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Membrane proteins are found in all kingdoms of life and are essential for cellular interactions
with the environment. Although a large research effort have been put into this group many
membrane proteins remains uncharacterized, both in terms of function and evolutionary history.
We have estimated the component of α-helical membrane proteins within the human proteome;
the membrane proteome. We found that the human membrane proteome make up 27% of all
protein, which we could classify the majority of into 234 families and further into three major
functional groups: receptors, transporters or enzymes. We extended this analysis by determining
the membrane proteome of 24 organisms that covers all major groups of eukaryotes. This
comprehensive membrane protein catalog of over 100,000 proteins was utilized to determine
the evolutionary history of all membrane protein families throughout eukaryotes.  We also
investigated the evolutionary history across eukaryotes of the antiviral Interferon induced
transmembrane proteins (IFITM) and the G protein-coupled receptor (GPCR) superfamily in
detail.  We identified ten novel human homologs to the IFITM proteins, which together with
the known IFITMs forms a family that we call the Dispanins. Using phylogenetic analysis we
show that the Dispanins first emerged in eukaryotes in a common ancestor of choanoflagellates
and animals, and that the family later expanded in vertebrates into four subfamilies. The GPCR
superfamily was mined across eukaryotic species and we present evidence for a common origin
for four of the five main human GPCR families; Rhodopsin, Frizzled, Adhesion and Secretin
in the cAMP receptor family that was found in non-metazoans and invertebrates, but has been
lost in vertebrates. Here we present the first accurate estimation of the human proteome together
with comprehensive functional and evolutionary classification and extend it to organisms that
represents all major eukaryotic groups. Moreover, we identify a novel protein family, the
Dispanins, which has an evolutionary history that has been formed by horizontal gene transfer
from bacteria followed by expansions in the animal lineage. We also study the evolution of the
GPCR superfamily throughout eukaryotic evolution and provide a comprehensive model of the
evolution and relationship of these receptors.
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I’m ahead, I'm a man
I'm the first mammal to wear pants,

I'm at peace with my lust
I can kill 'cause in God I trust,

It's evolution, baby

Eddie Vedder



 

 



 

List of Papers 

This thesis is based on the following papers, which are referred to in the text 
by their Roman numerals. 

 
I Almén MS, Nordström KJ, Fredriksson R, Schiöth HB. (2009)  

Mapping the human membrane proteome: a majority of the hu-
man membrane proteins can be classified according to function 
and evolutionary origin. BMC Biol, 13;7:50. 

II Almén MS, Fredriksson R, Schiöth HB. (2012) Evolution and 
characteristics of the membrane proteome., Manuscript 

III Sällman Almén M, Bringeland N, Fredriksson R, Schiöth HB. 
(2012) The dispanins: a novel gene family of ancient origin that 
contains 14 human members. PLoS One, 2012;7(2):e31961 

IV Nordström KJ, Sällman Almén M, Edstam MM, Fredriksson 
R, Schiöth HB.Independent HHsearch, Needleman--Wunsch-
based, and motif analyses reveal the overall hierarchy for most 
of the G protein-coupled receptor families (2011) Mol Biol 
Evol, 28(9):2471-80. 

V Krishnan A*, Almén MS*, Fredriksson R, Schiöth HB. (2012) 
The origin of GPCRs: identification of mammalian like Rho-
dopsin, Adhesion, Glutamate and Frizzled GPCRs in fungi, 
PLoS One, 7(1):e29817 
* equal contribution 

Reprints were made with permission from the respective publishers. 
  



 

Additional publications 

• Williams MJ, Almén MS, Fredriksson R, Schiöth HB. (2012) What 
model organisms and interactomics can reveal about the genetics of hu-
man obesity. Cell Mol Life Sci. May 23. Epub ahead of print 
 

• Sällman Almén M, Rask-Andersen M, Jacobsson JA, Ameur A, Kalnina 
I, Moschonis G, Juhlin S, Bringeland N, Hedberg LA, Ignatovica V, 
Chrousos GP, Manios Y, Klovins J, Marcus C, Gyllensten U, Fredriks-
son R, Schiöth HB. (2012) Determination of the obesity-associated gene 
variants within the entire FTO gene by ultra-deeptargeted sequencing in 
obese and lean children. Int J Obes (Lond). Apr 24. Epub ahead of print 
 

• Benedict C, Brooks SJ, O'Daly OG, Almèn MS, Morell A, Åberg K, 
Gingnell M, Schultes B, Hallschmid M, Broman JE, Larsson EM, 
Schiöth HB. (2012) Acute sleep deprivation enhances the brain's re-
sponse to hedonic food stimuli: an fMRI study. J Clin Endocrinol Me-
tab. 97(3):E443-7 

 
 

• Almén MS, Jacobsson JA, Moschonis G, Benedict C, Chrousos GP, 
Fredriksson R, Schiöth HB. (2012) Genome wide analysis reveals asso-
ciation of a FTO gene variant with epigenetic changes. Genomics. 
99(3):132-7 
 

• Rask-Andersen M, Almén MS, Olausen HR, Olszewski PK, Eriksson J, 
Chavan RA, Levine AS, Fredriksson R, Schiöth HB. (2011) Functional 
coupling analysis suggests link between the obesity gene FTO and the 
BDNF-NTRK2 signaling pathway. BMC Neurosci. 12:117.  

 
• Sreedharan S, Almén MS, Carlini VP, Haitina T, Stephansson O, Som-

mer WH, Heilig M, de Barioglio SR, Fredriksson R, Schiöth HB. (2011) 
The G protein coupled receptor Gpr153 shares common evolutionary 
origin with Gpr162 and is highly expressed in central regions including 
the thalamus, cerebellum and the arcuate nucleus. FEBS J. 
278(24):4881-94 



 

• Rask-Andersen M, Almén MS, Schiöth HB. (2011) Trends in the exploi-
tation of novel drug targets. Nat Rev Drug Discov. 10(8):579-90 
 

• Cedernaes J, Olszewski PK, Almén MS, Stephansson O, Levine AS, 
Fredriksson R, Nylander O, Schiöth HB. (2011)  Comprehensive analy-
sis of localization of 78 solute carrier genes throughout the subsections 
of the rat gastrointestinal tract. Biochem Biophys Res Commun. 
411(4):702-7 
 

• Jacobsson JA, Almén MS, Benedict C, Hedberg LA, Michaëlsson K, 
Brooks S, Kullberg J, Axelsson T, Johansson L, Ahlström H, Fredriks-
son R, Lind L, Schiöth HB. (2011) Detailed analysis of variants in FTO 
in association with body composition in a cohort of 70-year-olds sug-
gests a weakened effect among elderly. PLoS One.6(5):e20158 

 
 

• Västermark Å, Almén MS, Simmen MW, Fredriksson R, Schiöth HB. . 
(2011) Functional specialization in nucleotide sugar transporters oc-
curred through differentiation of the gene cluster EamA (DUF6) before 
the radiation of Viridiplantae BMC Evol Biol. 11:123 
 

• Benedict C, Jacobsson JA, Rönnemaa E, Sällman-Almén M, Brooks S, 
Schultes B, Fredriksson R, Lannfelt L, Kilander L, Schiöth HB. (2011) 
The fat mass and obesity gene is linked to reduced verbal fluency in 
overweight and obese elderly men. Neurobiol Aging. 32(6):1159.e1-5 
 

• Almén MS*, Jacobsson JA*, Shaik JH, Olszewski PK, Cedernaes J, Alsiö 
J, Sreedharan S, Levine AS, Fredriksson R, Marcus C, Schiöth HB. 
(2010) The obesity gene, TMEM18, is of ancient origin, found in ma-
jority of neuronal cells in all major brain regions and associated with ob-
esity in severely obese children BMC Med Genet. 11:58 
 

• Nordström KJ, Mirza MA, Almén MS, Gloriam DE, Fredriksson R, 
Schiöth HB. (2009) Critical evaluation of the FANTOM3 non-coding 
RNA transcripts. Genomics. 94(3):169-76.  

 
* equal contribution 

  



 

  



 

Contents 

Introduction ................................................................................................... 13 
The Membrane ......................................................................................... 13 
Membrane proteins ................................................................................... 14 

Membrane protein structure ................................................................. 14 
Evolution of membrane proteins ......................................................... 15 

The Dispanins .......................................................................................... 16 
DSPA: The Interferon-induced transmembrane proteins .................... 17 
The Dispanin B, C and D subfamilies ................................................. 17 

G protein-coupled receptors ..................................................................... 18 
The Glutamate family .......................................................................... 19 
The Rhodopsin family .......................................................................... 19 
The Adhesion family ............................................................................ 19 
The Frizzled family ............................................................................. 20 
The Secretin family.............................................................................. 20 

Aims .............................................................................................................. 21 

Methods ........................................................................................................ 22 
Membrane topology prediction ................................................................ 22 
Pairwise sequence alignments .................................................................. 22 
Multiple sequence alignments .................................................................. 23 
HMMER and Pfam ................................................................................... 23 
Phylogenetic inference ............................................................................. 24 
Clustering ................................................................................................. 25 

Conclusions ................................................................................................... 27 
Paper I ...................................................................................................... 27 
Paper II ..................................................................................................... 27 
Paper III .................................................................................................... 28 
Paper IV ................................................................................................... 28 
Paper V ..................................................................................................... 29 

Acknowledgements ....................................................................................... 30 

References ..................................................................................................... 31 

 



 

 
  



 

Abbreviations 

DSP Dispanin 
GPCR G protein-coupled receptor 
GPS GPCR proteolytic site 
GRAFS Glutamate, Rhodopsin, Adhesion, 

Frizzled and Secretin 
IFITM Interferon-induced transmembrane 

protein 
ISODATA Iterative Self-Organizing Data   

Analysis Technique 
MCL Markov Clustering 
MCMC Markov-chain Monte Carlo 
ML Maximum likelihood 
MSA Multiple sequence alignment 





 13

Introduction 

The Membrane 
In the increasingly disordered universe, membranes define the boundaries of 
life that enable the improbable degree of complexity of all living beings. 
Biological membranes are self-organizing and spontaneously form a water 
filled sphere. The reason for this behavior is that they are built up by amphi-
philic molecules that have a hydrophilic head and a hydrophobic tail [1]. 
Hence, to minimize energy the molecules form a bilayer with the heads 
forming the surface against the water and a hydrophobic core where the tails 
of the two layers meet. These bilayer favors to form spherical structures, 
such as the cell. The cell membrane is created from amphiphilic lipids of 
which phospholipids make up the largest component in eukaryotic and pro-
karyotic cells. The importance of the cell membrane for an organism is ex-
emplified by archea that have evolved a unique membrane, adapted to harsh 
environments, that is composed of ether lipids and also may have fused tail 
groups that form a monolayer [2-3]. Hence, the molecular composition of the 
membrane matters; besides different phospholipids the eukaryotic membrane 
major groups are cholesterols and glycolipids. The length and molecular 
structure of the hydrophobic tails and the properties of the head groups all 
affect the membrane characters such as thickness, fluidity and permeability 
of the membrane, which allow regulation of membrane function [4]. Conse-
quently, the composition of the membrane is tightly controlled and differs 
between organisms, cell types and organelles. Although the membrane is 
fluidic and is commonly modeled as such; it has a higher order of organiza-
tion with a mosaic architecture where regions are enriched with certain mo-
lecular entities [5-6]. The structure and organization does not only depend on 
lipid composition, but also on membrane proteins that interact with lipids; a 
process that affects both the structure of the membrane and function of the 
proteins. Hence, the membranes of the cell constitute a complex dynamic 
system of thousands of different interacting molecules that are together is 
essential to create the conditions necessary for life. 



 14 

Membrane proteins 
Many proteins of the cell are associated with membranes; either to the sur-
face as peripheral membrane proteins or span the membrane as integral 
membrane proteins. Integral membrane proteins span membrane using one 
of two structures: a pore-forming barrel constructed from β-sheets, or one or 
more hydrophobic α-helices. The integral membrane proteins are also com-
monly called transmembrane proteins. The β-barrels are found in bacteria, 
the mitochondrion and chloroplasts of eukaryotes and constitute < 1% of the 
proteome of eukaryotes and 1-3% in prokaryotes [7]. The α-helical trans-
membrane proteins are much more abundant and constitute 20-30% of the 
proteome of both bacteria and eukaryotes (Paper I-II) [8]. The membrane 
proteome is defined as the membrane protein fraction of all proteins in an 
organism. In this thesis, α-helical transmembrane proteins are studied and 
are intended when referring to membrane or transmembrane proteins. Mem-
brane proteins are part of the majority of all cellular processes and are fun-
damental players in the complex signal systems of multicellular organisms, 
such as the human nervous and immune system. The combination of their 
availability on the cell surface and key role in human physiology has made 
them the important drug targets and at the centre of a multi-billion dollar 
industry [9].  

Membrane protein structure 
Membrane protein topology is a simplified predicted model of the structure 
of membrane proteins that is represented by its transmembrane α-helices 
connected by interhelical loops and flanked by the C- and N-terminus. The 
orientation of the protein is also given by the topology and indicates which 
amino acid termini and loops are extracellular and which are cytosolic. The 
interhelical loops, as well as the C- and N-terminus are often crucial for pro-
tein function and subject to posttranslational modifications, such as glycosy-
lation and phosphorylation. The amino acid properties of the loops are of 
importance for the orientation of membrane proteins, as loops biased for 
positive amino acids (Lysine and Arginine) are frequently identified as intra-
cellular [10]. This is known as the positive inside rule; however, the mechan-
ism behind this phenomenon remains obscure. The membrane proteomes of 
Saccharomyces cerevisae and Escherichia coli have been characterized and 
it is found that there are some membrane topologies that seemingly are pre-
ferred: the majority of all membrane proteins in these organisms have their 
C-terminus on the inside of the cells [11-12]. In paper I we show that this 
bias is also present in human membrane proteins. As with the positive inside 
rule the underlying reason for this phenomenon remains unknown. The 
structures of membrane proteins are constrained by their transmembrane 
helices that interact to form complex structures within the protein and com-
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plexes with other proteins. The 3D structure of membrane proteins have 
proven to be extraordinary difficult to solve and although we estimate 27% 
of the human proteome to be membrane proteins, only 407 unique mem-
brane protein structures (241 unique families) are known according to the 
Membrane protein databank (www.mpdb.tcd.ie), which is not much com-
pared to the 84 846 structures deposited in the Protein data bank 
(www.pdb.org; September 2012) [13-14]. As the protein structure is of high 
importance for deeper understanding of a proteins molecular function, inte-
ractions and the design of potential drugs, this is a significant obstacle in the 
progress of membrane protein research. Hence, high quality in silico based 
identification, classification and characterization using alternative methods is 
an essential part of current membrane protein research.  

Evolution of membrane proteins 
The creation of new genes is predominantly achieved through the duplica-
tion of present genes followed by divergence of the two paralogs, which 
often leads to pseudogenization of the new copy, but may lead neo- or sub-
functionalization [15-17]. Gene duplications may be the result of processes 
such as recombination and retrotranspostion [16] or the outcome of a whole 
genome duplication. 

Concerning evolution of the membrane protein structure and topology it 
is known that internal gene duplications is the major mechanisms, which 
creates an internal two fold symmetry and increases the number of trans-
membrane helices [18]. There are also cases where membrane proteins have 
been inverted during the course of evolution, caused by mutational distur-
bance of positive residues at the loops, which results in dramatic changes of 
membrane topology [19]. 
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Figure 1. The Dispanin proteins are all predicted to have a two transmembrane to-
pology with extracellular amino acid termini. However, experimental results suggest 
a intramembrane topology dependent on S-palmitoylation, which implies a com-
pletely different membrane structure. 

The Dispanins 
The Dispanin (DSP) gene family was first described in paper III and is so 
called as all members of the family have two transmembrane helices (Figure 
1). The family members are found in metazoa and choanoflagellates, but also 
in bacteria; suggesting a horizontal gene transfer. The Dispanins have been 
lost in ecdysozoa (arthropods and nematodes), but have in contrast expanded 
and diverged into four subfamilies in vertebrates (A-D) of which the C and 
D subfamily is found in invertebrates, whereas the A and B subfamilies are 
vertebrate specific. The human genome contains 13 Dispanin genes from all 
four subfamilies. In paper III 14 human genes are reported, but the DSPD2 
gene have been denoted as a pseudogene in newer version of Ensembl. 

There exist several conserved residues between the subfamilies of which 
two proximal cysteines in the first transmembrane helix may be the most 
interesting. These motifs have been shown to be targeted by S-
palmitoylation; a posttranslational process where a fatty acid is attached to 
the protein, increasing its hydrophobicity [20]. The same study by Yount and 
colleagues show that S-palmitoylation is crucial for protein activity (see 
below) and induces clustering of the studied Dispanin protein 
(DSPA2b/IFITM3). Another study from same group, challenges the two 
transmembrane helix topology with extracellular amino acid termini of the 
dispanins (Figure 1). Instead they suggest that the Dispanins are intramem-
brane proteins that do not span the entire membrane and are stabilized by the 
S-palmitoylation and otherwise associated with the cytosolic fraction of the 
cell [21]. 
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DSPA: The Interferon-induced transmembrane proteins 
The A subfamily of the Dispanins are known as the Interferon-induced 
transmembrane (IFITM) proteins. This group was recognized already 25 
years ago when it was found that members of the family was induced by 
interferons in human cells, which indicates that this family could be of im-
portance for cellular viral defence [22]. DSPA constitutes a group with four 
human members (DSPA1,DSPA2a-c/IFITM1-3, 5) that are found in a con-
secutive order on chromosome 11 and have received considerable attention 
as DSPA2a-c/IFITM1-3 were found to prevent infection of a growing list of 
viruses such as HIV-1, SARS influenza A H1N1, West Nile and Dengue 
fever viruses [23-26]. These viruses all have in common that they invade the 
cell through endocytosis. The exact mechanism of their antiviral activity is 
not known, but the range of viruses suggests that it is mediated by a general 
mechanisms and not specific interaction with the viruses. A recent study 
suggests that DPSA2b/IFITM3 does not prevent the virus from invading the 
cell, but rather to be released into the cytosol [27]. Moreover, 
DSPA2b/IFITM3-deficient mice, as well as human carriers of a deleterious 
allele of the gene, are both more susceptible to influenza infections and 
demonstrate higher morbidity and a more severe disease [28]. The DSPA 
family is also involved in other processes such as oncogenesis, bone minera-
lization (DSPA1/IFITM5) and germ cell development (DSPA2a, c/IFITM1, 
3) and DSPA1/IFITM5 has not been identified as interferon-inducible [29-
32]. 

The Dispanin B, C and D subfamilies 
The DSPB-D subfamilies are not as well characterized as the DSPA family. 
The DSPB subfamily has three members in human and mouse. DSPB1 
(TUSC5) has been suggested to be involved in neural regulation of adipocyte 
differentiation and is regulated by PPARγ [33-34] and mutations in DSPB3 
(PRRT2) have been associated with paroxysmal kinesigenic dyskinesia; a 
disease characterized by sudden and involuntary movements [35]. 

The DSPC family is found in two to three copies in all vertebrates. 
DSPC1 (TMEM90A) has been proposed to have a role in striatal functioning 
as well as the pathophysiology of Huntington’s disease and is localized to 
the Golgi apparatus [36]. DSPC2 has been shown to be involved in AMPA 
receptor trafficking and synapse development [37]. 

The DSPD family has been lost at several occasions, both in vertebrates 
and invertebrates (Figure 2). However, no studies have been performed on 
the DSPD subfamily. 
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G protein-coupled receptors 
In human and most other animals G protein-coupled receptors (GPCRs) 
form the largest membrane protein superfamily with around 800 confirmed 
genes in the human genome [38-39]. This means that the GPCRs constitute 
two thirds of all human receptors and are responsible for a major part of the 
signaling repertoire of humans and other animals (see paper I). All GPCRs 
have a common membrane topology with an extracellular N-terminus, intra-
cellular C-terminus and seven transmembrane helices. The GPCRs have an 
extraordinary repertoire of ligands and bind: e.g., proteins, peptides, amino 
acids, lipids, photons, hormones, odorants, ions and nucleotides [40]. The 
binding of these ligands occur at the N-terminus for larger ligands and in the 
pocket created by the transmembrane α-helices, which both activate the re-
ceptors and induces a conformational shift that transduce the signal to the 
interior of the cell. The signal is then mediated by the heterotrimeric G pro-
teins that bind to the activated receptor and dissociate from each other to, in 
turn, stimulate or inhibit effector proteins of intracellular signaling pathways, 
such as adenylate cyclases [41]. The mode and target of the intracellular 
signaling depends on the subunit class of the G protein and different G pro-
teins associate to different receptors.  

The GPCRs are the largest success story for the pharmaceutical industry 
and are targeted by 36% of all marketed drugs [9]. Consequently, there ex-
ists considerable financial interests and large research efforts are, and have 
been, devoted to the family, making it one of the most studied classes of 
proteins. Still, there is a large potential for pharmaceutical innovation and 
scientific discovery as 75% of all non-olfactory GPCRs are not targeted by 
drugs and as much as 25% of these potential drug targets remain orphan 
receptors with no known endogenous ligand [42-43]. 

The superfamily of GPCRs consists of a number of families and there ex-
ists several classification systems for describing them, of which the GRAFS 
system is central to this thesis [44]. The GRAFS system aims on providing a 
comprehensive classification of the human GPCRs by dividing them into 
five diverse families: Glutamate (G), Rhodopsin (R), Adhesion (A), Frizzled 
(F) and Secretin (S). Some small human GPCR families such as the GPR108 
family, the intimal thickness-related receptor family, and the Ocular albinism 
receptor family are not covered by the GRAFS system along with non-
human families. A parallel and widely used system classifies the GPCRs into 
families A-F of which family D-F are non-human families [45].  
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The Glutamate family 
The Glutamate family is characterized by their ligand binding N-terminus 
that forms a globular domain called a “venus flytrap” which is able to close 
around the ligand, similar to the plant with the same name. Moreover, mem-
bers of the family are known to form homodimers in contrast to most GPCRs 
[46]. The human receptors of the Glutamate family bind glutamate, γ-
aminobutyric acid and sweet and umami taste receptors. This family is found 
in non-metazoan species and may evolutionary be the most ancient class of 
GPCRs [47]. 

The Rhodopsin family 
The Rhodopsin family is the largest of the GPCR families in metazoan spe-
cies with around 700 human members of which around 400 are olfactory 
receptors [38]. The Rhodopsin family relies on binding of the ligand to the 
pocket created by transmembrane helices as they have short N-termini com-
pared to other GPCR families. The Rhodopsin family is found in limited 
numbers outside of metazoa (see paper V), but have experienced an extreme 
expansion in metazoa with hundreds of members in most species. 

 

The Adhesion family 
The Adhesion family have long complex N-termini, which contain a wide 
repertoire of different globular domains (e.g. epidermal growth factor, hor-
mone binding, cadherin, immunoglobulin domains) and also a GPCR proteo-
lytic site (GPS) domain, which is find in most Adhesion proteins [48]. The 
GPS domain is located close to the first transmembrane helix and causes the 
N-terminus to be cleaved off; a process that may be essential for proper traf-
ficking of the receptor [49]. However, quite remarkably the N-terminus is 
reported to be essential for receptor functioning, which suggests that it is 
transported to the cell surface [50]. It is believed that the proteins of Adhe-
sion class of GPCRs are involved in cell-cell and cell-matrix interactions and 
may have multiple large ligands [51]. 

The Adhesion family is the second largest in human and is found 
throughout unikonts. The family is divided into seven subfamilies based on 
phylogeny of the transmembrane region, but  the subfamilies also display a 
similar domain structure of the N-terminus [48]. 
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The Frizzled family 
The Frizzled receptors constitute a well conserved family that contains 
members that participate in the Wnt signaling pathway by binding Wnt pro-
teins [52]. The Wnt signaling pathway plays key roles in cell differentiation, 
cell polarity and organism development. The Frizzled family contains 12 
members in human and are found throughout metazoa and also in other un-
ikonts [53]. In the original GRAFS classification, the Taste2 receptors were 
placed in the family together with Frizzled. However, with a broader genome 
repertoire and new methods it is clear that the Taste2 receptors are closer to 
the Rhodopsins (see paper IV and V). 

The Secretin family 
The Secretins are a family of large peptide binding receptors that has many 
hormones as ligands. The name of the family comes from the hormone se-
cretin, example of other ligands is calcitonin, glucagon and parathyroid hor-
mone. Hence, this family is central for the endocrine system of human and 
other animals. The family is the youngest of the of the GRAFS families and 
is related to the Adhesion family, but do not have their long N-termini [54]. 
Phylogenetic analysis suggests that the Secretin emerged in radiata and has 
been identified in cnidaria. 
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Aims 

The overall aim of the studies and this thesis is to give a deeper understand-
ing of membrane proteins biological role and evolutionary history. 

Paper I 
The aim with this study was to create a comprehensive overview of the hu-
man membrane proteome, both in terms of evolutionary and functional as-
pects, and to provide an accurate prediction of the number of membrane 
protein coding genes. 

Paper II 
As a continuation of paper I we wanted to extend our classification of the 
human membrane proteome into other organisms; creating a comprehensive 
view of eukaryotic membrane proteome evolution.  

Paper III 
Herein we sought to investigate and find homologues of the human interfe-
ron-induced transmembrane proteins and infer their evolutionary history. 
Moreover, we wanted to create a common nomenclature based on phylogeny 
and characteristics of the whole family. 

Paper IV 
The rationale of this study was to determine the evolutionary order of the 
families of the GPCRs and delineate their evolutionary history with focus on 
metazoan species. 

Paper V 
This study aimed to extend and validate the model of GPCR evolution estab-
lished in Paper IV by including non-metazoan organisms with special focus 
on fungi species. 
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Methods 

Membrane topology prediction 
In membrane topology prediction the number of transmembrane helices and 
the orientation of the protein in the membrane is determined. Many algo-
rithms and applications have been developed to address this problem [55]. In 
general one of two approaches is used; the first and most straightforward 
method is to estimate the physical properties of amino acid regions to predict 
as to whether they are likely to be inserted in the membrane by the translo-
con, in the second approach statistical parameters are chosen according to 
the amino acid sequences of known transmembrane proteins, which is often 
used to construct a hidden Markov model. For a long time the statistical ap-
proach have been the most successful and is used by well known application 
such as TMHMM [8]. However, recently the method SCAMPI managed to 
achieve comparable accuracy with estimation of physical parameters, which 
might indicate a trend shift in this field [56]. As we show in paper I there is a 
considerable discrepancy between different methods and it has been sug-
gested that the best approach is to use a consensus method of several under-
lying predictors [55]. Another well known concern is the misprediction of 
signal peptides as membrane helices, which can be avoided by using a spe-
cific signal peptide predictor, such as SignalP [57], and excise the signal 
peptide before passing it to a topology prediction software. Alternatively, 
some applications (e.g Phobius) combines signal peptide and membrane 
topology prediction. In paper I a consensus approach including Phobius [58], 
TMHMM [8] and SOSUI [59]; in paper II the consensus method TopCons-
single based on SCAMPI [56], S-TMHMM [60], HMMTOP [61] and 
MEMSAT [62] ; in paper III TMHMM [8] and Phobius [58] was used in 
paper IV and V. 

Pairwise sequence alignments 
In a pairwise sequence alignment two amino acid or nucleotide sequences 
are arranged so that homologous regions can be identified. Two main types 
of alignments can be performed; global and local. In a global alignment the 
algorithm assumes that the sequences are homologous over their entire 
length and tries to align every residue whereas in a local alignment only 
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some regions of the sequences need to be similar. Needleman-Wunsch and 
Smith-Waterman are the names of a global and local alignment algorithms 
that utilize dynamic programming to find the optimal alignment [63-64]. 
Global pairwise protein alignments were built using the Needleman-Wunsch 
algorithm in paper I and IV. However, finding the optimal alignment is 
computationally expensive and, despite recent advancement in computer 
power have made the aforementioned algorithms usable for larger datasets, 
this has motivated the development of heuristic approaches such as the wide-
ly used BLAST program that perform local alignments and is suitable for 
large datasets (used in paper I-V) [65]. 

Multiple sequence alignments 
In multiple sequence alignment (MSA) three or more sequences are locally 
or globally compared. This allows alignment of whole families of proteins. 
To find the global optimal MSA is a NP-complete problem and could there-
fore not be achieved in practice [66]. Instead, available MSA algorithms and 
programs offer different trade-offs between speed and accuracy. ClustalW is 
the most well known and used application [67]. Despite its continuing popu-
larity ClustalW is outdated both in terms of speed and accuracy. In paper I 
we used Kalign, which is a speed oriented application suitable for the large 
number of alignments built in this study [68]. In paper III-V we chose the 
mafft-einsi application, which is an accuracy oriented method with the ad-
vantage that it allows the aligned proteins to have several conserved domains 
separated by long non-conserved regions [69]. Thus, mafft-einsi requires less 
prior knowledge about the proteins relationship than traditional global me-
thods that demands that the sequences are homologous over their whole 
length or local alignment methods that assumes that the sequences have one 
common domain flanked by non-conserved regions. 

HMMER and Pfam 
HMMER is one of the most used HMM implementations for sequence ho-
mology analysis [70]. It allows the user to build a HMM from a MSA, which 
creates a statistical representation of the sequence group. Candidate se-
quences can then be searched against the HMM to evaluate if it is likely that 
they are homologous to the sequences of the MSA. A HMM-sequence com-
parison has much higher sensitivity than an ordinary sequence-sequence 
comparison (e.g. BLAST), which allows detection of remote homologues. 
HMMER2[70] was used in paper I to gather homologous sequences into 
families and in paper II to identify GPCRs based on Pfam models. The more 
recent version HMMER3 [71-72] was used together with models from the 
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Pfam database to classify families (Paper II), identify Dispanin proteins (Pa-
per III) and identify GPCRs (Paper V). Pfam is a database that holds HMMs 
representing protein families [73]. Several protein databases are annotated 
with Pfam families and by v.24 74% of all UniProt sequences were anno-
tated. In paper I the Pfam annotation was used to aid the classification. 

Phylogenetic inference 
Central in many evolutionary studies is to establish a phylogeny; the evolu-
tionary order of the entities of interest. Historically, phylogenies were con-
structed based on morphological characters of organisms, but today molecu-
lar characters and especially DNA and amino acid sequences are more com-
mon. Although, molecular characters are widely used to study the evolution 
of organisms, by inferring a species tree, many studies focus on the evolu-
tion of the molecular sequences by constructing a gene tree. A constructed 
gene tree can be used to determine the relationships (e.g. orthology and pa-
ralogy) of a set of homologous genes, a family, and determine evolutionary 
events that have shaped the gene family (e.g. gene duplications, losses and 
horizontal gene transfers). 

The start of inferring a gene based phylogeny is to create a MSA from 
which the variation of corresponding residues across genes can be deter-
mined. Errors of the MSA may propagate in the analysis and cause the pro-
duction of false phylogenies. To control for this, support values (e.g. boot-
strap numbers, likelihood or posterior probabilities) for the topology of final 
tree are assessed. A substitution model is used to determine the cost of a 
specific mutation, which is used to calculate the genetic distance between 
genes or the likelihood of an evolutionary hypothesis depending on the phy-
logenetic method.  

Distance matrix method infers the phylogeny based on the genetic dis-
tance between sequences and algorithms such as the Neighbor-joining me-
thod have been widely used [74]. The main advantage of Neighbor-joining 
and similar methods are their speed. However, these methods cannot take 
into account different evolutionary rates in different sequence regions and 
may have problems with diverge sequence sets. Instead, statistical methods 
that allow the incorporation of more complex evolutionary models are pre-
ferred and although computationally expensive they are practical for most 
phylogenetic studies. 

The maximum likelihood (ML) method was first introduced in phylogeny 
by Joseph Felsenstein 1981 and has gained popularity with increased compu-
tation power [75]. ML methods are similar to the maximum parsimony me-
thod that tries to find the tree that can be explained by the least number of 
changes. However, the ML method expresses the changes as likelihoods, 
based on the substitution models, and also incorporates models of evolutio-
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nary rate across both lineages and sequences, which allows the construction 
of phylogenies of diverge sequences. The search for the tree that reaches ML 
by searching all possible topologies and branch lengths is extremely expen-
sive, which calls for heuristic methods such as hill-climbing. One such me-
thod is implemented by RAxML [76] (Paper III) and another by PhyML 
(Paper V) [77]. 

Similar to ML methods, Bayesian methods tries to find the most credible 
tree, but uses a different approach. Starting from a prior probability distribu-
tion, based on the MSA, substitution model and model of evolutionary rate, a 
posterior probability distribution is calculated [78]. The posterior probability 
distribution is reached by a Markov-chain Monte Carlo (mcmc) algorithm to 
approximate the probability distribution by exploring the parameters of the 
tree space [79]. The final posterior distribution is then used to sample a large 
number of trees, which are used to calculate a consensus tree with posterior 
probabilities as support values. During the mcmc algorithm’s stepwise ex-
ploration of the parameter space many thousands or millions of trees are 
generated and with every generation it is more likely that they are represent-
ative for the underlying posterior probability distribution. Consequently, it is 
hard to determine when the mcmc algorithm has performed enough genera-
tions to produce an adequate number of samples from the posterior proba-
bility. An approach is to start two separate mcmc runs and stop then when 
they converge and produce similar trees. The major criticism of Bayesian 
phylogeny is the choice of a priori distribution and the difficulties to deter-
mine as to whether the mcmc generations has run long enough [80]. In paper 
III and IV we used Bayesian phylogeny as implemented by MrBayes [81]. 

Clustering 
In paper I we applied a clustering procedure on all membrane proteins to 
classify them into groups of similar protein sequences. This classification 
started with calculating all versus all pairwise alignments that were used to 
estimate the euclidean distance between all proteins. The acquired distance 
matrix was the input to our local implementation of the Iterative Self-
Organizing Data Analysis Technique (ISODATA) algorithm [82-83]. The 
ISODATA algorithm is an unsupervised classification method developed for 
image processing purposes. First a number of random data is set as cluster 
centroids and all the remaining data are assigned to the closest cluster cen-
troid. Second the clusters are evaluated according to user defined parame-
ters: small clusters are dropped and clusters with large internal distances are 
split. The minimum cluster size and internal difference limit was determined 
empirically. Finally, new centroids are calculated as the average of the data 
in each cluster. This procedure is iterated for a selected number of times or 
until the clusters do not change between two iterations. To increase the ro-
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bustness of the clustering several runs were made, proteins assigned to the 
same cluster in all runs were chosen as kernels for these clusters and the 
other proteins were associated to the kernel/cluster it clustered together with 
most of the time. If a protein clustered with other kernels more than 50% of 
the time the associated clusters were merged. 

In paper II, Markov clustering (MCL) was implemented to find clusters of 
homologous proteins based on sequence similarity data [84]. When using 
MCL the sequence similarity space is expressed as a graph where proteins 
are nodes and connected to other nodes with edges with lengths (weights) 
that depend on the sequence similarity. Clusters are identified in the graph 
through iterative random walks on the graph combined with inflation of 
probable walks at each iteration. As it is more likely that a random walk 
occurs within a cluster its internal edges will be inflated and the edges be-
tween clusters will be deflated. After a number of iterations the graph will be 
divided into clusters of homologous sequences. MCL is used by En-
semblCompara to build its automated gene families [85]. 
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Conclusions 

Paper I 
In this study we established the human membrane proteome of 6 718 human 
membrane proteins in of which 5 359 could be validated as known protein 
coding. The validated proteins constitute 27% of the total proteome, which is 
within previous estimates of 20-30% [8]. We provide a functional and evolu-
tionary classification of the membrane proteome that covers 59% of the vali-
dated membrane proteins. The unclassified proteins are found to have very 
little similarity (<13% sequence identity) to any other human membrane 
proteins, which indicates that many of them represents single gene families. 
The classification consists of 234 families or groups that are further classi-
fied into functional categories. We find that the Receptor class is the largest 
functional class constituting 23% (1 352 proteins) of the human membrane 
proteome and is further divided into 63 groups, with the GPCRs as the larg-
est subclass (901 proteins). The second largest functional class is the Trans-
porters that are divided into a higher number of groups, 89, but only holds 
817 members. The largest transporter subclass is the secondary transporters 
of the Solute carrier superfamily with 393 proteins. The Enzymes is the 
smallest of the three major functional classes with 533 proteins and transfe-
rases as the biggest subgroup (198 proteins). 

Paper II 
We determined the membrane proteome of 24 eukaryotic species from all 
the four eukaryotic supergroups: unikonta, plantae, excavate and chromal-
veolata and classified them into families. This was done by applying an un-
supervised cluster algorithm on more than 100 000 membrane proteins, 
which succeeded to classify 91% of all proteins into families. Following, 
functional classifications the evolutionary history of the families were inves-
tigated, which showed that 62 families are ultra conserved and found in all 
investigated organisms. These families are enriched on enzyme and transpor-
ter classes, which also is the case for families that are found in at least two 
eukaryotic super groups. These transporter and enzyme families cover a 
large part of all human proteins of these classes. Hence, this suggest that the 
last common ancestor of the eukaryotes already had many of the components 
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that constitute the catalytic and transport capabilities that are found in the 
human membrane proteome. On the contrary, the receptors of the human 
membrane proteome are to a large part absent outside of metazoa.  

Paper III 
In paper II we take our starting point in the human IFTIM family and mine 
for homologous genes within the human genome as well as 14 other euka-
ryotic organisms. We find that the human genome contains additional ten 
IFITM homologs to the four previously known genes. However, in a later 
version of the Ensembl database one of the genes (DSPD2) have been re-
moved reducing the number to 13 genes. This novel gene family we denote 
Dispanins, which refers to the 2TM topology that is conserved in all identi-
fied members. When investigating other organisms we find that the Dispa-
nins are found throughout animals and in M. brevicollis. This indicates that 
they first emerged in eukaryotes close to the radiation of animals. When 
examining the UniProt database we indentify annotated Dispanin homologs 
in several diverge phyla of bacteria, which suggest that a horizontal gene 
transfer event has taken place. 
The evolutionary history of the Dispanins shows that they have diverged into 
four (A-D) subfamilies during animal evolution and expanded in numbers in 
vertebrates. The IFITM genes are found in subfamily A together with two 
novel human members of unknown function. The phylogenetic analysis sug-
gests that the human DSPA2a-d (IFITM1-3, AC068580) and corresponding 
groups in M. musculus and X. tropicalis have undergone independent expan-
sions. However, the human and mouse genes share a conserved synteny, 
which is strong evidence for a common origin. This might suggest that these 
genes are subject to concerted evolution rather than being created in lineage 
specific duplications events. None of the genes in the other subfamilies have 
previously been connected to the IFITM family and most of them are poorly 
characterized. We have established a novel family, the Dispanins and have 
investigated the evolutionary event that have shaped this family and traced 
its origin to at least one horizontal gene transfer event from bacteria to a 
close ancestor of animals. Further, we provide a nomenclature of the Dispa-
nins that is built on phylogenetic analysis and constitute a fundament for 
future characterization of the biological role of this family. 

Paper IV 
Herein, we study the evolutionary order of GPCR families by determining 
the GPCR repertoire in twelve species with focus on metazoa. By using se-
quence alignment, HMM-HMM comparisons and motif analyses we suggest 
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that the Adhesion and Frizzled families diverged from the cAMP family, 
which has been lost in many metazoan organisms, before the divergence of 
animals. Also, the Rhodopsin family descends from the cAMP family early 
in metazoan evolution, which emphasizes the central role of the cAMP fami-
ly in GPCR evolution. Within metazoa, we find evidence that the Taste2, 
Nematode chemosensory receptors and Vomeronasal type 1 receptors 
evolved after divergence from the Rhodopsin family. Hence, we provide 
strong evidence that these families of sensory receptors share a common 
origin. In conclusion, we provide evidence for a common origin for four of 
the five GRAFS families; Rhodopsins, Adhesion, Frizzled and Secretin, but 
provide some evidence for the homology of the Glutamate family. 

Paper V 
In this study we provide a comprehensive investigation of the GPCRs in all 
major eukaryotic groups with extra emphasis on Fungi. We find that Gluta-
mate, Rhodopsin, Adhesion and Frizzled GPCRs are all present in Fungi. 
This is the first time that Rhodopsins are found outside metazoan and revise 
the results of paper IV, which suggested that it emerged first in early meta-
zoa. The close relationship of Rhodopsins and the cAMP family found in 
paper IV is validated and we suggest that the Rhodopsins diverged from the 
cAMP family in the common ancestor of ophistokonts. The central role of 
the cAMP family in GPCR evolution found in paper IV is further streng-
thened as it is found in a diverse set of eukaryotes, including fungi amoebo-
zoa and alveolata. Also, the origin of the Adhesion and Frizzled families are 
more ancient than previously thought and we suggest that they both diverged 
from the cAMP family close to the division of Unikonts from the common 
ancestor of eukaryotes. It is also found that the long and domain rich N-
terminus that are characteristic of the metazoan Adhesions emerged first in 
choanoflagellates, whereas fungi and amoebozoa adhesions only have the 
Adhesion seven transmembrane domain. The Glutamate family is found to 
be the most widespread GPCR; only missing in plantae. In conclusion, we 
provide a comprehensive overview of GPCR evolution in eukaryotes that 
strengthens a common ancestry for four of the five GPCR families, establish 
a central role of cAMP and Glutamate as the two most ancient and wide-
spread families. 
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