neuronal Networks, 1988. 1 (suppl. 1).
Kohonen, T., Self-Organizing Maps. 1995, Berlin: Springer.
Eisen, M.B., et al., Cluster analysis and display of genome-wide expression patterns. Proc Natl
Acad Sci U S A, 1998. 95(25): p. 14863-8.
Altschul, S.F., et al., Basic local alignment search tool. J Mol Biol, 1990. 215(3): p. 403-10.
Jones, D.T., W.R. Taylor, and J.M. Thornton, A model recognition approach to the prediction
of all-helical membrane protein structure and topology. Biochemistry, 1994. 33(10): p. 3038-49.
Juretic, D., L. Zoranic, and D. Zucic, Basic charge clusters and predictions of membrane
protein topology. J Chem Inf Comput Sci, 2002. 42(3): p. 620-32.
Kall, L., A. Krogh, and E.L. Sonnhammer, A combined transmembrane topology and signal
peptide prediction method. J Mol Biol, 2004. 338(5): p. 1027-36.
Krogh, A., et al., Predicting transmembrane protein topology with a hidden Markov model:
application to complete genomes. J Mol Biol, 2001. 305(3): p. 567-80.
Bendtsen, J.D., et al., Improved prediction of signal peptides: SignalP 3.0. J Mol Biol, 2004.
340(4): p. 783-95.
Stromberg, S., et al., A high-throughput strategy for protein profiling in cell microarrays using
automated image analysis. Proteomics, 2007. 7(13): p. 2142-50.
Rimm, D.L., What brown cannot do for you. Nature Biotechnology, 2006. 24: p. 914-16.
Harigopal, M., et al., Estrogen receptor co-activator (AIB1) protein expression by automated
quantitative analysis (AQUA) in a breast cancer tissue microarray and association with patient
outcome. Breast Cancer Res Treat, 2008.
Rothberg, B.E., et al., Nuclear to non-nuclear Pmel17/gp100 expression (HMB45 staining) as
a discriminator between benign and malignant melanocytic lesions. Mod Pathol, 2008. 21(9): p.
1121-9.
Anderson, N.L., et al., The human plasma proteome: a nonredundant list developed by
combination of four separate sources. Mol Cell Proteomics, 2004. 3(4): p. 311-26.
Hu, S., J.A. Loo, and D.T. Wong, Human body fluid proteome analysis. Proteomics, 2006.
6(23): p. 6326-53.

