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Abstract

Membrane proteins fulfil a number of tasks in cells, including signalling, cell-cell in-
teraction, and the transportation of molecules. The prominence of these tasks makes
membrane proteins an important target for clinical drugs. Because of the decreas-
ing price of sequencing, the number of sequences known is increasing at such a rate
that manual annotations cannot compete. Here, topology prediction is a way to pro-
vide additional information. It predicts the location and number of transmembrane
helices in the protein and the orientation inside the membrane. An important factor to
detect transmembrane helices is their hydrophobicity, which can be calculated using
dedicated scales. In the first paper, we studied the difference between several hy-
drophobicity scales and evaluated their performance. We show that while they appear
to be similar, their performance for topology prediction differs significantly. The bet-
ter performing scales appear to measure the probability of amino acids being within a
transmembrane helix, instead of just being located in a hydrophobic environment.

Around 20% of the transmembrane helices are too hydrophilic to explain their
insertion with hydrophobicity alone. These are referred to as marginally hydrophobic
helices. In the second paper, we studied three of these helices experimentally and
performed an analysis on membrane proteins. The experiments show that for all three
helices positive charges on the N-terminal side of the subsequent helix are important
to insert, but only two need the subsequent helix. Additionally, the analysis shows
that not only the N-terminal helices are more hydrophobic, but also the C-terminal
transmembrane helices.

In Paper III, the finding from the second paper was used to improve the topol-
ogy prediction. By extending our hidden Markov model with N- and C-terminal helix
states, we were able to set stricter cut-offs. This improved the general topology pre-
diction and in particular miss-prediction in large N- and C-terminal domains, as well
the separation between transmembrane and non-transmembrane proteins.

Lastly, we contribute several new features to our consensus topology predictor,
TOPCONS. We added states for the detection of signal peptides to its hidden Markov
model and thus reduce the over-prediction of transmembrane helices. With a new
method for the generation of profile files, it is possible to increase the size of the
database used to find homologous proteins and decrease the running time by 75%.
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1. Introduction

In 1965, Gordon E. Moore postulated that the number of components (transis-
tors) in integrated circuits would double roughly every two years [1]. For 50
years, this prediction held true. The rate seems now to have finally slowed [2].

However, the amount of data increases every day. In 2013, it is suggested
that 90% of all data was generated in the previous two years1. In sequencing,
similar developments can be seen. In 2001, sequencing a genome cost 100
million USD. It now costs close to 1,000 USD (Figure 1.1). This has allowed
for fields such as single-cell sequencing to emerge [3], producing even more
data. To handle such large numbers of sequences, viable data science work-
flows are necessary.
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Figure 1.1: Cost of sequencing a genome between 2001 and 20152. The rapid
decrease in cost per genome around 2008 was due to the introduction of second
generation sequencing methods.

1https://www.sciencedaily.com/releases/2013/05/130522085217.htm
2https://www.genome.gov/sequencingcosts/
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Uniprot Sequences (60 000K)

SwissProt Sequences (500K)

Structures on PDB (100K)

Figure 1.2: Available sequences in Uniprot outnumber manually annotated se-
quences (SwisProt) and available structures (PDB). This necessitates fast and
accurate algorithms to overcome the gap.

This thesis examines topology predictions of transmembrane α-helical pro-
teins (TMHs) with the aim of providing additional information concerning the
large number of sequences which are missing manual annotation and solved
structures (see Figure 1.2). For membrane proteins, it is especially imperative
to close the gaps between sequences and structures because they are important
targets for most commercial drugs [4–6] and only 1-2% of all solved protein
structures belong to membrane proteins.

I first provide a general introduction with the biological background needed
for my work. I then describe the computational background needed for the
methods used in our publications, including databases, dynamic programming,
and machine learning. In Chapter 4, I provide a brief overview of the methods
used in topology prediction and their features. Finally, I describe a methodol-
ogy we developed that creates evolutionary profiles faster than current meth-
ods.

In the first paper, we evaluated 12 hydrophobicity scales that were created
in different ways (experimentally, knowledge-based, consensus). This helped
us to gain a deeper understanding of the amino acids that are crucial for good
predictions. From this evaluation, three knowledge-based scales and the exper-
imental scale proposed by Hessa [7] showed the best performance for topology
prediction. After analysing the correlation between the predictive performance
and relative hydrophobicity vales, we found that hydrophobic amino acids are
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more hydrophobic in better performing scales. Asparagine, glutamine and pro-
line on the other hand are more hydrophilic in better performing scales. A
major reason for the better performance of certain scales appeared to be that
these additionally measure the probability of amino acids to be located within a
transmembrane helix and not just being present in a hydrophobic environment.

While most TMHs are stretches of hydrophobic amino acids, there is a
subset of surprisingly hydrophilic helices that are still inserted into the mem-
brane. In Paper II, we studied these marginally hydrophobic helices (mTMH)
using experimental and computational methods to understand the mechanism
of their insertion. We show that arginines at the N-terminal side of the subse-
quent helix are important for the insertion of mTMHs. In EmrD and GlpT, the
insertion is not driven by arginine alone. The positive charges enforce an orien-
tation preference in the subsequent helix, which in turn supports the insertion
of mTMH.

In Paper III and IV, we used the knowledge we gained to improve two of
our methods for topology prediction. Our predictor SCAMPI (Paper III) bene-
fited from the observation that the first and last helix in a membrane protein is
on average more hydrophobic than the non-terminal helices. By improving the
separation of globular proteins and signal peptides from the membrane protein
itself, our consensus predictor TOPCONS (Paper IV) showed a better overall
performance. Additionally, we improved the computational approach to gain
multiple sequence alignments (MSAs) that allowed us to use a larger sequence
database but still reduce the time to receive the MSA.
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2. Biological Background

2.1 Hydrophobic Effect

When a drop of oil is placed in water, the hydrophobic effect can be easily
observed. Because water cannot create hydrogen bonds with the oil, it forms a
cage-like structure around the non-polar oil molecules. That has a destabilizing
effect because the entropy is lower compared to water without the addition of
non-polar molecules.
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Figure 2.1: When non-polar molecules are added into water, it is more
favourable when they are grouped together, reducing the surface area that is ex-
posed to water.

If several non-polar molecules are placed in water, the destabilizing effect
can be minimized when non-polar molecules group together (Figure 2.1). In
this case, the surface area between water and non-polar molecules is reduced
and the entropy is increased.

2.2 Proteins

In cells, proteins fulfil several different tasks. They are gatekeepers, enzymes,
part of the cell structure, regulate gene activity, and more. Building instruc-
tions for proteins are encoded in the DNA. When proteins are needed, genes
are transcribed and spliced (in eukaryotes) into mRNA, which is then trans-
lated into the protein sequence.

Proteins are made of covalently linked amino acids that form a functional
3-dimensional structure, called the primary sequence. Peptide bonds are formed
with a water molecule between the carboxyl group and the amino group of the
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following amino acid. Due to atomic restrictions, not all combinations of di-
hedral angles are possible for the backbone. This has interesting consequences
for the folding process, because it reduces the number of ways a protein can
fold.

The next structural level of proteins, called the secondary structure, is the
folding of α-helices and β -sheets. Helices are formed from hydrogen bonds
between the carbonyl and amide groups of amino acids that are close to each
other in a sequence. Additionally, helices are stabilized with the help of non-
polar and van der Waals interactions [8; 9]. There are around 3.6 residues per
turn and a distance of 1.5 Å between cα atoms [10]. β -sheets are created by
hydrogen bonds between at least two β -strands which do not have to be close
in a sequence. In cases where all strands are connected on two sides, they form
a structure called a β -barrel. Both structural elements have a stabilizing effect
on the protein.

For most proteins to be fully functional, a correctly folded 3-dimensional
structure is needed, called a tertiary structure. The 3-dimensional structure is
mostly established by weak, non-covalent interactions between amino acids.
These interactions keep the structure stable but still allow for fluctuations.
While most van der Waals and non-polar interactions occur in the hydropho-
bic core of a protein, electrostatic interactions play a large role on the protein’s
surface.

The final structural level is the quaternary structure. Many protein com-
plexes are composed of multiple peptide chains. These are then called sub-
units. In the quaternary structure, most interactions between subunits are non-
covalent and the formation is driven by hydrophobic effects.

2.2.1 Folding Problem

Levinthal’s paradox [11] postulates that it is impossible for a protein chain to
find its energetically favourable confirmation through random trial and error.
This is because proteins normally fold in a matter of milliseconds. Even short
proteins, with around 100 amino acids, require a longer time than this to try all
possible formations.

2.3 Biological Membranes

Membranes are the protective layer of cells. They allow organisms to maintain
different concentrations of molecules compared to their surrounding environ-
ments. The main building blocks of membranes are lipids, forming the lipid
bilayer, and proteins, which maintain a wide range of functions from energy
conversion, signal transduction, to cell-cell recognition, defence, and cellular
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trafficking (see Figure 2.2). The mass ratio of lipids to proteins depends on the
organism and environment and can be between 4:1 (myelin membranes) and
1:3 (mitochondria membranes) [12]. In eukaryotes, sterols can be found that
support the fluid structure of cell membranes.

In 1972, the fluid mosaic model [13] was presented. The model aims to
generalize the diversity of biological membranes where lipids and proteins
form a dynamic, fluid-like system. The model allows lipids to freely diffuse in
the bilayer and postulates that most integral proteins are randomly placed, with
the exception of proteins that form complexes. Today, the model is assumed
to be more complex. The movement of lipids inside the bilayer is not com-
pletely free, but limited by special membrane domains as well as protein-lipid
and protein-protein interactions [14; 15]. Additionally, current models suggest
a more composed distribution of components, allowing many heterogeneous,
small-scale structures to appear with specific lipid compositions and proteins.

Figure 2.2: The figure shows a schematic representation of the cell membrane,
including phospholipids that form the bilayer (Chapter 2.4) and membrane pro-
teins (Chapter 2.5). Figure taken from Wikipedia.

2.4 Lipids and the Bilayer

Lipids are amphipathic molecules, meaning that they contain hydrophilic and
hydrophobic parts. The hydrophilic section consist of a polar head group,
while the hydrophobic tails consists of non-polar acyl chains. Their polar head-
group is connected to non-polar acyl tails via a glycerol backbone. Because
there is water both inside and outside of cells, forming a lipid bilayer is the
most energetically efficient mode to arrange lipids. The most common group
of lipids in the membrane is the phospholipids [16].

While water creates a barrier for lipids and forces them to form a bilayer, it
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is possible for lipids to float throughout the bilayer. There are two parameters
concerning hydrophobic tails that control the fluidity of a bilayer, the length of
the tail and the number of unsaturated carbon atoms. A longer tail increases
interactions between tails and reduces fluidity. Unsaturated carbons in the tail
create kinks that limit how tightly the lipids can be packed, increasing fluidity.
By adjusting both parameters, the cell can react to temperature changes and
regulate the fluidity of its bilayer.

2.5 Membrane Proteins

There are two groups of membrane proteins:

• Peripheral membrane proteins are attached to one side of the bilayer
or to membrane proteins.

• Integral membrane proteins are inserted into the bilayer.

Twenty to thirty percent of all proteins in organisms are membrane pro-
teins [17; 18]. These proteins are responsible for a number of functions in
cells, including energy conversion, signalling, the transport of ions and cell-
cell contact [19]. This prominence makes these proteins important targets for
approximately 60% of all drugs used today [20]. Despite their importance,
there are just a small number of membrane proteins with a solved 3D structure.
The PDB database [21] contains, as of March 2016, around 116,000 structures,
of which 2,714 can be found in PDBTM [22]. Of these, 87% are classified as
TMHs and the rest as transmembrane β -barrels (TMB) proteins. This discrep-
ancy between encoded proteins and experimentally solved structures is due to
the challenge of determining the structure of membrane proteins.

2.5.1 Insertion into the Membrane

For most α-helical proteins, the process from mRNA into a membrane protein
can be simplified into two steps. The general topology is set in the integration
step and then folding occurs.

First, mRNA binds to a ribosome where it is translated into a polypeptide
chain. As soon the signal peptide is translated (see Figure 2.3), a signal recog-
nition particle (SRP) binds to it [23]. Then, the SRP binds to the signal peptide
receptor (SPR). With help of the SPR, the ribosome gains contacts with the
translocon which mediates integration into the membrane.

Next, the ribosome continues to translate the rest of the mRNA, during
which the translocon either does or does not insert stretches into the mem-
brane [24], depending to a large extent on the hydrophobicity of the stretch
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[7; 25–27]. The signal peptide itself is either cut off by the signal peptidase or
integrated into the membrane as a TMH [28; 29].

Ribosome

Signal

sequence

SRP receptor

Cytosol

Sec61/SecY

complex

SRP

Signal Peptidase

Figure 2.3: Insertion of α-helical proteins into the membrane. When the signal
peptide is translated by the ribosome, the signal recognition particle (SRP) binds
it. The SRP then binds to the SRP receptor (SPR). In this way, the ribosome
and translocon gain contact and insertion begins. Once insertion is finished, the
complex falls apart and a new integration can begin. The signal peptide is either
cleaved by a signal peptidase or integrated into the membrane. Adapted from
[30].

In the folding step, tertiary structures can form and the repositioning of
helices may occur. It has been shown that, at least in some proteins, the estab-
lished topology can still change after it is integrated into the membrane [31],
including, e.g., the insertion of marginally hydrophobic helices (Paper II) and
shifts in the stretch of TMH that has been inserted [32].

The insertion of TMB proteins differs and can be described with an ex-
ample of β -barrels in the outer membrane of mitochondria and Gram-negative
bacteria (Figure 2.4). Similar to α-helical membrane proteins, the amino acid
sequence of β -barrels contains a sorting signal which is used for its transfer to
a destination.

For mitochondria, synthesis occurs on ribosomes in the cytosol. The polypep-
tide then passes through the outer membrane of the mitochondria, using a
channel in the TOM complex. Once the polypeptide chain arrives in the inter-
membrane space, the TIM chaperone binds to it and transfers it into the TOB
complex which then integrates it into the membrane [33]. In Gram-negative
bacteria, the polypeptide crosses the inter membrane with help of the SEC
translocon. After arrival in the inter membrane, Skp and SurA proteins bind to
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it and transport it to the outer membrane where an Omp85 complex inserts it
into the membrane.

Omp85

Sec

sTIM

Skp

IM

IMS

Cytosol

OM

IM

SurA

Cytosol

OM

Gram-negativeMitochondria
bacteria

TOM TOB

Periplasm

Matrix

TiBS

Figure 2.4: Insertion of β -barrel proteins into the membrane of mitochondria and
Gram-negative bacteria. In mitochondria, the protein is translated in the cytosol
and then passes through the TOM complex to the inter membrane space (IMS).
There, it is bound by the TIM complex and moved to the TOB complex which
integrates it into the membrane. In Gram-negative bacteria, the protein enters the
periplasm with help of an SEC translocon. Both Skp and SurA bind to it there,
then leading it to an Omp85 complex which inserts it into the membrane [34].

2.5.2 α-Helical Proteins

α-helical transmembrane proteins contain one or several TMHs (see Figure
2.5). A TMH typically contains between 17-23 residues [10]. Hydrogen bonds
formed between carbonyl groups and amide groups in the backbone are impor-
tant factors for the stability of the helix. Many side chains of amino acids in the
helix face the outside of the helix. This explains the preference of hydrophobic
amino acids in TMHs [35].

Besides preferences for hydrophobic amino acids in the TM stretch, there
are several other amino acids that can fulfil specific functions in TM proteins.
Positive charges in cytoplasmic loops, for example, seem to require less hy-
drophobic peptides (≈0.5 kcal/mol per AA) and enforce a specific orientation
of the protein [36; 37]. Aromatic residues are found frequently close to the
ends of helices, forming what is known as the ’aromatic belt’ [38]. Their inter-
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actions with lipid head groups are shown to stabilize the structure [39]. While
proline is known as a helix-breaking amino acid, it often appears in combina-
tion with glycine and creates a flexible region in the helix that could be im-
portant for biological activity and may help in the folding process of the helix
[40]. Glycine is not only interesting in combination with proline, but also in
form of the GXXXG motifs that play a role in helix-helix packing interactions
[41].

Figure 2.5: Example of an α-helical protein. The figure shows chain A of bovine
rhodopsin (1gzm).

Some TMHs appear to be too hydrophilic to be inserted into the membrane
spontaneously [42]. They are referred to as marginally hydrophobic helices
(mTMHs). While hydrophobicity is important for the insertion of transmem-
brane helices, there are more features which can play a role. For example, in
the previously discussed positive charges in inside loops, enforcing a specific
orientation and reduce the free energy needed for insertion. Insertion can also
be driven by interactions between polar residues in neighbouring helices and
the orientation preferences of neighbouring helices [37].

2.5.3 β -Barrel Proteins

Transmembrane β -barrel proteins can be found in the outer membranes of
Gram-negative bacteria, mitochondria, and chloroplasts [43].

Compared to α-helical membrane proteins, there are fewer experimentally
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Figure 2.6: Example of a β -barrel protein. The figure shows chain P of sucrose
porin (1a0s).

verified 3D-structures of β -barrel proteins. β -barrel structures are made of β -
strands that are between 5-10 residues long and form anti-parallel sheets. By
forming a β -barrel structure, the normally unpaired backbone groups of the
first and last strand can pair and increase the stability of a structure.

Outer membrane β -barrel proteins consist of 8-26 β -strands that form a
barrel-like structure (see Fig. 2.6). The number of strands in the outer mem-
branes of bacteria is in general even, but in mitochondria and chloroplasts,
odd numbers also appear, for example 19 β -strands in mouse VDAC1 [44].
The loops facing the outside of the cell are longer and more diverse than those
facing inwards. Their topology is assembled in such a way that their N- and
C-terminals end in the periplasm [10].
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3. Computational and Statistical
Methods

3.1 Bioinformatics Databases

The most important source for protein sequences used in my work is the UniProt
Knowledgebase (UniProtKB) [45]. It is divided into two sub-databases, Swiss-
Prot and TrEMBL. Swiss-Prot contains only manually annotated and reviewed
sequences (550,552, March 2016), while TrEMBL contains automatically an-
notated sequences that are not reviewed (60,971,489, March 2016).

Many topology prediction methods need training sets which contain se-
quences and their structures/topologies. The solved structures of sequences
can be found in the RCSB Protein Databank (PDB) [21]. Topologies can be
found in the orientations of proteins in membranes (OPM) database [46], and
in the protein data bank of transmembrane proteins (PDBTM) [22; 47; 48].
The PDB provides the 3D-structures of 116,539 proteins (March 2016). This
helps to determine the location of helices and β -strands, but does not pro-
vide information about their orientation in relation to the membrane. On the
other hand, both the OPM (3,012 sequences) and PDBTM (2,714 sequences)
database not only contain information about the location of helices and β -
strands, but also about the orientation of proteins inside the membrane. Both
have an automatic workflow to calculate orientation inside the membrane by
processing PDB files.

Proteins contain conserved parts that can be similar among many proteins
or specific to a small group of proteins. The Conserved Domain Database
(CDD) [49] contains manually curated, as well as automatically annotated, in-
formation about conserved domains in proteins. Also the Pfam database [50]
identifies domains in proteins and groups them into different domain fami-
lies. In the newest version of Pfam, the sequences are mainly gathered from
UniProtKB reference proteomes. Currently, it holds 16,295 families and pro-
vides multi sequence alignments (see chaper 3.4) and hidden Markov models
(see chapter 3.5) for the families.
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3.2 Dynamic Programming

Dynamic programming is an essential concept for several bioinformatics al-
gorithms [51–53], but also for other algorithms (e.g. the Viterbi algorithm
[54]). In general, it is applied to problems that can be divided into similar sub-
problems, where combining the results of the sub-problems provides optimal
solutions for the main problem. By reusing previously calculated sub-results,
performance problems from recursion can be avoided. Dynamic programming
algorithms guarantee that an optimal solution can be found.

A simple example is the recursive (Listing 3.1) vs. dynamic (Listing 3.2)
programming implementation of the Fibonacci sequence. While a dynamic
implementation has to calculate each number only once, a recursive imple-
mentation has to calculate, for each number, all previous numbers.

Listing 3.1: Fibonacci algorithm implemented using a recursive approach to re-
turn the required index within the Fibonacci series. It is inefficient because it has
to calculate the same numbers several times.

def f i b ( n ) :
i f n < 2 :

re turn n
re turn f i b ( n − 1) + f i b ( n − 2)

Listing 3.2: Fibonacci algorithm implemented using a dynamic programming
approach. This returns the required index within the Fibonacci series. In contrast
to the recursive approach, it only calculates the numbers only once.

def f i b ( n ) :
numbers = [ 0 , 1 ]
i = 0
f o r i in range ( 2 , n + 1 ) :

numbers . append ( numbers [−1] + numbers [−2])
re turn numbers [−1]

3.3 Sequence Alignments

Sequence alignments are used to compare two or more (see chapter 3.4) se-
quences with each other. The basic form of a sequence alignment compares
only two sequences and aims to either find the local or global alignment. The
local alignment aligns the most similar substring of sequences using a dynamic
programming algorithm by Smith and Waterman [52]. It can be applied to
problems that aim to find similar functional regions (domains) in non-related
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proteins. The global alignment aligns both sequences completely using the
Needleman-Wunsch algorithm [51]. The global alignment can be used to pro-
duce a similarity score between two proteins. Both algorithms use a scoring
matrix that provides scores for all possible substitutions to reflect that some
amino acids are more likely to replace one than another. Additionally, a gap
penalty can be set to make insertions and deletions in the sequence more or
less likely.

3.4 Multiple Sequence Alignments/Heuristic Search

One method to improve the information content of sequences is to consider not
only a target sequence, but also sequences that evolved from the same ancestor
(homologous protein). Through this approach, a one-dimensional sequence
gains, with the distribution of amino acids at each position, another dimension
of information. This can be used to learn about regions in a protein which
are more conserved than others, and thus more likely to be important for its
function.

To find sequences in a database that are similar to a target sequence, each
query sequence needs to be aligned with every sequence in the database. Heuris-
tic alignment algorithms are the optimal choice for such a task because dy-
namic, programming-based algorithms would be too slow. Standard algo-
rithms used for this task are often based on Basic Local Alignment Search Tool
(BLAST) [55]. A similar algorithm is FASTA [56], but it is rarely used because
current versions of BLAST are faster and more sensitive. In BLAST, similar
sequences must contain short parts (words) of a defined length that match ex-
actly. First, BLAST collects a list of words found in the query sequence, which
is then compared to the database to identify exact matches. Next, matches are
extended in both directions and scored. If the score is above a threshold, the
alignment will be accepted, if not, it will be rejected.

Methods that consider evolutionary information, often use Position-Specific
Scoring Matrixes (PSSMs), which contain a specific substitution score for each
position in the sequence and each amino acid.

Further developments of BLAST are Position-Specific Iterative BLAST
(PSI-BLAST) [57] and domain enhanced lookup time accelerated BLAST
(DELTA-BLAST) [58]. With PSI-BLAST, a PSSM is created after an ini-
tial run based on the best scoring hits. In the next iteration, the algorithm uses
the PSSM instead of a predefined scoring matrix for the BLAST search. Af-
ter each additional iteration, a new PSSM is built, making the search more
sensitive.

In DELTA-BLAST, the approach is a bit different. Here, the goal is to
avoid the initial BLAST step and directly use a specific PSSM to search for
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homologous proteins. First, the query sequence is searched against a Con-
served Domain Database (CDD) [49] using reverse position-specific BLAST
(RPS-BLAST). Then, conserved domain hits are aligned and used to create
a PSSM, similar to how it is constructed in PSI-BLAST. The PSSM is then
used to search in the sequence database. It has been shown that this approach
provides more sensitive results than PSI-BLAST [58].

3.5 Machine Learning

The goal of machine learning is to develop algorithms which can themselves
learn to solve problems. Algorithms can be classified as supervised learning
and unsupervised learning. In supervised learning, algorithms are trained using
an annotated dataset which contains both input data and the expected output.
Examples of supervised learning algorithms are neural networks and HMMs.
Unsupervised learning means that the algorithm learns from input data alone
and an expected output is not provided. Examples are clustering algorithms,
such as k-means.

Many algorithms used in topology prediction are based on one or several
of the following methods:

• Artificial neural networks: The goal of artificial neural networks is to
simulate the workings of neurons in the brain [59]. A network consists
of an input layer in the beginning, one or several hidden layers, and an
output layer at the end (see Figure 3.1). Each layer can be built using an
arbitrary number of neurons. Each neuron checks if its input is above or
below a given threshold and responds with an output value.

• Support vector machine: In 1995, Vladimir Vapnik presented the no-
tion of support vector networks [60]. At the core of this machine learn-
ing method is the separation of data based on features into two groups.
Today, the algorithm is known as support vector machine (SVM) and
it is possible to classify data into more than two groups, as in SVM-
Multiclass [61].

Support vector machines are supervised machine learning methods and
thus need to be trained on a classified dataset before they can be used.
In the training process, the SVM finds a hyperplane which separates
the given data such that the distance between different classes and the
hyperplane is the largest.

Kernel functions play an important role for SVMs. They can be used
to compute similarity in a higher dimensional space to separate the data
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Hidden Layer Output LayerInput Layer

X1

X2

X3
Weighted connection

Threshold function

Figure 3.1: Example of a simple neural network with an input, hidden, and
output layer. The input layer takes input X1...Xn and passes it, regulated by
weighted connections, to the hidden layer where a threshold function is applied.
The number of hidden layers and neurons per layer is arbitrary.

Input Space Feature Space

Figure 3.2: The support vector machine uses a linear hyperplane to separate data.
If the data cannot be separated in the input space, another kernel can be used to
compute similarity in a higher dimensional space, known as the kernel trick.

without transforming the data into that space. This is also known as the
kernel trick.

The main kernel functions are:

– linear

– polynomial

– radial basis function (RBF)

When using a linear kernel to separate data points, at times, not all points
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turn out to be on the correct side of the hyperplane. In such cases, a more
advanced kernel (polynomial or RBF) can be used. When using more
advanced kernels to separate data, the risk that the SVM will become
overtrained increases. This means the SVM separates the training sets
perfectly, but does not work well for unknown data. In such cases, it is
better to use imperfect but robust separations.

Figure 3.2 presents an example of such cases. In a 2-dimensional space,
it is not possible to separate white from black dots using a linear plane,
though it is possible after transformation into a 3-dimensional feature
space.

• Hidden Markov model: Hidden Markov models became popular in the
late 1960s and were often applied to speech recognition in the mid 1970s
[62; 63].

Hidden Markov models are statistical models that contain hidden states
which are not directly observable. The connections between states are
defined as transition probabilities and each state possesses emission prob-
abilities for different observations. Every state depends on its immediate
predecessors.

There are three tasks in HMMs: learning, decoding, and evaluation.
These can be solved using different algorithms. Before a HMM is used,
it often required training with a training dataset. There are several algo-
rithms that can be applied for this task including maximum likelihood
estimation, Viterbi training, and Baum-Welch. In short, these algorithms
begin with an estimated set of parameters for all transitions and emis-
sions. The model is then applied to the training set and the frequency
of different transitions and emissions is counted. Based on this, new pa-
rameters are estimated and the process is repeated until it is convergent.

Another task is decoding. Because only emissions of HMMs are visible,
it is not possible to observe paths within the model directly. Thus, an
algorithm, as in Viterbi [53], is needed to compute the path within the
model.

Finally, given a produced sequence of states and a model, the question
arises of the likelihood of the model making the sequence of states. The
forward or backward algorithm can be used to calculate the overall prob-
ability of a model to emit a given sequence.

Figure 3.3 shows an example of a simple HMM which can be used to
make assumptions about the weather without its observation. In the fig-
ure, Rainy and Sunny are both hidden states that cannot be observed
directly. The solid black lines between them are possible transitions
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Figure 3.3: Example of a simple hidden Markov model. Here, a start state has
two possible transitions with a defined probability. They lead to two hidden states
(Rainy, Sunny), which again have transition probabilities between each other and
remaining in the same state. Each hidden state can emit three different labels,
each with a defined emission probability. Though only labels are directly observ-
able, it is possible to calculate the most likely sequence of hidden states which
emitted these labels using the Viterbi algorithm. Adapted from Wikipedia.

between states, each with a specific probability. The dashed lines are
emission probabilities with different probabilities for each combination
of a hidden state and an observation.

An observer can draw conclusions about the weather by noting what
another person does and applying the Viterbi algorithm to calculate the
most likely sequence of hidden states.

For example, the observations "Clean, Shop, Walk, Walk" would result
in the following probabilities:

1. P(Rainy|Clean) = 0.6 * 0.5 = 0.300
P(Sunny|Clean) = 0.4 * 0.1 = 0.0400
-> Rainy

2. P(Step 1) * P(Rainy|Shop) = 0.3 * 0.7 * 0.4 = 0.0840
P(Step 1) * P(Sunny|Shop) = 0.3 * 0.3 * 0.3 = 0.0270
-> Rainy

3. P(Step 2) * P(Rainy|Walk) = 0.084 * 0.7 * 0.1 = 0.0059
P(Step 1) * P(Sunny|Walk) = 0.084 * 0.3 * 0.6 = 0.0151
-> Sunny
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4. P(Step 3) * P(Rainy|Walk) = 0.0151 * 0.4 * 0.1 = 0.0006
P(Step 3) * P(Sunny|Walk) = 0.0151 * 0.6 * 0.6 = 0.0054
-> Sunny

This presents the most likely states, Rainy, Rainy, Sunny, Sunny, with a
probability for the path of 0.0054.
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4. Topology Prediction

In topology prediction, the goal is to predict the orientation and TM segments
of TMPs given an amino acid sequence. The higher content of hydrophobic
amino acids is the main feature used to distinguish secondary structures in the
form of TM α-helices from loop regions in membrane proteins. Initial meth-
ods make this distinction by using hydrophobicity tables (Chapter 4.1)), which
describe the hydrophobicity of a given amino acid. This is still a common ap-
proach today (Paper III). To identify orientation in the membrane, the so-called
positive inside rule can be used (Chapter 4.2) [64]. This method, applied to this
day, was used as early as 1992 [65].

A challenge of topology predictions is signal peptides. Such peptides are
around 30 residues long and on the N-terminal end of membrane proteins.
They can be easily mistaken for TMHs due to their similar hydrophobicity
[66]. Signal peptides are used in the cell to mark proteins that should either
be integrated into the membrane or transported through the membrane to ex-
tracellular spaces. By combining topology prediction methods and methods to
predict signal peptides, misprediction can be reduced [67].

Compared to α-helical TMPs, the development of topology predictors for
β -barrel proteins is more complex because their features are harder to identify
and only 12% of solved topologies in the PDBTM are β -barrels. However,
similar approaches can be used to solve problems by detecting patter in β -
barrels. In strands of β -barrels, outward residues are generally hydrophobic,
while inward facing residues are typically small and hydrophilic. As in helical
proteins, there are methods based on HMMs [68], SVMs [69] and neural net-
works [70] for the prediction of β -barrels. The use of hydrophobicity scales
for β -barrels is not common [71; 72].

The following three sections describe the principal methods for the current
research. The first section discusses hydrophobicity scales which were eval-
uated in the first paper, followed by a discussion of the positive inside rule
and closing with relevant topology prediction methods which introduce novel
features.
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4.1 Hydrophobicity Scales

In general, hydrophobicity scales are tables that assign a value to amino acids
according to their tendency to interact with surrounding water. Based on this,
an estimation of which amino acids are preferred in membrane regions can
be made. For membrane proteins topology prediction, these tables are used
to define the free energy needed to insert an amino acid into the hydrophobic
core of a membrane. It is possible to differentiate the scales by how they were
created.

• Knowledge-based scales are constructed by applying different statisti-
cal methods to solved protein structures [71; 73–76].

• Experimental-based scales were developed by Hopp [77], Goldman
[78], Wimley [79], Hessa [7] and Moon [72] and are experimentally
based. The scale by Wimley, for example, is based on the partitioning
energy required for the insertion of two series of small peptides into
the interface of a neutral phospholipid membrane. On the other hand,
Hessa measured the insertion efficiency of artificial polypeptides into the
membrane of dog pancreas rough microsomes, to calculate the energy
needed to insert different amino-acids. The scale published by Moon
used OmpLA, a β -barrel protein, for thermodynamic measurements of
the transfer of a side-chain from water to a phospholipid bilayer.

• Consensus-based scales, as developed by Eisenberg [80], Kyte [81] and
Guy [82] were created through combinations of other scales.

4.2 Positive Inside Rule

In 1986, the positive inside rule was postulated, describing the preference of
positively charged amino acids to be enriched in periplasmic loops when com-
pared to cytosolic loops. The Positive-inside rule is, besides hydrophobicity,
the most important feature in TM topology prediction.

Positive charges can have effects on a local scale by forcing a helix in a
specific orientation into a membrane, but also on a larger scale, affecting the
overall orientation of a protein. In the protein EmrE, the overall topology can
be switched by placing positively charged residues in different locations along
the sequence [83]. A positively charged amino acid appears to reduce the
insertion energy needed by ≈0.5 kcal/mol [36], with stronger effects closer to
the beginning or end of a helix. A recent study has shown that the effect may
even be 2 kcal/mol for arginine and lysine and 1 kcal/mol for histidine [84].
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4.3 Topology Predictors

Transmembrane helices are, on average, 21 residues long and generally more
hydrophobic than other parts of the protein. By taking these two features into
account, it is possible to develop a simple computational approach for their
detection based on hydrophobicity plots [85].

In 1992, TOP-PRED was presented [65] with two hydrophobicity cut-offs,
one for certain helices and the other for potential helices. Additionally, it
solved the orientation problem by considering the positive inside rule [64],
namely the preference of positively charged amino acids to be located in inside
loops. Hydrophobicity plots were implemented as a 21-letter sliding window,
shifting over the sequence and calculating the average hydrophobicity of each
window. Based on hydrophobicity and positive charges, it is then possible to
predict both the location of TMHs and their orientation inside a membrane. A
similar approach can also be used to differentiate between membrane and non-
membrane proteins. For each protein in the training set, the most hydrophobic
window is calculated to find a threshold that best separates membrane and
non-membrane proteins.

In 1994, Jones, Taylor and Thornton [86] presented a novel topology pre-
diction method, MEMSAT, that could determine the location of TMHs and
their orientation within the membrane. The approach was based on the combi-
nation of a scoring matrix which they developed with a dynamic programming
algorithm. The scoring matrix defines five different states: inside loop, outside
loop, inside helix end, helix middle, outside helix end. Based on a dataset,
the study calculated the likelihood for each amino acid to be in one of the five
states. By using a dynamic programming algorithm with this scoring matrix,
the study not only calculates the optimal result but also considers sub-optimal
results.

In 1995, PHDhtm, the first neural network-based method incorporating
evolutionary information [87; 88] was published. The network was made of
two levels. The first level takes a window of 13 adjacent residues as input,
where each residue is described by the frequency of the 20 amino acids, a
placeholder, a conservation score, and the numbers of insertions/deletions. The
second level takes the output of the first level as input and units provide the
likelihood of TM and non-TM for the central residue. The method also adds
several global features such as amino acid frequency in the protein or length of
the protein. The method also predicts for each residue if it is part of a TMH or
not. The third level is a "winner takes all" jury decision based on an arithmetic
average of four different combinations of the first and second level network.
Both the first and second level network were trained balanced and unbalanced.
The last step filters helices that are too long or too short.
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In 1998, the methods TMHMM [89] and HMMTOP [90] were introduced
and use HMMs for topology prediction. An advantage of HMMs is that bio-
logical knowledge can be easily translated into flexible models. The models
presented by both groups show many similarities. Both separate the helix into
a core and two different end states (as in Jones, Taylor and Thornton [86]).
Additionally, they differentiate between inside/outside loop and consider the
existence of shorter loops and a greater number of large, non-membrane span-
ning domains/loops.

The first version of Phobius [91] was published in 2004. The main aim
was to create a topology predictor that could identify signal peptides, in turn
reducing prediction errors by assigning TM regions in signal peptides (and
vice versa). Knowledge about the appearance of signal peptides also helps to
determine the orientation of a protein inside a membrane. Phobius is based on
a detailed HMM that models the signal peptide region in addition to the extra-
cellular space, membrane, and cytoplasm. Shortly after the first version was
released, an extension called PolyPhobius [92] was released. Its improvement
is a hidden Markov decoding algorithm that uses evolutionary information by
including for each position in a multi-sequence alignment the average of the
previous label probability. This helps to improve the prediction performance
for both TM regions and signal peptides.

Philius [93] is based on the work done to create Phobius. Similarly, it can
predict signal peptides in addition to the TMHs. A Dynamic Bayesian Net-
work was used as an underlying framework instead of an HMM. Philius also
provides confidence scores for its predictions and predicts the signal peptide
cleavage site.

The 3rd version of MEMSAT was presented in 2007 by Jones [94]. The
main changes, in comparison with the first version, are the use of a neural net-
work and the use of sequence profiles, introduced in MEMSAT2 [95]. Based
on sequence profiles, the neural network layer calculates scores that were pre-
viously acquired using the pre-calculated scoring matrix. The dynamic pro-
gramming algorithm then calculates the likeliest topology.

SCAMPI [96] is based on the idea to take biological knowledge and trans-
late it into a computational model. It uses a simple HMM with only two op-
timized parameters. The first parameter pKR reflects the Positive-inside rule
and optimizes the probability to find an arginine or lysine at the beginning and
end of an inside-loop. The second parameter ∆Gshi f t is a cut-off at the end of
the helix-section in the model which ensures that only hydrophobic regions of
the sequence will be detected as a helix. Although it is a simple method, it
achieves results similar to those of more complex methods.

Recently, we published an updated version of this tool, SCAMPI2 (Paper
III). This method utilizes the finding that the first and last helices in trans-
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membrane proteins are on average more hydrophobic than non-terminal he-
lices. It improves the separation between TM and globular proteins and shows
improvement when predicting proteins that contain large, non-membrane do-
mains.

OCTOPUS [97] modelled for the first time a variety of regions that do not
completely span the membrane. Taking a sequence as input, it starts with a
PSI-BLAST [57], run to generate a PSSM, and a raw profile which are used
as an input for different neural networks, each of which predicts a preference
score for the regions. By combining these scores, two new files are created.
One file provides for each position in the sequence the inside/outside prefer-
ence and the other the topology type. These files are the input for an HMM
which calculates the likeliest global topology. Shortly after the release of OC-
TOPUS, SPOCTOPUS [98] was released to address a problem in which signal
peptides were predicted in error as TM regions.

In 2009, TOPCONS was introduced. The concept of TOPCONS [99]
slightly differs from the previously described prediction methods. It is a meta
predictor that runs five other predictors, combines their output into a topology
profile, and uses this profile as input for a simple HMM. In essence, it filters
predictions provided by the other methods to gain the likeliest global topology.
A similar approach has been applied in MetaTM [100] and CCTOP [101].

In 2015, we published an updated version of TOPCONS with several new
features (Paper IV). The HMM was extended such that it is now able to sep-
arate between signal peptides and the rest of the protein. Additionally, we
improved the workflow that creates profiles used by four of the predictors.
With this improvement, a larger database can be used and the running time can
still be reduced by 70%. The larger database also has good coverage of non-
TM proteins, what improves their correct prediction, and thus the separation
between globular and TM proteins.
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5. Fast Profile Method

Evolutionary information significantly improves topology predictions [102].
Unfortunately, the search for homologs and alignment creation is a time-consuming
process. With DELTA-BLAST [58], a new approach for a sensitive homolog
search was created. It is more sensitive than PSI-BLAST but does not improve
processing speed because it continues to run PSI-BLAST on a full database.
We found that it uses an interesting concept that could be exploited to improve
the processing speed.

In short, DELTA-BLAST runs the query sequence with RPS-BLAST against
a conserved database to create an alignment of conserved regions which are
later used as inputs for the regular PSI-BLAST step (Figure 5.1 A).

Our paper on TOPCONS2 introduces a method to significantly improve
the time required to create sequence profiles. The workflow is similar to the
one used in DELTA-BLAST (Figure 5.1 B).

First, PfamScan [103] is used to find a list of families similar to the query
sequence. These families are then searched for in a database where all of their
homologous sequences are stored. The newly created database, only contain-
ing relevant sequences, is used as the input for a PSI-BLAST run [57].

The PSI-BLAST run time strongly depends on the database size. By reduc-
ing the size, it is possible to significantly increase the speed of most sequence
queries using this approach. On our webserver, it takes around 35 seconds per
sequence using the fast workflow, compared to around 130 seconds with the
previously employed workflow (Figure 5.2).

Unfortunately, the Pfam database does not completely cover all known
sequences. To compensate for this, the our TOPCONS2 web server currently
uses two options: (1) If Pfam does not find any hits, a similar approach with the
CDD instead of Pfam and HMMscan instead of PfamScan is used; (2) If the
first approach fails to find hits, the original approach is used, running a BLAST
step to create the smaller database. Usage statistics from our webserver show
that around 82% of sequences are processed using the Pfam workflow and
around 10% each using the CDD and Uniref workflow (Figure 5.3).
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Figure 5.1: A) Workflow as implemented by DELTA-BLAST. The query se-
quence is first used to find conserved domains. A PSSM is then created based
on these conserved domains. This PSSM is then taken as input for the PSI-
BLAST search to generate a profile. B) Our new workflow begins in similar
way, searching for Pfam families that are connected to the query sequence. Next,
all sequences connected to family hits are requested from our domain database
to create a database specifically for the query sequence. This database is then
used in PSI-BLAST to create a profile for the query sequence. This workflow
is faster,because it takes less time to create the custom database than to run PSI-
BLAST with a full database.
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Figure 5.2: Average time needed by different workflows to create a profile.
The data collected by our webserver shows that the fast profile method (Pfam
and CDD) takes around 25-30% of the time of a classical approach using a full
database for PSI-BLAST.
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Figure 5.3: Percentage of sequences processed using different workflows. Due
to coverage limitations in Pfam, only 82% of the sequence submitted to our web-
server can benefit from the proposed improvements in processing time.
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6. Summary of Papers

6.1 Why is the biological hydrophobicity scale more ac-
curate than earlier experimental hydrophobicity scales?
(Paper I)

Many hydrophobicity scales have been published over the years. Here, we
evaluated 12 different scales which can be categorized as either experimental,
knowledge, or consensus based.

We used two methods that considered hydrophobicity to predict TMHs
to evaluate their performance for topology prediction. Additionally, correla-
tion between scales was compared. Both topology prediction methods were
retrained for each scale and dataset to achieve the best possible performance.

We found that four scales perform well in topology predictions. Three of
these scales were knowledge based and one was the experimental, biological
hydrophobicity scale. Interestingly, all four also appeared to be similar in our
statistical tests. We were ultimately able to identify amino acids for which
hydrophobicity values seem to correlate well with the performance of the scale.
We could show that better performing scales assign more hydrophobic values
to hydrophobic amino acids and more hydrophilic to asparagine, glutamine
and proline.

In general, the better performing scales appear to measure the probability
of amino acids to be found within a transmembrane helix, instead of just being
found within a hydrophobic environment.

6.2 The positive inside rule is stronger when followed by
a transmembrane helix (Paper II)

While most TMHs are quite hydrophobic, some are surprisingly hydrophilic.
We studied three of these marginally hydrophobic helices that cannot be in-
serted without the following helix according to an earlier study.

Instead of specific interactions, we found that arginines located at the N-
terminal end of the following helix have an impact on the insertion efficiency
of the marginally hydrophobic helix. This can be explained by the positive
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inside rule, which enforces the orientational preference of the next helix. This
in return allows the marginally hydrophobic helix to insert. For two constructs,
adding only arginines is not sufficient, the rest of the following helix is also
necessary. On the computational site, we found not only that the N-terminal
helix is more hydrophobic than the other helices, but also that the C-terminal
helix is on average more hydrophobic than non-terminal helices.

Additionally, we show that our results give no indication for a significantly
different frequency of arginine/lysine around marginally hydrophobic helices
compared to more hydrophobic helices, nor differences that correlate with the
location of the helices.

6.3 Improved topology prediction using the terminal hy-
drophobic helices rule (Paper III)

We followed the original idea of SCAMPI and extended its underlying statis-
tical model by incorporating additional biological knowledge. This improved
the topology prediction results for both SCAMPI-msa and SCAMPI-single.

It is known that the first helix in proteins is more hydrophobic than the
following helices [42]. In our paper on marginally hydrophobic helices (Paper
II), we show that the last helix is also more hydrophobic than non-terminal
helices.

Instead of optimizing one cut-off for all helices, we optimized three dif-
ferent cut-offs: ∆Gfirst, ∆Gmiddle, ∆Glast. This allowed us to introduce a
stricter cut-off for the first and last helix which reduced over-prediction in non-
TM proteins significantly and made the previously used filter redundant. Both
cut-offs also help in reducing over-prediction in long N- and C-terminal loops.

6.4 The TOPCONS web server for consensus prediction
of membrane protein topology and signal peptides (Pa-
per IV)

Here, we improved, TOPCONS, our topology prediction method for α-helical
TMPs, which is a meta predictor that uses the output of several topology pre-
diction methods as input.

This new version uses a new combination of input predictors. Four of them
base their predictions on multi-sequence alignments (SCAMPI, OCTOPUS,
SPOCTOPUS and PolyPhobius) and one on single-sequences (Philius). The
input profile for multi-sequence methods is created once and then all four can
run in parallel. When all five methods are finished processing predictions, the
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resulting topologies are combined in a PSSM which provides the probability
of either a helix, signal peptide, inside-loop, or outside-loop for every position
in the sequence. The PSSM is then used as the input for an HMM to predict
the final topology.

Since three out of our five input predictors allow the prediction of signal
peptides, we also extended our HMM to allow for their detection. This reduces
the risk of over-predicting a helix in the signal peptide region and provides
additional information about the orientation of a protein in the membrane.

Another major improvement is our new method that generates multi-sequence
profiles faster than before (Chapter 5). It allows to employ a larger database to
find homologous proteins, in turn increasing accuracy significantly.

Finally, the website is user-friendly and allows for the prediction of full
proteomes.
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Sammanfattning

Membranproteiner uppfyller olika uppgifter i celler, såsom signalering, cell-
cellkontakt och transport av molekyler. Det gör dem till ett viktigt mål för
läkemedel.

Att kristallisera membranproteiner för att bestämma deras tredimensionel-
la struktur är svårt, tidskrävande och relativt dyrt. På grund av sjunkande pris
för sekvensering, ökar antalet kända sekvenser i snabb takt. Manuell annote-
ring kan inte hålla jämna steg med denna utveckling. Även beräkningskraften
hos datorer ökar i långsammare takt än mängden data i sekvensdatabaser.

Den viktigaste faktorn för hur transmembranhelixar (TMH) insätts i mem-
bran är deras hydrofobicitet. I den första artikeln har vi studerat skillnader
mellan flera skalor för hydrofobicitet och utvärderat deras prestanda. Trots att
skalorna är snarlika har vi visat att deras förmåga att predicera membranpro-
teintopologi skiljer sig markant.

Omkring 20% av transmembranhelixar är alltför hydrofila för att deras in-
sättningsförmåga ska kunna förklaras enbart med deras hydrofobicitet. Dessa
kallas för marginellt hydrofoba helixar (mTMH). I den andra artikeln stude-
rade vi tre av dem experimentellt och utförde en analys av membranproteiner.
Analysen visar att det inte endast är N-terminala helixar som är mer hydrofoba
än övriga utan även de som finns C-terminalt. Antagandet om att mTMHs har
mer positiva laddningar på insidan av membranet som driver deras insättning
kunde inte styrkas.

I artikel III användes resultatet från den andra artikeln för att förbättra to-
pologipredicering. Genom att utvidga vår dolda Markov-modell med tillstånd
för en N- och C-terminala helixar, kan vi fastställa ett mer strikt tröskelvär-
de för dem. Detta förbättrar den allmänna prediceringsförmågan, särskilt för
felaktig predicering av stora terminala domäner, samt förbättrar separationen
mellan TM och icke-TM-proteiner.

Slutligen har vi lagt till flera nya funktioner i vår topologikonsensuspredik-
tor TOPCONS. Till dess dolda Markov-modell har vi har lagt till tillstånd för
detektering av signalpeptider och därmed minskat överpredicering av TMH:ar.
Med hjälp av en nyutvecklad metod för generering av profilfiler var det möjligt
att samtdigt öka databasens storlek, som används att hitta homologa proteiner,
och ändå minska körtiden med 75%.





Acknowledgements

As for most Ph.D. students it was long way with lots of ups and downs. Luckily
it is not a one-person show, which makes the ups more fun and the downs less
discouraging.

First of all I want to thank my supervisor Arne for giving me the chance to
work in his group and for his support over the years.

One of the first things I remember after joining the group was Marcin
telling me he won’t memorize my name until I am a fully accepted Ph.D.
student. Luckily this happened eventually. The great thing about Marcin is
that you can ask him basically whatever question that comes to your mind and
he will answer it in detail. He is definitely one of the persons that is deeply
devoted to science.

When the first batch from our group moved to the ScifiLab I switched the
room and joined Sikander and Patrik. I had no idea what I did. Definitely
one of the most fun times, but it also changed things. Thanks for all the great
discussions.

Over the years Sikander spent a good time answering my β -barrel and
"science" related questions. Besides spending our time together in- and out-
side the office, we went for several trips and conferences. Especially the first
conference in Vienna was great fun and full of memories. Living in Uppsala,
Patrik unfortunately missed a lot of our after work fun, but the good thing was
that we could visit him to watch Uppsala’s Valborg celebrations.

When Sikander left, Anirudh was already around, ready to take over. Ba-
sically spending every coffee break discussing more or less important things,
only interrupted when he had to go to India to bring delicious food to Swe-
den. Thank you for being both colleague and friend and special thanks to your
grandma!

Mirco started roughly the time Sikander left and joined me as desk-neighbour.
Even though he was the new guy, I was the one asking most questions. Sorry
for all the interruptions, when I had "really" urgent questions. Thank you for
all the help, fun times (at and after work) and of course our time at the öppna
förskola.

Luckily Walter and I managed to avoid a longer Minecraft addiction, else
this thesis might have never been written. Our Metal-Cruise was definitely one
of the highlights. Thank you for all the parenting advice and fun time!



Like Marcin, Per is also a person that collects information and knowledge
in an impressive way and can comment on whatever topic you are dropping on
him. It was great to prepare for the big oral exam together, specially since it
lead to collaboration on several projects. Additionally he deserves thanks for
serving as our groups Swedish-English translator and explainer of the Swedish
culture. Thank you for all the help and discussions!

Kostas, I just realized we never went to a conference together, which is
a pity considering all the great stories people tell after visiting one with you.
When I joined the group, it felt like everybody was working on membrane
proteins, now it seems we both are the last ones. Having you around makes
boring discussions impossible.

Axel, my former master student and now also aiming for a Ph.D., and
another expert of the Swedish culture. Thanks for endless discussions both
during and after work!

Minttu, thank you for sharing both knowledge and sympathy during the
writing of papers.

Thanks to Sara Light and Jens Carlsson for sharing valuable information
about being a Ph.D. student and the time after finishing the Ph.D.

A big thank you to all my co-authors, specially Minttu, Kostas and Nan-
jiang. It was fun learning from and with you.

Anirudh, Axel, Marco, Mirco, Per, Walter for many Friday afterwork beers
with interesting discussion that luckily nobody recorded...

Thanks to all current (David, Karolis, Kostas, Marco, Mirco, Oxana, Per,
Rafael, Sara, Sudha, Walter) and former (Alba, Alok, Aron, Daniel, Gabriela,
Jan, Linnea, Marcin, Maria, Minttu, Nanjiang, Narges, Patrik, Rauan, Sikan-
der, Stefano) people in the Elofsson group (or somehow connected to it) for
being great colleagues.

I also want to take the opportunity to thank my former supervisor Klaus
Brinker for all the support even long after I finished my thesis at OSIS.

Eternal gratitude to Dortje and Thade, for endless support and making life
so meaningful independent of work.

Almost certainly I missed to thank some people. Thank you!



References

[1] G.E. MOORE. Cramming More Components Onto Integrated Circuits. Proceedings of the IEEE
- Reprint from 1965, 86(1):82–85, 1998. 13

[2] M. MITCHELL WALDROP. The chips are down for Moore’s law. Nature, 530(7589):144–147,
2016. 13

[3] C. GAWAD, W. KOH, AND S. R. QUAKE. Single-cell genome sequencing: current state of the
science. Nature Reviews Genetics, 17(3):175–188, 2016. 13

[4] J. DAVEY. G-Protein-Coupled Receptors: New Approaches to Maximise the Impact of GPCRs
in Drug Discovery. Expert Opinion on Therapeutic Targets, 8(2):165–170, 2004. 14

[5] M. A YILDIRIM, K. GOH, M. E CUSICK, A.-L. BARABÁSI, AND M. VIDAL. Drug—target
network. National Biotechnology, 25(10):1119–1126, 2007.

[6] T. M. BAKHEET AND A. J. DOIG. Properties and identification of human protein drug targets.
Bioinformatics, 25(4):451–457, 2009. 14

[7] T. HESSA, H. KIM, K. BIHLMAIER, C. LUNDIN, J. BOEKEL, H. ANDERSSON, I. NILSSON,
S. H. WHITE, AND G. VON HEIJNE. Recognition of transmembrane helices by the endoplasmic
reticulum translocon. Nature, 433(7024):377–381, 2005. 14, 21, 34

[8] A. S. YANG AND B. HONIG. Free energy determinants of secondary structure formation: I.
alpha-Helices. Journal of Molecular Biology, 252(3):351–365, 1995. 18

[9] D. N. ERMOLENKO, J. M. RICHARDSON, AND G. I. MAKHATADZE. Noncharged amino acid
residues at the solvent-exposed positions in the middle and at the C terminus of the α-helix
have the same helical propensity. Protein Science, 12(6):1169–1176, 2003. 18

[10] A. KESSEL AND N. BEN-TAL. Introduction to Proteins. Book, CRC Press, 2011. 18, 22, 24

[11] R. ZWANZIG, A. SZABO, AND B. BAGCHI. Levinthal’s paradox. Proceedings of the National
Academy of Sciences of the United States of America, 89(1):20–22, 1992. 18

[12] S. TAN, H. TONG TAN, AND M. C. M. CHUNG. Membrane proteins and membrane proteomics.
Proteomics, 8(19):3924–3932, 2008. 19

[13] S. J. SINGER AND G. L. NICOLSON. The Fluid Mosaic Model of the Structure of Cell Mem-
branes. Science, 175(4023):720–731, 1972. 19

[14] R. LINDNER AND H. Y. NAIM. Domains in biological membranes. Experimental Cell Research,
315(17):2871–2878, 2009. 19

[15] G. L. NICOLSON. The Fluid—Mosaic Model of Membrane Structure: Still relevant to un-
derstanding the structure, function and dynamics of biological membranes after more than
40years. Biochimica et Biophysica Acta, 1838(6):1451–1466, 2014. 19

http://dx.doi.org/10.1109/jproc.1998.658762
http://dx.doi.org/10.1038/530144a
http://dx.doi.org/10.1038/nrg.2015.16
http://dx.doi.org/10.1038/nrg.2015.16
http://dx.doi.org/10.1517/14728222.8.2.165
http://dx.doi.org/10.1517/14728222.8.2.165
http://dx.doi.org/10.1038/nbt1338
http://dx.doi.org/10.1038/nbt1338
http://dx.doi.org/10.1093/bioinformatics/btp002
http://dx.doi.org/10.1002/pmic.200800597
http://dx.doi.org/10.1126/science.175.4023.720
http://dx.doi.org/10.1126/science.175.4023.720
http://dx.doi.org/10.1016/j.yexcr.2009.07.020
http://dx.doi.org/10.1016/j.bbamem.2013.10.019
http://dx.doi.org/10.1016/j.bbamem.2013.10.019
http://dx.doi.org/10.1016/j.bbamem.2013.10.019


[16] J. LI, X. WANG, T. ZHANG, C. WANG, Z. HUANG, X. LUO, AND Y. DENG. A review on phos-
pholipids and their main applications in drug delivery systems. Asian Journal of Pharmaceutical
Sciences, 10(2):81–98, 2015. 19

[17] E. WALLIN AND VON G. VON HEIJNE. Genome-wide analysis of integral membrane proteins
from eubacterial, archaean, and eukaryotic organisms. Protein Science, 7(4):1029–1038, 1998.
20

[18] A. KROGH, B. LARSSON, G. VON HEIJNE, AND E. L. L. SONNHAMMER. Predicting trans-
membrane protein topology with a hidden markov model: application to complete genomes.
Journal of Molecular Biology, 305(3):567–580, 2001. 20

[19] G. VON HEIJNE. The membrane protein universe: what is out there and why bother? Journal
of Internal Medicine, 261(6):543–557, 2007. 20

[20] Y. ARINAMINPATHY, E. KHURANA, D. M. ENGELMAN, AND M. B. GERSTEIN. Computational
analysis of membrane proteins: the largest class of drug targets. Drug Discovery today, 14(23-
24):1130–1135, 2009. 20

[21] H. M. BERMAN. The Protein Data Bank. Nucleic Acids Research, 28(1):235–242, 2000. 20, 25

[22] G. E. TUSNADY. PDB_TM: selection and membrane localization of transmembrane proteins
in the protein data bank. Nucleic Acids Research, 33(Database issue):D275–D278, 2004. 20, 25

[23] T. A. RAPOPORT, V. GODER, S. U. HEINRICH, AND K. E.S. MATLACK. Membrane-protein
integration and the role of the translocation channel. Trends in Cell Biology, 14(10):568–575,
2004. 20

[24] S. U. HEINRICH, M. WALTHER, J. BRUNNER, AND T. A. RAPOPORT. The Sec61p Complex
Mediates the Integration of a membrane protein by allowing Lipid Partitioning of the Trans-
membrane Domain. Cell, 102(2):233–244, 2000. 20

[25] A. ELOFSSON AND G. VON HEIJNE. Membrane Protein Structure: Prediction versus Reality.
Annual Review Biochemistry, 76(1):125–140, 2007. 21

[26] T. HESSA, N. M. MEINDL-BEINKER, A. BERNSEL, H. KIM, Y.SATO, M. LERCH-BADER,
I. NILSSON, S. H. WHITE, AND G. VON HEIJNE. Molecular code for transmembrane-helix
recognition by the Sec61 translocon. Nature, 450(7172):1026–1030, 2007.

[27] C. LUNDIN, H. KIM, I. NILSSON, S. H. WHITE, AND G. VON HEIJNE. Molecular code for
protein insertion in the endoplasmic reticulum membrane is similar for Nin-Cout and Nout-
Cin transmembrane helices. Proceedings of the National Academy of Sciences, 105(41):15702–
15707, 2008. 21

[28] J. U. BOWIE. Solving the membrane protein folding problem. Nature, 438(7068):581–589, 2005.
21

[29] S. H. WHITE AND G. VON HEIJNE. How translocons select transmembrane helices. Annual
Review of Biophysics, 37(1):23–42, 2008. 21

[30] T. A. RAPOPORT. Protein translocation across the eukaryotic endoplasmic reticulum and bac-
terial plasma membranes. Nature, 450(7170):663–669, 2007. 21

[31] A. KAUKO, L. E. HEDIN, E. THEBAUD, S. CRISTOBAL, A. ELOFSSON, AND G. VON HEIJNE.
Repositioning of Transmembrane α-Helices during Membrane Protein Folding. Journal of
Molecular Biology, 397(1):190–201, 2010. 21

[32] M. VIRKKI, C. BOEKEL, K. ILLERGÅRD, C. PETERS, N. SHU, K. D. TSIRIGOS, A. ELOFSSON,
G. V. HEIJNE, AND I. NILSSON. Large Tilts in Transmembrane Helices Can Be Induced during
Tertiary Structure Formation. Journal of Molecular Biology, 426(13):2529–2538, 2014. 21

http://dx.doi.org/10.1016/j.ajps.2014.09.004
http://dx.doi.org/10.1016/j.ajps.2014.09.004
http://dx.doi.org/10.1006/jmbi.2000.4315
http://dx.doi.org/10.1006/jmbi.2000.4315
http://dx.doi.org/10.1111/j.1365-2796.2007.01792.x
http://dx.doi.org/10.1093/nar/28.1.235
http://dx.doi.org/10.1093/nar/gki002
http://dx.doi.org/10.1093/nar/gki002
http://dx.doi.org/10.1016/j.tcb.2004.09.002
http://dx.doi.org/10.1016/j.tcb.2004.09.002
http://dx.doi.org/10.1146/annurev.biochem.76.052705.163539
http://dx.doi.org/10.1073/pnas.0804842105
http://dx.doi.org/10.1073/pnas.0804842105
http://dx.doi.org/10.1073/pnas.0804842105
http://dx.doi.org/10.1038/nature06384
http://dx.doi.org/10.1038/nature06384
http://dx.doi.org/10.1016/j.jmb.2010.01.042
http://dx.doi.org/10.1016/j.jmb.2014.04.020
http://dx.doi.org/10.1016/j.jmb.2014.04.020


[33] O. SCHMIDT, N. PFANNER, AND C. MEISINGER. Mitochondrial protein import: from pro-
teomics to functional mechanisms. Nature Reviews Molecular Cell Biology, 11(9):655–667, 2010.
21

[34] S. A. PASCHEN, W. NEUPERT, AND D. RAPAPORT. Biogenesis of beta-barrel membrane pro-
teins of mitochondria. Trends in Biochemical Sciences, 30(10):575–582, 2005. 22

[35] S. H. WHITE AND W. C. WIMLEY. Membrane Protein Folding and Stability: Physical Princi-
ples. Annual Review of Biophysics and Biomolecular Structure, 28(1):319–365, 1999. 22

[36] M. LERCH-BADER, C. LUNDIN, H. KIM, I. NILSSON, AND G. VON HEIJNE. Contribution of
positively charged flanking residues to the insertion of transmembrane helices into the endo-
plasmic reticulum. Proceedings of the National Academy of Sciences, 105(11):4127–4132, 2008.
22, 34

[37] K. ÖJEMALM, K. K. HALLING, I. NILSSON, AND G. VON HEIJNE. Orientational Preferences of
Neighboring Helices Can Drive ER Insertion of a Marginally Hydrophobic Transmembrane
Helix. Molecular Cell, 45(4):529–540, 2012. 22, 23

[38] E. GRANSETH, G. VON HEIJNE, AND A. ELOFSSON. A Study of the Membrane–Water Inter-
face Region of Membrane Proteins. Journal of Molecular Biology, 346(1):377–385, 2005. 22

[39] J. A. KILLIAN AND G. VON HEIJNE. How proteins adapt to a membrane–water interface.
Trends in Biochemical Sciences, 25(9):429–434, 2000. 23

[40] F. S. CORDES, J. N. BRIGHT, AND M. S. P. SANSOM. Proline-induced Distortions of Trans-
membrane Helices. Journal of Molecular Biology, 323(5):951–960, 2002. 23

[41] W. P. RUSS AND D. M. ENGELMAN. The GxxxG motif: A framework for transmembrane
helix-helix association. Journal of Molecular Biology, 296(3):911–919, 2000. 23

[42] L. E. HEDIN, K. OJEMALM, A.BERNSEL, A. HENNERDAL, K. ILLERGÅRD, K. ENQUIST,
A. KAUKO, S. CRISTOBAL, G. VON HEIJNE, M. LERCH-BADER, I. NILSSON, AND A. ELOF-
SSON. Membrane insertion of marginally hydrophobic transmembrane helices depends on
sequence context. Journal of Molecular Biology, 396(1):221–229, 2010. 23, 44

[43] G. E. SCHULZ. The structure of bacterial outer membrane proteins. Biochimica et Biophysica
Acta, 1565(2):308–317, 2002. 23

[44] R. UJWAL, D. CASCIO, J.-P. COLLETIER, S. FAHAM, J. ZHANG, L. TORO, P. PING, AND
J. ABRAMSON. The crystal structure of mouse VDAC1 at 2.3 A resolution reveals mechanistic
insights into metabolite gating. Proceedings of the National Academy of Sciences, 105(46):17742–
17747, 2008. 24

[45] M. MAGRANE AND U. CONSORTIUM. UniProt Knowledgebase: a hub of integrated protein
data. Database, 2011(0):bar009–bar009, 2011. 25

[46] M. A. LOMIZE, A. L. LOMIZE, I. D. POGOZHEVA, AND H. I. MOSBERG. OPM: Orientations
of Proteins in Membranes database. Bioinformatics, 22(5):623–625, 2006. 25

[47] G. E. TUSNADY, Z. DOSZTANYI, AND I. SIMON. Transmembrane proteins in the Protein Data
Bank: identification and classification. Bioinformatics, 20(17):2964–2972, 2004. 25

[48] D. KOZMA, I. SIMON, AND G. E. TUSNADY. PDBTM: Protein Data Bank of transmembrane
proteins after 8 years. Nucleic Acids Research, 41(D1):D524–D529, 2012. 25

http://dx.doi.org/10.1016/j.tibs.2005.08.009
http://dx.doi.org/10.1016/j.tibs.2005.08.009
http://dx.doi.org/10.1146/annurev.biophys.28.1.319
http://dx.doi.org/10.1146/annurev.biophys.28.1.319
http://dx.doi.org/10.1073/pnas.0711580105
http://dx.doi.org/10.1073/pnas.0711580105
http://dx.doi.org/10.1073/pnas.0711580105
http://dx.doi.org/10.1016/j.molcel.2011.12.024
http://dx.doi.org/10.1016/j.molcel.2011.12.024
http://dx.doi.org/10.1016/j.molcel.2011.12.024
http://dx.doi.org/10.1016/j.jmb.2004.11.036
http://dx.doi.org/10.1016/j.jmb.2004.11.036
http://dx.doi.org/10.1016/S0968-0004(00)01626-1
http://dx.doi.org/10.1016/S0005-2736(02)00577-1
http://dx.doi.org/10.1073/pnas.0809634105
http://dx.doi.org/10.1073/pnas.0809634105
http://dx.doi.org/10.1093/database/bar009
http://dx.doi.org/10.1093/database/bar009
http://dx.doi.org/10.1093/bioinformatics/btk023
http://dx.doi.org/10.1093/bioinformatics/btk023
http://dx.doi.org/10.1093/bioinformatics/bth340
http://dx.doi.org/10.1093/bioinformatics/bth340
http://dx.doi.org/10.1093/nar/gks1169
http://dx.doi.org/10.1093/nar/gks1169


[49] A. MARCHLER-BAUER, S. LU, J. B. ANDERSON, F. CHITSAZ, M. K. DERBYSHIRE,
C. DEWEESE-SCOTT, J. H. FONG, L. Y. GEER, R. C. GEER, N. R. GONZALES, M. GWADZ,
D. I. HURWITZ, J. D. JACKSON, Z. KE, C. J. LANCZYCKI, F. LU, G. H. MARCHLER, M. MUL-
LOKANDOV, M. V. OMELCHENKO, C. L. ROBERTSON, J. S. SONG, N. THANKI, R. A. YA-
MASHITA, D. ZHANG, N. ZHANG, C. ZHENG, AND S. H. BRYANT. CDD: a Conserved Domain
Database for the functional annotation of proteins. Nucleic Acids Research, 39(Database):D225–
D229, 2010. 25, 28

[50] R. D. FINN, P. COGGILL, R. Y. EBERHARDT, S. R. EDDY, J. MISTRY, A. L. MITCHELL, S. C.
POTTER, M. PUNTA, M. QURESHI, A. SANGRADOR-VEGAS, G. A. SALAZAR, J. TATE, AND
A. BATEMAN. The Pfam protein families database: towards a more sustainable future. Nucleic
Acids Research, 44(D1):D279–D285, 2015. 25

[51] S. B. NEEDLEMAN AND C. D. WUNSCH. A general method applicable to the search for sim-
ilarities in the amino acid sequence of two proteins. Journal of Molecular Biology, 48(3):443 –
453, 1970. 26, 27

[52] T. F. SMITH AND M. S. WATERMAN. Identification of common molecular subsequences. Jour-
nal of Molecular Biology, 147(1):195 – 197, 1981. 26

[53] A. VITERBI. Error bounds for convolutional codes and an asymptotically optimum decoding
algorithm. IEEE Trans. Inform. Theory, 13(2):260–269, 1967. 26, 30

[54] G.D. FORNEY. The viterbi algorithm. Proceedings of the IEEE, 61(3):268–278, 1973. 26

[55] S. F. ALTSCHUL, W. GISH, W. MILLER, E. W. MYERS, AND D. J. LIPMAN. Basic local align-
ment search tool. Journal of Molecular Biology, 215(3):403–410, 1990. 27

[56] W. R. PEARSON AND D. J. LIPMAN. Improved tools for biological sequence comparison. Pro-
ceedings of the National Academy of Sciences, 85(8):2444–2448, 1988. 27

[57] S. ALTSCHUL. Gapped BLAST and PSI-BLAST: a new generation of protein database search
programs. Nucleic Acids Research, 25(17):3389–3402, 1997. 27, 37, 39

[58] G. M. BORATYN, A. A. SCHÄFFER, R. AGARWALA, S. F. ALTSCHUL, D. J. LIPMAN, AND T. L.
MADDEN. Domain enhanced lookup time accelerated BLAST. Biology Direct, 7(1):12, 2012.
27, 28, 39

[59] A. KROGH. What are artificial neural networks? Nature Biotechnology, 26(2):195–197, 2008.
28

[60] C. CORTES AND V. VAPNIK. Support-vector networks. Machine learning, 20(3):273–297, 1995.
28

[61] B. SCHÖLKOPF, C. BURGES, AND A. SMOLA (ED.). T. Joachims, Making large-Scale SVM
Learning Practical. Advances in Kernel Methods - Support Vector Learning. MIT-Press, 1999.
28

[62] L. R. RABINER AND B. JUANG. An introduction to hidden Markov models. IEEE ASSP Maga-
zine, 3(1):4–16, 1986. 30

[63] L. R. RABINER. A tutorial on hidden Markov models and selected applications in speech
recognition. Proceedings of the IEEE, 77(2):257–286, 1989. 30

[64] G. VON HEIJNE. The distribution of positively charged residues in bacterial inner membrane
proteins correlates with the trans-membrane topology. The EMBO Journal, 5(11):3021–3027,
1986. 33, 35

[65] G. VON HEIJNE. Membrane protein structure prediction. Journal of Molecular Biology,
225(2):487–494, 1992. 33, 35

http://dx.doi.org/10.1093/nar/gkq1189
http://dx.doi.org/10.1093/nar/gkq1189
http://dx.doi.org/10.1093/nar/gkv1344
http://www.sciencedirect.com/science/article/pii/0022283670900574
http://www.sciencedirect.com/science/article/pii/0022283670900574
http://www.sciencedirect.com/science/article/pii/0022283681900875
http://dx.doi.org/10.1109/TIT.1967.1054010
http://dx.doi.org/10.1109/TIT.1967.1054010
http://dx.doi.org/10.1109/PROC.1973.9030
http://dx.doi.org/10.1016/S0022-2836(05)80360-2
http://dx.doi.org/10.1016/S0022-2836(05)80360-2
http://dx.doi.org/10.1073/pnas.85.8.2444
http://dx.doi.org/10.1093/nar/25.17.3389
http://dx.doi.org/10.1093/nar/25.17.3389
http://dx.doi.org/10.1186/1745-6150-7-12
http://dx.doi.org/10.1038/nbt1386
http://dx.doi.org/10.1109/MASSP.1986.1165342
http://dx.doi.org/10.1109/5.18626
http://dx.doi.org/10.1109/5.18626
http://dx.doi.org/10.1016/0022-2836(92)90934-C


[66] D. M. LAO, M. ARAI, M. IKEDA, AND T. SHIMIZU. The presence of signal peptide significantly
affects transmembrane topology prediction. Bioinformatics, 18(12):1562–1566, 2002. 33

[67] J. D. BENDTSEN, H. NIELSEN, G. VON HEIJNE, AND S. BRUNAK. Improved prediction of
signal peptides: SignalP 3.0. Journal of Molecular Biology, 340(4):783–795, 2004. 33

[68] P. G. BAGOS, T. D. LIAKOPOULOS, I. C. SPYROPOULOS, AND S. J. HAMODRAKAS. PRED-
TMBB: a web server for predicting the topology of β -barrel outer membrane proteins. Nucleic
Acids Research, 32(Web Server):400–404, 2004. 33

[69] K. J. PARK, M. M. GROMIHA, P. HORTON, AND M. SUWA. Discrimination of outer membrane
proteins using support vector machines. Bioinformatics, 21(23):4223–4229, 2005. 33

[70] A. RANDALL, J. CHENG, M. SWEREDOSKI, AND P. BALDI. TMBpro: secondary structure,
beta-contact and tertiary structure prediction of transmembrane beta-barrel proteins. Bioin-
formatics, 24(4):513–520, 2008. 33

[71] J. KOEHLER, N. WOETZEL, AND R. STARITZBICHLER. A unified hydrophobicity scale for
multispan membrane proteins. Proteins: Structure, Function, and Bioinformatics, 76(1):13–29,
2009. 33, 34

[72] C. P. MOON AND K. G. FLEMING. Side-chain hydrophobicity scale derived from transmem-
brane protein folding into lipid bilayers. Proceedings of the National Academy of Sciences of the
United States of America, 108(25):10174–10177, 2011. 33, 34

[73] J. JANIN. Surface and inside volumes in globular proteins. Nature, 277(5696):491–492, 1979.
34

[74] M. PUNTA AND A. MARITAN. A knowledge-based scale for amino acid membrane propensity.
Proteins, 50(1):114–121, 2003.

[75] T. BEUMING AND H. WEINSTEIN. A knowledge-based scale for the analysis and prediction
of buried and exposed faces of transmembrane domain proteins. Bioinformatics, 20(12):1822–
1835, 2004.

[76] A. SENES, D. C. CHADI, P. B. LAW, R. F. S. WALTERS, V. NANDA, AND W. F. DEGRADO. E(z),
a depth-dependent potential for assessing the energies of insertion of amino acid side-chains
into membranes: derivation and applications to determining the orientation of transmem-
brane and interfacial helices. Journal of Molecular Biology, 366(2):436–448, 2007. 34

[77] T. HOPP AND K. R. WOODS. Prediction of protein antigenic determinants from amino acid
sequences. Proceedings of the National Academy of Sciences of the United States of America,
78(6):3824–3828, 1981. 34

[78] D. ENGELMAN AND T. STEITZ. Identifying nonpolar transbilayer helices in amino acid
sequences of membrane proteins. Annual Review of Biophysics and Biophysical Chemistry,
15(1):321–353, 1986. 34

[79] W. C. WIMLEY AND S. H. WHITE. Experimentally determined hydrophobicity scale for pro-
teins at membrane interfaces. Nature Structural Biology, 3(10):842–848, 1996. 34

[80] D. EISENBERG, R. M. WEISS, T. C. TERWILLIGER, AND W. WILCOX. Hydrophobic moments
and protein structure. Faraday Symposia of the Chemical Society, 17(0):109–120, 1982. 34

[81] J. KYTE AND R. F. DOOLITTLE. A simple method for displaying the hydropathic character of
a protein. Journal of Molecular Biology, 157(1):105–132, 1982. 34

[82] H. GUY. Amino acid side-chain partition energies and distribution of residues in soluble pro-
teins. Biophysical Journal, 47(1):61–70, 1985. 34



[83] S. SEPPALA, J. S. SLUSKY, P. LLORIS-GARCERA, M. RAPP, AND G. VON HEIJNE. Control of
Membrane Protein Topology by a Single C-Terminal Residue. Science, 328(5986):1698–1700,
2010. 34

[84] A. ELAZAR, J. WEINSTEIN, I. BIRAN, Y. FRIDMAN, E. BIBI, AND S. J. FLEISHMAN. Muta-
tional scanning reveals the determinants of protein insertion and association energetics in the
plasma membrane. eLife, 5, 2016. 34

[85] J. KYTE AND R. F. DOOLITTLE. A simple method for displaying the hydropathic character of
a protein. Journal of Molecular Biology, 157(1):105–132, 1982. 35

[86] D. T. JONES, W. R. TAYLOR, AND J. M. THORNTON. A Model Recognition Approach
to the Prediction of All-Helical Membrane Protein Structure and Topology. Biochemistry,
33(10):3038–3049, 1994. 35, 36

[87] B. ROST, C. SANDER, R. CASADIO, AND P. FARISELLI. Transmembrane helices predicted at
95% accuracy. Protein Science, 4(3):521–533, 1995. 35

[88] B. ROST, P. FARISELLI, AND R. CASADIO. Topology prediction for helical transmembrane
proteins at 86% accuracy-Topology prediction at 86% accuracy. Protein Science, 5(8):1704–
1718, 1996. 35

[89] A. KROGH E. SONNHAMMER, G. VON HEIJNE. A hidden Markov model for predicting trans-
membrane helices in protein sequences. Proceedings International Conference on Intelligent Sys-
tems for Molecular Biology, 6:175–182, 1998. 36

[90] G. E. TUSNÁDY AND I. SIMON. Principles governing amino acid composition of integral mem-
brane proteins: application to topology prediction. Journal of Molecular Biology, 283(2):489–
506, 1998. 36

[91] L. KÄLL, A. KROGH, AND E. L. L. SONNHAMMER. A Combined Transmembrane Topology
and Signal Peptide Prediction Method. Journal of Molecular Biology, 338(5):1027–1036, 2004.
36

[92] L. KALL, A. KROGH, AND E. L. L. SONNHAMMER. An HMM posterior decoder for sequence
feature prediction that includes homology information. Bioinformatics, 21(Suppl 1):i251–i257,
2005. 36

[93] S. M. REYNOLDS, L. KÄLL, M. E. RIFFLE, J. A. BILMES, AND W. S. NOBLE. Transmembrane
Topology and Signal Peptide Prediction Using Dynamic Bayesian Networks. PLoS Computa-
tional Biology, 4(11):e1000213, 2008. 36

[94] D. T. JONES. Improving the accuracy of transmembrane protein topology prediction using
evolutionary information. Bioinformatics, 23(5):538–544, 2007. 36

[95] L. J. MCGUFFIN, K. BRYSON, AND D. T. JONES. The PSIPRED protein structure prediction
server. Bioinformatics, 16(4):404–405, 2000. 36

[96] A. BERNSEL, H. VIKLUND, J. FALK, E. LINDAHL, G. VON HEIJNE, AND A. ELOFSSON. Predic-
tion of membrane-protein topology from first principles. Proceedings of the National Academy
of Sciences of the United States of America, 105(20):7177–7181, 2008. 36

[97] H. VIKLUND AND A. ELOFSSON. OCTOPUS: improving topology prediction by two-
track ANN-based preference scores and an extended topological grammar. Bioinformatics,
24(15):1662–1668, 2008. 37

[98] H. VIKLUND, A. BERNSEL, M. SKWARK, AND A. ELOFSSON. SPOCTOPUS: a combined
predictor of signal peptides and membrane protein topology. Bioinformatics, 24(24):2928–2929,
2008. 37

http://dx.doi.org/10.1126/science.1188950
http://dx.doi.org/10.1126/science.1188950
http://dx.doi.org/10.7554/eLife.12125
http://dx.doi.org/10.7554/eLife.12125
http://dx.doi.org/10.7554/eLife.12125
http://dx.doi.org/10.1016/0022-2836(82)90515-0
http://dx.doi.org/10.1016/0022-2836(82)90515-0
http://dx.doi.org/10.1021/bi00176a037
http://dx.doi.org/10.1021/bi00176a037
http://dx.doi.org/10.1002/pro.5560040318
http://dx.doi.org/10.1002/pro.5560040318
http://dx.doi.org/10.1002/pro.5560050824
http://dx.doi.org/10.1002/pro.5560050824
http://dx.doi.org/10.1006/jmbi.1998.2107
http://dx.doi.org/10.1006/jmbi.1998.2107
http://dx.doi.org/10.1016/j.jmb.2004.03.016
http://dx.doi.org/10.1016/j.jmb.2004.03.016
http://dx.doi.org/10.1093/bioinformatics/bti1014
http://dx.doi.org/10.1093/bioinformatics/bti1014
http://dx.doi.org/10.1371/journal.pcbi.1000213
http://dx.doi.org/10.1371/journal.pcbi.1000213
http://dx.doi.org/10.1093/bioinformatics/btl677
http://dx.doi.org/10.1093/bioinformatics/btl677
http://dx.doi.org/10.1093/bioinformatics/16.4.404
http://dx.doi.org/10.1093/bioinformatics/16.4.404
http://dx.doi.org/10.1093/bioinformatics/btn221
http://dx.doi.org/10.1093/bioinformatics/btn221
http://dx.doi.org/10.1093/bioinformatics/btn550
http://dx.doi.org/10.1093/bioinformatics/btn550


[99] A. BERNSEL, H. VIKLUND, A. HENNERDAL, AND A. ELOFSSON. TOPCONS: consensus pre-
diction of membrane protein topology. Nucleic Acids Research, 37(Web Server):W465–W468,
2009. 37

[100] M. KLAMMER, D. N. MESSINA, T. SCHMITT, AND E. L. L. SONNHAMMER. MetaTM - a con-
sensus method for transmembrane protein topology prediction. BMC Bioinformatics, 10(1):314,
2009. 37

[101] L. DOBSON, I. REMÉNYI, AND G. E. TUSNÁDY. CCTOP: a Consensus Constrained TOPology
prediction web server. Nucleic Acids Research, 43(W1):W408–W412, 2015. 37

[102] K. D. TSIRIGOS, A. HENNERDAL, L. KÄLL, AND A. ELOFSSON. A guideline to proteome-wide
α-helical membrane protein topology predictions. Proteomics, 12(14):2282–2294, 2012. 39

[103] R. D. FINN, A. BATEMAN, J. CLEMENTS, P. COGGILL, R. Y. EBERHARDT, S. R. EDDY,
A. HEGER, K. HETHERINGTON, L. HOLM, J. MISTRY, E. L. L. SONNHAMMER, J. TATE, AND
M. PUNTA. Pfam: the protein families database. Nucleic Acids Research, 42(D1):D222–D230,
2013. 39

http://dx.doi.org/10.1093/nar/gkp363
http://dx.doi.org/10.1093/nar/gkp363
http://dx.doi.org/10.1186/1471-2105-10-314
http://dx.doi.org/10.1186/1471-2105-10-314
http://dx.doi.org/10.1093/nar/gkv451
http://dx.doi.org/10.1093/nar/gkv451
http://dx.doi.org/10.1002/pmic.201100495
http://dx.doi.org/10.1002/pmic.201100495
http://dx.doi.org/10.1093/nar/gkt1223

	Abstract
	List of Papers
	Abbreviations
	1 Introduction
	2 Biological Background
	2.1 Hydrophobic Effect
	2.2 Proteins
	2.2.1 Folding Problem

	2.3 Biological Membranes
	2.4 Lipids and the Bilayer
	2.5 Membrane Proteins
	2.5.1 Insertion into the Membrane
	2.5.2 -Helical Proteins
	2.5.3 -Barrel Proteins


	3 Computational and Statistical Methods
	3.1 Bioinformatics Databases
	3.2 Dynamic Programming
	3.3 Sequence Alignments
	3.4 Multiple Sequence Alignments/Heuristic Search
	3.5 Machine Learning

	4 Topology Prediction
	4.1 Hydrophobicity Scales
	4.2 Positive Inside Rule
	4.3 Topology Predictors

	5 Fast Profile Method
	6 Summary of Papers
	6.1 Why is the biological hydrophobicity scale more accurate than earlier experimental hydrophobicity scales? (Paper I)
	6.2 The positive inside rule is stronger when followed by a transmembrane helix (Paper II)
	6.3 Improved topology prediction using the terminal hydrophobic helices rule (Paper III)
	6.4 The TOPCONS web server for consensus prediction of membrane protein topology and signal peptides (Paper IV)

	Sammanfattning
	Acknowledgements
	References

