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Sammanfattning
Fler än 60 organismers arvsmassa har nu kartlagts och många fler sekvenseringsprojekt är på gång. Genom kartläggningen av en organisms arvsmassa kan man få
fram information om vad som till exempel gör att en bakterie orsaker en viss
sjukdom. Produktionen och analysen av arvsmassan skapar stora mängder data.
Hanteringen av de stora datamängderna blir lätt svårhanterlig och behovet av att
kunna visualisera och lagra den producerade informationen på ett enkelt sätt har
ökat.
I det här examensarbetet har proteiner från parasisten Bartonella henselae
studerats. Parasitens arvsmassa, som har kartlagt på avdelningen för molekylär
evolution vid Uppsala universitet, har använts för identifiering och analys av
proteiner som kan vara sjukdomsalstrande. Resultaten har lagrats i en enkel
databas. Det utvecklade www-baserade visualiseringsverktyget gör att resultaten är
lättåtkomliga och att de kan analyseras ytterligare.
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1 Introduction
With the completion of more than 60 genomes [1], and many more genome
sequencing projects under way, the focus is now on the interpretation of the
immense amount of information encoded by the genomes. The new post-genomic
era includes the two major fields of computational biology, i.e. bioinformatics and
functional genomics. Bioinformatics struggles with the challenges of the
warehousing, annotation/curation, and systematic genome-wide analysis of the
biological data, while functional genomics aims to measure mRNA and protein
levels of cells and tissues and involves the use of DNA microarrays and
proteomics.
Proteomics characterise gene products, i.e. proteins, and their response to a variety
of biological and environmental influences, and complements the genome
information [2]. Understanding the role and context of protein networks within the
genome is of interest for many researchers, both for cancer research and for basic
research on cellular processes.
Bartonella henselae is a parasite that can cause harmful sickness especially in
immunocompromised individuals [3]. The genome of this bacterium has been
sequenced at the department of Molecular Evolution at Uppsala University and can
therefore be used in this degree project, even though it, as yet, has not been
published.
Bioinformatics and proteomics can be used to study the interaction between the
pathogen and the host cell, and in the search for causative agents. Membrane
proteins are of particular interest, since they have been shown to be fruitful
therapeutic targets, and often mediate acquired resistance to drugs [4].
The aim of this project is to analyse proteomic membrane data for B. henselae
bioinformatically. A program that correlates protein mass data with a protein in a
protein database was used for the identification of the pre-achieved experimental
proteomics data. The identified proteins were subject to further analysis using
different membrane prediction programs.
Membrane proteins that are essential for the interaction between pathogens and
host might be identified using this method, and the identification of membrane
proteins can help in the annotation of the B. henselae genome. The results have
been stored in an easy editable database and a www-based visualisation tool was
created for the extraction of the proteomic data.
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2 Background
2.1 Bartonella henselae
2.1.1 The genus Bartonella
Bartonella species consists of zoonotic and human-specific pathogens that can
cause a wide range of clinical manifestations, and are now considered to be
emerging pathogens. Currently, the genus Bartonella comprises 16 recognised
species, among which at least 7 have been implicated in human disease. The
pathogens are facultative intracellular, gram-negative proteobacteria [5].
Each Bartonella species seems to occur in the bloodstream of one or a few
mammalian reservoir hosts, such as cats, mice, deer, and cattle. In the mammalian
reservoir hosts, the pathogens cause long-lasting intracellular infections. Studies
suggest that Bartonella use fleas, the human body louse, the sandfly, and ticks as
vectors for its transmission [5,6].
Incidental infection of non-reservoir host can cause various clinical manifestations,
but does not seem to lead to erythrocyte parasitism. Bartonella bacilliformis,
Bartonella quintana, and Bartonella henselae are the primary human pathogenic
bartonellae, and for B. bacilliformis and B. quintana humans are the only known
reservoir hosts [5,7].
Bartonella bacilliformis is the causative agent of Carrion’s disease and is
transmitted by the sandfly Lutzomyia verrucarum. The classic form of the disease
is biphasic and consists of a life-threatening febrile anemic phase (referred to as
Oroya fever) which, if the patient survives, may be followed by a secondary
episode, characterised by vasoproliferative eruptions of the skin known as verruga
peruana. The B. bacilliformis infection was previously thought to be limited to
certain geographic regions in South America where the human reservoir and
sandfly vector reside together, the so called ‘verruga zone’. But it has recently been
demonstrated that Carrion’s disease can occur outside the verruga zone, which has
given rise to new unanswered questions about the disease [5,7].
Bartonella quintana became known during World War I as the agent of trench
fever, which cost more than one million soldiers their lives. The disease is
characterised by recurrent, cycling fever often associated with leg and back pain. It
has been demonstrated that the human body louse is the transmitter of the B.
quintana infections, which are now being diagnosed among the urban homeless
and individuals suffering from drug and alcohol addiction with poor hygienic
conditions [7].
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Bartonella species have also been shown to implicate in sudden unexpected cardiac
death (SUCD) in Swedish orienteers. DNA sequences close to B. quintana and
identical to B. henselae were found in hearts and lungs of several deceased
orienteers. Antibodies to Bartonella have also been detected in cases of elite
orienteers [8].

2.1.2 B. henselae infections
A major reservoir of Bartonella henselae is domestic cats. The bacteria are
transmitted to humans via a cat bite or scratch, or the bite of an infected cat flea,
and can give rise to the cat scratch disease. Cat scratch disease commonly results in
a persistent, necrotising inflammation of the lymph nodes 1 to 8 weeks after
transmission, but other, sometimes more serious, complications such as persistent
fever or ocular infection can occur. Antibiotic therapy is normally not required in
immunocompetent patients for resolution of the infection [7,9].
Lyme disease is the most commonly reported tick-borne disease. It is caused by
Borrelia burgdorferi, and has neurologic manifestations. New research indicates
that B. henselae also is a human tick-borne pathogen [6].
B. henselae or B. quintana can also cause a variety of HIV-associated infections,
including bacillary angiomatosis (BA), bacillary peliosis (BP) of spleen and liver,
and persistent fever with bacteremia in immunocompromised individuals [3,5]. BA
and BP cause angioproliferative lesions [10].

2.1.3 Bacterial internalisation
Bacillary angiomatosis (BA) is characterised by the formation of skin tumours. A
vaso-proliferative origin, with clumps of B. henselae bacteria found in close
association with the proliferating endothelial cells which line up to form new
capillaries, has been indicated. It is likely that this angiogenic process is stimulated
by bacterial factors, but little is known about the mechanisms [11].
A novel mechanism for bacterial uptake into mammalian cells during tumour
growth has been suggested. Cellular contact is first established between the leading
lamella of endothelial cells and sedimented bacteria. The endothelial cell then
mediates bacterial aggregation by transport on the cell surface and the formed
bacterial aggregate is thereafter engulfed and internalised by the invasome, a
unique host cellular structure [11].

2.1.4 Angiogenesis
One of the most interesting pathogenic phenomena associated with B. henselae
infections is the stimulation of angiogenesis. Angiogenesis is a complicated
process that results in the formation of new blood vessels from pre-existing ones.
Migration and proliferation of endothelial cells as well as their reorganisation into
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capillary-like structures are some of the steps in the process. It has been shown that
B. henselae triggers at least the proliferation and migration of the cells, and it has
been suggested that B. henselae expresses an angiogenic activity. Data also
indicates that the angiogenic activity corresponds to a membrane-associated
proteinaceous factor. A similar angiogenic activity has been found in B. quintana
and B. bacilliformis [10].
The Bartonella species are suggested to produce genuine angiogenic factors that
are responsible for the neovascularisation (angiogenesis) seen in angiomatous
lesions [10]. It is therefore of interest to know how the endothelial cells are
triggered to internalise bacteria and to identify the angiogenic factors. It is also of
interest to understand the mechanism of capillary formation, in particular for
cancer research.

2.1.5 The genome
The sequencing of the B. henselae genome is in its final stage, including the
annotation of open reading frames (ORFs). An ORF is a potential gene sequence
that possibly encodes a protein. The annotated function of an ORF is based upon
literature reports, computer prediction programs or by sequence similarity with a
known related gene [12].
The genome size of B. henselae has been estimated to 1.9 Mbp. Glimmer, a gene
finding program, has identified about 1900 ORFs, of which some are false
positives and will be removed during the annotation. Approximately 30% of the
ORFs are as yet undefined in function. Of these are about 40% Bartonella or B.
henselae specific while the others have homologies to hypothetical proteins in
other organisms. Roughly 380 ORFs have been annotated as not being genes and
await further analysis for verification (Ahlsmark et al., unpublished data).

2.2 Proteomics
The proteome is defined as the protein complement of the genome. It represents the
complete set of proteins expressed by a cell during its lifetime. The proteome is
much more complex than the genome. For example, experts think that humans
have between 200,000 and 2 million proteins, compared to the estimated 30,000 to
40,000 genes that encode the proteins [13,14].
Proteomics is the study of the proteome and can complement genomics, by
characterising gene products and their response to a variety of biological and
environmental influences. Protein levels in different cell types change constantly,
as they are up regulated, down regulated, cleaved and modified. The protein
information is, unlike DNA, not static in the cell, but constantly changing
depending on inner and outer factors [2,16].

5

Subcellular proteomics may be defined as individual sets of related proteins in the
cell that have a common purpose, and the strategy can be used for the initial
identification of previously unknown protein components and for their assignment
to particular subcelluar structures, such as the membrane [13,14].

2.2.1 The technology
Combining two-dimensional (2D) electrophoresis with mass spectrometry gave rise
to a powerful technology suited to recognise and identify proteins of pathogenic
microorganisms [16]. 2D gel electrophoresis is used to separate individual proteins
from complex mixtures and mass spectrometry identifies proteins by weight once
they have been isolated [15].
Protein identification usually starts with a mixture of proteins being fed into an
electrophoresis machine containing the gel. The proteins are first separated in one
direction by their charges, by using an electric field. The charged proteins migrate
through a pH-gradient until they reach their isoelectric point, pI, the pH at which
the net charge of the protein is zero. This method is called isoelectric focusing. The
proteins are thereafter, by using an electric field, separated in the perpendicular
direction by their molecular weights [14,17].
Larger gels have been developed to be able to load more samples, which also
improves the detection of low-abundance proteins. Gels with ever-narrowing pH
ranges; so-called ‘zoom’ gels have also been produced, which give better
resolution as well as higher sensitivity [15].
Protein spots of interest are then picked, either automatically or manually, purified,
and digested into peptide fragments by specific proteases. These peptide fragments
are thereafter fed into a mass spectrometer [15].
The mass spectrometry system consists of an ionisation source, a detector and an
analyser. The ionisation source gives the peptide fragments a net electric charge,
which enables them to move in a predictable way in an electromagnetic field as
ions. The ions are then sorted by their charge-to-mass ratio, and from these a
‘mass-fingerprint’ of the sample can be derived [15].
At least two alternatives exist for each component of the mass spectrometry
system. Some combinations are more suited to proteomics, while others are used
for small-molecule analysis. The matrix-assisted laser-desorption/ionisation
(MALDI) is widely used in proteomics and affects solid crystalline samples, and
produces ions of large and small molecules. The Electospray ionisation (ESI) is
used less often, and ionises liquid samples of peptides and small molecules [15].
Time-of-flight (TOF) is, together with MALDI, the most frequently used analysis
system and is called MALDI-TOF mass spectrometry.
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MS and MS/MS are the two kinds of mass spectrometers. MS/MS can, in addition
to generating a spectrum of the sample, take some of the ions that have been
separated and measured, fragment them further, and then generate spectra of those
parts. This enables users to find out the amino acid content of the peptide and in
some cases even the amino acid sequence. But the information obtained from the
MS is usually enough [15].
Software, such as the University of California’s Prospector package, can then be
used to match the fingerprint spectra to a protein database. The program predicts
fingerprint spectra for the proteins in the database, compares these to the
experimentally achieved spectra, and identifies the proteins from the experiment.
This technique still has its limitations. For example, a mass fingerprint will not be
enough for identification if the protein is not registered in a database, or if posttranslational modifications have changed its observed mass from the predicted
value.

2.2.2 Comparative and quantitative proteomics
Proteins that are related to phenotypes associated with strain variability,
environmental influences, and the effects of genetic manipulations can be
monitored by comparative proteomics. Proteins from ‘normal’ conditions are
‘mapped’ on 2D gels and then visually compared to gels of proteins from a variety
of test conditions. Proteins that are expressed under some condition but not others
are then considered key proteins, which can be investigated further [18].
A new method for quantitative proteomics has recently been described, where a
combination of isotope coded affinity tag (ICAT) reagents and tandem mass
spectrometry is used. The difference in abundance of each protein, present in two
or more protein samples on a 2D gel, can accurately be quantified, by labelling the
samples with different isotopic forms of the reagent [19].
Comparative and quantitative proteomics make it possible to identify for example
angiogenic factors that are differently expressed under varying conditions. It may
also be possible to determine vaccine candidates and novel targets for drug design.

2.3 The membrane structure of B. henselae
The cell walls of gram-negative bacteria, such as Bartonella henselae, have a threelayer structure (Figure 1). The cytoplasmic membrane, the inner layer, is
constructed of phospholipids. It functions as a permeable barrier, preventing the
passive leakage of cytoplasmic molecules into or out of the cell. It is also a site of
many proteins (Figure 1), some of which regulates the passage of metabolites into
and out of the cytoplasm. The second layer is a thin peptidoglycan layer composed
of two sugar derivatives and provides mechanical rigidity [12,20].
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The most exterior layer, the outer membrane is also constructed of phospholipids,
as the cytoplasmic layer, but also contains polysaccharides and proteins. The
proteins are of two types, integral membrane proteins and lipid-linked proteins
[12]. Unlike the cytoplasmic membrane, the outer membrane is relatively leaky,
due to the presence of pore-forming proteins, porins (Figure 1) [21].
Gram-negative bacteria also contain a space, the periplasm, between the
cytoplasmic membrane and the outer membrane. Many of the proteins in periplasm
function in transport. One of the active transport systems is the ABC (ATP binding
cassette) transporter. The system consists of periplasmic substrate-binding proteins,
membrane-spanning proteins, and proteins that supply the energy, by hydrolysing
ATP [22].

2.3.1 Membrane proteins
Outer membrane proteins are important in antibacterial resistance, transport of
nutrients, facilitation of cell-cell signalling, attachment to host cells and virulence
and constitute 50% of the outer membrane mass. Membrane-bound receptors and
channels have been proven to be fruitful therapeutic targets, and are therefore of
particular interest for the pharmaceutical industry [2,21].
Integral membrane proteins can be divided into two classes, one including proteins
that consists of α-helices and are located in the cytoplasmic membrane, and the
other including proteins that form closed barrels of β-pleated sheets (Figure 1).
Integral membrane proteins in the outer membrane fold into antiparallel β-barrels
[21].

Figure 1. Illustrations of the cell wall of gram-negative bacteria [23], the cytoplasmic layer including a protein
consisting of α- helices [17], and a β-barrel from a OmpF porin in the outer membrane [24].

The β-barrel proteins belong to six families, the OmpA membrane domain, the
OmpX protein, phospholipase A, general porins (OmpF, PhoE), substrate-specific
porins (LamB, ScrY) and the TonB-dependent iron siderophore transporters FhuA
and FepA. These proteins contain an even number of β-strands, between eight and
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22, in the form of antiparallel β-barrels and are embedded in the outer membrane
[20].
General porin channels allow diffusion of hydrophilic molecules (< 600 Da)
without any particular substrate specificity. Larger nutrients have to pass through
either specific porins or TonB-dependent ligand-gated porins [19,20].

2.3.2 Signal peptides
Most proteins that are transported through membranes (for example the
cytoplasmic membrane) are synthesised with an extra N-terminal signal peptide.
The signal peptide is cleaved by signal peptidase when the protein has reached its
destination. But some proteins have the signal peptide that initiate translocation but
are not cleaved. While the rest of the protein is translocated through the membrane
the signal peptide remains anchored to the membrane by its hydrophobic region.
The resulting protein is known as a type II membrane protein and the uncleaved
signal peptide is called a signal anchor [25].

3 Materials and methods
3.1 Genome sequence
The in-house produced B. henselae genome sequence was in its final stage of
completion at the beginning of the project. The B. henselae protein database was
used for the identification of the peptide fingerprints. The protein sequences
corresponding to the predicted open reading frames were used in all membrane and
signal peptide prediction programs. The genome sequence had been reassembled
twice during the project work, and all results were updated at the end of the project.

3.2 Identification of proteins
Peptide mass fingerprints were received from Christoph Dehio’s group
(Department of Molecular Microbiology, Biozentrum of the University of Basel,
Switzerland). Membrane proteins had been isolated from Bartonella henselae
control cells, grown under normal conditions, and separated electrophoretically.
Protein spots had been excised and peptide mass fingerprints of tryptic peptides
had been generated by matrix assisted laser desorption/ionisation-time of flightmass spectrometry (MALDI-TOF-MS).
The proteins were identified by searching the in-house Bartonella henselae protein
database, using MS-Fit from Protein Prospector [26]. The program compared the
spectra generated from peptide mass fingerprinting to the predicted spectra from
Bartonella henselae proteins if cleaved by the protease trypsin.
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3.3 Identification of membrane and secreted proteins
Several different approaches were used in order to identify the membrane proteins
and membrane-associated proteins. Consensus results were obtained by studying
the outcome of the different prediction programs.

3.3.1 Transmembrane protein prediction programs
Prediction of transmembrane regions in proteins is possible because of distinctive
patterns of hydrophobic (intramembraneous) and polar (loops) regions within the
sequence. The abundance of positively charged amino acids in the part of the
sequence on the cytoplasmic side of the membrane is also significant for
transmembrane proteins, known as “the positive inside rule” [27,28].
TMHMM v.2.0 [29,30] and TopPred2 [31,32] were used to identify integral
transmembrane proteins containing α-helices. TopPred2 evaluates the distribution
of amino acids by combining hydrophobicity analysis with the positive inside rule
[28].
TMHMM implements a circular hidden Markov model (HMM) with an
architecture that corresponds closely to the biological system. The model contains
seven types of submodels for helix core, helix caps on either side, loop on the
cytoplasmic side, two loops for the non-cytoplasmic side, and a globular domain
state in the middle of each loop. Each submodel contains several HMM states in
order to model the lengths of the various regions [28,30].
The HMM can incorporate hydrophobicity, charge bias, helix lengths, and
grammatical constraints into one model for which algorithms for parameter
estimation and prediction already exist, and is therefore a very well suited for
prediction of transmembrane helices. Prediction of the transmembrane helices is
done by finding the statistically most probable topology for the whole protein given
the HMM [28,30].
The probability that a protein is a helical membrane protein is high if the expected
number of residues in transmembrane helices is high. The simplest errors when
discriminating between non-membrane and membrane proteins are overpredictions and under-predictions, i.e. predicting a transmembrane region where
none is present or missing a true transmembrane region. But the main type of error
made by TMHMM is to wrongly predict signal peptides as transmembrane helices
for about 20% of the gram-negative bacterial proteins [28].
An evaluation of methods that predict membrane-spanning regions has been done.
The programs were tested for the ability to predict membrane-spanning regions
(MSR) in proteins and the number of MSRs within a protein. Overall, TMHMM
was by far the best performing, but with a tendency to under-predict [4].
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3.3.2 Prediction of transmembrane domains
A protein domain is a region of a protein with a distinct tertiary structure and can
have a characteristic activity. Homologous domains may occur in different proteins
and protein domains can be used in the classification of proteins.
One disadvantage with TMHMM is the inability to identify porins, whose
membrane spanning regions form a β-barrel, as membrane proteins [28].
Characterisation of protein domains can be used to find and classify membrane
proteins that contain β-sheets instead of membrane-spanning α-helices. Determined
protein domains can also verify the correctness of the TMHMM prediction.
The HMMER 2.2 software [33] was used to detect β-barrel proteins. The package
includes several different programs that use profile hidden Markov models to
model the primary structure consensus of a family of protein or nucleic acid
sequences. For example, the hmmpfam program can search a sequence against a
HMM database and annotate various kinds of domains found in the query
sequence. The output report includes a ranked list of the best scoring HMMs, a list
of the best scoring domains in order of their occurrence in the sequence, and
alignments for all the best scoring domains. The scores are associated with Evalues, and the smaller the E-value, the better is the domain match. Pfam [34] is a
database that contains a large number of profile HMMs that cover many common
protein domains, and was used in the hmmpfam program in the search for domains
included in membrane proteins.

3.3.3 Prediction programs of subcellular location
The signal peptides seem to be defined by a linear, N-terminal stretch of the
polypeptide, and it has therefore been possible to create prediction programs that
use sequence-based methods. SignalP [35-37], TargetP [38,39], and SOSUISignal
[40,41] were used to predict the presence of a membrane anchor or a secretory
signal peptide at the N-terminus.
The SignalP program uses two different machine-learning techniques, neural
networks and hidden Markov models. The idea is to learn to discriminate
automatically from the data, using experimentally verified examples. Large public
sequence and structure databases (e. g. SWISS-PROT) are usually used for
extraction of the data set. SignalP predicts the presence and location of signal
peptide cleavage sites in amino acid sequences from different organisms: Grampositive prokaryotes, Gram-negative prokaryotes, and eukaryotes [25].
Signal anchors differ from signal peptides in several respects. They lack, for
example, the signal peptidase cleavage site, but have often both longer
hydrophobic stretches and N-terminal cytoplasmic domains. Neural networks,
which have a sequence window of limited width, have been proven to fail in the
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discrimination between the two. SignalP-HMM is based on a hidden Markov
model method, and models sequences of varying length by transitions that skip or
repeat states. This makes it possible to discriminate between signal peptides, signal
anchors, and non-secretory proteins. [25].
A comparison, similar to the evaluation of transmembrane protein prediction
methods, has been carried out for some of the signal sequence prediction programs.
SignalP was shown to be best performing concerning correct classification of the
proteins [42]. But SOSUI Signal and TargetP, which predicts the subcellular
location of eukaryotic protein sequences, were included in this study to verify the
SignalP results and to possibly find signal peptides the SignalP had missed.
The SOSUI Signal prediction program is based on the physicochemical properties
of the amino acid sequences. It distinguishes between membrane and soluble
proteins, and predicts the transmembrane helices for the former, as well as reports
if the sequence includes a signal peptide [41].

3.4 Database software
The information obtained from the various analysis steps was stored in a MySQL
database. MySQL (My Structured Query Language) is one of the fastest
database servers currently on the market and is often used since it is available for
download free of charge [43]. A database is defined as a collection of data that is
structured in a specific way. MySQL is a program that handles the databases, and is
referred to as a Relational Database Management System (RDBMS). The most
prominent feature of the relational databases is the structuring of data in tables.
Data with strong connections is stored in the same table, thereof the name
relational [44]. MySQL is used for the extraction, addition, removal, and
modifications of the information in the database. The user communicates with the
server by typing special queries using SQL commands, such as SELECT,
DELETE, and INSERT.
By using the command CREATE TABLE followed by the name of the new table, a
table is created in the database. The columns that should be included in the table
also need to be defined. The columns are given names and data types. The data
type decides what kind of data the column will contain, for example integers INT(),
or text TEXT().The allowed number of characters will be specified inside the
parentheses. Additional specifications, such as PRIMARY KEY and NULL, can be
made in each column declaration. PRIMARY KEY is used when the column needs
to be unique, this implies that a value can only occur once in the column. The
supplement is especially usefully in columns containing for example id numbers, to
avoid redundancy. NULL is used when a column not necessarily needs to contain
any data [44].
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3.5 Software used for the www-based visualisation tool
A www-based tool was made for the visualisation of the data in the database. The
tool interface is written with HTML and PHP code. Javascript was used in the
HTML code to produce dynamic menus, the information of which change
depending on the selected alternatives. A small Perl function was also written for
making the addition of data from a textfile to the database easier. The JpGraph 1.4
graph library [45] was downloaded and was used for drawing graphs coded in PHP.
Programming languages that create web pages are divided into server-side and
client-side. This division implies where the language is run. Server-side techniques,
such as PHP, are run on the server, whereas the client, i.e. the browser, runs clientside techniques, such as HTML and Javascript [44].
PHP is an HTML embedded web-programming language that generates HTML
pages dynamically. PHP is similar to C++ and Perl and can be used for handling
databases. It supports several different databases, which makes it possible to
change database without changing the PHP-program. PHP contains smart
functions, which makes the handling of the databases very easy. PHP can be
integrated in the HTML code by adding the <?php tag before the code and end with
the ?> tag [44].
A regular HTML page, consisting solely of HTML code, is sent by the web server
to the browser without doing any changes. But if the web page instead includes
PHP code, the server will first run the PHP module, before the page is sent to the
browser. The PHP code can contain variables and for-loops that the PHP module
interprets to HTML code. If the PHP code includes for example MySQL queries,
these results are interpreted to HTML code as well. The page that is sent by the
web server consists, in either case, solely of HTML code that is static for the
browser [44].

4 Results and discussion
4.1 Proteomic analysis of 2D gel data
4.1.1 Identification of spots
Spots, selected for further analysis, had been excised from the 2D gel, and digested
with trypsin, were first subjected to peptide mass fingerprinting for identification.
By using the program MS-Fit, as previously described, it was possible to identify
38 of 145 protein spots with some certainty. Some of the identified spots are
labelled in Figure 2. The unidentified spots had either too few identified peptides or
poor peptide spectra.

13

Many of the proteins seem to occur in several spots that often were located close to
each other on the 2D gel. This is due to multiple charge isoforms, which can be
caused by for example deamidated peptides [12].
64 unique proteins were identified. The known outer membrane proteins (OMPs),
OMP43 precursor and OMP1, were found in four and seven spots, respectively.
This can be explained by the fact that many OMPs are known to be present in large
quantities in a cell and resolve into several isoforms [12].
An ORF is annotated as hypoX and the potential gene-product as a hypothetical
protein, if it is similar to a gene with an unknown function in another organism. In
the analysed 2D gel, 13 hypothetical proteins were found in 7 different spots. In
addition, 6 ORFs that had been annotated as not being genes were identified. These
ORFs obviously encode proteins that are expressed and can be annotated further if
they are proved to encode membrane proteins.
Some spots contained up to ten different proteins, where some proteins had one or
several peptides in common. This can be due to similar pI and molecular weight in
isoforms from different proteins, or that some peaks are similar in the different
spectra. The mass fingerprints from these spots often included tens of peptide
fragments, which indicate that the spots actually contain several different proteins.

Figure 2. Some Bartonella henselae proteins from a membrane fraction separated by 2D electrophoresis.
Identified proteins are labelled with spot id, ORF name, and protein properties.

The MS-Fit program presents the identified ORFs with a defined MOWSE score
value. The score is based on a scoring system that uses the molecular weights of
the theoretical digested peptides and undigested protein, and a higher score value
results in a better prediction [46]. It was hard to define a correct cut off value for
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the MOWSE score, and an appropriate value has not been found in the literature,
even thought MS-Fit has been used in several other analyses [2,12]. Here, ORFs
with MOWSE scores above 300 were considered, mostly because there was a gap
between 200 and 300 in the score values for the ORFs that had been predicted as
membrane proteins. The ORFs just above the cut off were also annotated as
membrane proteins, which verified the determined cut off value.

4.1.2 Identification of B. henselae membrane proteins
The TMHMM program was used to search for membrane proteins in the
Bartonella henselae genome. Approximately 25% of all genes were shown to code
for integral membrane proteins with α–helices.
Another study has been done where six gram-negative bacteria genomes were
examined [28]. The percentage of integral membrane proteins varied between 17.7
and 26.4 in that study, with an average of 20.8%. It is know that the TMHMM
algorithm sometimes falsely predicts signal peptides as transmembrane helices.
The referred study takes this into account by using the SignalP-HMM program to
find and remove the signal peptides from the protein sequence. This can explain the
higher percentage of integral membrane proteins in B. henselae, but the percentage
is still within the excepted variance.
Yet other studies have been accomplished with other transmembrane protein
prediction programs. These studies included bacteria, archaea, and eukaryotic
genomes and 15-30% of the ORFs were predicted to encode membrane proteins.
This should however be considered as minimum values, due to the inability to
recognise certain membrane-related proteins with the existing prediction programs.
Both subunits associated with membrane complexes and porin-type proteins are
hard to detect with the existing α-helix prediction programs [47].

4.1.3 Identification of membrane proteins from the 2D gel
Various membrane protein and signal peptide prediction programs were used for
the identification of membrane proteins and proteins associated with the
membrane. Proteins containing signal peptides can either be anchored in the
membrane or exported out from the cell. The exact function of each detected signal
peptide is not relevant in the search of angiogenic factors, and all proteins
including signal peptides were therefor identified as membrane or membrane
associated proteins.
The hmmpfam domain search program was used for the identification of proteins
containing β-barrels, but also for verifying the correctness of the membrane protein
programs. Domains for porins, ABC transporters, and ton B were among others
considered as positive domain hits.
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An ORF was classified as coding for membrane proteins or proteins associated to
the membrane based on the results from the domain search and/or a consensus of
the six prediction programs used for the analysis. A membranous consensus was
reached if at least three programs yielded a positive result for that ORF. By using
this consensus diagnosis, 17 of the 64 (27%) identified ORFs were membranous,
the rest is considered to be cytoplasmic contamination. This results in the detection
of 4% of the total number of membrane proteins.
The prediction results of the 17 membranous ORFs are presented in Table 1
together with the annotated gene and protein names for the corresponding ORFs.
Of the identified ORFs, 11 encode known membrane-, transport-, or periplasmic
proteins and 5 encode hypothetical proteins. One of the ORFs had been predicted
not to be a gene in the annotation.
Of the 11 known ORFs, three different ABC-transporter genes, annotated as abcX,
were for example identified. The outer membrane proteins, encoded by omp1 and
omp43 were as expected also identified in this experiment, as well as the phage
associated proteins PAP31, encoded here by pap31 and papX. The genes hutA,
htrA, murC, and plp are also located in the membrane, which can be verified by
following the literature references associated with the annotation.
The annotation for the ORF, which had been predicted to not be a gene in the
annotation, has now been changed. The ORF is evidently a gene, since the gene
product of this ORF was found in the 2D gel.
The five genes encoding the different hypothetical proteins, had been annotated as
hypoX. Two of the hypoX genes encode proteins with membrane-related functions.
The reason why these were annotated as hypoX is the lack of a consensus gene
name. The other three hypoX genes encode proteins that are similar to hypothetical
protein in other organisms. The functions of these proteins remain to be discovered,
but to start with, the information that the proteins are expressed and contain αhelices is valuable. Proteins with unknown functions also seem to be the best
candidates in the search for angiogenic factors, since no previous protein with an
angiogenic capacity has been identified.
The low percentage of detected membrane proteins can be explained by the fact
that membrane proteins in general are complex to analyse via 2D gels due to
difficulties in extracting them from the membrane and their inherently hydrophobic
nature [2]. The hydrophobicity of the proteins reduces the separation by charge, in
the first dimension of the 2D gel, and precludes a correct separation in the second
dimension.
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Table 1. Proteins identified as membrane proteins from the 2-D gel. The consensus prediction is based on signal
peptide and transmembrane sequence models together with a domain search. Positive predictions are indicated with YES.
Membrane prediction
HMMERTopPred TMHMM SOSUI
domain
Bac_surface_ Yes
Ag

Signal peptide prediction
SignalP

TargetP SOSUI

Consensus

Yes

Yes

Membrane

-

Yes

Yes

Yes

Porin_2

Yes

Yes

Yes

Yes

Membrane

Yes

Yes

Yes

Membrane

Orf #

Gene

Protein

667

omp1

OUTER
MEMBRANE
PROTEIN OMP1

576

hypoX

HYPOTHETICAL

1233

omp43 OMP43
PRECURSOR

528

hutA

HEME RECEPTOR TonB_boxC
PRECURSOR

Yes

1114

abcX

ABC
TRANSPORTER,
ATP-BINDING
PROTEIN

Maybe

506

htrA

SERINE PROTEASE PDZ

1196

abcX

ABC
TRANSPORTER,
ATP-BINDING
PROTEIN

ABC_tran

19

hypoX

HYPOTHETICAL

-

Yes

Yes

Yes

Yes

Membrane

279

pap31

PAP31

Porin_2

Yes

Yes

Yes

Yes

Membrane

1478

no

No

-

Maybe

Yes

Yes

Membrane

496

hypoX

HYPOTHETICAL

-

Yes

Yes

Yes

Yes

Yes

Membrane

513

hypoX

PUTATIVE SENSOR HATPase_c
HISTIDINE KINASE
TRANSMEMBRANE
PROTEIN

Yes

Yes

Yes

Membrane

679

hypoX

DNA
PROTEIN

Yes

Yes

Yes

Membrane

1101

murC

UDP-N-ACETYLMURAMATEALANINE LIGASE

Mur_ligase

Yes

Yes

847

abcX

ATP-DEPENDENT
TRANSPORTER

ABC_tran

Maybe

511

papX

PAP31

220

plp

ABC_tran

UPTAKE -

OmpA_
membrane
PROTEIN EXPORT Rotamase
PROTEIN
PRSA
PRECURSOR

Yes

Yes

Yes

Yes

Membrane

Membrane

Yes

Yes

Yes

Yes

Membrane
Membrane

Yes

Yes
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Membrane

Membrane
Yes

Yes

Yes

Yes

Yes

Yes

Membrane

Yes

Yes

Yes

Membrane

Another factor to be considered is the expression levels of the proteins. Some
proteins may not be expressed under these conditions, and others are possibly
expressed in levels too low to be detected. It is possible that these proteins can be
found when using comparative genomics, i.e. the protein will be expressed under
other conditions. Larger gels might also be used for detection of proteins expressed
in low concentrations [15,18].
The high percentage of contaminating cytoplasmic proteins suggests that the
separation methodology still needs to be optimised. A methodology where little or
no contamination was detected exists, and has been used in several proteomic
analyses of other organisms [2,12].

4.2 The proteomics database
The database has been constructed so that new data can easily be added when new
2D gels have been analysed under different experimental conditions. The created
database consists of eight different tables (Figure 3).

Figure 3. The database consists of eight different tables.
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The ProteinProperties table contains basic information about each ORF, such as
gene name, protein name, the coding protein’s pI-value, molecular weight, and
sequence. The table also includes a column where comments about the ORFs can
be added.
Each experiment corresponds with an integer number. The CategoryTranslation
table includes the translation for the category numbers. Every experiment that has
been done under different conditions will receive an integer number. The
experiment can thereafter be subdivided depending on the different properties that
the expressed proteins may have in the experiment. For example, proteins
identified in the membrane fraction can be subdivided into membrane and
cytoplasmic proteins. The experiment number for the membrane fraction could for
example be 1, and the category number is 0. The experiment number for membrane
proteins in the membrane fraction will still be 1, while the category number is 1.
For the cytoplasmic proteins in the membrane category the experiment number is
still 1, but the category number is 2 (Figure 4). This translation for the description
simplifies the addition of new data, since typing errors can be avoided. The table
includes two primary keys since the combination of experiment and category
number should be unique.
exp_no
1
1
1

category
0
1
2

cat_description
Membrane fraction
Membrane proteins
Cytoplasmic proteins

Figure 4. An example of how the CategoryTranslation table can look. Category 1 and 2 corresponds to the
different properties the proteins from the experiment can have.

The ExperimentTable table consists of the experiment numbers and corresponding
description about the experiments. The ProteinCategories table contains
information of how each ORF has been classified in each experiment, the
classification is specified with the above described numbers and the
CategoryTranslation table is used when the results are presented.
The ProteinExpression table includes the ORF’s id and its experimental expression
value for each experiment, which is coded with numbers as described above. The
table includes two primary keys since there should only be one expression value
for each experiment and ORF.
The gel and spot numbers are stored in the SpotIdentity table. Each ORF can be
associated with several spots from the same gel, and a spot from a gel can exist
several times in the table. But the combination of ORF id, spot number, and gel
number can only occur once in the table due to the primary key restriction.
Finally, the ProteinAnnotation table includes the annotation categories, as integer
numbers, in this case from the B. henselae annotation. The category translation
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exists in the AnnotationCategories table, but the sub categories exist in a Javascript
that had been written for the B. henselae annotation system.

4.3 The visualisation tool
A www-based tool for visualisation of the proteomics data has been made. The
start page offers several different alternatives for both visualisation of the data and
for modifications of the database tables (Figure 5).

Figure 5. The start page of the visualisation tool for proteomics data.
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New data can be inserted into the database from a tab-delimited textfile. New ORF
ids with the corresponding information can also be added separately, one by one. A
guide page of how the textfiles should be constructed is linked to the insertion page
(Figure 6). The guide page also shows tables of the possible experiment and
category numbers.

Figure 6. The guide page of how the textfiles should be constructed. More information is included further down
on the page, but is not shown here.

The advantage with the textfile is obvious when large data sets need to be added,
but the addition of ORFs one by one is a more controlled process, which might be
preferred when possible. It is also possible to add new experiments one by one and
to add new categories to existing experiments. ORFs, experiments, and categories
can also easily be removed if necessary.
ORF information for already existing ORFs can be added and updated by a search
function. ORF ids or part of ORF ids can be entered and a list of relevant ‘hits’ will
be presented. When ‘clicking’ on the wanted ORF link all information about that
ORF will be presented. The known information can be changed and updated, but
new information can also be added. For example if new experiments have been
done and the ORF has been classified, or if the ORF has occurred in spots on a new
2D gel (Figure 7).
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Figure 7. The ORF updating page.

Experimental expression information can be extracted from the database by two
different alternatives. In the first alternative, the protein expression levels from 2D
gels are visualised by a graph (Figure 8). The set of expression levels that is going
to be plotted can either be chosen by selecting one or several experiment categories
or/and selecting ORFs manually for a scroll-list. It is optional to include a second
experiment for comparison.
A table including ORF id, gene name and expression level of the selected ORFs is
presented together with the graph. A ratio between the two expression levels for
each ORF is also included if a second experiment was selected. An ORF has been
up regulated in the experiment compared to the other if the ratio is larger than 1,
and the corresponding cell in the table is then coloured green. The cell is coloured
red if the ORF was down regulated, and yellow if there was no difference.
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Figure 8. The protein expression levels can be visualised in a graph.

The second alternative presents ORFs that are up or down regulated in an
experiment compared to another experiment, i.e. all ORF with a ratio larger or
smaller than one. The result is presented in a table (Figure 9). A table in text format
is linked to the result page in both alternatives. This table can be copied and for
example inserted into an excel spreadsheet for further analysis of the presented
data.
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Figure 9. The up or down regulated ORFs can be presented in a table.

Finally, a report including information about selected ORFs can be created (Figure
10). The ORFs can be selected either by experiment category or one by one with
the scroll-list. Every column that contains information about the selected ORFs can
be chosen. This allows the user to view all stored data in the database.

5 Conclusions
The in-house Bartonella henselae genome has been used for the search of
membrane and membrane associated proteins. It was shown that the genome
contained approximately 25% integral membrane proteins.
A proteomics approach was applied in the hunt for angiogenic factors. The
membrane fraction that had been run on the 2D gel contained 17 (roughly 27%)
membrane proteins and membrane associated proteins. The hypothetical proteins
seem to be the best angiogenic candidates.
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It can be concluded that bioinformatics prediction programs can be used for the
identification and annotation of ORFs, while the proteomics approach still has its
limitations. To begin with, the isolation procedure of membrane proteins needs to
be optimised, to minimise the cytoplasmic contamination. Moreover, the 2D gel
procedure needs further development before membrane proteins can be separated
sufficiently well. Furthermore, the method needs to be able to detect proteins,
whose expression levels today are too low for detection; this might be possible
with larger gels. To be able to identify all proteins in a gel, the protein databases
also need to be complete, and possibly include proteins with post-translational
modifications; this is not the case today.

Figure 10. The report construction page.

A database consisting of eight different tables was constructed. The database
awaits new data and the tables have therefore been built with fixed numbers of
columns. New data can be added row by row when available.
The database information can be visualised via the www-based tool that has been
made. The tool is independent of the size of the database and offers different
alternatives that are relevant for the database. New data can be added to the
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database via this tool, either by specifying a tab-delimited textfile containing the
new data, or by inserting the data manually.
The tool can be used in the search of angiogenic factors by using one of the two
visualisation alternatives. Expression levels of the ORFs between different
experiments can be presented either in a plot or a table. Significant proteins can be
detected by comparing these levels.

6 Further studies
The next step of the proteomics approach is to produce new 2D gels of membrane
fractions under different environmental conditions. The actual search for
angiogenic factors requires the addition of new data to the database.
It would be interesting to apply the consensus methodology to the whole genome.
This would result in a more accurate indication of which genes encode membrane
or membrane associated proteins. Other studies have shown that membrane protein
encoding genes often are located in clusters along the genome sequence in other
organisms [48]. If the methodology is applied on the whole genome, similar studies
can be made for the B. henselae genome.
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