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Abstract 

Membrane proteins are key elements of the cell since they are associated 
with a variety of very important biological functions crucial to its survival. 
They are implicated in cellular recognition and adhesion, act as molecular 
receptors, transport substrates through membranes and exhibit specific en-
zymatic activity. 

This thesis is focused on integral membrane proteins, most of which con-
tain transmembrane segments that form an alpha helix and are composed of 
mainly hydrophobic residues, spanning the lipid bilayer. A more specialized 
and less well-studied case, is the case of integral membrane proteins found in 
the outer membrane of Gram-negative bacteria and (presumably) in the outer 
envelope of mitochondria and chloroplasts, proteins whose transmembrane 
segments are formed by amphipathic beta strands that create a closed barrel 
(beta-barrels).  

The importance of transmembrane proteins, as well as the inherent diffi-
culties in crystallizing and obtaining three-dimensional structures of these, 
dictates the need for developing computational algorithms and tools that will 
allow for a reliable and fast prediction of their structural and functional fea-
tures. In order to elucidate their function, we must acquire knowledge about 
their structure and topology with relation to the membrane. Therefore, a 
large number of computational methods have been developed in order to 
predict the transmembrane segments and the overall topology of transmem-
brane proteins.  

In this thesis, I initially describe a large-scale benchmark of many topolo-
gy prediction tools in order to devise a strategy that will allow for better 
detection of alpha-helical membrane proteins in a proteome. Then, I give a 
description of construction of improved machine-learning algorithms and 
computer software for accurate topology prediction of transmembrane pro-
teins and discrimination of such proteins from non-transmembrane proteins. 
Finally, I introduce a fast way to obtain a position-specific scoring matrix, 
which is essential for modern topology prediction methods. 
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1. Introduction 

1.1 Proteins 
Proteins consist of amino acids that are connected with peptide bonds and 

form a linear sequence. According to the central dogma of molecular biology 
[1, 2], they are synthesized based on the genetic information that is embed-
ded in the DNA and is transferred to the ribosomic machinery through the 
RNA (Figure 1.1).  
 

 
Figure 1.1. The central dogma of molecular biology. Continuous arrows show the 
flow of genetic information, while the dashed arrow refers to the special case of 
generating DNA from RNA that is observed in retroviruses. 

 
Since the 1950’s, when the pioneering work of Frederick Sanger opened 

up new horizons in protein sequencing [3, 4], information regarding protein 
sequences has been accumulating at a continually increasing pace. The nu-
merous ongoing genome-sequencing programs of the last three decades, led 
to possibilities to deduce amino acid sequences of millions of proteins and 
the number continues to grow rapidly [5] (Figure 1.2). Despite that, a large 
fraction of the proteins determined through Open Reading Frame (ORF) 
identification, still has an unknown function. 

The biological functionality of a protein is primarily determined by its 
conformation, in other words the way in which the linear amino acid se-
quence is folded in space [6]. The three-dimensional (3D) structures of some 
thousands of proteins have been determined at atomic or subatomic resolu-
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tion using X-ray crystallography, Nuclear Magnetic Resonance (NMR) spec-
troscopy and, more recently, cryo-electron microscopy [7] (Figure 1.3). 

 
 

Figure 1.2. The exponential growth of protein sequences that are deposited in Uni-
Prot, from its early releases up to the end of 2016 [5]. 

 
Experimental evidence clearly suggests that all the necessary information 

for the folding of a protein in its native state is entirely encoded in its se-
quence [8]. Consequently, several attempts have been made towards protein 
structure prediction directly from amino acid sequence, but with limited 
success [9, 10]. 

 
 

Figure 1.3. The growth of determined three-dimensional structures of proteins that 
are deposited in the PDB database, from 1972 up to the end of 2016 [7].  
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1.2 Biological membranes and membrane proteins  
Biological membranes are structures that can be seen as mechanisms of 

isolation, protection and partitioning of the cells in addition to providing an 
interface for the communication and interaction between the cells and their 
surrounding environment. According to the prevailing theories, biological 
membranes are constructed based on the fluid mosaic model [11]. In general 
terms, membranes consist of a lipid bilayer in and around which several 
kinds of proteins are constantly interacting (Figure 1.4).  

Lipids can be of various kinds (e.g. phospholipids, saccharolipids, sphin-
golipids) but exhibit a common behaviour in aqueous systems; the polar 
heads of the lipids align towards the polar, aqueous environment, while the 
contact between the hydrophobic tails and the water is minimized and they 
tend to cluster together. As a consequence, the membrane is impermeable to 
most polar molecules and many other macromolecules, such as proteins. The 
specific characteristics of each biological membrane (thickness, permeabil-
ity, hydrophobicity) are determined by its composition in lipids as well as by 
the type and quantity of proteins that it contains. For example, the myelin of 
some neurons primarily consists of lipids, whereas the plasma membranes of 
bacteria, mitochondria and chloroplasts have more protein than lipid. 

 
Figure 1.4. Graphical illustration of a typical lipid bilayer, along with the different 
types of membrane proteins. We can see the phospholipid polar heads and the non-
polar fatty acyl chains, cholesterol molecules, integral and peripheral proteins and 
oligosaccharide chains in the extracellular side (figure created by Mariana Ruiz 
Villarreal and deposited in Wikipedia). 

 
Membrane proteins can be divided into two groups, namely the trans-

membrane (TM) proteins (integral proteins), that span the lipid bilayer and 
the extrinsic ones, which form weak interactions with the membrane surface 
(peripheral proteins) or with lipids (lipid-anchored proteins). The amino acid 
composition of TM proteins is such that facilitates integration into the lipid 
bilayer. In contrast, lipid-anchored proteins are bound through recognition of 
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a specific pattern in their sequence by specialized enzymes. Peripheral pro-
teins attach through non-covalent interactions to the membrane surface, 
similarly to the interactions that are observed in globular proteins [12]. 

1.3 Transmembrane proteins 
TM proteins constitute the most important and the most widely studied 

category of membrane proteins. They typically form about 25-30% of all 
proteins encoded in a eukaryotic genome and carry out a series of functions 
crucial to the life of the cells [13]. These include cellular recognition, mo-
lecular receptors, passive and active transport of substances via the mem-
brane, signal transduction, protein secretion and enzymatic activity                  
(Figure 1.5). They also aid in the regulation of membrane lipid constitution 
as well as the conservation of membrane and cell shape [14]. Malfunction of 
TM proteins can therefore result in several kinds of diseases. For example, 
depression, schizophrenia and other neurological diseases are associated 
with mutations in genes encoding ion channels [15], whereas cystic fibrosis 
is the result of a mutation in the gene encoding an ABC transporter protein 
[16].  

 
Figure 1.5. Some examples of TM proteins’ roles (copyright: Nature Education). 

TM proteins are also of great pharmacological importance, since they are 
targets for drugs that modulate their functions. Nowadays, more than 50% of 
all prescribed small-molecule drugs target membrane proteins [17-19]. One 
of the pharmacologically most interesting and studied families of membrane 
proteins are the G-protein-Coupled Receptors (GPCRs), which are targeted 
by antipsychotic drugs such as olanzapine, antihistamines like loratadine, 
losartan to treat hypertension and many others [20]. Understanding the actual 
molecular structure of TM proteins opens the door for rational drug design 
and is thus a crucial step towards the development of new and improved 
drugs. 
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1.4 Structural classes of transmembrane proteins 
Integral proteins can be broadly classified based on the secondary struc-

ture of their TM segments. There are proteins that span the membrane in the 
form of alpha helices (in a bundle form or not) and proteins whose TM re-
gions are composed of beta strands in the form of anti-parallel closed barrels 
(Figure 1.6). 

Proteins of each group possess distinct characteristics, obviously related 
to the 3D-structure of their TM segments and the respective folding process 
that occurs in each case. Some of these characteristics reflect biogenesis of 
membrane proteins and the respective membranes, as well as the features of 
the cell-transport machinery and the environmental limitations that are im-
posed by the physicochemical properties of the numerous types of lipid bi-
layers. 

 
 

Figure 1.6. Various types of TM proteins. From left to right: (a) a protein whose 
polypeptide chain spans the membrane once as an alpha helix, (b) a protein which 
forms multiple transmembrane alpha helices and (c) a protein with several beta 
strands that form a channel through the membrane (copyright: Dharmesh Patel). 

1.4.1 Alpha-helical transmembrane proteins 
Alpha-helical TM proteins can be primarily classified based on the num-

ber and orientation of their TM segments (Figure 1.7). Type Ι TM proteins 
possess one TM helix and their N-terminus is located in the extracellular 
space. Type II TM proteins also have one TM helix, but their N-terminus is 
in the cytosol. The rest of the proteins, that contain more than one TM seg-
ment, belong to the multi-spanning class, which is further divided into sub-
categories that reflect not only structural but also functional similarities.          
For instance, GPCRs constitute a heterogeneous group of receptors [21], 
which show both structural (number of TM segments and topology) and 
functional similarities (signal transduction through heterotrimeric G-
proteins). 
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Figure 1.7. Alpha helixes are dextral and are stabilized by the presence of hydrogen 
bonds almost parallel to their axis.These bonds are formed between the hydrogen of 
the imino group (-NH) of residue i and the oxygen of the carbonyl group of residue 
i-4. The helix has a characteristic step of 5.4 Å and 3.6 amino acid residues per turn 
(figure on the left from Wikipedia). On the right, a cartoon image of bovine rhodop-
sin [22] is shown (PDB ID: 1f88) (figure created by Jawahar Swaminathan and 
deposited in Wikipedia). 

1.4.2 Beta-barrels 
A beta-barrel can be defined as a beta sheet that coils and loops forming a 

closed structure in the shape of a barrel (Figure 1.8). TM beta-barrel proteins 
are further divided into several groups, mainly based on their structural simi-
larity (the number of the TM segments and the gradient to the membrane 
level) which, in most cases, reflects also functional similarities. 

In contrast to alpha-helical membrane proteins that are abundant in virtu-
ally all cellular membranes [23], beta-barrels have only been experimentally 
observed in the outer membranes of Gram-negative bacteria so far [24]. 
Weak similarity at the sequence level and computational analyses, often 
accompanied by low-resolution experimental data, suggest the presence of 
beta-barrel proteins in the outer membranes of semi-autonomous eukaryotic 
organelles (mitochondria and chloroplasts) as well. These findings are in 
agreement with the endosymbiotic theory [25], according to which, some 
primitive alpha-proteobacteria were the ancestors of mitochondria, whereas 
some primitive cyanobacteria were the ancestors of chloroplasts [26].   
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Figure 1.8. In the case of beta-barrels, the barrel that spans the membrane is 
formed by a beta-pleated sheet that coils and loops accordingly. Τhe beta sheet is a 
form of secondary structure, just like the alpha helix. In this case, hydrogen bonds 
are formed between the carbonyl and imino groups of different polypeptide chains 
or between different parts of the same chain that are called beta strands (figure on 
the left from Wikipedia). On the right, a graphical illustration of the structure of 
Outer membrane protein G (OmpG - PDB ID: 2iwv) is shown (figure created by 
Andrei Lomize and deposited in Wikipedia)[27, 28]. 

1.5 Membrane targeting and insertion 
 The exceptionally efficient system of storing, encoding and inheriting of 

the genetic information (nucleic acids), as well as the precision of decoding 
this information through protein synthesis would not contribute much to the 
survival of the cell if these processes were not combined with a follow-up 
system of recognition, sorting and transport of the products (proteins) to the 
position where they are functional. 

The two structural types of TM proteins are handled differently shortly af-
ter their synthesis on ribosomes (Figure 1.9). Alpha-helical TM proteins are 
assembled upon ribosomes that are co-translationally bound to the Sec trans-
locon in the membrane and they move laterally from the translocon channel 
into the surrounding lipid bilayer [29, 30].  

Beta-barrel proteins follow a different path; in both Gram-negative bacte-
ria and mitochondria, the assembly of these proteins is facilitated by a com-
plex of periplasmic chaperone proteins, as well as a highly conserved beta-
barrel protein, called Omp85/YaeT/BamA [31] and its homolog 
Tob55/Sam50 in mitochondria [32, 33]. Initially, beta-barrel proteins are 
synthesized on cytoplasmic ribosomes with an N-terminal signal peptide that 
guides them across the inner membrane in a post-translational manner.              
A soluble cytoplasmic chaperone, which is called SecB, recognizes the pre-
cursor protein and brings it to the Sec translocon, which is located in the 
inner membrane [29, 30, 34]. In the next step, the SecA ATPase is responsi-
ble for their translocation through the translocon. Since the constituent beta 
strands are too short and not hydrophobic enough, they cannot become em-
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bedded in the inner membrane; instead, with the help of the YeaT complex, 
they are chaperoned through the periplasm and reach their final destination, 
the outer membrane. Finally, a signal peptidase cleaves off the signal peptide 
in the periplasmic side of the inner membrane [35-37]. 

 
Figure 1.9. Illustration of the biogenesis of an alpha-helical membrane protein (left) 
and a beta-barrel (right) in a Gram-negative bacterium (Escherichia coli) (figure 
taken from [29]). 
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1.6 The signal peptide  
 A signal peptide (SP) is a short stretch of amino acids at the N-terminus 
of a protein that guides protein sorting into cellular organelles or into the cell 
membrane. It is cleaved by a protease after the protein is inserted into the 
endoplasmic reticulum or the corresponding organelle [38]. 

SPs can be divided into three distinct regions [39]: 
• The n-region that contains on average 1-5 positively-charged res-

idues. 
• The h-region, that contains on average 7-15 hydrophobic resi-

dues. 
• The c-region, that contains on average 3-7 polar, uncharged resi-

dues. The c-region also contains the cleavage site of the signal 
peptide, where the signal peptidase cuts it off the polypeptide 
chain. This region is the most conserved part of a signal peptide. 

The average length of a SP is between 18 and 30 residues. There are not 
many clearly conserved residues, except for the position -1 and -3, with re-
gards to the cleavage site, which are dominated by small amino acids like 
alanine, glycine, serine, cysteine, threonine and the position -2, which usual-
ly contains an aromatic, charged or bulky polar residue [40]. 

Type II TM proteins contain another type of SPs, the so-called signal an-
chors. These have similar composition, but the difference is that signal an-
chors remain uncleaved, because they do not have recognition site by the 
signal peptidase. 

1.7 Transmembrane protein topology and topology prediction 
methods 

The experimental methods that are used to determine the 3D-structure of 
a protein are expensive, time-consuming and require the use of mono-
crystals (X-rays), which are not easy to produce for several protein catego-
ries, particularly the TM ones. The most important obstacles in solving the 
structure of a TM protein are related to its hydrophobic nature. For example, 
denaturation of the TM protein with detergents results in inability to further 
solubilize it, which makes crystallization impossible. Recent studies have 
shown that the progress in the determination of the structure of TM proteins 
follows an exponential growth, similar to the growth that has been observed 
for 50 years now, when the first protein structure was presented [41] (Figure 
1.10).  

We anticipate an even greater increase in the number of TM proteins with 
known structure within the following years, but, since the delay in solving 
the first structure of a TM protein was approximately 20 years as compared 
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to the globular ones, the gap between the number of structures of TM pro-
teins and globular ones may never be bridged. 

 
Figure 1.10. The growth in TM protein structure determination, since the release of 
the first structure (figure created at Stephen White’s lab at UC Irvine and can be 
found at http://blanco.biomol.uci.edu/mpstruc/) [41]. 

Given the aforementioned difficulties, the need for automated computa-
tional tools which will predict the potential structure of a TM protein with 
high accuracy becomes imperative. These theoretical prediction algorithms 
aim at creating a topology model of the protein at hand. Such models show 
the number and relative position of the TM segments, together with the ori-
entation with regards to the membrane (Figure 1.11). A noteworthy point is 
that, a determined 3D-structure of an integral protein, does not always in-
form us about the exact boundaries of the TM segments or its orientation in 
the membrane [42]. 

Over the years, many topology prediction algorithms for TM proteins 
have been created. The first ones used simple measurements like the hydro-
phobicity of the amino acids [43] in order to detect potential TM segments. 
Kyte and Doolitle applied a “sliding” window with which they scanned the 
amino acid sequence and calculated the average hydrophobicity for the ami-
no acids included in it. Afterwards, by considering the average hydrophobi-
city scales, they set a cut-off in order to determine whether the central amino 
acid of the window is part of a TM segment or not. This method, along with 

http://blanco.biomol.uci.edu/mpstruc/
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other similar approaches could only detect potential TM regions and did not 
provide any information regarding the topology of the TM segments with 
respect to the membrane. 

 
Figure 1.11. A graphical illustration of the topology model for a GPCR protein 
(GPER1_HUMAN) generated using the software Protter [44] . 

 
A significant improvement towards this direction was accomplished by 

the observation that positively-charged amino acids have a tendency to ap-
pear more frequently in the cytoplasmic loops rather than in the periplasmic 
ones, the so-called “positive-inside rule” [45]. This finding was implemented 
in the TopPred algorithm [46], in an effort to develop a more accurate meth-
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od for topology prediction. Taking the “positive-inside rule” into account, it 
was possible to distinguish whether a region with intermediate hydrophobi-
city is (part of) a TM domain or a loop. 

The MEMSAT algorithm [47] used the same information with methods of 
statistical optimization and, by combining dynamic programming and pro-
pensity scales, produced the best topology. In the following years, more 
methods were made available to the public, based on amino acid preferences 
and hydrophobicity [48, 49]. PHD [50] was the first method that incorpo-
rated Artificial Neural Networks (ANNs). It uses evolutionary information 
(in the form of Multiple Sequence Alignments – MSAs) for creating a con-
sensus prediction for the target sequence and then finds the topology of the 
protein using the “positive-inside rule”. In the same context, methods that 
also use evolutionary information, like PRO-TMHMM, PRODIV-TMHMM 
and also OCTOPUS were created [51, 52].  

Hidden Markov Models (HMMs), which will be discussed in more detail 
in chapter 2.3, were initially introduced in TMHMM [53] and HMMTOP 
[54], followed by other methods like HMM-TM [55] and HMMpTM [56]. 
Furthermore, given that signal peptides are often falsely predicted as TM 
segments because of their high hydrophobicity, methods that predict the 
topology of the protein and the presence of a signal peptide at the same time 
were developed [Phobius [57], Philius [58], MEMSAT-SVM [59] and 
SPOCTOPUS [60]]. Phobius was further modified, giving birth to 
PolyPhobius [61], which uses MSAs. Methods like these that contain sub-
models for the prediction of signal peptides and the topology are very im-
portant because signal peptides and N-terminal TM regions are quite similar 
and the hydrophobic core of a signal peptide can be wrongly assigned as a 
putative first TM segment or vice-versa [62]. 

Support Vector Machines (SVMs) and Dynamic Bayesian Networks 
(DBNs) have been also used in predictors like MEMSAT-SVM [59] and 
Philius [58] respectively. 

Finally, consensus-based approaches, like TOPCONS [63], MetaTM [64] 
and CCTOP [65], which combine the outputs from several predictors into a 
consensus output using dynamic programming, have been quite successful. 

Quite recently, a common approach that is followed by some topology 
prediction methods involves the incorporation of experimental information 
regarding the topology of several regions of the proteins (e.g. signal peptides 
or long extracellular loops) prior to the actual prediction (constrained predic-
tions). Some of the most efficient algorithms that use this feature are HMM-
TM, HMMTOP, Phobius, PRO/PRODIV-TMHMM, SCAMPI/SCAMPI-
MSA, TMHMMfix [66] and TOPCONS. 

Most benchmark studies report an average performance of about 70% cor-
rectly predicted topologies for older methods up to over 80% for newer ones, 
while the ability to distinguish between TM and non-TM proteins can go 
even higher, to almost 99% [13]. This is however not the case when it comes 
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to proteome-wide predictions, which can be explained by the fact that the 
small benchmark datasets usually contain a certain amount of bias in them. 
In a recent study, Fagerberg et al [67] tried to produce a draft of the predict-
ed human membrane proteome using the outputs from several predictors and 
showed that there was an agreement in only 12% of the predicted membrane 
proteins among them. This indicates that the prediction accuracies obtained 
on small sets are not always transferable to complete proteomes. 

As more and more structures of alpha-helical TM proteins became availa-
ble, researchers observed some interesting features in their topology [29, 68].  
More specifically, we now know that TM helices can be interrupted / bent 
because of proline residues (disrupted helices) [69, 70] or strongly tilted [71-
73]. There are also amphipathic helices that run roughly parallel to the mem-
brane surface, with parts of them located inside the interface region (interfa-
cial helices) [74, 75]. Finally, membrane-penetrating regions that enter and 
exit the membrane on the same side (re-entrant loops) have been discovered 
[76, 77]. Such loops are found in TM proteins that act as channels or trans-
porters and usually the have a functional role in the protein structure [78-80]. 
It is actually estimated that ~10% of all TM proteins encoded in a genome 
contain such loops [81]. 

Furthermore, there are TM proteins which do not have only one topology 
and do not follow the “positive-inside rule”. These proteins are termed dual-
topology proteins and can adopt either of the two possible orientations [82]. 
Another interesting finding was that, closely related proteins like RnfA and 
RnfE [83] or YdgE and YdgF [84]  from E. coli, although they have the 
same number of TM segments and they follow the “positive inside rule”, 
they actually adopt opposite orientation in the membrane. 

Lastly, TM proteins often have dynamically-changing topologies, mean-
ing that, besides being TM, they can be found in the cytoplasm and also be 
secreted in the extracellular space. A typical example is the prion protein, 
which can be found with one TM segment and both possible orientations, but 
also as a water-soluble protein in the cytoplasm [85]. 

Regarding beta-barrel proteins, there are numerous methods that aim at 
topology prediction. These include methods based on hydrophobicity analy-
sis [86], statistical preferences of amino acids [87], remote homology detec-
tion [88], HMMs [89-93], feed-forward ANNs [94, 95] and radial basis func-
tion ANNs [96]. 

There are also methods that deal specifically with the problem of identify-
ing beta-barrels in proteome-wide analyses. These include BetAware [92], 
BOMP [97], the Freeman–Wimley beta-Barrel Analyser [98], HHomp [88], 
PSORTb [99], SSEA-OMP [100], TMB-Hunt [101], SOSUIgramN [102] 
and TMBETADISC-RBF [96]. 
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1.8 Multiple Sequence Alignments and their applications in 
topology prediction  

One of the major challenges of computational sequence analysis is to pre-
dict the function and structure of proteins from their sequence alone. This is 
possible since organisms evolve by mutation, duplication and selection of 
their genes. Thus, sequence similarity often indicates functional and struc-
tural similarity.  MSAs are often more useful than single sequences, since, in 
each position of the alignment, we can observe the (possible) conservation 
and identify important (conserved) sequence positions/regions. In most cas-
es, we need to convert the raw MSAs into matrices that will include a score 
for the occurrence of each residue, the so-called Position-Specific Scoring 
Matrices (PSSMs). The evolutionary information which is included in a 
MSA has been shown to improve the accuracy of many bioinformatics 
methods tasked with the prediction of membrane protein topology [51, 103], 
secondary and tertiary structure [10, 104-106], protein-protein interactions 
[107-109], distant residue contacts [110], coiled-coils [111], protein disorder 
[112, 113], subcellular localization [114-117], protein fold classification 
[118], RNA-binding sites [119-121], residue-residue interactions [122] or 
even drug-target identification [123]. 

The most widely used tool that creates a PSSM profile is PSI-BLAST 
[124]. PSI-BLAST is an extension to the BLAST algorithm [125] and has 
been proven extremely successful in retrieving distantly homologous se-
quences. The method works as follows: initially, a BLAST search is per-
formed using the BLOSUM-62 substitution matrix [126] with a single query 
sequence. All hits from this search that have an E-value score lower than a 
user-defined threshold are kept and represent truly significant matches (real 
homologs). At the next step, a PSSM is constructed from the multiple align-
ment of these hits with the query sequence. This PSSM has the same length 
as the query sequence, since gaps in the alignment are not considered.              
In order to create the PSSM, new scores for each position in the alignment 
must be calculated. Highly conserved positions receive high scores while 
weakly conserved positions receive low scores.  

With PSI-BLAST, one can perform iterative searches, using the results 
from each search in order to update the PSSM that will be used in a subse-
quent search, until no new sequences can be found (convergence) or a num-
ber of specified rounds have been performed. The method is very efficient in 
picking up a large number of homologous proteins, which are too dissimilar 
to be detected with a standard BLAST search (distant homologs). More re-
cently, other methods for this purpose have been presented. These include 
DELTA-BLAST [127], CS-BLAST [128] and CaBLAST [129]; still, gener-
ating PSSMs with PSI-BLAST remains the most popular way and the PSI-
BLAST-derived profiles are incorporated in most of the bioinformatics 
methods that employ evolutionary information.  
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One of the main limitations in bioinformatics software for TM proteins 
topology prediction is the time needed for the PSSM to be constructed. If we 
also take into account that most accurate predictions are indeed performed 
when evolutionary information (i.e. a PSSM profile) is exploited [51], then 
the problem is clear; performing large-scale analyses, that is, scanning whole 
proteomes, becomes a cumbersome task.  
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2. Materials and Methods 

In this chapter I will briefly introduce some of the most important methodol-
ogies, tools and databases that have been used in the projects of the thesis. 

2.1 Algorithms 
Machine learning is the field that “gives computers the ability to learn 

without being explicitly programmed”, according to Arthur Samuel.             
Tom Mitchell gave a more formal definition in which he says that “a com-
puter program is said to learn from experience E with respect to some class 
of tasks T and performance measure P if its performance at tasks T, as 
measured by P, improves with experience E”. For this reason, we need to 
construct appropriate probabilistic models that will be based on features 
learnt by the training data. During recent years, the need for solving more 
and more complicated biological problems, has led to the exploitation of 
sophisticated mathematical and computational models. One of the most 
commonly used machine learning methods is the HMMs that were also used 
in this thesis. 

2.2 Markov Models 
 The concept of the Markov chain is used during the development of mod-
els that describe DNA or protein sequences. The Markov chain takes a series 
of events and makes the assumption that each of the events is only dependent 
on the previous one, or, in other words, that each event only determines the 
next one. If this notion is extended to 2, 3,…, n previous events, then we 
refer to Markov chains of 2nd, 3rd, …, nth order. In the case of biological se-
quences, we denote as states the symbols of the sequence – which belong to 
a finite alphabet (four nucleotides in the case of DNA or 20 amino acids in 
the case of proteins).  
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If we denote an amino acid sequence of length L by x, such that: 
 

x = x1, x2,..., xL − 1, xL  
 

and consider the amino acid distribution in each position i along the se-
quence as a random variable, then we can define the Markov chain as a sto-
chastic process with the “Markov property”. In this case, the process is com-
prised of the sequence x of random variables, which take values in a “state 
space” that is defined only by the specific alphabet (the alphabet of amino 
acids for example). Here, the value xi denotes the state in which the system 
is at time i. 

2.3 Hidden Markov Models 
HMM is a stochastic linear model that can be viewed as an extension of 

Markovian chains. It consists of a set of hidden states, a set of observed 
symbols and two sets of probabilities, the transition probabilities and the 
emission probabilities.  

Consider a protein sequence x with L residues: 
 

x = x1, x2,..., xL−1, xL 

 
where xi are the observations (one of the 20 amino acids). In a HMM, the 
observations are detached from the states; in other words, the states are now 
“hidden” from the observer and are modeled by the probability with which a 
state can give transition to the next one and is denoted as: 

 
akl = P (πi = l |  πi− 1 = k ) 

 
Here, k and l are two states that are connected via the transition probability 
akl, which denotes the probability of the state k to give transition to state l.   
These two states form a 1st order Markov chain. The connection between the 
observed and the state symbols is established through the emission probabili-
ties: 
 

ek (b) = P (xi = b |  πi = k ) 
 
ek (b) describes the probability of emitting a particular symbol b (amino acid 
in the case of proteins) in position i of the sequence, given that the system is 
at state k. The major difference between a HMM and a simple Markov Mod-
el is that, in a HMM, there is not a one-to-one correspondence between sym-
bols and states of the model; thus, by looking at a symbol, we cannot simply 
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determine the state which the model visited in order to give this specific 
result. 

 
 
Figure 2.1. A graphical illustration of the Independence Model, the Markov Chain 
Model (1st order Markov Model) and the Hidden Markov Model. The arrows denote 
the allowed transitions. In a HMM, the Markov property is valid for the states (πi) 
but not the observations (xi) (figure created by Pantelis Bagos). 

 
Rabiner [130] described the three basic problems that refer to the ΗΜΜs: 
1) Given a model θ, how can we calculate the total likelihood that a se-

quence x has originated from the HMM, in other words, how can we com-
pute the probability P (x|θ); 

2) Given a model θ and a sequence x, how can we find the sequence of 
states that is most probable to have generated the observed sequence?         

3) How can we train the model in order to find the parameters that max-
imize the likelihood?   

For the first question, the solution is provided by the Forward algorithm 
[130, 131], which essentially is a dynamic programming algorithm that, in 
sequential steps, sums up, all the possible paths. For a given model, we can 
calculate the total probability of a sequence, even if the actual path is un-
known, thus we can compare two or more sequences based on their likeli-
hood. 
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For the second question, we use the Viterbi algorithm [130, 131], which 
finds the most probable sequence of states that has emitted a sequence of 
observations using successive maximizations.  

The Baum-Welch (Forward-Backward) algorithm [130, 131] is used in 
order to answer the third problem and is a special case of the Expectation-
Maximization (EM) algorithm [132]. This algorithm calculates, in each step, 
the expected values of the parameters, sets them as the current values and 
repeats the process until convergence. 

HMMs were initially introduced in speech recognition problems [130]. 
They quickly became very popular in computational biology and have been 
applied to problems like gene finding [133], construction of MSAs [134], 
remote homology detection [135], signal peptide prediction [136, 137], sec-
ondary structure prediction [138] and protein topology prediction [13]. 

A very interesting aspect of the HMMs in bioinformatics is that, apart 
from their efficiency, many algorithmic ideas and improvements on them 
have come about in an effort to solve some biological problems. A well-
known example is the profile HMMs, which I will discuss in the chapter 2.4. 

2.3.1 Hidden Markov Models in membrane protein topology 
prediction 
 HMMs have been employed in membrane protein topology prediction for 
many years. There are several reasons why HMMs are found to be superior 
to other machine learning techniques for this task. First of all, a HMM can 
capture the differences in the composition of a hydrophobic TM helix and 
other regions of a protein. Moreover, unlike, for example, the traditional 
sliding windows approaches of ANNs, HMMs can model features like the 
length distribution of TM helices. Lastly, it is easy to separate the “inside” 
(e.g. cytoplasm) from the outside (e.g. extracellular space) using the mem-
brane helix and the model can be constructed in such a way that obvious 
mistakes (e.g. a path of inside → helix → inside) can be avoided. In other 
words, the HMMs can capture the “grammar” of the biological problem 
[139]. 
 In Figure 2.2, the HMM of one of the most known topology prediction 
methods for alpha helical proteins, TMHMM [13], is shown. This HMM 
consists of three different main locations (core, cap, loop) and seven differ-
ent states (cytoplasmic loop, cytoplasmic cap, helix core, non-cytoplasmic 
cap, short non-cytoplasmic loop, long non-cytoplasmic loop and globular 
domain).  

Another example, regarding beta-barrel proteins, can be found in one of 
the earliest methods presented, PRED-TMBB [89]. Here, the model consists 
of 61 states. The architecture was chosen so that it would incorporate the 
features that the known (at the time) structures shared.  
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Figure 2.2. A graphical illustration of the HMM of TMHMM (adapted from [13]).  

The PRED-TMMB model has three "sub-models", which correspond to 
the TM region (M), the periplasmic region (I) and the extracellular region 
(O). The TM-model contains states that model the special architecture of the 
TM strands; these include states that correspond to the “aromatic belt” and 
also to the core of the strand. Other states correspond to the residues of the 
external side of the barrel and the residues of the barrel interior which create 
the hydrophilic pore. Further, the length of the TM strands can vary between 
7 and 17 residues, since these were the observed minimum and maximum 
values at the time of creation. Regarding the external and internal regions, 
these are modelled by a “ladder” architecture, which also allows for variabil-
ity in length (Fig. 2.3).  

 
Figure 2.3. A graphical illustration of the HMM used in PRED-TMBB [89].  
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2.4 Profile Hidden Markov Models 
A profile Hidden Markov Model (pHMM) is essentially a HMM which 

accurately describes a MSA [135]. The major difference between a profile 
and a typical HMM is that, in the pHMM, each state describes a particular 
position (column) of the alignment. As a consequence, this model has posi-
tion-specific parameters and the direction of the transitions must always be 
unidirectional (Figure 2.4). For that reason, pHMMs are called left-to-right 
models, as opposed to the circular ones that allow the model to visit a state 
more than once. 

 
Figure 2.4. Graphical illustration of a typical pHMM. Match states (Mk) are repre-
sented with squares, insertion states (Ik) with diamonds and deletion states (Dk) with 
circles. All states are connected to the corresponding transition states, which are 
represented with arrows allowing the generation of emission probabilities (figure 
adapted from [131]). 

Match and insertion states are normal states that are connected to the cor-
responding symbols via the emission probabilities (Figure 2.4). Match states 
correspond to the columns of the alignment that are aligned well, which 
means that they correspond to a region of similarity; analogously, insertion 
states correspond to regions where we observe insertion of characters (not 
good alignment). In the latter case, the regions that are missing from the rest 
of the sequences in the alignment appear as gaps, which are modeled via the 
silent deletion states. 

The applications of pHMMs are numerous; the most important in bioin-
formatics are the creation of MSAs [135] and the construction of models for 
remote homology detection [140]. Such models are employed also in protein 
family classification (e.g. in the PFAM database [141]). The most popular 
software suite for the construction of pHMMs is HMMER [142]. 
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2.5 Databases 

2.5.1 UniProt 
UniProtKB (UniProt Knowledgebase) [5] constitutes the primary data-

base of protein sequences worldwide. It is comprised of two parts, namely 
UniProtKB/SwissProt, which contains the well-annotated proteins and Uni-
ProtKB /TrEMBL, which contains the protein sequences that have originated 
from automated translation of genome sequences. Sequences in UniProtKB 
/SwissProt have undergone some kind of manual inspection and they are 
accompanied by literature references, secondary structure elements, cross-
references to other biological databases as well as information about their 
function (if available). UniProtKB /TrEMBL contains proteins that have not 
been manually curated and, periodically, sequences from TrEMBL are 
“moved” to SwissProt, when the curators change their annotation based on 
literature findings and reliable automated computational tools. 

2.5.2 PFAM 
Proteins generally contain one or more distinct functional regions             

(domains), which are in many cases also structurally independent. These 
domains are considered to be able to function and to evolve independently of 
the rest of the protein. Different combinations of such regions lead to the 
large variety of proteins in nature. Consequently, being able to detect these 
domains is an important step towards the functional classification of a pro-
tein. And, since structures are more conserved than sequences, databases that 
contain conserved domains are also important in order to easily identify and 
classify novel protein sequences, as well as to identify a possible novel pro-
tein folding. A key representative of these databases is PFAM [143], which 
is extensively used in our studies.  

PFAM is a large collection of protein families, which are characterized by 
a unique HMM. This method is much more sensitive for remote homology 
detection, without, at the same time, loss of speed and efficiency. The data-
base contains more than 16,000 families (version 30), providing coverage for 
~80% for all proteins in UNIPROT. The key feature that makes PFAM so 
useful is that, with the use of the HMMs (and the HMMER package that is 
incorporated in the database), the curators can select a cut-off in such a way 
that each protein will only belong in one family. However, a lower identity 
can be found within proteins that belong to different families, and, because 
of that, the database contains a higher level of organization, the clan level. 
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2.5.3 OMPdb 
A more specialized protein database that is used in our beta-barrel study is 

OMPdb [144]. OMPdb is the largest, most complete and well characterized 
collection of OMPs from Gram-negative bacteria. The database consists of 
sequence data, as well as annotation for structural characteristics (such as the 
TM segments), literature references and links to other public databases, fea-
tures that are unique worldwide. OMPdb contains two types of entries, 
namely protein and family entries. Protein entries include extensive infor-
mation such as protein description and classification, sequence, organism 
name and taxonomy, as well as links to other databases and annotation for 
the TM segments and signal peptides. The annotation of TM segments is 
deducted using information from proteins with known 3D-structure com-
bined with predictions when experimental evidence is not available. All pro-
teins are classified into families based on their function and their sequence 
similarity. Each family (family entry) is extensively described and the in-
formation provided includes the function of its protein members, literature 
references, a list of proteins with 3D-structure (if available), as well as, the 
seed and full protein alignments. 

2.5.4 PDBTM 
For the annotation of TM regions in both alpha-helical and beta-barrel 

proteins, we relied on PDBTM [145]. This database is built upon the 
TMDET algorithm [146], which can find the most probable orientation of a 
TM protein with respect to the membrane, based on the geometric coordi-
nates of the respective PDB file. PDBTM contains TM proteins from PDB; 
therefore all proteins found in PDBTM have a known 3D-structure.               
The database is updated regularly by checking the PDB database for new 
structures using the TMDET algorithm. 

2.6 Reliability measures 
Several ways have been proposed in order to assess the performance and 

reliability of the predictions that are derived by a topology prediction meth-
od. For evaluating a topology prediction at the protein level, we can consider 
as success only the correct number of TM segments; alternatively, we can 
request that the overall topology must be correct. 

At the residue level, the performance of a method can be measured using 
the total fraction of residues that has been correctly predicted, where the 
prediction is regarded in a three-state mode (Q3 metric). 
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Another useful measure is the Segments Overlap (SOV), which is consid-
ered to be the most reliable measure for secondary structure prediction and 
takes continuous values between 0 and 1 [147].  

For discrimination purposes (i.e. whether a protein is a beta-barrel or not), 
a widely-used criterion is the Matthew’s correlation coefficient (MCC) 
[148], denoted as: 

 

𝑀𝐶𝐶 =
(𝑇𝑃 ∗ 𝑇𝑁) − (𝐹𝑃 ∗ 𝐹𝑁)

�(𝑇𝑃 + 𝐹𝑁)(𝑇𝑃 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
 

 
We also include measures like sensitivity (which measures the proportion 

of positives that are correctly identified as such) and specificity (which 
measures the proportion of negatives that are correctly identified as such): 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

 
In all the afore-mentioned equations, we denote as:  

1. TP (True Positives): the number of TM residues (or proteins in 
case of MCC) correctly identified as such 

2. TN (True Negatives): the number of non-TM residues (or pro-
teins) correctly identified as such 

3. FN (False Negatives): the number of TM residues (or proteins) er-
roneously identified as non-TM 

4. FP (False Positives): the number of non-TM residues (or proteins) 
erroneously identified as TM 
 

Additionally, we used the measure of reliability of the prediction (reliabil-
ity score – S), which is calculated using the following formula [66]:  

 

𝑆 =
𝑝1(𝑙𝑎𝑏𝑒𝑙) + 𝑝2(𝑙𝑎𝑏𝑒𝑙) + ⋯+ 𝑝𝑁(𝑙𝑎𝑏𝑒𝑙) 

𝑁
 

 
where N denotes the length of the amino acid sequence and pi (label) the 

posterior probability for a residue i to belong to each of the three possible 
states, i.e. to be cytoplasmic, periplasmic (extracellular) or transmembrane. 
It has been shown that, the increase in the reliability score (S) of the predic-
tion, is accompanied by increase in the overall prediction accuracy [66]. 
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3. Results and Discussion 

In this section I will briefly summarize the most important findings of each 
project that is included in the thesis. 

3.1 Developing effective strategies for the prediction of alpha-
helical membrane proteins at genome scale (paper I) 

The first project focuses on studying a number of widely used topology 
prediction algorithms on traditional benchmark sets as well as on novel, 
larger datasets in order to examine how they would perform if applied to 
whole proteomes.  

Here, we test 18 topology prediction methods on alpha-helical membrane 
proteins on several datasets. The predictors differ in terms of the algorithms 
and technical implementation and they can be grouped into three classes, 
namely the ones that incorporate a separate module for predicting signal 
peptides, those that make use of MSAs and, finally, those with which we can 
perform constrained predictions (by introducing prior topological infor-
mation in the prediction process). The benchmark datasets are of various 
origins: one contains information on the full topology, two are associated 
with the location of the C-termini of the proteins they include and the fourth 
provides experimental evidence on the location of a number of glycosylation 
sites. The fifth and final dataset contains GPCR proteins, which are known 
to have seven TM regions and their N-termini on the outside. 

Out of the five benchmark datasets, the “glycosylation” set had not been 
used in such benchmark studies before. However, we showed that if we just 
rely on the number of glycosylation points that are correctly predicted as 
“outside”, there is strong bias in the results and, consequently, methods that 
predict more positions of the sequence to be located in the extracellular 
space climb up in the ranking. To tackle this, we followed a better-than-
random approach, which we use in the ranking of prediction methods. In this 
dataset, the results of the evaluation are not only worse than the other da-
tasets, but also show large variations. This is a strong indication that previ-
ous reports of topology prediction accuracies up to 80% do not hold in with 
larger (proteome-wide) datasets. 
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Furthermore, using the performance on all datasets, a ranking scheme for 
the prediction methods was formulated, measured by Z-scores. TOPCONS 
was found to be the best method, while methods that utilize MSAs show up 
at the top of the ranking in all datasets. 

Constrained predictions were also tested in our study. Using the results 
from an independent signal peptide predictor (SignalP 4.0 [149]) as input for 
constrained topology predictions, we do not observe any significant changes 
in the performance. However, methods that implement their own signal pep-
tide detection module perform better.  

Another crucial point to address is the ability to distinguish between non-
TM (globular) and TM proteins, especially when it comes to proteome-wide 
analyses. We tested all methods on cytoplasmic and extracellular proteins 
(non-TM datasets) and found that the “Phobius”-group of predictors (Phobi-
us, PolyPhobius and Philius) succeeds in separation particularly well. More-
over, these methods outperform the other methods that allow for constrained 
predictions. 

In conclusion, for whole-genome identification and topology prediction of 
membrane proteins, we suggest that PolyPhobius can be used for filtering 
out non-membrane proteins (alternatively TOPCONS in combination with 
constraints from SignalP 4.0) and TOPCONS, which shows the best overall 
performance on the benchmark datasets, can be used for topology prediction 
of the (remaining) predicted membrane proteins. 

3.2 Improved topology prediction and discrimination of alpha-
helical membrane proteins with TOPCONS2 (paper II) 

This project involves the major updates to the TOPCONS [63] webserver, 
one of the most accurate topology prediction methods for alpha-helical 
membrane proteins. Here, we addressed several drawbacks of the old im-
plementation and we now achieve improved performance both on membrane 
protein topology predictions and on whole-proteome scanning benchmarks. 
Using four benchmark datasets (TM proteins, TM proteins with signal pep-
tide, globular proteins and globular proteins with signal peptide), we observe 
that the updated version of TOPCONS [150] is on average 4% better than 
the next best-scoring method (Philius). Philus, however, is much worse in 
membrane protein topology predictions and thus not ideal for such use.  

Overall, the performance of TOPCONS reaches 87%, while Philius and 
Phobius 83% and 82% respectively. Regarding membrane protein topology 
prediction, TOPCONS ranks again first in the benchmark dataset of ~300 
TM proteins, with 80% correct topologies, while, methods like the old im-
plementation of TOPCONS (79%), SCAMPI (79%) and MEMSAT3 (74%) 
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are found in the next few places. However, all these methods cannot predict 
signal peptides and are thus not suitable for large-scale analyses. 

 

3.3 Creating PSI-BLAST and jackhmmer profiles accurately and 
fast using PRODRES (paper III) 

In this project, we present the stand-alone version of our method to create 
PSI-BLAST [124] or jackhmmer profiles in a fast way, without simultaneous 
loss of the information included in them. The idea for this project came 
about in an effort to overcome the problem that many bioinformatics appli-
cations face, which is the time that is spent on the creation of PSSMs with 
PSI-BLAST. This becomes a bottleneck especially for large-scale analyses.  

PRODRES is essentially built around PFAM and its family classification. 
The fact that the PFAM coverage on UniProt sequences continues to grow 
with each update of PFAM, can be proven to be useful in order to avoid 
searching for homologs in large databases.  

 We compared the PSSMs we obtain by using PRODRES on a small da-
tabase to the ones that are obtained by running PSI-BLAST on UniProt.           
We found that the two approaches give very similar results on a benchmark 
dataset of 1,000 randomly selected proteins (Pearson correlation coefficient 
is more than 90%). These results are much better when compared to other 
ways of obtaining a PSSM. The PRODRES-approach was implemented 
during the update of TOPCONS and has helped in being able to scan even 
whole proteomes at a reasonable time, since the creation of the profile now 
takes much less time, even with a much larger database. 

3.4 Improved topology prediction and discrimination of beta-
barrel membrane proteins with PRED-TMBB2 (paper IV) 

In this project, the focus was shifted towards the less studied group of be-
ta-barrel proteins. We sought to update one of the first and most successful 
topology prediction algorithms for these proteins, PRED-TMBB [151]. 
PRED-TMBB was presented for the first time in 2004 and is one of the most 
cited methods regarding the topology prediction and detection of beta-barrel 
outer membrane proteins. PRED-TMBB2 [152] contains several new fea-
tures that improve its performance significantly. The major difference apart 
from a larger training dataset and new decoding algorithms is the incorpora-
tion of evolutionary information in the form of MSAs, which drastically 
improves the topology prediction capability and makes it capable of achiev-
ing higher performance compared to all other available methods.  
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At the same time, the single-sequence version of PRED-TMBB2 manages 
to perform better than almost all other methods regarding detection of beta-
barrel proteins in large (proteome-wide) datasets, outperforming even meth-
ods that use MSAs and are much slower. The combination of single- and 
multiple-sequence version of PRED-TMBB2 is something unique among the 
machine-learning methods of its kind. 
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Sammanfattning på svenska 

Membranproteiner är en viktig del av cellen eftersom de är associerade 
med en mängd mycket viktiga biologiska funktioner som är avgörande för 
dess överlevnad. De är inblandade i cellulär igenkänning och adhesion, de 
fungerar som molekylära receptorer, de transporterar substrat genom mem-
bran och de svarar för specialiserad enzymatisk aktivitet. 

Denna avhandling är inriktad mot integrerade membranproteiner där de 
allra flesta innehåller transmembransegment som bildar en alfa-helix och är 
sammansatta av i huvudsak hydrofoba aminosyror som spänner över det 
dubbla lipidskiktet. En mer specialiserad och mindre väl studerat fall är de 
integrerade membranproteiner som finns i det yttre membranet hos 
gramnegativa bakterier och (förmodligen) i det yttermembranet hos mi-
tokondrier och kloroplaster, dessa proteiner vars transmembransegment är 
bildade av amfipatiska beta trådar som tillsammans bildar en sluten cylinder 
(beta-tunnor). 

Betydelsen av transmembranproteiner liksom de inneboende svårigheter-
na i att kristallisera och få en tredimensionell struktur av dem, dikterar be-
hovet av att utveckla beräkningsalgoritmer och verktyg som gör det möjligt 
av en tillförlitlig och snabb förutsägelse av deras strukturella och funktionel-
la egenskaper. För att ytterligare belysa deras funktion måste vi ha kunskap 
om deras struktur och topologi i förhållande till membranet.. Därför har ett 
stort antal beräkningsmetoder utvecklats för att förutsäga transmembranseg-
ment och den övergripande topologin av transmembranproteiner. 

I denna avhandling görs inledningsvis en storskalig benchmark på många 
olika topologi-prognosverktyg för att utarbeta en strategi som gör det möjligt 
för bättre detektering av alfa-helix-membranproteiner i ett proteom. Vi 
fortsätter sedan med att konstruera förbättrade maskininlärningsalgoritmer 
och programvara för exakt förutsägelse av topologin av transmembranpro-
teiner och urskiljning av sådana proteiner i motsats till icke-
transmembranproteiner. Slutligen presenterar vi ett snabbt sätt att få en posi-
tionsspecifik poängmatris, vilket är viktigt för moderna topologi-
prediktionsmetoder. 
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